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Abstract

Video Salient Object Detection (VSOD) is a fundamental task in video analysis,

focusing on identifying and segmenting the most visually prominent objects in dynamic

scenes. In this thesis, we propose three novel deep learning-based approaches to enhance

VSOD performance in complex environments.

Firstly, we introduce an Inheritance Enhancement Network (IENet), a Transformer-

based framework designed to improve the integration of long-term spatial-temporal

dependencies. We propose a unidirectional cross-frame enhancement mechanism,

ensuring consistent and orderly information propagation across frames while minimizing

interference. Extensive experiments demonstrate that IENet significantly improves

detection accuracy in complex video scenes.

Secondly, we present a Knowledge-sharing Hierarchical Memory Fusion Network

(KHMF-Net) to address the challenges of scribble-supervised VSOD, where annotations

are sparse and ambiguous. Our approach utilizes a memory bank-based hierarchical

encoder-decoder architecture to reduce error accumulation and mitigate background

distractions. Additionally, we introduce a dual-attention knowledge-sharing strategy,

enabling the model to refine predictions by leveraging learned information across

frames. This approach effectively enhances feature consistency and improves the

separation of foreground and background objects.

Thirdly, we propose the Multimodal Energy Prompting Network (MEPNet), which

leverages optical flow and depth as implicit prompts to fine-tune a Segment Anything

Model (SAM) for improved VSOD performance. We first introduce a Spectrogram

Energy Generator (SEG), which extracts energy-driven prompts that enhance the

spatial-temporal representation of salient objects. Furthermore, the Modality-Energy

Adapter (MEA) effectively integrates these prompts into SAM, improving the model’s

ability to capture motion and structural cues. Extensive evaluations show that

MEPNet effectively incorporates multimodal information, resulting in more robust

and precise VSOD outcomes.

In summary, we propose three innovative approaches to improve VSOD in complex

scenes. Each method undergoes extensive evaluation on benchmark datasets, achieving

superior performance compared to existing state-of-the-art models. Our contributions

provide new insights into advancing video-based salient object detection, paving the
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way for more robust and efficient VSOD frameworks.
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Chapter 1

Introduction

This chapter provides an overview of the thesis. Section 1.1 introduces the

background of video salient object detection and reviews related work. Section 1.2

explores the limitations of existing approaches, which motivate our research. The

research objectives are then presented in Section 1.3, followed by the organization

and structure of the thesis in Section 1.4.

1.1 Overview of video salient object detection

Video Salient Object Detection (VSOD) aims to identify the most visually prominent

objects in a video sequence by generating a saliency map for each frame, where pixel

intensity represents the likelihood of belonging to a salient object [1, 2]. Inspired by

the Human Visual System (HVS) [3, 4], VSOD simulates human attention mecha-

nisms, enabling the efficient extraction of critical visual information while filtering

out background distractions. Compared to static image-based SOD, VSOD must

handle both the spatial features within each frame and the temporal dynamics across

consecutive frames, making it a significantly more complex task. Given its ability

to highlight meaningful objects in videos, VSOD has been widely applied in video

retrieval [5], video segmentation [6], video summarization [7], autonomous driving [8]

and video surveillance [9].

Video Salient Object Detection (VSOD) can be categorized based on supervision levels

and input modalities. Fully supervised VSOD relies on dense, pixel-wise annotations

to train deep learning models, achieving high accuracy but requiring extensive labeling
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efforts. Weakly supervised VSOD leverages sparse annotations, such as scribbles or

points-level labels, to reduce annotation costs while maintaining reasonable perfor-

mance. Self-supervised VSOD employs contrastive learning or pretext tasks to learn

robust spatial-temporal representations without explicit human annotations, while

unsupervised VSOD eliminates reliance on labeled data by using intrinsic cues such

as motion contrast and object uniqueness. From the perspective of input modali-

ties, VSOD can be broadly divided into single-modality methods and multi-modality

methods. Single-modality VSOD relies solely on RGB frames to extract spatial and

temporal saliency cues. In contrast, multi-modality VSOD incorporates complemen-

tary information from additional sources, such as depth(RGB-D), and optical flow,

to enhance robustness in complex environments. RGB-D VSOD utilizes depth infor-

mation to improve structural understanding, and optical flow-based VSOD exploits

motion dynamics to better differentiate salient objects from background motion.

Compared to static image-based SOD, Video Salient Object Detection (VSOD) faces

unique challenges due to the dynamic nature of video scenes, which require captur-

ing both motion and contextual features. Additionally, the demand for pixel-level

annotations in video datasets makes the labeling process labor-intensive and time-

consuming [10, 11]. Early VSOD methods relied on hand-crafted saliency features

and spatiotemporal fusion techniques [12–14]. However, the complexity of video

sequences and diverse movement patterns limited these methods’ performance and

their ability to capture long-term temporal information. With the rise of deep learning,

2D convolutional networks were adopted to extract spatial and temporal features from

videos [15–17]. To enhance temporal modeling, Long Short-Term Memory (LSTM)

networks were introduced to capture long-range dependencies [18]. Recent advance-

ments have proposed multi-frame multi-scale encoder-decoder architectures that refine

VSOD predictions using adversarial learning, edge extraction, and dense residual

blocks [19–21]. In contrast to single-stream models, bi-stream-based approaches incor-

porate optical flow to capture explicit temporal information, enabling more effective

spatiotemporal fusion [22–24]. Despite these advances, achieving effective spatial and

temporal interactions in the decoding stage remains a key challenge.

