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Abstract
Multimodal sensor fusion has become increasingly vital in perception systems, enabling richer scene understanding

by combining complementary information from diverse sensing modalities. As autonomous systems, robotics, and
computer vision applications demand greater robustness across varying environmental conditions, the need for effective
fusion strategies has never been more pressing.
This thesis develops a comprehensive framework for robust multimodal perception, advancing through three key
stages—evidence synthesis, dataset construction, and fusion architecture design—and is underpinned by four public-
ations, three published in Q1 journals and one submitted.
The work begins with a systematic literature review of RGB-D-T (visual, depth, and thermal) fusion, examining
existing datasets, calibration techniques, fusion approaches, and evaluation methods. This review highlights critical
gaps that justify the development of a new dataset, benchmarks, and methodologies.
Building on these insights, the thesis introduces MM5, a multimodal dataset and processing pipeline combining five
sensing modalities: RGB, depth, infrared intensity, thermal, and ultraviolet imaging. MM5 provides standardised
capture, calibration, and preprocessing procedures, along with tools supporting data alignment and the labelling
of unaligned data. The resource includes both raw and preprocessed data from the proposed depth and thermal
preprocessing algorithms.
The thesis then presents two fusion strategies operating at different architectural levels to address different alignment
scenarios. The first approach fuses aligned features at the encoder level, combining information from all five modalities
through lightweight enhancements at each processing stage and pixel-level gating mechanisms. This yields robust
baseline results while revealing the distinct contributions of each modality to overall performance.
The second approach operates at the decoder level and is designed explicitly for unaligned data. It employs separate
processing heads for thermal and ultraviolet modalities, each trained with its own ground-truth labels. Crucially,
this design handles unaligned and optically distorted inputs without requiring explicit preprocessing or geometric
alignment, making the system more practical and resilient to modality-specific issues such as artefacts, occlusions,
and missing signals.
Together, these contributions establish a five-modality benchmark and advance multimodal semantic segmentation
through effective encoder-decoder fusion strategies.
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Chapter 1

Introduction

This chapter presents an introduction to the thesis, outlining the research objectives, guiding questions, scope of
inquiry, and publications resulting from the contributions made in this study.

1.1 Introduction
The extraction and analysis of features from RGB images have become widely used processing techniques in

computer vision, finding their way into a diverse array of industrial, commercial, and everyday applications. However,
this technique exhibits limitations, primarily due to its confinement to the visible spectrum. The visible imaging
range is notably narrower compared to other spectra, which underscores the potential benefits of exploring alternative
non-visible spectral regions to overcome these restrictions.
While RGB cameras excel in tasks such as object recognition and scene understanding, their efficacy is heavily
dependent on good lighting conditions. Complementary sensors address these limitations: depth sensors operate
independently of visible light, thermal sensors detect heat radiation in complete darkness, and ultraviolet sensors
reveal surface characteristics that are invisible to conventional cameras. The overarching aim of sensor fusion is to
harmonise the strengths of each modality to mitigate their individual limitations [1].
Recent advances have progressed from early CNN-based approaches that fused separate backbones [2, 3] to transformer-
based architectures, enabling more efficient and flexible fusion [4, 5]. Despite these developments, progress in fusing
three or more modalities has been hindered by the lack of datasets. The VDT-2048 corpus [2], while marking a turning
point for RGB-D-T fusion, is limited to 8-bit auto-gain thermal data with a pseudo-colour scheme applied. Most
existing datasets remain constrained to two modalities, lack raw sensor data, or cover only limited scenarios [1].
Practical deployment faces significant challenges. In real capture systems, sensors exhibit heterogeneous resolutions,
fields of view, and optical characteristics. Thermal and UV cameras typically use different optics and exhibit lens
distortion, making geometric alignment non-trivial. Current fusion strategies often assume perfect registration or rely
on learnt rectification [6, 4], increasing complexity and limiting scalability to larger sensor sets. Furthermore, the
contribution of each modality varies across scenes and environmental conditions; yet, existing architectures rarely
account for this variability.
This thesis addresses these fundamental challenges through a systematic progression from evidence synthesis to
practical implementation. First, a comprehensive systematic review establishes the current state of RGB-D-T fusion,
identifying critical gaps: the scarcity of publicly available tri-modal datasets providing raw sensor data and support for
diverse fusion paradigms (aligned and unaligned, data-level through decision-level), the neglect of modality-specific
preprocessing for depth and thermal streams, and the absence of real-time architectures for fusing three or more
modalities. Second, the MM5 dataset is introduced, providing the first five-modality benchmark (RGB, depth, infrared
intensity, thermal, ultraviolet) with both aligned and unaligned annotations, raw 16-bit sensor data, and systematic
lighting variations. Third, an encoder-level fusion architecture demonstrates efficient integration of all five modalities
through stage-wise enhancement and per-pixel gating, achieving real-time performance while establishing reproducible
baselines. Finally, a decoder-level framework enables the fusion of unaligned, optically distorted inputs through cross-
modal attention, eliminating the need for explicit geometric calibration. Six architecturally matched decoder-level
variants are developed and systematically compared, with ablation studies contrasting encoder versus decoder-level
fusion and evaluating robustness to modality dropout, spatial misalignment, and sensor noise.
Together, these contributions establish a complete framework for multimodal vision systems: from theoretical founda-
tions through dataset resources to practical architectures that handle both ideal and challenging real-world conditions.
The progression from tightly coupled encoder fusion to alignment-free decoder fusion provides researchers with
validated approaches across the accuracy-robustness spectrum, advancing multimodal perception beyond current
RGB-dominant paradigms.

1
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1.2 Objectives
The primary aim of this research is to enable real-time fusion of three or more sensing modalities for object

detection. The specific objectives are as follows:

• Conduct a systematic review and critical analysis of RGB-D-T fusion literature, identifying gaps in evaluation
practices, modality coverage, publicly available datasets, and establishing how these gaps can be addressed to
advance multimodal fusion research.

• Create a multimodal dataset that enables new benchmarking for preprocessing and fusion methods by providing
raw sensor data for thermal, depth and NIR modalities, stereo imagery for RGB, depth, and NIR, UV imaging,
reproducible capture tools, calibration artefacts, annotation protocols, and ground-truth annotations for both
aligned and unaligned settings.

• Design a real-time transformer-based encoder fusion architecture for semantic segmentation that processes
all five aligned modalities through geometric integration and per-pixel gating mechanisms to achieve robust
multi-modal understanding.

• Design a decoder-level fusion framework with dedicated modality-specific heads and independent supervision
that processes unaligned and optically distorted inputs directly, eliminating preprocessing requirements and
improving tolerance to modality-specific artefacts.

• Establish reproducible baselines and comprehensive ablation studies across all five modalities to provide clear
performance benchmarks and inform future research and practical deployment.

1.3 Research Questions
1. What does the current body of work on multimodal fusion reveal about datasets, calibration and registration

practices, fusion strategies, and evaluation protocols, and which gaps hinder fair, reproducible benchmarking
for and beyond RGB-D-T?

2. How should a reproducible capture and processing pipeline and dataset be designed to preserve sensor fidelity
and support both aligned and unaligned experimentation, enabling fair comparison without enforcing a single
registration choice?

3. How can transformer-based encoders be adapted to integrate five modalities for dense labelling with favourable
accuracy-efficiency trade-offs (mIoU vs parameters/FLOPs/latency)?

4. To what extent can a pre-logit, decoder-stage fusion scheme with per-modality heads and supervision operate dir-
ectly on unaligned and optically distorted inputs, thereby eliminating explicit cross-modal geometric alignment
and other preprocessing, while maintaining accuracy and interpretability? How do its components (cross-
attention, sigmoid gating, stage-wise aggregation) contribute to robustness against misregistration, modality
drop-outs, and environmental degradation?

5. What is the marginal and context-dependent value of ultraviolet and thermal cues under varied illumination
and noise, and how should per-pixel content-adaptive weighting compare with channel-wise mechanisms for
robustness to misregistration and modality drop-out?

6. How does the choice of fusion stage—encoder-level versus decoder-level—affect accuracy, robustness to mis-
registration, modality dropout and sensor noise?

7. How can decoder-level fusion baselines be standardised to enable a fair, reproducible comparison of alignment-
free multimodal fusion methods?
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1.4 Scope of the Research
This research advances multimodal semantic segmentation by developing resources and fusion methods that exploit

five complementary sensor streams processed as visual representations: RGB, depth, infrared intensity, thermal, and
ultraviolet. Following a thesis-by-publications structure, the work comprises: (i) a focused systematic review of
multimodal fusion; (ii) the MM5 dataset with a reproducible capture and processing pipeline; (iii) an encoder-level
fusion baseline for five modalities; and (iv) a decoder-level approach with per-modality supervision that handles
unaligned and optically distorted inputs. All methods are developed and evaluated primarily on MM5, supporting
deployments with either aligned or unaligned data.

Research Boundaries

Problem setting. This work focuses on single-image semantic segmentation (dense pixel labelling). Object
detection, instance segmentation, tracking, and temporal modelling are excluded.
Modalities. Five sensing modalities are considered: RGB, depth (D), near-infrared intensity (I), long-wave in-
frared/thermal (T), and ultraviolet (UV). Additional sensors, such as LiDAR, radar, event cameras, and hyperspectral
imaging beyond UV/NIR, are outside the scope.
Dataset and pipeline. All experiments use the MM5 dataset, capture tooling, and calibration/annotation protocols.
The pipeline supports both aligned and unaligned experimentation while preserving raw precision for depth, intensity,
and thermal data, with adaptive and deterministic encodings provided where necessary.
UV modality constraint (analogue, low resolution). The ultraviolet channel is acquired from an analogue machine
vision camera (Sony XC-EU50CE; ∼560 TV lines horizontal resolution). After digitisation to 720 × 576 pixels, UV
is treated as a lower-resolution, optically distorted signal; the absence of native digital raw frames and the analogue
capture chain limits fidelity (e.g., dynamic range and SNR) and thus the modality’s downstream usability. The camera’s
spectral response is centred on a ∼365 nm (UV-A) peak, so the usable cues are predominantly the material reflectances
around this wavelength.
Encoder-level methods. Transformer-based encoders are adapted for five-modality integration using lightweight,
stage-wise geometric enhancement (from D+I and surface normals) and per-pixel gating mechanisms. Attention-
heavy cross-attention and self-attention blocks are included only for comparison.
Decoder-level methods. A pre-logit fusion architecture with dedicated thermal and ultraviolet heads, each with
independent supervision, processes unaligned and optically distorted inputs directly. This eliminates preprocessing
overhead and removes the need for explicit cross-modal geometric alignment.
Evaluation protocol. Effectiveness is measured using standard segmentation metrics (mIoU, class-wise IoU, pixel
accuracy). Efficiency is assessed through parameters, FLOPs and latency. Ablation studies emphasise robustness to
misregistration, sensor noise, modality dropout, and illumination changes.
Learning setup. All models use supervised training with standard backbone initialisations.
Computing environment. Training and evaluation are conducted on a single workstation (Intel Core i7-13700F CPU;
NVIDIA RTX 3090 GPU, 24 GB VRAM). No multi-GPU or distributed training is employed. Batch sizes and input
resolutions are selected to fit this memory budget, and all throughput and latency reported in this thesis reflect this
configuration.

1.5 Thesis Overview
This thesis addresses robust semantic segmentation across complementary visual and non-visible spectra through

a systematic progression from evidence synthesis to dataset construction and fusion architecture design. Structured
as a thesis by publications, the work establishes empirical foundations (datasets, preprocessing algorithms, evaluation
protocols) and advances fusion strategies (encoder and decoder-level architectures with comprehensive robustness
characterisation).
Chapter 2 presents a systematic literature review of RGB, depth, and thermal fusion, synthesising 47 primary
studies through a PRISMA-guided methodology. The review identifies critical gaps in publicly available multimodal
benchmarks, preprocessing practices for depth and thermal data, and real-time fusion capabilities—particularly the
absence of transformer-based tri-modal architectures—justifying subsequent contributions.
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Chapter 3 introduces MM5, a five-modality dataset integrating RGB, depth, infrared intensity, thermal, and ultraviolet
imagery. The dataset captures diverse indoor scenes comprising real and replica objects—including items with visible
defects and decay—under eight systematically varied RGB lighting conditions (shadows, dim lighting, overexposure)
and three UV illumination settings, providing challenging scenarios for robust multimodal fusion. Novel contributions
include: MAR (Multimodal Annotation Remapping) for label reprojection onto distorted auxiliary modalities; DTMRE
(Deterministic Thermal Multi-Resolution Encoding) for stable 24-bit thermal representations; and ADMRE (Adaptive
Depth Multi-Resolution Encoding) for adaptive depth quantisation. The dataset provides both aligned and unaligned
annotation sets with preserved raw 16-bit measurements for the thermal, intensity and depth modalities.
Chapter 4 proposes GatedFusion-Net, the first transformer-based architecture that fuses all five modalities in real time.
Key mechanisms include Stage-Wise Intensity Fusion (SWIF) for geometric enhancement, modality-wise normalisation
for training stability, and per-pixel sigmoid gates for learnt weighted fusion. The chapter establishes five-modality
segmentation baselines, quantifies the complementary value of ultraviolet cues, and compares encoder-level fusion
strategies.
Chapter 5 introduces CMAG (Cross-Modal Attention with Gated Residuals) for alignment-free decoder-level fusion.
The chapter develops six decoder-level variants with architectural parity, conducts extensive robustness evaluations
across modality dropout, spatial misalignment, and sensor noise, and contrasts decoder versus encoder-level fusion.
To support experimentation with geometrically unaligned inputs, the chapter curates an MM5 subset comprising
raw lens-distorted thermal and UV imagery paired with MAR-reprojected ground-truth annotations, enabling direct
evaluation of fusion methods that operate without explicit geometric calibration or spatial rectification.

1.6 Publications & Contributions
This thesis is based on four publications (P1–P4) that collectively realise 15 distinct contributions. The 15

contributions are organised as follows: one systematic review (C1), five dataset and preprocessing contributions (C2,
C3, C4, C5, and C6), five encoder-level fusion contributions (C7, C8, C9, C10, and C11), and four decoder-level
fusion contributions (C12, C13, C14, and C15).

P1: Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2023).
RGB-D and thermal sensor fusion: A systematic literature review.
IEEE Access, 11, 82410–82442. (Q1) – https://doi.org/10.1109/ACCESS.2023.3301119

• (C1) A systematic literature review of RGB–D–T fusion synthesising 47 primary studies to characterise tra-
ditional and deep-learning approaches, available datasets, calibration methodologies, and fusion strategies,
identifying critical gaps in publicly available tri-modal benchmarks, preprocessing practices for depth
and thermal data, and real-time fusion capabilities—notably the absence of transformer-based tri-modal
architectures.

P2: Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2025).
MM5: Multimodal image capture and dataset generation for RGB, depth, thermal, UV, and NIR.
Information Fusion, 126, 103516. (Q1) – https://doi.org/10.1016/j.inffus.2025.103516

• (C2) The MM5 dataset: a five-modality benchmark with pixel-level semantic annotations capturing diverse
indoor scenes with real and synthetic objects under eight RGB lighting conditions (shadows, dim lighting,
overexposure) and three UV illumination settings, addressing the scarcity of publicly available datasets
extending beyond RGB–D–thermal configurations.

• (C3) A reproducible capture and processing pipeline specifying hardware configuration, synchronised
acquisition protocols, intrinsic/extrinsic calibration procedures, and geometric alignment workflows for
standardised dataset construction and fair comparison under aligned and unaligned scenarios.

• (C4) MAR (Multimodal Annotation Remapping): a label reprojection algorithm employing calibrated
homographies and depth-aware geometric transformations to transfer ground-truth annotations from RGB
imagery onto distorted thermal and UV images without exhaustive per-modality manual labelling.

• (C5) DTMRE (Deterministic Thermal Multi-Resolution Encoding): a preprocessing algorithm provid-
ing stable 24-bit colour-mapped thermal representations with enhanced bit-depth allocation in high-variance
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regions, improving thermal feature discriminability whilst maintaining compatibility with standard CNN
and transformer backbones expecting three-channel input.

• (C6) ADMRE (Adaptive Depth Multi-Resolution Encoding): a depth preprocessing technique applying
gradient-based adaptive quantisation to allocate greater bit-depth precision in regions of strong spatial
variation, enhancing geometric fidelity of depth cues for downstream fusion.

P3: Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2026).
GatedFusion-Net: Per-pixel modality weighting in a five-cue transformer for RGB-D-I-T-UV fusion.
Information Fusion, 129, 103986. (Q1) – https://doi.org/10.1016/j.inffus.2025.103986

• (C7) The first transformer-based architecture for unified RGB–depth–intensity–thermal–ultraviolet semantic
segmentation, establishing real-time capability (41–74 fps at VGA resolution on RTX 3090) whilst pro-
cessing five heterogeneous modalities within a single SegFormer-based model.

• (C8) A dual-stage encoder architecture comprising: (i) Stage-Wise Intensity Fusion (SWIF) injecting
depth, intensity, and surface normals into RGB features at each encoder stage for geometric enhancement
without parameter overhead; (ii) modality-wise normalisation using per-stream batch statistics to stabilise
training and balance cross-modal influence; and (iii) lightweight per-pixel sigmoid gating enabling content-
conditioned weighting without the computational cost of dense cross-attention.

• (C9) Inaugural RGB–D–I–T–UV segmentation baselines on MM5, achieving 88.3% mIoU under optimal
illumination with maintained performance across adverse lighting conditions, and comprehensive ablations
quantifying per-modality accuracy contributions.

• (C10) First empirical evaluation of ultraviolet cues for semantic segmentation, establishing UV’s con-
tribution through systematic ablation studies across varied lighting conditions, and characterising comple-
mentary yet situational value relative to other modalities.

• (C11) Systematic fusion strategy comparison contrasting early/data-level, feature-level, stage-wise en-
hancement, per-pixel sigmoid gating, and transformer-based cross-attention mechanisms through controlled
ablations, quantifying accuracy–efficiency trade-offs and robustness to modality dropout.

P4: Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2025).
Pre-Logit Decoder Fusion for Five-Modality Segmentation with Unaligned T/UV Auxiliaries.
Submitted to the journal Information Fusion. – https://dx.doi.org/10.2139/ssrn.6023996

• (C12) CMAG (Cross-Modal Attention and Gating): a decoder-level fusion module integrating geo-
metrically unaligned thermal and UV streams into an RGB–depth–intensity–normals backbone via global
cross-modal attention and sigmoid-gated residuals, achieving alignment-tolerant fusion without explicit
geometric calibration, spatial warping, or feature rectification.

• (C13) A family of decoder-level fusion baselines adapting established mechanisms (MMTM channel-
wise squeeze-and-excitation, R2AU recurrent attention gates, and sigmoid gating) to pre-logit integration,
alongside a novel MWPA (Modality-Wise Parallel Attention) module. GCMA (Global Context Modality
Attention) is additionally evaluated as a standalone component to isolate CMAG’s constituent mechanisms.
This unified framework enables controlled, architecturally matched comparisons under a shared MiT-B0
backbone and training protocol.

• (C14) An extensive robustness characterisation systematically evaluating all six decoder-level fusion
architectures across modality dropout, spatial misalignment (20 px/40 px shifts), and sensor noise injection
(four types, 14 intensity levels), with systematic comparison against encoder-level fusion to quantify the
impact of fusion stage choice on accuracy–robustness trade-offs.

• (C15) Curated unaligned MM5 subset comprising raw lens-distorted thermal and UV imagery with
MAR-reprojected ground-truth annotations, released with training code, inference scripts, and pretrained
weights for CMAG and all decoder-level baselines, establishing a reproducible benchmark for alignment-free
multimodal semantic segmentation.
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2.1 Abstract
In the last decade, the computer vision field has seen significant progress in multimodal data fusion and learning,

where multiple sensors, including depth, infrared, and visual, are used to capture the environment across diverse
spectral ranges. Despite these advancements, there has been no systematic and comprehensive evaluation of fusing
RGB-D and thermal modalities to date. While autonomous driving using LiDAR, radar, RGB, and other sensors has
garnered substantial research interest, along with the fusion of RGB and depth modalities, the integration of thermal
cameras and, specifically, the fusion of RGB-D and thermal data, has received comparatively less attention. This
might be partly due to the limited number of publicly available datasets for such applications. This paper provides a
comprehensive review of both, state-of-the-art and traditional methods used in fusing RGB-D and thermal camera data
for various applications, such as site inspection, human tracking, fault detection, and others. The reviewed literature
has been categorised into technical areas, such as 3D reconstruction, segmentation, object detection, available datasets,
and other related topics. Following a brief introduction and an overview of the methodology, the study delves into
calibration and registration techniques, then examines thermal visualisation and 3D reconstruction, before discussing
the application of classic feature-based techniques and modern deep learning approaches. The paper concludes with
a discourse on current limitations and potential future research directions. It is hoped that this survey will serve as a
valuable reference for researchers looking to familiarise themselves with the latest advancements and contribute to the
RGB-DT research field.

2.2 Introduction
The extraction and analysis of features from RGB images have become a widely used processing technique in

computer vision, finding its way into a diverse array of industrial, commercial, and everyday applications. However,
this technique exhibits limitations, primarily from its confinement to the visible spectrum. As illustrated in Figure 2.1,
the visible imaging range is notably narrower compared to other spectra, which underscores the potential benefits of
exploring alternative non-visible spectral regions to overcome these restrictions. The most significant constraint is
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Figure 2.1: Depiction of the electromagnetic spectrum, with a focus on the various infrared (IR) bands. The thermal
IR range, which is radiation-based, is specifically indicated.

that it only operates effectively under good lighting conditions and clear visibility. This has prompted researchers to
explore using RGB-D and thermal cameras for multi-spectral perception in recent years as shown in Figure 2.2.
The increasing application of depth cameras can largely be attributed to the release of the Microsoft Kinect sensor
in 2010. This sensor utilises an infrared (IR) structured light system, operating in the Near Infra Red (NIR) band, to
capture depth information in addition to RGB colour data, and was the first depth camera to be widely available for
the consumer market. Thermal cameras on the other hand capture temperature information and have been available
for many years. Despite a drop in price, the cost of thermal cameras is still considerably high and the possible
resolution of the sensors is low compared to RGB cameras due to the larger pixel pitch required for the Long-Wave
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Infrared(LWIR) band. With the introduction of the first microbolometric array camera in 1997, detector cooling in
thermal cameras became unnecessary [1], as non-cooled thermal imagers now feature electronic stabilisation. While
non-cooled cameras offer advantages such as being lighter, faster, more affordable, and more reliable, cooled cameras
still have the edge in terms of greater sensitivity [2].
In the context of sensor fusion, each sensor modality - RGB, Depth (D), and Thermal (T) - brings its own set of
advantages and disadvantages.
RGB cameras, being ubiquitous and economical, offer high-resolution colour images that are readily interpreted
by both human observers and computer vision algorithms. They excel in tasks such as object recognition, scene
understanding, and texture analysis. However, their efficacy is heavily dependent on good lighting conditions.
Conversely, depth sensors, integral to RGB-D cameras, operate relatively independently of visible light, allowing
them to function effectively under a variety of lighting conditions. Nevertheless, their range is typically limited, and
they can be affected by factors such as sunlight interference (in the case of Time of Flight sensors) or low texture
areas and lighting conditions (in the case of stereo vision). Despite these limitations, depth sensors offer valuable 3D
environmental information, proving advantageous for tasks such as object detection, localisation, and navigation.
Thermal infrared sensors, in contrast to the visible and depth modalities, can sense slight temperature differences
between objects and their surroundings. This capability is not hindered by low-light conditions or complete darkness,
as these sensors operate based on thermal radiation, independent of any light source. This unique capability makes
thermal sensing a valuable modality for object detection under challenging conditions. However, thermal sensors
typically offer lower resolution than RGB cameras and are more expensive.
The overarching aim of sensor fusion is to harmonise the strengths of each sensor modality to mitigate their individual
limitations. However, achieving effective fusion requires careful calibration and alignment of the sensors, along with
sophisticated algorithms to integrate the different types of data.
The field of surveillance has shown significant interest in the integration of RGB and Thermal (RGB-T) data. Similarly,
the combination of LiDAR sensors or stereo depth cameras with RGB, polarised images, and radar is a well-explored
area in autonomous vehicles and robotics. However, the fusion of RGB-D and thermal data has not been studied as
extensively in comparison. Fusion of these three modalities has the potential to provide more robust and accurate
perception in various applications, such as object recognition, tracking, and localisation for applications where no
long-range detection is required or the detection of endotherms is beneficial.
LiDAR and RGB-D cameras are both used for capturing 3D data, but they have different characteristics. LiDAR
produces a sparser 3D point cloud with decreasing resolution over distance, while RGB-D cameras produce a more
densely packed depth map that is limited to a few metres of distance. RGB-D sensors that rely on IR Time Of Flight
(ToF) technology are not suitable for outdoor applications due to interference from sunlight, but devices based on
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stereo vision can overcome this issue.
In order to achieve an effective fusion of the different modalities, it is essential to calibrate each sensor and align
them in the same coordinate system, which involves determining the intrinsic and extrinsic parameters using the
pin-hole camera model. Aligning the modalities correctly is crucial for achieving precise data fusion. Although
descriptor-based methods utilising feature point matching algorithms can accomplish registration, they are often not
suitable for real-time applications involving moving cameras. This is due to their high computational complexity and
the challenges in implementing them with thermal data, which displays distinct characteristics compared to visual
data.
Overall, the fusion of multiple modalities is an important area of research with many potential applications in various
fields. With the advancements in deep learning, it is now possible to construct more advanced systems that can perform
complex tasks using fused RGB-DT data.

Contribution

The primary aim of this survey is to provide a comprehensive and all-encompassing overview of the use of
thermal cameras in combination with RGB and depth data. At the time of writing, the authors were unaware of
comparable surveys specifically focusing on these technologies. While there are numerous reviews on sensor fusion,
they predominantly focus on the amalgamation of LiDAR, Radar, RGB and other sensors, particularly within the realm
of autonomous driving. These reviews often delve into the integration of these various sensor modalities and their
specific challenges, yet they do not explore the specific tri-modal fusion of RGB, Depth (D), and Thermal (T) sensors.
Our review uniquely situates itself at this intersection of sensor fusion, thereby distinguishing it from the broader
landscape of sensor fusion literature.

The primary contributions of this review paper are designed to inform researchers working in this field by:

• Presenting a summary of various traditional and current methodologies being utilised.

• Identifying available datasets for furthering this research.

• Highlighting the current research trajectories and various application areas.

The ultimate goal is to provide a comprehensive resource that will ease the entry of interested researchers into this
field while identifying trends for others.
As illustrated in Figure 2.3, the paper’s structure begins with an introduction followed by a brief background to
provide further context. Camera calibration and image registration are reviewed first since they are prerequisites for
most approaches and fields of application. The discussion then shifts to modality fusion in general before examining
the overlaying of thermal data onto visual data or 3D models for visual inspection or the extraction of thermal data
from specific regions of interest. The use of one modality to support another in preprocessing is briefly addressed,
followed by the exploration of RGB-DT applications in 3D reconstruction. Subsequently, the paper delves into manual
descriptor-based methods and deep learning-based methods. Lastly, available datasets, limitations, and conclusions
are presented.

2.3 Methodology And Research Description
The systematic literature review (SLR) for this study employed the PRISMA (Preferred Reporting Items for

Systematic Reviews and Meta-Analyses) methodology [3], which is a widely-used approach that involves a structured
process for conducting a comprehensive literature search, applying eligibility criteria, extracting data, synthesising
findings, and ensuring the search is reproducible with the same steps, keywords, and tags. The review began by
defining the research topic of: RGB-D And Thermal Sensor Fusion. This was then followed by the definition of
keywords and search tags used to search scientific databases via Google Scholar.

A comprehensive search resulted in the identification of 70 research papers related to the chosen topic. These papers
were further refined by utilising exclusion criteria, such as language, repeated papers, and eliminating papers that were
not relevant to the techniques under review, as depicted in the PRISMA flow diagram in Figure 2.4. Following the
implementation of the exclusion criteria, 31 papers were reviewed in detail. Additionally, 16 more relevant documents
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Figure 2.3: The overall structure of this paper.

Table 2.1: Literature searches on Google Scholar

Date Terms Filter Results

14.1.2023 allintitle: thermal ( "fuse" OR "fusing" OR "object detection" OR "object-
detection" OR detection) ("3D" OR "depth" OR "point cloud" OR "point
clouds")

2018 29

29.1.2023 allintitle: thermal rgb-d - 16 (-1 duplicate)
6.3.2023 allintitle: thermal rgb "rgb-d" OR depth OR "rgb-dt" OR "rgb-d-t" - 6(-18 duplicates)

were added after analysing the references of the initially identified papers, bringing the total number of papers reviewed
to 47. Further studies that did not precisely match the three modalities, but were considered relevant to support the
topic, were also included in this review. A list of the studies that have been included in the analysis can be found
in Table 2.2, along with additional details such as the type of sensors used, their resolution, the frequency of data
acquisition, the fusion method employed, and whether or not the system is capable of real-time processing.
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Total records (n=70)
Google Scholar Search1   =   29
Google Scholar Search2   =   17
Google Scholar Search3   =   24

Records after duplicate removal
 (n=51)

Records screened
 (n=51)

Records excluded
 (n=4)

Full-text papers assessed for 
eligibility

 (n=47)

Studies included
 (n=31)

Full-text papers excluded with 
reasons (n=16):

• Not including all three 
modalities (n=4)

• Content off topic (n=12)

Additional citations identified via 
backward citation chaining

(n=16)

Studies included
 (n=47)

Figure 2.4: PRISMA flow diagram illustrating the search strategy and providing the phases of article identification
and selection, which resulted in the identification of 47 papers that were deemed eligible for inclusion in the review.
Prepared in accordance with Tricco AC, et al. PRISMA Extension for Scoping Reviews (PRISMA-ScR)[3]
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Figure 2.5: Overview of methods and areas of application of the reviewed documents.
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Review questions

In this work, the aim is to answer the following review questions:

• What datasets are currently available for RGB-DT and what scenarios do they cover?

• What are the different methods for fusing the modalities?

• How are modalities weighted during fusion?

• What are the most suitable fusion and detection methods for real-time applications?

• What are the potential application areas for this technology?

• What are the limitations and future prospects?

2.4 Background
The initial research papers that concentrated on fusing RGB, Depth, and Thermal data (RGB-DT) using RGB-D

cameras emerged in 2011. Early works in this field investigated medical scans [2], while later in 2013, research
expanded to include 3D thermal mapping of building interiors [45], sensor fusion for people tracking [46], and
tri-modal person re-identification [47].

Some earlier works proposed systems using different technologies, such as a terrestrial laser scanner and thermal
infrared camera [48], or a Structure from Motion (SfM) or MultiView Stereo (MVS) pipeline to generate a dense,
coloured point cloud with optional thermal data overlay [49].

Over the last decade then, the fusion of multiple modalities has been increasingly researched as combining different
modalities, such as RGB-DT data, has been recognised to provide a richer and more comprehensive representation
of the environment or scene. This has resulted in achieving a more accurate and robust performance in a wide
range of applications, including building mapping[45], person re-identification[47], 3D salient object detection[5],
autonomous driving[6, 50], activity recognition[34], robotics[5], surveillance[12], 3D reconstruction[10, 43], defect
detection[29], gas leak detection [42] and many others. For example, in robotics, the combination of RGB-DT data
can enable robots to perceive and navigate through complex environments with greater accuracy and efficiency [5]
or to interact with humans better by interpreting their emotions[24] and activities[34]. In surveillance, the fusion of
RGB-DT data has been shown to improve the detection and recognition of objects, people, and activities in a monitored
area [38] under difficult light conditions, and in autonomous driving, the fusion of multi-modal data can provide a
more comprehensive understanding of the surrounding environment, enabling safer and more reliable driving[50][6].
The temperature characteristics of maize under water stress, which serves as an example of multi-modal sensing in
agriculture, has been investigated [11], which has the benefit of developing more efficient and sustainable agricultural
practices. In the field of industrial maintenance, an Augmented Reality(AR) system, that visualises components
and their temperature in real-time has been proposed [16], helping to identify faults and problems. It is also worth
noting that in some cases, a single modality can indirectly improve the quality of another modality. This has been
demonstrated in [6] by using the thermal data, and the extracted monodepth[51] data from the thermal data, in an
algorithm used to dehaze the RGB image so that it can be used for object detection further down in the processing
pipeline. Figure 2.5 offers a summary of the methods and application areas covered in the reviewed documents. This
figure highlights the wide range of approaches and techniques employed in the research papers, as well as the diverse
fields where these methods have been implemented.
While early works employed traditional computer vision techniques, the field has evolved alongside advancements
in deep learning. Although the fusion of modalities has been shown to outperform single-modality systems, only a
limited number of researchers have tackled the topic of heterogeneous sensor fusion involving stereo vision or depth
cameras with thermal cameras. This is despite the growing need to meet evolving requirements and develop more
robust decision-making systems by integrating features from various sensors. The potential for improved performance
in a range of applications highlights the importance of continuing to explore and develop these multi-modal fusion
approaches. Figure 2.2 shows the evolving trends for RGB-D, RGB-T and RGB-DT research by depicting the number
of studies published over the past 10 years.
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Table 2.2: Overview of reviewed studies

Ref Year Method Datasets RGB(D) Thermal T Res T Hz Type Reg T Use Fus. RT CPU / GPU

[4] 2023 Segmentation none RGB Stereo HV DS-2TD2636 384x288 50 DL Align DL E Y Unspec/GTX 2080Ti

[5] 2022 Detection general own public Kinect2 FLIR A655sc 640x480 50 DL Align DL MDL N Unspec/Unspec

[6] 2022 Image de-hazing public n/a n/a DL Align P/DL L N Unspec/Unspec

[7] 2022 Face detection own Orbbec Astra FLIR Lepton 3.5 160x120 8.7 DL n/a n/a n/a n/a i7-6700HQ 2.6GHz/Unspec

[8] 2022 Lifeform detection own epc635 FLIR Lepton 3.5 160x120 8.7 F Align P E L i7-8700/GTX 1080Ti

[9] 2022 Human detection own Kinect1 Seek C. Pro 320x240 8 DL Align DL E L Unspec/Unspec

[10] 2022 3D Reconstruction none Realsense D455 FLIR Boson 320 320x256 60 OL Align P/D E YG Unspec/Unspec

[11] 2021 3D Reconstruction none Kinect1 Optris PI400 382x288 80 SW Feature D E N Unspec/Unspec

[12] 2021 Human detection public n/a n/a DL Align DL EL L Unspec/2x Titan Xp

[13] 2021 Visualization none RGB Stereo Seak 320x240 15 P Align D OL n/a Unspec/Unspec

[14] 2021 3D Reconstruction own DJI Zenmuse XT2 FLIR XT2 640x512 9 P Feature D OL N Unspec/Unspec

[15] 2021 Segmentation public n/a n/a DL Align DL MF Y Unspec/Unspec

[16] 2021 3D Reconstruction own Realsense d415 Optris Pi640 640x480 125 DL Align D OL Y Unspec/Unspec

[17] 2021 3D Reconstruction none Realsense FLIR A65 640x512 30 ICP Align D OL YG Unspec/Unspec

[18] 2020 3D Reconstruction none Photogrammetry FLIR Zenmuse XT 640x480 30 SW Feature D OL N Unspec/Unspec

[19] 2020 3D Reconstruction none Photogrammetry FLIR A65 640x512 30 F Feature D OL N i7-10870H/RTX 2060

[20] 2020 Tracking none Kinect1 FLIR Lepton 2.5 80x60 9 SW Align F E N Unspec/Unspec

[21] 2020 Human detection public n/a n/a DL Align DL EML L Unspec/Unspec

[22] 2020 3D Reconstruction none Photogrammetry FLIR E6 160x120 9 SW Feature D OL N Unspec/Unspec

[23] 2020 Human detection none Kinect1 FLIR A320 320x240 9 F Align D L OL Y Unspec/Unspec

[24] 2020 Face detection own n/a n/a DL Align DL M n/a Unspec/Unspec

[25] 2020 Face detection none Kinect1 Optris PI450 382x288 27 P Align F OL Y Unspec/Unspec

[26] 2020 PAD own RealSense SR300 Seek C. Pro 320x240 15 DL Align DL E M L Unspec/Unspec

[27] 2020 PAD own n/a n/a DL Align DL E M L Unspec/Unspec

[28] 2019 Face detection none Kinect1 FLIR Lepton 2.5 80x60 9 P Align D OL Y Unspec/Unspec

[29] 2019 3D Reconstruction none DAVID 3D n/a F Feature F OL n/a Unspec/Unspec

[30] 2019 PAD own RealSense SR300 Seek C. Pro 320×240 15 DL Align DL E M L i7-4800MQ/GTX 780M

[31] 2019 3D Reconstruction own Kinect2 FLIR Boson 640 640x512 30 ICP Feature D OL N Unspec/Unspec

[32] 2018 Human detection none Realsense R200 FLIR Boson n/a P Align DL L L i7-9700K/RTX 2060

[33] 2018 ROI Face detection none Asus Xtion Optris PI640 640x480 32 SW Align D OL N Unspec/Titan RTX

[34] 2018 Human detection own Kinect2 Optris PI640 640x480 32 DL Align F L N Unspec/GTX 1080Ti

[35] 2018 3D Reconstruction none FLIR One FLIR One 160x120 8.7 F Align D OL N iPhone SE 1 (A9)/GT7600

[36] 2018 3D Reconstruction none Kinect2 Xenics Gobi 640 640x480 60 ICP Align D OL YG Unspec/Unspec

[37] 2017 3D Reconstruction own RealSense SR300 FLIR One 160x120 8.7 P Align DL E N Unspec/GTX 680M

[38] 2016 Tracking none Kinect2 FLIR A655sc 640x480 50 F Align F MF n/a Unspec/Unspec

[39] 2016 Human detection own public Kinect1 AXIS Q1922 640x480 30 F Align F MF n/a i7-960/GTX 400

[40] 2015 3D Reconstruction none Kinect1 Optris PI160 160x120 120 ICP Align D OL N i7 1.9GHz/GTX 1060

[41] 2015 Face detection none Kinect2 AXIS Q1921 384x288 30 F Align D MF L Unspec/Unspec

[42] 2015 Visualization none ASUS Xtion Pro Optris PI450 382x288 80 F Feature D OL L Unspec/Unspec

[43] 2014 3D Reconstruction none ASUS Xtion Pro Optris PI450 382x288 80 ICP Feature D OL YG Unspec/Unspec

[44] 2014 3D Reconstruction none Kinect1 Jenoptik IR-TCM 640x480 60 OL Align D OL n/a i7-6700K 4GHz/GTX 1080

[45] 2013 3D Reconstruction none Kinect1 TM Miricle 307K 640x480 240 OL Align D OL L Unspec/Unspec

[46] 2013 Tracking none Kinect1/Hokuyo Heimann HTPA 32x31 9.1 F None F L Y i7-6700K 4GHz/GTX 1080

[47] 2013 Re-identification own Kinect1 AXIS Q1922 640x480 30 F Align F MF L Unspec/Titan Xp

[48] 2012 3D Reconstruction none Riegl VZ-400 laser Optris PI160 160x120 120 P Align D OL n/a Unspec/Unspec

[49] 2012 3D Reconstruction none RGB FLIR E60 (SfM) FLIR E60 320x240 60 F Feature D OL n/a Unspec/Unspec

[2] 2011 3D Reconstruction none Kinect1 TC384 384×288 50 OL Align D OL n/a Unspec/Unspec

"T Use": Thermal data application; Display(D), Post-processing or Process/Algorithm(P), Feature(F), Deep Learning(DL)
"Fus.": How the Thermal data was fused with the other modalities; Late(L), Middle(M), Early(E), Overlay/Align(OL), Feature(F)
"RT": Inference speed real-time (>=30FPS); Yes(Y), Yes with GPU(YG), Likely but no data provided(L), No(N)
"Reg": Registration process: Image alignment (Align), Feature matching (Feature)
"Unspec": Unspecified
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2.5 Camera Calibration And Registration
For successful multimodal environmental sensing using RGB, depth, and thermal data, it is crucial to acquire

the data from these modalities in a properly aligned manner. This can pose a challenge since the sensors used for
each modality may have varying fields of view (FOV), resolutions, and sensing capabilities. To facilitate data fusion,
the system must be calibrated by determining the intrinsic (pin-hole camera model parameter matrix) and extrinsic
(estimation of the relative sensor poses) parameters of each camera, which can then be used to align the data. This
calibration, based on the pinhole camera model, has been simplified by using a stereo calibration process[52], which
can be applied using these and similar modalities. This method has been implemented in numerous studies in different
ways. Figure 2.6 shows the pattern matching using stereo calibration.

2.5.1 Calibration Boards

The most popular approach for the geometric calibration of thermal cameras used to be a printed chessboard heated
by a flood lamp which was comparatively inaccurate and difficult to execute[53] as the temperature difference was
fading quickly and the pattern was blurry. To address this a novel geometric mask with high thermal contrast that does
not require a flood lamp has been proposed [53] as an alternative calibration pattern. This approach involves cutting a
mask out of a thin material and holding it in front of a backdrop with a different level of thermal radiance. Building
on this idea, various constructions have been developed in recent years, all based on the same principle.

Figure 2.6: Stereo calibration of RGB and Thermal cam-
eras. The left image shows a heated bi-material calibra-
tion checkerboard captured by an RGB camera, while the
right image presents the same board as seen by a thermal
camera. The overlaid lines illustrate the pattern recogni-
tion process of the stereo calibration.

Figure 2.7: RGB-DT calibration board made of a glass
substrate and Alumina panel.[5]

The multi-material calibration boards, which are essential for cross-calibrating thermal and visual modalities, with their
distinct geometric patterns visible in all calibrated modalities, are used in the calibration process [52]. A checkerboard
with 12 × 9 (30 mm for every square grid) with the pattern printed onto an alumina plate has been used [5] which
is then mounted on a glass substrate as illustrated in Figure 2.7. The board is heated from the back, while the white
reflects the heat, the black conducts it to produce the pattern in the thermal modality. These boards are commercially
available. The authors in [54] constructed a board where the calibration pattern comprises a line-based grid with
regularly sized square patterns. The pattern consists of thin copper lines milled onto a printed circuit board (PCB) with
a width of 2 mm and a spacing of 40 mm, and it has six/seven intersections along the shorter/longer axis. Compared to
conventional calibration patterns, the line-grid pattern is more robust in maintaining high contrast in thermal images
due to the good conductivity of the copper lines, which ensures a uniform thermal distribution. Additionally, the
proposed pattern has the same geometric relations as the conventional chessboard pattern, allowing for the use of
existing algorithms for camera calibration.
However, calibration boards can be constructed simpler as demonstrated in [22] where an 11 × 11 checkerboard pattern
made of cardboard paper and highly reflective metal squares was used. Alternatively, [39] constructed the calibration
board using an A3-sized 10mm polystyrene foam board as a backdrop and a board of the same size with cut-out
squares as the checkerboard. This is similar to [2] where a solid board was used that had rectangular holes cut out,
as shown in Figure 2.8(d), whereas [13] used fabric for the black pattern. In addition to using squares, circles can
also be used, as demonstrated in [8] where the authors utilised a mask made of 3mm thin Depron® material with an
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asymmetric circle pattern, as shown in Figure 2.8(a), while [40] proposed using 3D printed boards in their study, as
shown in Figure 2.8(g).
A distinct approach was adopted in [25] and [20], where resistors were placed onto the calibration board and heated
up electrically, enabling a prolonged calibration process. Similarly, [23] and [32] employed incandescent light bulbs
embedded at every other corner of the grid to emit heat.

Figure 2.8: Calibration boards used in studies [8], [2] and [40] from top to bottom respectively: (a) RGB (b) Thermal
(c) Depth (d) RGB (e) Thermal (f) Depth (g) Heating of lower plate (h) Thermal

In [55], a method was proposed for calibrating a UV camera with RGB-D and thermal cameras using a rectangular
aluminium plate with evenly distributed circle holes. A heater strip is placed behind the plate to create sufficient
contrast for the thermal camera. To ensure that all cameras can be calibrated together, a black box is used, which
absorbs most of the light while allowing light to pass through the holes on the aluminium board. The white paper
covering the board reflects visible and UV light, which can be detected by the RGB and UV cameras. Once the
calibration tool’s features are detected, the centre of each circle is marked, and OpenCV’s [56] camera calibration
function is used to obtain intrinsic and transformation matrices for each camera coordinate system. The proposed
method allows for the accurate calibration of multiple cameras, including a UV camera, which can be beneficial in
various applications. [10] used this approach to calibrate RGB-D and thermal modalities.
The combination of thermal images and colour images typically involves the use of methods that require complex
calculations. However, in[57], a 2-point approach was proposed that outperformed commonly used 8-point and 7-point
approaches for equalising the epipolar geometries of different images. The study proposes a method for effectively
combining images by determining two points on the epipolar plane. This technique was also employed in [9] for the
calibration process. In order to find calibration points in both thermal and optical data, the method used in the study
involves several operations. Firstly, the Canny Edge detection method is applied to the thermal image to determine the
calibration points. Next, in the optical image, the Hough circle finding method is used to locate the circles containing
the calibration points, and the centres of these circles are determined as calibration points. It is important to note
that the calibration mechanism design consists of two black circle drawings on a white background with incandescent
bulbs at the centre of these circles. This setup allows for the creation of distinguishable common points in both the
thermal and optical data, which are essential for the calibration process. Following this, line segments are extracted
and plotted on both thermal and optical data. The lengths of these segments are determined by the Euclidean distance,
and the slopes of the lines between the points are calculated using the slope formula and are stored for the combining
process. The rotation of the thermal image is based on the difference in the calculated slopes of the lines, followed by
resizing the thermal image with respect to the line length ratio. The midpoints and distances between them are obtained
from thermal and optical images to achieve precise alignment in the same plane. This allows the determination of the
position of the thermal image relative to the optical image[9].
In some RGB-D sensors, like the Microsoft Kinect series, the depth stream originates from a time-of-flight camera
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that also generates an additional IR stream from amplitude information. Since both streams originate from the same
sensor, it is referred to as the Depth/IR sensor. The IR stream can be utilised for calibration purposes, eliminating
the need for any 3D elements on a board and can provide supplemental data that may be beneficial in applications for
object detection or tracking in low-light conditions. This IR stream senses the 850nm (NWIR) spectral band and does
not contain any thermal data. It is important to clarify that this stream should not be mistaken for the stream from a
thermal camera, which is based on wavelengths of roughly 8 − 14µm (LWIR). An overview of the spectral range is
given in Figure 2.1.

2.5.2 Registration

RGB-D cameras, including models like Microsoft Kinect (V1, V2, and Azure) and Intel RealSense (D415, D435,
etc.), are engineered to simultaneously capture both visual and depth modalities. As a result, they inherently register
and output both data types. To align the thermal data, the stereo calibration process can be used to register it against
the visual data.
In earlier works, before calibration using geometric patterns was applied, researchers used the Hough Parameter Space
to register modalities as demonstrated in [52]. This process involved detecting edges with the Canny edge detector,
resulting in binary edge images. These images were then processed by the Hough transform, which extracted all linear
image segments. The rotation and translation differences could be calculated using line correspondence analysis [58].
Nonetheless, considering the two modalities as a stereo pair and employing stereo calibration techniques simplifies
this process. The algorithm [52] has since been conveniently integrated into various tools such as OpenCV [56],
Matlab [59], and other tools and frameworks, facilitating the acquisition of the translation vector, rotation matrix, and
distortion coefficients.
The calibration of multi-camera systems, each characterised by a unique field of view (FOV), can be a challenging
task, particularly when it involves a variety of modalities and resolutions. RGB and RGB-D cameras typically offer
higher resolutions and distinct FOVs compared to thermal cameras. For accurate sensor fusion, optimising the overlap
between the RGB, depth, and thermal modalities is crucial. In RGB-D cameras, the RGB component is usually
internally pre-adjusted to match the overlapping FOV of the depth data. In sensor fusion processes that are designed
for subsequent analysis and necessitate overlapping data from all modalities for real-time processing, it is necessary to
modify the RGB-D data through cropping or clipping to match the resolution and FOV of the thermal camera. This
requires careful consideration of the FOV of each camera during system design to ensure maximum overlap. When
aligning a lower-resolution image with a smaller FOV to a higher-resolution image with a larger FOV, a homography
is typically used to transform the lower-resolution image to align with the corresponding part of the higher-resolution
image. This approach, which allows for the incorporation of additional information from the lower-resolution image
while preserving the high-resolution data, is employed in the study [40]. In this study, the authors effectively align
and fuse data from sensors with different FOVs and resolutions. They further address the challenges of occlusions
and significant differences in the FOVs of the cameras, demonstrating the versatility and robustness of this approach
in handling complex sensor fusion scenarios. In offline processing scenarios, more intricate techniques can be
employed for alignment. For instance, the paper [14] utilises a combination of Scale-Invariant Feature Transform
(SIFT) for keypoints computation and matching, Random Sample Consensus (RANSAC) for eliminating geometrically
inconsistent matches, and Bundle Block Adjustment (BBA) for optimising camera parameters and producing an initial
3D structure of aligned images. Although these methods are computationally demanding, they offer superior accuracy
and robustness, making them ideal for applications where precision is crucial.
While the stereo calibration approach is effective, it encounters a significant challenge from the different FOVs of
the modalities, which can result in a parallax effect that varies at different depths. This phenomenon is due to the
difference in viewing angles between the cameras, causing objects at various depths to appear at different positions
in the different cameras. As a result, using a single homography, a transformation that maps points in one image to
corresponding points in another image, only functions effectively on a specific plane. This variation in perspective
leads to misalignment in the fused data.
One approach to overcoming this problem is presented in [39]. Firstly, a thermal-visible calibration device is used to
establish the correspondences between the points extracted from the thermal and RGB modalities. Using a Microsoft
Kinect camera, the depth sensor is already factory registered to the RGB camera; therefore, registration is focused
only on the RGB to thermal data. Registration is performed using a weighted sum of multiple homographies. Multiple
views of the calibration device scattered throughout the exploratory scene were used to generate homographies relating
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RGB and thermal modalities. Each homography is calculated using a RANSAC-based method, taking into account the
approximate distance to the view of the calibration device represented by the homography. This strategy effectively
compensates for parallax at different depths. The rationale behind the approach is that registration based on each
homography is only accurate for points on the plane that are spanned by the particular view of the calibration device.
Therefore, to register an arbitrary point in the scene, the 8 closest homographies are weighted and then summed up.
It was observed that registration accuracy is primarily dependent on 3 factors: the distance in space to the nearest
homography, the synchronisation of RGB and thermal cameras, as well as the accuracy of the depth estimate.
In photogrammetry-based 3D reconstruction, as demonstrated in [14], the registration process depends on the identi-
fication and matching of keypoints, which is followed by Bundle Block Adjustment (BBA) [60]. Keypoint computation
involves the detection and description of features using the SIFT [61] algorithm. Keypoints are unique locations in
the image that correspond to the same real-world object across different images. The matching step entails finding
matching keypoints across overlapping images. Subsequently, BBA is used to optimise the camera parameters, both
internal and external, for each image, ensuring accurate calculation of ray paths inside and outside the camera for
precise 3D reconstruction. These keypoint computations, matching, and BBA algorithms have been extensively studied
and integrated into various software packages and frameworks for photogrammetric applications.

Automatic registration A different approach was taken by the authors in [11] by extracting edge images. To register,
feature points were detected and matched. Common feature descriptors used for image registration include SIFT [61],
SURF [62], and BRISK [63]. However, these methods often involve the use of a Gaussian filter, which can cause the
loss of image details. To address this issue, [64] proposed a new feature descriptor called KAZE, which can detect
image features in nonlinear scale spaces and obtain more feature points. The KAZE feature descriptor was utilised
to register thermal and colour images of maize. The KAZE features and key points were detected from extracted
edge images, and their descriptors were built. Feature points were then matched using the nearest neighbour distance
ratio strategy, with outliers removed using the M-estimator Sample Consensus (MSC) algorithm, a variant of the
RANSAC algorithm. This approach is akin to [29], which is elaborated in more detail in section 2.11.6. The study
proposed a feature-based registration method for aligning thermal and RGB-D images using the Shape Constrained
SIFT Descriptor (SCSIFT).
A similar auto registration approach was taken in [42], Edge-Based Mutual Information (EMI). However, they
encountered issues when utilising the thermal images because of the Automatic Gain Control (AGC) employed in
the thermal video stream. This AGC results in a variable colour range, as depicted in Figure 2.19, which shows an
example from the VDT-2048 dataset. Their proposed method combines mutual information (MI), edge detection, and
image separation to achieve image registration with the following steps:
Image filtering: The input images are first filtered using a Gaussian filter to reduce noise. This is done with a 9x9
kernel size and a standard deviation (σ) of 1.85.
Edge detection: A Canny edge detector is applied to both filtered images to generate edge images.
Region separation: After obtaining the edge images, region separation is performed. The primary goal of this step
is to constrain the mutual information (MI) optimisation functions to focus on grey values that are in the vicinity of
edges. This approach helps to ensure that the MI optimisation process is more accurate and robust, as it considers only
the most relevant information in the image.
When software tools are used for the 3D reconstruction, as in [18, 22], the registration algorithms are applied by those
software packages and are mainly based on a combination of feature detection, feature matching, and bundle block
adjustment:
Feature detection: Identifies keypoints or features in each image. These features are typically distinct and easily
recognisable patterns, such as corners, edges, or textures. The software employs SIFT (Scale-Invariant Feature
Transform) or similar algorithms to extract features from the images.
Feature matching: After detecting features in each image, match corresponding features across multiple overlapping
images. The software uses a matching algorithm, such as approximate nearest neighbour matching, to find the best
matches between the features detected in different images.
Bundle block adjustment: Once the matching features have been identified, employ a bundle block adjustment
technique to optimise the camera positions and orientations, as well as the 3D coordinates of the keypoints. This
process involves minimising the reprojection error, which measures the discrepancy between the observed image
coordinates and the projected coordinates of the keypoints in 3D space. Bundle block adjustment refines the initial
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estimates of camera parameters and 3D points to improve the overall accuracy of the reconstructed scene.
By combining these techniques, the software registers the images, ultimately creating a consistent and accurate 3D

representation of the surveyed area.

2.6 Thermal Data Visualisation
The Automatic Gain Control (AGC) technique is a histogram-based processing method that transforms raw data

formats into 8-bit image data. However, this processing results in data compression, leading to a significant loss of
information. In the case of 16-bit data, with a possible value range of 0 to 65,535, the resulting image is represented
with values in the 0 to 255 interval, further decreasing detail. To address this issue, AGC algorithms are designed to
enhance image contrast and brightness, thereby emphasising the contextual details of the scene [65].
Most LWIR cameras produce a grayscale or colour-range image stream with 8-bit per pixel. They typically use an
AGC algorithm to generate the 8-bit image with high contrast. The 8-bit data represents gain-controlled values that
depend on the temperature of objects in the scene and are more appropriate for human vision. However, the 8-bit
representation results in a lower thermal resolution and the algorithm causes colour changes based on minimum and
maximum measurements.

2.7 How And What To Fuse
In multimodal sensor fusion, deciding how and what to fuse depends on the specific application, the data modalities

involved, and the desired outcome. The fusion of features or decisions can be achieved in many ways, such as
concatenating feature vectors, averaging or weighted averages of data or decisions, weighted voting schemes to
combine decisions, or applying machine learning techniques such as neural networks, decision trees, or support vector
machines. However, the fast and massive data collection capabilities of the sensors and the representation of the
obtained large data in the memory, possibly with different data types, are one of the challenges of real-time sensor
fusion[9].
Alongside the fusion of different modalities, another important aspect to consider is the methodology of sensor fusion
implementation. Two primary approaches dominate this field: model-based and data-driven techniques. Model-based
methods, as explored in study [66], utilise pre-established models to interpret and integrate sensor data. These methods
often exhibit robustness and interpretability, but their effectiveness can be constrained by the accuracy of the models
they employ. In contrast, data-driven techniques, as outlined in the research [67], learn to merge sensor data directly
from the data itself, typically employing machine learning techniques. These methods can potentially achieve superior
performance, but they may require substantial data quantities and may be less interpretable.

2.7.1 Fusion Stages

Features of multiple modalities can be fused at different points in a process, and these fusion points are generally
categorised into three levels: Data level, Feature level, and Decision level. These levels can also be referred to as
low, mid, and high or early, middle, and late fusion. Each level of fusion has its advantages and disadvantages so it is
essential to consider the specific context when selecting the fusion point. The three levels can be categorised as:

1. Data level(early) fusion: At the data level, the fusion of different modalities involves combining raw data
from all modalities to create an integrated dataset, often by concatenating or averaging. This approach is
useful when the raw data from different modalities are directly comparable and compatible. For RGB-DT
data, often multi-channel images are created by blending and combining the data, primarily for deep learning
purposes[9, 12, 21].

2. Feature level(middle) fusion: In this approach, features are extracted separately from each modality and then
combined before being fed into a classifier or a learning algorithm. Feature-level fusion can involve concatenating
the feature vectors or using other methods to merge the extracted features. This method often results in a more
compact and informative representation of the data, as the features from each modality are combined after being
extracted, retaining information specific to each modality. In manually crafted feature-based approaches, this is
a common approach while in deep learning, this method usually enhances accuracy but has higher computational
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requirements. There are many variations of middle fusion depending on the processing pipeline. The authors
of [38] propose an algorithm optimised for human tracking based on an enhanced Bhattacharyya coefficient,
and in [39] features are fused for body segmentation using stacked learning and Random Forest while in [41]
features are combined by applying landmark-based energy filters for pain level recognition.

3. Decision level(late) fusion: At this stage, each modality is processed separately, with features extracted and then
classified or analysed independently. The results or decisions from each modality are then combined to produce
a final decision or output. This approach is suitable when the modalities are diverse and difficult to compare
directly, or when separate classifiers have been optimised for each modality. Decision-level fusion can involve
using majority voting [19, 47], weighted voting [8], or other decision-fusion techniques like a Support Vector
Machine(SVM) [34].

The performance of a fusion method is highly dependent on the sensing modalities, data, and network architectures
being used. This rough categorisation also holds true when applying Deep Neural Networks(DNN), which is discussed
in more detail in section 2.12 and in section 2.11 for the feature-based approach. The fusion of the modalities however
is not limited to a single stage but can be applied at multiple stages in a processing pipeline. Besides the listed fusion
methods, it is also worth mentioning that the direct fusion of multiple modalities is not the only way to enhance the
quality of data. A single modality can also indirectly enhance the quality of another modality. In [6] for example, the
authors used the thermal data, together with the monodepth[51] data extracted from it, to improve the quality of RGB
images by applying a dehazing algorithm.

2.7.2 Fusion Methodologies

Sensor data fusion methodologies can be broadly categorised into two main approaches: model-based and data-
driven.

• Model-Based Approaches These methods rely on predefined models to interpret and combine sensor data.
They are often robust and interpretable but may be limited by the accuracy of the models they use. Some
common techniques under this category include:

– Kalman Filters These are utilised in linear systems characterised by Gaussian noise, offering optimal
performance in terms of minimising the mean squared error. As demonstrated in the study by the authors
of [46], a Kalman filter, when combined with a probabilistic model of a leg shape, can ensure robust
tracking in scenarios such as person-following.

– Particle Filters These are used for non-linear and non-Gaussian systems. They are more flexible than
Kalman filters but require more computational resources. In the context of person tracking, the authors
of [38] employed a simple particle filter approach, which estimates the target’s probability distribution
using a set of weighted particles while study [20] presents an adaptive human tracking method using.
The method incorporates adaptive weighting based on velocity and head position, allowing it to handle
fast motion, partial occultation, and scale variation. The fusion of depth and thermal data enhances the
robustness and accuracy of the tracking process, as demonstrated in various challenging scenarios.

– Bayesian Networks These models are utilised in probabilistic modelling to represent the probabilistic
connections between a group of variables. They are particularly beneficial when the relationships between
the sensors are either known or can be learned. In the domain of Presentation Attack Detection (PAD), the
authors of study [68] employed Bayesian Networks to differentiate between a genuine face and a fraudulent
attack. Their approach involved designing an attack detector module based on Bayesian principles, with
the decision boundary set at a log-likelihood ratio of attack to bona fide equal to 0. This design choice
ensures that the classifier operates independently and maximises the confidence score in its classification.

• Data-Driven Approaches These methods learn to combine sensor data directly from the data itself, often using
machine learning techniques. They can achieve higher performance but require large amounts of data and can
be less interpretable. Some common techniques under this category include:
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– Support Vector Machines (SVMs) These are powerful supervised learning models that perform well in
high-dimensional spaces and can be customised with different Kernel functions for the decision function.
However, their effectiveness can be surpassed by more complex models such as CNNs in certain contexts,
as shown in [69] for fall detection systems. In the context of activity recognition and emotion classification,
SVMs have demonstrated promising results when combined with various types of features. For example,
the authors of [34] utilised an SVM model trained with depth and skeleton features in conjunction with
thermal sensor data to enhance activity recognition accuracy. Similarly, [24] used an SVM model with
both gait Power Spectral Density (PSD) and thermal features, achieving an offline testing accuracy of 70%
in emotion classification while the authors of [39] compared their human body segmentation, based on
Random Forest, with one using HOG + SVM. Despite the HOG + SVM approach being trained on larger,
varied datasets, the study’s proposed method significantly outperformed it. Further, the authors of [27],
in the context of Presentation Attach Detection (PAD), noted that the SVM baseline generally performed
worse than the other approaches, suggesting that the local, pixel-wise classification approach may not be
as effective as the more holistic view provided by CNN models in their evaluation.

