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Abstract

We investigate decoder-level multimodal fusion for semantic segmentation with ur atig: ¢d modalities (RGB+DIN(depth-
intensity-normals), thermal, and ultraviolet (UV)). We introduce Cross-Modal At »n’.on v ith Gated Residuals (CMAG),
a hybrid module operating at the pre-logit stage that combines two compleme itary . ways: Global Context Modality
Attention (GCMA), which establishes soft correspondences between thermal/c’/ and RGB+DIN features, and sigmoid-
gated (SIG) residuals that inject per-pixel corrections from auxiliary modalitics. Independent decoders generate
quarter-resolution pre-logits per modality, preserving modularity wh fe enabling robust handling of missing inputs,
thereby eliminating explicit calibration requirements. We implement v. decoder-level baselines, adapting established
fusion paradigms to contextualise CMAG’s performance.

On the MM5 dataset, CMAG achieves 84.18% mloU across |. 1htg ¢ bnditions (underexposed/ideal/overexposed:
82.54%/87.61%/82.38%), outperforming attention-only GCMA 2°,9%/86.72%/78.03%). Ablations reveal the
importance of hierarchical modality: RGB and DIN re nov .« cause severe degradation (59.50 pp and 49.61 pp,
respectively), while thermal and UV provide specialised" s (2¢.62pp and 16.82pp losses). Spatial misalignment
proves substantially less damaging than modality rem« ' (2o ..xel shifts: 2.61 pp vs 37.64 pp for drops), validating
decoder fusion’s alignment tolerance. Architectural et mparis n reveals distinct robustness pro les: CMAG maximises
clean-data accuracy but shows elevated noise sensitiv. >« (17.93 pp mean degradation), adapted Multimodal Transfer
Module (PL-MMTM) achieves superior modality-drop row ~tness (31.82 pp), and adapted Recurrent Attention U-Net
(PL-R2AU) demonstrates best noise resilien >.(8.80 pp). Comparison with encoder-level fusion (GF-Net) reveals
fundamental trade-o s: encoder fusion achisves =72 pp (vs CMAG) accuracy and about 2 throughput, but su ers
severe sensor-failure degradation, while ¢ :code. €usion prioritises robustness through late integration. These ndings
establish decoder-level fusion as viable™ ar una gned multimodal segmentation when robustness outweighs peak
performance.

Keywords: Multimodal fusion, The. mal imayging, UV imaging, Late fusion, Sensor fusion, Semantic segmentation,
Vision Transformers, Real-time fusion

1. Introduction

Robust semantir sey. »entauon in eld robotics, industrial inspection, and agriculture requires tolerance to uctuating
illumination, re €. Ve or transparent materials, occlusions, and camou age-like textures. Single-stream RGB systems
are brittle unde-<cuci. ~onditions. In contrast, complementary sensors provide cues that compensate for speci ¢
weaknesses: ( epth s.aplies geometry independent of colour, thermal imaging highlights temperature-emissive regions,
infrared inter.. “tv brc udens the dynamic range, near-infrared (NIR) extends the observable spectrum, and ultraviolet
(UV) revcain ue ascence and sub-visible surface structure [? ]. Harnessing this heterogeneity promises ner
delinea 1on‘und  more .eliable decisions across domestic, industrial, and agricultural settings.
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In practical capture rigs, not all streams are geometrically compatible. In our setup, RGB-D-NIR are . 2ren.,
co-registered by the factory-calibrated RGB-D sensor, whereas UV and thermal (LWIR) use di erent of ics’ extibit
lens distortion, and are unaligned with respect to RGB-D-NIR. Early (data-level) and intermediate (featu:>-1c 2 fi'sion
strategies typically assume either prior geometric registration or rely on learnt, in-network recti catio. . Examples
include CMX’s Cross-Modal Feature Recti cation Module (FRM) [? ] and trimodal encoder attentic.> i "= ~ormer [?
], which adapt one stream using another before mixing. These mechanisms increase complexity <2< cai -remain brittle
under residual misalignment or viewpoint change, which partly explains the prevalence of two-s*22m pau..1gs (RGB-D,
RGB-T) and the limited scalability to larger, heterogeneous sensor sets.

We propose CMAG (Cross-Modal Attention with Gated Residuals), a decoder-levei fusior “10d1 e that integrates
unaligned modalities at the pre-logit stage through two complementary mechanisms. The ariv, >tv path (RGB augmented
with DIN (Depth, Intensity, and Normals [? ]) forms the base representation, while L VIR « armal (T24) and UV
(U8) are processed through separate encoder-decoder branches, preserving their rative g ometry. At the decoder’s
pre-logit stage, GCMA (Global Context Modality Attention) performs e cient.~ass-muual attention by querying
thermal/UV features with RGB-DIN representations using downsampled toke s, 7 <tracting global context without
requiring explicit spatial calibration. CMAG then applies sigmoid-gated (SI1f5) « <.dua’ ., injecting per-pixel auxiliary
modality corrections directly in feature space before nal classi cation thre:=h a ligiuwweight 1 1 convolution. Unlike
encoder-level fusion, which presupposes spatial alignment, CMAG operates a..><tly on unaligned sensor streams and
remains compatible with optional alignment modules when available ‘Figure[T). Additionally, we introduce MWPA
(Modality-Wise Parallel Attention). This computationally more e < ient alternative employs parallel channel and
spatial attention mechanisms for modality-selective fusion, providina a .. *htweight baseline for comparative analysis
of decoder-level fusion strategies.
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Figure 1: Overview of CMAG with * ce streams (RGB+DIN, LWIR, UV). At each encoder stage s 2 f1; 2; 3; 4g, the primary path applies SWIF [? ]
to enhance RGB with DIN, yielding ﬁp}; thermal and UV produce E(TS,L and Eszl while preserving native geometry. Each decoder consumes its stage
bundle fE®)g, applies[1 1+ U7 _ 1 per ...ge, Concats over s=1::4, then reduces channels with 1 1 : 4C ¥ C (SE optional) to form the pre-logits
ZpR; ZTH; Zyy at % resolution. MAG 1. s these pre-logits: GCMA attends from Zpg t0 (ZtH; Zuv) to produce Fgema, and sigmoid-gated residuals
add thermal/UV contrii itions w htain Zgyseq = Fgema + rTH + fuv. A1 1classi erand 4 upsampling yield fused logits at H W without explicit
geometric warping of LW V. ke ;s indexes resolutions from % to 3—12; C denotes the decoder channel width.

To establish comnrer.. ~sive decoder-level benchmarks and contextualise CMAG’s performance, we adapt established
fusion paradic.ms, r -MMTM and PL-R2AU, to our alignment-free framework. PL-MMTM extends the channel-wise
squeeze-anu - citati' n mechanism [? ] to pre-logit features, enabling cross-modal salience transfer without spatial
corresporance. +.-R2AU adapts recurrent attention gates [? ] for consistent spatial focus across modalities. We
evaluat. G M/ anu sigmoid gating as standalone modules to isolate the constituent mechanisms of CMAG. This
uni ~d . mewv ork, comprising six decoder-level variants, enables a systematic assessment of fusion complexity
ver ' s performance trade-o s, ranging from lightweight gating (PL-SIG) and parallel attention (MWPA) to channel
..2duie. “an (PL-MMTM), recurrent spatial attention (PL-R2AU), and global cross-modal attention (GCMA, CMAG).
Tc support training and evaluation in this alignment-free regime, we curate a new MM5 subset comprising raw,
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unaligned RGB-D-NIR-T-UV imagery. Thermal and UV undergo only coarse preprocessing to establish ¢ 20pi..,
elds of view, followed by random crops that mimic realistic misalignment and background variation (Sec ion[5). This
subset complements the aligned MM5 release [? ].

1.1. Key Contributions

The main contributions of this work are:

1. We introduce CMAG, a decoder-level fusion module that integrates unaligned thermal 77.c. "'V sueams into an
RGB-Depth-Intensity-Normals backbone via global cross-modal attention and sigmoid-¢ ater” res duals, achieving
alignment-tolerant fusion without explicit geometric calibration.

2. We design a family of decoder-level fusion baselines by adapting established encec 'er/. ~ture-level mechanisms
(MMTM, R2AU, GF-Net style sigmoid gating and Modality-Wise Parallel Attention) tc the pie-logit stage, enabling
controlled, like-for-like comparisons of gating versus attention under a shared b...'*>ane and training protocol.

3. We conduct an extensive robustness characterisation, systematically evaluati=_ ~!l six aecoder-level fusion archi-
tectures across modality dropout, spatial misalignment, and sensor noise in 2cti.n, +vith a systematic comparison
against encoder-level fusion to quantify the impact of fusion stage choice on . cura.y-robustness trade-o s.

4. We curate and release an unaligned MMS5 subset with raw, lens-distortc* thermal and UV imagery, together with
code and trained weights for CMAG and all decoder-level baselines, pro.iding a reproducible benchmark for
multimodal segmentation with misaligned auxiliary sensors.

2. Related Work

Decoder-Level Fusion Methods. Decoder-level fusion integrates . adal.ies during the upsampling phase, before nal
classi cation. Three architectural patterns dominate this spi.ce. 1yper-fusion decoders aggregate multi-scale features
from separate encoders: OctopusNet merges per-modality’ Yr.mic ; at each decode stage [? ]. Multi-branch decoders
maintain separate pathways: Mirror U-Net pairs mod=tity-_ 22" ¢ decoders with an auxiliary multimodal decoder
and consistency objectives [? ]. Central fusion decoc ers ru te all modalities through shared layers: SGFNet derives
semantic guidance maps to reweight features [? ], . "EFN¢ . employs modality experts [? ], and GMFNet applies
pixel-wise gates within U-shaped decoders [? ].

Whilst these architectures demonstrate the e - :tiveness of teature-level integration within decoder structures, recent
work has explored the extreme of purely decisi. 2-level approaches. LF-DLM reports approximately 0:3% mloU
gains by fusing modality-speci c logits »vnuic ‘“eeping encoders and decoders completely independent [? ]. This
minimal improvement establishes a crucie baselir », highlighting that the marginal bene ts of pure late fusion motivate
exploration of more sophisticated crosc-mou. ' -chanisms that can capture richer inter-modality relationships without
sacri cing the modularity advantage s of u. ader-level architectures.

Cross-Modal Attention for Fusion. B 'ding upon the insights from decoder-level fusion limitations, cross-modal
attention mechanisms have = erged as a powerful paradigm for integrating heterogeneous streams without requiring
strict spatial alignment. CMALF-_ ‘et embeds cross-modal attention within a multi-encoder 3D U-Net, learning modality-
invariant latents from intui. ~lete wnulti-sequence MRI [? ]. The CMAF block achieves strong Dice scores on
BraTS 2020 under con<'iions oi aissing modality, demonstrating robustness to incomplete data. CMNeXt scales to
arbitrary modalities 21 De iVER through late, lightweight attention-based integration with minimal per-modality
parameters [? ]. C ANe. ~mpioys bidirectional co-attention between RGB and depth features [? ], while UCTNet
incorporates unce. inty-aware cross-modal transformers [? ]. These attention-based approaches o er dynamic,
learnable meck*sms “2r modality interaction that adapt to input characteristics, addressing the limitations of static
fusion rules chserve. in pure decision-level methods.

Attentior<Z22ad r . ~ture Re nement. Whilst cross-modal attention facilitates inter-modality exchange, complementary
researc. ha’ focused un re ning individual modality representations through channel and spatial recalibration before
fusica oo urs.<BAM applies sequential attention [? ], while BAM employs parallel branches [? ]; both operate on
uni.~dal features to enhance their discriminative power. In multimodal contexts, this intra-modal re nement proves
p ticus rly valuable: MEFNet introduces modality-speci ¢ expert networks with attention-based reweighting [? ],
ar i TriFuse applies tri-attention across spatial, channel, and modality dimensions [? ]. These re nement strategies
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recognise that optimal fusion requires not only e ective cross-modal interaction but also maximally ir7Zimau..
individual modality representations. Unlike methods that process modalities independently or via cross-a :ent'on? ],
our MWPA bridges these paradigms by deriving per-modality attention weights from concatenated r ore :ntat ons,
enabling simultaneous recalibration of both channels and spatial dimensions before fusion.

Gating Mechanisms. Whilst attention mechanisms recalibrate features, learnt gating directly.assiy s per-pixel or
per-channel reliability weights to modulate modality contributions. MMTM implements channal-wic: queeze-and-
excitation for cross-modal salience transfer [? ]. SSMA demonstrates sigmoid-style recalibr’ cior or.adaptive feature
scaling [? ]. GMFNet embeds pixel-wise gates in U-shaped decoders [? ]. DGFNet’s <‘ual-g. ‘= desi’ n merges spatial
detail with semantics during decoding [? ]. R2ZAU-Net incorporates recurrent attentior _~tes .o consistent spatial
focus [? ].

Quality-aware gating extends basic reliability weighting. QSF-Net estimates qualit~maps €or trimodal visible-depth-
thermal integration [? ]. MGFNet applies lightweight gating for optical-SAR fusion ur..". cross-sensor noise [? ].
These mechanisms prove valuable when modality quality varies or when inputs'nis-.agn.

Feature-Level Fusion Baselines. In contrast to decoder-level gating approach s, er..>~.-level fusion methods integrate
modalities earlier in the network, achieving strong performance when iny ts align. CMX’s cross-modal feature
recti cation module (FRM) calibrates features before mixing [? ]. ETFormer der.. »nstrates single-encoder multimodal
attention for RGB-D-T through task-speci ¢ pretraining [? ]. GF-Net Jerforms early RGB enhancement using SWIF
and per-pixel sigmoid gating at encoder stages [? ] for semantic seg Mentation using ve modality fusion. These
methods assume or restore spatial correspondence before decodiry, . mitii. their applicability to unaligned sensors.

2.1. Alignment Handling in Decoder Fusion

The alignment dependency of encoder-level methods mo? vates decoder fusion approaches that accommodate

misregistration through soft alignment via cross-modal attei ‘i< or. usion at coarser scales, where parallax reduces [? ?
]. When stronger consistency is required, feature recti ~.. 1 piccedes late fusion (e.g., CMX’s FRM [? ]). Performance
di erences between fusion points depend on the dafa et ana ask rather than a universal ranking [? ? ].
Recent methods directly target misalignment during Yeccuing. Project-and-Fuse uses texture-prior guidance to
mitigate biassed assignment in unaligned streams witho. hixel-exact registration, optimising a divergence-based
loss to discourage degenerate assignments [ . LMFNet employs lightweight transformer decoders that attend to
heterogeneous cues across scales, while keering co > ute manageable for high-resolution inputs [? ].

2.2. Uncertainty and Dynamic Reliability in Dec ,der Fusion

Beyond handling spatial misalig:..i..2t, aynamic reliability modelling at the decoder extends basic gating mech-
anisms. UDFNet couples uncerte® ty estn. ation with dynamic fusion, reporting strong accuracies across Berlin,
Augsburg, MUUFL and Trento benc. marks, outperforming prior decoder-only fusion by sizeable margins [? ].
However, the strongest resilte in overhead remote sensing often come from hybrid pipelines blending feature-level
and decision-level fusion (e.;,.-MCAM/CPS modules with decision fusion in TCPSNet, prototype compensation in
PICNet), indicating room.“ =imp. » zment in decoder-only strategies [? ].

2.3. Positioning 6. CMAC

CMAG addrese=s v ~ode.-level fusion for unaligned, heterogeneous sensors. EXxisting decoder-level methods
assume aligned in, = ts [? 7, or use coarse decision-level fusion [? ]. Encoder-level approaches [? ? ] typically operate
on stereo-calibroted, . ~-registered datasets and employ feature recti cation to re ne alignment at the encoder level.
Explicit spati .| war,. ng via parametric transformations [? ? ] can accommodate geometric distortions but introduces
computatione. averhs ad. In contrast, CMAG operates directly on unaligned auxiliary modalities at the decoder level,
leveragir, < nss-i. ~dal attention for alignment-tolerant fusion without explicit spatial transformation.