While these methods have shown success in VSOD, they heavily rely on large, densely

annotated training datasets, which are expensive and time-consuming to create. Tra-

ditional unsupervised VSOD methods [25–27] primarily rely on handcrafted features,

limiting their effectiveness in real-world applications. Although semi-supervised ap-
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proaches [28, 29] utilize a small amount of manually labeled data along with pseudo

labels generated from existing saliency models, obtaining high-quality labeled data is

still crucial for generating reliable pseudo labels. In contrast to methods that depend

entirely or partially on fully annotated datasets, weakly supervised methods [30, 31]

enable end-to-end training without requiring dense annotations, significantly reducing

labeling costs.

Overall, the evolution of VSOD methodologies reflects a continuous pursuit of robust

spatiotemporal feature representations and effective spatial-temporal interaction mod-

eling, with hybrid architectures playing a crucial role in advancing the field. Our

exploration primarily focuses on three key VSOD paradigms: fully supervised, weakly

supervised, and multimodal VSOD, each addressing different challenges in balancing

annotation efficiency, feature fusion, and detection robustness.

1.2 Motivations of this research

Despite significant progress in video salient object detection, several challenges persist

in the field.

• Insufficient synergy between spatial and temporal information.

Recent VSOD approaches employ memory-based [21, 32] and Transformer-

based [33, 34] architectures for spatial-temporal modeling. However, memory-

based methods often treat historical frames as unordered features, ignoring

structured spatial-temporal relationships. Meanwhile, Transformers, despite

capturing long-range dependencies, lack explicit inductive biases for spatial-

temporal interaction, making it difficult to fully exploit motion cues. These

limitations hinder the effective integration of spatial and temporal information,

reducing VSOD robustness in dynamic scenes.

• Limitations of Scribble Annotations in Weakly-Supervised VSOD.

Scribble-based VSOD provides a cost-effective alternative to pixel-wise anno-

tations, yet it lacks complete object structures and boundary details due to

the sparsity of scribble labels. Existing methods [35, 36] mitigate this limita-

tion by leveraging adjacent-frame interactions to facilitate short-term feature

sharing. However, these approaches struggle to capture long-term contextual
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dependencies, making them ineffective in handling complex motion patterns.

Furthermore, error accumulation from inaccurate pseudo-labels can progressively

distort segmentation quality, leading to cascading segmentation failures over

time.

• Limitations of Multimodal Feature Fusion in VSOD. Recent VSOD

methods have explored optical flow and depth as complementary modalities to

enhance feature extraction. However, existing approaches [37, 38] often treat

these modalities as mere extensions of the RGB stream, failing to fully exploit

their distinct semantic and structural contributions. Suboptimal fusion strategies

lead to noisy feature integration, limiting the ability to capture meaningful motion

cues and depth-aware spatial relationships. To overcome these limitations, a

more robust multimodal feature integration mechanism is needed to effectively

harness the complementary nature of these modalities and improve segmentation

accuracy.

1.3 Research Objectives

The objectives of this thesis are delineated as follows:

• Objective 1 is to improve the integration of spatial and temporal dependencies in

VSOD by fully exploiting long-term context and frame-aware temporal modeling

through unidirectional cross-frame enhancement. The primary goal is to ensure

consistent and orderly information propagation across frames while minimizing

interference.

• Objective 2 is to enhance the reliability of scribble-supervised VSOD by

addressing the limitations of sparse and incomplete annotations. The primary

goal is to mitigate error accumulation and improve segmentation consistency

by leveraging long-term contextual dependencies and optimizing memory-based

feature propagation.

• Objective 3 is to enhance multimodal feature integration in VSOD by leveraging

optical flow and depth as implicit prompts to fine-tune the pre-trained SAM.

The primary goal is to fully exploit their complementary dynamic and structural

information while mitigating noise interference through a spectrogram energy-

driven prompting strategy.
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1.4 Contributions

Throughout this thesis, we focus on three key sub-tasks of Video Salient Object Detec-

tion (VSOD): enhancing spatial-temporal integration in fully-supervised VSOD (Chap-

ter 1), improving segmentation consistency in scribble-supervised VSOD (Chapter 2),

and leveraging multimodal information to improve VSOD performance (Chapter 3).

The contributions in each of these chapters are summarized as follows:

(i) Inheritance Enhancement Network for Video Salient Object Detection

• We propose to exploit frame-aware temporal relations of salient features for

V-SOD by making full use of historical multi-frame attention maps. To achieve

this, we introduce a novel Heritable Multi-Frame Attention (HMA) module.

The HMA module effectively leverages long-term contextual dependencies by

employing stacked transformer layers, homologous attention mechanisms, and a

unidirectional cross-frame correlation enhancement approach.

• We propose an auxiliary attention loss leveraging inherited attention maps to

guide the network towards focusing more on target regions, thereby improving

the model’s accuracy.

• We propose a Transformer-based Inheritance Enhancement Network (IENet) for

V-SOD. IENet takes full advantage of the cumulative advantages of multiple

HMAs on different levels of feature maps to significantly enhance video detection

performance using the proposed attention loss.

(ii) Knowledge-sharing Hierarchical Memory Fusion Network for Scribble-

supervised Video Salient Object Detection

• We propose a Knowledge-sharing Hierarchical Memory Fusion Network (KHMF-

Net) for weakly-supervised video salient object detection (V-SOD) by addressing

error accumulation and background distractions.