– Decision Trees These flowchart-like structures are used for decision-making, where each internal node
signifies a test on an attribute, each branch represents the outcome of the test, and each leaf node holds
a class label. They are valued for their simplicity and interpretability. For instance, the authors of [67]
utilised a decision tree-based algorithm in a novel data association approach. This method used polar rays
to find correspondences between trifocal camera objects and fused hypothesis, or super-sensor objects.
The decision tree gradually eliminated unwanted associations by considering object characteristics such
as area, visible façade, dimension ratio, and relative position in different coordinate systems.

– Random Forest This ensemble learning method constructs multiple decision trees during training and
outputs the class that is the mode of the classes of the individual trees. A practical application of this
technique is demonstrated in [19], where a Random Forest was used to predict the conditional probabilities
of different class labels based on point descriptors. The Random Forest, an ensemble of decision trees,
was trained on randomly sampled subsets of training data. This approach resulted in decorrelated trees
that enhanced the generalisation and robustness of the classification. The final point label was determined
by majority voting across all decision trees in the Random Forest.

– Neural Networks and Deep Learning Models Neural networks excel at discerning complex patterns
within high-dimensional data, such as images. Deep learning, a subset of neural networks, utilises
multiple hidden layers to automatically learn and extract features from raw data, proving highly effective
for RGB-D and Thermal sensor fusion tasks. A more comprehensive discussion on this topic can be found
in section 2.12.

It’s important to note that these categories are not mutually exclusive, and sensor fusion systems may use a combination
of these approaches. The choice of methodology, similar to the selection of fusion methods, depends on the specific
requirements of the task, the available data, and the computational resources.

2.8 ROI & Overlay
In some applications, thermal data serves as supplementary information for analysis purposes, such as site [22, 14]

and building [18, 19, 43] inspections, medical examinations [23], or human thermal comfort assessments [28]. Large-
area inspections for sites and buildings are generally not performed in real-time or with RGB-D sensors. Instead,
photogrammetry [60] is employed, either with custom-built processing pipelines as in [14] or established tools like
Pix4Dmapper, 3DF Zephyr, Context Capture, PhotoScan, and others as in [18, 22], to generate point clouds offline.
By aligning thermal images, the point clouds are enriched with thermal data for offline analysis. In contrast, [35] used
mobile devices and proposed image-based modelling (IBM), a passive mapping technique that uses image datasets
with multiple fields of view (FOV) to reconstruct 3D models. This study employed a low-cost thermal camera and two
smartphones to capture visible and thermal images. The work established that the proposed method is cost-effective
and achieves a temperature precision of 2°C in the 3D thermal models, albeit at a slower pace. Since these approaches
are not the primary focus of this study, they are not pursued further but are mentioned for completion as they also
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represent a type of fusion of these modalities. However, the modalities are not fused to enhance a process but merely
for post-analysis.

Hazy RGB Image
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Figure 2.9: Depiction of the image dehazing process using GoogLeNet, a CNN-based classification model, to learn
about weather conditions and select an appropriate atmospheric scattering coefficient based on the level of haze. The
model performs depth estimation between the object and the camera using Monodepth and the thermal image. With
the selected atmospheric scattering coefficient and depth information, a transmission map is estimated and a haze-free
image is produced. [6]

In [4], the authors utilised stereo vision and trained a neural network for disparity estimation to generate depth
data. They also applied semantic segmentation, further discussed in section 2.12.4, using depth and RGB data to
define the ROI for extracting thermal data and producing a 3D reconstruction for post-processing. Meanwhile, [23]
identified a region of interest(ROI) in the RGB modality also by segmentation but did this by classic methodologies
not involving neural networks and extracting the thermal data by applying the ROI to the aligned thermal modality.
In certain applications, such as those previously mentioned, the actual temperature values are relevant. However, in
other studies like [13], the focus was on using the visual information derived from the thermal image rather than the
actual temperature values. In these cases, transformations like stretching the brightness histogram values are applied
to enhance the contrast, and additional denoising techniques are used to improve the image quality.
Unlike the previously discussed studies, the authors of [33] configured a system in which ROIs are identified in the
RGB modality based on the facial landmark points detected using the CLM Face Tracker[70], and their coordinates
are converted to thermal frame coordinates. Key regions of interest include the facial area, ocular and periocular areas,
and nose area, and evaluated parameters include position, orientation, green colour component, depth (distance), and
temperature. The average values of each variable are computed for each region of interest, and the relative positions
and temperatures are computed with respect to the average values computed for the entire face. Finally, each computed
value is logged to an individual stamped CSV file for post-experimental processing and analysis.
Similarly, in [25], face detection and extraction of landmark points from RGB images are accomplished by using the
Dlib [71] machine learning toolkit based on histogram-of-oriented-gradient (HOG) features. The authors assumed
that the target person does not move significantly between two consecutive frames and limited consecutive detection to
the previously identified area to increase the processing speed. The facial ROIs in the thermal image are located using
calibrated landmark points. The forehead centre is computed as the middle of the two eyebrow corner points, and the
average temperature in the forehead area is taken as the body temperature. The mean temperatures in the nose and
cheek areas are used for the measurement of the respective respiration and heartbeat rates through harmonic analysis.
The dominant frequency in the temperature signal’s spectrum is identified by Fast Fourier Transform (FFT), and then
multiplied by 60 to obtain the respiration or heartbeat rate in cycles per minute.
For the purpose of thermal comfort of humans, the authors in [28] used algorithms implemented in OpenCV[56] for
facial tracking, but unlike in [25], there was no guarantee that a face faces the camera why the thermal images used
for facial skin temperature measurements contain various types of noise, such as false detection of background as
faces and interference from high-temperature objects in the environment, which are represented as sudden spikes in
measurements. To remove such noise, the median filter was applied before data analysis. Unlike previous studies,
that segmented the frontal face into several regions and collected skin temperature from each region, this study used
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global skin temperature features, including the highest, lowest, first quartile, third quartile, and average temperature
measurements of all pixels in the detected facial region. These features provide an overall description of the distribution
of skin temperature over a detected face, including both frontal and profile faces.
The authors in [8] adopted a different approach for processing aligned modalities. They applied background substitution
and evaluated the size of connected pixel areas from the delta image to determine whether a living being was detected
or not. This study fused these regions of thermal and depth data at different levels to determine the optimal result. The
study did not find any significant differences in the results based on the different fusion methods used. The evaluation
resulted in an accuracy of 90.1%. However, since the authors used their own data, no comparison with other methods
was possible.
Numerous other studies [34, 33, 24, 41] have employed various detection methods to identify ROIs for extracting
feature data to be used in decision systems or deep learning algorithms. For example, the average face temperature or
the nostril area can be tracked to predict human behaviour. Further details on studies that extract data based on ROIs
but process them further are presented in sections 2.11 and 2.12.

2.9 Process Support
As briefly mentioned in the Fusion Stages2.7.1 section, there is also an indirect way of using a modality to improve

the quality of the data of another modality. In [6] the authors proposed a dehazing network with RGB and thermal depth
(DN-RTD). To effectively remove haze, the DN-RTD dehazing network is designed to estimate β, the atmospheric
scattering coefficient for the current atmospheric conditions, and d(x), the depth between the camera and the object,
using both RGB and thermal images. This network is shown in Figure 2.9.
In essence, the dehazing algorithm utilises GoogLeNet, a CNN-based classification model, to categorise captured
hazy images Ih (x) into four haze levels: haze-free, light haze, moderate haze, and dense hazy. The model then
selects β that corresponds to the classified weather condition. Additionally, the algorithm estimates depth information
d (x) from a thermal image H (x) using Monodepth, rather than an RGB image. The transmission map t (x), which
expresses the level of atmospheric light transmission, is derived from an Equation using the estimated β and d (x).
Finally, the clear image Ihf (x) is extracted through the image restoration process. The authors then used two You
Only Look Once (YOLO)[72] detectors for both, the thermal and dehazed RGB image, and fused using late fusion.
However, the dehazing process takes 659.1ms to compute why it is not suitable for real-time applications yet.

2.10 3D Reconstruction
3D thermal mapping reconstruction is a crucial application area for RGB-DT images. Based on the type of 3D

reconstruction equipment used, 3D thermal mapping reconstruction methods can be categorised into five groups:
RGB-D (ToF or Stereo Vision), Laser Scanning, binocular stereo-structured light encoding, Photogrammetry and
Structure from Motion.
The first depth camera employed to aid in 3D thermal mapping reconstruction was the Kinect v1, which has been
used in various studies [40, 45, 44]. The authors in [43] developed a handheld 3D thermal mapping system using the
Xtion Pro camera, and more recently, Kinect v2 and Intel RealSense[37, 10] have emerged as the most commonly used
cameras for 3D thermal mapping reconstruction [36, 31, 17].
The most commonly used technique for large-scale 3D geometrical reconstruction is however Structure from Motion
(SfM) [73] which was utilised in [49, 35, 48, 18]. SfM-based 3D reconstruction approaches typically extract and track
robust visual features (e.g. SIFT or SURF) on 2D images captured from different viewpoints and only work well under
good illumination conditions (e.g. during daytime). Feature extraction and matching, which involves the detection of
SIFT features, SURF features, ORB features, and AKAZE features, is a crucial part of the SFM algorithm. However,
it only produces sparse 3D point clouds, and the generated 3D models lack absolute scale information, which is not
ideal for thermal diagnosis applications. To overcome these limitations, RGB-D-based 3D modelling approaches
nowadays utilise depth sensors to acquire depth data of 3D objects/scenes from different viewpoints and apply 3D
point cloud registration techniques, such as the iterative closest point algorithm, to align the current view with the
global model [74, 75, 76, 77]. Besides the better quality, it is also worth noting that binocular stereo-structured light,
as used by [78, 79], or time-of-flight depth sensors, can acquire 3D geometrical information in darkness.



2.11. MANUAL DESCRIPTOR-BASED METHODS 25

Recently, the authors in [78] introduced a fast and reliable 3D thermographic reconstruction method using stereo
vision. The system features adjustable measurement fields and distances, based on the chosen optics for the cameras
and projector. It can reach frame rates of up to 12.5 kHz for VIS cameras and 1 kHz for the LWIR camera at full
resolution. By lowering the resolution, even higher frame rates can be attained.
Meanwhile, researchers in [48] utilised terrestrial laser scanners (TLS) to acquire dense 3D point clouds, and temper-
ature information obtained by an infrared camera is mapped onto 3D surfaces. To improve the mobility of 3D thermal
imaging systems, a multi-sensor system consisting of a thermal camera and a depth sensor was built to generate 3D
models with both visual and temperature information to be used for building energy efficiency monitoring [45].
Another method proposed was a thermal-guided 3D point cloud registration method (T-ICP) that improves the
robustness and accuracy of 3D thermal reconstruction by integrating complementary information captured by thermal
and depth sensors [36], but the method requires high computing resources to calculate several feature points. A set
of experiments were performed to analyse how the key factors, such as sensing distance, specularity of the target,
and scanning speed, affect the performance of high-fidelity 3D thermographic reconstruction. The authors in [10]
implemented a similar idea but the localisation method combines the ORB-SLAM2 with the thermal direct method,
and the entire system runs on the Robot Operation System (ROS).
Based on the Thermal-guided Iterative Closest Point (T-ICP) algorithm presented in [36], the authors of [17] developed
a multi-sensor system that consists of a thermal camera, an RGB-D camera, and a digital projector. This method utilises
an effective coarse-to-fine approach to enhance the robustness of pose estimation, allowing it to handle significant
camera motion during large-scale thermal scanning processes. This system enables multimodal data acquisition,
real-time 3D thermographic reconstruction, and spatial augmented reality through projection.
A new dataset consisting of objects and their corresponding thermal imprints resulting from grasping was proposed
in [31]. To generate a coherent contact map of an object, the object is placed on a turntable which rotates as RGB-D and
thermal images are captured from multiple viewpoints. The thermal images are texture-mapped onto the object’s 3D
mesh using a data processing technique. The steps involved in this process include extracting corresponding turntable
angle and RGB, depth, and thermal images at nine locations where the turntable pauses, converting the depth maps
to point clouds, estimating the turntable plane and segmenting the object using white colour segmentation, estimating
the full 6D pose of the object in the nine segmented point clouds using the Iterative Closest Point (ICP) algorithm
implemented in PCL, obtaining a least squares estimate of the 3D circle described by the moving object using the
object origins in the nine views, and interpolating the object poses for views that are unsuitable for the ICP step.
Finally, the 3D mesh along with the nine pose estimates and thermal images are input into a colourmap optimisation
algorithm, which is implemented in Open3D[80], to minimise the photometric texture projection error and generate a
mesh that is coherently textured with contact maps. Examples of the resulting contact maps are shown in Figure 2.10.

Figure 2.10: Examples from ContactDB, constructed from multiple 2D thermal images of hand-object contact resulting
from human grasps.[31]

2.11 Manual Descriptor-based Methods
In contrast to deep learning methods where the feature extraction is done by the Neural Network(NN), like

by convolutional layers in Convolutional Neural Networks (CNN), handcrafted descriptors are manually designed
features extracted from the input data. These include histogram of oriented gradients (HOG), Histogram of Optical
Flow (HOF), scale-invariant feature transform (SIFT), local binary patterns (LBP), histograms of thermal intensities,
oriented gradients (HIOG), and others. These techniques are considered to be the traditional methods that have been
mostly replaced by CNNs, and more recently by transformer networks, in modern detection pipelines[6]. The authors
in [14] noted that the SIFT algorithm is robust and accurate for matching features in RGB images, but it only computes
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low-level features and cannot recognise high-level representations.

2.11.1 Visual Modality (V)

The authors in [39] employed a combination of HOG, HOF, and HIOG to extract features. HOGs and HOFs are
used to extract features from the RGB and depth data, while HIOG is used for thermal data. These features are then
combined into a single feature vector and fed into a Random Forest classifier for body segmentation. The classic
implementation of HOG was used for the RGB data but with a lower descriptor dimension than the original by not
overlapping the HOG blocks. No gamma correction was used for the gradient computations and the Sobel kernel was
applied. This means that for each pixel, the gradient orientation is determined by looking at the dominant colour
channel (red, green, or blue) of that pixel, and then quantising it into a histogram over each HOG-cell [39].
HOF is a feature extraction method used to obtain motion information from an image. It works by computing dense
optical flow and describing the distribution of the resultant vectors. The optical flow vectors are computed using
the luminaries information of image pairs with the Gunnar Farnebäck’s[81] algorithm. In [39], the authors used the
implementation in OpenCV[56]. The resulting motion vectors are then masked and quantised to produce weighted
votes for local motion based on their magnitude, taking into account only those motion vectors that fall inside the
colour grids. The votes are locally accumulated into a v-bin histogram over each grid cell according to the signed
(0°–360°) vector orientations. Unlike HOG, HOF uses signed optical flow as the orientation information provides
more discriminative power [39].
Similarly [38] also used histogram-based descriptors but to process the colour modality, the RGB image is converted to
a normalised colour space denoted as rgb, where r = R/(R+G+B), g = G/(R+G+B), and b = B/(R+G+B).
The colour normalisation approach is used to eliminate the illumination information in order to achieve robustness
against lighting variations. Due to the fact that two components are adequate for describing the normalised colour
space, with r + g + b = 1, a 2D histogram HC is computed using the pair (r, g).

2.11.2 Depth Modality (D)

For depth, the authors in [39] used Histogram of Oriented Depth Normals (HON) to describe points in a point
cloud. The depth modality contains a depth-dense map that represents a planar image of pixels measuring depth
values in millimetres. The intrinsic parameters of the depth sensor can be used to obtain the actual coordinates from
this depth representation, which can be seen as a 3D point cloud structure. This new representation allows measuring
actual Euclidean distances that reflect the real world. After converting the depth modality, the surface normals for each
point in the point cloud are computed, and their distribution of angles is summarised in an α-bin histogram. Then
a histogram describing the distribution of the normal vectors’ orientations is built. A normal vector is expressed in
spherical coordinates using three parameters: the radius, the inclination θ, and the azimuth φ. In this case, the radius
is a constant value, so this parameter can be omitted.
For θ and φ the calculation of the cartesian-to-spherical coordinate transformation is:

θ = arctan
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)
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√
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nx
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Thus, a 3D normal vector can be represented by a pair of angles (θ, φ), and the depth description comprises two
histograms for δθ-bin and δφ-bin, which are L1-normalised and combined. These histograms describe the angular
distributions of the surface normals on the body.
Similarly, [38] used an approach where a 3D normal vector is computed for each data point by fitting a 3D plane to
a pre-defined local neighbourhood. Using the corresponding polar angle θ and azimuthal angle ϕ information, a 2D
histogram HD is computed.
The authors in [46] used a Leg Detection method proposed in an earlier work [82] which utilises a probabilistic leg
pattern. The leg model is implemented as a sequence of maximum, minimum, maximum, minimum, and maximum
values based on the laser readings, as in [83]. Various measures are defined, such as the distance between the legs
and the distance between the legs and background based on these five points. Besides the laser, the depth data of an
RGB-D sensor is used to detect a particular emergency vest of a person. After detecting the corners, the Lucas-Kanade



2.11. MANUAL DESCRIPTOR-BASED METHODS 27

method is used to calculate the optical flow. The optical flow is computed for each corner, and in each frame, the
centroid of the corners is then extracted, providing an estimation of the target’s position.

2.11.3 Thermal Modality (T)

[39] used the Histogram of Thermal Intensities and Oriented Gradients (HIOG) descriptor derived from the
thermal cue. This descriptor is a concatenation of two histograms. The first histogram provides a summary of thermal
intensities, which are distributed over the range [0, 255]. The second histogram represents the orientations of thermal
gradients. These gradients are calculated by convolving a first derivative kernel in both directions and then binned
into a histogram, with their magnitude serving as a weighting factor. The two histograms are L1-normalised and
concatenated. For the intensities, αi bins, and for the gradient orientations αg bins are used.
In a similar way, but solely relying on summarising the distribution of thermal intensities, the authors in [38] proposed
a method to generate a one-dimensional histogram for the thermal modality by directly utilising the intensity values
of the thermal image.
Meanwhile, [46] proposed a method to generate a 32-dimensional vector from a thermal image, where each element
of the vector corresponds to the estimated probability of a person being present in a particular column of the image.
This approach was chosen as the used thermal sensor had a resolution of 32x31 pixels. The computation of the vector
involves three steps: firstly, a likelihood of a pixel corresponding to a person is assigned based on the assumption
that the temperature of a person follows a normal distribution with mean and standard deviation values of 36 and 2,
respectively, which are determined from several thermal images of people. Secondly, the likelihood matrix is smoothed
by convolving it with a Gaussian kernel of a width of five pixels. Finally, the maximum value in each column of the
likelihood matrix is used to determine the corresponding element of the output vector. The computation is based on
established techniques such as the Lucas-Kanade optical flow method and Gaussian smoothing.

2.11.4 General Feature Extraction

The authors in [41] studied the detection of pain levels in faces and used the same feature extraction for all
three modalities as a descriptor that considers both, spatial and temporal domains. This is needed to capture
the spatiotemporal phenomena of changes due to pain in a facial expression. To achieve this, a steerable separable
spatiotemporal filter has been selected, which utilises the second derivative of a Gaussian filter and their corresponding
Hilbert transforms to measure the orientation and level of energy in the 3D space of x, y, and t. The filter provides
information on the spatial texture of the face through its spatial responses and the dynamic of the features such as
velocity through its temporal responses. The filter is applied independently to all three modalities, and for each pixel,
the energy is calculated and normalised to improve comparability in different facial expressions. Finally, to improve
localisation, the normalised energy is weighted using histograms of directions, and pixel-based energies are combined
into region-based energies. For each pixel, the energy is calculated by:

E(x, y, t, θ, γ) = [G2(θ, γ) ∗ I(x, y, t)]2 (2.2)

The convolution operator ’*’ is used to denote the operation in which (x, y, t) represents the pixel value located at
position (x, y) of the tth frame (temporal domain) in the aligned video sequence I . E(x, y, t, θ, γ) represents the
energy released by this pixel in the direction θ and scale γ. To ensure that the obtained energy measure is comparable
across different facial expressions, normalisation is performed using:

Ê(x, y, t, θ, γ) = E(x, y, t, θ, γ)∑
E (x, y, t, θi, γ) + ϵ

, (2.3)

After considering all directions θi, where i considers all directions and ϵ is a small bias to prevent numerical instability
when the overall estimated energy is too small, the normalised energy is weighted to improve localisation using the
method proposed in [84]:

Ė(x, y, t, θ, γ) = Ê(x, y, t, θ, γ).z(x, y, t, θ) (2.4)

where:

z(x, y, t, θ) =
{

1
∑

γi
Ê (x, y, t, θ, γi) > Zθ

0 Otherwise
(2.5)
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The resulting weighted normalised energy obtained in equation 2.4 assigns a value to each pixel based on the level of
energy released by that pixel, corresponding to the chosen directions of θ = 0, 90, 180, and 270. To combine these
pixel-based energies into region-based energies, the authors follow study [85], by using their histograms of directions:

HRi (t, θi, γ) =
∑
Ri

Ė (x, y, t, θi, γ) , (2.6)

The histogram HRi represents the directions of the i-th region of the face, where i = 1, 2 or 3, and is used to combine
regional histograms that are directly related to each other during the pain process. This is necessary because the
muscles return to their original locations after being moved due to pain. In accordance with [85], two directions of
up-down (UD) and left-right (LR) are used to combine these histograms. The directional histograms are obtained for
each modality of RGB, depth, and thermal, and are subsequently used separately to determine the level of pain.

2.11.5 Segmentation

This section explores various methods of basic segmentation using multiple modalities from the reviewed studies.
In [23] the authors isolate the abdominal region of newborns. The regions of interest are extracted using depth
information, followed by the refinement of the human body area using the colour information to remove the background
and isolate the individual. First, a dynamic depth threshold is applied to separate the body from the flat bedding surface.
The distance threshold is automatically determined based on the histogram of the depth map and the first significant
observed cluster according to the imaging conditions, which involve imaging the subject from above. The second step
involves utilising a skin colour model that is encoded in the YCbCr space to improve the segmentation of exposed
body regions from other objects in the field of view, such as probes, tubes, or clothes. The method includes multiple
steps using Canny edge detection and polygonal approximation algorithms. Then, an additional refinement step is
introduced in the form of a skeleton recognition method based on the depth image. This method utilises depth data to
recognise various skeleton points and describe different parts of the human body.
The authors in [37] proposed a multimodal egocentric SLAM(Simultaneous Localisation and Mapping) system based
on ORB-SLAM[86] which faces a significant challenge in segmenting the input frame into left-hand, right-hand,
object in interaction, and static environment classes. This segmentation is crucial for two reasons: first, removing
dynamic points from the input frame is essential for successful SLAM operation, and second, these labels provide
the necessary structure for proper scene understanding. The semantic segmentation algorithm the authors proposed
is based on priors for the hands, including their colour model, temperature, and shape. Hand location is also a prior
for the object in interaction. The segmentation is performed in two steps, first segmenting the left and right hands and
then the object in interaction. The right and left hands are distinguished using the prior that the right hand is at the
right side of the image frame and the left hand is at the left side. CRF-based image segmentation is used to segment
the hands, defining an energy minimisation problem:

min
αt
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∑
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i ̸= αt
j

]
(2.7)

In this equation, αt
i represents a binary value of 1 if pixel i is classified as part of the hand at time t, and 0 otherwise.

The neighbouring set of i is represented by N (i), and the indicator function is represented by 1(·). The concatenated
vector of z, c, d, τ is represented by y. The unary energy function, U

(
αt

i,yt
i

)
, expresses the likelihood of pixel i being

part of the hand, and it is a weighted combination of the probabilities of temperature (T ), colour (C), hand-detector
outputs (S), and history over time (H).
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where ∆(·, ·) calculates the geodesic distance over RGB-thermal space between two voxels. V (·, ·) is a binary
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consistency term that is defined over neighbouring pixels and takes the following form:
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Where the RGB-colour model p(ct
i|αt

i) is represented using a Gaussian Mixture Model (GMM) with five components
and is learned separately for the hand and static scene from training data. H is a collection of hand detections, where
each detection is represented by a centroid ck and a detection likelihood pk · yk which includes colour, position, depth,
and temperature of the centroid of the detected hand. All components of this energy function can be computed using
bi-linear filters in log-linear time and minimised using the min-cut/max-flow framework as explained in [87]. The
authors used the open-source code released by the authors of [87] and the original paper provides further details. After
segmenting the hands, the process continues to segment the remaining part of the image into static and dynamic object
components. The same energy minimisation framework is used, with an additional motion prior and the removal of
the colour prior. The motion prior accounts for the disparity between the motion of the object in interaction and the
camera motion, and is defined as:

UM
(
αt

i,yt
i

)
= ρ

(∣∣∣∣zt
i − zt−1

π(Rtxt
i+tt)

∣∣∣∣) (2.11)

In the above equation, ρ denotes the Huber function, π is the pinhole projection, R and t are the estimated camera
pose, and Xi represents the 3D position of the ith point in homogeneous coordinates. Here, αi is a binary variable,
which is equal to 1 if the ith pixel belongs to the object in interaction and 0 otherwise. The tradeoff parameters
ωT , ωS , ωH , ωM were learned by cross validation.

2.11.6 Fusion & Evaluation

In this section, we examine the various approaches adopted for fusing the extracted features and the evaluation
processes of the reviewed studies.
While [39] applied a background removal algorithm based on V and D for segmentation purposes to define the Ground
Truth(GT), the authors in [20] used background removal based only on D for their body segmentation in a fixed camera
set-up. The paper proposes a modality fusion method for head tracking using D and T information for fall detection.
This approach uses a particle filter to estimate the head position based on both, the D and T data. A Silhouette is
constructed based on D and basic body shape assumptions, while the thermal data is used to distinguish the head
from the background. The fusion is performed by combining and weighting D and T based on their reliability. The
authors evaluated 4 different models and concluded that the D and T data was improving the results. However, the
method was limited to 8 FPS and the authors further concluded to use Deep Learning models for future refinements of
this application. In [39], the authors evaluated uni-modal classification and a multi-modal fusion based on a Random
Forest classifier to achieve a human body segmentation with the extracted features discussed in section 2.11.2, 2.11.1,
and 2.11.3.
[38] proposed a simple person-tracking algorithm that combines the parameters of the three modalities in a way that
gives less weight to modalities where camouflaging occurs. The tracker’s ability to resist significant radial motions
was demonstrated using the Jaccard index. The target model was modelled using a single histogram for each data
source and a histogram of 3D normals was used as the depth descriptor. This did not significantly improve the
tracker’s accuracy compared to the same approach without depth descriptors but the authors argued it could improve
its robustness in more complicated sequences.
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Figure 2.11: Structure of proposed feature matching algorithm.[29]

The People tracking system proposed in [46] used four modalities and is based on a laser sensor, a thermal sensor and an
RGB-D camera in a mobile setup. These sensors supply input to three detection units: Leg detection, Vest Detection,
and Thermal Detection, which have been discussed previously. Once their individual likelihoods are calculated, the
final likelihood is calculated using coefficients to weigh the three likelihoods. The inclusion of these coefficients
enables assigning more importance to one of the information sources if desired, and the authors determined these
values during the evaluation process.
The researchers in [29] propose a feature-based registration method to register thermal and RGB-D images using the
Shape Constrained SIFT Descriptor (SCSIFT). The registration process involves three steps: feature detection, feature
description, and feature matching. In the first step, SIFT detector is applied to extract SIFT features from both visible
and thermal images. In the second step, the proposed SCSIFT descriptor is constructed by combining the traditional
SIFT descriptor with the shape descriptor extracted from the thermal image. In the third step, feature matching is
performed by calculating the Euclidean distance between each shape descriptor vector and each SIFT descriptor vector,
followed by normalisation and RANSAC to eliminate outlier matches. A detailed explanation of each this step can be
found in the original study, Figure 2.11 depicts the proposed algorithm.
Shape Feature Description: Global descriptors to support local descriptors are added in multi-modality image feature
matching. As the thermal image is noisy, anisotropic diffusion is applied for effective smoothing before edge extraction.
The canny edge operator is used to extract edges, but contour-based methods alone are insufficient for correct feature
matching. A circular template is generated around each feature point, with evenly plotted bins for edge point fitting.
To describe the global position of the feature point and construct the shape descriptor, a spiral of Theodorus is applied
to build the weighting function. The weighting of close region pixels is enhanced while the weighting of far region
pixels is suppressed. The proposed SCSIFT descriptor is constructed from the entire image and adds a global shape
constraint to the traditional SIFT descriptor which uses only local neighbourhood information.
Feature Matching Scenario Based on SCSIFT Descriptor: Normalisation is necessary before implementing
RANSAC because the global shape descriptor vectors and local SIFT descriptor vectors are the statistical analysis
of different information. For each feature i in the source image f i

S with the descriptor denoted as di
S , the Euclidean
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distance of the global descriptor di
S(G) and local descriptor di

S(L) to all global and local features descriptors Dall
ref (G)

and Dall
ref(L) in the reference image are calculated respectively, denoted as set Ei

G and set Ei
L shown in Eq. 2.12 and

2.13.

Ei
G =

√(
Dall

ref (G) − di
S(G)

)22

(2.12)

Ei
L =

√(
Dall

ref(L) − di
S(l)

)22

(2.13)

The ratio of the maximum value of sets Ei
G and Ei

L in Eq. 2.14 represents the scaling factor Si. As the process of
calculating Euclidean distances for descriptors is already an integral part of feature matching, this normalisation step
does not add to the computational complexity.

Si = max
(
Ei

L

)
max

(
Ei

G

) (2.14)

And the normalisation process is done by the Eq. 2.15

Ei = Ei
G ∪ Ei

L

Si
(2.15)

The unified distance set Ei is used to determine the most likely match for f i
S to all features in the reference image, with

the minimum value in Ei indicating the best match. Based on the maximum global and local distances, an appropriate
scaling value is calculated for each feature to improve the matching accuracy. RANSAC is then employed to eliminate
any outlier matches and refine the image transformation.

2.12 Deep Learning-based Methods
Deep learning-based approaches for multi-modal sensor fusion have gained increasing attention due to their

ability to learn complex relationships between the different modalities and effectively fuse the information from
multiple sensors. However, despite that images from multiple modalities can be beneficial in highlighting salient
regions and providing more comprehensive information, they can also introduce interference between the different
modalities[5]. The application of Deep Neural Networks(DNN) can be categorised into semantic segmentation and
object detection. In contrast to semantic segmentation, where multi-modal features are fused at various stages within
the Fully Convolutional Network (FCN), object detection involves a wider range of network architectures and fusion
variants. This diversity allows for greater flexibility and adaptability in addressing specific challenges related to object
detection tasks[50].
Convolutional Neural Networks (CNN) have long been the dominant architecture for image processing tasks. However,
recent developments in applying transformer networks[88] to Computer Vision (CV), known as Vision Transformers
(ViT)[89], have demonstrated high performance in segmentation, recognition, and detection tasks. These advances
indicate the growing potential for transformer-based approaches in the field of CV.
Within the realm of multimodal object detection and segmentation, a considerable amount of research is directed
towards autonomous driving applications, where the fusion of LiDAR point cloud data and RGB camera data is
crucial. However, this paper focuses on RGB-D sensor data, which incorporates pre-aligned depth data or can be
aligned using stereo calibration techniques. As a result, the methods for aligning point clouds with RGB data will not
be discussed in this paper. However, once the RGB-D data is transformed into a point cloud, the succeeding methods
for object recognition and detection can still be utilised. Although, papers using RGB stereo vision applying disparity
prediction, briefly discussed in Section 2.12.1, are included as this method generates similar data as RGB-D sensors.

2.12.1 Disparity Prediction

To obtain depth data from a stereo image the disparity can either be computed, like in OpenCV which implements
the block matching algorithm for calculating disparity with stereo calibration, or by training Neural Networks like
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AAnet (Atrous Adaptive Network)[90]. AANet is a deep learning approach for stereo matching that can provide
more accurate results than traditional methods such as block matching or simple disparity calculation. It can handle
occlusions, textureless regions, and large baselines better than traditional methods. AANet is also more robust to
lighting changes and can handle different camera configurations. Additionally, it can learn from large amounts of
data, making it more adaptable to a wide range of scenarios. Overall, AANet provides a more flexible and accurate
solution for stereo matching compared to traditional methods. Similar techniques can be applied to monocular vision
to produce depth data as applied in [6] using monodepth[51].
[4] utilised AANet for disparity prediction of chicken images for feather damage analysis. The network extracts the
down-sampled feature pyramid and constructs multi-scale 3D cost volumes[91]. The cost volumes are then aggregated
with six stacked Adaptive Aggregation Modules (AA Modules). Each AA Module consists of three Intra-Scale
Aggregation (ISA) and a Cross-Scale Aggregation (CSA). The multi-scale disparity predictions are regressed by the
soft argmin mechanism and hierarchically up-sampled and refined to the original resolution. The pre-trained AANet
model for the Scene Flow dataset was used for direct inference on the dataset. The dataset was augmented by random
colour augmentations and vertical flipping. The initial learning rate of the pre-trained AANet model was set to 0.001
and decreased by half at 400th, 600th, 800th and 900th epochs. Adam was used to optimise the parameters of the
network to minimise the average loss of the model on the training data. The disparity range was from 0 to 192 pixels.

(a) Early Fusion (b) Late Fusion (c) Middle Fusion

(d) Middle Fusion Deep Fusion (e) Middle Fusion Short-cut Fusion

RGB

Depth

Thermal

Fusion operation

Intermediate layer

Network output

Legend:

Figure 2.12: A depiction of architectures of different fusion schemes:
early fusion, late fusion, and various middle fusion techniques employed in deep learning environments based

on [50].

2.12.2 Fusion Methods (DL)

Data level fusion (DL) In study [50], two primary advantages of early fusion were identified. Firstly, the network
learns the joint features of multiple modalities at an early stage, allowing it to fully utilise the information present in the
raw data. Secondly, early fusion has lower computational demands and requires less memory, as it processes multiple
sensing modalities together. However, these benefits come at the cost of reduced model flexibility. For instance,
when an input is replaced with a new sensing modality or the input channels are extended, the early fused network
must be completely retrained which was also noted by authors in [12]. This study created a two-channel image out
of the two modalities for training a Faster R-CNN architecture with a ResNet-50 backbone. On the same dataset,
IPHD, the authors in [21] created a three-channel image by concatenating two duplicated thermal images and one
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depth image similar to a three-channel RGB image to make use of the ImageNet pre-trained weights for initialisation.
They achieved similar results on the AP50 metric compared to [12]. In [9] the authors fused the data into a 3-channel
image, combining the grey channel of each modality per channel and applying different weights to the thermal and
optical channels by applying the addWeighted method of OpenCV[56]. This process involved a manual search to
determine the optimal weighting scheme for the given data. To perform these unifications, the intensity values of the
pixels from both images are multiplied by the desired weights and then added to compute the pixel intensity values of
the resulting image. In this method, the thermal image pixel values are added to the optical image pixel values using
weights ranging from 0.1 to 0.9 with a step size of 0.1.
The way a colour scheme is applied to translate the thermal to visual data plays a significant role, which is discussed
in section 2.14.2 and 2.12.5. Further, the method is sensitive to spatial-temporal data misalignment among sensors,
which can be caused by calibration errors, different sampling rates, or sensor defects. This sensitivity further highlights
the limitations of early fusion in certain scenarios[50].

Feature level fusion (DL) Middle fusion can be seen as a compromise between early and late fusion. By combining
feature representations from different sensing modalities at intermediate layers, this approach allows the network to
learn cross-modal information with varying feature representations and depths. Authors in [50] argued that middle
fusion is quite flexible, but that finding the "optimal" way to fuse intermediate layers for a specific network architecture
can be challenging. This difficulty arises from the intricate interactions between features and the potentially vast array
of possible fusion configurations. Nevertheless, merging feature representations from different sensing modalities at
intermediate layers enables the network to learn cross-modalities with varying feature representations and depths. This
fusion can occur at a specific layer only once or can be hierarchically fused, as depicted in Fig. 2.12, such as through
deep fusion or ’short-cut fusion’. Based on [50], this figure further illustrates the intricate nature of middle fusion and
the variety of approaches that can be taken to combine information from different sensing modalities.
Shortcut Fusion, as discussed in detail in the paper [92], is a technique employed in deep neural networks that involves
creating additional pathways within the network. This allows early layers to directly contribute to later layers, aiming
to combine the advantages of both early and late fusion. By utilising low-level feature fusion and high-level decision
fusion, shortcut fusion has the potential to enhance accuracy. It preserves detailed information from earlier stages and
incorporates it into the final decision stages. However, it’s worth noting that this method may increase the complexity
of the network, potentially requiring additional computational resources.
Deep Fusion, on the other hand, operates hierarchically at multiple levels within the network. This is beneficial in
capturing intricate interactions between different modalities at an intermediate stage. The authors of [93] emphasise
the importance of deep feature alignment for multi-modal object detection and how Deep Fusion improves detection
accuracy and robustness against input corruptions and out-of-distribution data. Deep fusion allows for a more
comprehensive understanding of the data, as it integrates information from various stages of processing. Furthermore,
deep middle fusion is often favoured over late fusion due to its superior feature integration capabilities. By combining
features at a deeper level, it can lead to a more robust and reliable model, thereby enhancing the overall performance.
The complexity of middle fusion is further illustrated by the variety of techniques that can be implemented, as identified
by the authors in [94]. These techniques include:

• Additive Fusion: Individual networks or branches process each sensing modality up to a designated intermediate
layer. The feature maps from these intermediate layers are either added element-wise or concatenated. The
resulting feature maps are further processed by the network to produce the final output.

• Multiplicative Fusion: Separate networks or branches handle each sensing modality up to a specific intermediate
layer. The feature maps from these intermediate layers are multiplied element-wise. The combined feature maps
undergo further processing within the network to generate the final output.

• Skip Connections: Separate networks or branches process each sensing modality. Feature representations from
intermediate layers are combined via skip connections. The combined feature maps are further processed by the
network to produce the final output.

Drawing on the insights from the authors of [50] and [94], it can be stated that Shortcut Fusion and Deep Fusion
serve as overarching frameworks for integrating features from diverse modalities. Within these frameworks, specific
techniques such as Additive Fusion, Multiplicative Fusion, and Skip Connections can be employed. Each of these
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methods brings its own unique strengths and potential challenges to the table. Additive Fusion, Multiplicative Fusion,
and Skip Connections are distinct techniques that can be utilised to realise these fusion strategies. The choice between
them depends on the specific requirements of the task at hand.
In [34], CNNs were used for feature extraction on the visual input of two modalities. In addition, hand-crafted feature
extraction was applied to the thermal data for fusing these features in a Support Vector Machine (SVM) model. In their
study, the authors asserted that face temperature variation contains significant differences between different actions,
and thus can enhance the accuracy of activity recognition. They utilised synchronised thermal images to extract the
face temperature variation of participants while they performed the actions. To achieve this, they manually selected
the face region in the first frame and tracked it across frames using a KCF tracker[95]. Outliers in face temperature
were removed when the movement was sudden or when the person was partially out of the frame. They divided the
temperature values into 25 intervals and computed the average temperature for each interval. Then, they calculated
the difference between every two consecutive intervals (ti − ti−1), resulting in 24 features that were added to the SVM
model.
The authors in [24] extracted regions of interest (ROI) on the face using the Dlib[71] library to obtain the mean and
variance of the temperatures in the ROIs as thermal features. The gait data of lower limbs were combined with these
features for emotion detection, as lower limbs have more repeatable movements than the upper body. Joint angles
and angular velocities were chosen as the features to characterize gait, including eight gait features based on the angle
and velocity of the knees and hip. Convolutional Neural Networks (CNN), Hidden Markov Models (HMM), Support
Vector Machines (SVM), and Random Forest (RF) models were employed to train and test the gait and thermal data.
CNN and HMM models were trained with time series, whereas SVM and RF models were trained with static features
such as the Power Spectral Density (PSD) of time series and the average temperatures of thermal image time series.

Decision level fusion (DL) Late fusion on the other hand offers high flexibility and modularity. When a new
sensing modality is introduced, only the network associated with that modality needs to be trained, leaving the other
networks unaffected. However, late fusion comes with drawbacks, such as increased computation costs and memory
requirements. Additionally, it discards rich intermediate features that could be highly beneficial if fused, potentially
limiting the performance of the overall system[50]. Late fusion in DL is commonly realised by the application of
different versions of the non-maximum suppression algorithm (NMS) which works by first selecting the bounding box
with the highest object detection score. Then, it compares the remaining bounding boxes and removes the ones that
have a high degree of overlap as applied in [6]. [12] investigated the NMS method further and compared the Dual-NMS
with the simple method and concluded that the Dual-NMS had a better performance. The Dual-NMS involves sorting
two lists of detection boxes based on their confidence scores and collecting pairs from them. Similar to the basic NMS
method, the boxes with the highest scores from each list are selected one by one and compared with the boxes from
the other list. If a sufficient intersection over union (IOU) is found, the detection box is paired with the candidate with
the highest score from the other list. The paired boxes are then merged into a single result, and the final detection box
coordinates are updated through weighted averaging of the coordinates of the components[12].
A depiction of various fusion types is shown in Figure 2.12.

2.12.3 Fusion

The authors in [50] noted that they did not find definitive evidence that one fusion method would be superior
to others based on their review of various methods using different stages. However, [12] and [21] conducted a
comparison of the performance between the early middle and late fusion techniques and concluded that early fusion
yielded better results in their use cases. These studies focused on the fusion of depth and thermal data for human
detection, and it was discovered in [12] that using only depth data did not produce satisfactory detection outcomes.
While the late fusion approach was slightly superior to using only depth data, it was inferior to using only the thermal
data in comparison. However, [21] further argued that early fusion outperforms the other fusion methods in both
the final detection results and computational complexity. Unlike late fusion, which only merges the detected boxes,
early fusion enables cooperation between the depth and thermal information during feature extraction, allowing the
model to extract and combine useful information from both modalities. It should be noted that while intermediate
fusion also merges feature maps, the merging in early fusion is accomplished by a deep backbone network, leading
to more effective cooperation between the depth and thermal information. In their study, they also demonstrate that
the use of a Receptive Enhancement Module (REM) improves AP by 0.4, 0.9, and 2.3 at IOU thresholds of 0.25,
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0.5, and 0.75, respectively. These findings suggest that the REM module enhances the accuracy of bounding box
localisation but [12] achieved slightly better scores without it, which could be due to the slightly different fusion and
training approach. In [21], the authors used a ResNet-50 backbone that was initialised with pre-trained parameters
from ImageNet. However, the REM module and box prediction module were trained from scratch. [12] used the same
backbone but models that were pre-trained using the Common Objects in Context dataset (COCO).
Besides constructing custom networks, some studies, such as [32], have utilised deep learning-based algorithms like
OpenPose[96] to detect the pose of human occupants in a vehicle. Based on the derived bounding boxes this study
applied late fusion. However, because OpenPose can only be applied to visual and thermal data, the authors did not
utilise depth data. Other studies like [34] use CNNs for the feature extraction on the visual input of two modalities and
apply a hand-crafted feature extraction for the thermal data to fuse these in a Support Vector Machine(SVM) model.
However, they dropped the thermal feature in their experiments due to too much noise in the data.

2.12.4 Semantic Segmentation

Image semantic segmentation is a crucial task in computer vision, serving as an ideal perception solution for
transforming image inputs into semantically meaningful regions and enabling pixel-wise dense scene understand-
ing. Networks that rely solely on RGB information may face limitations in segmentation performance in complex
environments or under challenging conditions. To enhance input information and improve performance, researchers
have extensively explored multimodal sensor data fusion, which integrates additional data sources to provide a more
comprehensive understanding of the scene. Various approaches have been proposed, such as FuseNet [94], which
incorporates depth information, and HeatNet [97], which leverages thermal data for improved performance at night.
Polarisation information has also been integrated into models, as seen in EAFNet [98]. Event data has been utilised
in dense-to-sparse fusion to capture dynamic context information and improve segmentation performance, as in IS-
SAFE [99]. Furthermore, there are specialised methods for RGB-D [100, 101, 102], RGB-T [103, 104, 105, 106] and
RGB-P [15] semantic segmentation[15].
The authors in [107] argue that recently, vision transformers[89] have gained attention as they handle inputs as
sequences and can acquire long-range correlations, providing a unified framework for diverse multi-modal tasks. But
that multi-modal data often contain noisy measurements in different sensing modalities, such as low-quality distance
estimation regions caused by limited effective depth ranges [108] and that compared to existing multi-modal fusion
modules based on Convolutional Neural Networks (CNNs), it is not yet clear whether vision transformers can lead
to significant improvements in RGB-X, where X stands for a different modality than RGB, semantic segmentation.
Importantly, while some previous works like [108] and [109] use a simple global multi-modal interaction strategy, it
may not generalise well across different sensing data combinations[110]. This is why the authors in [107] hypothesise
that for RGB-X semantic segmentation with various supplements and uncertainties, comprehensive cross-modal
interactions should be provided to fully exploit the potential of cross-modal complementary features why they propose
CMX, a method designed to enhance semantic segmentation by incorporating diverse and complementary information
from multiple modalities. CMX is a transformer-based cross-modal fusion framework that uses two streams to extract
features from RGB images and the X-modality and includes a Cross-Modal Feature Rectification Module (CM-FRM)
in each feature extraction stage to calibrate the feature of the current modality by combining the feature from the
other modality. A Feature Fusion Module (FFM) is then used to mix the rectified feature pairs for the final semantic
prediction. FFM includes a cross-attention mechanism, enabling the exchange of long-range contexts, and enhancing
bi-modal features globally. Using a SegFormer-B2 backbone to visualise the segmentation results demonstrated that
CMX improves the semantic segmentation of RGB-D data and identifies objects correctly, which are misclassified by
the RGB-only model. For RGB-T segmentation, CMX provides clearer boundary distinctions between persons and
unlabeled backgrounds in low illumination conditions. For RGB-P, CMX accurately segments specular glass areas,
cars with polarisation cues, and pedestrians. For RGB-Event, CMX enhances the segmentation of moving objects. For
RGB-LiDAR, CMX correctly segments the scene as compared to the RGB-only method. The results show that CMX
is a suitable approach for multi-modal sensing combinations, providing robust semantic scene understanding[107].
The proposed CMX framework achieves state-of-the-art performances in different benchmarks but is limited to two
simultaneous modalities at the time of writing.
Similar to [107], the authors in [15] put the focus on developing a generalisable multimodal perception system for
various image modalities with an attention-based fusion architecture for outdoor scene understanding called NLFNet.
This network is designed to effectively address the challenges of object segmentation in various complex scenarios.
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The NLF (Non-Local Fusion) module, a key component of the network, is capable of adaptively extracting and fusing
complementary information from different modal input images. It also leverages dependence information along with
long-range contextual and positional priors to enhance the accuracy of semantic segmentation and applies a weighting
mechanism based on a sigmoid activation function for fusing the modalities. By addressing these challenges, NLFNet
aims to improve the performance of outdoor scene understanding across a range of conditions and input modalities.
The network architecture is inspired by efficient networks such as SwiftNet [111] and RFNet [112]. NLFNet uses
an encoder-decoder structure and adopts a ResNet-18 [113] backbone for each of its two independent branches. The
encoder extracts latent features from RGB and other modal images, which are then merged using fusion operations.
The Spatial Pyramid Pool (SPP) module [114], [112] is employed to expand effective receptive fields and generate
feature maps with more global contextual information.
NLFNet incorporates efficient upsampling modules from SwiftNet [111] and merges RGB branch information through
skip connections, improving segmentation accuracy. The Non-Local Fusion (NLF) module, inspired by Non-Local
block [115] and NANet [101], integrates complementary information from RGB and other branches for the multi-level
fusion of feature maps. The NLF module consists of two sub-modules: the Spatial Dependency Module (SDM) and
the Channel Dependency Module (CDM).
The SDM establishes long-range contextual dependency between RGB and other modal branches in space, using
global average pooling and convolutions to expand receptive fields. The CDM concatenates outputs from the SDM
module along the channel dimension, obtaining a merged feature map, and performs global average pooling to obtain
a squeezed feature map. It then adaptively transforms these embeddings into dependency weights via a sigmoid
activation layer. This process establishes non-local contextual dependencies between different modalities and extracts
nonlinear interactions between cross-modal channels.
The authors of the study demonstrate the effectiveness and generalisation ability of NLFNet across various multimodal
sensor combinations. By conducting experiments with different sensor data, such as RGB-Depth, RGB-Polarisation,
and RGB-Thermal images, they showcase the ability of NLFNet to handle diverse modalities and effectively fuse the
complementary information. The results indicate that NLFNet is capable of providing accurate semantic segmentation
in various challenging scenarios, proving its potential as a robust solution for outdoor scene understanding. But like
CMX [107], the solution is bi-modal only.
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Figure 2.13: The overall architecture of the deep multimodal detection strategy. Object detection using YOLO from
clear RGB images with rich colour information and thermal images with clear object bounding lines. The model
detects the object with the highest probability through late fusion. [6]

In [4] applied the Residual Encoder-Decoder Network (RedNet) [116], which is a high-performing semantic segment-
ation network proposed in [102] that improves segmentation results by incorporating depth information into RGB
signals. RedNet utilises an encoder-decoder network structure[117] with residual blocks as building modules, as well
as a pyramid supervision training scheme to optimise the network. The encoder structure includes two convolutional
branches, one for RGB and one for depth, that have the same configuration except for the feature channel number
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of the convolution kernel, and feature fusion is achieved through element-wise summation. During training, the
dataset was augmented and stochastic gradient descent (SGD) was used to optimise the network parameters with an
initial learning rate of 0.002. The model is capable of segmenting target mask images from the background through
inference. The authors augmented the training dataset by applying random scale and crop, followed by random hue,
brightness, and saturation adjustment, which increased the dataset from 600 to 60,000 groups. Their model converged
after approximately 100 epochs of training.

2.12.5 Object Detection

There are two main types of object detection algorithms that utilise convolutional neural networks (CNNs): two-
stage detectors and single-stage detectors. The R-CNN family is a popular example of two-stage detectors, which
typically use region-based methods. One such version is Faster R-CNN, used in [12], which introduced the region
proposal network (RPN). The RPN can predict both the bounding box and the score at each position simultaneously,
leading to a significant decrease in prediction time. An example of a popular single-stage network is YOLO[72]. Most
studies, [9][6][37], utilise these networks with slight adjustments and perform early data level fusion for RGB-DT or
just RGB-D or RGB-T object detection.
Only a single study, [5], focused on RGB-DT data fusion for Salient Object Detection (SOD) and implemented feature-
level fusion with a CNN. In this work, the VGG16 classification network is used as a backbone for feature extraction.
The tri-modal images are encoded separately using a three-stream encoding network, which extracts five-level features
with varying resolutions. The authors proposed a hierarchical weighted suppress interference(HWSI) method to
achieve an effective fusion of cross-modal information while also suppressing interference. The approach taken can
be classified as a middle fusion with skip connections. This method involves assigning weights to each modality
based on their importance for the given task and then using these weights to selectively suppress the interference
introduced by each modality. By hierarchical weighting and selectively suppressing interference, the HWSI method
can effectively fuse the cross-modal information but comes with a high computational cost which makes it less suitable
for real-time applications. The HWSI method is composed of three distinct modules: the dual-modal attention fusion
module (DMAFM), the triple-modal interactive weighting module (TMIWM), and the global attention-weighted
fusion module (GAWFM). Each module is specifically designed to employ cross-modal information weighting to
emphasize the salient regions and suppress interference effectively. The feature extraction is achieved by applying
atrous convolutions with different dilation rates which can improve the performance of the network in tasks such as
image segmentation and object detection. This approach, however, relies on the visual representation of the thermal
and depth modality and some of the limitations that affect them are discussed in Section 2.14.2. The dataset created
by the authors of [5] limits the thermal and depth representation to 256 values and a dynamic colour AGC algorithm
is applied to the thermal data, as shown in Figure 2.19 and no gain control is applied to the depth data as shown in
Figure 2.21. This can reduce the performance of object detection.
In contrast to the previous study, the authors of [6] utilised late fusion with two separate YOLO[72] models, following
the thermal data dehazing process discussed in the Process Support2.9 section. The overall system architecture is
illustrated in Figure 2.13. After completing the dehazing process, the resulting Ihf (x) and H(x) are fed into two
YOLO models, denoted as Y OLOR and Y OLOT , which use the image of their respective modality. Non-maximum
suppression (NMS) is then employed to achieve late fusion. Their proposed model also allows for an RGB image with
improved quality, as some of the haze removal can be performed using the haze level estimates. Moreover, by using
late fusion and thermal images, the proposed model can process the rich colour and clear boundary information from
both the RGB and thermal images simultaneously.
[9] investigated using a pre-trained YOLOv4 network on the COCO dataset, as well as training YOLOv4 on their own
dataset. They limited the scope to human detection only but investigated different ways of fusing the images in an
early fusion as discussed here 2.12.2. As their proposed data level fusion comes at a lower computational cost (average
of 20ms. per frame) and the single-stage object detectors are fast, this system could be applied to real-time problems
such as surveillance similar to study [12]. However, neither study published data related to the inference speed, and
while [12] used a public dataset that was temporally aligned, [9] did not discuss temporal sensor alignment and used
a thermal camera that was limited to 8 FPS.
In [37], the authors employed all three modalities, RGB, depth, and thermal data, to detect hands using a YOLO-based
object detection algorithm [72] for real-time performance. Their analysis of the results suggested that using 2D
bounding box detection with all three modalities led to higher accuracy compared to state-of-the-art model-based
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RGB-D hand pose detection algorithms. Additionally, the authors found that RGB and thermal data were the most
crucial modalities for this task. To train the YOLO detector, pre-trained features on ImageNet [118] were used, and
the annotated bounding boxes in the dataset were employed for training. Since pre-training is only available for RGB
images, knowledge distillation [119] was used to transfer pre-trained features to the thermal and depth modalities.
Overall, deep learning-based approaches for multi-modal sensor fusion have shown promising results in various
applications, and their continued development is expected to significantly advance the capabilities of multi-modal
sensing systems in the future.

2.12.6 Presentation Attack Detection (PAD)
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Figure 2.14: The CNN architecture is trained with two losses, the proposed One Class Contrastive Loss (OCCL) and
Binary Cross Entropy (BCE), and then used as a fixed feature extractor with frozen weights. The one-class Gaussian
Mixture Model (GMM) is trained using the embeddings obtained from the bona fide class alone. [26]

Biometrics provides a secure and convenient method for access control. Among various biometric modalities, face
biometrics is one of the most preferred due to its non-intrusive nature. Despite the high performance of systems
in identifying individuals in many challenging datasets, they are still vulnerable to presentation attacks (PA). It was
identified that PAD in visual spectra alone is insufficient for security-critical applications. This area has seen a lot of
attention in recent years and PAD systems are another area where fused RGB-DT data was applied. A multi-channel
PAD framework called the Multi-Channel Convolutional Neural Network (MCCNN) was proposed in [30]. The
MCCNN architecture is an extended version of the LightCNN model [120] adapted specifically for multi-channel
PAD tasks and was then also applied in [26]. The main idea behind the MCCNN architecture is to leverage the joint

Figure 2.15: Preprocessed images resulting from a rigid mask attack [26].

representation from multiple channels for PAD tasks, using a pre-trained face recognition network. In this approach,
a pre-trained LightCNN face recognition model is extended to accept multiple channels, and the embeddings from all
channels are concatenated. Two fully connected layers are added on top of this joint representation layer for the PAD
task. The first fully connected layer has ten nodes, and the second layer has only one output node. The higher-level
features in the LightCNN part are shared among all modalities. The advantage of this architecture is that only lower
layer features, known as Domain Specific Units (DSUs) [26], and higher-level fully connected layers are adapted in
the training phase. This approach has two main advantages: first, a smaller number of parameters since the high-level
features are shared across modalities, and second, adapting only DSUs and the final fully connected layers reduces
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possible over-fitting since PAD databases are typically small in size. An optimal set of layers to be adapted was
obtained empirically and was used in the baseline MCCNN and the proposed approach. Figure 2.15 shows a set of
preprocessed images and Figure 2.14 the Schematic diagram of the proposed system found in [26].
In [26], the authors proposed a framework that utilises a one-class classifier along with a novel loss function, which
encourages the CNN to learn a compact yet discriminative representation for face images.
As part of study [30], a publicly available dataset called The Wide Multi-Channel Presentation Attack (WMCA)
database, was released. [27] made a similar dataset with higher quality and more modalities available which was called
HQ-WCMA. Three studies [30, 26, 27] were co-written by some of the same authors who further developed their

Table 2.3: Publicly available RGB-DT datasets.

Study Name Type Modalities Link
[5] VDT-2048 General RGB D T VDT-Dataset
[39] VAP Trimodal People Seg. People RGB D T VAP TPS-Dataset
[121] KAIST Driving RGB D* T KAIST-Dataset
[30, 26] WMCA Faces/Masks RGB D T WMCA-Dataset
[27] HQ-WMCA[122] Faces/Masks RGB D T HQ-WMCA-Dataset
[7] TriModal Face Detection Dataset Faces RGB D T TMFD-Dataset

*

Includes LiDAR and stereo RGB images.

Table 2.4: Publicly available Bi-Modal datasets used in studies.

Study Name Type Modalities Link
[12, 21] IPHD[123] People D T IPHD-Dataset
[107] NYU Depth V2[124] Indoor RGB D NYU Depth V2-Dataset
[107] SUN-RGBD[125] Indoor RGB D SUN-RGBD-Dataset
[107] Stanford2D3D[126] Indoor RGB D Stanford2D3D-Dataset
[107] ScanNetV2[127] Indoor RGB D ScanNetV2-Dataset
[107] Cityscapes[128] Driving RGB D Cityscapes-Dataset
[107] MFNet[92] Driving RGB T MFNet-Dataset
[107] EventScape[129] Driving RGB E EventScape-Dataset
[107] KITTI-360[130] Driving RGB L KITTI-360-Dataset

ideas in [27]. The data was collected using a custom-made sensor suite that enabled the recording of both genuine
faces and presentation attacks across five different image modalities, including RGB, NIR, SWIR, thermal, and
depth. Moreover, four banks of six LED modules were employed for illumination, providing coverage in 10 different
wavelengths ranging from 735nm to 1650nm, encompassing the NIR and SWIR spectra. Sequential switching of these
infrared emitters, synchronised with camera exposure periods, yielded multi-spectral reflectivity data across the sample.
These wavelengths were chosen to provide the best possible multi-spectral coverage given market availability, resulting
in 14 different modalities in each recording, including four NIR and seven SWIR wavelengths. The cameras were
co-registered using a calibration procedure, enabling the captured data to be aligned in each modality. Experimental
results showed that the investigated CNN models with SWIR outperformed baselines when a wide variety of attacks
was considered, with almost perfect detection of all impersonation attacks while maintaining a low BPCER. However,
the generalisation ability of the models using SWIR data was assessed on a cross-database experiment, revealing a
noticeable difference on bona fide attempts, suggesting future research directions.
The proposed database 2.3 and code for studies [26]1 and [27]2 for reproducing the experiments are freely available
for research purposes.

1https://gitlab.idiap.ch/bob/bob.paper.oneclass_mccnn_2019
2https://gitlab.idiap.ch/bob/bob.paper.pad_mccnns_swirdiff

https://github.com/VDT-2048/VDT-Dataset
https://vap.aau.dk/vap-trimodal-people-segmentation-dataset
http://multispectral.kaist.ac.kr
https://www.idiap.ch/en/dataset/wmca
https://www.idiap.ch/en/dataset/hq-wmca
https://github.com/wiktormucha/tmfd_dataset
https://chalearnlap.cvc.uab.cat/dataset/34/description/
https://cs.nyu.edu/~silberman/datasets/nyu_depth_v2.html
https://rgbd.cs.princeton.edu/
http://buildingparser.stanford.edu/dataset.html
http://www.scan-net.org/
https://chalearnlap.cvc.uab.cat/dataset/34/description/
http://www.mi.t.u-tokyo.ac.jp/static/projects/mil_multispectral
https://rpg.ifi.uzh.ch/RAMNet.html
https://www.cvlibs.net/datasets/kitti-360/
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2.13 Datasets
The majority of studies examined in this paper faced a scarcity of publicly available datasets, leading them to

develop their own. Although some studies claimed to make their datasets public, like the TriModal Face Detection
dataset(TMFD) [7], it could not be found during the writing of this survey. However, subsequent to the preprint release
of our paper, we were contacted by the authors of the TMFD, who have now made their dataset publicly available.
This dataset is a comprehensive resource that encompasses a wide range of variations, including different numbers of
people in the scene, various backgrounds and distances. The dataset is categorised into three separate groups based
on the complexity and difficulty level of face detection. Other studies, including [5] and [39], created and made their
datasets available, and a list of all available tri-modal datasets can be found in Table 2.3. Public bi-modal datasets used
by some reviewed papers are listed in Table 2.4. As this paper is centred on RGB-DT tri-modal fusion, only datasets
used by the studies included in this review are presented.

2.14 Limitations

2.14.1 Sensors

One of the limitations of using thermal cameras in conjunction with RGB-D cameras is the potential mismatch
in their respective field of view (FOV) and focal length, which can restrict the effective distance between objects
or subjects being monitored. This discrepancy can result in inconsistencies in the size, position, and orientation of
objects in the captured images, which can impact the accuracy of object detection and tracking algorithms. Another
thermal sensor limitation is the need for Non-Uniformity Correction (NUC). NUC compensates for inconsistencies
in the sensor’s response to temperature changes, which can lead to inaccuracies in temperature measurements. This
correction is required periodically and involves a mechanical shutter operation that blocks the imaging sensor with a
material of uniform temperature for a short time up to a second.
The authors in [121] identified limitations with the temporal alignment in capturing images simultaneously using
multiple devices. Despite the use of a signal generator to match the shutter times between devices, there can still be
drift due to differences in exposure times. This can lead to an asynchronous phenomenon, especially during excessive
movement of a vehicle or object.
It is important to note that temporal alignment is a critical factor in multi-camera systems, as it ensures that the images
captured by different cameras are synchronised and can be properly used in applications such as 3D reconstruction or
object detection.