Archite tur iy, CMAG performs single-stage fusion at the pre-logit level after multi-scale feature aggregation. Global
Contaxt. ada! iy Attention (GCMA) establishes soft correspondence by attending to pooled modality representations
rati. - than dense spatial tokens, accommodating misalignment with reduced complexity. Sigmoid-gated residuals add

2-gra.2ad spatial corrections. This design contrasts with per-stage fusion [? ], concatenation-based methods [? ? ],
ar 1 full spatial attention approaches [? ].



Separate per-modality decoder heads provide granular supervision and enable more graceful degradation und <. issi..,
inputs, while learnt gate maps o er spatial interpretability of modality contributions. This modularity ¢ stiryuiches
CMAG from single-head architectures and channel-wise methods [? ].
Table [T summarises the supervision strategies and architectural choices across these methods, highlighting *he diversity
of approaches to modality-speci c training and inference.

Table 1: Overview of modality-speci ¢ heads and GT usage in representative multimodal fusion methods. Mod.-speci-~ heaas
heads per modality during training; Mod.-speci ¢ GT =di erent targets per modality.

separate output

Method Year  Modalities Fusion category Mod.-speci ¢ Mod.-speci ¢ Supervisio: tmnic Inference
heads GT head(s)
Mirror U-Net [? ] 2023 PET+CT; MRI se- Decoder feature Yes Yes Modality-sp =i ¢ decoders  Fused/combined
quences (multi-branch) with *ask-tail =d supervision;
auxiliary ... = ,dal decoder.
GMFNet [? ] 2020 RGB+T Decoder feature  Yes No fwo: ceral unimodal + one cen-  Central decoder
(central+lateral) tra’ nulti hodal U-Net; shared
> nantic 5T.
SGFNet [? ] 2023 RGB+T Decoder feature  No No Semantic  guidance maps  single
(central) reweight decoder features
MEFNet [? ] 2023 RGB+Thermal Decoder feature  No No vodality experts aggregated in  single
(experts) shared decoder
DGFNet [? ] 2021 RGB+T Decoder feature  No No Positional and Iter gates merge  single
(dual-gate) spatial/channel attention
R2AU-Net [? ] 2021 RGB+T Decoder feature  No ] Recurrent attention gates for  single
(recurrent  atten- consistent spatial focus
tion)
OctopusNet [? ] 2019  Multi-contrast MRl Decoder feature  No No Separate encoders;  hyper- single
(hyper-fusion) fusion decoder with multi-scale
integration.
CMAF-Net [? ] 2024  MRI(T1, Tlce, T2, Decoder feature / No No Cross-modal attention fusion  single
FLAIR) (attention) in 3D U-Net; handles missing
modalities.
CMNexXt [? ] 2023  Arbitrary modali- Decoder attention ~ No No Self-query hub selects informa-  single
ties tive tokens per modality
QSF-Net [? ] 2024 RGB+D+T Hybrid = ( 'ti- _Yes (stage-1) No Stage-wise: saliency, quality single
stage’ maps, fused saliency + edge.
UDFNet [? ] 2025  HSI/SAR/LIDAR D' oder fec ire No No Uncertainty-aware dynamic fu-  single
(ur ~rtainty) sion at decode time
Project-and-Fuse [?] 2025 RGB+D (un lighnic... iree No No Texture-prior guided fusion;  single
aligned) dev ‘or handles unaligned inputs
LF-DLM [? ] 2024  VHR Decision-level Yes (per  No Per-branch probabilities fused ~ Combined  out-
Aerial+Sentinel-2 branch) by weighted geometric mean. puts
CMAG (ours) 2025 RGB<Ye (h-NIR + Decoder feature Yes Yes Separate heads for primary, single (auxiliary
Therm< IV (central  fusion; thermal and UV plus a fused feature paths ac-
single-pass  pre- head; operates on unaligned, tive)

logit attention +
gated residuals)

lens-distorted UV/LWIR with-
out explicit calibration.

Note: For CMAG, thei..ial ana ™/ decoder branches are executed at inference to produce pre-logit features consumed by the fusion module; their

per-modality logits are nou. =d foi

3. MM5 Date= =

» nal prediction (unless reported for diagnostics).

The MM datase [? ], introduced in our prior work, was developed to address persistent limitations in existing

multimor'="~egn. ~tation benchmarks, most notably their constrained modality diversity, lack of raw sensor delity,
and ab¢ :nc” of unaligned annotation protocols. MMS5 integrates ve distinct imaging modalities: RGB, depth (D),
therrral =), U’ raviolet (UV), and near-infrared (NIR) within a uni ed acquisition and annotation pipeline. The
dat - »t was constructed using a custom acquisition rig built from o -the-shelf RGB-D sensors and complemented by
v 2rmog 2ohic and UV imaging systems. Unlike existing datasets that prioritise pre-registered inputs, MM5 provides
bc n geometrically aligned and unaligned variants of each scene, along with pixel-level annotations. This dual-format
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design supports research on both feature-level fusion and late and decoder-level fusion strategies, withou* =t
spatial registration.

Each scene in the MMD5 dataset contains a varied selection of objects, encompassing fresh produce, 'as.  rep’ cas,
and partially decayed items. The scenes are captured under diverse illumination conditions, includi. 9 shadows,
underexposure, and saturation, ensuring that each modality o ers distinct and complementary semant.~ w.52% 2ation. In
this work, MMS5 serves as a critical resource, facilitating our exploration of decoder-level fusion ¢=2teq. s, particularly
in scenarios characterised by imperfect or absent spatial alignment. Moreover, MM5 supr=*s mouddity-speci ¢
supervision through the provision of independent ground truth annotations.

For our experiments on decoder-level fusion, we utilise the unaligned UV and thermal ii.1ianes, *aich/ aherently exhibit
lens distortion, as illustrated in Figure[2} Conversely, depth and NIR images are spatially: reg, ~tereu with RGB through
the RGB-D sensor.

(a) Underexposed RGB (RGB1) (b) Overexposed RGB (RGB5)

‘N Ther. 1 (T24) (h) Ultraviolet (U8)
(c) Infrared intensity (d) Ideal RGB (RGB?3) i I | N
(e) Depth (f) RGB grour" *=th ma. (i) Thermal ground truth mask (j) UV ground truth mask

Figure 2: AMS5 sar »Jle unaligned image subset for frame 544

Following the methodology established 1. aur previous work, GF-Net [? ], our analysis focuses speci cally on
underexposed, well-exposed, and ove ~xposed RGB conditions to enable a direct and consistent comparison.

Due to variations in the image formats aciuss modalities, we identi ed an approximate region of interest and uniformly
cropped all images to a com an maximum overlay area measuring 800 pixels in width and 600 pixels in height, as
depicted in Figure[3} Subs~aueri«ull labelled images were processed and assigned sequential numbering starting
from 1, analogous to the aligi. 1 MM5 dataset, albeit with slight adjustments to folder naming conventions to avoid
ambiguity. The class IDC 2ad image IDs remain consistent with the aligned dataset.

Based on the MM5_k; % Cr.YPPED dataset, we created an additional dataset variant with reduced dimensions of 640
pixels in width and 480 pi. »!s in height. To enhance background diversity and facilitate experiments involving camera
misalignment, the ci< xning window position was varied randomly within the original frames. This approach enabled the
generation of /Jiouc ty-speci ¢ pixel shifts, simulating realistic scenarios of camera displacement. Both datasets will be
publicly relc: ed aloi jside the original MMS5 dataset as subfolders MM5_RAW_CROPPED and MM5_RAW_CRP640,
the latter incluac vinetadata le detailing the crop coordinates for each image.

3.1. Trc v ng 2 «d Evaluation Data

" ar comparability with previous work, we adopted the standard class-wise train-evaluation split provided by the
M5 ¢ faset [? ], as detailed in GF-Net [? ]. This split maintains an approximate strati cation, allocating around
7% 80% of the class images to training, with the remaining 20-25% reserved for evaluation. Since the dataset contains
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(a) Thermal image on RGB canvas (b) UV8 image on RGB canvas (c)F 5B age

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

Figure 3: Overlap and cropping process £~ frari,. = . of the MM5 raw data.

mainly mixed scenes, the distribution per class varies. ''~we. = .ne dataset exhibits signi cant class imbalance, with
dominant categories such as Lemon and Mandarin | aving ver a hundred annotated object instances, while others,
such as Mandarin Peel and Kettle, are limited to a « »7en ¢ fewer examples. Certain classes, like Mandarin Peel,
are particularly underrepresented, with evaluation sets a. “mall as three images, while composite scenes introduce
additional imbalances. To enhance training e  ctiveness and initigate this imbalance, we identi ed scenes containing
underrepresented classes and increased their freg »2nry during training. This was achieved by applying diverse data
augmentations, such as zoom, rotation, an’. Ip, ng. Additionally, the dataset’s long-tail class distribution provides an
opportunity to evaluate and improve moc | robu¢ ness and generalisation across both rare and frequent classes alike.
Further details on the exact compositi==. chea.">74es, and rationale behind the dataset splits are provided in the original
MMS5 [? ] and GF-Net [? ] papers.

4. Proposed Methods

We adopt a decoder-centric . sin framework that performs e cient single-stage fusion at the pre-logit level.
CMAG integrates two ¢ mpic 2entary mechanisms: Global Context Modality Attention (GCMA) for cross-modal
feature exchange <nd pe. nixel sigmoid gating for ne-grained spatial re nement. This design operates directly on
unaligned sensor stre. ms, €. 2blishing soft correspondence through learnt attention rather than explicit geometric
alignment.

4.1. Architecture Jxerview
The netv. *k com rrises three coordinated components:
1. Piime y RCT+DIN Stream (PR): A MiT-B0 encoder enhanced at each stage by Stage-Wise Intensity Fusion

(W ) [ 1, which injects pre-computed DIN composites (depth, infrared intensity, surface normals) [? ] via
ligi.. = "yht residual blocks for lighting resilience.

2. ~ iliary Thermal Stream (TH): An independent MiT-B0 encoder processes long-wave infrared (LWIR)
thermal imagery, preserving native geometry without spatial recti cation.
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3. Auxiliary Ultraviolet Stream (UV): An independent MiT-B0 encoder processes ultraviolet imagery, P *aifi. .,
native geometry without spatial alignment.

4. Pre-logit CMAG Fusion: SegFormer-style MLP decoders applied to each stream produce 1 4-re.owtion
pre-logit features (Zpr; Z1H; Zuv). CMAG fuses these via global context attention and sigmoic’ «*2d i xsiduals to
generate the nal prediction.

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

4.2. Decoder and Pre-logit Assembly

Multi-scale integration occurs within each stream’s decoder. Each SegFormer-style  1LP head projects its four
encoder stages to a common embedding dimension C, upsamples them to a uni eu . "= cale, and aggregates via
element-wise summation after 1 1 projection. This produces a single pre-logit “caw e tensor per stream:

H w
Zer; Zth; Zuv 2 RB© 7 7 1)

where C=512 channels encode hierarchical features. Figure 4 illustrates this procss.

Figure 4: SegFormer-style MLP decoder for.o imary s. am. Multi-scale encoder features (E© through E®) are projected to C channels, upsampled
to H=4 W=4, and summed to produce pre-. ~it features Zpgr. Notation: res = spatial resolution; Cx = stage width; C = decoder width; N¢s =
number of classes. The dotted line indicates the <. ~le-head classi cation path.

4.3. Pre-logit CMAG Fusion

CMAG fuses the three f e-log ™ tensors through two sequential stages: global context modality attention (GCMA)
followed by sigmeid-ga. Y residuals (SI1G).

4.3.1. Global Coni:xt Mu.2lity Attention (GCMA)

GCMA establisi. = cross-modal correspondence by operating at the modality level rather than the spatial-token
level. Each pr.-loy “tensor is rst lightly enhanced (Conv+Norm) and globally pooled to produce a modality context
vector:

¢i = GAP(Enhance(z;)) 2 R® ¢; i2fPR;TH;UVg: 2

Global \ve age Pooling (GAP). For Z2RB ¢ H W,

1 XX
GAP(Z)b;c = = Zb;c;y;x 2 RB C; 3

HW y=1 x=1
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i.e., one vector per sample and channel (no learnable parameters), aggregating spatial evidence into a sing!=.=~dau.,
token per stream. The three modality contexts are stacked and processed by multi-head attention, with  he rinary
context as the query:

Cstack = Stack([cpr; CTH; Cuv]) 2 RB 2 €;

Q = reshape, Wocpr 2 RB N1 o,
K = reshape, Wk Csack 2 RE " 3 o
V = reshape, Wy Cgax 2 RB M 3 -
(with h heads and per-head width dy; typically C = hd®
A = softmax %’% 2RBNLS “
(softmax over modalities),
U=AV2RB N1 &
(batched per-head matmul over the modality « ¥ ensi ,n),
¢ = Wo merge,(U) + cpr 2 RB C;

so attention operates over M=3 modality tokens (not HW spatial tokens), giving G(M?) complexity versus O(N?) with
N=%¥ spatial tokens. The attended context is normalised and broac-.st to pre-logit resolution:

H W
Feema = Broadcast(Norm(c’y 2°R%. ¢ 4 7 ®)

Figure[§illustrates this mechanism.

Figure 5: Global Context Modality Attentio,. “SCMA). Pre:logits are enhanced and globally pooled to modality contexts ¢; 2 RB €, stacked to
RB 3 C_ Multi-head attention computes A = sofu. ¥(QK>="dy) where query Q 2 RB " 1 dh from the primary stream attends to keys and values
K;V 2 RB N 3 dn from all three reorulities, producing attention weights A 2 RB " 1 3 gver the modality axis. The operation U = AV denotes
per-head batched matrix multiplicat’ .. ~omputing an attention-weighted sum of V over the modality dimension. Output projection Wo merges the h
heads (either C=hdy or Wo : hd--® C), 1. il connection with cpr, and spatial broadcast yield Fgema 2 RB © 174 W4,

4.3.2. Sigmoid-Gc.ed Reiduals (SIG)

Fine-grained spatic.” corre _tions are added via per-pixel sigmoid gates [? ] that modulate transformed auxiliary
features. For eac™ auxilia. ; modality, a gate is computed from the concatenation of the GCMA context and the
modality’s pre-lnait:

Oth Wt(r?) [Fgcma I(ZTH] 2 RB !

1l
INs e o
NP INPS

Juv WL(J%) [Fgcma kZyv] 2 RE 1 ; (6)

th=0n (WY Zr) fw=0w WS Zuv);
Zfused = Fgema + T + Ty

2 ga. -networks employ r=4 reduction for e ciency. A 1 1 classi er produces logits from Zgeq, Which are
ur ,ampled to full resolution. Figure [6]shows the complete CMAG pipeline.
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Figure 6: CMAG fusion overview. Multi-stage feature pyramids from three modalities are aggrega"". "~ pre-logit features (Z; 2 RB C H=4 W=4)
and projected to C=512 channels. GCMA pools each modality globally, applies multi-head atten’ on ¢ er modality contexts (primary as query),
and broadcasts to produce Fgcma. Sigmoid-gated residuals rry and ryy are computed using spatial  at's gy sy 2 [0;1]8 T 54 W4 Final fusion:
Zsused = Fgema + I'TH + Tuv.