• We design an Hierarchical Memory Bank (HMB) to archive historical segmen-

tation at multiple confidence levels, effectively capturing spatial and temporal

contexts for efficient salient object expansion.

• We integrate an Adaptive Memory Fusion (AMF) module that first consolidates

multi-level memory features, followed by the Interactive Equalized Matching
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(IEM) module, which enhances query performance and distinguishes between

background and target objects.

• We devise a dual-attention knowledge-sharing strategy based on a dual-attention

mechanism to optimize IEM by effectively utilizing sparse annotations.

(iii) Multimodal Energy Prompting for Video Salient Object Detection

• We propose a Multimodal Energy Prompting Network (MEPNet), which lever-

ages implicit prompts derived from optical flow and depth within a pre-trained

SAM framework. By utilizing SAM’s segmentation capability, our method ef-

fectively integrates dynamic and structural cues, improving the extraction and

generalization of task-specific VSOD features.

• We present the Spectrogram Energy Generator (SEG), which draws inspiration

from the concept of energy in speech processing. SEG applies the Short-Time

Fourier Transform (STFT) to compute spectrogram energy, thereby effectively

minimizing noise interference and outperforming the direct use of optical flow

and depth as prompts in VSOD tasks.

• We propose a Circular High-frequency Filter (CHF) that refines high-frequency

details in RGB images. Unlike previous handcrafted filters, CHF adaptively

adjusts its radius using learnable parameters, enabling automatic and precise

filtering.

• Our method achieves state-of-the-art performance on five VSOD benchmark

datasets, delivering the most precise overall detection results, particularly ex-

celling in high integrity, accurate localization, and precise boundary delineation.

1.5 Organization of this thesis

Literature reviews of the deep learning-based Video Salient Object Detection methods

are presented in each chapter corresponding to the proposed three novel deep learning

approaches.

The rest of this thesis is organized as follows:

Chapter 2 presents the proposed inheritance enhancement network based on Trans-

former, which is based on our work published in the Multimedia Tools and Applications
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2024, titled “IENet: inheritance enhancement network for video salient object detec-

tion” [39].

Chapter 3 presents the proposed memory bank-based encoder-decoder hierarchical

architecture, to mitigate background distractions and reduce error accumulation, based

on our work submitted in the Pattern Recognition Letters 2025, titled “Knowledge-

sharing Hierarchical Memory Fusion Network for Scribble-supervised Video Salient

Object Detection”.

Chapter 4 presents the proposed data augmentation method, which is based on our

work submitted in the Multimedia Tools and Applications 2025, titled “Multimodal

Energy Prompting for Video Salient Object Detection”.

Chapter 5 concludes this thesis and discusses future work and directions.

Note that references related to each chapter are listed at the end of each

chapter, and the Statements of Contributions are inserted at the beginning

of each relevant chapter.
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Chapter 2

IENet: Inheritance Enhancement

Network for Video Salient Object

Detection

Effective utilization of spatiotemporal information is essential for improving the

accuracy and robustness of Video Salient Object Detection (VSOD). However, current

methods have not fully utilized historical frame information, ultimately resulting in

insufficient integration of complementary semantic information. To address this issue,

we propose a novel Inheritance Enhancement Network (IENet) based on Transformer.

The core of IENet is a Heritable Multi-Frame Attention (HMA) module, which fully

exploits long-term context and frame-aware temporal modeling in feature extraction

through unidirectional cross-frame enhancement. In contrast to existing methods, our

heritable strategy is based on the unidirectional inheritance model using attention maps

which ensure the information propagation for each frame is consistent and orderly,

avoiding additional interference. Furthermore, we propose an auxiliary attention

loss by using inherited attention maps to direct the network to focus more on target

regions.The experimental results of our IENet reveal its effectiveness in handling

challenging scenes on five popular benchmark datasets. For instance, in the cases of

VOS and DAVSOD, our method achieves 0.042% and 0.070% for MAE compared to

other competitive models. Particularly, IENet excels in inheriting finer details from

historical frames even in complex environments. Note that the content pre- sented in

this chapter has been published in the Multimedia Tools and Applications.
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2.1 Introduction

Video salient object detection (VSOD) is a crucial task in video processing that mimics

the human visual attention system by identifying the most captivating objects in

dynamic videos. This task has broad applications in a wide range of computer vision

tasks, such as object segmentation [1, 2], medical analysis [3], and visual tracking [4].

In contrast to static image SOD, VSOD has more challenges because it has to analyze

vast amounts of video data and model the dependency between multiple frames.

During the early stages of VSOD research, most methods focused on extracting spatial

and temporal features using Fully Convolutional Networks (FCNs) [5] or LSTM-based

models [6, 7]. These approaches, while effective, processed temporal data frame by

frame, impeding their ability to adequately grasp extended dependencies spanning

spatial positions across multiple frames. In response to this challenge, researchers

turned their attention to Space-Time Memory-based techniques [8–11], which utilize

all historical frames as the reference, and improved segmentation performance by

capturing the long-range dependencies information. Nonetheless, these methods

discard spatial and temporal contexts when constructing memory. Instead, they treat

it as a collection of features from disordered pixels across all reference frames. Yan

et al. [12] on the other hand, utilized frame grouping for identifying space and time

contexts through a non-locally enhanced strategy. However, this method overlooked

the diverse strengths of temporal relationships among frames. Lu et al. [13] employed a

bidirectional dynamic fusion strategy to interact with spatial and temporal information

between two consecutive frames. However, this method only concentrates on adjacent

frames and omits information from more distant historical frames, leading to insufficient

comprehension of long-term memory information.