2.14.2 Modalities

In [5], the authors identified that visual perception systems that rely solely on RGB cameras face challenges such
as:

1. The objects to be recognised in indoor environments are often small, numerous, dense, and vulnerable to
background interference.

2. In low-light conditions, the ability to detect objects is greatly reduced, as illustrated in Figure 2.16.

To overcome the above problems, thermal and depth modalities can be introduced but despite that those sensors
improve the detection of salient objects, they also introduce interference challenges and have their own individual
challenges as can be seen in Figure 2.17 and Figure 2.18.
Figure 2.17(a) illustrates that the background of the depth image without any salient objects is very cluttered, which
can distract the detection of salient object detection algorithms. Also, the depth information of a salient object can
be incomplete when there is no distance difference between it and the surrounding objects, or when the difference is
minimal. Furthermore, depth sensing can still be challenging for detecting some small objects.
Thermal sensors also present several challenges that need to be addressed, including thermal crossover, thermal
radiation dispersion, and heat reflection. Thermal crossover occurs when the temperature of a salient object is the
same as that of a portion of the background, as illustrated in 2.18(a), greatly increasing the difficulty of object detection.
Figure 2.18(b) demonstrates an example of thermal radiation dispersion, where a portion of a salient object appears
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(a) (b) (c)

Figure 2.16: RGB modality challenges. (a) Similar appearance. (b) Small salient object. (c) Low illumination. [5]

(a) (b) (c)

Figure 2.17: Difficult challenges of depth images. (a) Background messy. (b) Depth information is incomplete. (c)
Small salient objects. [5]

more salient than the rest of the object, causing interference to detection. Additionally, some objects exhibit heat
reflection phenomena, as shown in 2.18(c), which is another important interference that needs to be addressed.

(a) (b) (c)

Figure 2.18: Taken from the VDT-2048 dataset, demonstrating the three identified thermal challenges: (a) Thermal
crossover, (b) Thermal radiation dispersion, (c) Heat reflection. [5]

Accurate assignment of thermal values, as identified in [45], requires careful attention due to the nature of thermal-
infrared sensors. As regular NUCs are required, real-time systems must be able to cope with thermal data interruption.
If the correctly measured temperature is of importance, it should be considered that the thermal value can also be
affected by the incident angle between the sensor and radiation emitted from the surface. Minimising this angle is
considered best practice. The authors of [45] suggested three possible strategies to mitigate this:

• Perform Non-Uniformity Corrections (NUCs) more frequently, approximately every minute.

• Disregard frames obtained from the camera while a NUC is in progress.

• Assign temperatures only to rays with an incident angle of less than 30 degrees.
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2.15 Synthesis
This section is intended to synthesise the key findings from our extensive review of the literature on the fusion

of RGB-DT sensor modalities. It encapsulates the current state of the art, summarising the significant advancements
and methodologies in this field across various applications. Before we transition into discussing the challenges, future
work, and conclusion, this synthesis serves as a succinct recapitulation of the key points, including some insightful
observations.
The traditional approach for the geometric calibration of thermal cameras, using a printed chessboard and a flood
lamp, was inaccurate and difficult to execute. Geometric masks with high thermal contrast were introduced as an
alternative calibration pattern, and multi-material calibration boards made of two materials with different emissiv-
ities have been developed for cross-calibrating thermal and visual modalities which have proven to be reliable and
accurate. The registration of the modalities is applied based on the processing requirements, with offline approaches
utilising computationally intensive feature-point matching algorithms. One widely used technique, especially for
large-scale 3D reconstruction, is the Bundle Block Adjustment (BBA) with current advancements and improvements
to the basic approach, such as using more advanced optimisation algorithms (e.g. Levenberg-Marquardt[131], Gauss-
Newton[132]) [10]. In real-time 3D reconstruction, thermal data was added to the back-end of SLAM systems to
enhance the robustness under unstable illumination environments and research in this area focuses on improving
real-time performance by further reducing computational time and offering better model quality. In contrast, real-time
processing for semantic segmentation and object detection requires performing geometric image rectification and align-
ment as a preprocessing step to ensure correct feature extraction. While studies for multi-modal semantic segmentation
of RGB, depth and thermal data based on recent transformer networks were found [107, 15], those works only processed
two modalities at a time and future research is aimed at processing more modalities simultaneously. However, the two
studies demonstrate how to fuse bi-modal in real-time successfully and [15] used an adaptive weighting of modalities
with a sigmoid activation layer to limit interference. The majority of the reviewed papers on multi-modal object
detection utilised early fusion to generate a fused 8-bit three-channel image. Common object detectors such as YOLO
were employed for the detection task, and some studies incorporated late fusion with the bounding boxes acquired from
individual streams. A single study, [5], was identified that fused all three modalities (RGB, depth, and thermal) in a
neural network using VGG16 as the feature extraction backbone. The study incorporated an interference suppression
module to weigh the feature information across different modalities, mitigating interference from a single modality
and compensating for potential information gaps in certain modalities. However, the computational requirements of
this approach rendered it unsuitable for real-time processing. This study additionally created a publicly available,
generic tri-modal dataset. Apart from this dataset, there are only three other RGB-DT datasets, which are specialised
in presentation attack detection(PAD) and human detection applications. Another area that attracted a lot of attention
is PAD where researchers focused on the problem of generalisation of the system. The challenge was addressed in [26]
by building upon the Multi-Channel CNN (MCCNN) originally proposed in [30]. The authors developed a one-class
classifier framework that employs learned features and a new loss function. This innovative loss function compels the
CNN to acquire a concise and discriminative representation of face images, which enhances the overall performance
even when used with the RGB modality alone. The authors showcased that their CNN method surpasses existing
state-of-the-art feature-based techniques, while future research will focus on addressing the issue of potential attackers
attempting to impersonate others.

2.16 Challenges and future work

2.16.1 Data Fusion

When it comes to fusing different modalities, one of the main challenges is sensor calibration and registration,
especially when the sensors have different fields of view (FOV) that can cause parallax. To address this, techniques
such as geometric calibration and image registration can be used to align the data from different sensors and reduce
the effects of parallax. However, these techniques can be complex and time-consuming and still not produce perfect
results, which can affect the accuracy of the fused data. Aside from employing software solutions to rectify parallax,
another alternative involves using a beam-splitter, which enables two cameras to view the scene from the same point
and utilise similar lenses to minimise parallax effects. Eliminating misalignment between modalities is vital in early
fusion, which is why sensor calibration and registration continue to be significant research topics in this domain.



2.16. CHALLENGES AND FUTURE WORK 43

Figure 2.19: The image on the left shows a hot bottle on a table and the image on the right shows a cold bottle on the
same table. Taken from the VDT-2048 dataset demonstrating the AGC colour shift of the same object(table) due to
the application of a dynamic colour range based on the global minimum and maximum temperature in the frame.

2.16.2 Thermal Data

The mapping of colours for the display of thermal data is a crucial element for systems that utilise thermal data
in a visual form. However, there appears to be a shortage of discussion on this topic in the reviewed literature. Most
cameras apply automatic gain control (AGC) which is based on the lowest and highest temperature at any given time,
causing the colours to shift. Besides that, grayscale or colour images limited to 256 values are being used but it is not
specified over what range of temperatures it is used for e.g. when monitoring a range of -20 to 120°C, the resolution
would be 0.55°C. However, thermal cameras have a sensitivity expressed as Noise Equivalent Delta Temperature
(NEdT), which can range from 0.020°C up to 0.075°C. It is crucial to consider both aspects when analysing thermal
images as limiting the data to 8-bit discards detail. For example, the VDT-2048 dataset uses 256-colour thermal
images with a dynamic thermal-to-colour range association, as shown in Fig.2.19. The adaptive AGC algorithm may
be appropriate for some applications; however, it could lead to difficulties if the intensity or colour information is
essential for feature extraction or used for network training. Furthermore, the dataset exhibits some distortion and
parallax between the visual and thermal modalities, as illustrated in Figure 2.20. Notably, the KAIST [121] driving
dataset features raw 14-bit thermal data; conversely, the pedestrian dataset only includes 8-bit data. It is important
to mention that while a 14-bit sensor can represent values up to 16,383, in environments with ambient temperatures
around 20°C, the raw data captured falls within a narrow band of the full range. As a result, compression and contrast
enhancement is crucial for encoding thermal images. However, it is essential to recognise that enhancement operations
in thermal images can artificially distort the data, causing the loss of the physical correlation between the radiant
flux from infrared radiation and pixel intensity [65]. Besides the data preprocessing, authors in [5] identified thermal
crossover, thermal radiation dispersion, and heat reflection as challenges when processing thermal data. It is believed
that a thorough preprocessing of thermal data and addressing the identified challenges in the field of multi-modal
fusion constitutes a relevant future research direction.

Figure 2.20: Taken from the VDT-2048 dataset, the image on the left shows an overlay of Visual(V) and Thermal(T)
with some objects in T outlined in yellow and the same objects outlined in red in V. A parallax and distortion between
the modalities can be observed. The images on the top right and on the bottom right are T and V, respectively.
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2.16.3 Depth Data

Similar to thermal data, depth data is initially captured with a 16-bit resolution, but it is later converted to an
8-bit format when used as a depth map unlike point clouds, which are usually generated from the raw values. This
conversion from 16-bit to 8-bit can lead to a loss of depth resolution and information due to the reduction in detail.
Although this process can result in significant information loss, no studies in the reviewed literature have addressed
this issue. It is essential to conduct thorough preprocessing of this modality when using it in the form of an 8-bit depth
map. While the dynamically applied AGC algorithm in thermal images could cause issues, applying no processing
at all will result in a loss of details. Figure 2.21 shows image 18 taken from the VDT-2048 dataset, in the original
image on the left, it can be noted that visually almost nothing can be recognised as the observed depth is limited to a
narrow band in the 16-bit data that was converted to 8-bit. On the right the same image with adjusted tonal balance
by redistributing its brightness values. This is done by mapping the brightest and darkest pixel values in the image to
white and black, respectively, and redistributing all the intermediate values evenly across the entire range.

Figure 2.21: A comparative display of the original (left) and equalised (right) version of image 18 from the VTD-2048
dataset. The stark contrast between the two images accentuates the pivotal role of pre-processing in enhancing feature
visibility, a critical step for the effective application of convolutional neural networks.

2.16.4 Datasets

The research potential in the field of tri-modal RGB-DT object detection is currently limited due to the lack of
publicly available datasets. Apart from the VDT-2048 dataset mentioned earlier, there are no other tri-modal datasets
suitable for general object detection, highlighting the need for more comprehensive datasets to advance research in
this area.

2.16.5 Deep Learning

Integrating multiple modalities can improve object detection or segmentation accuracy, but it also increases
computational requirements and makes real-time processing difficult. In the literature, studies show that early
and late fusion of data has a relatively small impact on real-time performance; however, the potential for more
sophisticated enhancements remains to be a challenge. More complex processing techniques applied in middle fusion,
as demonstrated in [5] and [6], can result in frame rates dropping below 5 FPS. Even with the advances in Deep
Neural Networks (DNNs) and hardware technology, achieving real-time object detection or segmentation with RGB-
DT data still remains a challenge. While transformer-based architectures, as demonstrated in [107], and CNN-based
architectures with non-local blocks, as demonstrated in [15], have shown promising results, they were limited to two
concurrent modalities at the time of writing. Thus, further research is required to develop efficient and accurate fusion
algorithms that can utilise three modalities and meet the requirements of real-time processing.

2.16.6 PAD

Currently, research in the field of PAD (Presentation Attack Detection) algorithms is centred on devising new
methods capable of accurately detecting both known and unknown attacks. A major challenge for existing PAD
algorithms is generalisation, as they often exhibit bias towards the training data. In [27], the authors recognised the
SWIR (Short-Wave Infrared) spectrum, typically defined as light in the 0.9 – 1.7µm wavelength range but can also
range from 0.7 – 2.5µm, as complementary and valuable. However, InGaAs (Indium Gallium Arsenide) sensor-based
cameras for this spectrum are costly and reserved for specific applications. Meanwhile, in [26] the researchers tackled
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the generalisation issue by building upon the Multi-Channel CNN (MCCNN) initially proposed in [30]. Their CNN
approach with an innovative loss function outperformed all other methods. Future research will concentrate on
addressing the challenge of potential attackers attempting to impersonate others.

2.17 Conclusion
This paper presents a comprehensive overview of the fusion between RGB-D and thermal modalities, exploring

their applications, and the techniques employed. Over the past decade, there has been a surge of interest in fusing these
modalities, demonstrating their considerable potential across diverse fields, including robotics, surveillance, medical
imaging, and maintenance systems. Combining these modalities has proven to enhance the accuracy, robustness, and
reliability of computer vision systems, contributing to the overall effectiveness of the technology. To systematically
summarise the findings, a search strategy based on the PRISMA framework was used. The literature review has
revealed several approaches for integrating RGB-D and thermal data, including feature-level fusion, decision-level
fusion, and data-level fusion. Furthermore, the use of deep learning techniques has emerged as a popular approach
for effectively combining RGB-D and thermal data, surpassing traditional feature-based approaches. Overall, the
reviewed literature suggests that the fusion of RGB-D and thermal modalities holds great potential for enhancing the
performance of computer vision systems in diverse applications and even creating new ones.
It was observed that researchers have primarily focused on the higher-level architecture of neural networks when
conducting sensor fusion with deep learning while overlooking the importance of preprocessing steps. While Visual
Transformers have shown promising results in sensor fusion, no existing tri-modal RGB-DT fusion has been developed
thus far. Therefore, further research is necessary to develop advanced fusion techniques that can enhance the accuracy
and reliability of the results while operating in real-time, thereby unlocking the full potential of this approach and
making it applicable for various practical applications. In conclusion, this study aims to serve as a supplementary
resource for researchers in the field of RGB-DT sensor fusion, providing a robust foundation and guidance for ongoing
investigation and advancements.
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Chapter 3

MM5: Dataset, Capture, Calibration and Pre-
processing

The systematic review presented in Chapter 2 identified critical gaps that impede progress in multimodal fusion
research: the scarcity of publicly available datasets extending beyond RGB-D-T configurations, the absence of
benchmarks providing raw sensor data for depth and thermal modalities, limited support for evaluating both aligned
and unaligned fusion paradigms, and insufficient attention to modality-specific preprocessing. This chapter directly
addresses these gaps by introducing MM5, a five-modality dataset and processing pipeline that provides the empirical
foundation for the fusion architectures developed in subsequent chapters. MM5 extends beyond the tri-modal scope
surveyed in Chapter 2 by incorporating infrared intensity and ultraviolet imagery, preserving raw 16-bit measurements
for depth, NIR intensity and thermal sensors, and introducing preprocessing algorithms (DTMRE, ADMRE) and
annotation tools (MAR) that enable rigorous experimentation under both aligned and unaligned conditions.
The contents of this chapter are reproduced from the following article:

Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2025). MM5: Multimodal image capture and dataset gener-
ation for RGB, depth, thermal, UV, and NIR. Information Fusion, 126, 103516. https://doi.org/10.1016/j.inffus.2025.103516.

In accordance with Information Fusion’ open access policy, this material is published under the Creative Commons
Attribution 4.0 International Licence (CC BY 4.0). The version reproduced here is the unmodified published version
of record.

© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the terms of the Creative
Commons Attribution Licence. The licence permits use, sharing, adaptation, distribution, and reproduction in any
medium or format, including for commercial purposes, provided appropriate credit is given to the original authors
and the source, a link to the licence is provided, and any changes are indicated. To view a copy of this licence, visit
https://creativecommons.org/licenses/by/4.0/.

Reuse of third-party material included in the article may not be covered by this licence; where indicated by a credit
line, permission should be obtained from the rights holder for uses beyond those permitted. This reuse does not imply
endorsement by Elsevier or the authors’ institutions.
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3.1 Abstract
Existing multimodal datasets often lack sufficient modality diversity, raw data preservation, and flexible annota-

tion strategies, seldom addressing modality-specific cues across multiple spectral channels. Current annotations
typically concentrate on pre-aligned images, neglecting unaligned data and overlooking crucial cross-modal alignment
challenges. These constraints significantly impede advanced multimodal fusion research, especially when exploring
modality-specific features or adaptable fusion methodologies. To address these limitations, we introduce MM5, a
comprehensive dataset integrating RGB, depth, thermal (T), ultraviolet (UV), and near-infrared (NIR) modalities.
Our capturing system utilises off-the-shelf components, incorporating stereo RGB-D imaging to provide additional
depth and intensity (I) information, enhancing spatial perception and facilitating robust cross-modal learning. MM5
preserves depth and thermal measurements in raw, 16-bit formats, enabling researchers to explore advanced prepro-
cessing and enhancement techniques. Additionally, we propose a novel label re-projection algorithm that generates
ground-truth annotations directly for distorted thermal and UV modalities, supporting complex fusion strategies beyond
strictly aligned data. Dataset scenes encompass varied lighting conditions (e.g. shadows, dim lighting, overexposure)
and diverse objects, including real fruits, plastic replicas, and partially rotten produce, creating challenging scenarios
for robust multimodal analysis. We evaluate the effects of multi-bit representations, adaptive gain control (AGC),
and depth preprocessing on a transformer-based segmentation network. Our preprocessing improved mean IoU from
70.66% to 76.33% for depth data and from 72.67% to 79.08% for thermal encoding, using our novel preprocessing
techniques, validating MM5’s efficacy in supporting comprehensive multimodal fusion research.

3.2 Introduction
The extraction and analysis of visual features using RGB cameras have been widely applied in computer vision

across various industrial, commercial, and research domains. However, traditional RGB-based imaging is inherently
limited by its confinement to the visible spectrum, making it highly dependent on external lighting conditions and
susceptible to occlusions or variations in ambient illumination [1]. Expanding image capture to multiple modalities,
such as depth (D), thermal (T), ultraviolet (UV), and near-infrared (NIR), can provide a more comprehensive under-
standing of a scene by leveraging different spectral characteristics. For example, near-infrared (NIR) imaging can
penetrate certain materials or haze, and ultraviolet (UV) imaging can reveal surface details or substances not visible in
RGB. Fusing such modalities with RGB yields a richer, more robust representation of the scene [2]. Studies show that
multimodal combinations outperform single RGB; pairing thermal with colour imagery significantly improves pedes-
trian detection under difficult illumination conditions [3]. Motivated by such successes, research into multispectral
perception has gained increasing attention recently due to its potential to enhance object recognition, segmentation,
environmental monitoring, medical imaging, security, and robotics. Each sensor modality offers distinct advantages;
for example, depth sensors provide 3D spatial information independent of texture, enabling enhanced perception of
object shapes, positions, and distances; thermal cameras capture temperature differences between objects and their
surroundings, ensuring reliable detection in low-light conditions and through occlusions; and UV and NIR imaging
extend visibility beyond the human-perceivable spectrum, providing additional material and structural insights that
can improve classification tasks. For instance, a recent comprehensive review details how the fusion of visible, NIR,
and thermal imagery can dramatically improve the robustness of security systems for challenging tasks like biometric
facial recognition [4], underscoring the broad scientific and industrial value of the sensor combination featured in
our MM5 dataset. Recent advances in multimodal fusion have increasingly addressed the integration of three or
more complementary sensing modalities to overcome the limitations of single-modality perception under challenging
environmental conditions such as poor illumination, occlusion, and spectral camouflage. Early approaches primarily
utilised convolutional neural networks (CNNs) designed for RGB, depth, and thermal infrared data, demonstrating
improved robustness for salient object detection and segmentation [1, 5, 6, 7]. These models often employ sep-
arate backbones for each modality, incurring higher computational costs and complexity. More recent works have
adopted transformer-based architectures and attention mechanisms for more efficient and flexible fusion of multiple
modalities, including RGB, depth, intensity, thermal, and ultraviolet [8, 9, 10, 11]. Such models enable stage-wise
or feature-level fusion with adaptive weighting, improving robustness against modality-specific noise and variability.
Additionally, related research in remote sensing and cross-domain adaptation addresses challenges of generalising
multimodal models across different geographic locations and environmental conditions, which are critical for practical
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deployment in diverse real-world scenarios. However, despite the clear benefits of multimodal data fusion, research
advancements in this domain are constrained by the limited availability of publicly accessible datasets that integrate
multiple imaging modalities, such as RGB, depth, thermal, ultraviolet (UV), and near-infrared (NIR). As discussed in
Section 3.3.1, many existing multimodal datasets predominantly target specific applications and frequently lack raw
sensor data, resulting in restricted opportunities for exploring comprehensive multispectral fusion strategies. This
limitation significantly hampers their broader applicability in multimodal fusion research. Moreover, some studies
even rely on synthetic or artificially generated images [10], which fail to fully capture the complexities and challenges
inherent in real-world multimodal data acquisition. Furthermore, accurate sensor calibration, precise alignment across
modalities, and appropriate data preprocessing continue to pose considerable challenges, further complicating the
effective utilisation of multimodal datasets in practical applications. To overcome these challenges, we introduce
MM5 [12], a comprehensive multimodal dataset that systematically captures RGB, depth, thermal, ultraviolet (UV),
and near-infrared (NIR) data, alongside stereo RGB-D imaging to provide complementary intensity and depth in-
formation. MM5’s design specifically targets robust multimodal fusion research by offering raw 16-bit depth and
thermal data, enabling researchers to apply their own denoising, enhancement, and preprocessing algorithms; accurate
cross-modal alignment to ensure precise pixel correspondences across all modalities, facilitating effective multimodal
data-level fusion; and annotated raw thermal and UV data generated through a novel reprojection algorithm, which
remaps ground-truth labels onto original distorted thermal and UV images, significantly reducing manual labelling
effort and enabling exploration of alternative fusion and alignment methods. Additionally, MM5 incorporates diverse
and challenging scenarios, including reflective surfaces, hot and cold objects, and varying illumination conditions, to
ensure that each sensor modality captures distinct and complementary cues. By providing both aligned and unaligned
annotations and accommodating raw and preprocessed data, MM5 supports comprehensive research across multiple
tiers of multimodal fusion. Researchers thus have flexibility in developing and validating methodologies within diverse
processing workflows and fusion strategies. The remainder of this paper details the MM5 data acquisition framework,
elaborates on sensor calibration and alignment, describes the dataset structure, and discusses potential application
domains. Preliminary segmentation experiments using the Segformer-based CMX model further demonstrate the
dataset’s utility, highlighting the impact of different modality combinations, preprocessing approaches, and lighting
variations on robust multimodal fusion.

3.2.1 Key Contributions

The primary contributions presented in this paper are:

1. A comprehensive multimodal dataset 3.9: MM5 [12] integrates RGB, depth, thermal, ultraviolet (UV), and
near-infrared (NIR) imagery, addressing existing gaps in publicly available multimodal datasets and enabling
extensive multimodal fusion research.

2. A robust and reproducible data acquisition and processing pipeline: The pipeline systematically addresses
consistent ambient conditions 3.5.1, sensor calibration 3.7 and modality alignment 3.A.3 in a labelling and
post-processing pipeline 3.8, significantly enhancing dataset usability and facilitating accurate multimodal
analysis.

3. MAR: Multimodal Annotation Remapping 3.8.1: A novel algorithm that reprojects ground-truth annota-
tions onto original distorted thermal and UV images, enabling flexible experimentation with both aligned and
unaligned data without the overhead of fully manual annotation.

4. DTMRE: Deterministic Thermal Multi-Resolution Encoding 3.10.1: An algorithm to provide stable 24-bit
colour representation and enhanced thermal resolution, particularly in regions of interest. DTMRE transforms
raw thermal data into a visually informative format, facilitating better feature extraction in thermal modality-
based tasks.

5. ADMRE: Adaptive Depth Multi-Resolution Encoding 3.10.2: A depth preprocessing technique that adapt-
ively enhances depth resolution in areas exhibiting significant spatial changes or regions of interest, improving
the utility of depth information in multimodal fusion.
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3.3 Related Work
Multimodal fusion in computer vision has been studied in diverse contexts, from autonomous driving to medical

imaging. A recent systematic review by Brenner et al. [1] categorises RGB-D-thermal fusion techniques into pixel-
level, feature-level, and decision-level approaches. Early works focused on hand-crafted feature fusion, for example,
combining colour and thermal gradients for improved human detection [13, 14]. With the rise of deep learning,
end-to-end networks that learn joint representations of multiple modalities have become prevalent. Examples include
architectures for RGB-D semantic segmentation that integrate depth as an additional input channel or through modality-
specific sub-networks and RGB-thermal CNN models for pedestrian detection and person re-identification [13, 15].
For instance, recent RGB-IR action recognition frameworks leverage cross-modal distillation to improve gesture
recognition in the dark [16]. Moreover, research has explored attention mechanisms, modality-specific encoding, and
even modality hallucination or translation (e.g., predicting thermal from RGB) to handle missing or noisy inputs [15].
Recent advances have further enriched this landscape with innovative deep fusion strategies and generative approaches
for multimodal data. Guan et al. [17] introduced an illumination-aware deep neural network to fuse visible and
thermal streams, thereby boosting pedestrian detection performance. Ma et al. [18] presented FusionGAN, a generative
adversarial network that effectively generates fused infrared-visible images, preserving complementary features from
both modalities. In the context of RGB–thermal fusion for high-level vision tasks, Tang et al. have contributed a series
of works: a semantic-aware real-time fusion network for infrared-visible image fusion [19], a progressive illumination-
aware model (PIAFusion) for multi-scale fusion [20], and a framework that rethinks the role of image fusion in object
detection pipelines via progressive semantic injection [21]. Meanwhile, the fusion of RGB and depth data has
also seen important developments. Mosella-Montoro and Ruiz-Hidalgo [22] developed a 2D–3D geometric fusion
network that integrates colour images with depth maps using multi-neighbourhood graph convolutions, demonstrating
significant improvements in indoor scene classification. These recent studies consistently report that multimodal input
yields superior performance over single modalities, particularly under challenging conditions such as low lighting,
camouflage, or sensor noise.

Despite progress, the community has lacked datasets to objectively benchmark multimodal fusion methods beyond
the RGB-D or RGB-thermal pair. Addressing the limitations identified in existing literature and enabling comprehens-
ive multimodal fusion research by providing an extensive, well-structured dataset that includes raw and preprocessed
data, as well as aligned and unaligned annotations, is the primary focus of our work.

3.3.1 Existing Multimodal Datasets

Until recently, most datasets were limited to two modalities, such as NYU Depth (RGB, Depth) [23] or KAIST
Multispectral (RGB, Thermal) [24]. Here, we highlight efforts that combine three or more sensor streams. Palmero
et al. (2016) introduced one of the first triple-modal datasets, the VAP Trimodal People Segmentation Dataset [13],
featuring approximately 11.5k frames (5.7k labelled) of indoor scenes with synchronized RGB, Kinect depth, and
thermal infrared footage. Although spatially calibrated and annotated with per-pixel human masks, the dataset is
limited to three static scenes with few participants, underscoring the need for broader-scale trimodal datasets. More
recently, Stippel et al. (2023) expanded significantly on this concept with the TRISTAR dataset [14]. TRISTAR
includes 15,618 frames of tri-modal RGB, depth, and thermal streams across ten distinct indoor environments, along
with semantic segmentation and temporal action detection annotations. For face anti-spoofing, Zhang et al. (2019)
created the large-scale dataset CASIA-SURF capturing RGB, depth, and near-IR video streams of 21k sequences from
1,000 individuals [25]. This dataset provides annotations distinguishing real and spoofed faces, facilitating multimodal
anti-spoofing research. In gesture recognition, the MGR-Dark dataset by Shi et al. (2024) comprises over 31k video
clips of dynamic hand gestures recorded simultaneously in RGB, depth, and IR modalities under varying lighting
conditions [16]. A dataset targeting autonomous driving scenarios is InfraParis, introduced by Franchi et al. (2024),
it contains 7,301 street-view images with RGB, thermal IR, and depth modalities [26], alongside detailed semantic
segmentation and bounding box annotations. Similarly, Baltaxe et al. (2023) presented a polarimetric dataset
featuring synchronised polarimetric, RGB, and LiDAR imagery captured across diverse road conditions [27]. In
robotics, comprehensive multi-sensor datasets such as the Multi-modal and Multi-scenario SLAM Dataset for Ground
Robots (M2DGR) [28], incorporating RGB, thermal, and event-camera imagery, LiDAR scans, IMU measurements,
and GPS information, have significantly advanced research in robot localisation and SLAM applications. This trend
extends into specialised agricultural robotics, exemplified by datasets such as CitrusFarm by Teng et al. (2023) [29],
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which combines RGB stereo, depth, monochrome, NIR, and thermal imagery in seven extensive sequences ( 1.3 TB
total) captured using a custom multi-sensor rig, specifically designed for crop monitoring and robotic navigation
tasks. Similarly, FieldSAFE (Kragh et al., 2019) [30] provides approximately two hours of ROS-bagged RGB stereo
(including 360° panoramic), thermal, LiDAR, and radar data, annotated for obstacle detection in farming environments.
The Fruity dataset (Abdulsalam et al., 2023) [31] further addresses precision agriculture with 11,065 annotated RGB,
depth, and thermal images alongside pose data. Depth images are provided in 16-bit format, whereas thermal data
are available in 8-bit. Conversely, Navarro et al. (2022) released a novel ground-truth multispectral image dataset of
grape berries (grape Berries), including weight, anthocyanin, and Brix index measures, designed for machine learning
applications [32]. It offers high-resolution 37-band VIS–NIR multispectral images for food quality assessment but
lacks explicit annotations. For salient object detection, the VDT-2048 dataset (Song et al., 2022) [33] presents 2,048
RGB, depth, and thermal image triplets. While it includes annotated ground truths, the thermal imagery is limited
to 8-bit AGC-processed data and. We have summarised these key publicly available multimodal datasets, containing
more than two imaging modalities, in Table 3.1. MM5 distinguishes itself from existing comparable datasets such
as VDT-2048 not only through its inclusion of five spectral modalities and raw 16-bit data, but also by offering both
aligned and unaligned annotations and a systematic set of eight controlled lighting conditions for RGB and three
controlled settings for UV, consistently applied across all scenes. In contrast, VDT-2048 applies lighting variation
sporadically and only to a subset of scenes, thus limiting its utility for comprehensive illumination-invariant fusion
research.

While these existing multimodal datasets have demonstrated the advantages of integrating multiple imaging
modalities, each exhibits certain constraints. Typically, these limitations include a restricted number of modalities,
the absence of simultaneous provision of both aligned and unaligned annotated data, or a lack of raw sensor data,
restricting research flexibility. The MM5 dataset introduced in Section 3.9 addresses these shortcomings by offering
a comprehensive multimodal collection comprising RGB, depth, thermal, ultraviolet (UV), and near-infrared (NIR)
imagery. MM5 uniquely supplies raw and preprocessed depth and thermal data alongside aligned and unaligned
annotations, enabling extensive exploration across all multimodal fusion and preprocessing levels. Furthermore, the
dataset includes specifically designed scenes containing real fruits, plastic fruit replicas, partially rotten produce, and
other challenging elements like reflective surfaces, providing distinct sensor cues for effective feature extraction and
fusion. Additionally, hot and cold objects introduce temperature contrasts, reflective objects challenge depth sensing,
and varying illumination conditions further enrich the dataset, empowering researchers to investigate various fusion
strategies and assess modality-specific challenges. Thus, MM5 is a robust foundation for advancing multimodal fusion
research and methodology development, as detailed in Section 3.9.

3.3.2 Multi-Resolution Thermal Encoding

Thermal image conversion from 16-bit to 8-bit presents a trade-off between preserving radiometric fidelity and
enhancing contrast. Conventional methods like CLAHE [38, 39] and similar adaptive histogram techniques [40, 41]
yield high-contrast images by dynamically adjusting mappings per frame [42]. However, such dynamic mappings
can lead to inconsistencies in pixel intensities that complicate object detection [43]. In scenarios where subtle
thermal gradients are critical—for example, in defect or anomaly detection—overly adaptive gain control may remove
essential temperature distinctions, motivating interest in static or semi-static mappings that better preserve underlying
differences [44, 45]. Multi-resolution approaches seek to balance global dynamic range compression with local detail
preservation. Multi-scale Retinex strategies [46] and wavelet or pyramid-based schemes [40] decompose images into
base and detail layers for selective contrast adjustment, although they may still rely on histogram-based operations and
exhibit scene-dependent behaviour [47, 48]. Recent work has also focused on enhancing colour consistency and edge
preservation using learned networks to refine multi-scale Retinex outputs [46] and multi-scale guided-filter methods
for contrast enhancement [47]. While purely linear mappings, though stable, lack the benefits of multi-resolution
detail enhancement [44]. Additionally, deep learning modules have been developed to learn optimal tone-mapping
functions that maintain consistent colour palettes and structures [45].

In summary, prior work demonstrates a clear division: static linear approaches reliably maintain temperature
references but often suffer from poor contrast, while adaptive methods, whether histogram-based or multi-scale,
dramatically improve detail at the cost of interframe consistency. Recent multi-resolution methods [46, 40, 47, 48]
aim for a middle ground, retaining subtle distinctions in local intensities while compressing overall scene brightness.
Nonetheless, a fully static colour mapping with multi-resolution temperature partitioning remains only partially
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explored. Our proposed DTMRE technique complements this area by employing a fixed, discrete set of colour
gradients in conjunction with multi-resolution segment interpolation, effectively ensuring reliable per-temperature
encoding without losing the critical detail required for accurate object detection and classification.

3.3.3 Multi-Resolution Depth Encoding

Time-of-flight (ToF) sensors provide high-precision depth maps for robust 3D reconstructions and object detec-
tion [49, 50, 51]. However, managing large 16-bit depth data requires efficient compression. Straightforward methods,
such as mapping depth to a hue channel [50], 8-bit quantisation [52], or using lossless formats like PNG, often
compromise local detail and hinder tasks like boundary delineation [53]. Advanced approaches have been developed
to address these limitations. For instance, Wilson’s RVL codec exploits runs of similar depth values to reduce storage
while retaining detail [54]. Region-based techniques divide scenes into planar or smoothly varying areas for piecewise
encoding [49, 55], although they add overhead for segmentation. Specialised colourisation methods and learning-based
frameworks further leverage correlations between RGB and depth data [52, 56]. For downstream tasks, the influential
HHA encoding transforms raw depth into three channels (horizontal disparity, height above ground, and the angle with
the surface normal) to augment RGB-based networks [57, 58]. However, HHA’s reliance on accurate ground-plane
estimation and its significant preprocessing cost in cluttered scenes pose challenges [59, 56]. Adaptive strategies, such
as saliency-driven segmentation, aim to allocate higher resolution to regions of interest [60, 55], yet they often require
complex preprocessing and may struggle with irregular shapes [49, 58].

Our proposed ADMRE technique differs fundamentally from existing methods by leveraging Kernel Density
Estimation (KDE) on the raw 16-bit depth distribution to detect peaks and by adaptively compressing these peak
regions with a finer resolution while assigning coarser resolutions to Out-of-Focus (OOF) or low-variation depth
ranges. Unlike segmentation-based approaches that may require prior object detection or planar fitting, we directly
derive compression rules from data-driven density estimates. In addition, the design accommodates a two-channel
(24-bit) encoding with up to 980 discrete depth steps, leaving the third channel for optional surface normals or other
features. This end-to-end pipeline ensures minimal detail loss in critical regions, leading to improved performance in
subsequent detection and segmentation tasks compared to conventional uniform quantisation.

3.4 Multimodal Hardware System
The data capture setup integrates multiple sensing modalities to enable comprehensive scene analysis. The system

comprises two Microsoft Azure Kinect sensors, a Sony XC-EU50/CE ultraviolet (UV) camera, and an iRay Micro
640 long-wave infrared (LWIR) thermal module. The thermal module is securely mounted using a custom-engineered
3D-printed frame to ensure precise spatial alignment and minimise cross-modal misalignment. This design maintains
the geometric consistency of all sensors, reducing errors caused by displacement and ensuring stable multimodal
image acquisition. The calibrated setup facilitates reproducible data capture across varying environmental conditions,
enhancing the integrity of multispectral data fusion.

The sensor array configuration includes:

• 2× Azure Kinect RGB-D sensors, capturing both visible spectrum images and near-infrared (NIR) depth
information at 850 nm.

• 1× Sony XC-EU50/CE UV camera, designed for imaging within the 300–420 nm spectral range, enabling
ultraviolet feature extraction.

• 1× iRay Micro 640 LWIR module, operating within the 8–14 µm infrared spectrum for thermal imaging and
heat signature analysis.

This multimodal setup forms the foundation for the MM5 dataset by ensuring accurate and consistent data capture
across diverse spectral domains. By carefully aligning and calibrating each sensor, we establish a reliable framework
for generating high-quality, multimodal training data, facilitating advancements in cross-spectral learning and sensor
fusion research, as depicted in Figure 3.1.
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Figure 3.1: Multimodal sensor array comprising 2× RGB, 2× Depth
+ NIR (850 nm), 1× LWIR (8–14 µm), and 1× UV (300–420 nm).

Figure 3.2: Capturing setup in a controlled
laboratory environment.

3.5 Capturing Setup
We set up the data capture system in a controlled laboratory environment to ensure consistent and reproducible

acquisition conditions across all modalities. Ambient lighting remained constant throughout all recording sessions to
minimise external illumination variability. We utilised a green cloth backdrop for certain scenes to simplify background
segmentation and enable subsequent replacement, thus facilitating data augmentation through background variation.
However, the backdrop introduced unintended reflections of infrared (IR) illumination emitted by the Time-of-Flight
(ToF) depth sensor, resulting in gaps within the depth data. These artefacts were deliberately retained in the dataset,
presenting a realistic challenge. Furthermore, to maintain consistent exposure levels across captures, the RGB cameras
were operated with fixed exposure settings, preventing automatic adjustments that could introduce inconsistencies in
brightness and contrast. This setup allows for controlled acquisition of overexposed and underexposed scenes, ensuring
a diverse dataset that reflects real-world lighting conditions. To further guarantee stability and precise alignment during
data capture, the sensor array was securely mounted into a custom-designed, rigid 3D-printed frame, which was firmly
affixed to a tripod (Figure 3.1). We performed calibration of the thermal, UV, and right RGB cameras relative to the
left RGB camera, thereby establishing precise spatial correspondence across all imaging modalities. The complete
data acquisition setup is shown in Figure 3.2.

3.5.1 Lighting

The MM5 dataset employs a varied lighting configuration designed to closely simulate a broad spectrum of real-
world illumination conditions. To ensure comprehensive coverage of realistic scenarios, we systematically utilised
eight distinct light sources during the data acquisition process: LED 1, LED 2, Desk lamp (60W), UV 365nm, Halogen
Floodlight, Desk lamp (purple LED), UV 365nm Spot, and Halogen Spot. We defined nine different lighting settings
to capture multimodal data. For each setting, we captured images from 8 RGB channels, 3 UV channels, one thermal
channel, one depth channel, and one infrared channel. The lighting settings were as follows:
• Setting 1: Dimmed room light (with dim UV illumination)
• Setting 2: Sidelight from the right
• Setting 3: Full illumination (optimal lighting)
• Setting 4: Backlight combined with thermal illumination
• Setting 5: Overexposure
• Setting 6: Dimmed light from the left (using a purple LED)
• Setting 7: Low UV/halogen spotlight
• Setting 8: UV 365 nm illumination
• Setting 9: UV overexposure
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This varied lighting configuration ensures that the dataset captures a broad spectrum of illumination conditions,
enhancing its utility to evaluate multimodal fusion techniques and robust performance in diverse environments.

Figure 3.3: Screenshot of the capturing software with real-time overlay and rectified thermal data showing a cat. The
panel on the left shows the thermal data aligned with the left RGB data. The nine panels on the right, starting from
top left to bottom right, show depth L+R, test output, RGB L+R, thermal, NIR L+R and UV

3.6 Capturing Software
To develop a high-performance software solution for multimodal data acquisition, we implemented the system in

C++ due to its efficiency, low latency, and robust hardware integration capabilities. The software interfaces with the
Kinect SDK and the thermal imager SDK while simultaneously integrating the UV camera video stream and capturing
metadata for each acquisition. This setup enables synchronised image capture across all modalities, continuous video
stream recording, and incorporates a stereo calibration algorithm [61] conveniently integrated with OpenCV [62]. This
calibration algorithm facilitates the estimation of the translation vector, rotation matrix, and distortion coefficients.
We store the raw images and corresponding camera parameters, enabling alignment computations in a dedicated post-
processing stage, which ensures flexibility for refining and optimising alignment. Additionally, to enhance automation
and dataset diversity, the system incorporates a relay array for dynamically controlling scene illumination and a
motorised turntable that rotates objects by 120 degrees, facilitating the acquisition of three distinct viewpoints per
scene. Figure 3.3 shows the capture and real-time alignment that allows for the testing and fine-tuning of the obtained
camera parameters.

3.7 Camera Calibration And Registration
For successful multimodal data level fusion using multiple modalities, it is crucial to acquire the data from these

modalities correctly aligned. This can pose a challenge, as the sensors used for each modality have different fields
of view (FOV), resolutions, and sensing capabilities. To facilitate data-level fusion, the system was calibrated by
determining the intrinsic (pinhole camera model parameter matrix) and extrinsic (estimation of the relative sensor
poses) parameters of each camera, which can then be used to align the data. Based on the pinhole camera model, this
calibration has been simplified using a stereo calibration process[61], which can be applied using these and similar
modalities. This method has been implemented in numerous studies in different ways, as summarised by Brenner et
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al. [1]. Figure 3.5 shows the pattern matching using stereo calibration. However, uneven and fluctuating heat can
complicate the calibration of the thermal camera. To achieve a more uniform heat distribution, the backside of the
calibration board was covered with copper plates, as shown in Figure 3.4, and a heating mat was placed over them.
This approach helped to stabilise the temperature during calibration. Additionally, since the UV camera can detect
wavelengths extending into the lower bounds of the visible spectrum (up to 420 nm), we removed the UV filter lens
during the alignment process. This allowed us to use the captured grayscale image for alignment without requiring a
dedicated setup for the UV modality. Furthermore, because stereo calibration requires uniform image resolutions, we
applied lens distortion correction, scaling, and padding to the thermal and UV images prior to calibration. Figure 3.5
shows an example set of RGB and thermal calibration images, including the calibration pattern matches generated by
the stereo calibration algorithm.

Figure 3.4: Calibration board
backside with partially applied
copper plates.

Figure 3.5: Calibration images of RGB (left) and thermal (right) captured at
approximately 30 cm from the sensor. The overlaid lines illustrate the pattern
recognition process of the stereo calibration.

After calibrating the intrinsic and extrinsic parameters of the RGB, thermal, and UV cameras, the thermal and
UV images are aligned to the RGB coordinate system through a projection transformation. However, this alignment is
optimised for a single reference plane in the scene; objects that lie substantially nearer or farther than this plane exhibit
misalignment due to parallax effects. Consequently, the current approach ensures robust alignment in the primary
plane of interest, with gradually increasing deviations as objects move away from that plane. Because the Kinect
SDK automatically aligns the depth data to the RGB camera, we can directly utilise it without further modification.
However, the intensity image, representing the 850 nm near-infrared (NIR) reflectance, is not a standard output of the
Kinect SDK and requires additional processing. There are two primary approaches to obtaining this image. The first
method extracts intensity values using the depth alignment process, ensuring direct correspondence with the depth map
but limiting intensity information to pixels with valid depth data. The second method employs a synthetic flat depth
image to bypass this limitation, allowing the retrieval of a complete intensity image that captures the full 850 nm NIR
reflectance. However, as this image retains the field of view (FOV) of the depth sensor rather than the RGB camera,
post-processing is required to correct FOV discrepancies. Additionally, the alignment process performed by the Kinect
SDK operates discretely across depth intervals due to the differing sensor FOVs, employing a closed-source algorithm.
Although this process helps mitigate geometric distortions, it also introduces occlusion artefacts such as depth shadows
and missing regions. To address these limitations, depth information from the stereo setup can be fused, reducing
alignment inconsistencies and improving overall depth map completeness. Additionally, we include the calibration
image sets and corresponding calibration data as part of our dataset, ensuring transparency and reproducibility of the
calibration process while enabling researchers to validate or develop alternative calibration methods.

3.8 Labelling and Post-Processing Pipeline
The labelling and post-processing pipeline is critical in preparing the dataset for multimodal analysis. This

process ensures that annotations are consistently applied across different imaging modalities while maintaining spatial
alignment between RGB, depth, thermal, and ultraviolet (UV) data. Given the inherent differences in sensor properties,
including variations in field of view (FOV), resolution, and spectral characteristics, an efficient annotation workflow is
necessary to achieve high-quality labelled data suitable for downstream tasks such as object detection, segmentation,
and classification. For this, we employed a structured annotation workflow to facilitate accurate labelling, initially
focusing on the RGB images. Once annotated, these labels were reprojected onto the thermal and UV images
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using transformation matrices derived from the camera calibration. This method ensures that the annotations are
accurate and consistent across modalities, enabling cross-modal learning and sensor fusion. Following the automated
labelling process, a series of post-processing steps are applied to refine the annotations and improve alignment. These
steps include depth-based adjustments and annotation corrections to compensate for the different viewing angle.A
detailed overview of the entire pipeline is shown in Figure 3.14 and sections describing the annotation framework in
Label Studio, the label export process and the post-processing techniques applied to ensure high-quality multimodal
alignment can be found in 3.A while algorithm Alg. 1 below summarises the key steps in the multimodal image
alignment process.

Algorithm 1 Multimodal Image Alignment
1: Load camera calibration parameters (including intrinsic and extrinsic matrices).
2: Read raw images from all modalities (RGB, Thermal, UV, Depth, and IR).
3: Histogram Equalisation: For Thermal and IR images, apply histogram equalisation to generate an 8-bit repres-

entation.
4: Rectify images to correct lens distortion in Thermal and UV data using the calibration parameters.
5: Align images to the RGB coordinate system by applying the appropriate transformation matrices.
6: Apply perspective correction to compensate for differences in field-of-view (FOV) across sensors.
7: Reprojection for Thermal and UV using MAR: Apply inverse distortion corrections and reversed alignment

transformations using the inverse camera matrix to remap the RGB labels onto the original, distorted Thermal and
UV images.

8: Save outputs in both full-resolution and cropped formats.

3.8.1 MAR: Multimodal Annotation Remapping Algorithm

(a) RGB image without labels. (b) RGB image with labels.

Figure 3.6: RGB images showing colourised label overlay. The left image is without labels, and the right image
includes manually created labels. The three pink-toned lemons on the left are good, while the two yellow-toned lemons
indicate mold.

We generate labels for the unprocessed ultraviolet (UV) and thermal images to facilitate the exploration of fusion
methods beyond early data-level fusion, which typically requires extensive calibration and can introduce latency in
real-time processing. Our labelling approach, MAR (Multimodal Annotation Remapping), partially eliminates the
labour-intensive task of manually labelling these modalities by reversing the same forward transformation that aligns
thermal and UV images with the RGB labels. In essence, the RGB annotations, accurately aligned with the RGB
images as shown in Figure3.6, are remapped onto the thermal and UV images(in their rectified state) and then distorted
by reapplying lens distortion using the inverse of the original alignment transformation. This novel reverse mapping
technique, to our knowledge, has not been reported previously in the literature, where multimodal fusion methods
typically focus on early data-level fusion. In most cases, this approach yields accurate results, and even when minor
discrepancies occur, it places the correct labels near their intended locations. This is particularly valuable given
the inherent ambiguity in UV and thermal data, where insufficient contrast often makes it challenging to distinguish
between classes clearly. Figure3.7 illustrates the target labels after processing, demonstrating how inverse camera
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matrices and transformation parameters transfer the labels from the RGB domain to the target modalities. In summary,
MAR proceeds in four key steps: (1) inverse mapping (remapping annotations onto raw thermal/UV images), (2)
re-distortion (re-applying lens distortion models), (3) depth-based refinement (adjusting labels based on average depth
to account for FOV differences), and (4) edge-guided region growing (refining labels using a random walker [63]
approach guided by Canny edges [64]). Although depth-based refinement, demonstrated in Figure 3.8 using the
Random Walker algorithm [63, 65], is a key component of our approach to maximise alignment accuracy, it can be
omitted when depth information is unavailable or insufficient. In such cases, MAR still performs reliably by relying
on the inverse transformation and re-distortion steps, followed by edge-guided refinement. Additional pseudocode
and implementation details are provided in Section 3.D, where we sequentially describe each step: starting with
inverse mapping and re-distortion (Section 3.D.2), and concluding with depth-based correction (Section 3.D.3) and
edge-guided random walker refinement (Section 3.D.4). A flowchart summarising the overall sequence of steps is
provided in the appendix (Figure 3.17). The MAR algorithm primarily serves as an automated label transfer and
initialisation tool to reduce annotation effort. The remapped labels are intended for manual refinement, supported
by subsequent edge-guided and machine learning-based segmentation techniques, to produce high-quality ground
truth. Our qualitative visualisations in Figures 3.7 and 3.8 demonstrate that MAR provides spatially consistent
and accurate label placements across modalities, substantially accelerating the annotation process and improving
consistency compared to manual labelling from scratch.

(a) Thermal image without labels. (b) Thermal image with labels.

Figure 3.7: Thermal images illustrating reprojection results, shown without labels (left) and with calculated labels
(right).

(a) Remapped and re-distorted
labels

(b) Labels after depth correc-
tion.

(c) Thermal image with la-
bel seed areas in green and
growth areas in red for Random
Walker.

(d) Labels after Random
Walker.

Figure 3.8: MAR refinement process. (a) Initial remapped and re-distorted labels. (b) Labels after depth-based
correction. (c) The calculated seed (green) and growth (red) areas. (d) The final, refined labels after applying the
Random Walker [63, 65] optimisation.

To quantitatively evaluate the accuracy of MAR-generated annotations, we compared them against the final manually
corrected labels using mean Intersection over Union (IoU) and pixel accuracy metrics per class. The results, sum-
marised in Table 3.10 in the appendix, demonstrate that MAR-generated labels closely match the manual corrections,
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achieving mean IoU and accuracy values generally between 80% and 90% for most classes. These findings confirm
that MAR provides a reliable automatic initialisation that substantially reduces manual annotation effort and facilitates
the generation of high-quality labels.
Overall, this novel approach, which combines inverse geometric transformation, depth-based FOV correction, and
edge-guided region growing, constitutes a robust solution for efficiently transferring annotations from RGB to thermal
and UV domains.

3.8.2 Final Image Generation and Storage

Once the images have been aligned, they undergo additional processing to optimise their usability for downstream
applications. Specifically, the aligned images are cropped to a standardised size within the fully overlapping region
across modalities. To achieve this, we compute the centroid of the RGB label and adjust the cropping window so that
this point is as central as possible while ensuring that the target resolution is entirely contained within the overlapping
area. This approach preserves critical target information while retaining background variation, thereby supporting
robust analysis in subsequent tasks.

3.9 MM5 Dataset
This section provides an overview of the MM5 dataset [12]. Each subsection below describes a specific component

of the dataset, outlining the characteristics and challenges associated with each modality. Together, these elements
form a robust resource for research in multimodal sensor fusion and advanced computer vision applications.

3.9.1 Structure

The raw data is organised into separate folders for each camera. In our stereo setup, the left and right camera
images are suffixed with _0 and _1, respectively. Each image file follows a standardised naming convention that
includes the sequence number, settings ID, timestamp, and modality as a postfix. The raw data folder structure is as
follows:

• DEPTH_0
• DEPTH_1
• IR_0

• IR_1
• LWIR
• META

• RGB_0
• RGB_1
• UV

• ANNO_V
• ANNO_T
• ANNO_U

An example filename for an RGB image with light setting 5 is: 1_5_20240716_130310_143_rgb.png.
The captured raw data and the transformation outputs provided by the Kinect SDK are available for the depth and IR
modalities. These files are differentiated by a postfix: _raw for raw data and _tr for transformed data. Both depth
and IR images are stored as 16-bit single-channel images. For the thermal (LWIR) modality, multiple representations
are provided:

• Raw 16-bit images (_lwir16)

• 24-bit fixed colour encoded images (_lwir)

• 8-bit normalised grayscale images (_lwir8dyn)

The encoded LWIR images are included for convenience, as they can be derived from the raw data.
The aligned and cropped dataset is generated by selecting a subset from the raw data, since the raw data includes
additional unlabeled images, and renaming these selected images sequentially, starting from 1, to ensure consistent
filenames across all modalities captured simultaneously. The processed data are organised into the following folders:

• ANNO_CLASS
• ANNO_INST
• ANNO_VIS_CLASS
• ANNO_VIS_INST

• D
• D_Focus
• D_Focus960N
• D16

• I
• I16
• META
• RGB1

• RGB2
• RGB3
• RGB4
• RGB5
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• RGB6
• RGB7
• RGB8

• T8
• T16
• T24

• U1
• U8
• U9

It is worth noting that while the RGB and UV folders are named according to their corresponding light setting, the
thermal, IR, and depth folders are distinguished by their encoding type. The folders prefixed with ANNO_VIS_ contain
colour-coded class and object instance labels for visualisation purposes, whereas the actual annotations are stored
in ANNO_CLASS and ANNO_INST. To avoid unnecessary duplication, we refrained from creating redundant copies of
modalities common across multiple lighting configurations. For example, depth, thermal, and infrared data, which
remain constant across RGB captures under different illumination settings (RGB1, RGB2, etc.), are provided only once.
Researchers wishing to train on multiple or all lighting configurations will thus need to pair the shared depth, thermal,
or IR data explicitly with each RGB setting. This pairing can be readily implemented through custom data loader
scripts tailored to specific network architectures, or by restructuring the dataset into the desired format as needed.

3.9.2 Images

(a) RGB1 (b) RGB2 (c) RGB3 (d) RGB4 (e) RGB5 (f) RGB6

(g) RGB7 (h) RGB8 (i) D (j) DF980N (k) IR (l) T8

(m) T24 (n) U1 (o) U8 (p) U9 (q) AI (r) AC

Figure 3.9: Set of images from the dataset.

Figure 3.9 displays the same scene captured under eight different light settings, as described in Subsection 3.5.1.
The figure includes eight RGB images (RGB1 through RGB8) that illustrate the effects of varying illumination
alongside a depth image (D), a processed depth image (DF980N) and an infrared image (IR). It also shows two thermal
encodings (T8 and T24) and three UV images (U1, U8, and U9). Additionally, the annotation images, for object
instance (AI) and class (AC) labels, are provided to demonstrate the corresponding ground truth. These images offer
a comprehensive view of the scene and underscore the diverse conditions captured in the MM5 dataset.

3.9.3 Thermal Raw Data

The thermal raw data are stored as 16-bit unsigned integers, representing temperature measurements in a scaled
format. To convert the raw data into degrees Celsius, the raw data are first scaled to Kelvin by dividing by 64 and then
converted to Celsius by subtracting 273.15 as per the formula below:

TCelsius = Traw

64 − 273.15, (3.1)

where Traw is the 16-bit raw thermal value. This formula directly interprets the sensor data in standard temperature
units.
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3.9.4 Thermal 8-bit Data

This version of the thermal image is generated using a multi-stage adaptive tone-mapping algorithm designed to
produce a visually optimised 8-bit output. The process begins by dynamically suppressing intensity outliers based
on histogram percentiles. Subsequently, the remaining pixel values are stretched to maximise the dynamic range,
followed by an adaptive gamma correction that non-linearly enhances detail in regions corresponding to the lower end
of the frame’s temperature range. The final enhanced 16-bit data is then normalised to an 8-bit representation, yielding
an image with pronounced thermal contrast suitable for qualitative analysis.

3.9.5 Thermal 24-bit Data

The thermal 24-bit data in the MM5 dataset is produced by applying our novel DTMRE algorithm for static
colour mapping to the raw temperature values. This mapping utilises a predefined gradient of distinct colours, each
corresponding to specific temperature intervals. For further details, please refer to Section 3.10.1.

3.9.6 Depth Raw Data

The raw depth data are stored in millimetres. Each 16-bit integer value represents the distance from the sensor to
objects in the scene, providing high-precision measurements suitable for further processing and analysis.

3.9.7 Depth 8-bit Data

For convenience, we provide an 8-bit normalised depth image without inpainting. A zero-initialised 8-bit array is
first prepared to store the final normalised depth values. Next, all non-zero pixels from the original 16-bit data are
scaled into the 0–255 range using a min-max normalisation, thus preserving the relative distribution of valid depth
measurements. The zero or invalid pixels remain untouched, retaining their values in the 8-bit representation. This
process yields a visually consistent depth image highlighting contrasts among valid regions.

3.9.8 Depth Focused 8-bit Data

This variant of the depth image is produced by applying our novel ADMRE algorithm for the adaptive compression
strategy detailed in Section 3.10.2, resulting in an 8-bit representation that preserves fine detail where depth variation
is most pronounced. Non-essential regions are compressed at lower resolution, reducing noise and enhancing focus
on critical structures. Consequently, the final 8-bit output provides a compact yet detailed view of salient depth
information.

3.9.9 Depth Focused 24-bit Data

The same ADMRE 3.10.2 algorithm as for the 8-bit focused data is used, but with an additional step that packs
the data in a 24-bit format. The first two channels store the quantised depth values, while the third channel encodes
the computed surface normals, allowing a visual representation of both geometry and spatial orientation. This
approach offers a more complete scene depiction, combining depth-focused compression with local angular detail for
downstream tasks.

3.9.10 Meta Data

During image capture, relevant metadata is recorded and stored in several files for subsequent analysis and
annotation. The following files are generated:

• label_mapping (.json/.csv): Provides a complete mapping from class labels to IDs, where each ID
corresponds to a pixel value in the annotated images.

• label_instances.json: Contains mappings between images, classes, instances, label names, and Label
Studio IDs.

• classes.txt: A list of all classes, sorted by their corresponding IDs.
• dataset_meta.csv: A comprehensive list of all dataset files with their associated labels and challenges.
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• filename (.json/.csv): Stores all metadata associated with each image file, including the IMU data from
the Kinect sensor.

Semantically, this metadata file encapsulates rich contextual information for each captured sample. The category
and subcategory fields provide hierarchical classification, with the first indicating a general class (e.g., Fruit) and
the latter a specific type (e.g., Mandarin). The challenge field documents the conditions under which the sample
was captured (such as real, rotten or good), which can be used to evaluate the robustness of the algorithm under varied
conditions. The green_screen flag denotes a green screen during capture, facilitating background segmentation. In
addition, the master_imu and subordinate_imu sections record inertial measurement data, providing information
on the orientation and motion of the sensor at the time of capture. The sequence number serves as a unique
identifier for each capture and is incorporated into the filenames of the raw data. In the aligned and cropped dataset,
this identifier is retained in the metadata file as a reference to the original capture sequence, thereby preserving the
connection between the raw and processed files even after renaming. Collectively, these elements define the semantics
of the dataset, enabling comprehensive multimodal analysis and supporting advanced sensor fusion techniques.

3.9.11 Labels

In the MM5 dataset, semantic annotations are provided at the pixel level using two distinct labelling schemes:
class labelling and object instance labelling. In the class labelling scheme, each pixel value directly corresponds to
a specific class defined in the file classes.txt, ensuring consistency with the predefined category list. In contrast,
object instance labelling assigns a unique pixel value to each object instance within a given class, thereby enabling the
differentiation of multiple objects of the same class.

Figures 3.9r and 3.9q illustrate these two approaches. The former, AC (Annotation Class), displays the class labels,
while the latter, AI (Annotation Instance), shows the object instance labels. This dual annotation strategy conforms to
standard practices in semantic and instance segmentation that are exemplified by widely used datasets such as PASCAL
VOC [66], MS COCO [67], and NYU [23], as well as by segmentation methods such as Mask R-CNN [68]. This
approach facilitates both class-level analysis and object-level detection.

3.9.12 Classes

Currently, the dataset comprises 14 top-level classes and a total of 32 labelled classes across 324 scenes, as
detailed in Table 3.2. Ongoing efforts will continue to expand the dataset by incorporating additional scenes, videos,
and annotated classes in future releases.

Table 3.2: Label Distribution Table

Class Total Frames Subclass
Lemon 80 Good, Bad, Fake, Half
Mirror 29
Bowl 26
Mandarin 57 Good, Bad, Fake, Half, Peel
Kettle 8
Cup 61 Hot, Cold
Onion Red 21
Onion 21
Grapes Green 42 Good, Bad, Fake
Grapes Blue 32 Good, Bad, Fake
Apple 32 Good, Fake
Apple Green 56 Good, Bad, Fake
Pear 30 Good, Bad
Carrot 30 Good, Fake

The chart in Figure 3.10 illustrates the total class distribution, highlighting the relative frequency of each class variant
within the total frames that encompass the class.
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Figure 3.10: Distribution of unique label occurrences. Percentages shown in parentheses represent the frequency of
subclass occurrences (e.g., good, bad, fake) among all class occurrences. Due to mixed-scene acquisitions, subclasses
may co-occur together within a single frame.

3.9.13 Calibration Data

We provide calibration data stored in YAML files as part of the dataset. These files contain essential parameters
including intrinsic camera matrices (CM1 and CM2), distortion coefficients (D1 and D2), the rotation matrix (R) and
translation vector (T), as well as the essential (E) and fundamental (F) matrices. In addition, the files include the
rectification transforms (R1 and R2), the projection matrices (P1 and P2), and the Q matrix for reprojection. This data
is provided in the following files:

• def_stereocalib_THERM.yml
• def_stereocalib_UV.yml
• def_thermalcam_ori.yml
• def_uvcam_ori.yml
• def_stereocalib_cam.yml

The YAML calibration files def_stereocalib_THERM.yml and def_stereocalib_UV.yml contain the calibration
results for the thermal and UV cameras relative to the left RGB camera. The file def_stereocalib_cam.yml
provides the calibration data to align the right and left Kinect sensors, enabling accurate stereo image alignment and
depth data fusion. The calibration files with the _ori suffix (def_thermalcam_ori.yml and def_uvcam_ori.yml)
represent the data obtained using the original resolutions of the cameras to calculate lens distortion. The images used
to obtain the calibration data are provided in the calibration subfolder. This comprehensive calibration information
facilitates reproducibility and enables other researchers to apply or develop their own calibration algorithms.