4.4. Multi-Head Supervision

We train a fused head alongside three unimodal heads (primary, = ermal, UV), all predicting the same semantic
classes. Unimodal heads are supervised against modality-speci ~~rou. ' truth, while the fused head uses primary
labels. The total objective:

I—total = pr I—pr + I—th ooy et fused I—fused; (7)

with non-negative weights . This multi-head supervision | ‘0y.des' ne-grained gradients to each stream while training
the fusion mechanism via Lyseq. At inference, auxiliar~acu. 27 produce pre-logits for fusion. By default, we output
only the fused prediction, with optional per-head out, uts fo. diagnostics at the cost of throughput.

4.5. MWPA (Modality-Wise Parallel Attention)

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

CCTHi Zyy 2 RB C W (8)

the method concatenates them alorn the che. nel dimension to form X 2 RB 3C H=4 W=4,

Channel Attention. The concatenated 1. atures undergo global average pooling followed by a two-layer MLP with
reduction ratio r=16:
we = (Convy 1( (Convy 1(GAP(X))))); 9)

where the rst convolutic 1 redu. s from 3C to C=r channels, and the second expands back to 3C channels. The output
w, 2 [0; 1] 3¢ ! “isresi. ned to [B; 3; C; 1; 1] to provide per-modality channel attention weights.

Spatial Attention.. n para.’l, the concatenated features are processed through a spatial attention network:
ms = (Convy 1( (Convs 5(X)))); (10)

where the 3" ? convr lution (with padding=1) reduces from 3C to C=r channels, followed by a1 1 convolution that
produces '=3 si.. ‘al attention maps, yielding mg 2 [0; 1]B 3 H=4 W=4,

Modali. - peci' ¢ Weighting. Unlike sequential attention, this method applies both attention types simultaneously to
each moda... . _
Zn " =z, W™ m™;  m2fPR; TH; UVg; (11)

w! erew™ 2[0;1]8 ¢ * Land m{™ 2 [0;1]B ! H* W= are the channel and spatial attention weights for modality m.
10



Final Fusion. The weighted modalities are summed to produce the fused output:
X
ighted = =
n‘ﬁ’e'g ted 5 RB C H=4 W=4.

Zfysed = 12)

m2fPR;TH;UVg

This approach enables modality-speci c attention learning while maintaining computational e = cienc’ (rig re[7).

Figure 7: Modality-wise Parallel Attention (MWPA). From the concatenated pre-loni s [ZprkZTHkZyv], the module computes for each modality

STH: (i i (m) .11B C 1 1 i — i (m) TR O = .
m 2 fPR; TH; UVq:(i) a channel weight wg 7 2 [0; 1] via GAP ¥ MLP (r=16),anc ‘i) a spatial mask mg” 2 [0; 1] 4 4via3 311
convolutions with sigmoid. Each modality is recalibrated as Zp, = (wgm) m(sm)) _m \ -menu wvise with broadcasting), then summed to yield Zseq-
Notation:  denotes element-wise (Hadamard) multiplication with broadcastin¢ app’ying shannel then spatial (or vice versa) is equivalent.

5. Experimental Setup

5.1. Comparison Methods and Uni ed Evaluation Fr=... *0rn

To comprehensively evaluate CMAG, we estz“'ish a  1i ed decoder-level fusion framework and adapt ve
representative methods spanning major fusion paradig:. >:./7, global channel modulation (MMTM [? 1), (ii) recurrent
spatial attention (R2AU [? 1), (iii) cross-madal attentiori “SCMA), (iv) sigmoid gating (PL-SIG), and (v) hybrid
attention (MWPA). These adaptations enable <, . ~matic comparison across diverse fusion paradigms within a consistent
architectural framework.

Uni ed Framework. All methods operate  vithin ¢ standardised architecture: MiT-B0 backbone with three independent
decoder heads (primary RGB+DIN . >rma., o V) producing C-channel pre-logit features at 1=4 spatial resolution.
Fusion modules integrate these pre- ogit Te. “tires while maintaining consistent spatial dimensions and channel depth
across all modalities. A single fusion < xeration occurs at the pre-logit stage, ensuring a fair comparison across methods.
Table [3] reports parameter counts and cumputational complexity (FLOPS) to quantify the overhead introduced by
di erent fusion mechanisms

Adapted Implementation:. v.>thoas adapted to our decoder-level fusion framework are designated with a PL- pre x
(Pre-Logit) to maintair. = clear awstinction from their original architectures. Each adaptation faithfully preserves the
fundamental fusion i ~cha, "=m while conforming to our standardised three-modality pre-logit integration scheme,
enabling direct per orma. 22 comparison across heterogeneous fusion strategies.

PL-MMTM adap.. the multimodal transfer module [? ] from its original two-stream architecture to our trimodal
decoder frame .. '=via “hannel-wise squeeze-and-excitation. Given pre-logit features from the three decoder heads,

Zpr; Z1h; Zyy 2 RB © M4 We, (13)

the met 10d..on-ater.. tes them along the channel dimension to form Zegesr 2 RB 3¢ H# W= Global average pooling
comnre. s spz al information into a channel descriptor s 2 RB 3C. This descriptor undergoes bottleneck processing
thret gh sequential fully-connected layers with reduction ratio r=8:
3C 3C
= (FCy( (FCy(s)))); FC,:3C 1 T; FC,: - ¥ 3C; (14)
11



where denotes ReLU and  denotes sigmoid activation. The excitation weights 2 [0;1]® 3C are racioneu
[B;3C; 1;1] and applied via element-wise multiplication to the concatenated features. The gated featu es.ie taen
split back into individual modalities ZZ2*; Z9*: z&d 2 RB C H=4 W=4 and averaged to produce *he  al f.sed
representation:
_ 1 gated gated gated B C H=4 W-=4.
Zfysed = §(ZPR +Z7 +Z5, ) 2R : (15)
This approach enables each modality to be recalibrated based on the global context of all thr-_ " =puts wefore fusion

(Figure[8).

Figure 8: PL-MMTM. Trimodal fusion through channel-wise squeeze-and-excitation. ~eatures are concatenated, globally pooled, and processed
through an MLP bottleneck to generate channel excitation weights. After gating, fez": es are split back to individual modalities and averaged to
produce Zgyseg 2 RB © H*4 W=4 Notation:  denotes element-wise (Hadamard) multiphic *ion with broadcasting.

Figure 9: PL-R2AU. Primary fr . > Zpgr suive as gating signals for auxiliary modalities Zty and Zyy through attention gates. Each gate projects
inputs to Fi,; = C=4, computes spatial « ntion masks via ReLU and sigmoid, then applies element-wise multiplication. The gated auxiliaries are
averaged with the prim. .y to yi. 3 Zgyseqd-

PL-R2AU adapts' currenu ittention gates [? ] to decoder-level fusion at the pre-logit stage. Given pre-logit features

Zpr; Z1h; Zyy 2 RB © M4 We, (16)
the method em."~45 two attention gates, each using the primary features Zpg as the gating signal g to modulate
an auxi‘iarv.modan. X, where m 2 fTH; UVqg. For each gate, both g and x,, undergo separate projections to an

interme ‘i-.e dir 1ension Fijy = C=4vial 1 convolutions with batch normalisation:

Wy : R® ¥ RFm; W, : R B RFim: (17)
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The projected features are element-wise summed and processed through ReLU activation, followed k,=>.1 .
convolution with batch normalisation and sigmoid activation to generate spatial attention masks:

m = (BN(Conv; 1(ReLU(Wq(g) + Wx(xm))))) 2 [0;1]% * M= "4 (18)

Each auxiliary modality is gated by its corresponding attention mask; z%*¢ =

averages the primary features with the two gated auxiliaries:

m  Zm. The nal fuse ! repicsentation

Ziused = %(ZPR + Z_glq_ﬁed + Zg&{t/ed) 2 RB C H=4 W:4: (19)
This approach enables selective incorporation of auxiliary information based on primar’ fea. e guidance (Figure[9).
PL-SIG (pre-logit sigmoid gating). As a stand-alone, attention-free baseline (adapted ~om GF-Net [? ]), we fuse
once at the decoder’s pre-logit tap (quarter resolution) using the primary pre-logit as ... =-ha. 2 Zpg. For each auxiliary
Zj, a single-channel gate is predicted from the concatenation [ZpréZi] via a two-l7, < © 1 MLP (reduction r=4, ReL.U,
sigmoid), and Ege auxiliary is projected on the residual path and masked: r; = ; © W Z; . The fused pre-logit is
Zsused = Zpr + i1, Whicha 1 1 classi er maps to logits before upsamplit'y. C *es<.re computed from the current
base. See Figure[10]

Figure 10: Pre-logit sigmoid gating. The base is the lecoder’s primary pre-logit Zpg; each auxiliary Z; is concatenated with Zpr and passed through
atwo-layer 1 1 gating MLP (reduction r=4) to-~rodu. ~~7.gle-channel spatial mask ;2[0; 1] at quarter resolution. Auxiliaries are projected on
the residual path (if needed), masked, and adr 2d to ~*m the fused pre-logit Zsyseq, Which is then classi ed.

Novel Implementations. We evaluate two proposed fusion mechanisms: CMAG (Section[4.3) and MWPA (Section[4.5).

Component Ablations. To isolate e ndividual contributions of CMAG’s constituent mechanisms, we evaluate GCMA
(Global Context Modalit, Auc~tion) and sigmoid gating (PL-SIG) as standalone components. Both are described in
detail in Section[4 73] wi.. GCMA providing the cross-modal attention mechanism and SIG providing per-pixel spatial
re nement. These ab.. ‘ions . antify the contribution of each component to CMAG’s overall performance.

Training Protocoi. All methods are trained end-to-end using AdamW optimisation, with a batch size of 6 for 220
epochs. The M:20 ba “bone employs three independent decoder heads (primary RGB+DIN, thermal, UV), each with
per-modalitv.. upervi. ‘on using CEDice loss, manual class weights, and rare-class oversampling. Per-head learning rates
are9 10 “for 'V a'.d thermal, and 1:1 10 2 for primary, with cosine annealing and head-speci ¢ warmup schedules.
Multi-heau's pervician applies loss weights  ;,=0:75, 1=0:35, =0:35, and fuseq=1:0. Modality dropout (p=0:10)
is appli d t au. iliary streams during training.

Noc. alisation swap at evaluation. For all the pre-logit fusion modules, LN layers are replaced by GN-16 at test time
« anne . divisible by 16), carrying over the learnt ( ; ).
Te Jle 2] summarises the adapted methods. Source code and trained models will be made publicly available.
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Table 2: Decoder-level fusion methods adapted for three-modality (RGB+DIN, Thermal, UV) pre-logit integration. Methods with PL- r=> X ai
adaptations preserving core innovations within the uni ed framework. GCMA and SIG are CMAG’s component mechanisms evalua’ :d stz .dalone.

Method Core Mechanism Key Innovation Our Adaptation

PL-MMTM  Global squeeze-excite over con-  Cross-modal channel transfer via ~ Three pre-logits [ZprkZTHkZyy . voncate qated, SE
catenated channels shared global context (r=8), single classi er

PL-R2AU Recurrent attention gates with ~ Spatial attention masks modulate  Primary gates thermal/UV > a. =ntion gates
primary as gating signal auxiliary contributions (Fint=256); average fusic' " ~ated 1eutures

MWPA Modality-wise parallel channel ~ Per-modality attention weights for ~ Concat pre-logits ¥ ch ane’ itteri on (r=16) ¥ spa-
and spatial attention selective fusion tial attention (3 3 coanv)  mod> .ty-wise weighting

¥ classi er
PL-SIG Per-pixel sigmoid gating Lightweight spatial masks without ~ Base feature + gate. residua.s from thermal/UV; r=4
attention reduction

GCMA Global context cross-modal at-  Modality-level attention (O(M2)  Pool ¥ Stack (B = ¥ Multi-head attn (h=4) ¥
tention vs O(N2)) Broadcs .. = iassi er

CMAG GCMA + SIG Global attention for correspon- GCM# -c .cext - sigmoid-gated residuals; uni ed

dence + ne-grained spatial gating

tral iing

5.2. Robustness Evaluation

Robustness to sensor degradation, geometric misalignment, anu “ncomplete multimodal input is critical for
deployment applications. We systematically evaluate architec*uran esilicnce across three perturbation categories
under controlled degradation, spanning three RGB lighting con: itic 1s (| nderexposed/RGB1, optimal/RGB3, overex-
posed/RGB5).

Modality Dropout Analysis. To simulate sensor failure « 1" asse s graceful degradation, we systematically ablate
individual modalities and measure the resultant impac* =1 tu." .\ performance. Each modality (RGB, DIN, thermal,
UV) is independently removed at inference while rainta, ing all other inputs, testing each method’s capacity to
preserve functionality under incomplete multimodal 1., 11t. T' (s establishes the relative importance and contribution of
each sensor stream within the fusion framework, quantify.. » how critically the architecture depends on each modality.

Noise Resilience Testing. We evaluate performea. ~e degradation under four noise types Gaussian, salt-and-pepper,
speckle, and generic additive noise app’.ca .. lependently to individual modalities (RGB, DIN, thermal, and UV).
Noise intensity is varied across fourteen avels, v ith ne-grained sampling at low intensities (0.1, 0.2, 0.3, 0.4, 0.5)
transitioning to coarser increments at hiahe, “n*2lsities (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 r:gime. Figure [L]illustrates representative noise perturbations at three intensity
levels across all modalities, demori. -ating tne range of corruption severity evaluated. This design yields 224 noise
con gurations (4 types, 14 intensities, » 4 modalities), evaluated across three lighting conditions, resulting in 672
scenarios per method. With '+ methods under comparison (CMAG, GCMA, MWPA, PL-MMTM, PL-R2AU, PL-SIG),
this totals 4,032 noise robustnes. ~val:iations, providing a comprehensive characterisation of architectural sensitivity to
sensor corruption.

Spatial Misalignment Testi, > We assess robustness to geometric misregistration by applying controlled spatial shifts
to thermal and UV (aoa. ties, simulating realistic sensor calibration drift or mechanical misalignment. Each auxiliary
modality is indepe. Jently aisplaced by 20 and 40 pixels in the four cardinal directions (up, down, left, right), while
the primary RZ 7 DIiv tream remains stationary as the reference coordinate frame. Figure[I2]visualises the e ect
of spatial mi<alignn. nt on thermal and UV inputs, illustrating how features become spatially inconsistent with the
primary strea,. . Thi: produces 16 shift con gurations (2 distances 4 directions 2 modalities), evaluated across
three liciui, ~conc tions, yielding 48 misalignment scenarios per method. Across six methods, this generates 288
spatial | Hbistne s evaluations. These test-time shifts evaluate each method’s intrinsic capacity to maintain performance
und¢ gec ~atric inconsistency without calibration or retraining.
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Figure 11: Representative noise perturbations applied during robu< .. > eva..don. Rows show di erent modalities (RGB, DIN, thermal, UV);
columns show clean input and three noise intensity levels (0.5, 2.0 5.0) fo, Saussian noise. At intensity 0.5, corruption is subtle; at 2.0, signi cant
degradation is visible; at 5.0, severe corruption challenges recogi.. »n. Sim' ar patterns apply to salt-and-pepper, speckle, and uniform noise types
(not shown). All RGB examples are from the RGB3 (optimal lighting, . set.

Figure 12° Spat’ .l misahy, ment examples for thermal modality. Left: aligned baseline showing RGB and thermal overlay with default trained spatial
registratic 2. M .iddle 20-pixel upward shift of thermal modality, creating moderate misregistration. Right: 40-pixel upward shift of thermal modality,
demc straw. »sev’,e geometric inconsistency. Coloured overlays highlight spatial discrepancies between primary and auxiliary features. The RGB
ima_ remains xed as the reference coordinate frame throughout all shift scenarios.
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Impact Metrics. For a given RGB lighting condition r and perturbation scenario a, we quantify performance ¢« ~dauc..
relative to the unperturbed baseline (mloU"") using two complementary metrics:

mioUF"  mloU(r;a) 20)
mloUfu! ’

Impact,,(r;2) = mloUf™"  mloU(r; a); (21)

100

Impacty, (r; a)

where Impacty, quanti es relative degradation (normalised by baseline performance) and I ac*,, i 2asures absolute
loss in percentage points. We prioritise Impact,, for cross-method comparisons, as it avoids ti.. has<.ine bias inherent
in relative metrics; methods with lower baseline accuracy may appear arti cially robust: the:. ~valuated via percentage
degradation. Per-scenario results are aggregated as mean standard deviation across the full test split, with lighting-

speci c statistics reported separately to isolate illumination-dependent impacts.