Recently, VSOD has been promoted by Transformer [16]. Transformer was originally

introduced to address the challenge of modeling relationships between word sequences

in machine translation, especially long-range dependencies. The computer vision

extension model headed by ViT (Vision Transformer) [17] demonstrates the potential

of the Transformer in solving vision-related problems. ViT is capable of establishing

long-term context dependencies among all input sequence elements and reducing

restrictive inductive biases. By employing the multi-head attention mechanism, ViT

enables adaptive attention and contextual understanding, facilitating the capture of

significant image features and relationships from various positions. While attention-
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Figure 2.1: Comparison of VSOD models. The man’s right arm is clear in the frame (It−3)
but becomes unrecognizable due to torso occlusion in subsequent frames. Consequently,
methods such as MQP [14], PSNet [15], and DCFNet [13] fail to accurately detect the
right arm frame in It. In contrast, our model can learn the right arm features from
historical frames. This is helpful for understanding and tracking the arm in subsequent
frames.

based aggregation [18, 19] and Transformer-based reference [16, 20] have been employed

in several methods, yielding promising improvements. However, these approaches have

not adequately accounted for robust temporal dependencies between frames in lengthy

videos.

To effectively leverage the intrinsic temporal and spatial relationships among frames,

we propose a novel Transformer-based Inheritance Enhancement Network (IENet) for

VSOD. Specifically, we propose a Heritable Multi-Frame Attention (HMA) module.

Our HMA uses stacked transformer layers with homologous attention [21] and employs

a unidirectional cross-frame correlation enhancement approach to effectively exploit
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Figure 2.2: Fusion Strategies: (a) Unidirectional fusion using ConvLSTM; (b) Bidi-
rectional fusion based on Dynamic context-sensitive filtering module (DCFM)[13]; (c)
Bidirectional fusion based on attention maps; (d) Fusion using the proposed HMA,
integrating unidirectional inheritance of attention maps from historical frames.

long-term contextual dependencies during feature representation extraction. IENet

holistically explores temporal relationships among frames object inference via integra-

tion of HMA modules and achieves salient object inferencing through an end-to-end

refinement network with residual connections.

In contrast to the LSTM structure shown in Figure 2.2 (a) and the dynamic context-

sensitive filtering module(DCFM) which utilizes bidirectional dynamic fusion strategy

depicted in Figure 2.2 (b) used in DCFNet [13], our HMA employs unidirectional

propagation based on attention maps, ensuring a continuous and effective impact of

historical frames on subsequent frames. Due to the temporal nature of video data,

there is a common misconception that bidirectional shared attention maps offer natural

advantages by transferring information between adjacent (previous and subsequent)

frames. However, this intuition is contradicted by the fact that the future frame may

impose negative effects on the current frame. For instance, as shown in Figure ??, in

frame I t, the movement of the person’s body obscures a substantial portion of his right

arm. This makes it challenging to detect it with just one frame accurately. The fusion
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method uses bidirectional shared attention maps (in Figure 2.2 (c)), propagating the

attention map of the future frame, in which there is no information about the missing

arm, to the current frame, thereby suppressing the recognition accuracy of the current

frame. Therefore, the uncertainty of the future frame may adversely impact on the

current frame. On the contrary, our proposed model, IENet, using the HMA fusion

strategy, can learn sustainable features from historical frames and continuously provide

more attention to the right arm features in subsequent frames through unidirectional

inheritance, thereby making corrections timely. This characteristic allows the model

to capture long-term contextual dependencies more comprehensively.

We further propose a novel auxiliary attention loss function to expedite model conver-

gence and enhance robustness by using inherited attention maps to direct the network

to focus more on target regions. This loss can enhance inherited attention outcomes,

ensuring the model concentrates on crucial object regions.

Overall, our Transformer-based IENet exhibits superior performance to existing state-

of-the-art solutions, as demonstrated through extensive evaluations of five widely-used

benchmarks.

Concretely, the contributions of this work are three-fold:

• We propose to exploit frame-aware temporal relations of salient features for

VSOD by making full use of historical multi-frame attention maps. To achieve

this, we introduce a novel Heritable Multi-Frame Attention (HMA) module.

The HMA module effectively leverages long-term contextual dependencies by

employing stacked transformer layers, homologous attention mechanisms, and a

unidirectional cross-frame correlation enhancement approach.

• We propose an auxiliary attention loss leveraging inherited attention maps to

guide the network towards focusing more on target regions, thereby improving

the model’s accuracy.

• We propose a Transformer-based Inheritance Enhancement Network (IENet)

for VSOD. IENet takes full advantage of the cumulative advantages of multiple

HMAs on different levels of feature maps to significantly enhance video detection

performance using the proposed attention loss.

• Extensive experiments on five popular benchmark datasets (i.e., DAVIS2016,
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YouTube-VOS, ViSal, SegTrack-V2, and DAVSOD) demonstrate the superiority

of IENet which outperforms other state-of-the-art methods for the VSOD task.

Particularly, IENet excels at capturing fine details from historical frames even

in complex environments.

The rest of this chapter is structured as shown below: Section 2.2 briefly reviews

related VSOD approaches in this chapter. Section 2.3 explains the details of IENet.

Section 2.4 demonstrates and discusses the proposed method through quantitative

and qualitative experiments. Section 2.5 outlines the contributions of this chapter.