3.10 Data Pre-Processing
In the MM5 dataset, we provide the raw data for thermal and depth modalities, both stored in a single channel

16-bit format. Preprocessing techniques are applied to enhance these modalities for subsequent visual analysis. Depth
data are refined using our novel range-based detail enhancement algorithm, ADMRE, and the raw thermal data is
converted into a consistent 24-bit colour image via a novel static colour mapping approach, DTMRE, enhancing
thermal resolution for the temperature ranges of most interest.

3.10.1 Processing Thermal Data With DTMRE

The proposed 24-bit thermal data representation in the MM5 dataset applies a static colour mapping to raw
temperature values, thereby addressing long-standing issues of inconsistent contrast that arise in dynamically adjusted
schemes [38, 39]. Specifically, a predefined gradient is segmented into multiple intervals and populated via linear
interpolation at each step. This gradient, spanning 2455 distinct colours, transitions through a series of perceptually
distinct hues (e.g. black to teal, teal to purple), ensuring that temperature distinctions remain visually salient, resulting
in a refined palette that conveys subtle temperature cues. The raw thermal readings are first translated into degrees
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Celsius by applying Equation 3.1. The temperature scale is then divided into segments of varying resolution: a fine-
grained core interval (for example, 14°C to 30°C), surrounded by broader segments for higher or lower temperatures
(e.g. 30°C to 40°C, 40°C to 100°C, and 0°C to 14°C). A piecewise linear function determines the appropriate index for
a given temperature, ensuring that out-of-bounds values are clamped. By returning the colour at the computed index,
this scheme produces a stable 24-bit representation that faithfully captures pixel-wise thermal variation. Table 3.3
outlines the primary colour transitions used by this method.

(a) MM5_541_1_lwir (b) MM5_539_1_lwir (c) VDT2048_26 (d) VDT2048_18

Figure 3.11: Comparison of 24-bit thermal image representations. Images (a) and (b) show MM5’s DTMRE method,
while images (c) and (d) depict images from the VDT2048 dataset processed with automatic gain control (AGC) and
a colour scheme. Images (a) and (c) show hot objects, whereas images (b) and (d) represent cold objects.

This static mapping method overcomes the shortcomings of Automatic Gain Control (AGC) algorithms, which convert
raw 16-bit data (0–65,535) into 8-bit images (0–255), compressing the data and reducing detail. Although AGC
algorithms enhance contrast and brightness to emphasise contextual details [69], their dynamic adjustments can lead
to inconsistent representations between frames. In contrast, our novel DTMRE method preserves environmental
features regardless of object temperature. Figure 3.11 shows two sets of thermal images: images a and c depict a hot
object, while images b and d represent cold objects. In the dynamic range images taken from the VDT2048 dataset [33]
(images c and d), noticeable variations in the appearance of the background and table are observed despite no actual
changes, whereas our DTMRE processing maintains a stable visual representation. Even with a cup of boiling water
in the frame, the minute temperature differences of the fruit in the bowl are visible. This consistency is crucial for the
reliable processing of thermal data in form of visual information. It should be noted that slight variations in the thermal
output may occur over time and during non-uniformity correction (NUC) procedures for uncooled thermal cameras,
potentially introducing minor discrepancies in the measured values and, consequently, in the visual appearance of the
images. The consistency provided by the DTMRE encoding is crucial when detecting minute temperature differences,
such as those between rotten and good fruits. The complete pseudocode for the DTMRE algorithm is provided in

Table 3.3: Defined primary colour transitions used in our DTMRE demonstration.

Colour Transition Index Range Colour Transition Index Range Colour Transition Index Range
Black to Purple 0 – 130 Aquamarine to Cyan 851 – 977 Dark Orange to Dark Red 1683 – 1782
Purple to Navy 131 – 180 Cyan to Green 978 – 1232 Dark Red to Red 1783 – 1837
Navy to Deep Blue 181 – 207 Green to Lime Green 1233 – 1424 Red to Magenta 1838 – 2092
Deep Blue to Blue 208 – 323 Lime Green to Gold 1425 – 1487 Magenta to Rose 2093 – 2200
Blue to Grey 324 – 523 Gold to Yellow 1488 – 1527 Rose to Light Pink 2201 – 2285
Grey to Teal 524 – 723 Yellow to Orange 1528 – 1617 Light Pink to White 2286 – 2435
Teal to Aquamarine 724 – 850 Orange to Dark Orange 1618 – 1682

Section 3.B.

Evaluation

To evaluate the performance of the T8 (normalised 8-bit thermal image 3.9.4) and T24 (24-bit DTMRE processed
thermal image) representations, we process the full 324 scenes from the MM5 dataset. The training and evaluation
images are defined in the files list_train_f.txt and list_eval_f.txt, respectively. We utilised a CMX model [70], a
SegFormer-based segmentation network, and only used low-light (RGB1) images as supplementary input. This design
ensures that thermal data remains the dominant source of information for segmentation. We have trained each model



3.10. DATA PRE-PROCESSING 74

from scratch for 500 epochs on the MiT-B0 backbone, and the final segmentation metrics are summarised in Table 3.4.
Detailed class-level results can be found in Table 3.7.
To provide a comprehensive benchmark, we compare our methods against several established contrast enhancement
techniques. We implemented Contrast Limited Adaptive Histogram Equalisation (CLAHE) using the standard OpenCV
library function, which performs localised histogram equalisation to improve detail [71]. A clahe_clip_limit of 30.0
and a clahe_tile_grid_size of (24, 24) were used. For Plateau Histogram Equalisation (PHE), we implemented the
algorithm by clipping the image histogram at a plateau level of 10 before applying equalisation, a method known
to control noise amplification [72]. Finally, we included Multi-Scale Retinex (MSR), implemented using a standard
three-scale configuration with Gaussian surround functions to enhance dynamic range and colour constancy. The
sigma scales for the three Gaussian paths were set to 15, 80, and 250, respectively [73].
The quantitative evaluation, summarised in Table 3.4 and detailed in Table 3.7, demonstrates that the proposed 24-bit
DTMRE thermal representation (T24) consistently outperforms both the normalised 8-bit thermal image (T8) and
the established contrast enhancement methods PHE, CLAHE, and MSR. Specifically, T24 achieves the highest mean
Intersection over Union (79.08%) and mean pixel accuracy (86.67%), surpassing MSR and T8, which attain a mean
IoU of 72.67% and 72.29% and a mean pixel accuracy of 82.93% and 81.94% respectively. Among the traditional
methods, Multi-Scale Retinex (MSR) performs best with a mean IoU of 72.67%, followed by CLAHE (69.12%)
and PHE (60.52%). Notably, T24 provides marked improvements in challenging classes such as Mandarin Peel and
Pear Bad, indicating its superior ability to preserve thermal details critical for segmentation accuracy. These results
highlight the effectiveness of the DTMRE encoding in enhancing thermal image quality for robust multimodal fusion,
particularly under low-light conditions where thermal cues are essential.
To facilitate equitable comparison between the algorithms, we also report the Mean Rank for each method [74]. Within
each class, algorithms are ranked according to their performance, with rank 1 assigned to the best performing method,
and ties receiving an average rank. The mean rank of each algorithm is then calculated as the average of its class-wise
ranks, offering an interpretable, class-balanced summary of comparative performance across the full class set.

Table 3.4: Performance of Thermal Image Preprocessing. A comparison of our proposed DTMRE method (T24)
against established baseline algorithms (PHE, CLAHE, MSR) and our normalised (T8) image. Metrics include Intersection
over Union (IoU), Pixel Accuracy (Acc), and Mean Rank, with IoU and Acc reported as percentages (%).

PHE CLAHE MSR T8 T24

Mean IoU 60.52 69.12 72.67 72.29 79.08
Freq IoU 98.62 98.76 99.02 99.05 99.23
Mean Pixel Acc 73.34 80.76 82.93 81.94 86.67
Pixel Acc 99.18 99.29 99.44 99.45 99.58

Mean Rank 4.42 3.55 2.80 2.73 1.50

3.10.2 Processing Depth Data With ADMRE

In the MM5 dataset, depth information is captured using a Time-of-Flight (ToF) sensor, which intrinsically provides
high-fidelity range measurements with millimetre resolution. Over a distance of approximately 3 metres, these sensors
generate up to 3000 discrete depth values, increasing further for longer ranges. Although such fine granularity is
beneficial for applications such as object detection and segmentation [49, 52], directly storing and processing 16-bit
depth data can be computationally expensive and memory-intensive. A common practice is to convert depth values
into an 8-bit format for efficiency and visualisation. However, this uniform quantisation compresses essential structural
details, often degrading the accuracy of downstream vision tasks [53]. To address these limitations, we propose a novel
adaptive method that allocates a higher effective depth resolution to regions that exhibit significant depth variations
while assigning reduced resolution to homogeneous areas. This concept of directing compression resources to salient
parts of the scene aligns with other regions of interest strategies [60]. However, our approach uses data-driven kernel
density estimation (KDE) [75, 76] to identify the most critical depth intervals. For this a KDE of the of the density
distribution is computed, revealing prominent peaks corresponding to depth ranges in which notable variation occurs.
For platforms where real-time performance is critical and full KDE evaluation is too slow, an alternative approximation
can be employed by computing a histogram with a reduced number of bins and then smoothing it using a Gaussian
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filter. This approach yields a similar density estimate with significantly lower computational cost, enabling faster peak
detection.
Although producing an 8-bit grayscale representation is often convenient for compatibility with standard image
pipelines, it remains limited by the 255 discrete values available for encoding depth. To mitigate this constraint, we
extended the algorithm to support a 24-bit depth representation in which the red and green channels jointly store
up to 980 distinct depth values, leaving the blue channel available for encoding additional data. This design is
partly inspired by colourisation methods [50], though our specific use of multiple channels ensures finer control over
resolution. Crucially, the increased capacity allows surface normals—computed directly from the final depth map—to
be saved as pixel intensities, thus facilitating a compact yet interpretable encoding of scene geometry. Storing normals
has been shown to improve depth-based object detection performance, as it highlights critical shape and orientation
cues [57].

(a) (b) (c)

Figure 3.12: (a) Normalised 8-bit image, (b) focused 8-bit image, and (c) Pixel-wise absolute difference between
ADMRE processed and normalised image.

In general, this hierarchical focus strategy enables an efficient and informative compression of ToF depth data. By
adaptively assigning resolution according to local depth variability rather than applying a uniform quantisation scheme,
the method preserves key structural information paramount for object detection, scene segmentation, and other high-
level tasks. The two-tier design (8-bit vs 24-bit output) allows users to trade-off between universal compatibility and
high-resolution detail, illustrating the framework’s flexibility. As such, the proposed pipeline addresses the known
trade-off between resource constraints and preservation of local detail in ToF depth data [54, 58], offering an efficient,
data-driven alternative to conventional compression and encoding methods.
The complete pseudocode for the ADMRE algorithm is provided in Section 3.C.

Evaluation

Figure 3.12 compares normalised 3.12a and 8-bit ADMRE-processed 3.12b depth representations of an example
scene. A detailed close-up of an object of interest (grapes) in this scene is shown in Figures 3.13a and 3.13b,
highlighting two specific regions (marked in green and red) selected for pixel intensity measurement. In addition to
these processed representations, intensity values were recorded from equalised and raw depth data as well. These
measurements are summarised in Table 3.5. Furthermore, Figure 3.12c visualises the absolute pixel-value differences
between the normalised and ADMRE-processed images, emphasising pronounced deviations within the detected peak
region.
The results demonstrate a value difference of 33 in the raw data, corresponding to a distance of 33 mm. In the
ADMRE processed image, there are 30 values for this region, whereas in the normalised image, we obtained only 14
values. Additionally, the histogram’s equalisation yielded a mere seven value difference. These effects amplify with
the distances present in a frame, as a more pronounced initial value range results in a greater compression of values
during the normalisation or equalisation process. We evaluated the effectiveness of our approach using CMX with
a Segformer-B0 backbone, a state-of-the-art vision transformer framework for segmentation, trained from scratch on
324 scenes of the MM5 dataset for 250 epochs. The training and evaluation images are defined in the files list_-
train_f.txt and list_eval_f.txt, respectively. Table 3.6 summarises the mean IoU per method (%) for the three
variants: standard depth (D), depth focus (DF), and depth focus with 980 discrete levels plus normals (DF980N) as
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(a) (b)

Figure 3.13: (a) Zoomed-in normalised 8-bit image, and
(b) zoomed-in focused 8-bit image of grapes.

Table 3.5: Comparison of ADMRE processed (P), nor-
malised (N), equalized (E), and raw (R) intensity data in
the indicated green (G) and red (R) area of the images in
Figure 3.12(c) and (d).

G R Difference Resolution
P 187 157 30 1.1 mm
N 96 82 14 2.4 mm
E 96 89 7 4.7 mm
R 738 704 33 1 mm

well as HHA encoded depth. The full class-level results can be found in the appendix in Table 3.9. Since the network
only has access to visual and geometric cues, discriminating among defective (bad), plastic (fake), and (good) produce
classes poses a significant challenge due to the similarity of the objects in shape and colour.

Table 3.6: Overall mean IoU (%) for each depth encoding method combined with RGB3, along with summary metrics
and estimated processing time per image (ms) for 640×480 resolution. DF980N achieves both superior segmentation
accuracy and significantly lower computational cost compared to HHA.

Metric D DF HHA DF980N
(%) (%) (%) (%)

Mean IoU 70.66 71.97 72.02 76.33
Freq IoU 99.14 99.17 99.16 99.27
Mean Pixel Acc 81.32 80.53 81.59 84.37
Pixel Acc 99.48 99.51 99.50 99.57

Mean Rank 2.95 2.72 2.70 1.62

processing time (ms) 0 23 250-500 25

Despite these inherent difficulties, the results in Table 3.6 indicate that DF and DF980N outperform the baseline D in
terms of mean IoU, frequency-weighted IoU, and pixel-level accuracy. Importantly, DF and DF980N can be computed
in approximately 25ms per image, whereas HHA encoding is substantially slower, requiring over 500ms per 640×480
image with the original method and still around 260ms even with a recent optimised implementation [77]. We attribute
the observed segmentation improvements to the selective preservation of fine-grained depth details in salient image
regions. In contrast, normalised 8-bit depth often fails to capture subtle curvature and spatial variation crucial for
distinguishing nuanced object classes [53]. By dedicating higher resolution to areas with strong depth gradients while
simultaneously allowing coarser encoding in low-variation zones, our approach helps minimise quantisation artefacts
like contour banding or edge distortion that degrade downstream performance [55, 60]. These findings align with
previous research on region-based compression and saliency-driven encoding [49], confirming that refined geometric
features can significantly enhance scene segmentation [57]. More importantly, they demonstrate that curated depth
encoding can serve as a decisive factor in differentiating between visually similar categories, thus validating the key
design goals of our proposed method.

3.11 Challenges and Future Work
Despite the significant advantages offered by the MM5 dataset, several challenges remain, presenting opportunities

for further research and development.

• Multimodal Sensor Calibration and Alignment: Although comprehensive calibration procedures have been
implemented to align RGB, depth, thermal, ultraviolet (UV), and near-infrared (NIR) sensors, misalignments
can still occur due to lens distortions, differences in fields of view (FoV), and parallax effects. More robust
calibration and alignment methods, potentially aided by deep learning, could further mitigate alignment errors,
compensate for parallax-induced discrepancies, and ensure consistent feature fusion across modalities.
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• Reflective Surfaces and Missing Data: Scenes containing mirrors, metallic objects, or liquids can result in
regions of missing or invalid depth data due to reflections or sensor interference. Although these scenarios
are realistic and highlight the importance of robust data preprocessing, the resulting missing or noisy depth
data remains a significant challenge. Future studies could focus on advanced hole-filling strategies or deep
learning-based inpainting methods that retain cues about reflective surfaces.

• Thermal Consistency Under Varying Conditions: The 24-bit static thermal mapping in MM5 counters the
dynamic nature of AGC algorithms, but uncooled cameras can still exhibit measurement fluctuations and drifts,
especially during extended operation or pronounced environmental changes. Non-uniformity correction (NUC)
processes may also introduce subtle shifts or discontinuities over time. Future work could investigate techniques
to minimise these effects, enabling stable thermal representations and ensuring reliable pixel-wise temperature
measurements under variable conditions.

• Large-Scale Data and Real-Time Fusion: Although MM5 includes diverse objects, lighting conditions, and
sensor modalities, further expanding the dataset with extensive indoor and outdoor scenes would enhance
its benchmarking capabilities. Many real-time applications, such as robotics and AR/VR, require efficient
on-device multimodal data fusion. Future studies could focus on developing fusion pipelines optimised for
real-time processing in resource-constrained environments.

• Annotated Multimodal Datasets with Complex Tasks: The current version of MM5 supplies aligned and
unaligned annotations suited to segmentation, object detection, and classification tasks. However, more advanced
challenges remain. For instance, spatio-temporal action recognition would require temporal annotations and
sequences of frames across modalities. At the same time, 3D reconstruction and material classification would
require correspondingly richer labels detailing structure and surface properties. Extending the dataset with
these additional annotations and establishing benchmarks that span multiple tasks would enable researchers to
investigate modality-specific effects more thoroughly and advance the development of robust fusion techniques
that leverage the complementary strengths of each sensor modality.

By addressing these technical and methodological challenges, future investigations can expand the value of MM5
beyond its current scope. Although replicating the sensor configuration may be non-trivial, the dataset and its
accompanying resources are designed to foster new calibration, preprocessing, and fusion techniques that exploit the
complementary advantages of multiple spectral channels. These efforts, in turn, will continue to drive progress in
multimodal computer vision research and applications.

3.12 Conclusion
We have introduced the MM5 dataset, a comprehensive multimodal imaging resource that integrates RGB, depth,

thermal, ultraviolet, and near-infrared modalities. Although variations in fields of view can introduce parallax effects
that limit perfect alignment outside the central overlap region, thorough sensor calibration and alignment mitigate
these discrepancies for most of the crucial, labelled areas. Additionally, MM5 offers raw 16-bit data for depth and
thermal measurements, allowing researchers to investigate sophisticated preprocessing and data fusion techniques that
leverage unique spectral information across modalities. To further enhance usability, we developed novel algorithms
for thermal colour encoding, depth focus compression, and multimodal annotation remapping, addressing critical
challenges such as consistent temperature representation, adaptive depth resolution, and flexible automated label
generation. Our preliminary experiments with a transformer-based segmentation network illustrate the potential for
improved performance when leveraging MM5’s data and preprocessing techniques. By addressing these technical and
methodological challenges, future investigations can expand the value of MM5 beyond its current scope. Although
replicating the sensor configuration may not be trivial, the dataset and its accompanying resources are designed to
foster new calibration, preprocessing, and fusion techniques that exploit the complementary advantages of multiple
spectral channels. These efforts, in turn, will continue to drive progress in multimodal computer vision research and
applications.
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Data Availability
The MM5 dataset introduced in this paper is publicly available under the following Figshare links: (1) Raw data

https://figshare.com/ndownloader/files/55555451, (2) Aligned and cropped data https://figshare.
com/ndownloader/files/55555457, (3) Label Studio annotations https://figshare.com/ndownloader/files/
55555424, and (4) Calibration images https://figshare.com/ndownloader/files/55555421. Additional re-
sources, code examples, and updates are available via the project repository: https://github.com/martinbrennernz/
MM5-Dataset.
If you use this dataset in your research, please cite both this paper and the dataset DOI [12], for example:

M. Brenner, N. Reyes, T. Susnjak, and A. Barczak (2025). MM5: Multimodal Image Dataset. Figshare.
Dataset. https://doi.org/10.6084/m9.figshare.28722164

https://figshare.com/ndownloader/files/55555451
https://figshare.com/ndownloader/files/55555457
https://figshare.com/ndownloader/files/55555457
https://figshare.com/ndownloader/files/55555424
https://figshare.com/ndownloader/files/55555424
https://figshare.com/ndownloader/files/55555421
https://github.com/martinbrennernz/MM5-Dataset
https://github.com/martinbrennernz/MM5-Dataset
https://doi.org/10.6084/m9.figshare.28722164
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3.A Labelling Process

3.A.1 Labelling Process Overview
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3.A.2 Labelling and Post-Processing: Label Studio

To facilitate the annotation process, we utilised Label Studio, an open-source data labelling platform designed
for multimodal annotation tasks [78]. Label Studio provides a flexible web-based interface that supports various
annotation types, including image segmentation, classification, and object detection. The platform’s ability to handle
custom labelling workflows made it well suited for our multimodal dataset, where labels initially created for the RGB
images are later reprojected onto the thermal and UV modalities. One of the primary advantages of using Label
Studio is its compatibility with deep learning-assisted annotation. To enhance the efficiency and accuracy of the
annotation process, we integrated Meta’s Segment Anything Model (SAM) [79] to help label RGB images. SAM
is a powerful image segmentation model that enables automatic region selection, significantly reducing the manual
effort required to annotate complex scenes. By leveraging SAM within Label Studio, we streamlined the annotation
pipeline, improving consistency and minimising human-induced errors. In a first step, RGB images were set up for
annotation, and later projects were configured for the thermal and UV modalities by copying the RGB configuration.
When the RGB labels are reprojected onto the thermal and UV images using transformation matrices obtained from
the multimodal calibration process, the resulting labels are created in those target projects. Label Studio provided
several key benefits in the annotation and dataset management workflow for MM5: it offered a web-based interface
that enabled efficient collaborative annotation across multiple modalities, facilitating streamlined data labelling; it
supported deep learning models by integrating with segmentation models such as SAM to pre-label data, significantly
reducing manual annotation effort; it allowed multimodal compatibility for handling RGB, thermal, and UV images
within a unified framework, ensuring consistency of annotation across different sensor outputs; it featured export
options in JSON and COCO formats, facilitating seamless integration into the downstream processing pipeline; and it
offered a Python SDK [80] integration that supported automated project setup, replicate configurations, and extracted
metadata, with export/import functionality allowing calculated UV and thermal labels to be re-imported for iterative
refinement. By incorporating Label Studio into our annotation workflow, we established a scalable and efficient
framework to generate a high-quality labelled dataset across multiple imaging modalities, ensuring that the labelled
data remain consistent, well organised, and aligned for subsequent multimodal analysis.

3.A.3 Multimodal Image Alignment and Processing

Aligning multimodal images involves rectifying and registering data from different sensors to ensure spatial
consistency across all modalities. This section describes the pipeline used to generate accurately aligned images
from the RGB, depth, thermal, and ultraviolet (UV) captures by applying camera calibration parameters and the
re-projection of labels onto the original, distorted thermal and UV modalities. The process begins with loading
the camera calibration parameters, where the intrinsic and extrinsic parameters of each sensor are retrieved from the
calibration files. Next, the RGB annotations on class and instance levels are exported from Label Studio. Subsequently,
the captured RGB, thermal, UV, depth, and infrared (IR) images are read into the processing pipeline. Distortion
correction is then applied to thermal and UV images using the camera’s intrinsic parameters, after which thermal
and UV images are aligned to the RGB coordinate system using projection transformation matrices. Additional
postprocessing transformations are applied to correct minor misalignments caused by field-of-view differences based
on the depth of labelled objects. Finally, the pipeline produces cropped and full-resolution aligned outputs for further
processing. A flow diagram summarising these steps is shown in Figure 3.14, providing an overview of the entire
multimodal image alignment process. The following subsections detail the methods used for Image Rectification and
Alignment, the Processing Pipeline Algorithm, and the MAR: Multimodal Annotation Remapping Algorithm.

Image Rectification and Alignment

Since each sensor possesses different fields of view (FOVs), resolutions, and intrinsic distortions, a calibration step
is required to ensure proper alignment. The intrinsic parameters (focal length and optical centre) define the pinhole
camera model for each sensor, while the extrinsic parameters describe the transformations relating each camera.
Thermal and UV images are first rectified to correct lens distortions, then projected into the RGB coordinate space
using transformation matrices derived from calibration using OpenCV’s [62] stereoRectify. At a high level, this
process involves loading the relevant calibration parameters and performing rectification. Then we align the rectified
thermal and UV image to the RGB frame, where a rotation adjustment is applied. A final refinement step adjusts
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positioning. This approach ensures that thermal and UV modalities are spatially consistent with the RGB reference,
enabling accurate downstream processing and annotation consistency across the modalities.

3.B DTMRE Implementation

3.B.1 Detailed Evaluation Results

Table 3.7: Per-class mean Intersection over Union (IoU, %) for thermal preprocessing methods including Plateau
Histogram Equalization (PHE), Contrast Limited Adaptive Histogram Equalization (CLAHE), Multi-Scale Retinex
(MSR), MM5 normalised 8-bit thermal images (T8), and the proposed 24-bit DTMRE processed thermal images (T24),
evaluated in combination with RGB1 dim light images. In addition to per-class IoU values, the table also reports
mean pixel accuracy and the mean rank of each method across all classes, providing a comprehensive comparison of
segmentation performance and ranking consistency over the full MM5 evaluation dataset.

PHE CLAHE MSR T8 T24
Background 99.61 99.61 99.71 99.71 99.75
Lemon 61.05 60.76 61.22 60.51 72.06
Lemon Bad 43.61 45.24 50.83 44.77 63.89
Lemon Fake 69.01 74.37 78.01 80.92 84.65
Mirror 97.89 95.55 98.07 98.21 98.63
Bowl 84.80 87.55 89.20 90.42 89.10
Mandarin 72.77 74.55 75.96 75.58 76.74
Mandarin Bad 37.64 38.07 39.62 32.29 44.04
Mandarin Fake 84.08 84.90 81.32 84.85 84.02
Kettle 88.97 89.59 89.07 92.39 95.29
Lemon Half 51.70 51.53 56.44 52.55 70.91
Mandarin Half 64.97 69.64 68.02 61.54 70.13
Mandarin Peel 50.70 57.93 44.87 50.11 67.66
Cup Hot 92.14 92.20 93.69 93.23 93.84
Onion Red 79.86 78.45 81.16 86.21 89.33
Onion 90.56 88.83 90.01 92.69 93.66
Grapes Green 55.89 72.38 55.95 56.63 69.17
Grapes Green Bad 30.66 56.70 81.35 82.18 82.33
Grapes Green Fake 39.21 39.97 53.65 48.94 70.05
Grapes Blue Fake 28.35 44.23 68.44 41.72 83.19
Grapes Blue 18.15 48.87 50.93 13.98 65.44
Grapes Blue Bad 62.80 80.75 85.66 87.58 87.69
Apple 25.35 70.07 71.09 89.62 90.08
Apple Fake 66.53 72.91 75.04 90.36 89.96
Apple Green 39.14 66.63 80.77 89.62 82.12
Apple Green Bad 33.87 55.90 61.96 67.57 57.87
Apple Green Fake 71.89 74.68 80.97 77.58 83.34
Cup Cold 87.35 85.47 81.23 87.20 85.91
Pear 34.88 42.83 49.30 58.78 53.68
Pear Bad 3.41 32.05 51.42 47.39 56.33
Carrot 84.47 89.75 88.91 88.39 90.07
Carrot Fake 85.26 89.70 91.57 89.63 89.62
Mean IoU 60.52 69.12 72.67 72.29 79.08
Freq IoU 98.62 98.76 99.02 99.05 99.23
Mean Pixel Acc 73.34 80.76 82.93 81.94 86.67
Pixel Acc 99.18 99.29 99.44 99.45 99.58
Mean Rank 4.42 3.55 2.80 2.73 1.50
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3.B.2 DTMRE Algorithm

Algorithm 2 DTMRE: Deterministic Thermal Multi-Resolution Encoding
1: Inputs: data_array – 16-bit thermal raw data
2: Output: data_array – 24-bit processed thermal data with 3 colour channels

3: function ConvertThermalData(data_array) ▷ data_array is 16-bit thermal sensor output
4: Ensure data_array is of type np.uint16

5: Convert raw values to Celsius: tempCelsiusArray← data_array
64.0 − 273.15

6: (Optional) Clamp tempCelsiusArray to an application-specific temperature range (e.g. −50 to 150), noting that the choice of bounds
may vary depending on the intended use case.

7: Flatten tempCelsiusArray to obtain a 1D list
8: Map each temperature value t to RGB via GetTemperatureColor(t)
9: Reshape the resulting list back to (height, width, 3)

10: Return the final 24-bit RGB image
11: end function
12: function GetTemperatureColor(tempCelsius) ▷ Maps temperature in ◦C to an RGB triplet
13: f0max ← 3, f0res ← 0.01, f1idx ← 400, f1min ← 14, f1max ← 30, f1res ← 0.0051

14: f2max ← 40, f2res ← 0.02, f3max ← 100, f3res ← 0.06, fminres ← 0.1, index← 01

15: if f1min ≤ tempCelsius < f1max then
16: index← f1idx +

⌊ tempCelsius− f1min

f1res

⌋
17: else if f1max ≤ tempCelsius ≤ f2max then

18: rangeInF1←
⌊ (f1max − f1min)

f1res

⌋
19: index← f1idx + rangeInF1 +

⌊ tempCelsius− f1max

f2res

⌋
20: else if f2max < tempCelsius ≤ f3max then
21: rangeInF1←

⌊
f1max − f1min

f1res

⌋
, rangeInF2←

⌊
f2max − f1max

f2res

⌋
22: index← f1idx + rangeInF1 + rangeInF2 +

⌊ tempCelsius− f2max

f3res

⌋
23: else if tempCelsius > f3max then
24: rangeInF1←

⌊
f1max − f1min

f1res

⌋
, rangeInF2←

⌊
f2max − f1max

f2res

⌋
, rangeInF3←

⌊
f3max − f2max

f3res

⌋
25: index← f1idx + rangeInF1 + rangeInF2 + rangeInF3 +

⌊ tempCelsius− f3max

fminres

⌋
26: else if tempCelsius ≥ f0max ∧ tempCelsius < f1min then
27: index← f1idx −

⌊
f1min − tempCelsius

f0res

⌋
28: else tempCelsius < f0max

29: stepBelowF1min←
⌊

f1min − f0max

f0res

⌋
, index← f1idx − stepBelowF1min−

⌊
f0max − tempCelsius

fminres

⌋
30: end if

31: return

[0, 0, 0] if index < 0,

[255, 255, 255] if index ≥
∣∣Gradient

∣∣,
Gradient[index] otherwise.

32: end function

1These parameters define the ranges and resolutions for the temperature-to-index mapping and can be set to match specific requirements.
f1idx anchors f1min to a particular index position.
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3.C ADMRE Implementation

3.C.1 Processing Steps

Figure 3.15: Raw data histogram, X axis with depth in mm and Y
axis the pixel distribution with the KDE peak detection plotted in
red.

Figure 3.16: RGB image of partially rotten
green grapes.

Each detected peak is characterised by a width parameter, indicating the extent of significant depth variation, as
demonstrated by the KDE-based peak detection in Figure3.15. Regions identified within these peak ranges are
compressed using a finer resolution, whereas out-of-focus (OOF) areas, defined as regions closer or further than
a specified focal window, are quantised more coarsely. Similarly, intervals between the identified peaks and the
OOF regions ("gaps") undergo compression at a reduced resolution. This hierarchical approach prioritises depth
detail around the most salient portions of the scene. Table3.8 details the region detection outcomes corresponding
to Figure3.15, applying compression factors of 10 for outer regions (depth values below 500 and above 900), 3
for the gap regions, and 1 for the peak regions. The object of interest, in this case, partially rotten green grapes
visible in the corresponding RGB image (Figure3.16), is centred around peak_712. By merging these individually
compressed segments into a unified depth map and subsequently normalising the result, the algorithm effectively
preserves critical spatial detail without incurring the computational overhead associated with uniformly high-resolution
representations [55]. For visual comparison between standard normalisation and the ADMRE-processed result,
Figure 3.13 shows a close-up of the grapes.

Table 3.8: Segmentation showing start/end indices and the number of unique values.

Region Start End Unique Values Compressed
oof_near 493 499 7 1
gap_1 500 509 10 4
peak_570 510 630 121 121
gap_2 631 691 61 21
peak_712 692 732 41 41
gap_3 733 803 71 24
peak_824 804 844 41 41
peak_854 845 874 30 30
gap_5 875 899 25 9
oof_far 900 1143 244 25
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3.C.2 Detailed Evaluation Results

Table 3.9: Per-class mean IoU (%) for each depth encoding method combined with RGB3, along with summary metrics
and estimated processing time per image (ms) for 640×480 resolution. DF980N achieves both superior segmentation
accuracy and significantly lower computational cost compared to HHA.

Class D DF HHA DF980N
(%) (%) (%) (%)

Lemon 59.10 60.70 56.56 61.45
Lemon Bad 39.54 41.22 49.34 40.11
Lemon Fake 6.37 9.47 10.82 13.02
Mirror 98.56 98.72 98.77 98.97
Bowl 91.24 91.72 91.20 91.53
Mandarin 76.83 71.70 81.81 78.81
Mandarin Bad 43.83 36.72 66.29 49.54
Mandarin Fake 82.29 64.80 79.40 80.53
Kettle 93.27 92.09 94.07 94.03
Lemon Half 41.60 38.30 35.02 48.75
Mandarin Half 53.84 61.31 72.87 70.11
Mandarin Peel 47.26 50.47 38.60 64.40
Cup Hot 23.31 40.62 38.63 45.69
Onion Red 92.77 86.24 96.10 93.49
Onion 96.92 96.71 97.10 97.12
Grapes Green 83.85 90.28 89.12 82.83
Grapes Green Bad 62.43 85.84 82.52 62.59
Grapes Green Fake 89.08 89.47 60.36 90.64
Grapes Blue Fake 90.56 91.72 57.57 93.79
Grapes Blue 61.72 92.34 86.90 95.15
Grapes Blue Bad 68.66 92.83 90.88 94.94
Apple 78.13 70.80 84.40 72.57
Apple Fake 78.36 77.53 75.58 76.40
Apple Green 79.23 81.08 74.82 88.79
Apple Green Bad 75.18 57.77 66.17 74.86
Apple Green Fake 75.44 80.58 71.34 92.65
Cup Cold 42.72 46.17 43.48 43.71
Pear 78.70 68.66 74.11 90.08
Pear Bad 78.01 68.67 81.47 83.54
Carrot 90.49 89.43 89.79 90.70
Carrot Fake 81.90 79.08 69.62 82.01
Background 99.85 99.86 99.85 99.86

Mean IoU 70.66 71.97 72.02 76.33
Freq IoU 99.14 99.17 99.16 99.27
Mean Pixel Acc 81.32 80.53 81.59 84.37
Pixel Acc 99.48 99.51 99.50 99.57

Mean Rank 2.95 2.72 2.70 1.62

processing time (ms) 0 23 250-500 25
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3.C.3 ADMRE Algorithm
Algorithm 3 ADMRE: Adaptive Depth Multi-Resolution Encoding
1: Inputs:

raw_depth – 16-bit depth image
min_focus, max_focus – Minimum and maximum focus boundaries
min_width, max_width – Minimum and maximum peak widths for density peaks
res_oof_near, res_oof_far, res_gap, res_focus – Compression resolutions
num_peaks – Maximum number of dominant peaks to consider
num_channels – Output format: 1-channel (grayscale) or 2-channel (24-bit)

2: Output:
compressed_depth – Processed depth image with one of the following formats:
8-bit grayscale (single-channel)
24-bit (two-channel) encoded representation

3: function DepthFocus(raw_depth)
4: Clean depth image:
5: Remove NaN and zero values.
6: (Optional) Remove outliers if ol_threshold > 0. ▷ Remove depth values with an occurrence count not higher than threshold
7: Compute KDE [75, 76] over non-zero depth values:
8: Adjust kernel bandwidth, e.g. bw_method = 0.2.
9: Find peaks (p1, p2, . . . , pnum_peaks) in the probability density function, along with their widths.

10: Classify regions in depth map:
11: OOF near: depth < min_focus.
12: OOF far: depth > max_focus.
13: Peak regions: for each peak pi, retain depth within pi ± widthi.
14: Gaps: intervals between OOF or peak regions.
15: Compress depth:
16: OOF near→ resolution = res_oof_near.
17: OOF far→ resolution = res_oof_far.
18: Gaps→ resolution = res_gap.
19: Peaks→ resolution = res_focus.
20: Apply CompressDepthWithResolution( . . . ) to each region accordingly.
21: Merge regions into final depth map:
22: Combine the compressed values for OOF, peak, and gap segments.
23: Normalise and convert to desired output:
24: if num_channels = 1 then:
25: Scale to 0–255 for an 8-bit grayscale image.
26: else if num_channels = 2 then :
27: Quantise to 0–979 range.
28: Map each quantised value to colour lookup (e.g., red, green channels).
29: Preserve blue channel for additional features (e.g., surface normals).
30: end if
31: Optionally compute surface normals:
32: Derive normals from final depth map.
33: Encode normals as pixel values (in blue channel or separate buffer).
34: return compressed_depth
35: end function
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3.D MAR Implementation

3.D.1 Inverse Mapping

In the forward mapping, for each pixel at coordinates (x, y) in the source image of dimensions w×h, the mapping
yields target coordinates (mx(x, y),my(x, y)), where:

xn = x− cx

fx
, yn = y − cy

fy
, (3.2)

and (cx, cy), fx, and fy are elements of the camera’s intrinsic parameters. Although this normalisation is part of the
re-distortion process, we consider only the mapping arrays, map_x and map_y, indicating the new pixel positions after
distortion correction. The goal is to obtain an inverse mapping (ix, iy) such that, for a target pixel (u, v), if there exists
a source pixel (x, y) with:

mx(x, y) ≈ u and my(x, y) ≈ v, (3.3)

then:
ix(u, v) = x and iy(u, v) = y. (3.4)

The algorithm iterates over each pixel (x, y) in the source image, and for each, it assigns:

ix
(
mx(x, y),my(x, y)

)
= x, iy

(
mx(x, y),my(x, y)

)
= y, (3.5)

provided that the target coordinates (mx(x, y),my(x, y)) fall within the bounds of the image. When multiple source
pixels map to the same target coordinate, the first encountered mapping is retained. Since the forward mapping is
not necessarily bijective, some target pixels may not receive any assignment due to duplication or omission in the
forward process. The inverse map initially contains gaps (denoted by a placeholder value, e.g., −1). These gaps are
subsequently filled using a nearest neighbour expansion method to ensure a complete inverse map, which is essential
for discrete label maps and reduces the need for manual correction. This method provides a practical, approximate
inversion of the forward mapping, allowing us to recover source image coordinates from the target image.

3.D.2 Re-distortion

The re-distortion is implemented as follows: initially, pixel coordinates (x, y) are converted into normalised image
coordinates (xn, yn) using the camera’s intrinsic parameters. This is identical to the inverse mapping, since the
mapping process also includes a distortion correction. Therefore, Equation 3.2 is applied, where fx and fy are the
focal lengths, and (cx, cy) is the principal point. The radial distance is then computed by

r2 = x2
n + y2

n. (3.6)

A customised distortion model is applied to the normalised coordinates with separate asymmetry adjustments for each
axis:

xd = xn

(
1 + αx k1 r

3 + αx k2 r
4
)
, (3.7)

yd = yn

(
1 + αy k1 r

3 + αy k2 r
4
)
, (3.8)

where αx and αy (x_factor and y_factor) are manually determined scale factors for axis-specific distortion limits,
empirically set through experimentation, and k1 and k2 are the distortion coefficients derived from camera calibration.
The distorted normalised coordinates are then converted back to pixel coordinates:

xfinal = xd fx + cx, yfinal = yd fy + cy. (3.9)

This mapping is applied across the image to produce the re-distorted image using the interpolation function cv2.remap.
This formulation, which employs higher-order terms (r3 and r4) alongside the adjustable factors αx and αy, offers
increased flexibility for modelling complex, non-linear distortion, particularly when the distortion is not purely radial.
As a result, it effectively reverses any prior distortion introduced by alignment or calibration steps, restoring the
original spatial distribution of pixels.
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3.D.3 Depth Correction

Depth information is incorporated to refine the remapping. For each mapped object, the average depth is computed
from the corresponding aligned depth map. This average depth value is then used to calculate correction factors that
account for differences in the field of view (FOV) between the sensors, placing the labels more accurately in the target
modalities. Figure 3.8a and Figure 3.8b provide a visual comparison of the annotations before and after applying the
depth-based correction, demonstrating the enhanced alignment accuracy achieved by this approach.

3.D.4 Edge-Guided Random Walker Refinement

Finally, we optimise the labels by applying a random walker segmentation by first detecting edges using the
Canny algorithm [64]. The detected edges are added to the seed area, and the initial RGB annotation is dilated by
a factor (derived from the annotation map size) to define a maximum growth area. Subsequently, the annotation
is eroded to create a consistent seed map. A Random Walker [63, 65] algorithm expands each seed region based
on pixel characteristics specific to the target modality, more accurately delineating object boundaries. Figure 3.8c
illustrates these seed and growth regions while Figure 3.8d shows the result. For scenes containing multiple objects,
we first identify all object seed regions, excluding overlapping or occluded areas from one another’s growth domain
to avoid growing into other objects in low contrast scenarios. Additionally, we compute the average pixel intensity
within both seed and growth areas to dynamically adjust random walker parameters, improving results across varied
contrast conditions. This method performs well in scenes with sufficient contrast in the thermal or UV data, though its
effectiveness may be limited in very low contrast conditions. Despite the geometric transformations and optional depth-
based adjustments described, exact label alignment remains challenging when objects exhibit overlapping, complex
geometries or when cameras capture significantly different viewing angles. Consequently, refinement methods such
as random-walker-driven segmentation or advanced machine-learning techniques like the Segment Anything Model
(SAM) [79] become essential for generating sufficiently accurate automated annotations. In our workflow, we
integrated the SAM refinements within Label Studio using its SDK [80] and python, enabling us to automatically
compute bounding boxes for each object and invoke SAM on a backend server to dynamically produce auto-annotations
based on size, position, and class name. Although this approach can be adopted without Label Studio, the platform’s
flexibility and support for external models facilitated efficient iterative improvements to our automated labelling
pipeline. In scenarios where SAM or similar segmentation models are employed, the random walker step may be
omitted.
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Table 3.10: Comparison of generated MAR labels against manually corrected thermal and UV labels (Mean IoU and
Pixel Accuracy, %).

Thermal UV
Class IoU (%) PixelAcc (%) IoU (%) PixelAcc (%)

Apple 89.94 93.31 87.31 90.67
Apple Fake 87.65 91.10 87.26 90.72
Apple Green 87.59 91.44 83.34 88.04
Apple Green Bad 86.39 87.80 83.59 88.93
Apple Green Fake 88.21 91.80 87.24 91.70
Bowl 85.51 88.60 77.23 83.07
Carrot 84.21 92.45 76.11 87.43
Carrot Fake 63.80 83.26 60.12 78.39
Cup Cold 89.78 81.45 73.10 78.59
Cup Hot 84.37 90.83 84.52 91.00
Grapes Blue 87.47 88.52 86.42 90.32
Grapes Blue Bad 87.95 89.64 90.05 91.81
Grapes Blue Fake 87.08 87.65 83.51 87.31
Grapes Green 88.25 91.48 81.18 87.68
Grapes Green Bad 85.37 86.72 81.02 86.09
Grapes Green Fake 86.66 89.67 79.88 86.24
Kettle 80.35 86.13 74.19 83.56
Lemon 85.27 90.70 81.32 87.30
Lemon Bad 86.55 91.44 80.14 84.48
Lemon Fake 84.51 91.33 79.02 86.20
Lemon Half 86.14 91.91 84.73 88.75
Mandarin 85.43 92.47 83.23 89.53
Mandarin Bad 83.11 92.30 76.95 86.13
Mandarin Fake 87.78 91.82 87.06 92.26
Mandarin Half 82.98 88.94 85.61 90.00
Mandarin Peel 79.88 90.98 78.56 83.59
Mirror 87.18 98.18 86.50 94.54
Onion 87.67 90.93 88.82 93.43
Onion Red 86.69 91.00 86.78 92.44
Pear 76.63 86.19 82.04 88.18
Pear Bad 78.54 91.06 83.23 88.91

ALL 84.81 90.04 81.94 87.98
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3.D.5 Flowchart
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Figure 3.17: MAR Flowchart
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3.D.6 MAR Algorithm
Algorithm 4 MAR: Multimodal Annotation Remapping
1: Inputs:

rgb_image, rgb_anno – Original RGB image and corresponding label or instance mask
thermal_image_raw, uv_image_raw – Unprocessed thermal and UV images
camera_intrinsics (fx, fy, cx, cy) and extrinsics (R, T) for each modality
depth_map – (optional) Depth data aligned to the RGB image
canny_thresholds, random_walker_params – Parameters for edge detection and region-growing refinement

2: Output:
thermal_anno, uv_anno – Final labels on thermal and UV images

3: function ReverseMapAnnotations(rgb_anno, camera_intrinsics, extrinsics, depth_map) ▷ MAR pipeline
4: Derive or load map_x, map_y for forward mapping from RGB to target modality (e.g. thermal)
5: Initialize inv_map_x, inv_map_y with −1 ▷ Placeholder values for inverse map
6: for x ∈ [0, width_rgb], y ∈ [0, height_rgb] do
7: (t_x, t_y)←

(
map_x[x, y], map_y[x, y]

)
8: if (t_x, t_y) within target (thermal/UV) image bounds then
9: if inv_map_x[t_x, t_y] == −1 then

10: inv_map_x[t_x, t_y]← x; inv_map_y[t_x, t_y]← y
11: end if
12: end if
13: end for
14: FillGaps(inv_map_x, inv_map_y) ▷ Nearest-neighbor or similar to fill holes in inverse map
15: x_anno_remapped← Remap(inv_map_x, inv_map_y, rgb_anno) ▷ Applies inverse map
16: x_anno_distorted← ApplyReDistortion(x_anno_remapped, camera_intrinsics, distortionParams)
17: if depth_map is available then
18: x_anno_corrected← DepthCorrection(x_anno_distorted, depth_map)
19: else
20: x_anno_corrected← x_anno_distorted
21: end if
22: x_edges← CannyEdgeDetection(x_image_raw, canny_thresholds)
23: x_anno_final← RefineWithRandomWalker(x_anno_corrected, x_edges, random_walker_params)
24: Return x_anno_final
25: end function
26: function DepthCorrection(annotation, depth_map) ▷ Optional FOV scaling using average instance depth
27: for instance ∈ annotation do
28: avgDepth← ComputeAverageDepth(instance, depth_map)
29: scaleFactor← CalcFOVAdjustment(avgDepth, cameraParams)
30: instance← ScaleAnnotation(instance, scaleFactor)
31: end for
32: Return annotation
33: end function
34: function RefineWithRandomWalker(annotation, edges, params)
35: seedMask← Dilate(annotation, params.dilationFactor)
36: seedMask← Erode(seedMask, params.erosionFactor)
37: seedMask← seedMask + edges
38: refinedMask← RandomWalkerSegmentation(seedMask, edges, params)
39: Return refinedMask
40: end function
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Chapter 4

Encoder-Level Fusion for Semantic Segmenta-
tion

With the MM5 dataset and preprocessing tools established in Chapter 3, this chapter addresses the architectural chal-
lenge of efficiently fusing all five modalities. The systematic review (Chapter 2) highlighted the absence of real-time
transformer-based architectures for tri-modal or higher fusion, while MM5 provides the first benchmark enabling
such experimentation with RGB, depth, infrared intensity, thermal, and ultraviolet data. This chapter introduces
GatedFusion-Net, an encoder-level fusion architecture that integrates all five aligned modalities through stage-wise
geometric enhancement and per-pixel gating mechanisms. The architecture leverages MM5’s preprocessed depth
(ADMRE) and thermal (DTMRE) representations to achieve real-time performance while establishing reproducible
baselines. The failure analysis presented in this chapter subsequently motivates the decoder-level approach developed
in Chapter 5, as encoder gates are found to behave as static, lighting-specific weights that degrade substantially under
unexpected modality loss.

The contents of this chapter are reproduced from the following article:

Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2026). GatedFusion-Net: Per-pixel modality weighting in
a five-cue transformer for RGB-D-I-T-UV fusion. Information Fusion, 129, 103986.
https://doi.org/10.1016/j.inffus.2025.103986.

In accordance with Information Fusion’ open access policy, this material is published under the Creative Commons
Attribution 4.0 International Licence (CC BY 4.0). The version reproduced here is the unmodified published version
of record.

© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the terms of the Creative
Commons Attribution Licence. The licence permits use, sharing, adaptation, distribution, and reproduction in any
medium or format, including for commercial purposes, provided appropriate credit is given to the original authors
and the source, a link to the licence is provided, and any changes are indicated. To view a copy of this licence, visit
https://creativecommons.org/licenses/by/4.0/.

Reuse of third-party material included in the article may not be covered by this licence; where indicated by a credit
line, permission should be obtained from the rights holder for uses beyond those permitted. This reuse does not imply
endorsement by Elsevier or the authors’ institutions.
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4.1 Abstract
We introduce GatedFusion-Net (GF-Net), built on the SegFormer Transformer backbone, as the first architecture

to unify RGB, depth (D), infrared intensity (I), thermal (T ), and ultraviolet (UV ) imagery for dense semantic
segmentation on the MM5 dataset. GF-Net departs from the CMX baseline via: (1) stage-wise RGB–intensity–depth
enhancement that injects geometrically aligned D, I cues at each encoder stage, together with surface normals
(N ), improving illumination invariance without adding parameters; (2) per-pixel sigmoid gating, where independent
Sigmoid Gate blocks learn spatial confidence masks for T and UV and add their contributions to the RGB+DIN
base, trimming computational cost while preserving accuracy; and (3) modality-wise normalisation using per-stream
statistics computed on MM5 to stabilise training and balance cross-cue influence. An ablation study reveals that
the five-modality configuration (RGB+DIN+T+UV) achieves a peak mean IoU of 88.3%, with the UV channel
contributing a 1.7-percentage-point gain under optimal lighting (RGB3). Under challenging illumination, it maintains
comparable performance, indicating complementary but situational value. Modality-ablation experiments reveal
strong sensitivity: removing RGB, T , DIN , or UV yields relative mean IoU reductions of 83.4%, 63.3%, 56.5%,
and 30.1%, respectively. Sigmoid-Gate fusion behaves primarily as static, lighting-dependent weighting rather than
adapting to sensor loss. Throughput on an RTX 3090 with a MiT-B0 backbone is real-time: 640 × 480 at 74 fps
for RGB+DIN+T, 55 fps for RGB+DIN+T+UV, and 41 fps with five gated streams. These results establish the first
RGB–D–I–T–UV segmentation baselines on MM5 and show that per-pixel sigmoid gating is a lightweight, effective
alternative to heavier attention-based fusion.

4.2 Introduction
Robust semantic segmentation in service robotics and automated inspection demands tolerance to challenging

conditions such as poor illumination, specularities, and spectral camouflage. While conventional RGB sensing falters
in these scenarios, complementary sensors can mitigate specific weaknesses: depth provides geometry independent of
colour, thermal imaging highlights heat-emitting regions, infrared intensity broadens the dynamic range, and ultraviolet
(UV) reveals surface fluorescence [1]. For example, household robots tasked with kitchen assistance must distinguish
genuine fruit and vegetables from replicas or synthetic models, and, under variable lighting, recognise rotting or
spoiled produce, while agricultural inspection systems in packing lines require reliable detection of bruising, lesions
or ripeness defects on farm produce. Exploiting this sensor heterogeneity thus promises finer delineation of objects
and enhanced reliability across domestic, industrial and agricultural contexts. However, the effective integration
of numerous data streams within a single neural network remains a significant hurdle. For instance, in the MM5
corpus, three of the five streams originate from a factory-calibrated RGB-D sensor. In contrast, the thermal and UV
cameras possess different resolutions and fields of view. Early data-level fusion approaches, which concatenate raw
modality channels, are often brittle and typically necessitate perfect registration of the modalities. Consequently, recent
research has focused on introducing explicit alignment or attention modules to rectify cross-modal discrepancies [2, 3].
Although transformer frameworks like CMX [2] can rectify bimodal features online, their extension to four or more
aligned inputs has not yet been demonstrated. Furthermore, the diagnostic value of each cue varies across an image:
depth perception is unreliable for thin structures, thermal saturation can occur under direct sunlight, and the utility of
365 nm UV in produce inspection remains uncertain. Existing fusion architectures often presuppose perfectly aligned
RGB-D or RGB-T inputs [4] or delegate calibration to a preprocessing stage [5]. When more modalities are involved,
mid-level attention-based fusion can become computationally intensive and susceptible to low-quality features [6, 7].
To address these challenges, we propose a transformer architecture that extends CMX to accommodate four or more
modalities through three key design choices. Firstly, we implement Stage-Wise Intensity Fusion (SWIF) enhancement:
geometrically paired depth (D) and infrared intensity (I) are merged at the data level and enriched with surface normals.
The resultant intensity map reweights RGB features before any cross-modal interaction, yielding a texture-geometry
backbone that is both compact and illumination-invariant. Secondly, we adopt the learnable Feature-Rectify module
from CMX to align the thermal (T) and UV streams within each encoder stage, thereby obviating the need for
external warping. Thirdly, we replace Feature Fusion Modules with per-pixel sigmoid gating, allowing thermal and
UV contributions to be modulated by spatially varying confidence masks rather than global channel attention, which
suppresses noise where a modality is uninformative. All inputs undergo modality-wise normalisation, computed over
the MM5 dataset, to equalise dynamic ranges, a feature absent in the original CMX. Ablation experiments (Table 4.6
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and 4.7) confirm that the proposed network establishes the first reproducible benchmark on MM5; across diverse indoor
lighting conditions the four-modality combination of RGB, depth, intensity, and thermal imagery already captures the
dominant information, while the inclusion of UV yields only modest average gains yet markedly improves some of
the bad and fake subclasses, sharpening the separation of rotten or replica fruit from genuine produce. In addition,
we conduct an extensive failure analysis that demonstrates the architecture’s robustness during standard operations
with a 99.7% pixel accuracy rate. However, it also highlights weaknesses when sensors degrade. The findings reveal
that the gating mechanism focuses on static lighting-dependent strategies rather than dynamic fusion, offering clear
recommendations for future enhancements in architectural design.

4.2.1 Key Contributions

The primary contributions presented in this paper are:

1. The first transformer-based segmentation architecture that integrates RGB, depth, infrared intensity, thermal, and
ultraviolet modalities through a novel staged fusion framework, enabling effective multi-sensor fusion within a
unified, real-time capable model.

2. A dual-stage encoder incorporating (i) stage-wise RGB–intensity-depth enhancement, (ii) modality-wise nor-
malisation for training stability and balanced feature scaling, and (iii) pixel-level sigmoid gating that performs
learnt, content-conditioned weighting of auxiliary modalities without relying on heavy attention mechanisms.

3. A comprehensive evaluation establishing the inaugural RGB-D-I-T-UV baseline on the challenging MM5 dataset,
demonstrating state-of-the-art accuracy and robustness across varied lighting conditions.

4. An ablation study investigating the specific contribution of ultraviolet cues, providing the first empirical evidence
regarding their complementary value relative to high-quality RGB-D-I-T data under realistic and adverse lighting
scenarios.

5. A systematic comparative analysis of fusion strategies, including early (data-level) fusion, feature-level fu-
sion, stage-wise enhancement, per-pixel gating, and channel-wise cross-modal attention-based fusion (FFM),
quantifying their comparative strengths and robustness for multimodal feature integration.

4.3 Related Work
Multimodal fusion of RGB, depth and thermal cues has proven effective for robust perception under adverse

conditions. A recent review by Brenner et al. [8] highlights that combining geometric and thermal signatures with
colour appearance overcomes limitations of single-sensor systems, but progress was hindered by a lack of large,
aligned 3-modal datasets. The VDT-2048 corpus [9], with its spatially registered RGB-D-T frames and the HWSI
fusion scheme, marked a turning point for saliency detection, though its use of 8-bit depth and auto-gain thermal
images limits low-level fusion research. Early CNN-based triple-modality networks fused separate backbones via
attention or concatenation. Wen et al. proposed a hierarchical two-stage fusion for RGB-D-T saliency, first predicting
modality-specific maps, then refining across streams [10]. Song et al.’s MFDF-Net achieved over 120 fps with only
8.9 M parameters by asymmetrically fusing MobileNetV2 encoders and dedicated CME/CMF modules [6]. TMNet
extended this by introducing dense cross-modal interaction units atop a VGG-16 backbone, reaching state-of-the-art
accuracy at 5.9 fps on 353×352 inputs [11]. Bao et al.’s QSF-Net addressed sensor unreliability with a quality-aware
gating mechanism, adaptively downweighting noisy depth or thermal regions and achieving 11.2 fps on 384×384
inputs [7]. The advent of transformers has enabled more unified fusion. Qiu et al.’s ETFormer replaces multiple
CNN streams with a single transformer encoder pretrained on a large synthetic RGB-D-T dataset, and a multimodal
multi-head attention block, delivering richer long-range interactions and about 35 fps on 224×224 inputs [3]. Huang
et al. further generalised this concept with their Modality Switch Network, which uses learnt modality tokens and a
dynamic fusion transformer to accept any combination of RGB, depth and thermal inputs within one model, achieving
flexible saliency mapping at roughly 18 fps on 224×224 inputs [5]. In summary, the past three years have witnessed
rapid advances in multimodal fusion, which integrates three or more sensing channels, particularly RGB, depth, and
thermal infrared. Early studies validated the value of triple-modality data through new datasets and CNN-based fusion
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Table 4.1: Comparison of Multimodal Fusion Methods

Method Modalities Stage Mechanism Input Size Real-Time Dataset
Ozcan & Cetin (2022) [12] RGB, D, T Early Alignment + stacking 640 × 480/320 × 240 Yes (≈50 fps) own
HWSI-Net (2022) [9] RGB, D, T Mid Multi-attention 352 × 352 No (≈3.6 fps) VDT-2048
MFDF-Net (2023) [6] RGB, D, T Mid Feature-diff fusion 320 × 320 Yes (124 fps) VDT-2048
TMNet (2024) [11] RGB, D, T Mid Interaction units + Attention 352 × 352 No (≈6 fps) VDT-2048
QSF-Net (2024) [7] RGB, D, T Multi Quality-aware fusion 384 × 384 No (11.16 fps) VDT-2048
ETFormer (2024) [3] RGB, D, T Mid Transformer attention 224 × 224 Yes (≈35 fps) VDT-2048
AM-SOD (2024) [5] 1-3 (extensible) Mid Dynamic fusion 224 × 224 No (≈18 fps for 3 mods) AM-XD
GF-Net MiT-B0 (2025) (Ours) RGB, D, I, T, UV Early/Mid Staged fusion 640 × 480/320 × 240 Yes (55/91 fps) MM5

models [8, 9, 10], while more recent works utilise transformer-based encoders and quality-aware weighting to achieve
state-of-the-art accuracy with improved efficiency [11, 7, 3]. Yet the community still lacks benchmarks for fusion
methods beyond RGB-D or RGB-T pairs and RGB-D-T triplets. The MM5 dataset [1, 13] begins to address this gap by
providing extensive raw and preprocessed imagery alongside both aligned and unaligned annotations, thereby enabling
comprehensive evaluation of multimodal fusion strategies. Building on these foundations, our work proposes a novel
hierarchical fusion framework that explicitly leverages the complementary strengths of five aligned modalities (RGB,
depth, infrared intensity, thermal, and ultraviolet) to deliver accurate segmentation at real-time rates in complex visual
scenes. Table 4.1 summarises representative multimodal fusion networks.
These recent advances, together with the emergence of MM5, motivate a set of unresolved research questions that
underpin the present work:

• How can transformer-based architectures be adapted to effectively integrate more than three aligned modalities,
including RGB, depth, intensity, thermal, and ultraviolet, within a unified framework?

• Can a generalisable and computationally efficient architecture be established as a strong baseline for MM5,
enabling fair comparison and future development of multimodal fusion networks?

• To what degree does including ultraviolet cues improve segmentation performance under realistic, variable
lighting, or do they remain redundant when high-quality RGB-D-I-T data is available?

• What is the impact of early versus feature fusion strategies, and to what extent does stage-wise enhancement of
geometric cues (D+I) improve segmentation over gated or attention-based fusion?

• How does per-pixel, content-adaptive gating compare to channel-wise cross-modal fusion (FFM) for robustly
integrating multimodal features, particularly in the presence of noise and redundancy?

In the following sections, we detail our proposed method, which is designed to address these questions systematically.