6. Results and Discussion

We evaluate six decoder-level fusion architectures across three lighting c. ~ditions. Systematic robustness analysis
quanti es performance under modality dropout, spatial misalignment, and noise orruption. Results are organised by
baseline performance, ablation studies, and comparative discussions ¢ fusion strategies.

6.1. Evaluation Metrics

We report ve standard segmentation metrics for comprehent ve :vali ation. Our primary metric, mean Intersection
over Union (mloU), provides class-balanced accuracy by averagi._'~"J across all classes. Frequency-Weighted loU
(FloU) emphasises prevalent classes by weighting perforrance oy.pixel frequency. Pixel-level metrics include mean
pixel accuracy (MPA), which computes per-class recall w *+out r 2nalising false positives, and pixel accuracy (PA),
which measures overall pixel-level correctness. For ¢"_."huuc.-free comparison, we report Mean Rank [? ], where
methods are ranked by loU within each class and rar ks are . veraged across classes (a lower value indicates superior
performance).

6.2. Overall Performance

Table [3] presents comprehensive base!’ = neric“nance across all six fusion architectures under three lighting
conditions. CMAG achieves the highest averag mloU of 84.18% across lighting conditions, validating its hybrid
fusion strategy, which combines global ¢ ntext attention with ne-grained spatial gating. Under optimal lighting
(RGB3), both CMAG (87.61%) anc’ o MA (86.72%) achieve strong performance, with a modest 0.89 percentage
point di erence. However, CMAC 'emons.. ates 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 7.2 percentage point advantage that is 3.6-fold larger than the optimal-lighting gap.
The remaining architectures «. “ieve competitive baseline accuracy, ranging from 81.43% (PL-MMTM) to 83.14%
(PL-R2AU) average mlo’ ", with v .uced computational overhead (19M parameters vs. 22M for CMAG/GCMA).
PL-R2AU demonstrates consisw. >t performance across lighting conditions (average: 83.14%), while MWPA achieves
an average mloU.uf 82.0.%4. PL-MMTM shows moderate baseline accuracy (average: 81.43%) but demonstrates
superior robustness:unu ~ perwrbations, as detailed in Section[6.7} The lightweight sigmoid gating baseline (PL-SIG)
achieves 82.29% < -=rage n..oU with balanced performance across conditions.

Mean rank anah<is rc 2als a consistent performance ordering. Under optimal lighting (RGB3), CMAG achieves the
best mean rar « (3.1, followed by GCMA (4.56), PL-R2AU (5.55), and MWPA (5.88). Under suboptimal lighting,
CMAG mair.. ins st'ong rankings (RGB1: 10.28, RGB5: 9.05), while GCMA exhibits greater rank sensitivity to
lighting #-5 ~dauc ~ (RGB1: 12.59, RGB5: 12.12). All architectures sustain real-time throughput (31 34 FPS); detailed
comput itio”.al ¢asts a.1d throughput are reported in Section|[6.6]

Frec:enc -weihted loU (FloU) is near-ceiling across all methods (typically 99:3 99:6%), re ecting class imbalance
doi. "nated by background and large, frequent items. The resulting mloU FloU gap (about 12 16 pp across methods)
v Yicawe that errors concentrate in rarer or visually ambiguous classes; we analyse these in Section[6.5
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Table 3: Network comparison across lighting conditions and fusion architectures. Overall metrics (mloU, FloU, MPA, PA) and mear-~ank(. "
lower is better) scores are reported across the three light settings of the six fusion methods. Best value per RGB con guration i’ bol¢ RGB1:
underexposed; RGB3: optimal; RGB5: overexposed lighting.
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Metric @ @ [ o o o [ 14 [ o o @ 14 14 15 ‘ @ @ @
Mean Rank \ 10.3 31 9 \ 12.6 4.6 121 \ 11.8 5.6 10.5 \ 135 5.9 9.9 \ 10.9 6.2 9 \ 12.6 8.5 131
mloU (%) 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 31 ~.20 80.76 84.09 79.45
FloU (%) 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 9o 0 9Y.o¢ 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 ]7.04 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 2,72 . .63 99.61 99.70 99.61

FPS 31 31 31 31 31 31 34 34 34 32 32 32 o 3 34 34 34 34

Params (M) 22 22 22 22 22 22 19 19 19 19 19 19 1y e 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 ~10 84.u 84.0 74.0 74.0 74.0

6.3. Normalisation Strategy: LayerNorm vs GroupNorm Trade-0 s

Table 4] compares the impact of normalisation choice on accuracy and throuy 2nut across all six fusion architectures.
LayerNorm (LN) during training consistently yields the highest mloU across methods, establishing it as the preferred
normalisation for learning decoder-level fusion. However, LN incur. - ubstantial computational cost at inference: on
C=512 feature maps at % % =120 160 resolution, LN achievesanly 105 14.1 FPS across methods.

Switching to GroupNorm (GN) at inference while retaining ' N-t-4inad weights provides a favourable accuracy-
throughput trade-o . GN-16 maintains accuracy within 0.2 perce: = 4e pc nts of LN for most methods (CMAG: 87.61%

87.45%, GCMA: 86.84%  86.72%), while improvinrc ... ~ugnput by approximately 2.4 times. Finer grouping

(GN-8) o ers minimal accuracy improvement over GN-’ 5 at'red ced throughput, while coarser grouping (GN-32)
marginally increases speed but exhibits slight accuracy dey ‘dati,n for some methods (MWPA: 85.71%  85.35%,
PL-SIG: 85.31%  85.24%).
Training with GroupNorm directly (rather than LN)" =s brie y explored but yielded inferior performance, suggesting
that global normalisation statistics during learning are imy.tant for cross-modal attention mechanisms. The asymmetric
LN-train/GN-16 inference scheme, therefore: v presents the atimal con guration, balancing accuracy with real-time
inference requirements.

Table 4: Normalisation method comparison under o imal ligi. ‘'ng (RGB3, 220 epochs). LayerNorm (LN) used during training for all con gurations;
GroupNorm (GN) variants applied at inference onl, Best m oU per method in bold. All methods show 2.3 2.4 throughput improvement with
GN-16 inference while maintaining accuracy " "in 0., -« LN.

Method \ LN (Inference) ‘ GN-8 \ GN-16 \ GN-32 \
| mloU FloU MPA FPS | »U FloU MPA FPS | mloU FloU MPA FPS | mloU FloU MPA FPS
CMAG 8761 9955 v °, 1351 | 8743 9954 9269 2990 | 8745 9954 9252 31.09 | 87.42 9953 9238 3132
GCMA 86.84 9954 9. - 1378 | 86.77 9954 9183 3093 | 86.72 9953 9187 3206 | 86.68 9953 92,02 32.64
MWPA 85.67 9951 90.71 297 | 8572 9951 9116 31.80 | 8571 9950 91.70 3301 | 8535 9947 9221 3332
PL-SIG 8559 9950 .. 2 loos | 8556 9950 9123 3198 | 8531 9948 9145 3320 | 8524 9946 9178 33.83
PL-MMTM | 84.05 99.46  89.5. 1407 | 8407 9946 8980 3254 | 84.09 9946 90.17 3380 | 8378 9941 9101 34.49
PL-R2AU 86.07.  99.C 9138 .398 | 86.00 9952 9165 3226 | 86.02 9951 9186 3349 | 8590 9950 9217 3419

6.4. Lighting Corcition scsitivity

RGB illuminatio. ~wality substantially a ects segmentation performance across all decoder-level fusion archi-
tectures. We [ valua  three illumination settings (RGB1: underexposed, RGB3: optimal, RGB5: overexposed) with
results in Tac s@an [B.12

Perforn anc’ Across ighting Conditions. Under optimal illumination (RGB3), methods achieve peak performance
with.na. < w di erentiation: CMAG (87.61% mloU), GCMA (86.72%), PL-R2AU (86.02%), MWPA (85.71%),
PLCIG (80.01%), and PL-MMTM (84.09%)  a spread of only 3.52 pp. Underexposure (RGB1) shows a similar

~reau ©f 3.55 pp, with CMAG maintaining 82.54% (5.07 pp loss) and MWPA degrading to 78.99% (6.72 pp l0ss).
O :rexposure (RGB5) expands the spread to 4.35 pp, with GCMA su ering the largest degradation to 78.03% (8.69 pp
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loss). Averaging across methods, RGB3 RGBS5 degradation (5.30 pp) slightly exceeds RGB3 RGBZ0 ..,
re ecting irreversible saturation-induced information loss that auxiliary modalities cannot fully recover.

Mean rank analysis reveals di erences in architectural stability: CMAG maintains consistent rankings (k7 33:.4.12,
RGB1: 10.28, RGB5: 9.05), whereas GCMA exhibits high volatility (RGB3: 4.56, RGB1: 12.59, Rt 85: 12.12),
demonstrating a strong dependence on RGB quality.

Surface-Dependent Vulnerability. Class-level analysis reveals that surface properties dominate liy..2** ; robustness,
far exceeding architectural di erences. Re ective objects distinguished primarily by colov ans pattern rather than
geometric shape exhibit severe overexposure sensitivity: Apple degrades 27.50 pp (°3.72% . 1,9.2" % at RGB5) for
CMAG, as saturation obliterates the discriminative colour and patterns. In contrast, ge. Meti.c_.iy similar but less
re ective Apple Green loses only 1.79 pp (95.80% 94.01%). Texture-rich objects mainu. in ro. st performance across
lighting extremes: Grapes Blue achieves stable segmentation (RGB1: 94.24%, RGBR3: 9. 38%, RGB5: 95.92%), as
geometric texture features survive both underexposure and saturation, where colour anu <> ularity fail.
Sophisticated fusion mechanisms provide measurable advantages when auxi’.ary .nodalities are essential for dis-
crimination. Under optimal lighting (RGB3), Carrot and Carrot Fake are vi uz.ty r :arly identical in RGB-DIN;
yet, thermal signatures di er markedly (plastic vs. organic emissivity). He e, the w_nitectural capacity to leverage
thermal cues determines performance: CMAG achieves 90.05% on Carrot ar. *79.74% on Carrot Fake, while GCMA
achieves 84.89% and 59.38% respectively, a 20.36 percentage point gap in repliv. discrimination performance. This
demonstrates that CMAG’s hybrid attention-gating mechanism more.« ectively weights thermal features when visual
appearance alone is insu cient. Under underexposure (RGB1), whei. RGB colour and intensity cues are severely
degraded while visual similarity between real and replica persis’s, r :-SIC excels on Carrot Fake (80.90%) through
e ective thermal gating, whereas PL-MMTM struggles (64.97%) T*.s p. :tern highlights that the architectural capacity
to modulate auxiliary contributions becomes critical when primar, 20 features degrade, forcing greater reliance on
thermal discrimination.

However, no architecture overcomes severe material-speci « .iures when primary modality features collapse; re ective
Apple under overexposure saturation (27.50 pp loss) 7. Dniu.. =ed similarly degraded by saturation (11.62 pp loss)
demonstrate fundamental limits where auxiliary me Jalitiec cannot compensate for irreversible information loss in
the primary stream. Lighting robustness is thereforc iaint.y determined by the architectural capacity to leverage
auxiliary modalities when discriminative, the material prop. *ies governing primary feature preservation under lighting
extremes, and the information-theoretic limits - *hen primary features are irreversibly lost to sensor saturation or severe
underexposure.

6.5. Challenging Classes and Modality-t »eci c¢ ! .ontributions
Background and container objec’_ >chic. . near-ceiling accuracy across methods (Background: 99.77-99.86%,
Bowl: 89.35-93.22%), whereas seve -al cawc aries expose persistent multimodal fusion challenges.

Partially Decayed Fruit. Partially rotte. ‘tems (Apple Green Bad, Lemon Bad, Mandarin Bad) span a wide range of
di culty (49.74 94.26% loL  nvelope across methods and lighting). Under optimal lighting (RGB3), Apple Green Bad
exceeds 90% loU for all six meu.>ds range: 90.60-94.26%). Yet, performance separates dramatically under suboptimal
conditions: at RGB1, the/ ang > wiaens to 60.01-72.17%, with PL-SIG being the most stable (72.17%/92.93%/73.07%
at RGB1/3/5) and MW\ showi..g the most extensive spread (60.01%/94.26%/75.39%). For Mandarin Bad, RGB5
proves particularly fra~ile (« “MA: 23.14%), highlighting severe exposure sensitivity on decayed surfaces. The thermal
modality provides ¢ itica. >*omplementary information here, as decay alters surface temperature and emissivity patterns
that remain discrin. ~ative when RGB features degrade. Networks with explicit gating mechanisms (CMAG, PL-SIG)
maintain super’c. ~ross ‘ighting stability, suggesting e ective learnt thermal utilisation.

Synthetic Re. "~a OF jects. Replica plastics (Carrot Fake, Apple Fake, Lemon Fake) prove consistently challenging,
with clas7C. -elop. - of 59.38-80.90% (Carrot Fake), 76.54-94.34% (Apple Fake), and 41.13-74.34% (Lemon Fake). On
Carrot ! ake’ PLSIG achieves 80.90% at RGB1, while GCMA struggles at RGB3 (59.38%), indicating that challenging
matevial  scrir (ination bene ts from methods that modulate auxiliary contributions e ectively. However, the optimal
arc. “‘ecture varies with illumination. The di culty stems from the near-identical visual appearance of organic
vointer, orts. Plastic exhibits distinctly di erent thermal emission (lower emissivity, faster thermal equilibration) and
U’ uorescence, making thermal and UV modalities essential for this discrimination task.
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Temperature-Discriminable Objects. For thermally separable classes, cross-method spreads are small. Cup<7 % spa. .o
88.62-94.75% overall, with per-lighting ranges of RGB1: 88.62-94.46% (5.8 pp), RGB3: 92.59-94.9 % /2.4p),
RGB5: 91.54-93.88% (2.3 pp). Cup Cold spans 82.90-95.08% with RGB1: 82.90-92.12% (9.2 pp),RG "~ 3: 97..47-
95.06% (2.6 pp), RGB5: 90.94-95.08% (4.1 pp). Under optimal or overexposed lighting, method variatic..is . 2.6 pp,
while underexposure increases the spread to 5.8 to 9.2 pp. This pattern validates that thermal provic2s 2= abiguous
discriminative features when temperature di erences are pronounced.

Implications for Fusion Design. Di cult classes exhibit wide intra-class performance rang’s: Carrnt Fake varies by

22 pp and Apple Green Bad by 34 pp across methods and lighting, compared with .8 pp . »» Mirr r (98.19-98.96%
range). Methods with gating or attention-based fusion (CMAG, GCMA, PL-SIG) rank bew. =in uiiailenging categories
under favourable lighting (RGB3 mean ranks: CMAG 3.12 vs. PL-MMTM 8.50, yet no . ingle _~chitecture dominates
across all lighting regimes and classes. The 6-9 greater performance variation or-ambig 'ous categories compared
to simple objects demonstrates that the architectural capacity to selectively leverage au:..ary modalities critically
determines performance when RGB cues are insu cient. However, exposure-inc icec ailures at RGB5 can overwhelm
auxiliary compensation for certain materials, establishing fundamental limits ~f'Jecc ier-level fusion regardless of
architectural sophistication.