2.2 Related work

2.2.1 Video Salient Object Detection

Significant progress has been made in salient object detection thanks to recent advances

in deep convolutional networks [22]. Due to the complexity of temporal feature

extraction, video salient object detection (VSOD) faces more challenges than salient

object detection in static images [23–25]. Early studies primarily focus on developing

hand-crafted saliency feature extractors and spatiotemporal fusion methods [26–28].

In contrast, Fully Convolutional Networks (FCNs) have been recognized and adopted

for implementing an end-to-end trainable architecture [5, 29].

To capture long-range temporal dependencies, Song et al. [7] utilized Long Short-Term

Memory (LSTM) in VSOD. Li et al. [6] introduced a flow-guided recurrent encoder that

utilizes an optical flow network to work with a feature extractor with ConvLSTM for

feature refinement, improving temporal coherence. Fan et al. [30] explored capturing a

saliency-shift-aware module and a ConvLSTM-based method that learns the attention

shift of humans. To facilitate effective video salient object recognition, Gu et al. [18]

utilized a pyramid-constrained self-attention module and non-local technique. Ren

et al. [31] constructed a semi-curriculum learning strategy and fused spatial and

temporal information to eliminate learning ambiguities. Zhang et al. [13] proposed a

dynamic VSOD network that adapts context-aware convolution kernels for a weakly-

supervised method based on scribble annotations. However, the convolutional layers

in ConvLSTM modules limit their ability to capture and propagate long-term context

dependencies due to the inherent locality of the convolutional filters. In addition, the

separate memory mechanisms [32] between the layers of the ConvLSTM modules can
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result in a lack of effective capture and propagation of intrinsic temporal and spatial

information between frames.

To address this, Oh et al. [8] proposed an approach that utilizes space-time memory

to build a memory bank that shares feature memory from all historical frames with

the current frame. While this method incorporates non-local mechanisms to include

memory frames, simply concatenating historical frames may not be sufficient to capture

the complex interactions between different time nodes. Hong et al. [9] utilized dual

cross-attention to create a shared feature memory of all historical frames that are

equally important to the current frame. However, the influence of closer historical

frames on the current frame should be more significant than others, which aligns

more with the temporal nature of videos. Lin et al. [33] introduced a Query-Memory

Aggregation module to refine the initial segmentation result by aggregating information

from multiple queries and memories, focusing on different frame histories. Xie et

al. [34] developed a hierarchical memory module that stores information at multiple

spatial and temporal scales. This enables the model to capture short-term and long-

term dependencies between frames. However, space-time memory has limitations in

accurately segmenting objects in complex scenes or videos with long-term variations.

For example, when an object is occluded or disappears from the scene, it is challenging

to segment accurately using only past frames.

2.2.2 Vision Transformer

Transformer [35] has been first proposed as a solution to the sequence-to-sequence

problem, e.g., machine translation. More recently, researchers have sought to apply

this architecture to vision tasks. The first work in this area is ViT [17], which applies

the Transformer to image classification and demonstrates the potential of this approach

for vision tasks.

Following this success, several variants of the vision transformer have been proposed,

e.g., SwinTransformer [36], PvT [37], T2T-ViT [38]. In addition, the Transformer

has been adapted for use in dense pixel prediction tasks, such as video salient object

detection. Mei et al. [39] extended the DETR approach from a 2D attention transformer

to a 3D attention mechanism that exploits both spatial and temporal relationships,

albeit with extensive computations. Su et al. [40] provided a unified architecture for

group-based segmentation transformers to recognize video saliency objects. However,
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the approach only utilizes an Intra-MLP module with a single frame for inference and

lacks inter-frame linking. Huang et al. [20] utilized a pure vision Transformer to extract

multi-resolution token feature representations. Duke et al. [16] adopted a multi-frame

group history to generate attentional maps but neglected the temporal relationships

between history frames. Huang et al. [41] employed Self-attention mechanisms to

provide channel-wise spatiotemporal representations, allowing learning of feature

relations over global contexts. The above methods incorporate Transformer structures

that primarily focus on capturing temporal relationships between frames. However,

they do not fully exploit the effect of history multi-frames on the current one in

long-term context temporal modeling.

Existing methods such as ConvLSTM-based [30, 32], dynamic filtering-based [13],

and attention-based approaches [16, 20, 41], have been employed to handle complex

scenarios. However, they struggle to adequately capture intuitive long-term temporal

modeling. Specifically, they lack consideration for the expected gradual reduction in the

impact of historical frames on the current frame over time. To address this limitation,

we propose to consider intrinsic connections between frames to infer and build frame-

aware temporal relationships. In particular, a Heritable Multi-Frame Attention

(HMA) module is designed to take into account the effect of history multi-frames

on the current one to enhance temporal relationships and improve the exploitation

of video source characteristics. Notably, unidirectional attention map propagation

in HMA ensures that noises from future frames are not introduced to the current

frame due to bidirectional interaction. Furthermore, the HMA adopts homologous

attention [21], enabling feature representation extraction using long-term contextual

temporal modeling enhanced across frames and improving the model’s robustness.

Then, we construct a network (IENet) utilizing multiple HMAs at different levels of

feature maps. IENet effectively leverages HMA cumulative benefits, resulting in a

discernible enhancement in video detection performance.