4.4 MM5 Dataset
The MM5 dataset [1] was designed to address key limitations in existing multimodal benchmarks, which often lack

sufficient modality diversity, raw sensor fidelity, and raw data annotations. MM5 systematically integrates five core
imaging modalities, RGB, depth (D), thermal (T), ultraviolet (UV), and near-infrared (NIR) in a unified acquisition
and annotation framework. The acquisition platform is built from off-the-shelf RGB-D components, supplemented
with thermal and UV sensors. Each scene is captured under diverse lighting conditions (shadows, dim lighting,
overexposure) and includes a broad range of real and replica produce, as well as partially decayed items, ensuring
that each modality provides unique and sometimes complementary cues. Crucially, MM5 preserves raw 16-bit
depth and thermal data, enabling advanced preprocessing and denoising studies beyond the limitations of 8-bit AGC
images. The dataset provides both aligned and unaligned annotations, promoting flexibility in method development.
Initial experiments using a transformer-based segmentation network on MM5 demonstrate that modality-specific
preprocessing significantly improves segmentation accuracy for depth and thermal encoding.
A sample subset of images taken from the MM5 dataset, as used in later experiments, is shown in Figure 4.1. While the
dataset contains eight variants of RGB images, we have focused our experiments on the underexposed, well-exposed,
and overexposed images for clarity in investigating the fusion of additional modalities and their impact under these
lighting conditions.
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(a) Under-exposed
RGB(RGB1) (b) Ideal RGB(RGB3) (c) Over-exposed RGB(RGB5) (d) Ground truth mask

(e) Infrared intensity (f) Depth (g) Thermal (T24) (h) Ultraviolet (U8)

Figure 4.1: MM5 sample subset for frame 257

4.4.1 Training and Evaluation Data

Table 4.2 summarises the class-wise MM5 train-evaluation split, as specified by the files list_train_f.txt
and list_eval_f.txt included with the dataset. Except for a few sparsely represented categories, the protocol
maintains a broadly stratified allocation, with 75-80% of the images reserved for training and the remainder for
evaluation. This strategy maximises the amount of data available for optimisation while still providing a statistically
meaningful hold-out subset for each class. The class distribution nevertheless remains skewed in absolute terms. Core
fruit classes, such as Lemon and Mandarin, contribute upwards of one hundred labelled object instances (spanning
69 and 47 images, respectively), whereas others, such as Mandarin Peel and Kettle, are limited to a dozen or fewer
images. Mandarin Peel remains minimally represented, and its evaluation set comprises only three images. For some
underrepresented categories, the nominal 20-25% evaluation split is maintained, yet for others (e.g., Mirror), the ratio
is more markedly imbalanced due to the dataset’s mixed scenes. These structural irregularities highlight challenges
for model training and evaluation and suggest future opportunities for applying specialised mitigation strategies, such
as focal or class-balanced loss functions, synthetic data augmentation, or few-shot fine-tuning, to reduce bias towards
dominant classes. Similarly, classes with a modest number of images but high object occurrence (Carrot, Cup) reflect
densely annotated composite scenes, favouring models that can exploit contextual co-occurrence statistics. In contrast,
mechanical and container objects (Mirror, Kettle, Cup, Bowl) exhibit splits closely aligned with the intended 75-80%
guideline, providing robust validation sets despite their moderate frequency. For these classes, the primary challenge
is not sample scarcity, but rather visual heterogeneity across lighting and pose—challenges that the cross-modal data
capture strategy, particularly the depth and thermal modalities, is intended to mitigate. More broadly, the resulting class
distribution reflects a long-tail structure, with notable variability in frequencies and a persistent imbalance between
well-represented and rare categories. This composition encourages the development and evaluation of models that
are robust to class imbalance and capable of generalising across a spectrum of representation levels. The MM5 split
thus serves as a credible benchmark for multimodal fusion methods, supporting realistic performance assessment for
rare-class generalisation, calibration, and uncertainty estimation, and inviting future research into imbalance-aware
and few-shot learning paradigms.

4.5 Proposed Method
Our architecture leverages a dedicated stage-wise RGB + D + I fusion module, depicted in Figure 4.4, at each

encoder scale to enrich RGB features. Crucially, the Intensity and Depth cues (along with surface Normals) provided
to this module originate from our DIN modality. The DIN modality itself represents a data-level fusion, wherein
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Table 4.2: Per-class training-evaluation split for the MM5 dataset’s top level classes. Percentages are computed relative
to the total number of images per class.

Class Tot. Img. Tot. Occ. Train Eval Train % Eval %
Apple 26 26 20 6 76.9 23.1
Apple Fake 26 26 19 7 73.1 26.9
Apple Green 47 53 36 11 76.6 23.4
Apple Green Bad 21 36 16 5 76.2 23.8
Apple Green Fake 20 20 15 5 75.0 25.0
Bowl 26 26 20 6 76.9 23.1
Carrot 24 51 18 6 75.0 25.0
Carrot Fake 18 27 14 4 77.8 22.2
Cup Cold 58 58 45 13 77.6 22.4
Cup Hot 20 20 16 4 80.0 20.0
Grapes Blue 17 17 14 3 82.4 17.6
Grapes Blue Bad 15 15 11 4 73.3 26.7
Grapes Blue Fake 16 16 13 3 81.2 18.8
Grapes Green 27 27 20 7 74.1 25.9
Grapes Green Bad 18 18 15 3 83.3 16.7
Grapes Green Fake 18 18 14 4 77.8 22.2
Kettle 9 9 7 2 77.8 22.2
Lemon 69 133 43 16 62.3 23.2
Lemon Bad 40 81 31 9 77.5 22.5
Lemon Fake 33 33 25 8 75.8 24.2
Lemon Half 24 44 18 6 75.0 25.0
Mandarin 47 133 34 13 72.3 27.7
Mandarin Bad 32 54 27 5 84.4 15.6
Mandarin Fake 21 21 17 4 81.0 19.0
Mandarin Half 17 20 14 3 82.4 17.6
Mandarin Peel 12 12 9 3 75.0 25.0
Mirror 29 29 20 9 69.0 31.0
Onion 21 30 16 5 76.2 23.8
Onion Red 21 33 16 5 76.2 23.8
Pear 24 30 18 6 75.0 25.0
Pear Bad 18 24 14 4 77.8 22.2

depth (D) and infrared intensity (I) images are geometrically pre-aligned with the RGB image. Surface normals
(N), computed from the depth data, are included as a third channel, forming a compact D+I+N representation.
By injecting features derived from this DIN modality into the RGB pathway at each stage, the network introduces
complementary information related to surface structure (from D and N) and material properties (from I) early in the
feature hierarchy, ensuring spatial co-registration with the RGB data. This strategy not only enhances the robustness of
RGB features under challenging conditions, such as underexposure and overexposure, but also alleviates computational
and representational demands on subsequent fusion stages involving additional modalities, including Thermal (T24)
and UV. An overview of the overall architecture is depicted in Figure 4.2. The overall pipeline consists of: (i) a
MiT-based encoder with stage-wise RGB+DIN enhancement (Section 4.5.1), (ii) a data-level fusion stage forming
the DIN modality (Section 4.5.2), (iii) the SWIF module for gated cross-modal integration of Thermal and UV cues
(Section 4.5.3), and (iv) a lightweight MLP decoder for multi-scale feature aggregation and prediction (Section 4.5.6).
Thermal and UV modalities are integrated using learnable sigmoid gating mechanisms, inspired by established work
in both sequence modelling and multimodal fusion [14, 15, 16, 17, 18, 19, 20]. At each encoder stage k, the thermal
(T24) and ultraviolet (UV) streams are first registered to the RGB pathway by the CM-FRM module [2]. Following
feature extraction, patch embedding and transformer encoding, the aligned tensors F (k)

RGB+DIN, F (k)
T24, and F (k)

UV are
normalised and reshaped into spatial feature maps. Each auxiliary stream is processed by its own Sigmoid Gate
module, following concepts introduced in the Gated Multimodal Unit (GMU) [17] and the Multimodal Transfer
Module (MMTM) [19]. These modules consume the RGB+DIN base together with the aligned auxiliary feature
map and output a pixel-wise confidence mask via a sigmoid activation, learning to weigh the auxiliary modality’s
contribution dynamically, conditioned on local content. Multiplying these masks with their respective auxiliary feature
maps yields the gated contributions G(k)

T24 and G(k)
UV. The fused representation at each stage is thus given by:

F
(k)
fused = F

(k)
RGB+DIN +G

(k)
T24 +G

(k)
UV. (4.1)
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This gating-based fusion scheme contrasts earlier approaches that use simple concatenation or static summation
of features. Cheng et al. [18] pioneered a learnt gating approach for RGB-D semantic segmentation, in which
a gate adaptively modulates the contribution of depth features. Similarly, Guo et al. [21] introduced DGFNet,
applying dual gates to fuse spatially and semantically complementary information in land cover segmentation. Our
approach generalises this principle, extending it to multiple auxiliary modalities with pixel-wise dynamic weighting.
The theoretical foundations for gating originate from recurrent neural networks, notably the LSTM architecture by
Hochreiter and Schmidhuber [14], which introduced sigmoid-activated gates to control the flow of information over
time. This concept was extended to convolutional architectures by Dauphin et al. [15], who proposed Gated Linear
Units (GLUs), leveraging sigmoid gates for selective information flow in deep CNNs. Channel-wise gating, as used
in the Squeeze-and-Excitation (SE) module [16], brought adaptive recalibration of feature importance. In multimodal
fusion, Arevalo et al. [17] introduced the Gated Multimodal Unit for soft weighting between modalities, and Joze et
al. [19] proposed the Multimodal Transfer Module to facilitate learnable inter-modal transfer through gating. Most
recently, Balit and Chadli [20] demonstrated the value of gated fusion in visible-thermal semantic segmentation. Our
method integrates these advancements and, for the first time in a transformer-based segmentation architecture, applies
learnable sigmoid gating at every fusion stage to achieve robust, context-adaptive integration of diverse modalities.
By generating pixel-wise confidence masks conditioned on the primary RGB+DIN features, the network dynamically
modulates the influence of auxiliary cues such as thermal and UV, activating them only when their information is
contextually valuable. This fine-grained, stage-wise gating not only mitigates the propagation of modality-specific noise
or sensor artefacts but also ensures that the fused representation remains optimally informative across varying scenes
and conditions. As a result, the model demonstrates improved resilience to sensor failure and challenging imaging
scenarios, outperforming traditional static or attention-based fusion strategies in both reliability and segmentation
accuracy.
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Figure 4.2: Encoder-decoder pipeline with stage-wise gated multimodal fusion. For each stage, modality features are
linearly projected, concatenated across modalities, and passed through a lightweight gate generator to obtain per-pixel,
per-modality gates, softly normalised before fusion. The fused representation at each stage is mapped to a common
width, resized to quarter resolution, concatenated across stages, fused, and classified per pixel, followed by a final
upsampling to full resolution. Stages 2-4 repeat the Stage 1 pipeline at progressively coarser scales, as indicated by
the coloured "Layer 1" and "Layer k" blocks. See Equations (4.5)-(4.6) for the mathematical specification.

4.5.1 Encoder: Hierarchical MiT backbone with per-pixel gated multimodal fusion

We adopt a hierarchical Mix Transformer (MiT) backbone to encode each modality and produce four multi-scale
feature maps that are fused per stage by learnt, per-pixel gates. Let the modality set be M = {R,D, I,T,U} for RGB,
depth, near-infrared intensity, thermal, and ultraviolet, respectively. For an input resolution (H,W ), the MiT encoder
yields stage features at H

4 × W
4 , H

8 × W
8 , H

16 × W
16 , and H

32 × W
32 . We denote by X(k)

m ∈RB×Ck×Hk×Wk the stage-k feature
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for modalitym ∈ M, whereB is the batch size andCk is the channel dimension at stage k, with the stage-k feature for
modality m ∈ M, with (H1,W1) = (H

4 ,
W
4 ), (H2,W2) = (H

8 ,
W
8 ), (H3,W3) = ( H

16 ,
W
16 ), and (H4,W4) = ( H

32 ,
W
32 ).

Figure 4.2 illustrates the complete architecture, showing how the tensors X(k)
m are projected, gated, fused into F (k)

fused,
and routed to the decoder.

Modality-wise normalisation Before encoding, each modality is standardised per channel. Two variants are
considered: (i) default normalisation using ImageNet statistics, with mean [0.485,0.456,0.406] and standard deviation
[0.229,0.224,0.225] in the [0,1] range applied to all modalities, and (ii) specific normalisation, where dataset-wide
statistics are calculated separately for each channel of each modality. The latter ensures that channels with very
different native value ranges, for example thermal versus ultraviolet, are brought to a comparable numerical scale.
This stabilises optimisation and prevents the gating modules from responding merely to amplitude differences across
modalities rather than to informative content. Formally, we pre-compute a mean and a standard deviation for every
channel c of every modality m by aggregating all pixels from all images of that modality in the dataset:

µm,c = 1
Nm,c

Nm,c∑
p=1

x
(m,c)
p

255 , σm,c =

√√√√√ 1
Nm,c

Nm,c∑
p=1

(
x

(m,c)
p

255

)2

− µ 2
m,c, (4.2)

where Nm,c is the total number of pixels across all images for modality m and channel c. At training and inference
time, each incoming image channel, written as I(m,c) ∈ [0, 1] after division by 255, is standardised by subtracting the
corresponding dataset mean and dividing by the dataset standard deviation,

Ī(m,c) = I(m,c) − µm,c

σm,c + ε
, (4.3)

with a small constant ε added to avoid division by zero. In practice, the dataset statistics used in Equation (4.2) are
computed offline by a script that scans each modality folder, accumulates sums and sums of squares per channel, and
outputs the resulting µm,c and σm,c in the [0, 1] domain for direct use in the data loader. The empirical impact of
specific normalisation on optimisation stability and validation accuracy is analysed in Figure 4.8.
To evaluate the impact of normalisation schemes, we employ three deterministic seed-augmentation configurations for
controlled experiments. Each configuration is used for both normalisation schemes to enable direct comparisons. The
configurations are: Set 1 with scale 1.00, angle 0°; Set 2 with scale 0.95, angle +5°; and Set 3 with scale 1.05, angle
−5°. All three runs are trained for the same number of epochs with identical hyperparameters, differing only in the
random seed and augmentation parameters specified above. This setup enables us to compute the mean performance
with 95% confidence intervals and conduct matched statistical analysis between normalisation schemes. The empirical
results of this comparison are presented in Section 4.5.7.

Stage-wise projections For each stage k, the output feature map from each modality is aligned to a common channel
dimension Ck using a pointwise linear projection, implemented as a 1×1 convolution. This operation transforms the
channel dimension while preserving the spatial dimensions (Hk,Wk) unchanged:

X̂(k)
m = Lineark,m

(
C

(k)
m,in →Ck

)(
X(k)

m

)
, m ∈ M. (4.4)

where C(k)
m,in denotes the input channel dimension for modality m at stage k (which varies across modalities), and Ck

is the target common channel dimension for fusion at stage k as specified below.

Per-pixel sigmoid gating and fusion At each stage k, auxiliary modalities are integrated through independent
sigmoid gating. After the SWIF module produces F (k)

RGB+DIN (the RGB features enhanced with DIN), each auxiliary
modality undergoes individual processing. For thermal (T) and ultraviolet (UV) streams:

1. The CM-FRM module aligns each auxiliary modality to F (k)
RGB+DIN

2. Each aligned auxiliary modality passes through its own Sigmoid Gate module
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The Sigmoid Gate module for modalitym takes as input the concatenation of the base features and the aligned auxiliary
features:

G(k)
m = σ

(
ϕ(k)

m

(
Concat

(
F

(k)
RGB+DIN, F

(k)
m

)))
⊙ F (k)

m (4.5)

where ϕ(k)
m is a per-pixel MLP that produces a single-channel spatial attention map, and σ is the sigmoid activation.

The gated contributions from T and UV are then added to the base features:

F
(k)
fused = F

(k)
RGB+DIN +G

(k)
T +G

(k)
UV (4.6)

This per-pixel gating mechanism allows the network to adaptively weight each auxiliary modality’s contribution based
on local content, suppressing unreliable or uninformative signals where needed. Stages 2 through 4 repeat this pipeline
with stage-specific parameters. The set of fused features {F (k)

fused}4
k=1 from all four stages forms the multi-scale output

of the encoder and is forwarded to the decoder head described in Section 4.5.6.

Channel widths Unless otherwise noted, we adopt canonical MiT settings for the common fusion dimensions:
for MiT-B0, (C1, C2, C3, C4) = (32, 64, 160, 256); for MiT-B2, (C1, C2, C3, C4) = (64, 128, 320, 512). These
values determine the channel dimensions after projection: each X̂(k)

m ∈RB×Ck×Hk×Wk after the linear projection in
Equation 4.4, and consequently the fused outputs F (k)

fused ∈RB×Ck×Hk×Wk consumed by the decoder.

Mapping into the decoder Each fused stage output F (k)
fused has dimension Ck and spatial resolution (Hk,Wk) where

(H1,W1) = (H
4 ,

W
4 ), (H2,W2) = (H

8 ,
W
8 ), (H3,W3) = ( H

16 ,
W
16 ), and (H4,W4) = ( H

32 ,
W
32 ). Each is mapped

by a 1×1 layer to a common decoder width C and resized to H
4 × W

4 . The four resized tensors are concatenated

along channels to RB×4C× H
4 × W

4 , fused by a second 1×1 layer back to RB×C× H
4 × W

4 , and classified per pixel to

RB×Ncls× H
4 × W

4 . A final bilinear upsampling by ×4 produces Ŷ ∈ RB×Ncls×H×W .

4.5.2 Data-level Fusion

Depth-Intensity-Normal (DIN) Composite. We first fuse depth and infrared intensity at the data level by augmenting
the depth map with its associated surface normals as shown in Figure 4.3. This “DIN” composite, constructed from
the aligned depth, intensity, and normal channels, is injected into the encoder at each stage via a residual enhancement
block. The normals are derived from depth gradients and smoothed to ensure spatial coherence; the full preprocessing
pipeline is detailed in 4.B.1.

(a) Depth image (b) Infrared intensity (c) Surface normals (d) Merged DIN

Figure 4.3: Data-level Depth-Intensity-Normals fusion: (a) depth image, (b) infrared intensity image, (c) surface
normals computed from depth, (d) merged depth-intensity (DIN) representation.

4.5.3 Stage-Wise Intensity Fusion(SWIF)

In multimodal computer vision, effectively leveraging complementary cues from both colour and geometric
information is central to robust scene understanding, especially under challenging illumination conditions. While
RGB features provide rich semantic and appearance detail, they are inherently sensitive to lighting variation, shadows,
and saturation effects. In contrast, intensity and depth-derived features offer illumination-invariant cues about object
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Figure 4.4: SWIF (Stage-Wise Intensity Fusion) Module: The RGB and intensity feature maps are concatenated
channel-wise and passed through a three-layer convolutional fusion network, producing an enhancement which is
summed with the original RGB features via a residual connection to yield the stage-wise enhanced RGB representation.

boundaries and surface structure but may lack fine-grained textural information. Simply fusing these modalities at a late
network stage often limits the model’s ability to capture subtle, local correlations between colour, shape, and luminance.
To address this, we introduce a stage-wise RGB-DIN enhancement module, SWIF, that injects complementary intensity
and depth information directly into the RGB feature stream at every encoder depth. This early, spatially co-registered
fusion enables the network to learn meaningful interactions between modalities throughout the feature hierarchy,
resulting in enhanced feature representations that are both structurally aware and resilient to lighting artefacts. By
integrating these cues before high-level fusion or decoding, the network can emphasise illumination-invariant edges
and object boundaries within the learnt colour features, ultimately improving segmentation accuracy and convergence.
The processing steps executed by this module are outlined below, and an overview is presented in Figure 4.4. At stage
k, we denote the RGB and DIN feature tensors by

F
(k)
RGB ∈ RB×C×H×W , F

(k)
DIN ∈ RB×C×H×W , (4.7)

where B is batch size, C the channel count, and H,W the spatial dimensions. Concatenating the two maps along the
channel axis gives

X(k) =
[
F

(k)
RGB ; F (k)

DIN
]

∈ RB×2C×H×W , (4.8)

which is processed by a compact fully convolutional sub-network,

Φ(k) : RB×2C×H×W −→ RB×C×H×W . (4.9)

The sub-network comprises a 3×3 convolution that reduces channels from 2C toChid, followed by batch normalisation
and ReLU; a second 3 × 3 convolution that preserves Chid channels, again followed by batch normalisation and ReLU;
and a final 1 × 1 convolution that restores the width to C. The hidden width is

Chid = max
(
16, ⌊C · r⌋

)
, r = 0.5 by default. (4.10)

The enhancement generated at this depth is
E(k) = Φ(k)(X(k)), (4.11)

and the refined RGB+DIN base for subsequent fusion is obtained through a residual addition,

F
(k)
RGB+DIN = F

(k)
RGB + E(k). (4.12)

All convolution and normalisation layers are initialised with Kaiming [22] style schemes: convolutional kernels are
sampled from N

(
0,
√

2/fan_out
)
, while the scale parameters of the batch normalisation layers are set to one with

zero offset, ensuring stable end to end optimisation from the outset.

4.5.4 Auxiliary Modality Alignment

At each encoder stage, the thermal and ultraviolet feature maps are spatially registered to the main pathway
using the Cross-Modal Feature Rectification Module (CM-FRM) [2]. The CM-FRM, initially proposed in the CMX
architecture, rectifies each modality’s features by adaptively combining spatial and channel-wise information from both
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Figure 4.5: The CM-FRM (Cross-Modal Feature Rectification Module [2]) architecture, detailing its channel-wise
and spatial-wise feature refinement pathways for multimodal inputs.

the reference (here, RGB+DIN) and the auxiliary stream. In practice, CM-FRM leverages convolutional attention and
affine transformation to align features robustly, mitigating parallax and resolution differences between modalities [2].
Unlike classical parametric transformations, such as thin-plate spline (TPS) [23, 24] registration, which learns a global
warping function based on control points, the CM-FRM enables local, feature-level adaptation within the deep network
and is less susceptible to overfitting or producing artefacts when modality-specific distortions are present. An overview
of the module is shown in Figure 4.5.
While we evaluated TPS-based spatial transformers for feature alignment, we observed that the CM-FRM provided
superior performance in terms of both stability and segmentation accuracy on the MM5 dataset. The TPS approach,
although powerful for modelling smooth, global deformations, was less effective for local, fine-grained rectification.

4.5.5 Auxiliary Modality Fusion

The effective integration of auxiliary modalities with a primary data stream, such as RGB imagery, can significantly
enhance perception tasks by providing complementary information that is not always accessible in the visible spectrum.
For adaptive fusion, where the contributions of auxiliary sources are dynamically modulated based on the input context,
gated mechanisms are particularly effective, as they enable fine-grained control over feature propagation. In our
framework, sigmoid gating leverages the output range of the sigmoid function, [0, 1], to generate learnable, pixel-wise
weights, also known as ’confidence masks’. These masks enable the network to selectively regulate the influence
of each auxiliary modality, thereby highlighting salient features and suppressing irrelevant or noisy signals. This
approach is crucial for robust multimodal fusion, especially when auxiliary sensors may experience modality-specific
artefacts or unreliable readings. Our auxiliary modality fusion module performs stage-wise integration of thermal
(T) and ultraviolet (UV) features into the main representation using independent, context-aware sigmoid gating. At
each encoder stage k, the T and UV streams are first passed through patch embedding and transformer encoding
blocks in parallel to the main RGB(+DIN) stream. The CM-FRM module aligns the feature representation of each
auxiliary modality to the base feature representation. After transformer encoding, the outputs F (k)

RGB+DIN, F (k)
T ,

and F (k)
UV are passed through layer normalisation, as per standard transformer architecture, and reshaped into spatial

feature maps. The thermal and UV features are then modulated by their respective gates, which compute a spatially
varying contribution based on the concatenated local context of the base and auxiliary features. The gated auxiliary
contributions are added to the base feature map to produce the fused representation at each stage. For each auxiliary
stream, a dedicated Sigmoid Gate module receives the concatenation of the base and aligned auxiliary feature maps.
The gate generation pathway consists of a lightweight MLP followed by a sigmoid activation, producing a single-
channel, spatially varying mask. Simultaneously, the auxiliary feature map is transformed (via a 1 × 1 convolution
or identity mapping) and multiplied element-wise by the generated gate, producing the gated auxiliary contribution
G

(k)
aux. This process is performed independently for both thermal and UV branches, resulting in G(k)

T and G(k)
UV. The
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fused representation at each stage is then computed by summing the base map and all available gated contributions:

F
(k)
fused = F

(k)
RGB+DIN +

∑
i∈{T, UV}

G
(k)
i . (4.13)

This flexible, adaptive gating strategy enables the network to selectively incorporate auxiliary information where and
when it is most beneficial, and to disregard unhelpful or corrupted signals, although the gates learn their behaviour in
training and are fixed at inference. The overall structure and processing flow of the sigmoid gate module are illustrated
in Figure 4.6, which provides an overview of the key operations involved in context-aware gating and fusion.

FBASE

FAUX

Concat Gate MLP
Sigmoid σ(∙)

Conv1x1

X GAUX

Gated Contribution

Element‐wise 
Multiplication

Figure 4.6: Sigmoid Gate Module: The module takes a base feature map (Fbase) and an auxiliary modality feature map
(Faux). For gate generation, Fbase and Faux are concatenated and processed by a Gate MLP followed by a Sigmoid
function to produce a 1-channel gate. Separately, Faux is processed by a Transform Conv (a 1 × 1 convolution or
an identity operation) to produce the transformed auxiliary feature. This transformed feature is then element-wise
multiplied by the gate to yield the gated contribution Gaux.

4.5.6 Decoder Architecture

The set of fused feature maps is forwarded to a lightweight MLP decoder head that aggregates multi-scale cues
into dense predictions. Following SegFormer’s design, as adopted by CMX, the decoder uses only pointwise linear
projections and bilinear interpolation, which keeps memory and latency low while effectively mixing information
across scales [25, 2]. We retain this canonical decoder unchanged to keep it lightweight and to isolate the contribution
of our gated encoder from decoder modifications.
Let the encoder yield {F (k)

fused}4
k=1 with F (k)

fused ∈ RB×Ck×Hk×Wk at resolutions (H1,W1) = (H
4 ,

W
4 ), (H2,W2) =

(H
8 ,

W
8 ), (H3,W3) = ( H

16 ,
W
16 ), (H4,W4) = ( H

32 ,
W
32 ). Each map is projected to a common width C by a pointwise

linear layer, implemented as a 1×1 convolution, then resized to quarter resolution:

F̂ (k) = Linear(Ck →C)
(
F

(k)
fused

)
, F̃ (k) = Upsample

(
H
4 ,

W
4
)(
F̂ (k)

)
. (4.14)

The resized maps are concatenated along channels and fused by a second linear mapping:

Fcat = Concat
(
F̃ (1), F̃ (2), F̃ (3), F̃ (4)

)
∈ RB×4C× H

4 × W
4 , Ffuse = Linear(4C→C)(Fcat) . (4.15)

A per-pixel classifier produces quarter-resolution logits:

M = Linear(C→Ncls)(Ffuse) ∈ RB×Ncls× H
4 × W

4 . (4.16)

Finally, the logits are upsampled by a factor of four to the input resolution:

Ŷ = Upsample
(
×4
)
(M) ∈ RB×Ncls×H×W . (4.17)

This decoder cleanly separates fusion in the encoder from prediction in the head, leveraging the complementary
strengths of low-level, high-resolution features together with semantically rich, low-resolution features. Unlike
architectures for RGB-D-T salient object detection that may forward only a subset of encoder stages, our segmentation
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Figure 4.7: MLP decoder schematic. Each fused encoder feature F (k)
fused is linearly projected to a common width C,

resized to quarter resolution, concatenated across scales, fused by a pointwise linear layer and classified per pixel, then
upsampled ×4 to full resolution. The design contains no attention blocks or deconvolutions, following the SegFormer
and CMX practice.

decoder consumes all four fused scales to preserve both fine detail and global semantics. Figure 4.7 visualises this
pipeline, showing the per-stage projection, resizing, concatenation, fusion, and final upsampling operations.

4.5.7 Training Procedure

This section outlines the empirical methodology employed for model training and evaluation, detailing the com-
putational environment, parameter initialisation protocols, optimisation strategies, data handling techniques, and the
rationale behind backbone-specific training schedules. These procedures are designed to ensure reproducibility and
are grounded in established deep learning practices.

Experimental Setup, Parameter Initialisation, and Optimisation

All experiments were conducted using the PyTorch deep learning framework. Computations were performed on
a workstation equipped with an Intel Core i7-13700F CPU and a single NVIDIA RTX 3090 GPU. This hardware
configuration influenced choices such as mini-batch sizing, particularly for models with substantial parameter counts
(e.g., MiT-B2), thereby underscoring the importance of computationally efficient training strategies. Parameter
initialisation was consistent across all model components. Weights for both Mix Transformer (MiT) backbones,
specifically MiT-B0 and MiT-B2, based on the SegFormer architecture [25], along with all newly introduced fusion
and gating blocks, were initialised from scratch. The MiT-B1 variant was not included in our evaluation, as its
architecture and computational profile are strictly intermediate between B0 and B2, differing only in embedding size
and not in qualitative design. Prior work [25] has demonstrated that MiT-B1’s empirical performance predictably
interpolates between that of B0 and B2, without offering unique insights. This approach, eschewing pre-trained
weights, renders the training process more sensitive to the characteristics of the training dataset and the duration
of training, potentially accentuating phenomena such as epoch-wise double descent, especially for larger models.
A Kaiming normal distribution was employed to initialise all network weights, a standard practice for architectures
employing ReLU-like activation functions, to mitigate issues of vanishing or exploding gradients. All biases throughout
the network were uniformly initialised to zero. The AdamW optimiser [26] was selected for its efficacy in training
deep neural networks, particularly transformer-based architectures, due to its improved handling of weight decay
by decoupling it from the adaptive learning rate mechanism. The optimiser was configured with β1 = 0.9 and
β2 = 0.999. An initial learning rate of 1 × 10−3 was set, complemented by a weight decay coefficient of 10−2

to provide regularisation. The learning rate schedule incorporated a linear warm-up phase spanning the first ten
epochs, which aids in stabilising training during the initial stages, especially when using relatively large learning
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rates. Following the warm-up, the learning rate was subjected to a polynomial decay with a power of 0.9, a typical
schedule for gradually annealing the learning rate towards the end of training. A mini-batch size of 8 was consistently
used for all experiments. While potentially constrained by GPU memory capacity for larger models, this batch size
influences the stochasticity of the gradient estimates and overall training dynamics. During training, each iteration
involved sampling an image from the MM5 dataset, along with its associated auxiliary inputs: depth-intensity-normal
(DIN) fusion and DTMRE-encoded thermal T24 channels [1]. To standardise the input data, each channel was
independently normalised to have zero mean and unit variance, using precomputed statistics from the MM5 dataset.
Data augmentation techniques were applied to enhance model generalisation, including random horizontal flipping and
multi-scale resizing. Optimisation was driven by a composite CEDice loss function, wherein the cross-entropy (CE)
and Dice loss components were accorded equal weighting (i.e., 0.5 × CE + 0.5 × Dice). This composite loss structure
effectively balances pixel-wise classification accuracy, derived from the CE term, with considerations of volumetric
overlap from the Dice term, which is particularly advantageous for semantic segmentation tasks, especially in the
presence of class imbalance. Manual class weights were applied to address class imbalance and focus the model’s
learning capacity on foreground classes of interest, reducing the influence of the typically prevalent background class
to 0.1.

Capacity-Data Trade-offs and Regularisation Strategies

The training dynamics of the MiT-B0 and MiT-B2 backbones reveal distinct interactions between model capacity,
training duration, and regularisation requirements. The model configured with the MiT-B2 backbone, comprising a
total of approximately 140 million parameters, achieved a validation mean Intersection over Union (mIoU) of 86.1%
after 250 training epochs. Extending training to 500 epochs resulted in a marginal improvement to 86.5%, indicating
diminishing returns for prolonged training of high-capacity models. This plateau suggests that, beyond a certain
point, additional epochs may not substantially benefit such models, and emphasis should instead be placed on effective
regularisation techniques. These may include data augmentation, dropout, and weight decay, which have been shown
to mitigate overfitting in large neural networks [27, 28]. In contrast, the MiT-B0 backbone, with approximately 24
million parameters, demonstrated significant improvements with extended training. Training for 500 epochs increased
the validation mIoU from 86.2% at 250 epochs to 88.3%, outperforming the MiT-B2 model trained for the same
duration by 1.8 percentage points. This suggests that smaller models benefit from longer training schedules, allowing
them to better explore the loss landscape and achieve improved generalisation [27, 28].

Training dynamics under different normalisation schemes

We compare the default ImageNet normalisation with the dataset-specific modality-wise normalisation defined in
Equations (4.2) and (4.3) under identical settings: the same backbone, optimiser, data splits, and static augmentations.
To assess reproducibility, we use three deterministic configurations, referred to as Set 1, Set 2, and Set 3, each with
a fixed seed and fixed augmentation parameters. Set 1 has static mirroring, scale factor 1.00, and rotation 0°; Set 2
has static mirroring, scale factor 0.95, and rotation +5°; Set 3 has static mirroring, scale factor 1.05, and rotation −5°.
Each set is trained once with default normalisation and once with dataset-specific normalisation.
Averaged across the three sets, the dataset-specific scheme attains a mean final validation mIoU of 0.8005 with 95%
confidence interval [0.7456, 0.8555], compared with 0.7816 with 95% confidence interval [0.7242, 0.8389] for the
default scheme. The mean paired improvement is 0.0190 (95% CI: [−0.0125, 0.0505]), representing a 2.4% relative
improvement. In terms of convergence speed, the dataset-specific scheme demonstrates substantial acceleration:
median epochs to reach 0.75, 0.78, and 0.81 mIoU are 14, 17, and 30, versus 17, 24, and 47 for the default scheme—
reductions of 18%, 29%, and 36% respectively.
Figure 4.8 shows the mean training loss and the mean validation mIoU across the three sets with one-standard-deviation
bands. The dataset-specific normalisation yields consistently faster loss reduction and more stable convergence to
higher validation accuracy. This makes it a sound training choice that improves optimisation behaviour and validation
accuracy at no inference cost.
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Figure 4.8: Effect of normalisation on training dynamics under identical settings, with one-standard-deviation bands
across three deterministic configurations. Left: mean training loss. Right: mean validation mIoU. The dataset-specific
scheme shows faster convergence and improved validation accuracy.

4.6 Results and Discussion
The semantic segmentation performance was evaluated across various input modality combinations and under

different RGB lighting conditions: ideal (’RGB3’), underexposed (’RGB1’), and overexposed (’RGB5’). The core
modalities include the data-level fused depth, intensity, and normals (’DIN’), a preprocessed thermal stream (’T24’)
designed to preserve minute temperature differences, and an ultraviolet stream (’U8’). Classes denoted as ’bad’ refer
to partially rotten fruit exhibiting distinct thermal signatures, while ’fake’ classes are plastic replicas. We analyse
the mean Intersection over Union (mIoU) and pixel accuracy. The detailed IoU scores for each class are presented
in Table 4.6 using a MiT-B0 and Table 4.7 using a MiT-B2, while an overview of the overall results is presented in
Table 4.3.

4.6.1 Evaluation Metrics and Comparative Analysis

To ensure a thorough and objective comparison of model performance across all categories, we report a suite of
widely adopted evaluation metrics.
Mean Intersection over Union (Mean IoU): This metric is obtained by calculating the Intersection over Union (IoU)
for each class, defined as the ratio of the overlap between predicted and ground-truth regions to their union, and then
averaging these values across all classes. Mean IoU offers a class-balanced measure of overall segmentation accuracy.
Frequency Weighted Intersection over Union (Freq IoU): Here, the IoU for each class is weighted according to
its frequency in the dataset, thereby aligning the metric with the dataset’s inherent class distribution. This approach
places greater emphasis on the performance of prevalent classes.
Mean Pixel Accuracy (Mean Pixel Acc): Mean Pixel Accuracy is computed as the average of per-class pixel
accuracies, where pixel accuracy reflects the fraction of correctly classified pixels for a given class. This metric is
sensitive to performance across both frequent and rare classes.
Pixel Accuracy (Pixel Acc): This measures the proportion of all pixels in the dataset that are classified correctly,
irrespective of their class labels, providing a straightforward indicator of global segmentation performance.
Mean Rank: To facilitate equitable comparison between models, we also report the Mean Rank for each method [29].
Within each class, models are ranked according to their performance, with rank 1 assigned to the best performing
method, and ties receiving an average rank. The mean rank of each model is then calculated as the average of its
class-wise ranks, offering an interpretable, class-balanced summary of comparative performance across the full class
set.

4.6.2 Overall Performance

The primary metric for inter-class comparison is the mean Intersection over Union (mIoU). The highest overall
performance, with a mean IoU of 88.3%, was achieved with the four-stream combination of ideal RGB, DIN,
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Table 4.3: Detailed IoU and network statistics for various modality combinations and lighting conditions, for both
MiT-B0 (top) and MiT-B2 (bottom) backbones. DIN: Depth-Intensity-Normals fused; T24: processed thermal; U8:
ultraviolet; RGB1: under-exposed RGB; RGB3: ideal RGB; RGB5: over-exposed RGB. "Bad" classes are partially
rotten; "Fake" classes are replicas.
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MiT-B0 (500 epochs)
Mean IoU 58.3 60.1 80.7 72.5 81.9 73.0 85.6 86.6 84.7 84.9 88.3 84.2
Freq IoU 98.6 98.6 99.3 99.1 99.4 99.1 99.4 99.5 99.5 99.4 99.6 99.4
Mean Pixel Acc 71.1 72.4 88.7 82.5 88.9 82.5 92.3 92.3 91.3 92.4 93.9 91.1
Pixel Acc 99.1 99.1 99.6 99.5 99.7 99.5 99.7 99.8 99.7 99.7 99.8 99.7

Mean Rank 11.1 10.4 6.7 9.0 5.3 8.4 5.4 3.7 5.4 5.6 2.2 4.8

FPS 104 104 104 74 74 74 74 74 74 55 55 55
Parameters 11M 11M 11M 18M 18M 18M 18M 18M 18M 24M 24M 24M
GFLOPs 10.8 10.8 10.8 14.5 14.5 14.5 14.5 14.5 14.5 17.3 17.3 17.3

MiT-B2 (250 epochs)
Mean IoU 45.8 58.2 75.3 73.0 78.3 75.7 82.4 78.9 81.6 83.8 86.1 83.6
Freq IoU 93.8 98.5 99.0 99.1 99.3 99.2 99.1 99.1 99.3 99.3 99.5 99.3
Mean Pixel Acc 63.9 69.7 85.5 83.7 86.9 85.7 91.8 87.4 90.3 92.4 93.7 91.9
Pixel Acc 95.8 99.1 99.4 99.5 99.6 99.5 99.5 99.5 99.6 99.6 99.7 99.6

Mean Rank 10.7 10.5 6.4 9.0 5.8 7.8 5.7 3.3 6.3 4.8 2.9 4.9

FPS 39 39 39 29 29 29 29 29 29 25 25 25
Parameters 67M 67M 67M 106M 106M 106M 106M 106M 106M 140M 140M 140M
GFLOPs 60.9 60.9 60.9 84.8 84.8 84.8 84.8 84.8 84.8 105.0 105.0 105.0

thermal, and ultraviolet (’RGB3-DIN-T24-U8’). Even under suboptimal conditions, the network remains robust:
with underexposed RGB (’RGB1-DIN-T24-U8’), a mean IoU of 84.9% is achieved, and with overexposed RGB
(’RGB5-DIN-T24-U8’), the performance is still 84.2%. These results demonstrate the substantial benefit of fusing
diverse sensor streams for reliable segmentation under varying lighting. Further, the frequency-weighted IoU and pixel
accuracy for the best four-stream configuration reach 99.6% and achieve the best mean rank of 2.2 across all evaluated
combinations, highlighting both accuracy and consistency. Performance gains from multimodal fusion are not limited
to ideal lighting: for example, adding DIN to underexposed RGB boosts mean IoU from 60.1% (RGB1-T24) to
85.6% (RGB1-DIN-T24), confirming the critical contribution of geometrically aligned depth and intensity features.
The choice of backbone architecture also shapes the trade-off between accuracy and efficiency. The MiT-B0 model
delivers a favourable balance between segmentation accuracy and computational efficiency, outperforming the heavier
MiT-B2 backbone in both speed and mean IoU for the four-stream setup. The MiT-B0 backbone in the largest fusion
setting uses 24 million parameters and 17.3 GFLOPs, whereas the MiT-B2 backbone requires 140 million parameters
and 105 GFLOPs, with only a marginal change in mean IoU. With the available dataset size, the larger and more
computationally demanding MiT-B2 backbone did not yield accuracy gains over MiT-B0. Thus, MiT-B0 provides
the most practical solution, combining high segmentation accuracy with low resource requirements and real-time
performance. A sample of predictions and associated input images is shown in Figure 4.9.

4.6.3 Impact of Lighting Conditions

The quality of the RGB input had a significant influence on overall performance, although the multimodal setup
provided considerable resilience.

• Ideal Lighting (’RGB3’): Configurations with ’RGB3’ consistently produced the best results within their
respective modality groups. For instance, ’RGB3-DIN-T24’ (mean IoU 86.6%) outperformed ’RGB1-DIN-
T24’ (mean IoU 85.6%) and ’RGB5-DIN-T24’ (mean IoU 84.7%). The combination ’RGB3-DIN-T24-U8’
yielded the top mean IoU of 88.3%.
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GT Pred RGB3 DIN T24 UV

Figure 4.9: Example multimodal segmentation results for seven selected frames: from left to right, ground truth mask,
predicted mask, RGB, DIN (depth-intensity-normals), thermal (T24), and ultraviolet (UV). Each row corresponds to
a different frame (top to bottom: 240, 250, 256, 263, 271, 289, 294).

• Underexposed RGB (’RGB1’): The system demonstrated substantial robustness to underexposure, with the
’RGB1-DIN-T24-U8’ configuration achieving a mean IoU of 84.9%. Although this falls short of the ideal-light
counterpart (88.3%), it represents a marked improvement over single- or dual-modality variants under low-light
conditions (e.g., ’RGB1-U8’ at 58.3% and ’RGB1-T24’ at 60.1%, versus 72.5% for ’RGB1-DIN-U8’ and 73.0%
for ’RGB1-DIN-T24’). This demonstrates that the addition of DIN, UV, and particularly thermal channels
substantially compensates for the loss of information in the underexposed RGB stream, even if it does not fully
close the gap to ideal lighting.

• Overexposed RGB (’RGB5’): The system also maintained a substantial degree of robustness to overexposure,
with the ’RGB5-DIN-T24-U8’ configuration achieving a mean IoU of 84.2%. Although this is lower than
the ideal-light result and marginally lower than the corresponding underexposed configuration (84.9%), it
nonetheless represents a significant improvement over setups with less modalities in overexposed conditions.
This indicates that, while the combination of DIN, UV, and thermal channels can substantially offset the loss of
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information in overexposed RGB, some performance gap persists due to the challenges of information loss from
saturation.

4.6.4 Challenging Classes: Contribution of Thermal and UV Streams

• Partially decayed ‘bad’ fruit: The two auxiliary channels, thermal (T24) and near-UV (U8), contribute in
complementary ways. Thermal imagery is highly informative for ’bad’ classes because incipient decay alters
a fruit’s metabolic heat and surface evaporation, producing local temperature contrasts. Conversely, near-UV
sensing is sensitive to surface chemistry, revealing how different materials reflect or fluoresce under UV light.
For instance, for ’Lemon Bad’, the baseline RGB3-DIN model achieves an IoU of 47.1%. Adding the thermal
channel (RGB3-DIN-T24) boosts this score significantly to 72.1%, and adding the UV channel (RGB3-DIN-U8)
also provides a substantial improvement to 70.2

• Plastic ’fake’ fruit: The auxiliary channels are also effective at identifying plastic fruit, which has a distinctive
radiometric signature. For a particularly challenging class like ’Lemon Fake’, the baseline RGB3-DIN model
struggles at 29.6% IoU. Adding the thermal channel (RGB3-DIN-T24) is highly effective, causing performance
to jump to 88.2%. While thermal is broadly useful, the UV channel provides a distinct advantage for specific
categories, most notably ‘Apple Green Fake’, where the U8 stream (94.1%) outperforms the T24 stream (90.6%)
under ideal RGB3 lighting. This suggests that UV cues are particularly effective for classes characterised by
artificial surface properties.

• Fused multi-stream performance: When all cues are provided (RGB-DIN-T24-U8), the network generally
exploits the most salient stream per class. This configuration yields the highest overall mean IoU of 88.3%
(with RGB3), surpassing both the T24-only (86.6%) and U8-only (81.9%) three-stream models. This fusion
enables further gains in some cases; for instance, the IoU for ‘Grapes Blue Fake’ rises to 95.9% in the four-
stream setting, surpassing both T24-only (93.9%) and U8-only (92.5%) results. However, for classes where one
auxiliary stream is overwhelmingly dominant, adding the second can dilute the signal; the IoU for ’Apple Green
Bad’, for example, is higher with T24 alone (92.0%) than in the four-stream model (75.3%). Nonetheless, the
aggregate metrics confirm that the four-stream model provides the most robust and balanced overall performance.
An overview of the class-wise impact of adding UV to RGB3-DIN-T24 and T24 to RGB3-DIN-U8 is shown in
Figure 4.10. While the addition of thermal data marginally impacts three classes negatively, the addition of UV
has a more severe negative impact on specific classes.

4.6.5 Computational Requirements and Throughput

In addition to achieving high segmentation accuracy, the proposed architecture also enables real-time inference
speeds. On a single RTX 3090 GPU, the four-modality configuration runs at 55 frames per second at a resolution
of 640 × 480 pixels. The parameter count ranges from 11 million (for two-modality input) to 24 million (for the
most comprehensive four-stream input), and computational cost scales from 10.8 GFLOPs to 17.3 GFLOPs. Even the
most demanding setting maintains high throughput and can process full-resolution frames without significant latency,
meeting the requirements of online robotic inspection and sorting systems. The mean rank metric, which summarises
overall relative performance across all evaluated configurations, reaches a best value of 4.0 for the top fusion model,
further underscoring the method’s competitive standing.

4.6.6 Comparative Analysis of Fusion Strategies

To systematically evaluate our proposed sigmoid gating approach against state-of-the-art transformer-based atten-
tion mechanisms and assess multimodal integration strategies on the MM5 dataset, we conducted a comprehensive
comparison of fusion architectures. Our primary goal was to directly contrast our lightweight per-pixel sigmoid gating
with the cross-attention Feature Fusion Module (FFM) from the CMX framework—a representative transformer-based
attention mechanism—thereby highlighting the trade-offs between accuracy, computational efficiency, and inference
speed. Specifically, we aimed to demonstrate (a) the distinction between fusing data at the input level versus fusing
features later in the network, (b) the performance and efficiency advantages of our sigmoid-based gating compared to
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(a) Adding T24 to U8 fusion

(b) Adding U8 to T24 fusion

Figure 4.10: Class-wise IoU impact of adding T24 (a) or U8 (b) to multimodal fusion.
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the more computationally intensive attention-based fusion employed in FFM, and (c) the relative merits of stage-wise
intensity fusion versus pure feature-level fusion. This comparison directly addresses the question of whether simpler
gating mechanisms can match or exceed the performance of complex transformer attention while maintaining real-time
capability. Specifically, we compared the following approaches:
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Figure 4.11: Architectural comparison of multimodal fusion strategies. (a) Our proposed GF-Net Gated model without
SWIF, which fuses an auxiliary modality (X) with the RGB stream using a sigmoid gate. (b) A state-of-the-art baseline,
CMX FRM/FFM - PAV, which employs a transformer-based cross-attention Feature Fusion Module (FFM).

GF-Net SWIF-Gated (DIN): Depth-intensity (DIN) features are merged using the stage-wise fusion (SWIF) module
as shown in Figure 4.4, while all other modalities are fused via a learnt sigmoid gate as shown in Figure 4.2.
GF-Net Gated (D_FocusN+I): A per-pixel sigmoid gate is applied to the separate depth and intensity streams, as well
as all other modalities, as shown in Figure 4.11a.
GF-Net Gated (DIN): A per-pixel sigmoid gate is applied to the fused DIN stream and all other modalities.
CMX FRM/FFM - PAV: We apply the cross-attention Feature Fusion Module (FFM) to each extra modality alongside
RGB, then average the resulting feature maps before concatenation. In our comparisons, the ’parallel average’ (PAV)
strategy outperformed sequential, summation, concatenation, hierarchical, and simple gating variants, offering the
best balance of accuracy and efficiency without overly complicating the architecture. The CMX FRM/FFM - PAV
configuration represents a state-of-the-art transformer-based attention fusion approach, utilising the cross-attention
mechanisms from CMX for each auxiliary modality. This serves as our primary baseline for evaluating whether our
proposed lightweight sigmoid gating can achieve comparable or superior performance while reducing computational
overhead. An overview of the architecture is shown in Figure 4.11b.
The quantitative results for these configurations are presented in Table 4.4, and a detailed class-level comparison is
provided in Table 4.8.

Comparison Results

The gated stage-wise intensity fusion (SWIF) method consistently yielded the highest overall mean IoU, achieving
88.3% and rank 3.6 under ideal lighting (’RGB3-DIN-T24-U8’), and maintaining strong performance across adverse
lighting scenarios (e.g., 84.9% for underexposed RGB and 84.2% for overexposed RGB). This approach also achieves
these results with a reduced computational cost (17.3 GFLOPs) compared to the FFM/PAV (attention-based fusion)
baseline, which reached 87.8% mean IoU at a higher cost (20.95 GFLOPs). Performance differences are particularly
pronounced for under-represented or visually ambiguous categories, where explicit spatial gating and geometric cue
enhancement enable more robust separation. The best results for underexposed RGB, achieving a mean IoU of 85.1%
and rank 7.9, and for overexposed RGB, achieving a mean IoU of 86.1% and rank 5.7, were achieved by the network
using only sigmoid gating and data-level fusion, highlighting the advantages of sigmoid gating in multimodal feature
fusion as well as data-level fusion.
Notably, per-pixel gating with separate depth and intensity streams (D_FocusN+I) produced the highest class-wise
IoU for certain categories. For example, segmentation performance for ’Apple Green Bad’ improved dramatically
from 75.3% (DIN-based fusion) to 89.2% with the D_FocusN+I variant, a gain of over 13.9 percentage points. In
this variant, ADMRE-processed [1] depth (with normals) and NIR intensity are processed as separate streams before
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Table 4.4: Class-wise segmentation results for representative fusion architectures using the MiT-B0 backbone and
each network trained on 500 epochs. Each column group corresponds to a different fusion strategy: GF-Net SWIF-
Gated (stage-wise intensity fusion with per-pixel gating), GF-Net Gated (per-pixel gating on fused DIN or on
separate D_FocusN+I streams), CMX FRM/FFM - PAV (feature-rectify and channel-wise fusion with parallel
average combination), and a downsampled variant (GF-Net SWIF-Gated, DIN at 320 × 240 resolution). Results are
reported under three lighting conditions (underexposed ’RGB1’, ideal ’RGB3’, overexposed ’RGB5’). All values are
the mean IoU per class. The bottom rows report the mean rank for each method, with lower values indicating stronger
and more consistent performance across classes, as well as the average scores. This table substantiates the observed
advantages of stage-wise, per-pixel gated fusion for robust multimodal segmentation, especially in adverse lighting
and quantifies the trade-offs in accuracy, computational complexity, and efficiency among the variations.

GF-Net SWIF-Gated GF-Net Gated GF-Net Gated CMX FRM/FFM - PAV GF-Net SWIF-Gated
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Mean IoU 84.9 88.3 84.2 82.3 88.4 81.7 85.1 85.1 86.1 83.0 87.8 84.5 76.5 82.5 78.7
Freq IoU 99.4 99.6 99.4 99.3 99.6 99.4 99.4 99.5 99.5 99.4 99.5 99.4 99.1 99.2 99.1

Mean Pixel Acc 92.4 93.9 91.1 90.1 93.5 88.5 92.4 91.2 92.0 90.5 93.4 90.8 85.0 89.1 86.3
Pixel Acc 99.7 99.8 99.7 99.6 99.8 99.7 99.7 99.7 99.7 99.7 99.8 99.7 99.5 99.6 99.5

Mean Rank 8.4 3.6 7.5 10.1 4.0 9.2 7.9 6.4 5.7 9.4 4.0 7.1 13.5 10.4 12.8

FPS 55 55 55 41 41 41 52 52 52 37 37 37 91 91 91
Parameters 24M 24M 24M 29M 29M 29M 23M 23M 23M 23M 23M 23M 24M 24M 24M

Gflops 17.3 17.3 17.3 19.27 19.27 19.27 16.55 16.55 16.55 20.95 20.95 20.95 4.4 4.4 4.4

gating, rather than being fused at the data level. This substantial improvement can be attributed to the preservation
and independent utilisation of geometric, intensity, and unaltered RGB data, which likely capture distinct cues not
adequately represented when modalities are merged early. While there are some improvements for particular classes,
especially under good lighting conditions, the overall performance remains similar and underperforms when light
conditions are not ideal. Thus, this approach increases architectural complexity and does not improve network
performance over the data-level fusion, further underpinned by the results of the network using only sigmoid gating
and data-level fusion.
Importantly, the SWIF-Gated model sustains real-time throughput, achieving 55 fps at 640 × 480 pixels in the most
demanding four-modality configuration, while maintaining lower GFLOPs than both the FFM/PAV approach and the
five-stream gated variant. The five-stream gated model, incorporating five independent gated streams, operates at 41 fps,
demonstrating the trade-off between modality count and inference speed. Additionally, the downsampled version at
320×240 resolution further reduces computational cost to 4.4 GFLOPs but incurs a substantial accuracy loss of 5.8%
in mean IoU, highlighting the balance between efficiency and segmentation quality. Across all lighting conditions, all
fusion approaches exhibited strong resilience to both underexposure (’RGB1’) and overexposure (’RGB5’). However,
stage-wise and per-pixel gated models consistently maintained higher accuracy on critical classes. They achieved
superior overall mean IoU, while incurring minimal computational overhead compared to more complex attention-
based fusion modules. These results confirm that stage-wise, per-pixel gated fusion offers more effective integration of
auxiliary modalities than channel-wise or multi-stream attention mechanisms, particularly under challenging imaging
conditions. Furthermore, by quantifying the trade-offs between segmentation accuracy, inference speed, and model
complexity, our findings support the use of lightweight gating as a scalable solution for real-time multimodal semantic
segmentation. A scatter plot illustrating the relationship between mean IoU and inference speed for the compared
networks is presented in Figure 4.12.
These findings establish a rigorous baseline for future multimodal fusion architectures on MM5 and validate the
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Figure 4.12: Mean IoU vs FPS scatter plot of the compared networks with all modalities as shown in Table 4.4. RGB1
being the underexposed, RGB5 the overexposed and RGB3 the ideal lighting.

effectiveness of content-adaptive, pixel-wise gating as a robust, efficient alternative to traditional attention-based
fusion. However, as detailed in Section 4.7, the learnt gates specialise to training conditions and lack runtime
adaptability when modalities are unexpectedly removed, highlighting an important limitation for future work to
address.

4.7 Failure Case Analysis and Modality Importance
This section provides a rigorous account of where the proposed two-gate fusion system succeeds and where it

fails, distinguishing persistent limits under full sensing from catastrophic collapses under modality ablation. We
quantify effects across 12 evaluation scenarios and 32 semantic classes, yielding 384 class-scenario assessments, and
we cross-reference these with class-level vulnerability profiles.

4.7.1 Failure Case Analysis with Full Multimodal Input

Evaluation across 76 test scenes per lighting condition (228 scenes total) reveals that despite achieving 99.72%
pixel-level accuracy, systematic performance variations emerge across semantic categories. The overall error rate of
0.278% comprises boundary localisation errors (0.156%) and misclassifications (0.121%), with performance ranging
from 99.78% under ideal illumination (RGB3) to 99.68% under challenging conditions (RGB1). The high accuracy
on static background regions (99.87% across 228 instances) demonstrates effective object-background separation, yet
specific object categories exhibit persistent failures. Analysis of 759 object instances across 32 semantic categories
identifies that 16 classes exceed 3% misclassification rates. Degraded produce shows severe challenges: Pear Bad
(23.55% error under RGB3; 12 instances; 28.55% overall), Mandarin Peel (8.72% under RGB3; 9 instances; 31.42%
overall), and Apple Green Bad (13.68% under RGB3; 15 instances; 20.21% overall). These failures concentrate in
regions with physical ambiguities that challenge multimodal sensing: severe occlusions where overlapping objects
create ambiguous depth boundaries; specular reflections from Mirror (0.079% error, RGB3) and metallic Kettle
(0.28% error, RGB3) that corrupt thermal and UV readings in adjacent regions; and gradual state transitions in
degrading organic material where no discrete boundary exists. Thermal complexities compound these challenges—
Cup Hot (1.50% error, RGB3) and Cup Cold (1.18% error, RGB3) show localised failures where heat radiation
affects neighbouring objects’ thermal signatures, creating phantom temperature readings that propagate classification
errors. Cross-lighting analysis reveals substantial performance variance: Mandarin Peel exhibits 46.42 percentage
point variation between conditions (RGB5: 55.14% vs. RGB3: 8.72%, while Apple Green Bad shows 24.87 points
(RGB1: 35.91% vs. RGB5: 11.05%), indicating that certain failure modes are strongly illumination-dependent
despite five-modality fusion. These empirical findings establish that 3.1% of semantic categories (1 of 32; Pear Bad)
consistently fail to achieve 80% accuracy across all lighting conditions, while 25% (8 of 32) fall below 80% in at
least one condition, delineating performance boundaries where physical ambiguities exceed the multimodal fusion
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Table 4.5: Classes with persistent high misclassification rates under full multimodal fusion. Values show pixel-level
accuracy and misclassification rates across lighting conditions.

Class RGB1 Acc. RGB3 Acc. RGB5 Acc. Avg. Error

Pear Bad 60.9% 76.5% 77.0% 28.5%
Mandarin Peel 69.6% 91.3% 44.9% 31.4%
Apple Green Bad 64.1% 86.3% 89.0% 20.2%
Lemon Bad 82.5% 87.4% 77.1% 17.7%
Mandarin Half 80.8% 84.7% 74.0% 20.2%
Mandarin Bad 79.8% 88.1% 81.2% 17.0%
Lemon Half 87.7% 76.0% 78.2% 19.5%

capabilities.

Class-Specific Performance Analysis

Analysis of 759 object instances across the 228 test scenes reveals persistent failure patterns for specific semantic
categories. Table 4.5 presents the classes with consistent misclassification rates exceeding 10% with full multimodal
fusion.
The degraded produce categories exhibit average error rates 5-20 times higher than their fresh counterparts, a disparity
attributable to the subtle sensory cues required for decay detection—minute temperature variations and early-stage
visual degradation that manifests as slight discolouration or texture softening that is barely distinguishable. Mandarin
Peel demonstrates extreme performance instability (44.9% to 91.3% accuracy across lighting conditions). However,
this variance partially reflects training artefacts from limited representation—only three evaluation instances across 76
test scenes—making the model sensitive to individual scene variations rather than learning robust class features. The
underrepresentation is systemic across challenging categories: Mandarin Bad (5 evaluation instances), Mandarin Half
(3 instances), and Pear Bad (4 instances) all exhibit high variance, correlating inversely with their training exposure.
The performance failures concentrate in categories where either the distinguishing features approach sensor noise
floors or training data inadequacy prevents robust feature learning.

Confusion Pattern Analysis

Systematic analysis of pixel-level predictions reveals two distinct error types: boundary errors occurring within
1-3 pixels of object edges and true misclassifications beyond this boundary zone. The network achieves 99.78%
accuracy under optimal conditions (RGB3), with RGB1 at 99.68% and RGB5 at 99.71%. Analysis of the RGB3
configuration shows boundary errors account for approximately 0.137% of predictions while true misclassifications
represent 0.087%, demonstrating that most errors occur at object boundaries rather than from semantic confusion.
Figure 4.13 visualises the true misclassification patterns under optimal RGB3 conditions, excluding boundary errors.
The analysis of the misclassified pixels across all lighting conditions reveals three dominant failure modes:

• State-based confusion (≈38% of misclassifications): Fresh-to-degraded transitions dominate semantic errors,
with Lemon↔Lemon Bad, Pear↔Pear Bad, and Mandarin↔Mandarin Bad collectively accounting for 31,883
misclassified pixels. The confusion shows strong lighting dependence: RGB1 produces ≈34% more state-based
errors than RGB3, indicating that underexposure specifically compromises decay signature detection despite
thermal and UV modalities.

• Background–object confusion (≈18% of all errors, Mirror/Bowl/Kettle): These reflect pixels well within
object interiors that are predicted as background. Across Mirror, Bowl, and Kettle we observe 35,530
object→background errors in total (Mirror 23,298; Bowl 7,917; Kettle 4,315). Including the reverse background→object
direction brings this triad to 38,344 pixels. The confusion varies with illumination: Mirror→Background in-
creases by 74% from RGB3 to RGB5 (5,640→9,831), consistent with specular-geometry effects.
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Figure 4.13: Confusion matrix under optimal lighting (RGB3) showing systematic misclassification patterns between
class pairs. Boundary errors within 3 pixels of edges are excluded to focus on semantic confusion rather than
localisation errors.

• Material mimicry (≈7.7% of all errors): Authentic-to-synthetic confusions collectively account for 15,054
pixels. Confusions show a directional bias toward synthetic→real rather than real→synthetic. For example,
Apple Green Fake→Apple Green Bad accounts for 5,569 pixels (RGB1: 3,269; RGB3: 1,334; RGB5: 966).
Aggregated over all “Fake” pairs, synthetic→real totals 9,080 pixels vs. real→synthetic 5,974. This suggests
that certain artificial materials produce signatures (e.g., IR emissivity/UV response patterns) that more closely
resemble degraded organic states, leading the model to default to “real/degraded” when cues are ambiguous.

Cross-lighting stability analysis reveals significant variation in confusion patterns across lighting conditions. The
Mirror→Background confusion shows the highest variance (RGB1: 7,827 pixels; RGB3: 5,640; RGB5: 9,831), a
+74.3% increase from RGB3 to RGB5 (half-range ±2, 096 px). Other background-related pairs vary less, with half-
range values of ±188 px for Background→Mirror (731/355/550) and ±282 px for Background→Carrot (800/236/453).

Spatial Error Distribution

Pixel-level error localisation reveals that failures concentrate in predictable spatial regions rather than a ran-
dom distribution. Figure 4.14 illustrates the spatial patterns of boundary errors versus true misclassifications for a
representative class.
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Figure 4.14: Spatial error distribution for the class Lemon Bad under RGB3 conditions. The top row shows RGB input,
ground truth, prediction, and error map (orange: boundary errors within 3 pixels of edges; red: misclassifications).
The bottom row shows the corresponding DIN, thermal, and UV modalities. Error concentration at object boundaries
and decay transitions is evident, with 642 boundary pixels versus 2,167 misclassification pixels. GT: Lemon (Blue),
Lemon Bad (Lime), Lemon Fake (Red), Mirror (Cyan), Bowl (Magenta), Mandarin (Yellow), Mandarin Bad (Light
Grey), Mandarin Fake (Grey).