6.6. Computational E ciency and Real-Time Performance

All six decoder-level fusion architectures sustain real-time thrc. - hput on a single NVIDIA RTX 3090 GPU at
640 480 resolution (Table[3). Parameter counts cluster in two tiers: 2.7 for CMAG and GCMA (attention-based
methods), and 19M for MWPA, PL-R2AU, PL-SIG, and PL-MN M. iighter fusion mechanisms). Computational cost
spans 74.0 to 91.7 GFLOPs, with CMAG (91.7 GFLOPs) and C ~" /A (,9.2 GFLOPs) representing the upper bound,
MWPA (84.0 GFLOPs), PL-R2AU (79.0 GFLOPs), and P’2 7'G (u+.0 GFLOPs) occupying the middle range, and
PL-MMTM (74.0 GFLOPs) o ering the moste cientco o' ratihn. Despite these variations, measured throughput
remains tightly bounded at 31-34 FPS across all methods, a. 10n<'.ating that decoder-level fusion introduces minimal
overhead beyond the shared encoder-decoder backbore.

The accuracy-e ciency trade-o favours adaptive f. fon me hanisms. CMAG achieves the highest average mloU of
84.18% (mean across RGB1/3/5) at 31 FPS with 91.7 Gi = =¢s. In comparison, the most e cient method, PL-MMTM,
operates at 34 FPS with 74.0 GFLOPs while:arhieving an a. rage mloU of 81.43%. Relative to PL-MMTM, CMAG
incurs a 24% computational overhead (91.7 vs. 74.0 GFLOPSs) and an 8.8% throughput reduction in exchange for a
2.75pp mloU improvement. Other methods ..oy ....ermediate positions: PL-R2AU (79.0 GFLOPs, 34 FPS, 83.14%
mloU) and MWPA (84.0 GFLOPs, 32 FF 3, 82.0. % mloU) o er balanced alternatives, while GCMA (89.2 GFLOPs,
31 FPS, 81.75% mloU) demonstrates that ¢ mou stional cost alone does not guarantee superior accuracy; architectural
design and lighting robustness are cr.tce. . important.

All con gurations maintain througkh,, 't exceeuing 30 FPS at VGA resolution, meeting real-time requirements for online
robotic tasks. The modest computatior.. " di erences between methods (17.7 GFLOPs range, 3 FPS variation) relative
to substantial accuracy variatiuns (2.75 pp between best and worst) underscore that the decoder-level fusion strategy,
rather than raw computationai < 2nacity, determines segmentation quality in challenging multimodal scenarios.

6.7. Modality Importar<2: Abla “on Studies

We quantify each<»odai.>7’s contribution and alignment sensitivity through two ablation families: (i) drop ablations
(complete removal of a'. »adality at inference) and (ii) spatial shift ablations. Unless stated otherwise, results are
averaged across ali “x networks and three lighting conditions. Comprehensive class-wise robustness visualisations for

all decoder-ley:.=chnctures are provided in Appendix [Appendix B.3|

6.7.1. Drop A. ~tior. Results
Cor plet: moda. * removal establishes a consistent importance hierarchy: RGB > DIN > T24 > U8. Figure [L3{left)
present. th" cor solidated results, with mean absolute mloU losses averaged across networks and lighting conditions:
R 5B . 7059.50 pp loss (72.05% relative degradation)
Di. 'drop: 49.61 pp loss (60.53% relative degradation)
724 i sp: 24.62 pp loss (29.79% relative degradation)
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U8 drop: 16.82 pp loss (20.36% relative degradation)

Figure 13: Overview of drop ablation impact. (left) Overall modality importance averaged across a. ne’.vorks and lighting conditions, ranked from
most to least critical. (centre) Network comparison showing impact for all six fusion network acro. *he”,ur modalities, revealing architecture-
speci ¢ dependencies. (right) RGB variant comparison showing how lighting conditions (u.  ~rexposed, optimal, overexposed) a ect modality
importance when averaged across networks.

The dominance of RGB and DIN re ects their role as the primary “=ature extractors for geometric structure and
appearance, while thermal and UV provide complementary dis~-imirni. e cues for challenging material classes
(Section [6.5). Table [ presents per-network residual mloU a“.er ach modality is dropped, revealing substantial
architectural variation: CMAG and GCMA exhibit the highes. = :znsit’ vity (mean losses of 43.22 pp and 42.19 pp,
respectively), while PL-MMTM and PL-R2AU demonstrats s, 2rior resilience (31.82 pp and 32.27 pp).

One illustrative example demonstrates the magnitude of pr. ma 'y mi dality dependence: CMAG under optimal lighting
(RGB3) degrades from 87.61% mloU baseline to 17.49% . 1er RGB is removed (a 70.12 pp loss), con rming the
critical role of the primary visual stream.

Table 5: Drop ablation results averaged over RGB scenarios: residual . < (%) after removing each modality. Networks ordered by robustness (left
to right: least robust to most robust). Lower values indirate greater moda.. - dependence. The bottom row shows the mean loss.

Dropped RGB  CMAG 2 1A MWPA PL-SIG PL-R2AU  PL-MMTM
RGB RGB1 [ 3451 30.09 11.81 37.19 31.09 19.75
RGB3 | .17.49 11.73 11.81 11.01 19.41 21.80
RGBS 270 20.15 23.38 25.04 32.65 21.80
DIN RLBL 1854 24.01 27.63 27.89 33.40 22.05
B3 536 45.37 42.10 56.16 52.26 3217
RC 5 2273 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 3151 65.74 72.15 77.61 74.60
RGB5  46.89 58.68 46.83 55.85 66.57 67.92
us .oBl 5548 56.48 7057 50.03 74.44 70.61
RGB3  53.68 70.79 70,57 69.31 82.05 80.21
RGB5  55.27 55.00 7057 50.03 70.89 74.70
N loss y, ) 43.22 42.19 38.63 37.68 32.27 31.82

6.7.2. Spatial <-*f Au ~tions

We asses. robus 1ess to sensor misalignment by applying controlled spatial shifts to thermal and UV images
(20 px/40 px), hile: naintaining RGB-DIN as the reference coordinate frame, with results aggregated across shift
con gur.uw, 3, nev arks, and lighting conditions.

Overall's nact  Spatial misalignment induces substantially lower degradation than complete modality removal (mean:
4.2 0 vs. 37.64 pp for drops), con rming that decoder-level fusion exhibits intrinsic tolerance to moderate sensor
1 sregi.ration. Table[6] presents detailed per-network degradation under thermal and UV shifts. Degradation scales
nc i-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
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increase. This super-linear relationship re ects that larger misalignments increasingly violate the spatial corres - nder.c.
assumptions implicit in learnt fusion weights. The proportion of fusion failures (where multimodal perfo ma: ce “alls
below single-modality baselines) increases 3.6-fold from 8.2% at 20 px to 29.3% at 40 px, establiching a cri.ical
misalignment threshold beyond which auxiliary information degrades rather than enhances segmentatiot. accuracy.

Table 6: Performance degradation (pp) under spatial misalignment of auxiliary modalities. Values show mean mloU.'ass  tandard deviation
when thermal or UV streams are shifted relative to the aligned RGB-DIN primary. All networks demonstrate moderate degi... >t 2 at 20 px shifts
(1.07 3.95pp), which approximately doubles at 40 px shifts (2.71 8.40pp), con rming the inherent tolerance of dec uei  wvel fusion to geometric
misalignment.

Thermal Shift UV Shift Mean Deg¢-ade. '°n
Network b
20 px 40 px 20 px 40 px 20 px 7 px
CMAG 350 0.77 7.99 157 1.61 0.89 473 1.76 2.56 P
GCMA 305 086 6.92 154 1.07 0.73 3.06 1.64 27 4,99
MWPA 361 094 786 174 143 0.78 3.05 1.31 .52 5.46
PL-MMTM  3.44 087 735 164 122 045 271 097. .¥% 5.03
PL-R2AU 3.86 0.63 840 172 160 0.85 3.82 117 2.. 6.11
PL-SIG 395 068 7.49 292 3.00 140 472 124 . 3.48 6.11
Average 357 033 7.67 051 1.66 0.71 3.68 0.89 2. . 5.68

Figure 14: Spatial shift sensitivity by magni*:«'e (20 px, ™ px) and direction (up, down, left, right) for thermal and UV modalities, averaged across all
networks and lighting conditions. Thermal exi.. s mild vertical bias (upward shifts most damaging: 7.45 pp at 40 px) and consistently 1.63 greater
sensitivity than UV across all scenarios. Degrada. n scales super-linearly with o set magnitude, doubling the shift produces 1.93 greater loss,
indicating that geometric inconsist »< y tolerance degrades non-linearly beyond modest misalignments.

Modality-Speci ¢ Sensitwity. ~. shown in Table[6] thermal exhibits consistently greater sensitivity to misalignment
than UV across ali networ. > (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 3.68pp at 40 px>. 1. '=di <crential re ects thermal’s greater contribution to fusion performance, as demonstrated by
drop ablations (Se* on[6.7)), removing thermal causes a 24.62 pp mean loss compared to UV’s 16.82 pp loss. Modalities
with larger fusi== cor. -ibutions exhibit proportionally greater sensitivity to spatial misalignment, as misregistration
directly degre fes tri. discriminative features that the network has learnt to rely upon.

Direction=":Asyn.. =try. Thermal demonstrates a mild vertical bias, with upward shifts proving most damaging (20 px:
3.89pp 40/.x: 7.45 ), while UV exhibits near-isotropic behaviour (directional spread <0.6 pp at each magnitude),
as show. “a Fir ure[I4] This divergence re ects the di erent object categories that contribute discriminative cues for
eac™ modaliy. Thermal-discriminable objects (temperature-dependent items) and UV-discriminable objects (material-
< nenu 1t items) occupy di erent spatial distributions, sizes, and positions within the scene. The thermal vertical
bi' 5 likely re ects that temperature-based objects in the dataset exhibit systematic vertical positioning patterns, while
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UV-critical discrimination tasks (replica vs. organic material) occur across more spatially diverse object o7 *atiu. ..
This pattern persists across all networks and lighting conditions, con rming that it originates from the d' tas¢. ok ect
distribution rather than architectural characteristics.

Architectural Robustness. Figure [I5 presents comprehensive per-network robustness across all sti sc2ser.>rios. 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 bene cial (shifted multimodal mloU exceeus o jle-modality
baseline). A score of 100% indicates that fusion provides a positive bene tin all evaluated ¢ .en7 10s (across lighting
conditions and directions) for that modality-magnitude combination, while lower percer‘ages . \.al c7 ses where spatial
misalignment causes fusion to underperform relative to single-modality baselines.

Figure 15: Network performance heatmap for spatial shift robustness. " cell aggregates performance across 12 scenarios: three lighting conditions
(RGB1/3/5) and four shift directions (up/down/left/right)-for thermal/U . -hifts at 20 px or 40 px magnitudes. Left: Mean fusion degradation
(pp) shows performance loss lower values (yellow) inc  ~te robustness, higher values (red) indicate sensitivity. Right: Percentage of scenarios
maintaining positive fusion bene t (shifted multimodal mloU . ~ine'e-modality baseline) 100% (green) indicates fusion remains bene cial across
all conditions, while lower percentages (yellow/red) cvea. 2ses where misalignment causes fusion to underperform.

Network robustness varies substantially: PL ' ichieves 94% positive scenarios across all shifts, followed by GCMA
(89%), CMAG (83%), PL-R2AU (€1%), “MWPA (72%), and PL-MMTM (70%). Notably, this ranking di ers from
baseline accuracy ordering (Table[5), Jemonsirating that peak performance and shift robustness are partially orthogonal
properties. Simple gating mechanisms ‘°L-SIG) prove most tolerant to misalignment, while sophisticated fusion
(CMAG) trades shift robust. ='s for higher clean-data accuracy. The heatmap reveals that UV shifts at 20 px maintain
near-perfect fusion bene t (>9< 4 positive) across most networks, while thermal 40 px shifts prove challenging, with
positive rates dropping to ou 75% 1ur less robust architectures.

Lighting Interactiun. Sh. *.impact remains broadly stable across illumination conditions: mean degradations are
4.58 pp (RGB1), 3.7 pr. ‘RGr3), and 3.90 pp (RGB5). The marginally higher sensitivity under underexposure (RGB1.:
4.58pp) re ectsa’ne t-frayility trade-o : while auxiliary modalities provide the most signi cant value when primary
features degraf~. the, simultaneously become more critical to spatial correspondence, amplifying the impact of
misalignment

6.7.3. Siinary

Cor plf.e rnodahy removal represents the primary failure mode for decoder-level fusion, with RGB and DIN
drop - ca. inaavere degradation (59.50 pp and 49.61 pp, respectively). In contrast, moderate spatial misalignment
(2G, 2 induces minimal performance loss (2.87 pp average), validating that decoder-level fusion accommodates sensor
1 sregic mation 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
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impact). Architectural robustness to perturbations (PL-MMTM, PL-R2AU superior for drops; PL-SIG s/ ior (.
shifts) does not correlate with baseline accuracy (CMAG, GCMA superior), revealing an inherent trade/ ) »ctwen
peak performance and perturbation resilience.

6.8. Noise Robustness Analysis

We evaluate robustness to input corruption by applying four noise types (Gaussian, salt-and-p.ne. speckle, and
generic additive noise) independently to each of the four modalities (RGB, DIN, T24, US, .. 14 inensity levels
(0.1-5.0). This yields 16 corruption scenarios evaluated across six networks and three ligh inc cori litions, totalling
4,032 evaluations. Results quantify both absolute performance loss (percentage points, pp):ana. 'ati': degradation (%)
to characterise architectural resilience to sensor noise. Class-level vulnerability patterns unu. = noise perturbations are

visualised in Appendix [Appendix B.3]

6.8.1. Overall Noise Sensitivity

Table [7| reports the mean loss across all modalities, noise types, intensitie , a'd li 'hting conditions. PL-R2AU
demonstrates the highest noise tolerance (8.80 pp mean loss, 10.6% relativ - deg 2da*.on), followed by PL-MMTM
(9.67 pp, 11.9%), with PL-SIG and GCMA occupying mid-tier positions.. “MAG and MWPA exhibit the highest
sensitivity (12.93 pp and 13.91 pp, respectively). Because degradation is non-..>2ar with severity, we report anchor
losses at both mild and severe levels of corruption. Between i=1:0 ( nd i=5:0, degradation increases substantially:
PL-R2AU from 6.51 to 16.74 pp (+10.23), CMAG from 8.77 to 25.5v 0 (+16.82), and MWPA from 9.49 to 27.04 pp
(+17.55). The widening performance spread under severe corrup*™=>.con ~ms that architectural capacity to leverage
auxiliary modalities determines robustness. Degradation is non-l 1ea:. atntensity 1.0, losses span 6.51 to 9.49 pp with
modest inter-network variation (2.98 pp range); at intensity 5.0, ' «is e pands to 16.74 to 27.04 pp (10.30 pp range),
demonstrating that architectural di erences amplify 3.5 U/.ue. severe corruption.

Table 7: Noise robustness summary across all modalities, noise types. and i._ ~tino” Anchor losses at mild (i=1:0) and severe (i=5:0) corruption with
their di erence. Lower is better.

Network PL-R2AU  PL-. M PL-SIG GCMA CMAG MWPA
Mean loss (pp) 8.8L 9.67 10.66 10.70 12.93 13.91
Relative deg. (%) 10.6 11.9 13.0 13.2 154 17.1
Mean loss @ i=1:0 (pp) r51 7.57 7.96 8.05 8.77 9.49
Mean loss @ i=5:0 (pp) 174 18.89 20.63 21.41 25.59 27.04
(5.0 1.0) (pp) 10..° 11.32 12.67 13.36 16.82 17.55

Figure[16] presents degradation trajecic ies across all networks: an overall summary (left) and four modality-resolved
panels (RGB, DIN, T24, UR) for direct comparison. PL-R2AU maintains the lowest or near-lowest curve across all
panels, while MWPA and C.v. *G rise most steeply at high severities, driven primarily by their sensitivity to the UV
modality U8. At mild cor= ~tion " ensity 1.0), losses span 6.51-9.49 pp (7.9-11.7% relative); at severe corruption
(intensity 5.0), they rearl 16.74 27.04 pp (20.2-33.1% relative).