2.3 Method

2.3.1 Overview

The whole framework is presented in Figure 2.3, which employs an encoder-decoder

architecture. First, a spatial feature extractor extracts spatial saliency features from
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Figure 2.3: Architecture overview of our method. The group-based input frames are
initially processed through the Feature Extractor, yielding multiscale feature maps B
via the pyramid-dilated convolution. Then the Heritable Multi-Frame Attention (HMA)
module (refer to Figure 2.4 for more details) captures long-term context relationships
in the model. Finally, the Decoder Block employs the residual connected refinement
module to produce the final saliency maps. Symbol ’+’ denotes the addition operation.
Details of HMA are illustrated in Figure 2.4.

the original input images. Then, the features are encoded with low-level characteristics

connected to high-level features. After that, the features are flattened and input into

the Heritable Multi-Frame Attention (HMA) module, which enhances the long-term

temporal relationships from multiple frames in the history to the current frame. Finally,

a series of decoder layers are employed in the residual refinement blocks to generate

the final saliency map for detecting salient objects.

2.3.2 Spatial Feature Extractor

The spatial feature extractor takes a video clip consisting of n+1 consecutive frames

{I t−n, I t−n+1, ..., I t} ∈ R3×H0×W0 as input. In this study, ResNet-50 [42] is employed

as the backbone network for feature extraction. To produce four feature maps with

varying spatial resolutions and channel numbers, feature maps B0, B1, B2, and B3

are generated. Drawing inspiration from [14], the convolutional layers in the last layer

are replaced with pyramid-dilated convolutions [43] utilizing a rate = 2. So that the

receptive field remains the same. Following this, an atrous spatial pyramid pooling

(ASPP) [44] layer to generate B4 is attached to enable extraction of both image-level
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Figure 2.4: Structure of the Heritable Multi-Frame Attention (HMA) module.

global context and multiscale contextual information. Outputs of the four blocks are

denoted by Bt
1, B

t
2, B

t
3, and output of ASPP is denoted by Bt

4, respectively:

B(t−n)→t = Φ
(
I(t−n)→t

)
∈ RD×H×W , (2.1)

where [H0,W0] and [H,W ] refer to the spatial dimensions of the input and output

feature maps, respectively, and D is the channel number after the ASPP layer.

2.3.3 Heritable Multi-Frame Attention Module (HMA)

The spatial feature extractor is specifically designed to learn spatial saliency; however,

it does not fully utilize the temporal context between historical frames in the video

source. In previous works, multiple frames have been simply combined to feed

sequential co-evolution [12, 45]. However, the extracted temporal information neglects

the historical effect of different frames on the current frame in a video sequence.

Considering the motion behavior of inertia and continuity in praxeology, the different

historical frames impart varying degrees of space-time information to the current frame.

To further enhance the modeling of temporal information from historical to current

frames, we propose a Heritable Multi-Frame Attention (HMA) module. The HMA
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module aims to incorporate more long-term contextual information and is depicted in

Figure 2.4.

The HMA module consists of L-stacked transformer layers with homologous atten-

tion [21], which effectively captures multi-frame features. Specifically, given queries q,

keys k and values v, the multi-head attention mechanism is formulated as follows:

MultiHead(q, k, v) = Concat(h1, ..., hn)W 0 (2.2)

In contrast to the a Vanilla Transformer [38], the HMA of Bt
i inherits keys k and values

v from the output of the previous frame encoder Bt−1
i . This normalization approach

enables the utilization of previous contextual information to clarify certain parts of

the input, thereby guaranteeing the assignment of each pixel to a query vector:

hi = Homo-attn
(
WQ

i Bt,WK
i Bt−1,W V

i Bt−1
)

= Softmax

(
Tk

(
Q̃K̃T

√
dk

))
Ṽ ,

(2.3)

where WQ
i ∈ RDm×Dk , WK

i ∈ RDm×Dk , W V
i ∈ RDm×Dv , W 0 ∈ RDk×Dm are parameter

matrices, and dk is the dimension of keys, which is identical to standard self-attention

settings. Here, we let h = 8, Dm = 512 and Dk = Dv = Dm/h = 64 be default settings.

Homologous attention selects top-k similar tokens from the keys for each query to

compute attention maps, which could explore more sensitive temporal information

than vanilla attention. Tk(.) denotes the row-wise top-k selection operator:

(Tk(A))ij =

Aij Aij ∈ top-k (row j)

−∞ otherwise
. (2.4)

Our approach differs from prior work, which utilizes ConvGRU modules [46] to bidirec-

tionally [13, 47] search for spatial and temporal information between frames. Although

cross-frame bidirectional designs may have advantages for sequential co-evolution, they

neglect the influence of other different historical frames on the current frame in a video

sequence. Cross-frame bidirectional designs transfer spatial-temporal information from

the current frame to the previous one, which may introduce redundancies and noises.

This can harm the network’s overall performance. Moreover, using convolutional layers
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in ConvGRU may introduce additional inductive bias, thereby limiting the ability of

the network to generalize to more diverse data.

2.3.4 Integration

As shown in Figure 2.3, IENet utilizes a residual connection mechanism, enabling the

integration of low-level spatial information into pixel-wise saliency inference during

the decoding process. We employ a cascade of three refinement blocks [12] that are

interconnected with a layer in the spatial feature extractor through a connection

layer. Its purpose is to alleviate the negative effects of spatial detail loss during

downsampling. It is critical to maintain consistency between the resolutions of the two

feature maps so that an upsampling operation is performed when necessary through

bilinear interpolation. The output saliency map is denoted as {St−n, St−n+1, ..., St}.