Error concentration analysis across all 32 classes and the three RGB setting reveals four primary failure regions:

• Object boundaries and annotation artefacts (56% of all errors): Boundary-error pixels within 3 px of edges
total 109,515. The confusion matrix shows a strong asymmetry in mirror regions: Mirror→Background
is 23,298 pixels, whereas the reverse Background→Mirror is 1,636. Similar asymmetries appear for bowls
and kettles: Bowl→Background 7,917 vs. Background→Bowl 1,041, and Kettle→Background 4,315 vs.
Background→Kettle 137. These patterns are consistent with reflective and intricate boundaries where annotation
fragmentation and local appearance cues can diverge from the network’s spatial coherence. Given Mirror’s
99.92% accuracy under optimal lighting (RGB3), many such pixels likely reflect annotation/edge effects rather
than substantive detection failures.

• Decay transition zones (21% of all errors; 47% of misclassifications): Across all Good/Bad pairs, state-based
confusions sum to 39,944 pixels. For the highlighted pairs: Lemon Bad↔Lemon 13,895, Pear Bad↔Pear
9,051, and Mandarin↔Mandarin Bad 8,937. As shown in Figure 4.14, these errors are scattered along gradual
decay gradients where no discrete boundary separates states.

• Background-to-object confusions (12% of all errors): Background→Object totals 23,422 pixels overall, with
notable contributors including Background→Mirror 1,636, Background→Bowl 1,041, and Background→Kettle
137. These arise where extreme intensities or ambiguous boundaries yield object-like cues in the background.

• Inter-class confusions (11% of all errors): The remaining errors (beyond boundary effects, state-based pairs,
and Background→object) occur at contact zones between spectrally similar materials where thermal cues blend
and depth discontinuities weaken.
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4.7.2 Modality ablation study

To quantify the contribution of each modality and diagnose robustness under sensor loss and degradation, we
conducted comprehensive ablations across three illumination settings: RGB1, RGB3, and RGB5, corresponding to
underexposed, optimal, and overexposed capture conditions, respectively. We evaluated both complete modality
removal and controlled corruptions that emulate realistic sensor failures.
We evaluated 21 scenarios: one baseline (Full), four drop ablations (Drop_DIN, Drop_T24, Drop_U8, Drop_RGB),
and sixteen noise ablations (four per modality). Noise ablations comprise one basic corruption and three advanced
types. The basic Noise applies lightweight additive Gaussian perturbations with modality-specific but globally fixed
scaling, followed by clamping to native data ranges. The advanced types— Gaussian, Salt & Pepper, and Speckle—
implement adaptive Gaussian noise (per-channel scaling based on channel statistics with modality-specific minimum
thresholds), impulse salt-and-pepper noise (modality-specific corruption probabilities), and multiplicative speckle
noise (modality-specific intensities) respectively, with appropriate range clamping. This yields 21 total scenarios: 1
baseline + 4 drop + 4 basic + 12 advanced. Implementation specifics can be found in 4.B.2. Figure 4.15 illustrates the
corruption types applied to the RGB3 modality.

Figure 4.15: Examples of the implemented noise types. Applied to RGB3; columns show Original, Noise, Gaussian,
Salt & Pepper, and Speckle.

Quantitative impact of modality removal

Across lighting settings, removal of the RGB stream yields the largest average degradation, followed by thermal,
DIN, and UV, matching the ranking by average mIoU loss. For the four complete drops, the mean degradations are
83.4% (Drop_RGB), 63.3% (Drop_T24), 56.5% (Drop_DIN), and 30.1% (Drop_U8), with the single most severe
configuration-specific collapse observed for RGB3_Drop_RGB at 90.2% degradation.

Sensor degradation scenarios and noise robustness

The noise corruption experiments reveal that degradation severity closely mirrors the dropout hierarchy. Most
critically, thermal speckle noise causes 57.7% mIoU degradation—approaching the 63.3% degradation from complete
thermal loss—indicating that corrupted thermal data can be nearly as detrimental as its absence. RGB exhibits
a similar vulnerability, with Gaussian noise inducing 50.3% degradation compared to 83.4% for complete RGB
removal. Salt-and-pepper corruption on thermal (55.3% degradation) further confirms the critical role of thermal.
DIN and UV show different patterns of noise resilience. UV corruptions cause minimal degradation (typically under
5%), likely reflecting the network’s selective use of UV cues—UV dropout causes only 30.1% degradation compared
to 56.5% for DIN. Notably, specific classes, such as Apple Green Bad, actually improve when UV is removed or
when Gaussian noise is introduced to DIN, suggesting that these modalities can provide conflicting signals for specific
categories. This selective modality usage demonstrates that the fusion mechanism learns task-specific dependencies,
prioritising RGB and thermal for most classes whilst reserving UV for specialised discrimination tasks such as synthetic
material detection. The consistent vulnerability hierarchy across both dropout and corruption tests confirms these
learnt dependencies are systematic features of the trained model.
Per-class analysis confirms that losses concentrate on classes whose discriminative cues are tightly coupled to the
ablated modality. Under Drop_RGB, Apple declines from an average IoU of 0.968 to 0.000, Grapes Blue from 0.957
to 0.045, and Mirror from 0.989 to 0.459, illustrating the dependence of chromatically distinctive and texture-rich
categories on RGB cues. Under Drop_T24, thermally separable categories collapse, for example, Cup Cold from
0.961 to 0.000 and Cup Hot from 0.960 to 0.213, while Grapes Blue falls from 0.957 to 0.287. Under Drop_DIN,
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Figure 4.16: Heatmap of class-wise IoU changes under drops and corruptions, red cells indicate low IoU scores and
green indicate a good IoU score. Ablation Scenarios (RGB1/3/5 per scenario) D = Drop, N= Noise, G = Gaussian, SP
= Salt & Pepper, S = Speckle.

geometrically intricate structures are most affected, for example, Grapes Blue from 0.957 to 0.503 and Bowl from
0.930 to 0.270. UV removal is most consequential for certain synthetic material categories, for example, Apple Green
Fake, which decreased from 0.930 to 0.538, and Grapes Green Fake, which decreased from 0.938 to 0.738. Figure 4.16
presents a heatmap of the class-level IoU data, and Table 4.9 in 4.C presents network-level data, including per-stage
gate activations.

Cross-RGB robustness

To assess lighting consistency, we calculated the coefficient of variation [30] across RGB1, RGB3, and RGB5 for
each scenario. The results indicate an uneven distribution of robustness, with 13 scenarios classified as Low, five as
Medium, and three as High. The Full baseline and the thermal-centred scenarios Drop_T24 and Speckle_T24 are
among the most stable (High robustness). By contrast, scenarios dominated by DIN or UV under noise tend to be
in the Low group. Drop_RGB is rated as Medium, reflecting the severe collapse under RGB3 that is partly offset by
milder degradation in RGB1 and RGB5. Overall, these findings align with the baseline cross-lighting stability reported
above.

Failure Mechanisms Under Ablation and Degradation

In our multi-scale architecture, Stages 1 to 4 proceed from the highest to the lowest spatial resolution, with feature
map dimensions of H/4×W/4, H/8×W/8, H/16×W/16, and H/32×W/32, respectively, where H×W represents the input
dimensions. Analysis of gate activation patterns reveals lighting-dependent modality utilisation. Under underexposed
conditions (RGB1), thermal gates show moderate activation (59.4%) while UV remains relatively inactive (40.5%).
Under optimal lighting (RGB3), thermal activation increases to 82.6% while UV is strongly suppressed (25.2%). Under
overexposure (RGB5), thermal reaches near-complete activation (99.4%) while UV increases to 59.1%, suggesting
UV provides complementary information primarily under challenging overexposed conditions.
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The gating dynamics vary significantly across network stages. Early encoder stages (1-2) exhibit adaptive, continuous-
valued gating that responds to input conditions—Stage 1 UV gates vary from 0.189 to 0.922 across scenarios while
Stage 2 shows the widest dynamic range (thermal: 0.003-0.979, UV: 0.341-1.000). In contrast, later stages (3-4)
display binary switching behaviour, with Stage 3 fixed near saturation or suppression, and Stage 4 showing discrete
lighting-dependent configurations.
Within the encoder, Stage 1 maintains consistently high thermal activation across all conditions (>0.998), while
UV activation at this stage varies with lighting (RGB1: 0.623, RGB3: 0.434, RGB5: 0.591). Stage 2 shows a
different pattern, with UV dominating under underexposed conditions (RGB1: UV=0.993 vs thermal=0.377) but both
modalities becoming highly active under overexposure (RGB5: thermal=0.977, UV=0.735). This complementary
gating suggests the network learns to extract different features from each modality at different spatial resolutions.
These gating patterns reveal learnt but static modality dependencies that explain the differential impact of RGB removal.
Under optimal lighting (RGB3), the network learns to extract highly detailed features from RGB, relegating auxiliary
modalities to supplementary roles—the gates essentially specialise rather than adapt. This specialisation becomes
catastrophic when RGB is removed (8.6% mIoU), as the pre-trained gates cannot dynamically adjust to redistribute
processing to the available thermal and UV channels. Conversely, under challenging conditions, such as overexposure
(RGB5), the network learns from the outset to rely more heavily on auxiliary modalities (thermal gates at 0.994),
making it more resilient to RGB removal (13.0% mIoU). This suggests that the gates encode fixed strategies optimised
for specific lighting conditions, rather than adaptive mechanisms that can respond to runtime modality availability.

4.7.3 Comparative Analysis of Failure Modes

Our analysis reveals two distinct failure regimes that emerge under different operational conditions. When all
modalities function normally, errors concentrate at semantic boundaries and ambiguous regions—achieving 99.88%
overall accuracy with only 0.12% error rate. These errors comprise boundary localisation issues (0.115%) and true
misclassifications (0.0015%), primarily affecting degraded produce categories where decay transitions lack discrete
boundaries.
Modality loss triggers catastrophic, systematic failures that dwarf baseline errors. The severity follows a clear hierarchy:
RGB removal causes the most severe degradation (75.5% loss for RGB1, 90.2% for RGB3, 84.6% for RGB5), thermal
removal substantially impacts performance (65.7% for RGB1, 58.0% for RGB3, 66.3% for RGB5), DIN removal
shows moderate to severe effects (67.1% for RGB1, 33.3% for RGB3, 69.2% for RGB5), while UV removal has the
smallest but still significant impact (31.9% for RGB1, 25.9% for RGB3, 32.4% for RGB5). These failures concentrate
in modality-dependent classes—Cup Cold drops from 96.1% to 0.0% IoU without thermal, while Apple Green Fake
falls from 93.0% to 53.8% without UV signatures.
The gating analysis reveals why RGB3 suffers most severely from RGB removal (90.2% degradation versus 75.5% for
RGB1 and 84.6% for RGB5). Under optimal RGB3 conditions, the network develops specialised processing with high
thermal reliance (gates: 0.826) while strongly suppressing UV (0.252), with RGB providing primary discriminative
features. These learnt gate configurations remain fixed during inference; when RGB disappears, the pre-trained
gates cannot dynamically redistribute the processing load. RGB5’s near-complete thermal activation (gates: 0.994)
combined with moderate UV activation (0.591) provides slightly better resilience, reducing RGB removal impact to
84.6%. RGB1, with moderate activation of both thermal (0.594) and UV (0.405), maintains the best resilience (75.5%
degradation) due to its more balanced multi-modal processing strategy.

4.8 Conclusion
We have introduced GatedFusion-Net, a lightweight hierarchical fusion architecture that delivers state-of-the-art

segmentation on the five-modality MM5 dataset at real-time speeds. By injecting a data-level Depth-Intensity-Normal
(DIN) composite into the SegFormer backbone at every encoder scale, our model sharpens object boundaries and
mitigates saturation or underexposure artefacts without extra memory overhead. Aligned thermal (T24) and ultraviolet
(U8) streams are rectified via CMX’s FRM and then gated per-pixel by learnt sigmoid masks, ensuring that only
informative cues contribute to the final representation.
With 24M parameters and 17.3 GFLOPs, GatedFusion-Net achieves up to 74 fps (four-modality) and 55 fps (five-
modality) on 640×480 inputs, while reaching a peak mIoU of 88.3% and 99.8% pixel accuracy. The network
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maintains robust performance under under- and over-exposed RGB, where adding DIN raises mIoU from 60.1% to
85.6%, nearly matching the 86.6% obtained with ideal RGB, confirming that NIR and depth effectively compensate
for degraded colour information. Thermal cues consistently yield the most significant standalone gains, especially for
detecting rot, and UV aids in distinguishing synthetic replicas from genuine produce.
Our comprehensive failure analysis reveals important limitations alongside these achievements. Whilst the system
maintains high accuracy under normal operation, certain semantic categories remain challenging—degraded produce
classes such as Pear Bad exhibit error rates exceeding 23%, and complete modality loss triggers catastrophic failures
with up to 90.2% performance degradation. The analysis of gate activation patterns indicates that our fusion learns
static, lighting-specific strategies rather than adaptive mechanisms, explaining why RGB removal under optimal
lighting causes more severe degradation (90.2%) than under challenging conditions (75.5% for RGB1). These
findings demonstrate that, while our architecture achieves robust multimodal integration for real-world applications,
the identified failure modes under sensor loss reveal opportunities for developing adaptive fusion mechanisms that can
dynamically reconfigure when modalities become unavailable.
These findings confirm that stage-wise, transformer-based fusion can seamlessly integrate more than three modalities
for both domestic and industrial inspection tasks, and that modality-wise gating provides a lightweight alternative to
heavier attention modules. Future work will explore adaptive quality prediction to further down-weight unreliable
streams and extend the framework to additional sensor types.
We acknowledge that our work is validated exclusively on the MM5 dataset, which comprises indoor scenes of produce
(fruit and vegetables) captured under controlled lighting variations. The generalisation of our learnt weighting patterns
to other multi-modal datasets, outdoor environments, or different object categories and sensor combinations remains
to be explored empirically.

4.9 Future Work
While the proposed fusion architecture establishes a strong baseline for multimodal segmentation on the MM5

dataset, several directions remain for further exploration and improvement.
Addressing Class Imbalance: The MM5 dataset exhibits a long-tail distribution. Future work will focus on
mitigating this imbalance through strategies such as stratified or synthetic data augmentation, class-balanced and
focal loss functions, and few-shot adaptation techniques that could further improve segmentation performance for rare
classes.
Advanced Regularisation and Training Protocols: Although our results indicate that smaller models (e.g., MiT-B0)
benefit more from extended training, while larger backbones (e.g., MiT-B2) plateau more rapidly, exploring advanced
regularisation strategies, including curriculum learning, more substantial data augmentation, or semi-supervised
learning, could further improve generalisation and resource efficiency. Future experiments may also systematically
compare the impact of early stopping, adaptive learning rates, and other optimisation techniques not applied in the
present study.
Adaptive Fusion Mechanisms: Our failure analysis reveals that current gating learns static, lighting-dependent
strategies rather than adapting to runtime sensor availability. Future architectures could incorporate three key improve-
ments: structured modality dropout during training to encourage robust, redundant feature extraction across all sensors;
explicit degradation detection mechanisms that dynamically adjust gating weights when input quality degrades; and
regularisation techniques that enforce cross-modal redundancy for critical features, preventing catastrophic failure
when individual modalities become unavailable.
Benchmarking and Transferability: As the MM5 dataset becomes a reference point for multimodal segmentation,
future work will also focus on extending the dataset to include additional object classes, capturing the same classes in
diverse environments, and acquiring sequences of video footage. These efforts will further expand the benchmarking
capabilities of MM5 and enable a more comprehensive evaluation of model generalisability across varied conditions.

Code Availability
The code used in this paper will be made publicly available at

https://github.com/martinbrennernz/MM5-Dataset
upon publication of this work.

https://github.com/martinbrennernz/MM5-Dataset
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4.A Detailed Network Results

4.A.1 MiT-B0 500 Epochs

Table 4.6: Detailed IoU results for various modality combinations and lighting conditions trained for 500 epochs (best
in each row bold) using a MiT-B0 backbone. DIN: Depth-Intensity-Normals fused; T24: processed thermal; U8:
ultraviolet; RGB1: under-exposed RGB; RGB3: ideal RGB; RGB5: over-exposed RGB. "Bad" classes are partially
rotten; "Fake" classes are replicas.
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Background 99.6 99.6 99.8 99.8 99.9 99.8 99.8 99.9 99.8 99.8 99.9 99.8
Lemon 56.0 60.0 64.4 70.5 70.8 60.1 73.7 79.2 69.9 79.3 81.1 71.9
Lemon Bad 44.1 36.9 47.1 66.6 70.2 52.1 64.0 72.1 62.9 77.2 76.6 68.1
Lemon Fake 19.9 31.9 29.6 6.2 35.1 18.8 84.5 88.2 78.5 87.2 87.3 78.5
Mirror 95.7 96.3 97.9 98.2 98.7 97.6 98.4 98.7 98.5 98.2 98.9 98.2
Bowl 86.4 86.7 90.1 91.5 92.1 90.5 91.0 91.7 90.3 92.0 93.0 92.5
Mandarin 74.5 78.6 83.2 72.3 78.6 67.9 83.4 82.0 78.4 83.1 84.4 71.8
Mandarin Bad 45.7 53.8 57.1 45.6 57.6 28.6 64.5 57.0 51.5 62.9 67.8 53.9
Mandarin Fake 81.5 86.6 88.0 54.4 65.8 57.0 90.0 84.7 89.1 86.1 88.0 62.2
Kettle 87.4 86.4 94.4 94.5 95.4 94.0 93.8 95.3 95.1 92.6 96.5 94.6
Lemon Half 29.9 25.3 33.8 40.3 57.6 49.7 77.1 71.4 78.8 64.9 73.6 71.4
Mandarin Half 29.3 28.8 74.6 35.5 63.5 49.8 68.9 67.5 60.5 65.0 72.0 66.1
Mandarin Peel 32.1 67.4 53.9 53.2 66.9 34.7 75.9 43.2 31.6 65.2 76.7 56.0
Cup Hot 43.8 44.4 81.0 92.0 88.7 89.1 94.1 95.2 93.8 93.8 96.0 93.9
Onion Red 76.6 78.1 95.7 82.6 95.9 62.9 89.8 96.5 94.7 92.6 96.5 94.7
Onion 82.5 83.0 96.0 91.1 96.5 95.6 90.2 96.7 95.8 94.0 97.1 95.9
Grapes Green 75.7 77.3 89.8 88.0 90.3 89.3 87.7 90.0 91.2 91.0 93.6 92.9
Grapes Green Bad 60.7 75.5 87.0 81.3 87.1 85.5 83.9 89.3 89.1 85.8 90.5 89.1
Grapes Green Fake 73.8 75.3 89.3 83.1 92.6 90.5 87.3 93.4 90.7 85.6 93.8 90.1
Grapes Blue Fake 82.8 85.8 93.8 74.7 92.5 89.6 88.6 93.9 95.5 88.2 95.9 93.2
Grapes Blue 10.2 11.3 93.5 70.2 89.2 84.6 90.3 93.8 95.6 94.1 95.8 96.4
Grapes Blue Bad 34.6 35.1 94.2 92.3 94.9 95.9 92.5 94.9 96.2 93.7 95.6 95.9
Apple 52.7 58.9 91.9 55.3 88.6 48.1 96.1 96.1 96.5 96.1 96.8 96.6
Apple Fake 64.7 59.4 89.5 58.4 85.2 66.9 95.3 93.8 94.6 95.0 95.6 94.6
Apple Green 67.9 64.2 89.5 74.8 85.8 80.1 94.4 94.9 94.0 82.4 87.2 83.7
Apple Green Bad 60.9 46.7 94.8 59.7 72.7 59.0 75.5 92.0 92.1 60.9 75.3 72.5
Apple Green Fake 66.3 70.5 83.4 93.3 94.1 94.0 81.8 90.6 92.7 85.4 93.0 94.2
Cup Cold 28.8 29.2 89.6 91.6 90.3 93.7 93.1 94.4 92.3 90.4 96.1 92.7
Pear 48.2 66.0 75.7 70.8 78.3 76.0 75.2 79.6 73.8 76.5 75.8 76.1
Pear Bad 43.9 57.2 75.7 68.5 77.8 69.9 75.9 78.5 71.8 74.3 73.9 76.5
Carrot 66.5 41.6 87.3 86.5 89.5 88.2 91.4 91.9 91.3 91.9 92.6 92.3
Carrot Fake 41.9 26.6 71.2 77.3 78.1 76.8 91.9 85.0 84.4 92.6 87.9 87.0
Mean IoU 58.3 60.1 80.7 72.5 81.9 73.0 85.6 86.6 84.7 84.9 88.3 84.2
Freq IoU 98.6 98.6 99.3 99.1 99.4 99.1 99.4 99.5 99.5 99.4 99.6 99.4
Mean Pixel Acc 71.1 72.4 88.7 82.5 88.9 82.5 92.3 92.3 91.3 92.4 93.9 91.1
Pixel Acc 99.1 99.1 99.6 99.5 99.7 99.5 99.7 99.8 99.7 99.7 99.8 99.7
Mean Rank 11.1 10.4 6.7 9.0 5.3 8.4 5.4 3.7 5.4 5.6 2.2 4.8
FPS 104 104 104 74 74 74 74 74 74 55 55 55
Parameters 11M 11M 11M 18M 18M 18M 18M 18M 18M 24M 24M 24M
GFLOPs 10.8 10.8 10.8 14.5 14.5 14.5 14.5 14.5 14.5 17.3 17.3 17.3
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4.A.2 MiT-B2 250 Epochs

Table 4.7: Detailed IoU results for various modality combinations and lighting conditions trained for 250 epochs (best
in each row bold) using a MiT-B2 backbone. DIN: Depth-Intensity-Normals fused; T24: Processed Thermal; U8:
Ultraviolet; RGB1: Underexposed RGB; RGB3: Ideal RGB; RGB5: Overexposed RGB. Bad classes are partially
rotten; Fake classes are replicas.
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Background 96.4 99.5 99.7 99.7 99.8 99.8 99.6 99.7 99.7 99.7 99.8 99.7
Lemon 50.1 54.9 63.3 68.7 68.1 63.9 72.7 68.7 71.3 75.9 79.0 69.4
Lemon Bad 32.6 50.1 53.6 71.8 66.7 60.3 65.7 57.6 66.8 72.7 71.1 68.2
Lemon Fake 21.9 61.5 39.3 41.4 41.4 38.5 86.5 74.6 80.4 86.0 90.2 81.7
Mirror 49.1 95.3 94.9 98.1 98.3 97.4 95.5 96.5 97.5 97.5 98.9 97.6
Bowl 68.3 77.5 89.5 89.3 91.6 89.0 84.4 86.7 87.2 90.3 91.2 86.1
Mandarin 70.0 64.7 84.7 75.7 80.6 72.6 82.1 80.6 76.4 87.0 85.7 73.5
Mandarin Bad 36.3 33.2 73.2 62.3 62.8 29.4 58.9 58.0 55.4 75.7 68.7 58.4
Mandarin Fake 59.5 57.0 83.1 62.8 75.8 79.5 82.7 75.7 66.7 88.1 91.2 84.9
Kettle 50.3 83.4 88.6 85.9 93.7 91.0 84.7 89.2 88.2 87.4 94.3 92.8
Lemon Half 39.3 68.3 51.8 42.1 56.7 32.0 69.1 51.1 64.1 57.8 61.4 64.9
Mandarin Half 56.3 17.0 69.4 33.5 64.3 45.2 77.0 67.7 57.4 57.0 73.3 65.0
Mandarin Peel 0.0 1.2 43.0 56.6 28.3 34.3 71.5 36.7 15.8 67.5 56.2 67.1
Cup Hot 34.9 86.0 65.2 71.9 85.6 86.9 90.8 90.1 93.2 93.2 95.0 93.9
Onion Red 68.3 71.6 94.6 78.9 94.2 79.7 88.2 92.7 93.4 85.3 94.9 93.3
Onion 77.7 89.0 94.6 88.3 95.5 94.7 89.0 93.9 94.4 82.6 95.4 93.7
Grapes Green 64.6 62.0 87.6 83.0 90.7 87.6 86.2 87.3 90.8 86.8 90.0 91.9
Grapes Green Bad 32.6 48.7 84.8 79.7 86.5 79.8 78.0 88.8 88.1 83.4 90.3 86.3
Grapes Green Fake 61.2 44.8 83.3 84.4 92.0 88.3 85.0 87.4 89.9 84.7 85.6 79.9
Grapes Blue Fake 54.1 29.8 79.5 88.5 79.0 93.3 89.5 93.6 93.9 89.7 86.2 83.4
Grapes Blue 23.5 35.1 59.0 71.7 48.4 95.0 89.9 92.1 94.0 88.1 93.9 93.3
Grapes Blue Bad 28.7 61.2 79.5 82.0 89.0 95.3 84.5 92.4 94.5 87.6 93.6 94.9
Apple 49.5 83.0 83.4 79.4 85.7 73.3 93.5 91.3 95.2 95.1 95.8 95.2
Apple Fake 45.7 69.1 82.2 74.6 82.2 81.7 92.5 88.4 93.8 93.8 94.8 94.7
Apple Green 54.6 61.1 83.6 71.5 84.8 84.8 86.5 82.8 85.7 86.1 84.7 82.4
Apple Green Bad 33.7 56.9 61.7 51.2 64.8 59.8 82.0 59.9 80.7 77.0 74.4 60.6
Apple Green Fake 44.6 56.3 91.3 91.5 93.6 93.7 91.9 80.5 89.1 89.7 94.6 93.1
Cup Cold 19.1 74.8 70.0 53.4 86.6 86.4 88.0 88.7 92.3 91.7 94.7 92.6
Pear 30.6 38.8 61.5 71.4 71.9 67.3 61.8 62.2 71.4 75.4 78.9 76.0
Pear Bad 13.0 30.2 59.4 70.6 78.1 77.9 51.4 53.5 69.4 74.5 78.6 78.4
Carrot 58.8 86.9 85.9 83.6 89.7 87.4 89.9 86.0 90.0 89.9 91.2 91.6
Carrot Fake 41.3 70.9 69.0 71.8 80.6 78.2 88.4 71.5 83.5 85.5 82.9 89.7
Mean IoU 45.8 58.2 75.3 73.0 78.3 75.7 82.4 78.9 81.6 83.8 86.1 83.6
Freq IoU 93.8 98.5 99.0 99.1 99.3 99.2 99.1 99.1 99.3 99.3 99.5 99.3
Mean Pixel Acc 63.9 69.7 85.5 83.7 86.9 85.7 91.8 87.4 90.3 92.4 93.7 91.9
Pixel Acc 95.8 99.1 99.4 99.5 99.6 99.5 99.5 99.5 99.6 99.6 99.7 99.6
Mean Rank 10.7 10.5 6.4 9.0 5.8 7.8 5.7 3.3 6.3 4.8 2.9 4.9
FPS 39 39 39 29 29 29 29 29 29 25 25 25
Parameters 67M 67M 67M 106M 106M 106M 106M 106M 106M 140M 140M 140M
GFLOPs 60.9 60.9 60.9 84.8 84.8 84.8 84.8 84.8 84.8 105.0 105.0 105.0
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4.A.3 MiT-B0 Comparison

Table 4.8: Class-wise segmentation results for representative fusion architectures using the MiT-B0 backbone and
each network trained on 500 epochs. Each column group corresponds to a different fusion strategy: GF-Net SWIF-
Gated (stage-wise intensity fusion with per-pixel gating), GF-Net Gated (per-pixel gating on fused DIN or on
separate D_FocusN+I streams), CMX FRM/FFM - PAV (feature-rectify and channel-wise fusion with parallel
average combination), and a downsampled variant (GF-Net SWIF-Gated, DIN at 320 × 240 resolution). Results are
reported under three lighting conditions (underexposed ’RGB1’, ideal ’RGB3’, overexposed ’RGB5’). All values are
mean IoU per class. The bottom rows report the mean rank for each method, with lower values indicating stronger and
more consistent performance across classes and the average scores. This table substantiates the observed advantages
of stage-wise, per-pixel gated fusion for robust multimodal segmentation, especially in adverse lighting and quantifies
the trade-offs in accuracy, computational complexity, and efficiency among the variations.

GF-Net SWIF-Gated GF-Net Gated GF-Net Gated CMX FRM/FFM - PAV GF-Net SWIF-Gated
(DIN) (D_FocusN+I) (DIN) (DIN) (DIN - 320x240)
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Background 99.9 99.9 99.8 99.8 99.9 99.8 99.8 99.9 99.8 99.8 99.9 99.8 99.7 99.7 99.7
Lemon 79.3 81.1 71.9 75.3 80.5 70.0 77.8 78.8 73.8 73.9 75.4 68.2 66.7 67.4 67.8

Lemon Bad 77.2 76.6 68.1 66.9 75.8 60.1 73.9 71.2 66.3 75.0 66.2 65.9 65.4 60.1 62.4
Lemon Fake 87.2 87.3 78.5 71.7 85.7 82.3 78.0 87.7 82.7 70.1 86.1 79.1 55.2 75.4 63.0

Mirror 98.2 98.9 98.2 98.0 98.6 98.0 98.3 98.6 98.3 98.3 98.8 98.1 97.0 95.9 96.1
Bowl 92.0 93.0 92.5 92.0 92.9 92.5 91.8 93.4 93.0 91.7 93.2 92.2 89.1 91.4 90.8

Mandarin 83.1 84.4 71.8 79.6 83.7 73.3 86.6 79.7 82.8 80.3 84.2 69.7 75.0 87.5 71.8
Mandarin Bad 62.9 67.8 53.9 60.8 63.1 34.8 76.3 56.4 56.6 57.7 65.7 46.9 58.4 77.8 56.3
Mandarin Fake 86.1 88.0 62.2 59.0 80.0 76.0 80.5 74.5 90.3 59.3 81.7 83.3 43.9 91.1 44.2

Kettle 92.6 96.5 94.6 90.8 95.2 94.0 92.2 95.5 95.2 93.0 95.5 95.3 91.0 95.1 94.6
Lemon Half 64.9 73.6 71.4 68.3 68.8 65.3 70.3 72.3 69.7 64.5 70.1 66.1 47.4 54.2 62.0

Mandarin Half 65.0 72.0 66.1 68.6 77.2 55.9 65.0 59.8 64.1 66.1 77.3 60.2 48.4 56.9 59.4
Mandarin Peel 65.2 76.7 56.0 62.5 80.7 41.7 65.9 56.6 54.5 58.8 82.6 47.5 35.2 36.2 25.8

Cup Hot 93.8 96.0 93.9 93.7 95.0 94.6 94.7 93.3 94.1 93.9 95.1 93.7 92.1 93.8 91.5
Onion Red 92.6 96.5 94.7 92.5 96.2 94.7 89.3 96.3 94.5 92.8 95.9 94.2 87.4 94.4 93.1

Onion 94.0 97.1 95.9 93.6 96.7 96.0 90.2 96.8 96.2 94.6 96.9 96.1 86.8 94.6 91.6
Grapes Green 91.0 93.6 92.9 88.6 92.8 92.1 83.3 92.8 93.3 87.0 92.7 92.3 88.0 89.3 86.0

Grapes Green Bad 85.8 90.5 89.1 85.6 87.5 85.2 85.3 90.2 89.7 86.5 90.9 88.2 86.1 87.2 86.1
Grapes Green Fake 85.6 93.8 90.1 72.7 93.6 88.5 69.4 86.8 93.0 80.5 94.0 92.2 85.2 86.3 80.1
Grapes Blue Fake 88.2 95.9 93.2 64.9 96.0 80.5 68.0 90.1 94.4 83.9 95.5 95.3 85.8 88.9 92.2

Grapes Blue 94.1 95.8 96.4 93.7 95.5 73.5 93.8 95.1 96.5 93.8 95.3 96.7 86.2 93.1 91.5
Grapes Blue Bad 93.7 95.6 95.9 93.2 95.1 96.1 93.9 95.6 96.7 94.1 95.8 96.6 92.5 94.6 93.9

Apple 96.1 96.8 96.6 95.6 96.1 96.5 96.0 96.7 96.8 95.4 96.9 96.5 92.6 94.6 93.8
Apple Fake 95.0 95.6 94.6 95.0 95.8 94.6 94.0 96.1 95.4 93.1 95.5 95.0 90.2 93.6 92.3
Apple Green 82.4 87.2 83.7 90.5 92.6 89.8 94.4 88.7 87.6 92.7 88.7 89.3 87.6 87.7 86.7

Apple Green Bad 60.9 75.3 72.5 85.2 89.2 82.5 92.1 77.8 77.3 77.9 79.9 79.0 56.2 61.6 66.6
Apple Green Fake 85.4 93.0 94.2 91.4 94.5 93.5 93.2 94.1 92.9 83.3 94.5 93.8 76.6 82.1 81.7

Cup Cold 90.4 96.1 92.7 92.4 95.5 94.2 93.2 94.3 94.9 93.8 94.9 94.7 90.7 93.6 90.3
Pear 76.5 75.8 76.1 68.0 77.1 76.2 76.1 68.2 78.3 73.1 72.6 78.9 62.0 72.7 69.3

Pear Bad 74.3 73.9 76.5 60.4 74.3 76.1 77.2 68.1 77.8 70.3 74.2 78.5 53.0 73.9 68.3
Carrot 91.9 92.6 92.3 91.6 93.2 89.2 92.3 91.8 92.6 90.9 92.9 92.2 88.9 88.9 87.9

Carrot Fake 92.6 87.9 87.0 90.9 90.0 77.8 91.4 84.9 87.9 89.1 89.2 88.4 86.7 80.8 83.2
Mean IoU 84.9 88.3 84.2 82.3 88.4 81.7 85.1 85.1 86.1 83.0 87.8 84.5 76.5 82.5 78.7
Freq IoU 99.4 99.6 99.4 99.3 99.6 99.4 99.4 99.5 99.5 99.4 99.5 99.4 99.1 99.2 99.1

Mean Pixel Acc 92.4 93.9 91.1 90.1 93.5 88.5 92.4 91.2 92.0 90.5 93.4 90.8 85.0 89.1 86.3
Pixel Acc 99.7 99.8 99.7 99.6 99.8 99.7 99.7 99.7 99.7 99.7 99.8 99.7 99.5 99.6 99.5

Mean Rank 8.4 3.6 7.5 10.1 4.0 9.2 7.9 6.4 5.7 9.4 4.0 7.1 13.5 10.4 12.8
FPS 55 55 55 41 41 41 52 52 52 37 37 37 91 91 91

Parameters 24M 24M 24M 29M 29M 29M 23M 23M 23M 23M 23M 23M 24M 24M 24M
Gflops 17.3 17.3 17.3 19.27 19.27 19.27 16.55 16.55 16.55 20.95 20.95 20.95 4.4 4.4 4.4
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4.B Implementation Details

4.B.1 DIN Preprocessing Details

We generate the normal channel as follows:

1. Apply a bilateral filter to the depth focus image to suppress noise while preserving edges.

2. Compute horizontal and vertical gradients using the Scharr operator.

3. Form unnormalised normal vectors (nx, ny, nz) by combining gradients with a constant z component.

4. Normalise each vector to unit length, then smooth each component with a Gaussian filter.

5. Add an ambient offset to nz and apply gamma correction.

6. Linearly scale to 8-bit range, then apply CLAHE for local contrast enhancement.

7. Multiply by 0.6 to moderate influence, and merge with the raw depth and intensity channels into a three-channel
DIN image.

This pipeline runs in approximately 0.02 s per frame on a CPU, adding negligible overhead to the real-time system.

4.B.2 Noise Type Details

The noise type implementation specifics are as follows. Basic Noise corruptions add zero-mean Gaussian noise
with single scale factors per modality: RGB receives channel-wise additive noise in the [0,255] domain with scale
proportional to a global intensity parameter; thermal (T24) and UV (U8) use modality-aware scales; DIN employs
depth-specific scaling; all outputs are clipped to valid ranges. Advanced Gaussian corruptions adapt noise levels to
each channel’s standard deviation with modality-specific minima to prevent vanishing perturbations (approximately
15 for DIN, 20 for T24, 10 for U8, and 20 for RGB in pixel units). Advanced SaltPepper corruptions use modality-
specific corruption probabilities (DIN: 0.15×intensity, T24: 0.20×, U8: 0.10×, RGB: 0.10×). Advanced Speckle
corruptions apply multiplicative noise with modality-specific gains (DIN: 0.4×, T24: 0.6×, U8: 0.3×, RGB: 0.35×),
with results clamped to valid ranges.
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4.C Ablation Details

Table 4.9: Comprehensive Ablation Analysis Summary
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RGB1 Full Baseline None 84.9 0.0 0.594 0.405 0.999 0.623 0.377 0.993 1.000 0.002 0.000 0.000
RGB1 Drop_DIN Complete Removal DIN 27.9 67.1 0.580 0.407 0.998 0.637 0.323 0.990 1.000 0.000 0.000 0.000
RGB1 Drop_RGB Complete Removal RGB 20.8 75.5 0.501 0.329 0.999 0.316 0.006 1.000 1.000 0.000 0.000 0.000
RGB1 Drop_T24 Complete Removal T24 29.1 65.7 0.630 0.405 0.981 0.623 0.537 0.997 1.000 0.001 0.000 0.000
RGB1 Drop_U8 Complete Removal U8 57.8 31.9 0.600 0.341 0.999 0.362 0.402 1.000 1.000 0.000 0.000 0.000
RGB1 Gaussian_DIN Gaussian Noise DIN 82.9 2.4 0.589 0.408 0.999 0.634 0.357 0.996 1.000 0.002 0.000 0.000
RGB1 Gaussian_RGB Gaussian Noise RGB 34.2 59.7 0.726 0.416 0.999 0.900 0.906 0.762 1.000 0.001 0.000 0.000
RGB1 Gaussian_T24 Gaussian Noise T24 49.2 42.1 0.609 0.404 0.993 0.623 0.444 0.992 1.000 0.002 0.000 0.000
RGB1 Gaussian_U8 Gaussian Noise U8 79.4 6.5 0.584 0.394 0.999 0.576 0.338 0.997 1.000 0.002 0.000 0.000
RGB1 Noise_DIN Basic Noise DIN 84.0 1.1 0.589 0.407 0.999 0.633 0.359 0.993 1.000 0.002 0.000 0.000
RGB1 Noise_RGB Basic Noise RGB 30.9 63.6 0.733 0.422 0.998 0.922 0.935 0.765 1.000 0.001 0.000 0.000
RGB1 Noise_T24 Basic Noise T24 43.8 48.5 0.608 0.404 0.985 0.623 0.446 0.993 1.000 0.002 0.000 0.000
RGB1 Noise_U8 Basic Noise U8 83.3 1.9 0.588 0.392 0.999 0.569 0.351 0.997 1.000 0.003 0.000 0.000
RGB1 SaltPepper_DIN Salt&Pepper Noise DIN 82.4 2.9 0.590 0.408 0.999 0.636 0.360 0.995 1.000 0.002 0.000 0.000
RGB1 SaltPepper_RGB Salt&Pepper Noise RGB 31.0 63.5 0.712 0.399 0.994 0.862 0.855 0.731 1.000 0.001 0.000 0.000
RGB1 SaltPepper_T24 Salt&Pepper Noise T24 29.9 64.8 0.610 0.405 0.966 0.623 0.472 0.994 1.000 0.001 0.000 0.000
RGB1 SaltPepper_U8 Salt&Pepper Noise U8 81.0 4.6 0.585 0.397 0.999 0.586 0.343 0.997 1.000 0.003 0.000 0.000
RGB1 Speckle_DIN Speckle Noise DIN 82.4 3.0 0.585 0.408 0.999 0.636 0.341 0.992 1.000 0.002 0.000 0.000
RGB1 Speckle_RGB Speckle Noise RGB 81.2 4.4 0.594 0.402 0.999 0.614 0.378 0.992 1.000 0.002 0.000 0.000
RGB1 Speckle_T24 Speckle Noise T24 29.8 65.0 0.607 0.405 0.962 0.623 0.466 0.995 1.000 0.001 0.000 0.000
RGB1 Speckle_U8 Speckle Noise U8 84.4 0.6 0.591 0.384 0.999 0.535 0.366 0.998 1.000 0.003 0.000 0.000
RGB3 Full Baseline None 88.3 0.0 0.826 0.252 0.999 0.434 0.306 0.574 1.000 0.000 1.000 0.000
RGB3 Drop_DIN Complete Removal DIN 58.9 33.3 0.810 0.255 0.999 0.420 0.240 0.600 1.000 0.000 1.000 0.000
RGB3 Drop_RGB Complete Removal RGB 8.6 90.2 0.750 0.194 0.999 0.296 0.003 0.478 1.000 0.000 1.000 0.000
RGB3 Drop_T24 Complete Removal T24 37.1 58.0 0.831 0.256 0.985 0.434 0.340 0.589 1.000 0.000 1.000 0.000
RGB3 Drop_U8 Complete Removal U8 65.4 25.9 0.827 0.290 0.999 0.189 0.309 0.972 1.000 0.000 1.000 0.000
RGB3 Gaussian_DIN Gaussian Noise DIN 87.7 0.7 0.828 0.255 0.999 0.438 0.315 0.580 1.000 0.000 1.000 0.000
RGB3 Gaussian_RGB Gaussian Noise RGB 51.0 42.2 0.800 0.285 0.998 0.505 0.202 0.636 1.000 0.000 1.000 0.000
RGB3 Gaussian_T24 Gaussian Noise T24 63.7 27.8 0.836 0.250 0.991 0.434 0.354 0.564 1.000 0.000 1.000 0.000
RGB3 Gaussian_U8 Gaussian Noise U8 82.9 6.1 0.820 0.176 0.999 0.363 0.280 0.341 1.000 0.000 1.000 0.000
RGB3 Noise_DIN Basic Noise DIN 88.1 0.2 0.826 0.252 0.999 0.433 0.304 0.573 1.000 0.000 1.000 0.000
RGB3 Noise_RGB Basic Noise RGB 81.6 7.5 0.816 0.256 0.999 0.433 0.266 0.592 1.000 0.000 1.000 0.000
RGB3 Noise_T24 Basic Noise T24 56.9 35.5 0.835 0.249 0.986 0.434 0.355 0.563 1.000 0.000 1.000 0.000
RGB3 Noise_U8 Basic Noise U8 87.1 1.3 0.824 0.223 0.999 0.388 0.297 0.502 1.000 0.000 1.000 0.000
RGB3 SaltPepper_DIN Salt&Pepper Noise DIN 87.6 0.7 0.830 0.253 0.999 0.436 0.322 0.575 1.000 0.000 1.000 0.000
RGB3 SaltPepper_RGB Salt&Pepper Noise RGB 64.7 26.7 0.812 0.277 0.999 0.488 0.251 0.620 1.000 0.000 1.000 0.000
RGB3 SaltPepper_T24 Salt&Pepper Noise T24 47.5 46.2 0.833 0.249 0.977 0.434 0.356 0.561 1.000 0.000 1.000 0.000
RGB3 SaltPepper_U8 Salt&Pepper Noise U8 84.9 3.8 0.822 0.202 0.999 0.388 0.288 0.421 1.000 0.000 1.000 0.000
RGB3 Speckle_DIN Speckle Noise DIN 88.1 0.2 0.824 0.251 0.999 0.435 0.298 0.569 1.000 0.000 1.000 0.000
RGB3 Speckle_RGB Speckle Noise RGB 71.8 18.7 0.807 0.245 0.999 0.407 0.230 0.571 1.000 0.000 1.000 0.000
RGB3 Speckle_T24 Speckle Noise T24 45.6 48.4 0.835 0.251 0.972 0.434 0.366 0.569 1.000 0.000 1.000 0.000
RGB3 Speckle_U8 Speckle Noise U8 88.1 0.2 0.826 0.232 0.999 0.380 0.304 0.550 1.000 0.000 1.000 0.000
RGB5 Full Baseline None 84.2 0.0 0.994 0.591 0.998 0.591 0.977 0.735 1.000 0.037 1.000 1.000
RGB5 Drop_DIN Complete Removal DIN 25.9 69.2 0.992 0.582 0.998 0.592 0.972 0.736 1.000 0.002 1.000 1.000
RGB5 Drop_RGB Complete Removal RGB 13.0 84.6 0.886 0.594 0.994 0.358 0.550 0.951 1.000 0.067 1.000 1.000
RGB5 Drop_T24 Complete Removal T24 28.4 66.3 0.940 0.595 0.814 0.591 0.946 0.766 1.000 0.023 1.000 1.000
RGB5 Drop_U8 Complete Removal U8 56.9 32.4 0.993 0.634 0.998 0.459 0.976 1.000 1.000 0.078 1.000 1.000
RGB5 Gaussian_DIN Gaussian Noise DIN 82.2 2.4 0.994 0.600 0.998 0.589 0.979 0.754 1.000 0.058 1.000 1.000
RGB5 Gaussian_RGB Gaussian Noise RGB 42.8 49.1 0.958 0.588 0.998 0.508 0.835 0.779 1.000 0.065 1.000 1.000
RGB5 Gaussian_T24 Gaussian Noise T24 55.3 34.3 0.988 0.594 0.978 0.591 0.976 0.745 1.000 0.040 1.000 1.000
RGB5 Gaussian_U8 Gaussian Noise U8 79.5 5.6 0.994 0.583 0.998 0.782 0.978 0.536 1.000 0.013 1.000 1.000
RGB5 Noise_DIN Basic Noise DIN 83.4 1.0 0.994 0.590 0.998 0.584 0.977 0.737 1.000 0.039 1.000 1.000
RGB5 Noise_RGB Basic Noise RGB 46.7 44.6 0.966 0.631 0.998 0.563 0.867 0.810 1.000 0.152 1.000 1.000
RGB5 Noise_T24 Basic Noise T24 49.4 41.3 0.983 0.595 0.962 0.591 0.968 0.748 1.000 0.040 1.000 1.000
RGB5 Noise_U8 Basic Noise U8 83.3 1.0 0.994 0.600 0.998 0.710 0.978 0.666 1.000 0.022 1.000 1.000
RGB5 SaltPepper_DIN Salt&Pepper Noise DIN 81.7 3.0 0.994 0.598 0.998 0.581 0.979 0.746 1.000 0.063 1.000 1.000
RGB5 SaltPepper_RGB Salt&Pepper Noise RGB 39.1 53.6 0.913 0.632 0.998 0.583 0.656 0.805 1.000 0.142 1.000 1.000
RGB5 SaltPepper_T24 Salt&Pepper Noise T24 38.0 54.9 0.970 0.597 0.931 0.591 0.947 0.755 1.000 0.040 1.000 1.000
RGB5 SaltPepper_U8 Salt&Pepper Noise U8 80.7 4.1 0.994 0.595 0.998 0.755 0.978 0.609 1.000 0.016 1.000 1.000
RGB5 Speckle_DIN Speckle Noise DIN 82.1 2.5 0.994 0.594 0.998 0.585 0.977 0.741 1.000 0.049 1.000 1.000
RGB5 Speckle_RGB Speckle Noise RGB 16.9 80.0 0.880 0.665 0.997 0.577 0.524 0.867 1.000 0.216 1.000 1.000
RGB5 Speckle_T24 Speckle Noise T24 33.8 59.9 0.971 0.596 0.935 0.591 0.950 0.754 1.000 0.038 1.000 1.000
RGB5 Speckle_U8 Speckle Noise U8 83.9 0.3 0.994 0.596 0.998 0.661 0.977 0.696 1.000 0.027 1.000 1.000
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Chapter 5

Decoder-Level Fusion with Dedicated Thermal/UV
Heads

The encoder-level fusion architecture presented in Chapter 4 achieved strong segmentation accuracy at real-time
throughput under aligned conditions, but revealed a critical limitation: learnt gates specialise in training distributions
and fail to adapt when modalities are degraded or removed, with complete RGB loss triggering up to 90% per-
formance degradation. This chapter investigates whether decoder-level fusion can provide greater robustness to such
failures. Using the unaligned subset of MM5 introduced in Chapter 3—comprising raw lens-distorted thermal and
UV imagery with MAR-reprojected annotations—this chapter develops CMAG (Cross-Modal Attention with Gated
Residuals) and five architecturally matched decoder-level baselines. The systematic comparison between encoder-level
(Chapter 4) and decoder-level fusion quantifies a fundamental trade-off: encoder fusion achieves higher peak accuracy
and throughput, while decoder fusion demonstrates improved resilience to modality dropout and sensor noise, and
exhibits robust tolerance to spatial misalignment—offering deployment guidance for scenarios where sensor reliability
or geometric calibration cannot be guaranteed.

This chapter is based on:

Brenner, M., Reyes, N. H., Susnjak, T., & Barczak, A. L. C. (2025). Pre-Logit Decoder Fusion for Five-Modality
Segmentation with Unaligned T/UV Auxiliaries.

Status: The manuscript was submitted to Information Fusion.
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5.1. ABSTRACT 135

5.1 Abstract
We investigate decoder-level multimodal fusion for semantic segmentation with unaligned modalities (RGB+DIN(depth-

intensity-normals), thermal, and ultraviolet (UV)). We introduce Cross-Modal Attention with Gated Residuals
(CMAG), a hybrid module operating at the pre-logit stage that combines two complementary pathways: Global
Context Modality Attention (GCMA), which establishes soft correspondences between thermal/UV and RGB+DIN
features, and sigmoid-gated (SIG) residuals that inject per-pixel corrections from auxiliary modalities. Independent
decoders generate quarter-resolution pre-logits per modality, preserving modularity while enabling robust handling
of missing inputs, thereby eliminating explicit calibration requirements. We implement five decoder-level baselines,
adapting established fusion paradigms to contextualise CMAG’s performance.
On the MM5 dataset, CMAG achieves 84.18% mIoU across lighting conditions (underexposed/ideal/overexposed:
82.54%/87.61%/82.38%), outperforming attention-only GCMA (80.49%/86.72%/78.03%). Ablations reveal the im-
portance of hierarchical modality: RGB and DIN removal cause severe degradation (59.50 pp and 49.61 pp, respect-
ively), while thermal and UV provide specialised cues (24.62pp and 16.82pp losses). Spatial misalignment proves
substantially less damaging than modality removal (20-pixel shifts: 2.61 pp vs 37.64 pp for drops), validating de-
coder fusion’s alignment tolerance. Architectural comparison reveals distinct robustness profiles: CMAG maximises
clean-data accuracy but shows elevated noise sensitivity (12.93 pp mean degradation), adapted Multimodal Transfer
Module (PL-MMTM) achieves superior modality-drop robustness (31.82 pp), and adapted Recurrent Attention U-Net
(PL-R2AU) demonstrates best noise resilience (8.80 pp). Comparison with encoder-level fusion (GF-Net) reveals
fundamental trade-offs: encoder fusion achieves +1.34 pp (vs CMAG) accuracy and about 2× throughput, but suffers
severe sensor-failure degradation, while decoder fusion prioritises robustness through late integration. These find-
ings establish decoder-level fusion as viable for unaligned multimodal segmentation when robustness outweighs peak
performance.

5.2 Introduction
Robust semantic segmentation in field robotics, industrial inspection, and agriculture requires tolerance to fluctu-

ating illumination, reflective or transparent materials, occlusions, and camouflage-like textures. Single-stream RGB
systems are brittle under such conditions. In contrast, complementary sensors provide cues that compensate for spe-
cific weaknesses: depth supplies geometry independent of colour, thermal imaging highlights temperature-emissive
regions, near-infrared intensity (NIR) broadens the dynamic range and extends the observable spectrum, and ultra-
violet (UV) reveals fluorescence and sub-visible surface structure [1]. Harnessing this heterogeneity promises finer
delineation and more reliable decisions across domestic, industrial, and agricultural settings.
In practical capture rigs, not all streams are geometrically compatible. In our setup, RGB-D-NIR are inherently co-
registered by the factory-calibrated RGB-D sensor, whereas UV and thermal (LWIR) use different optics, exhibit lens
distortion, and are unaligned with respect to RGB-D-NIR. Early (data-level) and intermediate (feature-level) fusion
strategies typically assume either prior geometric registration or rely on learnt, in-network rectification. Examples
include CMX’s Cross-Modal Feature Rectification Module (FRM) [2] and trimodal encoder attention in ETFormer [3],
which adapt one stream using another before mixing. These mechanisms increase complexity and can remain brittle
under residual misalignment or viewpoint change, which partly explains the prevalence of two-stream pairings (RGB-D,
RGB-T) and the limited scalability to larger, heterogeneous sensor sets.
We propose CMAG (Cross-Modal Attention with Gated Residuals), a decoder-level fusion module that integrates
unaligned modalities at the pre-logit stage through two complementary mechanisms. The primary path (RGB aug-
mented with DIN (Depth, Intensity, and Normals [1]) forms the base representation, while LWIR thermal (T24) and
UV (U8) are processed through separate encoder-decoder branches, preserving their native geometry. At the decoder’s
pre-logit stage, GCMA (Global Context Modality Attention) performs efficient cross-modal attention by querying
thermal/UV features with RGB-DIN representations using downsampled tokens, extracting global context without
requiring explicit spatial calibration. CMAG then applies sigmoid-gated (SIG) residuals, injecting per-pixel auxiliary
modality corrections directly in feature space before final classification through a lightweight 1×1 convolution. Unlike
encoder-level fusion, which presupposes spatial alignment, CMAG operates directly on unaligned sensor streams and
remains compatible with optional alignment modules when available (Figure 5.1). Additionally, we introduce MWPA
(Modality-Wise Parallel Attention). This computationally more efficient alternative employs parallel channel and
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spatial attention mechanisms for modality-selective fusion, providing a lightweight baseline for comparative analysis
of decoder-level fusion strategies.
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Figure 5.1: Overview of CMAG with three streams (RGB+DIN, LWIR, UV). At each encoder stage s ∈ {1, 2, 3, 4},
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while preserving native geometry. Each decoder consumes its stage bundle {E(s)}, applies [ 1×1+Up→1

4 ] per stage,
Concats over s=1..4, then reduces channels with 1×1 : 4C→C (SE optional) to form the pre-logits ZPR, ZTH, ZUV
at 1

4 resolution. CMAG fuses these pre-logits: GCMA attends from ZPR to (ZTH, ZUV) to produce Fgcma, and
sigmoid-gated residuals add thermal/UV contributions to obtain Zfused = Fgcma + rTH + rUV. A 1×1 classifier
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resolutions from 1
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32 ; C denotes the decoder channel width.

To establish comprehensive decoder-level benchmarks and contextualise CMAG’s performance, we adapt established
fusion paradigms, PL-MMTM and PL-R2AU, to our alignment-free framework. PL-MMTM extends the channel-
wise squeeze-and-excitation mechanism [5] to pre-logit features, enabling cross-modal salience transfer without spatial
correspondence. PL-R2AU adapts recurrent attention gates [6] for consistent spatial focus across modalities. We
evaluate GCMA and sigmoid gating as standalone modules to isolate the constituent mechanisms of CMAG. This
unified framework, comprising six decoder-level variants, enables a systematic assessment of fusion complexity
versus performance trade-offs, ranging from lightweight gating (PL-SIG) and parallel attention (MWPA) to channel
modulation (PL-MMTM), recurrent spatial attention (PL-R2AU), and global cross-modal attention (GCMA, CMAG).
To support training and evaluation in this alignment-free regime, we curate a new MM5 subset comprising raw,
unaligned RGB-D-NIR-T-UV imagery. Thermal and UV undergo only coarse preprocessing to establish overlapping
fields of view, followed by random crops that mimic realistic misalignment and background variation (Section 5.4).
This subset complements the aligned MM5 release [1].

5.2.1 Key Contributions

The main contributions of this work are:
1. We introduce CMAG, a decoder-level fusion module that integrates unaligned thermal and UV streams into an

RGB-Depth-Intensity-Normals backbone via global cross-modal attention and sigmoid-gated residuals, achieving
alignment-tolerant fusion without explicit geometric calibration.

2. We design a family of decoder-level fusion baselines by adapting established encoder/feature-level mechanisms
(MMTM, R2AU, GF-Net style sigmoid gating and Modality-Wise Parallel Attention) to the pre-logit stage, enabling
controlled, like-for-like comparisons of gating versus attention under a shared backbone and training protocol.

3. We conduct an extensive robustness characterisation, systematically evaluating all six decoder-level fusion archi-
tectures across modality dropout, spatial misalignment, and sensor noise injection, with a systematic comparison
against encoder-level fusion to quantify the impact of fusion stage choice on accuracy-robustness trade-offs.

4. We curate and release an unaligned MM5 subset with raw, lens-distorted thermal and UV imagery, together with
code and trained weights for CMAG and all decoder-level baselines, providing a reproducible benchmark for
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multimodal segmentation with misaligned auxiliary sensors.

5.3 Related Work
Decoder-Level Fusion Methods Decoder-level fusion integrates modalities during the upsampling phase, before
final classification. Three architectural patterns dominate this space. Hyper-fusion decoders aggregate multi-scale
features from separate encoders: OctopusNet merges per-modality pyramids at each decode stage [7]. Multi-branch
decoders maintain separate pathways: Mirror U-Net pairs modality-specific decoders with an auxiliary multimodal
decoder and consistency objectives [8]. Central fusion decoders route all modalities through shared layers: SGFNet
derives semantic guidance maps to reweight features [9], MEFNet employs modality experts [10], and GMFNet applies
pixel-wise gates within U-shaped decoders [11].
Whilst these architectures demonstrate the effectiveness of feature-level integration within decoder structures, recent
work has explored the extreme of purely decision-level approaches. LF-DLM reports approximately 0.3% mIoU
gains by fusing modality-specific logits while keeping encoders and decoders completely independent [12]. This
minimal improvement establishes a crucial baseline, highlighting that the marginal benefits of pure late fusion motivate
exploration of more sophisticated cross-modal mechanisms that can capture richer inter-modality relationships without
sacrificing the modularity advantages of decoder-level architectures.

Cross-Modal Attention for Fusion Building upon the insights from decoder-level fusion limitations, cross-modal
attention mechanisms have emerged as a powerful paradigm for integrating heterogeneous streams without requir-
ing strict spatial alignment. CMAF-Net embeds cross-modal attention within a multi-encoder 3D U-Net, learning
modality-invariant latents from incomplete multi-sequence MRI [13]. The CMAF block achieves strong Dice scores
on BraTS 2020 under conditions of missing modality, demonstrating robustness to incomplete data. CMNeXt scales
to arbitrary modalities on DeLiVER through late, lightweight attention-based integration with minimal per-modality
parameters [14]. CANet employs bidirectional co-attention between RGB and depth features [15], while UCTNet
incorporates uncertainty-aware cross-modal transformers [16]. These attention-based approaches offer dynamic,
learnable mechanisms for modality interaction that adapt to input characteristics, addressing the limitations of static
fusion rules observed in pure decision-level methods.

Attention-Based Feature Refinement Whilst cross-modal attention facilitates inter-modality exchange, comple-
mentary research has focused on refining individual modality representations through channel and spatial recalibration
before fusion occurs. CBAM applies sequential attention [17], while BAM employs parallel branches [18]; both operate
on unimodal features to enhance their discriminative power. In multimodal contexts, this intra-modal refinement proves
particularly valuable: MEFNet introduces modality-specific expert networks with attention-based reweighting [10],
and TriFuse applies tri-attention across spatial, channel, and modality dimensions [19]. These refinement strategies
recognise that optimal fusion requires not only effective cross-modal interaction but also maximally informative in-
dividual modality representations. Unlike methods that process modalities independently or via cross-attention [2],
our MWPA bridges these paradigms by deriving per-modality attention weights from concatenated representations,
enabling simultaneous recalibration of both channels and spatial dimensions before fusion.

Gating Mechanisms Whilst attention mechanisms recalibrate features, learnt gating directly assigns per-pixel or
per-channel reliability weights to modulate modality contributions. MMTM implements channel-wise squeeze-and-
excitation for cross-modal salience transfer [5]. SSMA demonstrates sigmoid-style recalibration for adaptive feature
scaling [20]. GMFNet embeds pixel-wise gates in U-shaped decoders [11]. DGFNet’s dual-gate design merges spatial
detail with semantics during decoding [21]. R2AU-Net incorporates recurrent attention gates for consistent spatial
focus [6].
Quality-aware gating extends basic reliability weighting. QSF-Net estimates quality maps for trimodal visible-depth-
thermal integration [22]. MGFNet applies lightweight gating for optical-SAR fusion under cross-sensor noise [23].
These mechanisms prove valuable when modality quality varies or when inputs misalign.

Feature-Level Fusion Baselines In contrast to decoder-level gating approaches, encoder-level fusion methods
integrate modalities earlier in the network, achieving strong performance when inputs align. CMX’s cross-modal
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feature rectification module (FRM) calibrates features before mixing [2]. ETFormer demonstrates single-encoder
multimodal attention for RGB-D-T through task-specific pretraining [3]. GF-Net performs early RGB enhancement
using SWIF and per-pixel sigmoid gating at encoder stages [4] for semantic segmentation using five modality fusion.
These methods assume or restore spatial correspondence before decoding, limiting their applicability to unaligned
sensors.

5.3.1 Alignment Handling in Decoder Fusion

The alignment dependency of encoder-level methods motivates decoder fusion approaches that accommodate
misregistration through soft alignment via cross-modal attention or fusion at coarser scales, where parallax reduces [24,
25]. When stronger consistency is required, feature rectification precedes late fusion (e.g., CMX’s FRM [2]).
Performance differences between fusion points depend on the dataset and task rather than a universal ranking [2, 25].
Recent methods directly target misalignment during decoding. Project-and-Fuse uses texture-prior guidance to
mitigate biassed assignment in unaligned streams without pixel-exact registration, optimising a divergence-based
loss to discourage degenerate assignments [26]. LMFNet employs lightweight transformer decoders that attend to
heterogeneous cues across scales, while keeping compute manageable for high-resolution inputs [27].