6.8.2. Modality-Spaci Mulricrability

Modality vuli:> -ability .ollows a clear hierarchy. Table [§ quanti es per-modality mean losses across networks.
RGB corruptior.nrove > most damaging (20.74-25.60 pp), followed by thermal (7.94-10.59 pp), UV (2.30-14.85 pp),
and depth-int/ nsity  2.78-5.02 pp). The worst single scenario is Gaussian noise on RGB, resulting in a 28.84 pp mean
loss (35.0% 1. 'ative ¢ 2gradation) across all networks. DIN exhibits the lowest sensitivity, re ecting its auxiliary role
in provir'.._geo:. ~tric cues that remain largely intact under photometric noise. UV exhibits substantial network-
depend’ nt vuria‘ion: v.hile most architectures show low UV sensitivity (2.30-5.60 pp), CMAG and MWPA demonstrate
anor alc. vul erability (13.96 and 14.85 pp, respectively).

“aure[L/] presents scenario-level sensitivity across all noise types and intensities, con rming that RGB corruption
u Mina. = degradation, while DIN proves to be the most robust across architectures.
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Figure 16: Network robustness to noise corruption across intensity levels (0.1-5.0). On the left, the ovarall loss averaged over all modalities, noise
types, and lighting conditions. This is followed by modality-resolved panels (RGB, DIN, T24, Uf, witr shared y-axis (0-50 pp), enabling direct
cross-modality comparison.

Table 8: Modality-speci ¢ mean loss (pp) by network, averaged over noise types and intens. >s. Bold indicates best performance per modality
(lowest loss).

Modality PL-R2AU PL-MMTM PL-SIG <« 'CMA CMAG MWPA

DIN 3.66 5.02 2.78 3.5¢ 4.94 4.84
T24 8.16 7.94 9.1 ¢75 10.59 10.35
us 2.63 2.30 5.60 .51 13.96 14.85
RGB 20.74 23.41 ot 24.58 22.23 25.60

UV-Driven Vulnerability of CMAG and MWPA. CM AG a. 1 MWPA demonstrate disproportionate sensitivity to UV
(U8) corruption compared to other networks, as evit. >t in th- U8 panel of Figure[I6] CMAG su ers a 13.96 pp mean
loss under U8 noise, compared to 2.30 to 5.60 pp for PL- *vITM, PL-R2AU, and PL-SIG; MWPA similarly degrades
by 14.85 pp. This UV-speci c vulnerability>t°ms from CIv. \G’s architectural design: its pre-logit attention-gating
mechanism leverages UV cues more aggressive._than other methods, causing un ltered UV noise to propagate with
high gain at severe intensities.

6.8.3. Architectural Patterns

Network rankings for noise robu’ tnes. i er substantially from both baseline accuracy and spatial shift robustness,
revealing distinct architectural traae 2 s. PL-R2AU achieves the highest noise tolerance (8.80 pp mean degradation)
despite moderate baseline performance ‘83.14% mloU). Conversely, CMAG attains the highest baseline accuracy
(84.18% mloU) but exhibits ~ eater noise sensitivity (12.93 pp mean degradation, 1.47 higher than PL-R2AU). This
UV-driven vulnerability (13.96 ., loss under U8 corruption versus 2.30 to 5.60 pp for other networks) re ects CMAG’s
learnt fusion strategy: its y. rid auention-gating mechanism optimises auxiliary modality utilisation for clean-data
performance, amplifyir degraac.ion when those channels contain noise.
The relationship betv:~en 1. inn strategy and perturbation tolerance reveals a fundamental trade-o . CMAG achieves
the highest baseline accu. <V (34.18% average mloU) by learning to aggressively exploit auxiliary modalities; however,
it consequently ex. 'hits the highest noise sensitivity (12.93 pp mean degradation). In contrast, PL-R2AU sacri ces
1.04 pp averags _=eln. accuracy (83.14% mloU) yet achieves substantially superior noise resilience (8.80 pp mean
degradation}.” a 4.1. 2p robustness improvement representing a 4.0 return on the accuracy sacri ce.
PL-MMTM ac ~ons'.ates balanced performance: second-best for noise (9.67 pp mean degradation) and best for drop
robustness (. .82, mean loss, Table[5), yet worst for spatial shifts (70% positive scenarios). This pattern underscores
orthogc al< obu tness dimensions. Squeeze-and-excitation-based channel gating (PL-MMTM) enables robust handling
of c¢.rup.. i~ puts through conservative channel weights; however, it struggles when spatial correspondence is violated,
as g, hal pooling discards the geometric structure. Conversely, spatial attention mechanisms (PL-SIG: 94% positive
si. ft sce. wrios) tolerate misalignment through pixel-wise gating but can amplify auxiliary contributions, propagating
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Figure 17: Scenario-level noise sensitivity heatmap (modality noise type). Cell irtensity represents mean absolute loss (pp) across networks,
lighting conditions, and intensity levels. Gaussian noise on RGB constitutes the worst-u. 2 scenario (28.84 pp, 35.0% relative degradation). RGB-
targeted corruption dominates across all noise types, while DIN and UV corruptic: " duce . “stantially lower degradation for most architectures.

noise through fusion pathways (10.66 pp mean degradation .2 n.oe).

6.8.4. Practical Implications

Acrchitecture selection should account for both nois : sev. “ity and modality-speci c vulnerability. At mild corruption
(intensity 1.0), all networks remain functional (6.2 to 9.4¢ pp loss, 7.9 to 11.7% relative degradation). At severe
corruption (intensity 5.0), losses range from 16.74 to 27.. w, rendering some con gurations e ectively non-functional.
Prioritising RGB sensor quality yields the st signi carn. robustness gains, as RGB-targeted noise causes mean
degradation of 20.74 to 25.60 pp, versus only 2.2 to 10.59 pp for auxiliary modalities a2.0t09.2 di erence. For
systems that heavily leverage UV features . “AG, ..IWPA), UV channel quality control becomes critical to prevent
severe degradation (13.96 to 14.85pp und r UV ¢ rruption, compared to 2.30 to 5.60 pp for UV-conservative methods).
Optimal architecture choice depends on op. 2fior.al priorities and expected perturbation pro les. CMAG achieves the
highest baseline accuracy (84.18% ¢ vera_ > mloU) with acceptable noise tolerance at mild intensities (8.28 pp loss at
intensity 1.0). However, under per.’ tent moderate-to-severe noise (intensity > 1:5), PL-R2AU exhibits  35% lower
degradation than CMAG at high severi, ‘a.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;".Vhen spatial misalignment is the dominant perturbation source, PL-SIG and GCMA
achieve superior shift robustries. “94% and 89% positive scenarios, respectively; Section[6.7.2), though with moderately
higher noise sensitivity (*~..~np a.a 10.70 pp, respectively).

6.9. Comparative Analysi. ~f Fusion Strategies

Baseline evalue .10n a. ass six fusion architectures reveals distinct performance-robustness trade-o s under varied
operational condiu. °s. CMAG achieves the highest average accuracy with stable lighting tolerance, while adapted
methods demr ... 2te v mpetitive performance with reduced computational overhead. Systematic ablations reveal
orthogonal roaustnes  dimensions that inform deployment strategy:

Modality in., ~rt=ace is architecturally invariant. Drop experiments establish a consistent hierarchy (RGB > DIN
> T2/ > 5) acie = all methods, indicating that information content dominates architectural e ects. However, fusion
strate vie, ext bit substantial variation in sensitivity: PL-MMTM achieves superior drop robustness through modality
is latio.. == 7i1le CMAG’s cross-modal integration ampli es dependence on auxiliary channels (Section[6.7.2).

Fu fon aggressiveness determines accuracy-robustness trade-o s. CMAG’s aggressive auxiliary utilisation
rields . ie highest baseline accuracy (84.18% mloU) but the greatest noise sensitivity (12.93 pp), while PL-R2AU’s
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conservative fusion maintains competitive accuracy (83.14% mloU) with superior robustness (8.80 pp). T'. s natwe. ..
is most pronounced in UV corruption, where learnt fusion strategies determine vulnerability (Section[[_8).

Spatial robustness trades o against noise resilience. Methods preserving spatial structure (PL:SIc GC'1A)
tolerate geometric misalignment through pixel-wise correspondence, whereas global pooling archi. ctures (PL-
MMTM) discard spatial information for noise suppression. This reveals fundamental architectural ¢. nscaat *s: spatial
preservation enables alignment compensation but propagates corruption; global aggregation ::'nbrsses noise but
eliminates geometric cues (Sections[6.7.2} [6.8).

Auxiliary modality utilisation determines lighting robustness. CMAG’s hybrid gati/ g n7:chanism maintains
stable performance under challenging illumination (RGB1: 82.54%, RGB5: 82.3¢%), o. " erfor ming GCMA by
3.2 percentage points under suboptimal lighting (RGB1/5: 80.49%/78.03%) throvqh - ecuve thermal and UV
compensation when RGB features degrade. Underexposed conditions (RGB1) prove most . nallenging across all
architectures, inducing 11% higher average degradation compared to optimal lig'>*ina (.XGB3: 24.20 pp vs RGB1.:
26.93 pp mean loss), con rming that challenging lighting conditions amplify de~=ndencc on auxiliary modalities.
Deployment context dictates optimal architecture. For controlled env onr.ents prioritising peak accuracy,
CMAG maximises performance with acceptable noise tolerance at mild.inv ~.ities Under persistent severe cor-
ruption, PL-R2AU and PL-MMTM exhibit substantially lower degra=-:tion uwough conservative fusion. For
misalignment-dominated scenarios, PL-SIG and GCMA provide superio. -hift tolerance, with moderate noise
sensitivity (Sections[6.7.2,[6.8).

Computational e ciency remains comparable across methoc’ > All architectures achieve real-time inference
capability with modest overhead di erences, positioning comnutau.nal cost as a secondary selection criterion
relative to accuracy-robustness trade-o s under expected pert:.rba* on.pro les (Table[3).

6.10. Encoder- vs Decoder-Level Fusion

To contextualise decoder-level fusion within the broz ler/.nui imodal segmentation landscape, we compare our
pre-logit integration approach against encoder-level fusior, ~nrsented by GF-Net [? ], our previous encoder-level
architecture on the MM5 dataset. Both architectures et iploy " 1iT-BO backbones and fuse RGB, depth-intensity-normals
(DIN), thermal (T24), and UV (U8) modalities, enai.. 2g dire t performance comparison while isolating the impact of
fusion stage placement. Crucially, both networks empic_ ~tage-Wise Intensity Fusion (SWIF) to enhance the RGB
primary stream with DIN composites; the fu. < 1mental disti..tion lies in where auxiliary thermal and UV modalities
are integrated within the feature hierarchy.

Architectural Paradigms. For direct arch ecturai somparison, we focus on sigmoid gating methods that isolate fusion
stage e ects: GF-Net employs encoder-lev ' sior.oid gating, while PL-SIG implements decoder-level sigmoid gating.
This comparison enables us to hold/ usic > mechanism complexity constant while varying only the integration stage
placement, thereby isolating the ar." itectura. impact of early versus late fusion.

Encoder-level fusion (GF-Net) apphiv - SWIF to inject DIN into RGB features at each encoder stage (Stages 1 4),
establishing an enhanced F=3, DIN primary representation. Thermal and UV auxiliaries are then fused into this
primary stream at every encow '+ stage through per-pixel sigmoid gating following CM-FRM spatial alignment [?
]. This stage-wise encoc.. “siorn sropagates multimodal features through all subsequent encoder depths and the
shared decoder, enablin~ deep ¢, ss-modal interaction at the cost of tight architectural coupling and spatial alignment
dependency.

Decoder-level fusicn (+ *-SIG) similarly employs SWIF to enhance RGB with DIN at each encoder stage within the
primary stream. k.. vever, tiermal and UV modalities are processed through independent encoder-decoder pipelines, as
described in Se~*ans[Z22land Bl

Quantitative . ~rform .nce Comparison. Table 9 presents accuracy and e ciency metrics for both paradigms. GF-Net
achieves = siswe tty higher baseline mloU across all lighting conditions, with a 3.51 pp average advantage over
PL-SIC (87.30%6 vs c2.29%). This accuracy premium is most pronounced under suboptimal illumination (RGB1.:
+3.67 pL, ¢GR'.: +3.91 pp), suggesting that stage-wise encoder integration provides stronger illumination invariance
thri: ah progressive re nement across encoder depths. Under optimal lighting (RGB3), the gap narrows to 2.99 pp,
.. licau. ~ that both paradigms achieve comparable performance when RGB quality is high. Amongst decoder methods,
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Table 9: Encoder- vs decoder-level fusion at VGA resolution. GF-Net refers to the SWIF-Gated (RGB+DIN+T+UV) con guratior: P! -5,
the architecturally matched decoder method (sigmoid gating only); Decoder (best) is CMAG from Table[3] Decoder (mean) 2’ eragr . the six
decoder-level methods. All methods use MiT-B0 backbones and SWIF-enhanced RGB+DIN primary streams on the same MM5 te “ sp'.t.

Method RGB1 RGB3 RGB5 Mean FPS GFLOPs
GF-Net (encoder) 8490 88.30 84.20 85.80 55 17.3
PL-SIG (decoder) 81.27 8531 80.29 82.29 34 84.n
Decoder (best) 8254 87.61 8238 84.18 31 9.7

Decoder (mean) 80.99 8591 8099 8263 31 34740 °.7

CMAG achieves the highest average mloU (84.18%), reducing the encoder advantage tn 1.6. op, though at an increased
computational cost.

The e ciency disparity is substantial: GF-Net achieves 55 FPS vs PL-SIG’s 3/ FP!. (62% higher throughput) while
requiring only 17.3 GFLOPs vs 84.0 GFLOPs (79% lower computational cost, 7nis 4.9 computational advantage
stems from encoder fusion’s single decoder pathway processing jointly re nad featu. .., as opposed to decoder fusion’s
independent per-modality encoder-decoder pipelines that operate until late inic_+ation. The parameter e ciency arises
from GF-Net’s shared decoder, which consumes fused encoder outputs. whereas + L-SIG maintains separate decoders
for each modality stream.

Robustness Under Perturbation. Ablation studies reveal contrz_urn. vuliicrability pro les between sigmoid gating
paradigms. RGB removal causes severe degradation across bot. arsroa hes, yet decoder fusion retains substantially
higher residual performance (PL-SIG: 24.71% mean residual. mi.""“ompared to encoder fusion (GF-Net: 14.05%
mean residual mloU), a 1.76 advantage, as shown in t' e dr.p columns of Figure I8 This resilience advantage
demonstrates that modality isolation in decoder fusion, * +:re t .ermal and UV maintain independent processing
pathways until the pre-logit stage, enables more gra«_"! acy.adation when the primary sensor fails. Conversely,
encoder fusion’s early integration creates representatic.nal dep. ndencies that cannot be bypassed when the base modality
is unavailable. Tables[I0]and [IT]quantify these di ere. 2es < stematically.