2.3.5 Loss Function

The loss for IENet consists of a main loss and an auxiliary loss, formulated as follows:

Ltotal = Lmain + λLattn, (2.5)

where λ represents a non-negative parameter utilized to manage the relative significance

of the attention loss.

We calculate the main loss Lmain using a mixed loss function that integrates the

individual losses between each input frame. The formula of Lmain can be outlined as

follows:

Lmain = L(SMpred , SMgt)

= L(M(I; θ) , SMgt)
(2.6)

where SMgt represents ground-truth saliency maps, and SMpred = M(I; θ) represents

the predicted saliency maps. These predicted saliency maps are obtained by inputting

the images I into our model M with the parameter configuration θ. The symbol

L(·, ·) refers to the formulas employed for computing the hybrid loss, which can be

defined as follows:
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L(·, ·) = Lbce(·, ·) + Ldice(·, ·) , (2.7)

where Lbce(·, ·) and Ldice(·, ·) denote the BCE [48] and Dice loss [49], respectively.

The detailed computation formula for these two losses are as follows:

Lbce(X, Y ) = − 1

N

N∑
i=1

[yi log(xi) + (1− yi)log(1− xi)] , (2.8)

Ldice(X, Y ) = 1− 2
∑N

i=1 xiyi∑N
i=1 xi +

∑N
i=1 yi

, (2.9)

where X denotes one of the predicted outcomes SMpred, while Y corresponds to SMgt,

and N signifies the total pixel count within X or Y . The utilization of BCE loss

contributes to the convergence of all pixels, independent of their labels. Incorporating

the Dice loss quantifies the level of overlap between X and Y . By incorporating this

loss function, our model can yield enhanced detection results.

To enhance the model’s resilience in complex environments, we propose an attention

loss, denoted as Lattn, which works in conjunction with the primary loss Lmain. This

loss aims to effectively filter noise from the attention maps inherited by the HMA

modules, ensuring the model focus on salient object regions. It achieves this by

inheriting the attention maps through bilinear interpolation and computing a fused

loss in combination with the ground truth (GT). The attention loss is formulated as

follows:

Lattn = L(SMattn , SMgt), (2.10)

where SMattn represents the attention maps after bilinear interpolation, resulting in

a binary image. We calculate BCE and Dice loss for both SMattn and SMgt using

Formula 2.7. Our attention loss as an auxiliary loss is coupled with the main loss

Lmain for training our model.

2.4 Experiments

In this section, we evaluate the performance of our model on five widely used public V-

OSD datasets. We also conduct extensive ablation studies to highlight the significance
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Table 2.1: Quantitative comparisons with state-of-the-art models on five widely used
VSOD datasets. Symbols ↑ and ↓ donate larger and smaller is better, respectively.
Symbol ‘-’ means that results are not provided. The best results for each dataset are
shown in bold.

Method
DAVIS [50] VOS [51] ViSal [27] SegV2 [52] DAVSOD [30]

MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑
SCOM [28]TIP ′2018 0.048 0.832 0.783 0.162 0.712 0.690 0.122 0.762 0.831 0.030 0.815 0.764 0.220 0.599 0.464
MBNM [53]ECCV ′2018 0.031 0.887 0.861 0.099 0.742 0.670 0.020 0.898 0.883 0.026 0.809 0.716 0.159 0.637 0.520
MGA [54]ICCV ′2019 0.023 0.910 0.892 - - - 0.017 0.936 0.933 0.030 0.865 0.821 0.084 0.738 0.640
SSAV [30]CV PR′2019 0.028 0.893 0.861 0.073 0.819 0.742 0.020 0.943 0.939 0.023 0.851 0.801 0.092 0.724 0.603
RCRNet [12]ICCV ′2019 0.027 0.886 0.848 0.051 0.873 0.833 0.026 0.922 0.906 0.035 0.842 0.781 0.087 0.741 0.653
DSNet [55]ECCV ′2020 0.018 0.914 0.981 - - - 0.013 0.949 0.950 0.028 0.875 0.832 - - -
PCSA [18]AAAI′2020 0.022 0.902 0.880 0.065 0.827 0.747 0.017 0.946 0.940 0.025 0.865 0.810 0.086 0.741 0.655
FSNet [56]ICCV ′2021 0.020 0.920 0.907 - - - - - - 0.023 0.870 0.772 0.072 0.773 0.825
ResueVOS [57]CV PR′2021 0.019 0.883 0.865 - - - 0.020 0.928 0.933 0.025 0.844 0.832 - - -
TransVOS [39]preprint′2021 0.018 0.885 0.869 - - - 0.021 0.917 0.928 0.024 0.816 0.800 - - -

DCFNet [13]ICCV ′2021 0.018 0.914 0.900 0.060 0.846 0.791 0.012 0.949 0.953 0.017 0.852 0.853 0.074 0.741 0.660
MQP [58]IEEE′2021 0.018 0.916 0.904 0.069 0.828 0.768 0.016 0.942 0.939 0.018 0.882 0.841 0.075 0.770 0.703
PSNet [15]ICCV ′2022 0.016 0.919 0.907 - - - 0.012 0.954 0.955 0.016 0.889 0.852 0.074 0.765 0.678
UFO [40]ICCV ′2023 0.036 0.864 0.828 - - - 0.011 0.953 0.940 0.022 0.892 0.863 - - -
IENet(Ours) 0.017 0.912 0.896 0.042 0.882 0.845 0.012 0.947 0.944 0.016 0.882 0.865 0.070 0.775 0.862

of various methods incorporated into our model. The performance of our best model,

utilizing optimal hyperparameters, is then compared to that of current state-of-the-art

models and evaluated using the same assessment methodologies.