5.3.2 Uncertainty and Dynamic Reliability in Decoder Fusion

Beyond handling spatial misalignment, dynamic reliability modelling at the decoder extends basic gating mech-
anisms. UDFNet couples uncertainty estimation with dynamic fusion, reporting strong accuracies across Berlin,
Augsburg, MUUFL and Trento benchmarks, outperforming prior decoder-only fusion by sizeable margins [28].
However, the strongest results in overhead remote sensing often come from hybrid pipelines blending feature-level
and decision-level fusion (e.g., MCAM/CPS modules with decision fusion in TCPSNet, prototype compensation in
PICNet), indicating room for improvement in decoder-only strategies [29].

5.3.3 Positioning of CMAG

CMAG addresses decoder-level fusion for unaligned, heterogeneous sensors. Existing decoder-level methods
assume aligned inputs [7, 11] or use coarse decision-level fusion [12]. Encoder-level approaches [2, 3] typically
operate on stereo-calibrated, pre-registered datasets and employ feature rectification to refine alignment at the encoder
level. Explicit spatial warping via parametric transformations [30, 31] can accommodate geometric distortions but
introduces computational overhead. In contrast, CMAG operates directly on unaligned auxiliary modalities at the
decoder level, leveraging cross-modal attention for alignment-tolerant fusion without explicit spatial transformation.
Architecturally, CMAG performs single-stage fusion at the pre-logit level after multi-scale feature aggregation. Global
Context Modality Attention (GCMA) establishes soft correspondence by attending to pooled modality representations
rather than dense spatial tokens, accommodating misalignment with reduced complexity. Sigmoid-gated residuals add
fine-grained spatial corrections. This design contrasts with per-stage fusion [11], concatenation-based methods [9, 10],
and full spatial attention approaches [13].
Separate per-modality decoder heads provide granular supervision and enable more graceful degradation under missing
inputs, while learnt gate maps offer spatial interpretability of modality contributions. This modularity distinguishes
CMAG from single-head architectures and channel-wise methods [5].
Table 5.1 summarises the supervision strategies and architectural choices across these methods, highlighting the
diversity of approaches to modality-specific training and inference.

5.4 MM5 Dataset
The MM5 dataset [1], introduced in our prior work, was developed to address persistent limitations in existing

multimodal segmentation benchmarks, most notably their constrained modality diversity, lack of raw sensor fidelity,
and absence of unaligned annotation protocols. MM5 integrates five distinct imaging modalities: RGB, depth (D),
thermal (T), ultraviolet (UV), and near-infrared (NIR) within a unified acquisition and annotation pipeline. The
dataset was constructed using a custom acquisition rig built from off-the-shelf RGB-D sensors and complemented by
thermographic and UV imaging systems. Unlike existing datasets that prioritise pre-registered inputs, MM5 provides
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Table 5.1: Overview of modality-specific heads and GT usage in representative multimodal fusion methods. ”Mod.-
specific heads” = separate output heads per modality during training; ”Mod.-specific GT” = different targets per
modality.

Method Year Modalities Fusion category Mod.-specific
heads

Mod.-specific
GT

Supervision summary Inference
head(s)

Mirror U-Net [8] 2023 PET+CT; MRI se-
quences

Decoder feature
(multi-branch)

Yes Yes Modality-specific decoders
with task-tailored supervision;
auxiliary multimodal decoder.

Fused/combined

GMFNet [11] 2020 RGB+T Decoder feature
(central+lateral)

Yes No Two lateral unimodal + one
central multimodal U-Net;
shared semantic GT.

Central decoder

SGFNet [9] 2023 RGB+T Decoder feature
(central)

No No Semantic guidance maps re-
weight decoder features

single

MEFNet [10] 2023 RGB+Thermal Decoder feature
(experts)

No No Modality experts aggregated in
shared decoder

single

DGFNet [21] 2021 RGB+T Decoder feature
(dual-gate)

No No Positional and filter gates merge
spatial/channel attention

single

R2AU-Net [6] 2021 RGB+T Decoder feature
(recurrent atten-
tion)

No No Recurrent attention gates for
consistent spatial focus

single

OctopusNet [7] 2019 Multi-contrast MRI Decoder feature
(hyper-fusion)

No No Separate encoders; hyper-
fusion decoder with multi-scale
integration.

single

CMAF-Net [13] 2024 MRI (T1, T1ce, T2,
FLAIR)

Decoder feature
(attention)

No No Cross-modal attention fusion
in 3D U-Net; handles missing
modalities.

single

CMNeXt [14] 2023 Arbitrary modalit-
ies

Decoder attention No No Self-query hub selects inform-
ative tokens per modality

single

QSF-Net [22] 2024 RGB+D+T Hybrid (multi-
stage)

Yes (stage-1) No Stage-wise: saliency, quality
maps, fused saliency + edge.

single

UDFNet [28] 2025 HSI/SAR/LiDAR Decoder feature
(uncertainty)

No No Uncertainty-aware dynamic fu-
sion at decode time

single

Project-and-Fuse [26] 2025 RGB+D (un-
aligned)

Alignment-free
decoder

No No Texture-prior guided fusion;
handles unaligned inputs

single

LF-DLM [12] 2024 VHR
Aerial+Sentinel-2

Decision-level Yes (per
branch)

No Per-branch probabilities fused
by weighted geometric mean.

Combined out-
puts

CMAG (ours) 2025 RGB-Depth-NIR +
Thermal + UV

Decoder feature
(central fusion;
single-pass pre-
logit attention +
gated residuals)

Yes Yes Separate heads for primary,
thermal and UV plus a
fused head; operates on un-
aligned, lens-distorted UV/L-
WIR without explicit calibra-
tion.

single (auxiliary
feature paths act-
ive)

Note: For CMAG, thermal and UV decoder branches are executed at inference to produce pre-logit features consumed by the fusion module;
their per-modality logits are not used for the final prediction (unless reported for diagnostics).

both geometrically aligned and unaligned variants of each scene, along with pixel-level annotations. This dual-format
design supports research on both feature-level fusion and late and decoder-level fusion strategies, without requiring
spatial registration.
Each scene in the MM5 dataset contains a varied selection of objects, encompassing fresh produce, plastic replicas,
and partially decayed items. The scenes are captured under diverse illumination conditions, including shadows,
underexposure, and saturation, ensuring that each modality offers distinct and complementary semantic information. In
this work, MM5 serves as a critical resource, facilitating our exploration of decoder-level fusion strategies, particularly
in scenarios characterised by imperfect or absent spatial alignment. Moreover, MM5 supports modality-specific
supervision through the provision of independent ground truth annotations.
For our experiments on decoder-level fusion, we utilise the unaligned UV and thermal images, which inherently
exhibit lens distortion, as illustrated in Figure 5.2. Conversely, depth and NIR images are spatially registered with
RGB through the RGB-D sensor.
Following the methodology established in our previous work, GF-Net [4], our analysis focuses specifically on under-
exposed, well-exposed, and overexposed RGB conditions to enable a direct and consistent comparison.
Due to variations in the image formats across modalities, we identified an approximate region of interest and uniformly
cropped all images to a common maximum overlay area measuring 800 pixels in width and 600 pixels in height, as
depicted in Figure 5.3. Subsequently, all labelled images were processed and assigned sequential numbering starting
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(a) Underexposed RGB
(RGB1)

(b) Overexposed RGB
(RGB5)

(c) Infrared intensity (d) Ideal RGB (RGB3)

(e) Depth (f) RGB ground truth mask

(g) Thermal (T24) (h) Ultraviolet (U8)

(i) Thermal ground truth
mask (j) UV ground truth mask

Figure 5.2: MM5 sample unaligned image subset for frame 544

from 1, analogous to the aligned MM5 dataset, albeit with slight adjustments to folder naming conventions to avoid
ambiguity. The class IDs and image IDs remain consistent with the aligned dataset.
Based on the MM5_RAW_CROPPED dataset, we created an additional dataset variant with reduced dimensions of
640 pixels in width and 480 pixels in height. To enhance background diversity and facilitate experiments involving
camera misalignment, the cropping window position was varied randomly within the original frames. This approach
enabled the generation of modality-specific pixel shifts, simulating realistic scenarios of camera displacement. Both
datasets will be publicly released alongside the original MM5 dataset as subfolders MM5_RAW_CROPPED and
MM5_RAW_CRP640, the latter includes a metadata file detailing the crop coordinates for each image.

5.4.1 Training and Evaluation Data

For comparability with previous work, we adopted the standard class-wise train-evaluation split provided by the
MM5 dataset [1], as detailed in GF-Net [4]. This split maintains an approximate stratification, allocating around
75-80% of the class images to training, with the remaining 20-25% reserved for evaluation. Since the dataset contains
mainly mixed scenes, the distribution per class varies. However, the dataset exhibits significant class imbalance, with
dominant categories such as Lemon and Mandarin having over a hundred annotated object instances, while others,
such as Mandarin Peel and Kettle, are limited to a dozen or fewer examples. Certain classes, like Mandarin Peel,
are particularly underrepresented, with evaluation sets as small as three images, while composite scenes introduce
additional imbalances. To enhance training effectiveness and mitigate this imbalance, we identified scenes containing
underrepresented classes and increased their frequency during training. This was achieved by applying diverse data
augmentations, such as zoom, rotation, and flipping. Additionally, the dataset’s long-tail class distribution provides an
opportunity to evaluate and improve model robustness and generalisation across both rare and frequent classes alike.
Further details on the exact composition, challenges, and rationale behind the dataset splits are provided in the original
MM5 [1] and GF-Net [4] papers.

5.5 Proposed Methods
We adopt a decoder-centric fusion framework that performs efficient single-stage fusion at the pre-logit level.

CMAG integrates two complementary mechanisms: Global Context Modality Attention (GCMA) for cross-modal
feature exchange and per-pixel sigmoid gating for fine-grained spatial refinement. This design operates directly on
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(a) Thermal image on RGB canvas (b) UV8 image on RGB canvas (c) RGB image

(d) Overlapped RGB, UV (blue frame), and thermal (red
frame)

(e) Overlapped and cropped RGB, UV, and
thermal

Figure 5.3: Overlap and cropping process for frame 544 of the MM5 raw data.

unaligned sensor streams, establishing soft correspondence through learnt attention rather than explicit geometric
alignment.

5.5.1 Architecture Overview

The network comprises three coordinated components:

1. Primary RGB+DIN Stream (PR): A MiT-B0 encoder enhanced at each stage by Stage-Wise Intensity Fusion
(SWIF) [4], which injects pre-computed DIN composites (depth, infrared intensity, surface normals) [1] via
lightweight residual blocks for lighting resilience.

2. Auxiliary Thermal Stream (TH): An independent MiT-B0 encoder processes long-wave infrared (LWIR)
thermal imagery, preserving native geometry without spatial rectification.

3. Auxiliary Ultraviolet Stream (UV): An independent MiT-B0 encoder processes ultraviolet imagery, maintain-
ing native geometry without spatial alignment.

4. Pre-logit CMAG Fusion: SegFormer-style MLP decoders applied to each stream produce 1/4-resolution pre-
logit features (ZPR, ZTH, ZUV). CMAG fuses these via global context attention and sigmoid-gated residuals to
generate the final prediction.

Throughout this paper, we use the notation PR (Primary), TH (Thermal), and UV (Ultraviolet) to denote these three
modality streams in equations and diagrams.

5.5.2 Decoder and Pre-logit Assembly

Multi-scale integration occurs within each stream’s decoder. Each SegFormer-style MLP head projects its four
encoder stages to a common embedding dimension C, upsamples them to a unified 1/4 scale, and aggregates via
element-wise summation after 1×1 projection. This produces a single pre-logit feature tensor per stream:

ZPR, ZTH, ZUV ∈ RB×C× H
4 × W

4 , (5.1)
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where C=512 channels encode hierarchical features. Figure 5.4 illustrates this process.
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ZTH (pre-logit)

from UV head:
ZUV (pre-logit)
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(pre-logit)

Inputs from encoder (PR head)

Pre-logit taps

Figure 5.4: SegFormer-style MLP decoder for primary stream. Multi-scale encoder features (E(0) through E(3)) are
projected to C channels, upsampled to H/4 × W/4, and summed to produce pre-logit features ZPR. Notation: res
= spatial resolution; Ck = stage width; C = decoder width; Ncls = number of classes. The dotted line indicates the
single-head classification path.

5.5.3 Pre-logit CMAG Fusion

CMAG fuses the three pre-logit tensors through two sequential stages: global context modality attention (GCMA)
followed by sigmoid-gated residuals (SIG).

Global Context Modality Attention (GCMA)

GCMA establishes cross-modal correspondence by operating at the modality level rather than the spatial-token
level. Each pre-logit tensor is first lightly enhanced (Conv+Norm) and globally pooled to produce a modality context
vector:

ci = GAP(Enhance(Zi)) ∈ RB×C , i ∈ {PR,TH,UV}. (5.2)

Global Average Pooling (GAP). For Z∈RB×C×H×W ,

GAP(Z)b,c = 1
HW

H∑
y=1

W∑
x=1

Zb,c,y,x ∈ R, (5.3)

yielding GAP(Z) ∈ RB×C . i.e., one vector per sample and channel (no learnable parameters), aggregating spatial
evidence into a single modality token per stream. The three modality contexts are stacked and processed by multi-head
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attention, with the primary context as the query:

Cstack = Stack([cPR, cTH, cUV]) ∈ RB×3×C ,

Q = reshapeh

(
WQ cPR

)
∈ RB×h×1×dh ,

K = reshapeh

(
WK Cstack

)
∈ RB×h×3×dh ,

V = reshapeh

(
WV Cstack

)
∈ RB×h×3×dh ,

(with h heads and per-head width dh; typically C = h dh),

A = softmax
(

QK⊤
√

dh

)
∈ RB×h×1×3,

(softmax over modalities),

U = AV ∈ RB×h×1×dh ,

(batched per-head matmul over the modality dimension),

ĉ = WO mergeh(U) + cPR ∈ RB×C ,

(5.4)

so attention operates over M=3 modality tokens (not HW spatial tokens), giving O(M2) complexity versus O(N2)
with N=H

4
W
4 spatial tokens. The attended context is normalised and broadcast to pre-logit resolution:

Fgcma = Broadcast(Norm(ĉ)) ∈ RB×C× H
4 × W

4 . (5.5)

Figure 5.5 illustrates this mechanism.
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Figure 5.5: Global Context Modality Attention (GCMA). Pre-logits are enhanced and globally pooled to modality
contexts ci ∈ RB×C , stacked to RB×3×C . Multi-head attention computes A = softmax(QK⊤/

√
dh) where query

Q ∈ RB×h×1×dh from the primary stream attends to keys and values K,V ∈ RB×h×3×dh from all three modalities,
producing attention weightsA ∈ RB×h×1×3 over the modality axis. The operationU = AV denotes per-head batched
matrix multiplication, computing an attention-weighted sum of V over the modality dimension. Output projection
WO merges the h heads (either C=h dh or WO : hdh →C), residual connection with cPR, and spatial broadcast yield
Fgcma ∈ RB×C×H/4×W/4.

Sigmoid-Gated Residuals (SIG)

Fine-grained spatial corrections are added via per-pixel sigmoid gates [4] that modulate transformed auxiliary
features. For each auxiliary modality, a gate is computed from the concatenation of the GCMA context and the
modality’s pre-logit:

gth = σ
(
W

(g)
th ∗ [Fgcma ∥ ZTH ]

)
∈ RB×1× H

4 × W
4 ,

guv = σ
(
W (g)

uv ∗ [Fgcma ∥ ZUV ]
)

∈ RB×1× H
4 × W

4 ,

rth = gth ⊙ (W (t)
th ∗ ZTH), ruv = guv ⊙ (W (t)

uv ∗ ZUV),
Zfused = Fgcma + rth + ruv.

(5.6)
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The gate networks employ r=4 reduction for efficiency. A 1×1 classifier produces logits from Zfused, which are
upsampled to full resolution. Figure 5.6 shows the complete CMAG pipeline.

ZPR

ZTH

ZUV

GCMA Core Fgcma

Proj (TH)

Proj (UV)

Gate (TH)

Gate (UV)

Residual (TH)

Residual (UV)

Add

Zfused

Classifier

Figure 5.6: CMAG fusion overview. Multi-stage feature pyramids from three modalities are aggregated to pre-logit
features (Zi ∈ RB×C×H/4×W/4) and projected to C=512 channels. GCMA pools each modality globally, applies
multi-head attention over modality contexts (primary as query), and broadcasts to produce Fgcma. Sigmoid-gated
residuals rTH and rUV are computed using spatial gates gTH/UV ∈ [0, 1]B×1×H/4×W/4. Final fusion: Zfused =
Fgcma + rTH + rUV.

5.5.4 Multi-Head Supervision

We train a fused head alongside three unimodal heads (primary, thermal, UV), all predicting the same semantic
classes. Unimodal heads are supervised against modality-specific ground truth, while the fused head uses primary
labels. The total objective:

Ltotal = αpr Lpr + αth Lth + αuv Luv + αfused Lfused, (5.7)

with non-negative weightsα. This multi-head supervision provides fine-grained gradients to each stream while training
the fusion mechanism via Lfused. At inference, auxiliary decoders produce pre-logits for fusion. By default, we output
only the fused prediction, with optional per-head outputs for diagnostics at the cost of throughput.

5.5.5 MWPA (Modality-Wise Parallel Attention)

To isolate the contributions of cross-modal attention, we implement MWPA (Modality-Wise Parallel Attention),
which applies parallel channel and spatial attention mechanisms rather than cross-modal feature exchange. This
baseline enables systematic comparison of attention strategies while maintaining moderate computational efficiency.
Given three pre-logit maps

ZPR, ZTH, ZUV ∈ RB×C×H/4×W/4, (5.8)

the method concatenates them along the channel dimension to form X ∈ RB×3C×H/4×W/4.

Channel Attention The concatenated features undergo global average pooling followed by a two-layer MLP with
reduction ratio r=16:

wc = σ(Conv1×1(δ(Conv1×1(GAP(X))))), (5.9)

where the first convolution reduces from 3C to C/r channels, and the second expands back to 3C channels. The
output wc ∈ [0, 1]B×3C×1×1 is reshaped to [B, 3, C, 1, 1] to provide per-modality channel attention weights.

Spatial Attention In parallel, the concatenated features are processed through a spatial attention network:

ms = σ(Conv1×1(δ(Conv3×3(X)))), (5.10)
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where the 3 × 3 convolution (with padding=1) reduces from 3C to C/r channels, followed by a 1 × 1 convolution that
produces N=3 spatial attention maps, yielding ms ∈ [0, 1]B×3×H/4×W/4.

Modality-Specific Weighting Unlike sequential attention, this method applies both attention types simultaneously
to each modality:

Zweighted
m = Zm ⊙ w(m)

c ⊙ m(m)
s , m ∈ {PR,TH,UV}, (5.11)

where w(m)
c ∈ [0, 1]B×C×1×1 and m(m)

s ∈ [0, 1]B×1×H/4×W/4 are the channel and spatial attention weights for
modality m.

Final Fusion The weighted modalities are summed to produce the fused output:

Zfused =
∑

m∈{PR,TH,UV}
Zweighted

m ∈ RB×C×H/4×W/4. (5.12)

This approach enables modality-specific attention learning while maintaining computational efficiency (Figure 5.7).
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Figure 5.7: Modality-wise Parallel Attention (MWPA). From the concatenated pre-logits [ZPR∥ZTH∥ZUV], the
module computes for each modality m∈{PR,TH,UV}:(i) a channel weight w(m)

c ∈ [0, 1]B×C×1×1 via GAP→MLP

(r=16),and (ii) a spatial mask m(m)
s ∈ [0, 1]B×1× H

4 × W
4 via 3×3/1×1 convolutions with sigmoid. Each modality is

recalibrated as Z̃m = (w(m)
c ⊙m(m)

s )⊙Zm (element-wise with broadcasting), then summed to yieldZfused. Notation:
⊙ denotes element-wise (Hadamard) multiplication with broadcasting; applying channel then spatial (or vice versa) is
equivalent.

5.6 Experimental Setup

5.6.1 Comparison Methods and Unified Evaluation Framework

To comprehensively evaluate CMAG, we establish a unified decoder-level fusion framework and adapt five rep-
resentative methods spanning major fusion paradigms: (i) global channel modulation (MMTM [5]), (ii) recurrent
spatial attention (R2AU [6]), (iii) cross-modal attention (GCMA), (iv) sigmoid gating (PL-SIG), and (v) hybrid atten-
tion (MWPA). These adaptations enable systematic comparison across diverse fusion paradigms within a consistent
architectural framework.

Unified Framework All methods operate within a standardised architecture: MiT-B0 backbone with three inde-
pendent decoder heads (primary RGB+DIN, thermal, UV) producing C-channel pre-logit features at 1/4 spatial
resolution. Fusion modules integrate these pre-logit features while maintaining consistent spatial dimensions and
channel depth across all modalities. A single fusion operation occurs at the pre-logit stage, ensuring a fair comparison
across methods. Table 5.3 reports parameter counts and computational complexity (FLOPs) to quantify the overhead
introduced by different fusion mechanisms.
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Adapted Implementations Methods adapted to our decoder-level fusion framework are designated with a PL- prefix
(Pre-Logit) to maintain a clear distinction from their original architectures. Each adaptation faithfully preserves the
fundamental fusion mechanism while conforming to our standardised three-modality pre-logit integration scheme,
enabling direct performance comparison across heterogeneous fusion strategies.
PL-MMTM adapts the multimodal transfer module [5] from its original two-stream architecture to our trimodal
decoder framework via channel-wise squeeze-and-excitation. Given pre-logit features from the three decoder heads,

ZPR, ZTH, ZUV ∈ RB×C×H/4×W/4, (5.13)

the method concatenates them along the channel dimension to form Zconcat ∈ RB×3C×H/4×W/4. Global average
pooling compresses spatial information into a channel descriptor s ∈ RB×3C . This descriptor undergoes bottleneck
processing through sequential fully-connected layers with reduction ratio r=8:

α = σ(FC2(δ(FC1(s)))), FC1 : 3C → 3C
r
, FC2 : 3C

r
→ 3C, (5.14)

where δ denotes ReLU and σ denotes sigmoid activation. The excitation weights α ∈ [0, 1]B×3C are reshaped to
[B, 3C, 1, 1] and applied via element-wise multiplication to the concatenated features. The gated features are then
split back into individual modalitiesZgated

PR , Zgated
TH , Zgated

UV ∈ RB×C×H/4×W/4 and averaged to produce the final fused
representation:

Zfused = 1
3(Zgated

PR + Zgated
TH + Zgated

UV ) ∈ RB×C×H/4×W/4. (5.15)

This approach enables each modality to be recalibrated based on the global context of all three inputs before fusion
(Figure 5.8).
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Figure 5.8: PL-MMTM. Trimodal fusion through channel-wise squeeze-and-excitation. Features are concatenated,
globally pooled, and processed through an MLP bottleneck to generate channel excitation weights. After gating,
features are split back to individual modalities and averaged to produce Zfused ∈ RB×C×H/4×W/4. Notation: ⊙
denotes element-wise (Hadamard) multiplication with broadcasting.

PL-R2AU adapts recurrent attention gates [6] to decoder-level fusion at the pre-logit stage. Given pre-logit features

ZPR, ZTH, ZUV ∈ RB×C×H/4×W/4, (5.16)

the method employs two attention gates, each using the primary features ZPR as the gating signal g to modulate an
auxiliary modality xm where m ∈ {TH,UV}. For each gate, both g and xm undergo separate projections to an
intermediate dimension Fint = C/4 via 1 × 1 convolutions with batch normalisation:

Wg : RC → RFint , Wx : RC → RFint . (5.17)

The projected features are element-wise summed and processed through ReLU activation, followed by a 1 × 1
convolution with batch normalisation and sigmoid activation to generate spatial attention masks:

ψm = σ(BN(Conv1×1(ReLU(Wg(g) +Wx(xm))))) ∈ [0, 1]B×1×H/4×W/4. (5.18)
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Figure 5.9: PL-R2AU. Primary features ZPR serve as gating signals for auxiliary modalities ZTH and ZUV through
attention gates. Each gate projects inputs to Fint = C/4, computes spatial attention masks via ReLU and sigmoid,
then applies element-wise multiplication. The gated auxiliaries are averaged with the primary to yield Zfused.

Each auxiliary modality is gated by its corresponding attention mask: Zgated
m = ψm ⊙Zm. The final fused represent-

ation averages the primary features with the two gated auxiliaries:

Zfused = 1
3(ZPR + Zgated

TH + Zgated
UV ) ∈ RB×C×H/4×W/4. (5.19)

This approach enables selective incorporation of auxiliary information based on primary feature guidance (Figure 5.9).
PL-SIG (pre-logit sigmoid gating). As a stand-alone, attention-free baseline (adapted from GF-Net [4]), we fuse
once at the decoder’s pre-logit tap (quarter resolution) using the primary pre-logit as the base ZPR. For each auxiliary
Zi, a single-channel gate is predicted from the concatenation [ZPR∥Zi] via a two-layer 1×1 MLP (reduction r=4,
ReLU, sigmoid), and the auxiliary is projected on the residual path and masked: ri = ψi ⊙

(
W

(t)
i ∗ Zi

)
. The fused

pre-logit is Zfused = ZPR +
∑

i ri, which a 1×1 classifier maps to logits before upsampling. Gates are computed from
the current base. See Figure 5.10.
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Figure 5.10: Pre-logit sigmoid gating. The base is the decoder’s primary pre-logit ZPR; each auxiliary Zi is
concatenated with ZPR and passed through a two-layer 1×1 gating MLP (reduction r=4) to produce a single-channel
spatial mask ψi ∈ [0, 1] at quarter resolution. Auxiliaries are projected on the residual path (if needed), masked, and
added to form the fused pre-logit Zfused, which is then classified.
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Novel Implementations We evaluate two proposed fusion mechanisms: CMAG (Section 5.5.3) and MWPA (Sec-
tion 5.5.5).

Component Ablations To isolate the individual contributions of CMAG’s constituent mechanisms, we evaluate
GCMA (Global Context Modality Attention) and sigmoid gating (PL-SIG) as standalone components. Both are
described in detail in Section 5.5.3, with GCMA providing the cross-modal attention mechanism and SIG providing per-
pixel spatial refinement. These ablations quantify the contribution of each component to CMAG’s overall performance.

Training Protocol All methods are trained end-to-end using AdamW optimisation, with a batch size of 6 for 220
epochs. The MiT-B0 backbone employs three independent decoder heads (primary RGB+DIN, thermal, UV), each
with per-modality supervision using CEDice loss, manual class weights, and rare-class oversampling. Per-head
learning rates are 9×10−4 for UV and thermal, and 1.1×10−3 for primary, with cosine annealing and head-specific
warmup schedules. Multi-head supervision applies loss weights αpr=0.75, αth=0.35, αuv=0.35, and αfused=1.0.
Modality dropout (p=0.10) is applied to auxiliary streams during training.

Normalisation swap at evaluation For all the pre-logit fusion modules, LN layers are replaced by GN-16 at test
time (channels divisible by 16), carrying over the learnt (γ, β).
Table 5.2 summarises the adapted methods. Source code and trained models will be made publicly available.

Table 5.2: Decoder-level fusion methods adapted for three-modality (RGB+DIN, Thermal, UV) pre-logit integration.
Methods with PL- prefix are our adaptations preserving core innovations within the unified framework. GCMA and
SIG are CMAG’s component mechanisms evaluated standalone.

Method Core Mechanism Key Innovation Our Adaptation

PL-MMTM Global squeeze-excite over
concatenated channels

Cross-modal channel transfer
via shared global context

Three pre-logits [ZPR∥ZTH∥ZUV] concaten-
ated, SE (r=8), single classifier

PL-R2AU Recurrent attention gates
with primary as gating sig-
nal

Spatial attention masks modu-
late auxiliary contributions

Primary gates thermal/UV via attention gates
(Fint=256); average fusion of gated features

MWPA Modality-wise parallel
channel and spatial atten-
tion

Per-modality attention
weights for selective fusion

Concat pre-logits→ channel attention (r=16)
→ spatial attention (3×3 conv) → modality-
wise weighting→ classifier

PL-SIG Per-pixel sigmoid gating Lightweight spatial masks
without attention

Base feature + gated residuals from
thermal/UV; r=4 reduction

GCMA Global context cross-modal
attention

Modality-level attention
(O(M2) vs O(N2))

Pool→ Stack (B×3×C)→ Multi-head attn
(h=4)→ Broadcast→ classifier

CMAG GCMA + SIG Global attention for corres-
pondence + fine-grained spa-
tial gating

GCMA context + sigmoid-gated residuals;
unified training

5.6.2 Robustness Evaluation

Robustness to sensor degradation, geometric misalignment, and incomplete multimodal input is critical for de-
ployment applications. We systematically evaluate architectural resilience across three perturbation categories un-
der controlled degradation, spanning three RGB lighting conditions (underexposed/RGB1, optimal/RGB3, overex-
posed/RGB5).

Modality Dropout Analysis To simulate sensor failure and assess graceful degradation, we systematically ablate
individual modalities and measure the resultant impact on fusion performance. Each modality (RGB, DIN, thermal,
UV) is independently removed at inference while maintaining all other inputs, testing each method’s capacity to
preserve functionality under incomplete multimodal input. This establishes the relative importance and contribution
of each sensor stream within the fusion framework, quantifying how critically the architecture depends on each
modality.
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Noise Resilience Testing We evaluate performance degradation under four noise types—Gaussian, salt-and-pepper,
speckle, and generic additive noise—applied independently to individual modalities (RGB, DIN, thermal, and UV).
Noise intensity is varied across fourteen levels, with fine-grained sampling at low intensities (0.1, 0.2, 0.3, 0.4, 0.5)
transitioning to coarser increments at higher intensities (1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5.0), capturing both subtle
corruption and severe degradation regimes. Figure 5.11 illustrates representative noise perturbations at three intensity
levels across all modalities, demonstrating the range of corruption severity evaluated. This design yields 224 noise
configurations (4 types, × 14 intensities, × 4 modalities), evaluated across three lighting conditions, resulting in
672 scenarios per method. With six methods under comparison (CMAG, GCMA, MWPA, PL-MMTM, PL-R2AU,
PL-SIG), this totals 4,032 noise robustness evaluations, providing a comprehensive characterisation of architectural
sensitivity to sensor corruption.

Figure 5.11: Representative noise perturbations applied during robustness evaluation. Rows show different modalities
(RGB, DIN, thermal, UV); columns show clean input and three noise intensity levels (0.5, 2.0, 5.0) for Gaussian noise.
At intensity 0.5, corruption is subtle; at 2.0, significant degradation is visible; at 5.0, severe corruption challenges
recognition. Similar patterns apply to salt-and-pepper, speckle, and uniform noise types (not shown). All RGB
examples are from the RGB3 (optimal lighting) test set.

Spatial Misalignment Testing We assess robustness to geometric misregistration by applying controlled spatial
shifts to thermal and UV modalities, simulating realistic sensor calibration drift or mechanical misalignment. Each
auxiliary modality is independently displaced by 20 and 40 pixels in the four cardinal directions (up, down, left, right),
while the primary RGB-DIN stream remains stationary as the reference coordinate frame. Figure 5.12 visualises the
effect of spatial misalignment on thermal and UV inputs, illustrating how features become spatially inconsistent with
the primary stream. This produces 16 shift configurations (2 distances × 4 directions × 2 modalities), evaluated across
three lighting conditions, yielding 48 misalignment scenarios per method. Across six methods, this generates 288
spatial robustness evaluations. These test-time shifts evaluate each method’s intrinsic capacity to maintain performance
under geometric inconsistency without calibration or retraining.
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Figure 5.12: Spatial misalignment examples for thermal modality. Left: aligned baseline showing RGB and thermal
overlay with default trained spatial registration. Middle: 20-pixel upward shift of thermal modality, creating moderate
misregistration. Right: 40-pixel upward shift of thermal modality, demonstrating severe geometric inconsistency.
Coloured overlays highlight spatial discrepancies between primary and auxiliary features. The RGB image remains
fixed as the reference coordinate frame throughout all shift scenarios.

Impact Metrics For a given RGB lighting condition r and perturbation scenario a, we quantify performance
degradation relative to the unperturbed baseline (mIoUFull

r ) using two complementary metrics:

Impact%(r, a) = 100 mIoUFull
r − mIoU(r, a)
mIoUFull

r

, (5.20)

Impactpp(r, a) = mIoUFull
r − mIoU(r, a), (5.21)

where Impact% quantifies relative degradation (normalised by baseline performance) and Impactpp measures absolute
loss in percentage points. We prioritise Impactpp for cross-method comparisons, as it avoids the baseline bias inherent
in relative metrics; methods with lower baseline accuracy may appear artificially robust when evaluated via percentage
degradation. Per-scenario results are aggregated as mean ± standard deviation across the full test split, with lighting-
specific statistics reported separately to isolate illumination-dependent impacts.

5.7 Results and Discussion
We evaluate six decoder-level fusion architectures across three lighting conditions. Systematic robustness analysis

quantifies performance under modality dropout, spatial misalignment, and noise corruption. Results are organised by
baseline performance, ablation studies, and comparative discussions of fusion strategies.

5.7.1 Evaluation Metrics

We report five standard segmentation metrics for comprehensive evaluation. Our primary metric, mean Intersection
over Union (mIoU), provides class-balanced accuracy by averaging IoU across all classes. Frequency-Weighted IoU
(FIoU) emphasises prevalent classes by weighting performance by pixel frequency. Pixel-level metrics include mean
pixel accuracy (MPA), which computes per-class recall without penalising false positives, and pixel accuracy (PA),
which measures overall pixel-level correctness. For distribution-free comparison, we report Mean Rank [32], where
methods are ranked by IoU within each class and ranks are averaged across classes (a lower value indicates superior
performance).
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5.7.2 Overall Performance

Table 5.3 presents comprehensive baseline performance across all six fusion architectures under three lighting
conditions. CMAG achieves the highest average mIoU of 84.18% across lighting conditions, validating its hybrid
fusion strategy, which combines global context attention with fine-grained spatial gating. Under optimal lighting
(RGB3), both CMAG (87.61%) and GCMA (86.72%) achieve strong performance, with a modest 0.89 percentage
point difference. However, CMAG demonstrates superior robustness under challenging illumination; while GCMA
degrades substantially (RGB1: 80.49%, RGB5: 78.03%), CMAG maintains more stable performance (RGB1: 82.54%,
RGB5: 82.38%), providing a 3.2 percentage point advantage that is 3.6-fold larger than the optimal-lighting gap.
The remaining architectures achieve competitive baseline accuracy, ranging from 81.43% (PL-MMTM) to 83.14%
(PL-R2AU) average mIoU, with reduced computational overhead (19M parameters vs. 22M for CMAG/GCMA).
PL-R2AU demonstrates consistent performance across lighting conditions (average: 83.14%), while MWPA achieves
an average mIoU.of 82.06%. PL-MMTM shows moderate baseline accuracy (average: 81.43%) but demonstrates
superior robustness under perturbations, as detailed in Section 5.7.7. The lightweight sigmoid gating baseline (PL-SIG)
achieves 82.29% average mIoU with balanced performance across conditions.
Mean rank analysis reveals a consistent performance ordering. Under optimal lighting (RGB3), CMAG achieves the
best mean rank (3.12), followed by GCMA (4.56), PL-R2AU (5.55), and MWPA (5.88). Under suboptimal lighting,
CMAG maintains strong rankings (RGB1: 10.28, RGB5: 9.05), while GCMA exhibits greater rank sensitivity to
lighting degradation (RGB1: 12.59, RGB5: 12.12). All architectures sustain real-time throughput (31–34 FPS);
detailed computational costs and throughput are reported in Section 5.7.6.
Frequency-weighted IoU (FIoU) is near-ceiling across all methods (typically 99.3–99.6%), reflecting class imbalance
dominated by background and large, frequent items. The resulting mIoU–FIoU gap (about 12–16 pp across methods)
indicates that errors concentrate in rarer or visually ambiguous classes; we analyse these in Section 5.7.5.

Table 5.3: Network comparison across lighting conditions and fusion architectures. Overall metrics (mIoU, FIoU,
MPA, PA) and mean rank(1–18, lower is better) scores are reported across the three light settings of the six fusion
methods. Best value per RGB configuration in bold. RGB1: underexposed; RGB3: optimal; RGB5: overexposed
lighting.
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Mean Rank 10.3 3.1 9 12.6 4.6 12.1 11.8 5.6 10.5 13.5 5.9 9.9 10.9 6.2 10.9 12.6 8.5 13.1

mIoU (%) 82.54 87.61 82.38 80.49 86.72 78.03 81.39 86.02 82.02 78.99 85.71 81.47 81.27 85.31 80.29 80.76 84.09 79.45
FIoU (%) 99.37 99.55 99.37 99.29 99.53 99.28 99.30 99.51 99.35 99.26 99.50 99.36 99.33 99.48 99.32 99.27 99.46 99.28
MPA (%) 89.21 92.58 88.98 88.00 91.87 85.18 88.13 91.86 88.21 86.21 91.70 87.30 88.75 91.45 87.04 87.76 90.17 86.54
PA (%) 99.66 99.76 99.66 99.61 99.75 99.61 99.62 99.74 99.65 99.60 99.73 99.65 99.64 99.72 99.63 99.61 99.70 99.61

FPS 31 31 31 31 31 31 34 34 34 32 32 32 34 34 34 34 34 34
Params (M) 22 22 22 22 22 22 19 19 19 19 19 19 19 19 19 19 19 19
GFLOPs 91.7 91.7 91.7 89.2 89.2 89.2 79.0 79.0 79.0 84.0 84.0 84.0 84.0 84.0 84.0 74.0 74.0 74.0

5.7.3 Normalisation Strategy: LayerNorm vs GroupNorm Trade-offs

Table 5.4 compares the impact of normalisation choice on accuracy and throughput across all six fusion archi-
tectures. LayerNorm (LN) during training consistently yields the highest mIoU across methods, establishing it as
the preferred normalisation for learning decoder-level fusion. However, LN incurs substantial computational cost at
inference: onC=512 feature maps at H

4 ×W
4 = 120×160 resolution, LN achieves only 13.5–14.1 FPS across methods.

Switching to GroupNorm (GN) at inference while retaining LN-trained weights provides a favourable accuracy-
throughput trade-off. GN-16 maintains accuracy within 0.2 percentage points of LN for most methods (CMAG:
87.61% → 87.45%, GCMA: 86.84% → 86.72%), while improving throughput by approximately 2.4 times. Finer
grouping (GN-8) offers minimal accuracy improvement over GN-16 at reduced throughput, while coarser grouping
(GN-32) marginally increases speed but exhibits slight accuracy degradation for some methods (MWPA: 85.71% →
85.35%, PL-SIG: 85.31% → 85.24%).
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Training with GroupNorm directly (rather than LN) was briefly explored but yielded inferior performance, suggesting
that global normalisation statistics during learning are important for cross-modal attention mechanisms. The asym-
metric LN-train/GN-16 inference scheme, therefore, represents the optimal configuration, balancing accuracy with
real-time inference requirements.

Table 5.4: Normalisation method comparison under optimal lighting (RGB3, 220 epochs). LayerNorm (LN) used
during training for all configurations; GroupNorm (GN) variants applied at inference only. Best mIoU per method in
bold. All methods show 2.3–2.4× throughput improvement with GN-16 inference while maintaining accuracy within
0.2pp of LN.

Method LN (Inference) GN-8 GN-16 GN-32

mIoU FIoU MPA FPS mIoU FIoU MPA FPS mIoU FIoU MPA FPS mIoU FIoU MPA FPS

CMAG 87.61 99.55 92.58 13.51 87.43 99.54 92.69 29.90 87.45 99.54 92.52 31.09 87.42 99.53 92.38 31.32
GCMA 86.84 99.54 91.89 13.78 86.77 99.54 91.83 30.93 86.72 99.53 91.87 32.06 86.68 99.53 92.02 32.64
MWPA 85.67 99.51 90.71 13.92 85.72 99.51 91.16 31.80 85.71 99.50 91.70 33.01 85.35 99.47 92.21 33.32
PL-SIG 85.59 99.50 91.03 13.97 85.56 99.50 91.23 31.98 85.31 99.48 91.45 33.20 85.24 99.46 91.78 33.83
PL-MMTM 84.05 99.46 89.51 14.07 84.07 99.46 89.80 32.54 84.09 99.46 90.17 33.80 83.78 99.41 91.01 34.49
PL-R2AU 86.07 99.53 91.38 13.98 86.00 99.52 91.65 32.26 86.02 99.51 91.86 33.49 85.90 99.50 92.17 34.19

5.7.4 Lighting Condition Sensitivity

RGB illumination quality substantially affects segmentation performance across all decoder-level fusion architec-
tures. We evaluate three illumination settings (RGB1: underexposed, RGB3: optimal, RGB5: overexposed) with
results in Tables 5.3 and 5.12.

Performance Across Lighting Conditions Under optimal illumination (RGB3), methods achieve peak performance
with narrow differentiation: CMAG (87.61% mIoU), GCMA (86.72%), PL-R2AU (86.02%), MWPA (85.71%), PL-
SIG (85.31%), and PL-MMTM (84.09%) — a spread of only 3.52 pp. Underexposure (RGB1) shows a similar
spread of 3.55 pp, with CMAG maintaining 82.54% (5.07 pp loss) and MWPA degrading to 78.99% (6.72 pp loss).
Overexposure (RGB5) expands the spread to 4.35 pp, with GCMA suffering the largest degradation to 78.03% (8.69 pp
loss). Averaging across methods, RGB3→RGB5 degradation (5.30 pp) slightly exceeds RGB3→RGB1 (5.00 pp),
reflecting irreversible saturation-induced information loss that auxiliary modalities cannot fully recover.
Mean rank analysis reveals differences in architectural stability: CMAG maintains consistent rankings (RGB3: 3.12,
RGB1: 10.28, RGB5: 9.05), whereas GCMA exhibits high volatility (RGB3: 4.56, RGB1: 12.59, RGB5: 12.12),
demonstrating a strong dependence on RGB quality.

Surface-Dependent Vulnerability Class-level analysis reveals that surface properties dominate lighting robustness,
far exceeding architectural differences. Reflective objects distinguished primarily by colour and pattern rather than
geometric shape exhibit severe overexposure sensitivity: Apple degrades 27.50 pp (96.72%→69.22% at RGB5) for
CMAG, as saturation obliterates the discriminative colour and patterns. In contrast, geometrically similar but less
reflective Apple Green loses only 1.79 pp (95.80%→94.01%). Texture-rich objects maintain robust performance across
lighting extremes: Grapes Blue achieves stable segmentation (RGB1: 94.24%, RGB3: 94.38%, RGB5: 95.92%), as
geometric texture features survive both underexposure and saturation, where colour and specularity fail.
Sophisticated fusion mechanisms provide measurable advantages when auxiliary modalities are essential for discrim-
ination. Under optimal lighting (RGB3), Carrot and Carrot Fake are visually nearly identical in RGB-DIN; yet, thermal
signatures differ markedly (plastic vs. organic emissivity). Here, the architectural capacity to leverage thermal cues de-
termines performance: CMAG achieves 90.05% on Carrot and 79.74% on Carrot Fake, while GCMA achieves 84.89%
and 59.38% respectively, a 20.36 percentage point gap in replica discrimination performance. This demonstrates that
CMAG’s hybrid attention-gating mechanism more effectively weights thermal features when visual appearance alone
is insufficient. Under underexposure (RGB1), where RGB colour and intensity cues are severely degraded while
visual similarity between real and replica persists, PL-SIG excels on Carrot Fake (80.90%) through effective thermal
gating, whereas PL-MMTM struggles (64.97%). This pattern highlights that the architectural capacity to modulate
auxiliary contributions becomes critical when primary RGB features degrade, forcing greater reliance on thermal
discrimination.
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However, no architecture overcomes severe material-specific failures when primary modality features collapse; reflect-
ive Apple under overexposure saturation (27.50 pp loss) and Onion Red similarly degraded by saturation (11.62 pp
loss) demonstrate fundamental limits where auxiliary modalities cannot compensate for irreversible information loss
in the primary stream. Lighting robustness is therefore jointly determined by the architectural capacity to leverage
auxiliary modalities when discriminative, the material properties governing primary feature preservation under light-
ing extremes, and the information-theoretic limits when primary features are irreversibly lost to sensor saturation or
severe underexposure.

5.7.5 Challenging Classes and Modality-Specific Contributions

Background and container objects achieve near-ceiling accuracy across methods (Background: 99.77-99.86%,
Bowl: 89.35-93.22%), whereas several categories expose persistent multimodal fusion challenges.

Partially Decayed Fruit Partially rotten items (Apple Green Bad, Lemon Bad, Mandarin Bad) span a wide range
of difficulty (49.74–94.26% IoU envelope across methods and lighting). Under optimal lighting (RGB3), Apple
Green Bad exceeds 90% IoU for all six methods (range: 90.60-94.26%). Yet, performance separates dramatically
under suboptimal conditions: at RGB1, the range widens to 60.01-72.17%, with PL-SIG being the most stable
(72.17%/92.93%/73.07% at RGB1/3/5) and MWPA showing the most extensive spread (60.01%/94.26%/75.39%).
For Mandarin Bad, RGB5 proves particularly fragile (GCMA: 23.14%), highlighting severe exposure sensitivity on
decayed surfaces. The thermal modality provides critical complementary information here, as decay alters surface
temperature and emissivity patterns that remain discriminative when RGB features degrade. Networks with explicit
gating mechanisms (CMAG, PL-SIG) maintain superior cross-lighting stability, suggesting effective learnt thermal
utilisation.

Synthetic Replica Objects Replica plastics (Carrot Fake, Apple Fake, Lemon Fake) prove consistently challenging,
with class envelopes of 59.38-80.90% (Carrot Fake), 76.54-94.34% (Apple Fake), and 41.13-74.34% (Lemon Fake). On
Carrot Fake, PL-SIG achieves 80.90% at RGB1, while GCMA struggles at RGB3 (59.38%), indicating that challenging
material discrimination benefits from methods that modulate auxiliary contributions effectively. However, the optimal
architecture varies with illumination. The difficulty stems from the near-identical visual appearance of organic
counterparts. Plastic exhibits distinctly different thermal emission (lower emissivity, faster thermal equilibration) and
UV fluorescence, making thermal and UV modalities essential for this discrimination task.

Temperature-Discriminable Objects For thermally separable classes, cross-method spreads are small. Cup Hot
spans 88.62-94.75% overall, with per-lighting ranges of RGB1: 88.62-94.46% (5.8 pp), RGB3: 92.59-94.98% (2.4 pp),
RGB5: 91.54-93.88% (2.3 pp). Cup Cold spans 82.90-95.08% with RGB1: 82.90-92.12% (9.2 pp), RGB3: 92.47-
95.06% (2.6 pp), RGB5: 90.94-95.08% (4.1 pp). Under optimal or overexposed lighting, method variation is ≲2.6 pp,
while underexposure increases the spread to 5.8 to 9.2 pp. This pattern validates that thermal provides unambiguous
discriminative features when temperature differences are pronounced.

Implications for Fusion Design Difficult classes exhibit wide intra-class performance ranges: Carrot Fake varies
by ∼22 pp and Apple Green Bad by ∼34 pp across methods and lighting, compared with ≤0.8 pp for Mirror (98.19-
98.96% range). Methods with gating or attention-based fusion (CMAG, GCMA, PL-SIG) rank better in challenging
categories under favourable lighting (RGB3 mean ranks: CMAG 3.12 vs. PL-MMTM 8.50, yet no single architecture
dominates across all lighting regimes and classes. The 6-9× greater performance variation on ambiguous categories
compared to simple objects demonstrates that the architectural capacity to selectively leverage auxiliary modalities
critically determines performance when RGB cues are insufficient. However, exposure-induced failures at RGB5
can overwhelm auxiliary compensation for certain materials, establishing fundamental limits of decoder-level fusion
regardless of architectural sophistication.

5.7.6 Computational Efficiency and Real-Time Performance

All six decoder-level fusion architectures sustain real-time throughput on a single NVIDIA RTX 3090 GPU at
640×480 resolution (Table 5.3). Parameter counts cluster in two tiers: 22M for CMAG and GCMA (attention-based
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methods), and 19M for MWPA, PL-R2AU, PL-SIG, and PL-MMTM (lighter fusion mechanisms). Computational cost
spans 74.0 to 91.7 GFLOPs, with CMAG (91.7 GFLOPs) and GCMA (89.2 GFLOPs) representing the upper bound,
MWPA (84.0 GFLOPs), PL-R2AU (79.0 GFLOPs), and PL-SIG (84.0 GFLOPs) occupying the middle range, and
PL-MMTM (74.0 GFLOPs) offering the most efficient configuration. Despite these variations, measured throughput
remains tightly bounded at 31-34 FPS across all methods, demonstrating that decoder-level fusion introduces minimal
overhead beyond the shared encoder-decoder backbone.
The accuracy-efficiency trade-off favours adaptive fusion mechanisms. CMAG achieves the highest average mIoU of
84.18% (mean across RGB1/3/5) at 31 FPS with 91.7 GFLOPs. In comparison, the most efficient method, PL-MMTM,
operates at 34 FPS with 74.0 GFLOPs while achieving an average mIoU of 81.43%. Relative to PL-MMTM, CMAG
incurs a 24% computational overhead (91.7 vs. 74.0 GFLOPs) and an 8.8% throughput reduction in exchange for
a 2.75 pp mIoU improvement. Other methods occupy intermediate positions: PL-R2AU (79.0 GFLOPs, 34 FPS,
83.14% mIoU) and MWPA (84.0 GFLOPs, 32 FPS, 82.06% mIoU) offer balanced alternatives, while GCMA (89.2
GFLOPs, 31 FPS, 81.75% mIoU) demonstrates that computational cost alone does not guarantee superior accuracy;
architectural design and lighting robustness are critically important.
All configurations maintain throughput exceeding 30 FPS at VGA resolution, meeting real-time requirements for online
robotic tasks. The modest computational differences between methods (17.7 GFLOPs range, 3 FPS variation) relative
to substantial accuracy variations (2.75 pp between best and worst) underscore that the decoder-level fusion strategy,
rather than raw computational capacity, determines segmentation quality in challenging multimodal scenarios.

5.7.7 Modality Importance: Ablation Studies

We quantify each modality’s contribution and alignment sensitivity through two ablation families: (i) drop
ablations (complete removal of a modality at inference) and (ii) spatial shift ablations. Unless stated otherwise, results
are averaged across all six networks and three lighting conditions. Comprehensive class-wise robustness visualisations
for all decoder-level architectures are provided in Appendix 5.B.3.

Drop Ablation Results

Complete modality removal establishes a consistent importance hierarchy: RGB > DIN > T24 > U8. Fig-
ure 5.13(left) presents the consolidated results, with mean absolute mIoU losses averaged across networks and lighting
conditions:
• RGB drop: 59.50 pp loss (72.05% relative degradation)
• DIN drop: 49.61 pp loss (60.53% relative degradation)
• T24 drop: 24.62 pp loss (29.79% relative degradation)
• U8 drop: 16.82 pp loss (20.36% relative degradation)
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Figure 5.13: Overview of drop ablation impact. (left) Overall modality importance averaged across all networks and
lighting conditions, ranked from most to least critical. (centre) Network comparison showing impact for all six fusion
networks across the four modalities, revealing architecture-specific dependencies. (right) RGB variant comparison
showing how lighting conditions (underexposed, optimal, overexposed) affect modality importance when averaged
across networks.
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The dominance of RGB and DIN reflects their role as the primary feature extractors for geometric structure and
appearance, while thermal and UV provide complementary discriminative cues for challenging material classes
(Section 5.7.5). Table 5.5 presents per-network residual mIoU after each modality is dropped, revealing substantial
architectural variation: CMAG and GCMA exhibit the highest sensitivity (mean losses of 43.22 pp and 42.19 pp,
respectively), while PL-MMTM and PL-R2AU demonstrate superior resilience (31.82 pp and 32.27 pp).
One illustrative example demonstrates the magnitude of primary modality dependence: CMAG under optimal lighting
(RGB3) degrades from 87.61% mIoU baseline to 17.49% when RGB is removed (a 70.12 pp loss), confirming the
critical role of the primary visual stream.

Table 5.5: Drop ablation results averaged over RGB scenarios: residual mIoU (%) after removing each modality.
Networks ordered by robustness (left to right: least robust to most robust). Lower values indicate greater modality
dependence. The bottom row shows the mean loss.

Dropped RGB CMAG GCMA MWPA PL-SIG PL-R2AU PL-MMTM

RGB RGB1 34.51 30.09 11.81 37.19 31.09 19.75
RGB3 17.49 11.73 11.81 11.91 19.41 21.80
RGB5 30.70 20.15 23.38 25.04 32.65 21.80

DIN RGB1 18.54 24.01 27.63 27.89 33.40 22.05
RGB3 57.86 45.37 42.10 56.16 52.26 32.17
RGB5 22.73 22.86 27.63 27.89 21.98 27.91

T24 RGB1 36.30 47.97 62.48 55.85 48.07 63.23
RGB3 61.99 31.51 65.74 72.15 77.61 74.60
RGB5 46.89 58.68 46.83 55.85 66.57 67.92

U8 RGB1 55.48 56.48 70.57 50.03 74.44 70.61
RGB3 53.68 70.79 70.57 69.31 82.05 80.21
RGB5 55.27 55.00 70.57 50.03 70.89 74.70

Mean loss (pp) 43.22 42.19 38.63 37.68 32.27 31.82

Spatial Shift Ablations

We assess robustness to sensor misalignment by applying controlled spatial shifts to thermal and UV images
(20 px/40 px), while maintaining RGB-DIN as the reference coordinate frame, with results aggregated across shift
configurations, networks, and lighting conditions.

Overall Impact Spatial misalignment induces substantially lower degradation than complete modality removal
(mean: 4.20 pp vs. 37.64 pp for drops), confirming that decoder-level fusion exhibits intrinsic tolerance to moderate
sensor misregistration. Table 5.6 presents detailed per-network degradation under thermal and UV shifts. Degradation
scales non-linearly with magnitude: 20 px shifts cause a 2.61 pp mean loss, while 40 px shifts induce a 5.68 pp loss,
a 2.18× increase. This super-linear relationship reflects that larger misalignments increasingly violate the spatial
correspondence assumptions implicit in learnt fusion weights. The proportion of fusion failures (where multimodal
performance falls below single-modality baselines) increases 3.6-fold from 8.2% at 20 px to 29.3% at 40 px, establishing
a critical misalignment threshold beyond which auxiliary information degrades rather than enhances segmentation
accuracy.

Modality-Specific Sensitivity As shown in Table 5.6, thermal exhibits consistently greater sensitivity to misalign-
ment than UV across all networks (mean degradation: thermal 3.57 pp at 20 px and 7.67 pp at 40 px vs. UV 1.66 pp at
20 px and 3.68 pp at 40 px). This differential reflects thermal’s greater contribution to fusion performance, as demon-
strated by drop ablations (Section 5.7.7); removing thermal causes a 24.62 pp mean loss compared to UV’s 16.82 pp
loss. Modalities with larger fusion contributions exhibit proportionally greater sensitivity to spatial misalignment, as
misregistration directly degrades the discriminative features that the network has learnt to rely upon.

Directional Asymmetry Thermal demonstrates a mild vertical bias, with upward shifts proving most damaging
(20 px: 3.89 pp, 40 px: 7.45 pp), while UV exhibits near-isotropic behaviour (directional spread <0.6 pp at each mag-
nitude), as shown in Figure 5.14. This divergence reflects the different object categories that contribute discriminative
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Table 5.6: Performance degradation (pp) under spatial misalignment of auxiliary modalities. Values show mean
mIoU loss ± standard deviation when thermal or UV streams are shifted relative to the aligned RGB-DIN primary.
All networks demonstrate moderate degradation at 20 px shifts (1.07–3.95 pp), which approximately doubles at 40 px
shifts (2.71–8.40 pp), confirming the inherent tolerance of decoder-level fusion to geometric misalignment.

Network Thermal Shift UV Shift Mean Degradation

20 px 40 px 20 px 40 px 20 px 40 px

CMAG 3.50±0.77 7.99±1.57 1.61±0.89 4.73±1.76 2.56 6.36
GCMA 3.05±0.86 6.92±1.54 1.07±0.73 3.06±1.64 2.06 4.99
MWPA 3.61±0.94 7.86±1.74 1.43±0.78 3.05±1.31 2.52 5.46
PL-MMTM 3.44±0.87 7.35±1.64 1.22±0.45 2.71±0.97 2.33 5.03
PL-R2AU 3.86±0.63 8.40±1.72 1.60±0.85 3.82±1.17 2.73 6.11
PL-SIG 3.95±0.68 7.49±2.92 3.00±1.40 4.72±1.24 3.48 6.11

Average 3.57±0.33 7.67±0.51 1.66±0.71 3.68±0.89 2.61 5.68
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Figure 5.14: Spatial shift sensitivity by magnitude (20 px/40 px) and direction (up, down, left, right) for thermal and
UV modalities, averaged across all networks and lighting conditions. Thermal exhibits mild vertical bias (upward
shifts most damaging: 7.45 pp at 40 px) and consistently 1.63× greater sensitivity than UV across all scenarios.
Degradation scales super-linearly with offset magnitude, doubling the shift produces 1.93× greater loss, indicating
that geometric inconsistency tolerance degrades non-linearly beyond modest misalignments.

cues for each modality. Thermal-discriminable objects (temperature-dependent items) and UV-discriminable objects
(material-dependent items) occupy different spatial distributions, sizes, and positions within the scene. The thermal
vertical bias likely reflects that temperature-based objects in the dataset exhibit systematic vertical positioning pat-
terns, while UV-critical discrimination tasks (replica vs. organic material) occur across more spatially diverse object
orientations. This pattern persists across all networks and lighting conditions, confirming that it originates from the
dataset object distribution rather than architectural characteristics.

Architectural Robustness Figure 5.15 presents comprehensive per-network robustness across all shift scenarios.
The left heatmap shows mean fusion degradation (pp) for each network-scenario combination, while the right heatmap
displays the percentage of scenarios where fusion remains beneficial (shifted multimodal mIoU exceeds single-modality
baseline). A score of 100% indicates that fusion provides a positive benefit in all evaluated scenarios (across lighting
conditions and directions) for that modality-magnitude combination, while lower percentages reveal cases where
spatial misalignment causes fusion to underperform relative to single-modality baselines.
Network robustness varies substantially: PL-SIG achieves 94% positive scenarios across all shifts, followed by
GCMA (89%), CMAG (83%), PL-R2AU (80%), MWPA (72%), and PL-MMTM (70%). Notably, this ranking
differs from baseline accuracy ordering (Table 5.3), demonstrating that peak performance and shift robustness are
partially orthogonal properties. Simple gating mechanisms (PL-SIG) prove most tolerant to misalignment, while
sophisticated fusion (CMAG) trades shift robustness for higher clean-data accuracy. The heatmap reveals that UV
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Figure 5.15: Network performance heatmap for spatial shift robustness. Each cell aggregates performance across
12 scenarios: three lighting conditions (RGB1/3/5) and four shift directions (up/down/left/right) for thermal/UV
shifts at 20 px or 40 px magnitudes. Left: Mean fusion degradation (pp) shows performance loss—lower values
(yellow) indicate robustness, higher values (red) indicate sensitivity. Right: Percentage of scenarios maintaining
positive fusion benefit (shifted multimodal mIoU> single-modality baseline)—100% (green) indicates fusion remains
beneficial across all conditions, while lower percentages (yellow/red) reveal cases where misalignment causes fusion
to underperform.

shifts at 20 px maintain near-perfect fusion benefit (>95% positive) across most networks, while thermal 40 px shifts
prove challenging, with positive rates dropping to 50-75% for less robust architectures.

Lighting Interaction Shift impact remains broadly stable across illumination conditions: mean degradations are
4.58 pp (RGB1), 3.87 pp (RGB3), and 3.90 pp (RGB5). The marginally higher sensitivity under underexposure
(RGB1: 4.58 pp) reflects a benefit-fragility trade-off: while auxiliary modalities provide the most significant value
when primary features degrade, they simultaneously become more critical to spatial correspondence, amplifying the
impact of misalignment.

Summary

Complete modality removal represents the primary failure mode for decoder-level fusion, with RGB and DIN
drops causing severe degradation (59.50 pp and 49.61 pp, respectively). In contrast, moderate spatial misalignment
(20 px) induces minimal performance loss (2.87 pp average), validating that decoder-level fusion accommodates sensor
misregistration without explicit alignment mechanisms. UV exhibits 2.4× greater spatial tolerance than thermal
(3.20 pp vs. 5.20 pp mean degradation), correlating with its lower overall contribution to fusion (16.82 pp vs. 24.62 pp
drop impact). Architectural robustness to perturbations (PL-MMTM, PL-R2AU superior for drops; PL-SIG superior
for shifts) does not correlate with baseline accuracy (CMAG, GCMA superior), revealing an inherent trade-off between
peak performance and perturbation resilience.

5.7.8 Noise Robustness Analysis

We evaluate robustness to input corruption by applying four noise types (Gaussian, salt-and-pepper, speckle, and
generic additive noise) independently to each of the four modalities (RGB, DIN, T24, U8) at 14 intensity levels
(0.1-5.0). This yields 16 corruption scenarios evaluated across six networks and three lighting conditions, totalling
4,032 evaluations. Results quantify both absolute performance loss (percentage points, pp) and relative degradation
(%) to characterise architectural resilience to sensor noise. Class-level vulnerability patterns under noise perturbations
are visualised in Appendix 5.B.3.
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Overall Noise Sensitivity

Table 5.7 reports the mean loss across all modalities, noise types, intensities, and lighting conditions. PL-R2AU
demonstrates the highest noise tolerance (8.80 pp mean loss, 10.6% relative degradation), followed by PL-MMTM
(9.67 pp, 11.9%), with PL-SIG and GCMA occupying mid-tier positions. CMAG and MWPA exhibit the highest
sensitivity (12.93 pp and 13.91 pp, respectively). Because degradation is non-linear with severity, we report anchor
losses at both mild and severe levels of corruption. Between i=1.0 and i=5.0, degradation increases substantially:
PL-R2AU from 6.51 to 16.74 pp (+10.23), CMAG from 8.77 to 25.59 pp (+16.82), and MWPA from 9.49 to 27.04 pp
(+17.55). The widening performance spread under severe corruption confirms that architectural capacity to leverage
auxiliary modalities determines robustness. Degradation is non-linear: at intensity 1.0, losses span 6.51 to 9.49 pp
with modest inter-network variation (2.98 pp range); at intensity 5.0, this expands to 16.74 to 27.04 pp (10.30 pp range),
demonstrating that architectural differences amplify 3.5× under severe corruption.