Table 10: Performance degradation (pp drop and relative  egradation) under complete modality removal. Values show mean mloU loss averaged
across three lighting conditions (RGB1/3/5). Decoder methou. ‘~monstrate substantially lower degradation than encoder fusion, particularly for RGB

drops where PL-SIG (57.91 pp) outperforms GF-Nef<. .. 7op) », 13.56 pp. The decoder mean represents the average across all six decoder-level
methods.
Method RG. DIN Thermal uv Mean
pp rel% pp rel% pp rel% pp rel% pp rel%
CMAG 56.61 ¢ 99 5113 6130 35.78 4278 29.37 34.81 4322 51.47
GCMA 61.09 744. 5100 6285 3569 4296 2099 2591 4219 5153
MWPA \7.22  81.01 5044 6102 2454 2971 1232 1481 38.63 46.64
PL-MMTM b¢75 7355 5251 65.69 1131 1411 4.72 5.87 31.82 3981
PL-R2AU 5545 66.48 47.26 57.13 19.06 2318 7.35 8.90 3227 3892
PL-SIG 5. 6983 4531 5518 21.34 26.00 26.17 31.88 37.68 45.72
Decuder Mea. 59.50 72.05 4961 60.53 24.62 29.79 1682 2036 37.64 45.68

GF-I =t /147 8344 48.04 5654 5408 6332 2566 3007 49.81 58.34

RGB remova' cau. s severe degradation across both approaches (Table[I0), yet decoder fusion retains substantially
more perfor.. nce th. 1 encoder fusion. Converting to residual performance, PL-SIG maintains 29.91% of its baseline
mloU under RC T urop (24.71 mloU from an 82.62 baseline), nearly 2 higher than GF-Net’s 16.43% retention
(14.05 f om un 85.5. haseline). This resilience advantage, 13.56 pp lower degradation for PL-SIG, demonstrates that
modaliy_/,olat on in decoder fusion enables more graceful degradation when the primary sensor fails. The decoder
ment (59.5u pp RGB degradation) outperforms encoder fusion by 11.97 pp (71.47 pp - 59.50 pp), con rming that this
~chiw tural advantage extends across all decoder variants.
Di { removal reveals comparable vulnerabilities across paradigms (decoder mean: 49.61 pp vs encoder: 48.04 pp), with
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Table 11: Performance comparison between decoder and encoder fusion under noise perturbations at intensity 2.5. Values show mloU.~~arau. >~
(pp) for each modality-noise combination averaged across lighting conditions. The pivoted structure reveals modality-speci ¢/ ulne’ wilities:
decoder fusion demonstrates superior RGB and thermal resilience, while encoder fusion’s data-level DIN integration provides ex 2pt unal | Jise
tolerance for depth features. GF-Net exhibits particularly severe thermal degradation (47.39 pp mean), exceeding decoder methc 's by * 8

Method Modality Basic Gaussian  Salt&Pepper  Speckle Mean

RGB 2251 31.91 32.17 19.37  26.49
CMAG DIN 3.43 6.60 8.54 5.24 5.95
(Decoder)  Thermal  11.09 10.45 14.87 14.12 12,6/
uv 16.10 19.04 1951 11.90 ~ 16.6
RGB 26.78 37,51 37.67 2026 .3u.%
PL-SIG DIN 2.08 3.90 4.68 3.05 3.43
(Decoder)  Thermal 9.85 9.48 12.82 12.43 114
uv 6.52 8.42 8.03 4.26 AL
RGB 38.57 50.33 47.93 oo 0 42.80
GF-Net DIN 0.77 1.81 2.22 1.8° 1.67
(Encoder)  Thermal  41.76 34.73 55.32 T4 47.39
uv 1.41 6.08 4.16 0.50 3.00

PL-SIG achieving the best decoder performance (45.31 pp). This miriinal 1.57 pp di erence re ects the fact that both
approaches rely on SWIF-enhanced RGB+DIN features established at . > encoder level; removing DIN degrades this
shared foundation equally, regardless of where thermal and UV ai'ilie .es are subsequently integrated. The comparable
impact con rms that depth-intensity-normals features are eque ly _ritic al to both paradigms, as geometric cues are
embedded early in the feature hierarchy before the fusion sta~= div =22 ace.

Thermal and UV drops expose the most striking archite tura di erences. For thermal removal, encoder fusion
su ers severe 54.08 pp degradation, more than double tti“.ecor 2r mean (24.62 pp) and 2.5 worse than PL-SIG
(21.34 pp). This 29.46 pp gap reveals that early therm .. *agrauon creates brittle dependencies that cascade through
the entire encoder when disrupted. Conversely, der« der me hods exhibit wide variation in auxiliary resilience: PL-
MMTM (11.31 pp) and PL-R2AU (19.06 pp) demonsu . *= ¢ perior thermal independence through channel gating and
recurrent attention, while CMAG (35.78 pp) and. GCMA (s 70 pp) show higher sensitivity due to explicit cross-modal
dependencies.

Noise robustness comparisons at intensity 2.5-(Ta. reveal the impact of fusion stage placement across four noise
types. The overall mean degradation (uny /eighte ! average across modalities) shows decoder-level PL-SIG achieving
12.98 pp, substantially outperforming enc. Yer-lev :I GF-Net (23.71 pp) by 10.73 pp. RGB-targeted corruption induces
the most severe degradation across a!” .. thous, with encoder-level GF-Net exhibiting the highest sensitivity (42.80 pp
mean) compared to decoder-level £ MAG (.49 pp) and PL-SIG (30.55 pp). Notably, CMAG demonstrates superior
RGB resilience through its cross-moJ 2! attention mechanism, which adaptively redistributes representational load
when primary features degrade, outperforming PL-SIG by 4.06 pp.

Thermal corruption under r . ze exposure exhibits catastrophic failure in encoder fusion: GF-Net su ers a mean
degradation of 47.39 pp, cuhstan. >’y exceeding decoder-level methods (CMAG: 12.63 pp, PL-SIG: 11.14 pp) by
factors of 3.8 and 4.3 _ respe. “ively. This vulnerability is particularly pronounced under salt-and-pepper (55.32 pp)
and speckle (57.7-pn) 1. ‘se, demonstrating that early fusion of thermal features creates brittle dependencies that
catastrophically fail.uri’~c sev e corruption. The extreme speckle degradation (57.74 pp) represents a near-total loss of
thermal informatin. indica.'ng that multiplicative noise fundamentally disrupts encoder-level feature interactions. The
consistent thermal au ~ntage of decoder fusion across all noise types con rms that late integration preserves modality
independence 0 a . qree, enabling a more graceful degradation when auxiliary sensors are compromised.
Conversely, ~ 'N ext bits exceptional noise resilience across both paradigms due to the shared SWIF mechanism,
though er~~der . tun achieves marginally superior tolerance (GF-Net: 1.67 pp mean degradation vs PL-SIG: 3.43 pp,
CMAG' 5.9" pp). Si. & both architectures identically fuse DIN with RGB at each encoder stage via SWIF, producing
the same = than’ ed RGB+DIN primary stream, this small di erence arises from downstream architectural choices rather
tha DIN prucessing itself. In encoder fusion, the SWIF-enhanced stream is immediately fused with thermal and UV at
< ch e 2ader stage, allowing auxiliary modalities to interact with the robust RGB+DIN representation throughout the
en oder aepth. In decoder fusion, the SWIF-enhanced stream propagates independently through the encoder before
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late fusion with auxiliaries, potentially accumulating slightly di erent noise characteristics. Similarly, UV.<Zipuc..
has minimal impact on GF-Net (3.00 pp mean), with speckle noise producing negligible degradation (0.2 5 pr), while
decoder methods exhibit higher UV sensitivity (PL-SIG: 6.81 pp, CMAG: 16.64 pp). CMAG’s attentic>-b. »d fi/sion
ampli es UV noise through explicit cross modal dependencies that propagate corruption across moa. 'ities at the
decoder stage.

Across all decoder methods, mean degradation ranges from 14.3 pp to 23.0 pp, with conserva:=a fu ion strategies
(PL-R2AU: 14.3pp, PL-MMTM: 15.6 pp) achieving superior tolerance through residual crm2octione and transfer
modules that maintain independent gradient pathways. Attention-based methods (CMAG: 7 1.0/,p, "MWPA: 23.0 pp)
trade noise resilience for baseline accuracy, as their explicit cross-modal interaction. creat.  roner dependencies
that amplify corruption e ects. Both paradigms degrade substantially under severe corr:ipu. . con rming that sensor
noise mitigation remains an open challenge regardless of fusion strategy. However, the '0.75, p decoder advantage
demonstrates that architectural choices signi cantly impact robustness margins.

Figure[I8] visualises class-speci c resilience patterns, revealing that decoder-leve!.P! -SIG 11aintains more consistent
per-class loU across perturbations compared to encoder-level GF-Net. The /nos* pranounced di erences emerge
under modality drops (leftmost perturbation columns), where GF-Net exhibits sy *_mat’ : class collapse (extensive red
regions) while PL-SIG preserves moderate discrimination (yellow-green regions). 1us visualisation con rms that late
integration’s modality independence translates to more uniform degradation a. 2ss semantic categories, avoiding the
catastrophic class-speci c failures characteristic of early fusion when »rimary modalities fail.

Architectural Trade-o s and Application Context. The comparative ar. /sis establishes three deployment scenarios:

(i) Controlled environments with geometrically aligned sens irs 2.d strict latency constraints favour encoder fusion
for peak accuracy (+3.23 pp vs PL-SIG) and e ciency (+. 2 4 thr sughput).

(if) High-accuracy scenarios tolerating modest comy utat’onal overhead bene t from CMAG’s hybrid fusion,
achieving competitive accuracy (within 2 pp) with ir. <.ent - iignment tolerance.

(iii) Robustness-critical applications with potenti'd sen. + failures or geometric drift require decoder-level fusion,
accepting 3 pp accuracy reduction for 2.0 in :aved < 2nsor failure resilience (Section[6.7) and intrinsic spatial
tolerance (Section[6.7.2).

The choice between paradigms depends on <, ~rational constraints: encoder fusion maximises performance under
assured alignment and sensor reliability, wh'~ decc </ fusion prioritises robustness for challenging conditions where
failures and misalignment are anticipated

(@) PL-SIG (dec - >r-level): = /aintains class discrimination under drops/shifts (b) GF-Net (encoder-level): Shows systematic class collapse under RGB impairment,
through modality 1sc *ion. particularly for drops.

Figure 1. Cl- ,s-wise rv ustness comparison under perturbations. Heatmaps show per-class loU (green=high, red=low) across baseline
and pertt. ~2'.on cc iditions (Drop, Shift, four noise types) under three RGB lighting conditions (1: underexposed, 3: optimal, 5: overexposed).
Deco er-leve ™' LIG preserves class-speci ¢ performance more consistently than encoder-level GF-Net, particularly under modality drops (leftmost
peri.. ation group) where early fusion creates cascading failures. The systematic di erence in drop columns demonstrates decoder fusion’s
« hitecw. ~! advantage in maintaining auxiliary pathway independence.
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6.11. Discussion

6.11.1. Accuracy-Robustness Trade-O

Architectural fusion strategies exhibit distinct performance-robustness pro les. CMAG achieves the Yig, =t 1ean
accuracy (84.18% mloU) but demonstrates elevated noise sensitivity (12.93 pp mean degradatio~). wi ‘le MWPA
exhibits the highest noise vulnerability (13.91 pp) despite mid-range baseline performance (82.89% 1.lou,. However,
PL-R2AU demonstrates that aggressive accuracy-robustness trade-o s are not inevitable, aci..zx1in. competitive
accuracy (83.14% mloU, only 1.04 pp below CMAG) while maintaining the lowest noise .cii. tivity (8.80pp) a
4.13 pp robustness advantage over CMAG. Similarly, PL-MMTM demonstrates balancec ch/.rac’ »ristics with the
lowest baseline accuracy (79.89% mloU) yet second-best noise robustness (9.67 pp), ‘ndic. “inehat conservative
fusion strategies can maintain robustness without substantial accuracy penalties. The dive ent pro les stem from
learnt fusion strategies: aggressive auxiliary exploitation (CMAG, MWPA) maximises a. criminative capacity under
ideal conditions but ampli es vulnerability when auxiliary channels degrade, wheic.. =2l stive modality utilisation
(PL-R2AU, PL-MMTM) maintains robustness through conservative fusion gains.

6.11.2. Modality Hierarchy and Architectural Invariance

Drop ablations establish a consistent modality importance hierarchy \. 5B > DIN > T24 > U8) across all six
architectures, with mean losses of 59.50 pp, 49.61 pp, 24.62 pp, and 16.82 pp, res, >ctively, averaged across all architec-
tures and lighting conditions. This invariance demonstrates that infor nation content dominates architectural e ects:
RGB-DIN provides geometric structure and appearance, while thermc.and UV contribute specialised discriminative
cues for challenging classes (Section[6.5). However, fusion strat-,72s suctantially in uence sensitivity magnitude:
PL-MMTM achieves a 31.82 pp mean drop loss through modal ty i“ola‘ion, while CMAG’s cross-modal integration
ampli es dependence (43.22 pp).
Thermal demonstrates greater importance than UV for fusic:i pe Jormance: when either auxiliary modality is removed,
networks retain 57.8% mean residual mloU without ther na’ con pared to 65.6% without UV (averaged across all
architectures and lighting conditions), a 7.8 percentage ~~int "7 ence that quanti es the relative contribution of each
auxiliary modality to segmentation performance.

6.11.3. Decoder-Level Spatial Robustness

Spatial shift ablations reveal intrinsic misa ~ tnment tolerance: 20 px o sets cause only 2.87 pp mean degradation vs
37.64 pp for complete modality removal a 13.1 diserence. This resilience stems from decoder fusion’s semantic-
level integration, where spatial correspor ience 2ssumptions are relaxed compared to encoder-level pixel alignment.
Thermal exhibits 1.63 greater shift sens ivity tt in UV, with vertical shifts proving most damaging.

6.11.4. Fusion Stage Selection and Jpera. ~nal Context

The encoder-decoder comparisor: Section[6.10) reveals that the placement of the fusion stage represents a primary
design decision. Encoder-level fusion ma~.mises inference throughput (55 vs. 31 34 FPS) and computational e ciency
(17.3 vs. 74.0 91.7 GFLO:; *\ through feature sharing, while decoder-level fusion prioritises robustness through
modality isolation (retains 20.17v. ~faseline vs. 16.56% for encoder fusion under RGB loss). However, encoder-level
fusion requires geometrically . “ianed inputs, imposing preprocessing overhead not re ected in the reported inference
metrics. Thermal ond U “images must undergo recti cation and lens distortion correction. Whilst these operations
execute in parallel for. ~th n._Halities, conservative estimates based on typical performance for VGA-resolution thermal
imagery suggest AL proxi. 2tely 5 ms preprocessing latency per frame. Although the network maintains a 55 FPS
inference capability, "he mandatory preprocessing creates a 5 ms system latency and incurs additional computational
costs (CPU-b seu ~cti cation) before frames enter the GPU-accelerated network. In contrast, decoder-level fusion
operates dir<-*ly on 1w, distorted sensor streams, processing frames immediately upon acquisition without the delay
associated.with . »=iGration preprocessing.
For cor.roll d envi. nments with mechanically stable sensor arrays and strict latency requirements, the accuracy
advante e of e! coder fusion (+1.34 pp mean across RGB1/3/5 vs. the best decoder method) may justify adoption
if thu 5 ms .. eprocessing latency and additional CPU overhead remain acceptable for the application. Conversely,
“ar ¢ *robotics or scenarios with mechanical vibration, sensor degradation, or calibration drift, the more graceful
de radatiun of decoder fusion and its intrinsic tolerance to misalignment outweighs the 1 to 2 percentage point accuracy
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reduction. Additionally, decoder fusion eliminates the registration preprocessing requirement entirelyv:“223bin..
zero-delay frame-to-prediction throughput, which is critical for reactive robotic control.