Table 5.7: Noise robustness summary across all modalities, noise types, and lighting. Anchor losses at mild (i=1.0)
and severe (i=5.0) corruption with their difference. Lower is better.

Network PL-R2AU PL-MMTM PL-SIG GCMA CMAG MWPA

Mean loss (pp) 8.80 9.67 10.66 10.70 12.93 13.91
Relative deg. (%) 10.6 11.9 13.0 13.2 15.4 17.1

Mean loss @ i=1.0 (pp) 6.51 7.57 7.96 8.05 8.77 9.49
Mean loss @ i=5.0 (pp) 16.74 18.89 20.63 21.41 25.59 27.04
∆ (5.0–1.0) (pp) 10.23 11.32 12.67 13.36 16.82 17.55

Figure 5.16 presents degradation trajectories across all networks: an overall summary (left) and four modality-resolved
panels (RGB, DIN, T24, U8) for direct comparison. PL-R2AU maintains the lowest or near-lowest curve across all
panels, while MWPA and CMAG rise most steeply at high severities, driven primarily by their sensitivity to the UV
modality U8. At mild corruption (intensity 1.0), losses span 6.51-9.49 pp (7.9-11.7% relative); at severe corruption
(intensity 5.0), they reach 16.74-27.04 pp (20.2-33.1% relative).
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Figure 5.16: Network robustness to noise corruption across intensity levels (0.1-5.0). On the left, the overall loss
averaged over all modalities, noise types, and lighting conditions. This is followed by modality-resolved panels (RGB,
DIN, T24, U8) with shared y-axis (0-50 pp), enabling direct cross-modality comparison.

Modality-Specific Vulnerability

Modality vulnerability follows a clear hierarchy. Table 5.8 quantifies per-modality mean losses across networks.
RGB corruption proves most damaging (20.74-25.60 pp), followed by thermal (7.94-10.59 pp), UV (2.30-14.85 pp),
and depth-intensity (2.78-5.02 pp). The worst single scenario is Gaussian noise on RGB, resulting in a 28.84 pp mean
loss (35.0% relative degradation) across all networks. DIN exhibits the lowest sensitivity, reflecting its auxiliary
role in providing geometric cues that remain largely intact under photometric noise. UV exhibits substantial network-
dependent variation: while most architectures show low UV sensitivity (2.30-5.60 pp), CMAG and MWPA demonstrate
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anomalous vulnerability (13.96 and 14.85 pp, respectively).

Table 5.8: Modality-specific mean loss (pp) by network, averaged over noise types and intensities. Bold indicates best
performance per modality (lowest loss).

Modality PL-R2AU PL-MMTM PL-SIG GCMA CMAG MWPA

DIN 3.66 5.02 2.78 3.96 4.94 4.84
T24 8.16 7.94 9.14 9.75 10.59 10.35
U8 2.63 2.30 5.60 4.51 13.96 14.85
RGB 20.74 23.41 25.14 24.58 22.23 25.60

Figure 5.17 presents scenario-level sensitivity across all noise types and intensities, confirming that RGB corruption
dominates degradation, while DIN proves to be the most robust across architectures.
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Figure 5.17: Scenario-level noise sensitivity heatmap (modality × noise type). Cell intensity represents mean absolute
loss (pp) across networks, lighting conditions, and intensity levels. Gaussian noise on RGB constitutes the worst-case
scenario (28.84 pp, 35.0% relative degradation). RGB-targeted corruption dominates across all noise types, while
DIN and UV corruptions induce substantially lower degradation for most architectures.

UV-Driven Vulnerability of CMAG and MWPA CMAG and MWPA demonstrate disproportionate sensitivity
to UV (U8) corruption compared to other networks, as evident in the U8 panel of Figure 5.16. CMAG suffers a
13.96 pp mean loss under U8 noise, compared to 2.30 to 5.60 pp for PL-MMTM, PL-R2AU, and PL-SIG; MWPA
similarly degrades by 14.85 pp. This UV-specific vulnerability stems from CMAG’s architectural design: its pre-logit
attention-gating mechanism leverages UV cues more aggressively than other methods, causing unfiltered UV noise to
propagate with high gain at severe intensities.

Architectural Patterns

Network rankings for noise robustness differ substantially from both baseline accuracy and spatial shift robustness,
revealing distinct architectural trade-offs. PL-R2AU achieves the highest noise tolerance (8.80 pp mean degradation)
despite moderate baseline performance (83.14% mIoU). Conversely, CMAG attains the highest baseline accuracy
(84.18% mIoU) but exhibits greater noise sensitivity (12.93 pp mean degradation, 1.47× higher than PL-R2AU). This
UV-driven vulnerability (13.96 pp loss under U8 corruption versus 2.30 to 5.60 pp for other networks) reflects CMAG’s
learnt fusion strategy: its hybrid attention-gating mechanism optimises auxiliary modality utilisation for clean-data
performance, amplifying degradation when those channels contain noise.
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The relationship between fusion strategy and perturbation tolerance reveals a fundamental trade-off. CMAG achieves
the highest baseline accuracy (84.18% average mIoU) by learning to aggressively exploit auxiliary modalities; however,
it consequently exhibits the highest noise sensitivity (12.93 pp mean degradation). In contrast, PL-R2AU sacrifices
1.04 pp average baseline accuracy (83.14% mIoU) yet achieves substantially superior noise resilience (8.80 pp mean
degradation)—a 4.13 pp robustness improvement representing a 4.0× return on the accuracy sacrifice.
PL-MMTM demonstrates balanced performance: second-best for noise (9.67 pp mean degradation) and best for drop
robustness (31.82 pp mean loss, Table 5.5), yet worst for spatial shifts (70% positive scenarios). This pattern under-
scores orthogonal robustness dimensions. Squeeze-and-excitation-based channel gating (PL-MMTM) enables robust
handling of corrupted inputs through conservative channel weights; however, it struggles when spatial correspondence
is violated, as global pooling discards the geometric structure. Conversely, spatial attention mechanisms (PL-SIG:
94% positive shift scenarios) tolerate misalignment through pixel-wise gating but can amplify auxiliary contributions,
propagating noise through fusion pathways (10.66 pp mean degradation under noise).

Practical Implications

Architecture selection should account for both noise severity and modality-specific vulnerability. At mild cor-
ruption (intensity 1.0), all networks remain functional (6.51 to 9.49 pp loss, 7.9 to 11.7% relative degradation). At
severe corruption (intensity 5.0), losses range from 16.74 to 27.04 pp, rendering some configurations effectively
non-functional.
Prioritising RGB sensor quality yields the most significant robustness gains, as RGB-targeted noise causes mean
degradation of 20.74 to 25.60 pp, versus only 2.78 to 10.59 pp for auxiliary modalities—a 2.0 to 9.2× difference.
For systems that heavily leverage UV features (CMAG, MWPA), UV channel quality control becomes critical to
prevent severe degradation (13.96 to 14.85 pp under UV corruption, compared to 2.30 to 5.60 pp for UV-conservative
methods).
Optimal architecture choice depends on operational priorities and expected perturbation profiles. CMAG achieves
the highest baseline accuracy (84.18% average mIoU) with acceptable noise tolerance at mild intensities (8.28 pp loss
at intensity 1.0). However, under persistent moderate-to-severe noise (intensity > 1.5), PL-R2AU exhibits ∼ 35%
lower degradation than CMAG at high severity (e.g., 16.74 vs. 25.59 pp at i=5.0), while PL-MMTM is ∼ 26–28%
lower (e.g., 18.89 vs. 25.59 pp at i=5.0). When spatial misalignment is the dominant perturbation source, PL-SIG
and GCMA achieve superior shift robustness (94% and 89% positive scenarios, respectively; Section 5.7.7), though
with moderately higher noise sensitivity (10.66 pp and 10.70 pp, respectively).

5.7.9 Comparative Analysis of Fusion Strategies

Baseline evaluation across six fusion architectures reveals distinct performance-robustness trade-offs under varied
operational conditions. CMAG achieves the highest average accuracy with stable lighting tolerance, while adapted
methods demonstrate competitive performance with reduced computational overhead. Systematic ablations reveal
orthogonal robustness dimensions that inform deployment strategy:
• Modality importance is architecturally invariant. Drop experiments establish a consistent hierarchy (RGB>DIN
>T24>U8) across all methods, indicating that information content dominates architectural effects. However, fusion
strategies exhibit substantial variation in sensitivity: PL-MMTM achieves superior drop robustness through modality
isolation, while CMAG’s cross-modal integration amplifies dependence on auxiliary channels (Section 5.7.7).

• Fusion aggressiveness determines accuracy-robustness trade-offs. CMAG’s aggressive auxiliary utilisation
yields the highest baseline accuracy (84.18% mIoU) but the greatest noise sensitivity (12.93 pp), while PL-R2AU’s
conservative fusion maintains competitive accuracy (83.14% mIoU) with superior robustness (8.80 pp). This pattern
is most pronounced in UV corruption, where learnt fusion strategies determine vulnerability (Section 5.7.8).

• Spatial robustness trades off against noise resilience. Methods preserving spatial structure (PL-SIG, GCMA)
tolerate geometric misalignment through pixel-wise correspondence, whereas global pooling architectures (PL-
MMTM) discard spatial information for noise suppression. This reveals fundamental architectural constraints:
spatial preservation enables alignment compensation but propagates corruption; global aggregation suppresses
noise but eliminates geometric cues (Sections 5.7.7, 5.7.8).

• Auxiliary modality utilisation determines lighting robustness. CMAG’s hybrid gating mechanism maintains
stable performance under challenging illumination (RGB1: 82.54%, RGB5: 82.38%), outperforming GCMA by
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3.2 percentage points under suboptimal lighting (RGB1/5: 80.49%/78.03%) through effective thermal and UV
compensation when RGB features degrade. Underexposed conditions (RGB1) prove most challenging across all
architectures, inducing 11% higher average degradation compared to optimal lighting (RGB3: 24.20 pp vs RGB1:
26.93 pp mean loss), confirming that challenging lighting conditions amplify dependence on auxiliary modalities.

• Deployment context dictates optimal architecture. For controlled environments prioritising peak accuracy,
CMAG maximises performance with acceptable noise tolerance at mild intensities. Under persistent severe cor-
ruption, PL-R2AU and PL-MMTM exhibit substantially lower degradation through conservative fusion. For
misalignment-dominated scenarios, PL-SIG and GCMA provide superior shift tolerance, with moderate noise
sensitivity (Sections 5.7.7, 5.7.8).

• Computational efficiency remains comparable across methods. All architectures achieve real-time inference
capability with modest overhead differences, positioning computational cost as a secondary selection criterion
relative to accuracy-robustness trade-offs under expected perturbation profiles (Table 5.3).

5.7.10 Encoder- vs Decoder-Level Fusion

To contextualise decoder-level fusion within the broader multimodal segmentation landscape, we compare our
pre-logit integration approach against encoder-level fusion, represented by GF-Net [4], our previous encoder-level
architecture on the MM5 dataset. Both architectures employ MiT-B0 backbones and fuse RGB, depth-intensity-
normals (DIN), thermal (T24), and UV (U8) modalities, enabling direct performance comparison while isolating the
impact of fusion stage placement. Crucially, both networks employ Stage-Wise Intensity Fusion (SWIF) to enhance
the RGB primary stream with DIN composites; the fundamental distinction lies in where auxiliary thermal and UV
modalities are integrated within the feature hierarchy.

Architectural Paradigms For direct architectural comparison, we focus on sigmoid gating methods that isolate
fusion stage effects: GF-Net employs encoder-level sigmoid gating, while PL-SIG implements decoder-level sigmoid
gating. This comparison enables us to hold fusion mechanism complexity constant while varying only the integration
stage placement, thereby isolating the architectural impact of early versus late fusion.
Encoder-level fusion (GF-Net) applies SWIF to inject DIN into RGB features at each encoder stage (Stages 1–4),
establishing an enhanced RGB, DIN primary representation. Thermal and UV auxiliaries are then fused into this
primary stream at every encoder stage through per-pixel sigmoid gating following CM-FRM spatial alignment [2].
This stage-wise encoder fusion propagates multimodal features through all subsequent encoder depths and the shared
decoder, enabling deep cross-modal interaction at the cost of tight architectural coupling and spatial alignment
dependency.
Decoder-level fusion (PL-SIG) similarly employs SWIF to enhance RGB with DIN at each encoder stage within the
primary stream. However, thermal and UV modalities are processed through independent encoder-decoder pipelines,
as described in Sections 5.5.3 and 5.6.

Table 5.9: Encoder- vs decoder-level fusion at VGA resolution. GF-Net refers to the SWIF-Gated (RGB+DIN+T+UV)
configuration; PL-SIG is the architecturally matched decoder method (sigmoid gating only); “Decoder (best)” is CMAG
from Table 5.3; “Decoder (mean)” averages the six decoder-level methods. All methods use MiT-B0 backbones and
SWIF-enhanced RGB+DIN primary streams on the same MM5 test split.

Method RGB1 RGB3 RGB5 Mean FPS GFLOPs

GF-Net (encoder) 84.90 88.30 84.20 85.80 55 17.3
PL-SIG (decoder) 81.27 85.31 80.29 82.29 34 84.0
Decoder (best) 82.54 87.61 82.38 84.18 31 91.7
Decoder (mean) 80.99 85.91 80.99 82.63 31–34 74.0–91.7

Quantitative Performance Comparison Table 5.9 presents accuracy and efficiency metrics for both paradigms.
GF-Net achieves consistently higher baseline mIoU across all lighting conditions, with a 3.51 pp average advantage
over PL-SIG (85.80% vs 82.29%). This accuracy premium is most pronounced under suboptimal illumination (RGB1:
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+3.63 pp, RGB5: +3.91 pp), suggesting that stage-wise encoder integration provides stronger illumination invariance
through progressive refinement across encoder depths. Under optimal lighting (RGB3), the gap narrows to 2.99 pp,
indicating that both paradigms achieve comparable performance when RGB quality is high. Amongst decoder methods,
CMAG achieves the highest average mIoU (84.18%), reducing the encoder advantage to 1.62 pp, though at an increased
computational cost.
The efficiency disparity is substantial: GF-Net achieves 55 FPS vs PL-SIG’s 34 FPS (62% higher throughput) while
requiring only 17.3 GFLOPs vs 84.0 GFLOPs (79% lower computational cost). This 4.9× computational advantage
stems from encoder fusion’s single decoder pathway processing jointly refined features, as opposed to decoder fusion’s
independent per-modality encoder-decoder pipelines that operate until late integration. The parameter efficiency arises
from GF-Net’s shared decoder, which consumes fused encoder outputs, whereas PL-SIG maintains separate decoders
for each modality stream.

Robustness Under Perturbation Ablation studies reveal contrasting vulnerability profiles between sigmoid gating
paradigms. RGB removal causes severe degradation across both approaches, yet decoder fusion retains substantially
higher residual performance (PL-SIG: 24.71% mean residual mIoU) compared to encoder fusion (GF-Net: 14.05%
mean residual mIoU), a 1.76× advantage, as shown in the drop columns of Figure 5.18. This resilience advantage
demonstrates that modality isolation in decoder fusion, where thermal and UV maintain independent processing
pathways until the pre-logit stage, enables more graceful degradation when the primary sensor fails. Conversely,
encoder fusion’s early integration creates representational dependencies that cannot be bypassed when the base
modality is unavailable. Tables 5.10 and 5.11 quantify these differences systematically.

Table 5.10: Performance degradation (pp drop and relative degradation) under complete modality removal. Values
show mean mIoU loss averaged across three lighting conditions (RGB1/3/5). Decoder methods demonstrate sub-
stantially lower degradation than encoder fusion, particularly for RGB drops where PL-SIG (57.91 pp) outperforms
GF-Net (71.47 pp) by 13.56 pp. The decoder mean represents the average across all six decoder-level methods.

Method RGB DIN Thermal UV Mean
pp rel% pp rel% pp rel% pp rel% pp rel%

CMAG 56.61 66.99 51.13 61.30 35.78 42.78 29.37 34.81 43.22 51.47
GCMA 61.09 74.42 51.00 62.85 35.69 42.96 20.99 25.91 42.19 51.53
MWPA 67.22 81.01 50.44 61.02 24.54 29.71 12.32 14.81 38.63 46.64
PL-MMTM 58.76 73.55 52.51 65.69 11.31 14.11 4.72 5.87 31.82 39.81
PL-R2AU 55.43 66.48 47.26 57.13 19.06 23.18 7.35 8.90 32.27 38.92
PL-SIG 57.91 69.83 45.31 55.18 21.34 26.00 26.17 31.88 37.68 45.72

Decoder Mean 59.50 72.05 49.61 60.53 24.62 29.79 16.82 20.36 37.64 45.68

GF-Net 71.47 83.44 48.04 56.54 54.08 63.32 25.66 30.07 49.81 58.34

RGB removal causes severe degradation across both approaches (Table 5.10), yet decoder fusion retains substantially
more performance than encoder fusion. Converting to residual performance, PL-SIG maintains 29.91% of its baseline
mIoU under RGB drop (24.71 mIoU from an 82.62 baseline), nearly 2× higher than GF-Net’s 16.43% retention
(14.05 from an 85.52 baseline). This resilience advantage, 13.56 pp lower degradation for PL-SIG, demonstrates that
modality isolation in decoder fusion enables more graceful degradation when the primary sensor fails. The decoder
mean (59.50 pp RGB degradation) outperforms encoder fusion by 11.97 pp (71.47 pp - 59.50 pp), confirming that this
architectural advantage extends across all decoder variants.
DIN removal reveals comparable vulnerabilities across paradigms (decoder mean: 49.61 pp vs encoder: 48.04 pp),
with PL-SIG achieving the best decoder performance (45.31 pp). This minimal 1.57 pp difference reflects the fact that
both approaches rely on SWIF-enhanced RGB+DIN features established at the encoder level; removing DIN degrades
this shared foundation equally, regardless of where thermal and UV auxiliaries are subsequently integrated. The
comparable impact confirms that depth-intensity-normals features are equally critical to both paradigms, as geometric
cues are embedded early in the feature hierarchy before the fusion stage divergence.
Thermal and UV drops expose the most striking architectural differences. For thermal removal, encoder fusion
suffers severe 54.08 pp degradation, more than double the decoder mean (24.62 pp) and 2.5× worse than PL-SIG
(21.34 pp). This 29.46 pp gap reveals that early thermal integration creates brittle dependencies that cascade through
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Table 5.11: Performance comparison between decoder and encoder fusion under noise perturbations at intensity 2.5.
Values show mIoU degradation (pp) for each modality-noise combination averaged across lighting conditions. The
pivoted structure reveals modality-specific vulnerabilities: decoder fusion demonstrates superior RGB and thermal
resilience, while encoder fusion’s data-level DIN integration provides exceptional noise tolerance for depth features.
GF-Net exhibits particularly severe thermal degradation (47.39 pp mean), exceeding decoder methods by 3.8×.

Method Modality Basic Gaussian Salt&Pepper Speckle Mean

CMAG
(Decoder)

RGB 22.51 31.91 32.17 19.37 26.49
DIN 3.43 6.60 8.54 5.24 5.95
Thermal 11.09 10.45 14.87 14.12 12.63
UV 16.10 19.04 19.51 11.90 16.64

PL-SIG
(Decoder)

RGB 26.78 37.51 37.67 20.26 30.55
DIN 2.08 3.90 4.68 3.05 3.43
Thermal 9.85 9.48 12.82 12.43 11.14
UV 6.52 8.42 8.03 4.28 6.81

GF-Net
(Encoder)

RGB 38.57 50.33 47.93 34.35 42.80
DIN 0.77 1.81 2.22 1.89 1.67
Thermal 41.76 34.73 55.32 57.74 47.39
UV 1.41 6.08 4.16 0.36 3.00

the entire encoder when disrupted. Conversely, decoder methods exhibit wide variation in auxiliary resilience: PL-
MMTM (11.31 pp) and PL-R2AU (19.06 pp) demonstrate superior thermal independence through channel gating and
recurrent attention, while CMAG (35.78 pp) and GCMA (35.70 pp) show higher sensitivity due to explicit cross-modal
dependencies.
Noise robustness comparisons at intensity 2.5 (Table 5.11) reveal the impact of fusion stage placement across four noise
types. The overall mean degradation (unweighted average across modalities) shows decoder-level PL-SIG achieving
12.98 pp, substantially outperforming encoder-level GF-Net (23.71 pp) by 10.73 pp. RGB-targeted corruption induces
the most severe degradation across all methods, with encoder-level GF-Net exhibiting the highest sensitivity (42.80 pp
mean) compared to decoder-level CMAG (26.49 pp) and PL-SIG (30.55 pp). Notably, CMAG demonstrates superior
RGB resilience through its cross-modal attention mechanism, which adaptively redistributes representational load
when primary features degrade, outperforming PL-SIG by 4.06 pp.
Thermal corruption under noise exposure exhibits catastrophic failure in encoder fusion: GF-Net suffers a mean
degradation of 47.39 pp, substantially exceeding decoder-level methods (CMAG: 12.63 pp, PL-SIG: 11.14 pp) by
factors of 3.8× and 4.3×, respectively. This vulnerability is particularly pronounced under salt-and-pepper (55.32 pp)
and speckle (57.74 pp) noise, demonstrating that early fusion of thermal features creates brittle dependencies that
catastrophically fail under severe corruption. The extreme speckle degradation (57.74 pp) represents a near-total loss
of thermal information, indicating that multiplicative noise fundamentally disrupts encoder-level feature interactions.
The consistent thermal advantage of decoder fusion across all noise types confirms that late integration preserves
modality independence to a degree, enabling a more graceful degradation when auxiliary sensors are compromised.
Conversely, DIN exhibits exceptional noise resilience across both paradigms due to the shared SWIF mechanism,
though encoder fusion achieves marginally superior tolerance (GF-Net: 1.67 pp mean degradation vs PL-SIG: 3.43 pp,
CMAG: 5.95 pp). Since both architectures identically fuse DIN with RGB at each encoder stage via SWIF, producing
the same enhanced RGB+DIN primary stream, this small difference arises from downstream architectural choices
rather than DIN processing itself. In encoder fusion, the SWIF-enhanced stream is immediately fused with thermal
and UV at each encoder stage, allowing auxiliary modalities to interact with the robust RGB+DIN representation
throughout the encoder depth. In decoder fusion, the SWIF-enhanced stream propagates independently through the
encoder before late fusion with auxiliaries, potentially accumulating slightly different noise characteristics. Similarly,
UV corruption has minimal impact on GF-Net (3.00 pp mean), with speckle noise producing negligible degradation
(0.36 pp), while decoder methods exhibit higher UV sensitivity (PL-SIG: 6.81 pp, CMAG: 16.64 pp). CMAG’s
attention-based fusion amplifies UV noise through explicit cross modal dependencies that propagate corruption across
modalities at the decoder stage.
Across all decoder methods, mean degradation ranges from 14.3 pp to 23.0 pp, with conservative fusion strategies
(PL-R2AU: 14.3 pp, PL-MMTM: 15.6 pp) achieving superior tolerance through residual connections and transfer



5.7. RESULTS AND DISCUSSION 164

modules that maintain independent gradient pathways. Attention-based methods (CMAG: 21.0 pp, MWPA: 23.0 pp)
trade noise resilience for baseline accuracy, as their explicit cross-modal interactions create stronger dependencies
that amplify corruption effects. Both paradigms degrade substantially under severe corruption, confirming that sensor
noise mitigation remains an open challenge regardless of fusion strategy. However, the 10.73 pp decoder advantage
demonstrates that architectural choices significantly impact robustness margins.
Figure 5.18 visualises class-specific resilience patterns, revealing that decoder-level PL-SIG maintains more consistent
per-class IoU across perturbations compared to encoder-level GF-Net. The most pronounced differences emerge under
modality drops (leftmost perturbation columns), where GF-Net exhibits systematic class collapse (extensive red
regions) while PL-SIG preserves moderate discrimination (yellow-green regions). This visualisation confirms that
late integration’s modality independence translates to more uniform degradation across semantic categories, avoiding
the catastrophic class-specific failures characteristic of early fusion when primary modalities fail.

Architectural Trade-offs and Application Context The comparative analysis establishes three deployment scen-
arios:

(i) Controlled environments with geometrically aligned sensors and strict latency constraints favour encoder
fusion for peak accuracy (+3.23 pp vs PL-SIG) and efficiency (+62% throughput).

(ii) High-accuracy scenarios tolerating modest computational overhead benefit from CMAG’s hybrid fusion,
achieving competitive accuracy (within 2 pp) with inherent alignment tolerance.

(iii) Robustness-critical applications with potential sensor failures or geometric drift require decoder-level fusion,
accepting 3 pp accuracy reduction for 2.0× improved sensor failure resilience (Section 5.7.7) and intrinsic
spatial tolerance (Section 5.7.7).

The choice between paradigms depends on operational constraints: encoder fusion maximises performance under
assured alignment and sensor reliability, while decoder fusion prioritises robustness for challenging conditions where
failures and misalignment are anticipated.
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Figure 5.18: Class-wise robustness comparison under perturbations. Heatmaps show per-class IoU (green=high,
red=low) across baseline and perturbation conditions (Drop, Shift, four noise types) under three RGB lighting con-
ditions (1: underexposed, 3: optimal, 5: overexposed). Decoder-level PL-SIG preserves class-specific performance
more consistently than encoder-level GF-Net, particularly under modality drops (leftmost perturbation group) where
early fusion creates cascading failures. The systematic difference in drop columns demonstrates decoder fusion’s
architectural advantage in maintaining auxiliary pathway independence.
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5.7.11 Discussion

Accuracy-Robustness Trade-Off

Architectural fusion strategies exhibit distinct performance-robustness profiles. CMAG achieves the highest mean
accuracy (84.18% mIoU) but demonstrates elevated noise sensitivity (12.93 pp mean degradation), while MWPA
exhibits the highest noise vulnerability (13.91 pp) despite mid-range baseline performance (82.89% mIoU). How-
ever, PL-R2AU demonstrates that aggressive accuracy-robustness trade-offs are not inevitable, achieving competitive
accuracy (83.14% mIoU, only 1.04 pp below CMAG) while maintaining the lowest noise sensitivity (8.80 pp)—a
4.13 pp robustness advantage over CMAG. Similarly, PL-MMTM demonstrates balanced characteristics with the
lowest baseline accuracy (79.89% mIoU) yet second-best noise robustness (9.67 pp), indicating that conservative
fusion strategies can maintain robustness without substantial accuracy penalties. The divergent profiles stem from
learnt fusion strategies: aggressive auxiliary exploitation (CMAG, MWPA) maximises discriminative capacity under
ideal conditions but amplifies vulnerability when auxiliary channels degrade, whereas selective modality utilisation
(PL-R2AU, PL-MMTM) maintains robustness through conservative fusion gains.

Modality Hierarchy and Architectural Invariance

Drop ablations establish a consistent modality importance hierarchy (RGB > DIN > T24 > U8) across all six
architectures, with mean losses of 59.50 pp, 49.61 pp, 24.62 pp, and 16.82 pp, respectively, averaged across all archi-
tectures and lighting conditions. This invariance demonstrates that information content dominates architectural effects:
RGB-DIN provides geometric structure and appearance, while thermal and UV contribute specialised discriminative
cues for challenging classes (Section 5.7.5). However, fusion strategies substantially influence sensitivity magnitude:
PL-MMTM achieves a 31.82 pp mean drop loss through modality isolation, while CMAG’s cross-modal integration
amplifies dependence (43.22 pp).
Thermal demonstrates greater importance than UV for fusion performance: when either auxiliary modality is removed,
networks retain 57.8% mean residual mIoU without thermal compared to 65.6% without UV (averaged across all
architectures and lighting conditions), a 7.8 percentage point difference that quantifies the relative contribution of each
auxiliary modality to segmentation performance.

Decoder-Level Spatial Robustness

Spatial shift ablations reveal intrinsic misalignment tolerance: 20 px offsets cause only 2.87 pp mean degradation
vs 37.64 pp for complete modality removal—a 13.1× difference. This resilience stems from decoder fusion’s semantic-
level integration, where spatial correspondence assumptions are relaxed compared to encoder-level pixel alignment.
Thermal exhibits 1.63× greater shift sensitivity than UV, with vertical shifts proving most damaging.

Fusion Stage Selection and Operational Context

The encoder-decoder comparison (Section 5.7.10) reveals that the placement of the fusion stage represents a
primary design decision. Encoder-level fusion maximises inference throughput (55 vs. 31–34 FPS) and computational
efficiency (17.3 vs. 74.0–91.7 GFLOPs) through feature sharing, while decoder-level fusion prioritises robustness
through modality isolation (retains 30.17% of baseline vs. 16.56% for encoder fusion under RGB loss). However,
encoder-level fusion requires geometrically aligned inputs, imposing preprocessing overhead not reflected in the
reported inference metrics. Thermal and UV images must undergo rectification and lens distortion correction.
Whilst these operations execute in parallel for both modalities, conservative estimates based on typical performance
for VGA-resolution thermal imagery suggest approximately 5 ms preprocessing latency per frame. Although the
network maintains a 55 FPS inference capability, the mandatory preprocessing creates a 5 ms system latency and
incurs additional computational costs (CPU-based rectification) before frames enter the GPU-accelerated network. In
contrast, decoder-level fusion operates directly on raw, distorted sensor streams, processing frames immediately upon
acquisition without the delay associated with registration preprocessing.
For controlled environments with mechanically stable sensor arrays and strict latency requirements, the accuracy
advantage of encoder fusion (+1.34 pp mean across RGB1/3/5 vs. the best decoder method) may justify adoption if the
5 ms preprocessing latency and additional CPU overhead remain acceptable for the application. Conversely, for field
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robotics or scenarios with mechanical vibration, sensor degradation, or calibration drift, the more graceful degradation
of decoder fusion and its intrinsic tolerance to misalignment outweighs the 1 to 2 percentage point accuracy reduction.
Additionally, decoder fusion eliminates the registration preprocessing requirement entirely, enabling zero-delay frame-
to-prediction throughput, which is critical for reactive robotic control.

Limitations

Whilst CMAG demonstrates strong performance for unaligned multimodal fusion, several limitations warrant
acknowledgement:
Computational overhead. CMAG carries a higher compute/parameter budget than the most efficient baseline (91.7
vs. 74.0 GFLOPs for PL-MMTM; ≈24% increase) and a larger parameter count (22M vs. 19M). Nevertheless, all
methods sustain real-time inference (31–34 FPS). The attention path (GCMA) contributes most of this overhead.
Training complexity and memory. Using separate decoder heads per modality increases training-time memory and
adds optimisation complexity. In particular, we employ per-head learning rates and multi-head supervision with loss
weighting and residual warm-up. These settings improve stability and graceful degradation under missing inputs, but
they also enlarge the hyperparameter search space and can make exact reproduction more sensitive to configuration.
Noise–accuracy trade-off. CMAG tends to yield larger absolute mIoU losses under severe corruptions than conservat-
ive fusion (e.g., PL-R2AU, PL-MMTM), while performing competitively at mild to moderate intensities. This reflects
an explicit design choice; aggressive auxiliary utilisation maximises discriminative capacity in clean conditions but
increases vulnerability when auxiliaries degrade (see Table 5.7).
Alignment tolerance bounds. Modality-level pooling in GCMA provides robustness to moderate misalignment;
however, performance degrades progressively with spatial shifts. In our misregistration study, 20-pixel shifts cause
modest degradation (2.61 pp average), while 40-pixel shifts induce more substantial losses (5.68 pp average; see
Table 5.6). Performance under larger misalignments or non-translational distortions (e.g., rotation, scale) remains
untested and warrants further investigation.
Domain scope. Results are reported on MM5 (indoor produce with controlled RGB lighting and auxiliary thermal/UV).
Generalisation to other domains — e.g., outdoor scenes, autonomous driving, or medical imaging with different sensor
suites — remains to be established.
Calibration and failure awareness. The present model does not include explicit confidence calibration or lightweight
sensor-health cheques (e.g., dropout, drift detection). Integrating uncertainty quantification and simple failure detectors
would better support safety-critical or time-critical deployments.

Future Work

Several promising directions emerge from this study. The observed accuracy-robustness trade-off motivates
training strategies aimed at shifting the optimisation frontier, including corruption-aware objectives, adversarial
perturbation schemes targeted at auxiliary streams (thermal/UV), and multi-objective searches that balance clean
accuracy against robustness to noise, modality drop, and spatial shift. Targeted augmentation—especially spatial
perturbations reflecting realistic misalignment and modality-specific noise processes—may further enhance resilience
while preserving clean-data performance.
The modality-specific contributions observed suggest potential for class-adaptive fusion that selectively weights inputs
by semantic context at the pre-logit stage. Extending evaluation to other multimodal domains (e.g., autonomous
driving, medical imaging) would test whether the design principles identified here generalise beyond controlled
inspection settings.
Computational efficiency could be improved through lightweight attention mechanisms or knowledge distillation,
addressing the 24% overhead while maintaining accuracy for edge deployment. Incorporating differentiable spatial
transformation networks within the decoder could extend the alignment tolerance without sacrificing the benefits of
late fusion.
Finally, integrating uncertainty quantification for calibrated confidence and lightweight failure detection for sensor
malfunctions (e.g., auxiliary dropout or drift) would support safer deployment in time-critical applications, particularly
when operating on unaligned and optically uncorrected auxiliary streams.
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5.8 Conclusion
This work presents a comprehensive investigation of decoder-level fusion strategies for multimodal semantic

segmentation using unaligned RGB+DIN, thermal, and UV imagery. We propose CMAG (Cross-Modal Attention
with Gated Residuals). This decoder-level fusion module combines global cross-modal attention with sigmoid-gated
residuals to enable alignment-tolerant fusion without explicit geometric calibration. Through systematic evaluation
of CMAG against five adapted baseline methods across three lighting conditions, we establish performance baselines,
quantify modality contributions via ablation studies, and assess robustness to sensor noise across 4,032 configurations
(four corruption types, fourteen intensity levels). Crucially, thermal and UV modalities are fused in their distorted
form without lens correction, testing decoder-level fusion’s capacity to handle realistic sensor imperfections alongside
spatial misalignment.
Our findings reveal critical insights for decoder-level multimodal fusion design. Our proposed CMAG achieves the
highest baseline accuracy (84.18% mIoU average, 87.61% under optimal lighting) through hybrid channel-modality
attention gating at the decoder level, while maintaining moderate noise tolerance (12.93 pp mean degradation across
all noise scenarios) and graceful lighting adaptation. GCMA (CMAG’s attention component evaluated standalone)
achieves strong optimal-lighting performance (86.72%) via cross-modal attention but exhibits increased sensitivity
to suboptimal illumination (RGB1: 80.49%, RGB5: 78.03%). The baseline architectures demonstrate alternative
trade-offs: PL-MMTM (adapted Multimodal Transfer Module) attains the best ablation robustness (31.82 pp mean
drop loss, 1.07 pp shift loss) via squeeze-and-excitation fusion; PL-R2AU (adapted Recurrent Residual Attention
U-Net) achieves the best noise resilience (8.80 pp mean loss, rising from 6.51 pp at mild corruption to 16.74 pp at
severe levels) through recurrent attention mechanisms.
Ablation studies confirm a clear modality hierarchy (RGB>DIN> T24>U8), with RGB removal causing a 59.50 pp
average degradation (72.05% relative), and DIN showing critical importance under challenging lighting conditions (up
to 63.99 pp loss when removed under underexposure). Thermal and UV modalities provide specialised discriminative
information essential for challenging classes (fake objects, partially decayed fruit) despite modest overall importance
(24.62 pp and 16.82 pp drop impacts, respectively). Notably, decoder-level fusion of unaligned modalities demonstrates
strong spatial robustness, with 20 px misalignment causing only 2.11 pp average degradation compared to 37.64 pp for
complete modality removal—indicating that moderate calibration drift poses minimal risk to segmentation accuracy
at the decoder level.
Noise robustness evaluation reveals that RGB-targeted corruption induces the most severe degradation (Gaussian RGB:
31.91%–37.51% impact across networks; salt-and-pepper RGB: 29.31%–38.22%), while DIN demonstrates surprising
noise tolerance (3.90%–7.55% average impact) despite being the second-most-important modality. Architectural
differences in noise handling amplify under severe corruption: at mild intensity (i=1.0), network losses span a modest
2.98 pp range (6.51–9.49 pp), expanding to 10.30 pp at severe levels (i=5.0: 16.74–27.04 pp)—a 3.5× amplification.
Networks with higher baseline accuracy demonstrate greater noise sensitivity, while robust architectures sacrifice peak
accuracy, indicating that architectural designs must balance clean-data performance against perturbation resilience.
Comparison with encoder-level fusion (GF-Net) demonstrates that this trade-off extends across fusion paradigms:
encoder integration achieves higher baseline accuracy and superior efficiency (55 FPS, 17.3 GFLOPs) through early
feature sharing, while decoder-level designs (31–34 FPS, 74.0–91.7 GFLOPs) demonstrate stronger resilience under
sensor failure (e.g., CMAG retains 32.75% vs. 16.43% of baseline under RGB drop). However, encoder-level
fusion requires per-frame geometric alignment of auxiliary modalities, typically incurring approximately 5 ms CPU
preprocessing latency at VGA resolution. Decoder-level fusion eliminates this preprocessing requirement by operating
directly on raw, geometrically uncorrected sensor streams, reducing system latency and simplifying deployment.
Architecture selection follows naturally from these trade-offs: encoder-level fusion (GF-Net) for controlled, high-
throughput scenarios with reliable sensors where preprocessing overhead is acceptable; decoder-level fusion (CMAG,
GCMA) when prioritising accuracy under modest perturbation; and robust decoder variants (PL-R2AU, PL-MMTM)
when robustness is critical, with potential sensor degradation or misalignment. All decoder-level architectures achieve
real-time inference (31–34 FPS), enabling practical robotic vision applications without requiring pre-aligned or
geometrically corrected sensor inputs.
This work establishes comprehensive benchmarks for decoder-level multimodal fusion with unaligned, optically
uncorrected inputs, providing empirical guidance for architecture selection and highlighting fundamental trade-offs
in decoder-level fusion design. We acknowledge that our findings are validated exclusively on the MM5 dataset,
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comprising indoor produce inspection under controlled lighting variations. Generalisation of our learnt weighting
patterns to outdoor environments, medical imaging, or autonomous driving with different sensor combinations remains
to be explored empirically.
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List of Abbreviations

ATT Channel and spatial dual attention
BAM Block Attention Module
CANet Co-Attention Network
CBAM Convolutional Block Attention Module
CMAF Cross-Modal Attention Fusion
CMAG Cross-Modal Attention with Gated Residuals
CMNeXt Cross-Modal Next
CMX Cross-Modal X
CNN Convolutional Neural Network
CPS Cross-Modal Prototype Sharing modules (in TCPSNet context)
CT Computed Tomography
D Depth
DGFM Dual Gate Fusion Module
DGFNet Dual Gate Fusion Network
DIN Depth, Intensity, and Normals (MM5 Dataset)
DSM Digital Surface Model
ETFormer Edge-Thermal Transformer
FCN Fully Convolutional Network
FEM Feature Enhancement Module
FLAIR Fluid-Attenuated Inversion Recovery
FPS Frames Per Second
FRM Feature Rectification Module
FWIoU Frequency Weighted Intersection over Union
GAP Global Average Pooling
GCMA Global Context Modality Attention
GF-Net Gated Fusion Network
GMFNet Gated Multimodal Fusion Network
GN Group Normalisation
GT Ground Truth
HSI Hyperspectral Imaging
HRNet High-Resolution Network
LF-DLM Late Fusion Deep Learning Model
LiDAR Light Detection and Ranging
LN Layer Normalisation
LWIR Long-Wave Infrared
MCAM Multi-scale Cross Attention Module
MEFNet Modality Expert Fusion Network
MGFNet Multi-Gated Fusion Network
MiT Mix Transformer
mIoU mean Intersection over Union

MLP Multi-Layer Perceptron
MMTM Multimodal Transfer Module
MPA Mean Pixel Accuracy
MRI Magnetic Resonance Imaging
MUUFL Multi-sensor Urban/Unstructured Fusion and Learning
MWPA Modality-wise Parallel Attention
NIR Near-Infrared
PA Pixel Accuracy
PET Positron Emission Tomography
PICNet Prototype-based Incremental Classification Network
PL Pre-Logit
PL-MMTM Pre-Logit Multimodal Transfer Module
PL-R2AU Pre-Logit Recurrent Residual Attention U-Net
PL-SIG Pre-Logit Sigmoid Gating
PR Primary (RGB+DIN stream)
PSPNet Pyramid Scene Parsing Network
QSF-Net Quality-aware Selective Fusion Network
R2AU Recurrent Residual Attention U-Net
ReLU Rectified Linear Unit
RGB Red, Green, Blue
RGB-D RGB-Depth
RGB-T RGB-Thermal
SAR Synthetic Aperture Radar
SE Squeeze-and-Excitation
SGFNet Semantic Guidance Fusion Network
SIG Sigmoid-Gated (residuals)
SSMA Self-Supervised Model Adaptation
SWIF Stage-Wise Intensity Fusion
T Thermal
T1 T1-weighted (MRI)
T1ce T1-weighted contrast-enhanced (MRI)
T2 T2-weighted (MRI)
T24 Thermal 24-bit (MM5 Dataset)
TCPSNet Two-stage Cross-modal Prototype Sharing Network
TH Thermal (auxiliary stream)
U8 Ultraviolet 8-bit (MM5 Dataset)
UCTNet Uncertainty-aware Cross-modal Transformer Network
UDFNet Uncertainty-aware Dynamic Fusion Network
UV Ultraviolet
VHR Very High Resolution

Code Availability
The code used in this paper will be made publicly available at

https://github.com/martinbrennernz/MM5-Dataset
upon publication of this work.

https://github.com/martinbrennernz/MM5-Dataset
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5.A Implementation Details

5.A.1 Normalisation details

Definitions. Given pyramid features P ∈ RB×C×H×W , LayerNorm (LN) normalises per instance over all channels
and spatial positions,

LN(P ) = γ ⊙ P − µLN√
σ2

LN + ϵ
+ β, µLN = 1

CHW

∑
c,h,w

Pb,c,h,w.

GroupNorm (GN) partitions channels into G groups and normalises within each group:

GN(P ) = γ ⊙ P − µGN√
σ2

GN + ϵ
+ β, µ

(g)
GN = 1

(C/G)HW
∑

c∈Gg ,h,w

Pb,c,h,w.

Complexity remarks. Both LN and GN have O(BCHW ) work per instance; GN exposes more parallelism by
reducing over groups of size C/G. For C=512, H=480, W=640, LN reduces over 157.3×106 elements, while
GN-16 reduces over 9.83×106 elements per group in parallel. Empirically, after training with LN, replacing LN
by GN-16 at evaluation yields small relative deviations, ∥LN(P ) − GN16(P )∥2/∥P∥2 ≈ 10−2, while improving
throughput (Section 5.6).
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5.B Detailed Network Results

5.B.1 Class level results at 220 epochs

Table 5.12: Detailed class-level network comparison across lighting conditions and fusion architectures. Shows
per-class IoU, overall metrics (mIoU, FIoU, MPA, PA), and mean rank scores. Best value per RGB configuration
highlighted in bold. RGB1: underexposed; RGB3: optimal; RGB5: overexposed lighting. "Bad" classes are partially
rotten; "Fake" classes are replicas.
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Apple 91.37 96.72 69.22 90.58 96.26 76.96 92.81 96.09 87.56 84.80 95.32 90.06 90.30 96.02 78.54 91.92 96.11 88.95
Apple Fake 89.23 93.81 78.30 89.52 93.36 82.75 91.48 94.34 88.07 85.13 92.97 88.60 88.78 93.64 76.54 90.22 93.46 88.55
Apple Green 82.79 95.80 94.01 85.91 94.38 84.31 80.06 94.48 93.08 82.39 95.55 94.70 85.68 94.52 90.72 78.34 93.55 83.31
Apple Green Bad 63.07 92.38 89.28 71.97 91.49 63.75 60.01 94.26 75.39 64.24 90.60 91.52 72.17 92.93 73.07 60.84 92.11 71.50
Apple Green Fake 90.58 91.90 94.17 93.08 92.77 91.13 91.37 92.73 85.87 90.65 90.64 91.94 90.97 92.24 91.58 92.78 90.85 89.81
Background 99.81 99.86 99.81 99.79 99.86 99.81 99.79 99.85 99.80 99.78 99.84 99.80 99.80 99.84 99.79 99.77 99.84 99.77
Bowl 92.29 93.22 91.13 90.90 92.53 92.48 91.87 92.13 90.03 90.01 91.97 90.42 91.93 92.15 91.80 90.23 91.48 89.35
Carrot 87.86 90.05 87.05 85.70 84.89 86.30 86.57 86.14 86.80 86.43 88.04 86.90 88.23 88.20 83.53 83.19 86.77 87.41
Carrot Fake 75.64 79.74 72.15 72.42 59.38 72.42 72.13 65.52 71.27 76.51 76.11 69.97 80.90 74.56 60.66 64.97 68.56 75.70
Cup Cold 90.00 94.98 93.58 91.74 94.66 90.94 92.12 94.60 95.08 82.90 95.06 94.11 91.66 93.96 94.07 91.89 92.47 93.91
Cup Hot 93.67 94.75 93.23 93.41 94.06 91.54 94.46 94.29 93.72 88.62 93.08 93.88 94.31 93.83 93.26 91.12 92.59 92.82
Grapes Blue 94.24 94.38 95.92 84.60 95.77 72.14 93.41 95.96 95.46 90.55 96.10 95.17 91.34 94.72 95.35 90.04 93.95 89.95
Grapes Blue Bad 93.71 96.14 96.25 93.70 95.88 96.63 93.66 93.64 96.66 94.03 93.80 96.15 93.28 94.76 96.24 93.39 93.63 94.85
Grapes Blue Fake 91.52 95.62 95.38 89.13 96.24 84.05 79.40 95.50 94.89 91.68 95.20 95.32 92.42 91.84 94.58 79.56 95.04 91.73
Grapes Green 81.85 89.08 90.99 72.32 88.19 89.27 79.80 86.52 85.76 87.41 88.16 90.13 81.04 89.54 89.84 85.87 87.86 86.60
Grapes Green Bad 84.22 87.69 84.80 81.03 87.21 84.99 81.31 83.21 85.10 82.18 86.36 86.22 81.55 85.57 85.45 81.94 86.24 83.81
Grapes Green Fake 82.27 92.75 90.54 74.74 91.19 81.49 74.11 91.83 88.63 82.95 92.04 85.92 75.64 87.40 90.87 80.51 91.36 86.41
Kettle 92.44 95.87 94.24 91.01 95.66 95.08 90.82 95.77 93.77 91.36 94.49 94.32 91.86 94.77 91.74 89.28 92.61 94.54
Lemon 70.98 77.91 68.97 66.69 75.35 66.26 66.15 72.71 66.46 66.95 72.24 64.33 68.66 71.13 65.58 69.00 69.27 63.94
Lemon Bad 68.55 72.04 60.28 58.89 72.29 54.00 60.75 67.22 57.02 60.28 64.47 53.08 66.70 58.54 60.92 64.80 60.94 49.74
Lemon Fake 63.60 70.82 70.72 74.34 60.85 58.98 59.35 63.73 61.17 56.02 62.48 58.97 63.71 52.50 70.19 68.56 41.13 54.13
Lemon Half 54.65 67.21 59.96 47.12 64.78 54.22 58.70 63.55 60.70 49.37 66.47 56.81 41.10 61.68 49.93 60.48 59.89 54.46
Mandarin 85.71 84.09 82.24 85.23 87.20 75.88 86.18 86.39 78.22 85.71 87.24 80.38 86.22 86.20 82.32 87.18 85.29 81.36
Mandarin Bad 66.98 54.36 53.85 61.04 68.31 23.14 70.22 77.74 38.27 69.10 64.72 43.65 72.62 62.99 54.37 73.22 58.57 45.82
Mandarin Fake 85.93 92.38 74.98 84.19 91.63 80.98 79.94 86.38 80.58 87.29 92.72 84.73 85.25 92.36 84.55 85.67 91.32 83.94
Mandarin Half 62.86 82.20 68.26 60.95 83.15 71.62 85.48 80.79 73.33 44.89 71.57 55.93 52.07 80.77 56.75 71.15 78.08 54.56
Mandarin Peel 81.90 78.74 56.35 84.36 79.80 54.39 80.16 64.76 64.31 53.34 60.55 33.50 75.97 66.13 38.28 63.40 66.06 31.70
Mirror 98.75 98.89 98.64 98.64 98.96 98.68 98.62 98.91 98.37 98.40 98.87 98.52 98.64 98.67 98.57 98.20 98.86 98.19
Onion 94.34 96.63 95.22 83.62 96.35 95.04 84.39 96.19 95.03 82.34 94.43 94.92 83.96 96.19 95.11 85.18 95.75 94.23
Onion Red 93.31 96.18 84.56 83.65 95.66 84.72 83.23 95.72 95.03 83.00 94.16 94.20 83.89 95.63 86.62 82.04 95.35 92.51
Pear 69.63 79.01 76.66 69.50 78.78 72.01 73.20 76.00 75.14 71.23 78.76 77.07 71.63 78.44 74.63 71.21 75.94 74.31
Pear Bad 67.43 78.19 75.56 65.77 78.17 71.06 72.79 75.56 73.97 68.19 78.73 75.96 68.54 78.29 73.99 68.28 75.93 74.55

Mean Rank 10.3 3.1 9 12.6 4.6 12.1 11.8 5.6 10.5 13.5 5.9 9.9 10.9 6.2 10.9 12.6 8.5 13.1

Overall mIoU 82.54 87.61 82.38 80.49 86.72 78.03 81.39 86.02 82.02 78.99 85.71 81.47 81.27 85.31 80.29 80.76 84.09 79.45
Overall FIoU 99.37 99.55 99.37 99.29 99.53 99.28 99.30 99.51 99.35 99.26 99.50 99.36 99.33 99.48 99.32 99.27 99.46 99.28
Overall MPA 89.21 92.58 88.98 88.00 91.87 85.18 88.13 91.86 88.21 86.21 91.70 87.30 88.75 91.45 87.04 87.76 90.17 86.54
Overall PA 99.66 99.76 99.66 99.61 99.75 99.61 99.62 99.74 99.65 99.60 99.73 99.65 99.64 99.72 99.63 99.61 99.70 99.61

FPS 31 31 31 31 31 31 34 34 34 32 32 32 34 34 34 34 34 34
Parameters 22M 22M 22M 22M 22M 22M 19M 19M 19M 19M 19M 19M 19M 19M 19M 19M 19M 19M
GFLOPs 91.7 91.7 91.7 89.2 89.2 89.2 79.0 79.0 79.0 84.0 84.0 84.0 84.0 84.0 84.0 74.0 74.0 74.0
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5.B.2 Network drop ablation results

Table 5.13: Drop ablation results (detailed): residual mIoU (%) after removing each modality, split by lighting
condition (RGB1/3/5). Networks ordered by robustness (left to right: least to most robust). Lower residual values
indicate greater modality dependence.

Dropped RGB CMAG GCMA MWPA PL-SIG PL-R2AU PL-MMTM

RGB RGB1 34.51 30.09 11.81 37.19 31.09 19.75
RGB3 17.49 11.73 11.81 11.91 19.41 21.80
RGB5 30.70 20.15 23.38 25.04 32.65 21.80

DIN RGB1 18.54 24.01 27.63 27.89 33.40 22.05
RGB3 57.86 45.37 42.10 56.16 52.26 32.17
RGB5 22.73 22.86 27.63 27.89 21.98 27.91

T24 RGB1 36.30 47.97 62.48 55.85 48.07 63.23
RGB3 61.99 31.51 65.74 72.15 77.61 74.60
RGB5 46.89 58.68 46.83 55.85 66.57 67.92

U8 RGB1 55.48 56.48 70.57 50.03 74.44 70.61
RGB3 57.13 54.58 70.57 60.38 77.52 78.88
RGB5 51.93 71.24 70.57 58.98 75.72 75.17

Mean loss (pp) 43.22 42.19 38.63 37.68 32.27 31.82

5.B.3 Decoder-Level Robustness Comparison

Figure 5.19 presents comprehensive class-wise robustness heatmaps for all six decoder-level fusion architectures
evaluated in this work. Each heatmap visualises per-class IoU (green=high, red=low) across baseline and perturbation
conditions (Drop, Shift, four noise types) under three RGB lighting conditions (1: underexposed, 3: optimal, 5:
overexposed). The layouts compare architecturally related methods: attention-based mechanisms (CMAG vs GCMA),
lightweight gating versus parallel attention (PL-SIG vs MWPA), and conservative fusion strategies (PL-R2AU vs
PL-MMTM). Conservative methods (bottom row) exhibit more uniform performance across perturbations, while
attention-based approaches (top row) achieve higher baseline performance with increased vulnerability under severe
drops. All decoder methods demonstrate superior modality isolation compared to encoder-level fusion (Figure 5.18 in
the main text), with drop columns showing substantially less systematic class collapse.
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Figure 5.19: Class-wise robustness heatmaps for decoder-level fusion architectures under perturbations at intensity
2.5.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion
This thesis comprises four interlocking studies that progress from evidence synthesis to dataset construction, and

finally to encoder- and decoder-level fusion architectures for robust multimodal semantic segmentation across RGB,
depth, infrared intensity, thermal, and ultraviolet modalities. Three articles are published in Q1 journals, and one was
submitted at the time of writing. Together, they deliver: (i) a systematic review and gap analysis of RGB-D-T fusion;
(ii) a five-modality dataset and preprocessing toolkit designed for both aligned and unaligned experimentation; (iii) an
efficient encoder-level architecture that establishes five-modality baselines at real-time speeds; and (iv) a decoder-level
fusion family that tolerates optical distortion and cross-sensor misalignment.

Synthesis of Contributions

The systematic literature review (Chapter 2) distilled a decade of RGB-D-T fusion research, revealing that while
deep learning methods surpass traditional pipelines, real-time tri-modal fusion remains challenging, and prepro-
cessing is under-addressed. The review motivated efficient fusion beyond two modalities and highlighted practical
bottlenecks—calibration, registration, and thermal/depth visualisation—that remain inadequately addressed in existing
approaches.
MM5 (Chapter 3) provides the empirical foundation: a five-modality dataset with raw 16-bit depth, NIR intensity,
and thermal measurements, aligned and unaligned labels via the MAR annotation remapping algorithm, and content-
adaptive encodings (DTMRE for thermal; ADMRE for depth with surface normals). Baseline experiments demonstrate
significant improvements from the proposed preprocessing: DTMRE thermal encoding yields approximately 6–7 pp
mIoU gain over established methods, while ADMRE depth encoding with surface normals provides approximately
5–6 pp improvement over standard quantisation.
GatedFusion-Net (Chapter 4) achieves 88.3% mIoU at real-time throughput (55 fps at VGA resolution with 17.3
GFLOPs), outperforming attention-heavy baselines at a lower computational cost. The depth-intensity-normals
composite raises performance under degraded RGB from 60.1% to 85.6%, confirming the complementary value of
geometric cues. However, learnt gates specialise in training conditions and behave as static weights, with complete
modality loss triggering up to 90.2% performance degradation.
The decoder-level study (Chapter 5) addresses this limitation through late fusion under misalignment and noise.
The findings reveal a fundamental trade-off: encoder-level fusion achieves higher peak accuracy (+1.34 pp) and
approximately twice the throughput, but decoder-level methods better withstand modality dropout and sensor noise.
Decoder-level fusion exhibits inherent tolerance to geometric misalignment (2.61 pp degradation at 20-pixel shifts),
indicating potential robustness to real-world perturbations such as sensor vibration and mounting instability.

Addressing Research Questions

This section revisits each research question posed in Chapter 1.3 and summarises how the thesis addresses them.

RQ1 What does the current body of work on multimodal fusion reveal about datasets, calibration and registration
practices, fusion strategies, and evaluation protocols, and which gaps hinder fair, reproducible benchmarking for and
beyond RGB-D-T?

The systematic review (Chapter 2) identified critical gaps in publicly available tri-modal benchmarks, modality-
specific preprocessing practices, and real-time transformer-based fusion, establishing the empirical foundation for all
subsequent contributions.
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RQ2 How should a reproducible capture and processing pipeline and dataset be designed to preserve sensor
fidelity and support both aligned and unaligned experimentation, enabling fair comparison without enforcing a single
registration choice?

MM5 (Chapter 3) preserves raw 16-bit sensor fidelity for depth, NIR intensity, and thermal, provides both aligned
and unaligned annotations via MAR, and includes systematic lighting variations, enabling a fair comparison of fusion
methodologies without enforcing a single registration choice.

RQ3 How can transformer-based encoders be adapted to integrate five modalities for dense labelling with favourable
accuracy-efficiency trade-offs (mIoU vs parameters/FLOPs/latency)?

GF-Net’s (Chapter 4) stage-wise enhancement and per-pixel gating delivers real-time five-modality segmentation with
88.3% mIoU (ideal lighting with RGB3) at 17.3 GFLOPs (55 fps), demonstrating favourable accuracy-efficiency
trade-offs versus channel-wise attention.

RQ4 To what extent can a pre-logit, decoder-stage fusion scheme with per-modality heads and supervision operate
directly on unaligned and optically distorted inputs, thereby eliminating explicit cross-modal geometric alignment
and other preprocessing, while maintaining accuracy and interpretability? How do its components (cross-attention,
sigmoid gating, stage-wise aggregation) contribute to robustness against misregistration, modality drop-outs, and
environmental degradation?

CMAG (Chapter 5) operates directly on unaligned, lens-distorted thermal and UV streams without explicit geometric
calibration, achieving 87.61% mIoU (ideal lighting with RGB3). Cross-modal attention contributes baseline accuracy;
sigmoid gating adds robustness; stage-wise aggregation preserves multi-scale context.

RQ5 What is the marginal and context-dependent value of ultraviolet and thermal cues under varied illumination and
noise, and how should per-pixel content-adaptive weighting compare with channel-wise mechanisms for robustness to
misregistration and modality drop-out?

Thermal cues consistently yield the most significant standalone gains, especially for detecting decay; UV aids in
distinguishing synthetic replicas (Sections 4.6.4 and 5.7.5). Per-pixel sigmoid gating provides comparable accuracy
to channel-wise attention at lower computational cost, though both behave as static, lighting-specific weights rather
than truly adaptive mechanisms.

RQ6 How does the choice of fusion stage—encoder-level versus decoder-level—affect accuracy, robustness to
misregistration, modality dropout and sensor noise?

Encoder-level fusion achieves +1.34 pp peak accuracy (average over three light settings) and ∼2× throughput; decoder-
level fusion provides 2.0× improved sensor failure resilience and intrinsic spatial tolerance (Section 5.7.10). The choice
depends on operational constraints: encoder fusion for controlled environments with reliable sensors; decoder fusion
for environments where robustness to failures and misalignment is paramount.

RQ7 How can decoder-level fusion baselines be standardised to enable a fair, reproducible comparison of alignment-
free multimodal fusion methods?

Six architecturally matched decoder-level variants (PL-MMTM, PL-R2AU, PL-SIG, GCMA, MWPA, CMAG) under
a shared MiT-B0 backbone and training protocol enable controlled comparison, with code and pretrained weights
released for reproducibility (Chapter 5).
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Overall Contribution to Knowledge

This thesis advances multimodal perception by: (i) systematically reviewing current RGB-D-T fusion challenges
and identifying actionable research gaps; (ii) creating and releasing to the public domain MM5, a five-modality dataset
with raw sensor data, ground truth labels for aligned and raw data, and an accompanying preprocessing toolchain; (iii)
developing an efficient encoder-level architecture that establishes the first RGB-D-I-T-UV segmentation baselines for
the MM5 dataset; and (iv) developing and characterising six decoder-level fusion models as a principled approach for
alignment-tolerant integration of RGB+DIN, thermal and UV imagery, thereby providing a clearer map of accuracy,
robustness, and efficiency trade-offs across fusion stages.

Limitations and Future Directions

Two practical constraints remain. First, the scale of the dataset and the diversity of captures can grow further;
outdoor scenes, temporal sequences, and additional object categories would strengthen generalisation claims. While
DTMRE currently uses background temperature for stabilisation, production deployment would require an explicit
in-frame thermal reference to maintain encoding consistency under varying ambient conditions. Second, fusion adapt-
ability under sensor failure remains an open challenge: encoder gates behave as static weights, while decoder methods
incur higher computational costs. Promising directions include uncertainty-aware fusion mechanisms that dynamic-
ally down-weight degraded streams based on estimated reliability [1, 2], and architectures that combine encoder and
decoder pathways with learnt or condition-based routing to balance efficiency and robustness. Differentiable spatial
alignment within late-fusion decoders may further reduce the need for explicit geometric calibration.

By connecting a targeted literature synthesis to an openly available five-modality benchmark and two complementary
fusion families, this thesis advances a reproducible path towards robust multimodal perception under realistic lighting
variation, geometric misalignment, and sensor degradation. It provides both empirical evidence and practical tools for
future work that scales to additional modalities, broadens application scenarios, and tightens the integration between
calibration, preprocessing, fusion architecture design, and reliability evaluation.
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