6.11.5. Limitations

Whilst CMAG demonstrates strong performance for unaligned multimodal fusion, several lir.>waiar ~ warrant
acknowledgement:
Computational overhead. CMAG carries a higher compute/parameter budget than the most e «2*ant ba..iine (91.7 vs.
74.0 GFLOPs for PL-MMTM;  24% increase) and a larger parameter count (22M vs. 19M). [ levr.theless, all methods
sustain real-time inference (31 34 FPS). The attention path (GCMA) contributes mos. of thi. - verh’ ad.
Training complexity and memory. Using separate decoder heads per modality increases . 2ining-time memory and
adds optimisation complexity. In particular, we employ per-head learning rates and mui.-heau supervision with loss
weighting and residual warm-up. These settings improve stability and graceful deg:=atio under missing inputs, but
they also enlarge the hyperparameter search space and can make exact reproductic~.more scnsitive to con guration.
Noise accuracy trade-o . CMAG tends to yield larger absolute mloU losses unc :r se.ers corruptions than conservative
fusion (e.g., PL-R2AU, PL-MMTM), while performing competitively at mild  ~"mod .rate intensities. This re ects
an explicit design choice; aggressive auxiliary utilisation maximises discr*ainative capacity in clean conditions but
increases vulnerability when auxiliaries degrade (see Table[7).
Alignment tolerance bounds. Modality-level pooling in GCMA pravides robustness to moderate misalignment;
however, performance degrades progressively with spatial shifts. Ir- ur misregistration study, 20-pixel shifts cause
modest degradation (2.61 pp average), while 40-pixel shifts induce n._~e substantial losses (5.68 pp average; see
Table [6). Performance under larger misalignments or non-tre islaf onal distortions (e.g., rotation, scale) remains
untested and warrants further investigation.
Domain scope. Results are reported on MM5 (indoor produc=-ith vC..rolled RGB lighting and auxiliary thermal/UV).
Generalisation to other domains  e.g., outdoor scenes, ai onc nos driving, or medical imaging with di erent sensor
suites  remains to be established.
Calibration and failure awareness. The present moc' .1 uc < not include explicit con dence calibration or lightweight
sensor-health cheques (e.g., dropout, drift detection): ‘ntegrat, 1g uncertainty quanti cation and simple failure detectors
would better support safety-critical or time-critical dep,. .ents.

6.11.6. Future Work

Several promising directions emerge fre*his si.y. The observed accuracy-robustness trade-0 motivates training
strategies aimed at shifting the optimisat’ n fror. ‘er, including corruption-aware objectives, adversarial perturbation
schemes targeted at auxiliary streams (the. nal/U"/), and multi-objective searches that balance clean accuracy against
robustness to noise, modality drop, a: u s, ~tial snift. Targeted augmentation especially spatial perturbations re ecting
realistic misalignment and modalit; speci ¢ 10ise processes may further enhance resilience while preserving clean-
data performance.
The modality-speci ¢ contrihitions observed suggest potential for class-adaptive fusion that selectively weights inputs
by semantic context at the prc-. 7t stage. Extending evaluation to other multimodal domains (e.g., autonomous driving,
medical imaging) would*~ = whe. _r the design principles identi ed here generalise beyond controlled inspection
settings.
Computational e “ciency »auld be improved through lightweight attention mechanisms or knowledge distillation,
addressing the 24% ov. *heau while maintaining accuracy for edge deployment. Incorporating di erentiable spatial
transformation net = arks wiiin the decoder could extend the alignment tolerance without sacri cing the bene ts of late
fusion.
Finally, integ ating ncertainty quanti cation for calibrated con dence and lightweight failure detection for sensor
malfunctions  >.a., au <iliary dropout or drift) would support safer deployment in time-critical applications, particularly
when opsi2ing 0. “tnaligned and optically uncorrected auxiliary streams.

7. €oncie i

Thiowvork presents a comprehensive investigation of decoder-level fusion strategies for multimodal semantic
se ,mentation using unaligned RGB+DIN, thermal, and UV imagery. We propose CMAG (Cross-Modal Attention

31



with Gated Residuals). This decoder-level fusion module combines global cross-modal attention with sigr ™' -gaw
residuals to enable alignment-tolerant fusion without explicit geometric calibration. Through systematic ¢ /ali itic) of
CMAG against ve adapted baseline methods across three lighting conditions, we establish perform<nce tase! nes,
quantify modality contributions via ablation studies, and assess robustness to sensor noise across 4,032 cu 2 gurations
(four corruption types, fourteen intensity levels). Crucially, thermal and UV modalities are fused in thi u &ist ~ted form
without lens correction, testing decoder-level fusion’s capacity to handle realistic sensor imperfect:=ns ai »ngside spatial
misalignment.

Our ndings reveal critical insights for decoder-level multimodal fusion design. Our propc sed_MAG achieves the
highest baseline accuracy (84.18% mloU average, 87.61% under optimal lighting) thiough i “irid < nannel-modality
attention gating at the decoder level, while maintaining moderate noise tolerance (12.93 p,. mear degradation across
all noise scenarios) and graceful lighting adaptation. GCMA (CMAG’s attention comj. xnenu valuated standalone)
achieves strong optimal-lighting performance (86.72%) via cross-modal attention:2ut ex, ibits increased sensitivity
to suboptimal illumination (RGB1: 80.49%, RGB5: 78.03%). The baseline ar~hitecturc, demonstrate alternative
trade-o s: PL-MMTM (adapted Multimodal Transfer Module) attains the best al iatir 1 rebustness (31.82 pp mean drop
loss, 1.07 pp shift loss) via squeeze-and-excitation fusion; PL-R2AU (adapted X curr’ at Residual Attention U-Net)
achieves the best noise resilience (8.80 pp mean loss, rising from 6.51 pp at #>:1d corruption to 16.74 pp at severe levels)
through recurrent attention mechanisms.

Ablation studies con rm 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 imp<**ance under challenging lighting conditions (up
to 63.99 pp loss when removed under underexposure). Thermal and LJV . adalities provide specialised discriminative
information essential for challenging classes (fake objects, parti‘ily r acayed fruit) despite modest overall importance
(24.62 pp and 16.82 pp drop impacts, respectively). Notably, decc 'e"-leve  fusion of unaligned modalities demonstrates
strong spatial robustness, with 20 px misalignment causing e=1;»2.1. .y average degradation compared to 37.64 pp for
complete modality removal indicating that moderate cali’ rati.n ¢ ift poses minimal risk to segmentation accuracy at
the decoder level.

Noise robustness evaluation reveals that RGB-targetec cur. mtion induces the most severe degradation (Gaussian RGB:
31.91% 37.51% impact across networks; salt-and-p‘~ ner RC 3: 29.31% 38.22%), while DIN demonstrates surprising
noise tolerance (3.90% 7.55% average impact) despi. “:<ing the second-most-important modality. Architectural
di erences in noise handling amplify under s2vzre corruptic. » at mild intensity (i=1:0), network losses span a modest
2.98 pp range (6.51 9.49 pp), expanding to 1C.. Y np at severe levels (i=5:0: 16.74 27.04pp) a 3.5 ampli cation.
Networks with higher baseline accuracy der . straw. reater noise sensitivity, while robust architectures sacri ce peak
accuracy, indicating that architectural de signs n. ‘st balance clean-data performance against perturbation resilience.
Comparison with encoder-level fusion (C 7-Net demonstrates that this trade-o extends across fusion paradigms:
encoder integration achieves higher/sascine accuracy and superior e ciency (55 FPS, 17.3 GFLOPs) through early
feature sharing, while decoder-lev<® designs (31 34 FPS, 74.0 91.7 GFLOPs) demonstrate stronger resilience under
sensor failure (e.g., CMAG retains o. 75% vs. 16.43% of baseline under RGB drop). However, encoder-level
fusion requires per-frame grometric alignment of auxiliary modalities, typically incurring approximately 5 ms CPU
preprocessing latency at VG; . solution. Decoder-level fusion eliminates this preprocessing requirement by operating
directly on raw, geometr’_.'v unc_rrected sensor streams, reducing system latency and simplifying deployment.
Avrchitecture selection fcllows . >turally from these trade-o s: encoder-level fusion (GF-Net) for controlled, high-
throughput scenarios witri ~liable sensors where preprocessing overhead is acceptable; decoder-level fusion (CMAG,
GCMA) when prio~itis,.  accdracy under modest perturbation; and robust decoder variants (PL-R2AU, PL-MMTM)
when robustness i ritical, .vith potential sensor degradation or misalignment. All decoder-level architectures achieve
real-time inference (<" 34 FPS), enabling practical robotic vision applications without requiring pre-aligned or
geometrically corre. =d sensor inputs.

This work es. hlishe ; comprehensive benchmarks for decoder-level multimodal fusion with unaligned, optically
uncorrec’-C‘apu. oroviding empirical guidance for architecture selection and highlighting fundamental trade-o s
in decc lereve’ fusiun design. We acknowledge that our ndings are validated exclusively on the MM5 dataset,
com ris. vincoor produce inspection under controlled lighting variations. Generalisation of our learnt weighting
pat. s to outdoor environments, medical imaging, or autonomous driving with di erent sensor combinations remains
w Ye ex, 'ared 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 Recti cation Module

FWIloU 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

mloU mean Intersection over Union

MLP Multi-Layer Perceptron

Code Availability

SGFNet
SIG
SSI A
SW F

The code used in this paper will 1e mau nublicly available at

https://github.com/martinbrennerr.. ‘'MM5-Dataset

upon publication of this work.

33

Multimodal Transfer Module

Mean Pixel Accuracy

Magnetic Resonance Imaging

Multi-sensor Urban/Unstructure~ Fusio: and Learning
Modality-wise Parallel Attention

Near-Infrared

Pixel Accuracy

Positron Emissior. Tomog, 0h:

Prototype-based Incrementc. ‘lassi .ation Network
Pre-Logit

Pre-Logit Channel d Spa. ' Dual Attention
Pre-Logit Multimode. Transfe: Module

Pre-Logit Reetirrent Re “dual Attention U-Net
Pre-Logit Sigmuie.*in:

Primary (=77 -DIN stream)

Pyramir Scens ~arsing Network

Quality wea' . Sele :ive Fusion Network

Rer rrer. © esidur Attention U-Net

Raci ed L Jnit

Rec Sreen, Blue

RGB-L th

RGB-Ther.nal

Synthetic Aperture Radar

Squeeze-and-Excitation

Semantic Guidance Fusion Network

< ,moid-Gated (residuals)

Self-Supervised Model Adaptation

Stage-Wise Intensity Fusion

Thermal

T1-weighted (MRI)

T1-weighted contrast-enhanced (MRI)
T2-weighted (MRI)

Thermal 24-bit (MM5 Dataset)

Two-stage Cross-modal Prototype Sharing Network
Thermal (auxiliary stream)

Ultraviolet 8-bit (MM5 Dataset)

Uncertainty-aware Cross-modal Transformer Network
Uncertainty-aware Dynamic Fusion Network
Ultraviolet

Very High Resolution


https://github.com/martinbrennernz/MM5-Dataset

Appendix A. Implementation Details

Appendix A.1. Normalisation details
De nitions.. Given pyramid features P 2 RB € H W | ayerNorm (LN) normalises per instance over ali ~hai..cis and
spatial positions,

P 1 X
LN(P) = 'q:LN + LN = =7 Pp.chw:
2 4 CHW
LN chw
GroupNorm (GN) partitions channels into G groups and normalises within each group:
P on © 1 X
GN(P) = q — + 1 GN = _ Pb;l. W
(23N + (C_G)HW €2Gg;hw

Complexity remarks.. Both LN and GN have O(BCHW) work per instance; GN ex>2ses moie parallelism by reducing
over groups of size C=G. For C=512, H=480, W=640, LN reduces over 157:3 10" eloments, while GN-16 reduces
over 9:83 10° elements per group in parallel. Empirically, after training with *.N, * olac’1g LN by GN-16 at evaluation
yields small relative deviations, KLN(P) GNig(P)ko=kPk, 10 2, while i=>aroving throughput (Section 5).

Appendix B. Detailed Network Results
Appendix B.1. Class level results at 220 epochs

Table B.12: Detailed class-level network comparison across lighting conditions a. 1 fi“.ion ¢ chitectures. Shows per-class loU, overall metrics (mloU,
FloU, MPA, PA), and mean rank scores. Best value per RGB con guration higi. ~htec"in bold. RGB1: underexposed; RGB3: optimal; RGB5:
overexposed lighting. "Bad" classes are partially rotten; “Fake" classes ar: iepy as.
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Q Q Q [0 Q Q Q Q Q Q Q Q Q Q Q Q Q

Class @ @ @ x 14 14 "4 o 24 "4 "4 "4 @ 4 ['4 14 14 14
Apple 91.37 96.72 69.22 90.58 96.26 e ‘ 92.81 96.09 .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 . 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 84.31 206 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 TR 6u. 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 91.10 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 99.8€ 99.81 9.79 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 ‘ 1.87 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 84.89 230 36.57 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 2 le. 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 94.6u 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 93.47 94.06 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 84.6u 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 . 28 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.. 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 9099 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. | 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 90.04 7474 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 9424 v, 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 oo, 66.6> 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 ~8.89 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.& 70.72 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 79,96 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 2 19 be 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.C 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 92.38 198 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 62.8 82.20 be 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 81.90 274 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 LTS 9. 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 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 69.63 701 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 | “13 319 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 5.6 105 \ 135 5.9 9.9 \ 109 6.2 10.9 \ 12.6 8.5 13.1
Overalln HU & 54 8/.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 Fy ! ¢ 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
Over 1 MP~. 29.21 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
Ov ==l 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

~PS 31 31 31 31 31 31 34 34 34 32 32 32 34 34 34 34 34 34
I "ameters 22M 22M 22M 22M 22M 22M 19M 19M 19M 19M 19M 19M 19M 19M 19M 19M 19M 19M
C LOPs 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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Appendix B.2. Network drop ablation results

Table B.13: Drop ablation results (detailed): residual mloU (%) after removing each modality, split by lighting condition (RGL /3,

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-*"MT, 1
RGB RGB1 34,51 30.09 11.81 37.19 31.09 =75
RGB3 17.49 11.73 11.81 11.91 19.41 71.8(
RGB5 30.70 20.15 23.38 25.04 32.60 21.8,
DIN RGB1 18.54 24.01 27.63 27.89 33.4C 22.05
RGB3 57.86 45.37 42.10 56.16 52.26 32.17
RGB5 22.73 22.86 27.63 27.89 Z..00 27.91
T24 RGB1 36.30 47.97 62.48 55.85 40 J7 63.23
RGB3 61.99 3151 65.74 72.15 77.61 74.60
RGB5  46.89 58.68 46.83 55.85 2 67.92
usg 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 5. 78 32.27 31.82
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Appendix B.3. Decoder-Level Robustness Comparison

Figure [B.I9| presents comprehensive class-wise robustness heatmaps for all six decoder-level fusion ¢ ‘ch™.ect res
evaluated in this work. Each heatmap visualises per-class loU (green=high, red=low) across baseline ai’ 1 p. *urb ion
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 (Ci.'AcC . GCMA),
lightweight gating versus parallel attention (PL-SIG vs MWPA), and conservative fusion stra..ies ‘PL-R2AU vs
PL-MMTM). Conservative methods (bottom row) exhibit more uniform performance acre . p2rturuations, while
attention-based approaches (top row) achieve higher baseline performance with increased \ 1lne abi’ity under severe
drops. All decoder methods demonstrate superior modality isolation compared to encoaer-'eve. " isior (Figure[I8]in the
main text), with drop columns showing substantially less systematic class collapse.

(a) CMAG (b) GCMA
(¢) PL-SIG (d) MWPA
(e) PL-R2AU (f) PL-MMTM

Figure B.19: Class-wise robustness heatmaps for decoder-level fusion architectures under perturbations at intensity 2.5.
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