2.4.1 Implementation Details

2.4.1.1 Model Training

Firstly, the spatial feature extractor weights in our model are initialized using ResNet-

50 [42] pre-trained on ImageNet [59] as the backbone. To train the model, two

video-specific datasets, namely YouTube-VOS [51] and DAVIS2016 [50], are merged

and used as training sets. We employ HMA with B3 and B4 to inherit more long-term

context temporal information in IENet. As for the model hyperparameters, Adam [60]

is used as the optimizer with β1=0.9 and β2=0.999, and the initial learning rate

is set to 1e-5. The momentum is 0.925, and the weight decay is 0.0005. Training

was accelerated by dual NVIDIA A100 GPUs, ensuring efficient convergence for all

experiments.

2.4.1.2 Model Testing

We follow the standard benchmarks [30, 50] to test our model on the test set of

DAVIS2016 [50], DAVSOD [30], the test set of YouTube-VOS [51], the Whole of

ViSal [27], and the whole of SegTrack-V2 [52].
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DAVIS2016 [50] is the most popular VSOD dataset and contains 50 densely annotated

sequences (30 for training and 20 for validation), exhibiting varied moving objects.

YouTube-VOS [51] is a large-scale dataset consisting of 200 indoor and outdoor

videos for VSOD. It includes 7,650 pixel-wise labeled key frames and 116,103 frames

in total.

ViSal [27] is the first dataset earmarked for VSOD. It includes 17 video clips ranging

from 30 to 100 frames in length and 193 carefully annotated frames.

SegTrackv2 [52] is among the earliest VSOD datasets and contains 14 sequences and

976 annotated frames. Each sequence involves 1-6 moving objects.

DAVSOD [30] is purpose-built for the VSOD task. It is the most challenging VSOD

dataset with consistent visual attention, high-quality annotations, and various features.

2.4.2 Evaluation

We adopt three widely-used criteria to evaluate the performances of our model and

competing methods, i.e., Mean Absolute Error (MAE [61]), S-measure (Sm) [62], and

F-measure (Fβ) [63].

Mean Absolute Error(MAE ) [61] represents the absolute difference between ground

truth G and prediction map S in all pixel locations, and is defined as:

MAE =
1

N

N∑
p=1

| Sp − Gp | , (2.11)

where p represents a pixel, and N is the number of pixels on the map.

S-measure (Sm) [62] reflects the structure similarity between predicted salient objects

and the ground truth, is defined as:

S = γS0 + (1− γ)Sr , (2.12)

where γ provides a balance between the object-aware similarity So and region-aware

similarity Sr. We utilized the default value (γ=0.5) proposed in [62].
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Figure 2.5: Qualitative comparison of our method with state-of-the-art video salient
object detection methods on DAVIS. It can be observed that our approach produces
saliency maps with superior accuracy across a variety of video scenes.

F-measure(Fβ) [63] takes into account both Precision and Recall values to evaluate

the performance of saliency detection models. It is defined as:

Fβ =
(1 + β2) Precision× Recall

β2 × Precision + Recall
, (2.13)

where β2 as is the case with the majority of previous image-based models, as recom-

mended in [64].

2.4.3 Comparisons with State-of-the-art Models

In this section, we compare our proposed approach with state-of-the-art models,

examining both quantitative and qualitative aspects.

Quantitative Evaluation. To demonstrate the effectiveness of our method, we

compare it with 14 video salient object detection methods including: SCOM [28],

MBNM [53], MGA [54], SSAV [30], RCRNet [12], DSNet [55], PCSA [18], FSNet [56],

ResueVOS [57], TransVOS [39], DCFNet [13], MQP [58], UFO [40], and PSNet [15].

The quantitative evaluation of MAE, Sm, and Fβ is shown in Table 2.1. For a fair
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Table 2.2: Ablation study on the HMA with various configurations.

Configuration
DAVSOD VOS

MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑
BL 0.0830 0.7428 0.7232 0.0560 0.7801 0.8405
BL-Mul 0.0729 0.7502 0.7167 0.0580 0.8672 0.8433
BL-Add 0.0726 0.7648 0.7489 0.0600 0.8736 0.8527
BL-Mul-HomoAttn 0.0711 0.7726 0.7591 0.0572 0.8701 0.8389
BL-Add-HomoAttn 0.0702 0.7755 0.8616 0.0418 0.8819 0.8449

comparison, we employ a widely-used evaluation toolbox [65]. It can be observed that

our method achieves superior performance against almost all models.

Qualitative Evaluation. For qualitative evaluation, a comparison between our

method and state-of-the-art (SOTA) techniques on the DAVIS2016 dataset has been

presented in Figure 2.5. Two frames of three complex scenes have been selected for each

test set. Apparently, our saliency maps have clearer boundaries and effectively remove

a significant amount of background noise. This is particularly evident in situations

where objects exhibit dynamic changes and subtle differences, as demonstrated by the

accurate saliency predictions and preservation of fine details in the soapbox sequence

(Rows 1,2). Additionally, our approach demonstrates robustness in handling complex

scenarios, such as occluded dynamic objects in bmx-tree (Rows 3,4), by effectively

utilizing spatiotemporal cues for accurate detection of salient objects. When presented

with objects that exhibit a larger range of motion, our method is able to capture

more dynamic details. A prominent example of this is the human arm in the parkour

sequence (Rows 5,6).

Our IENet also shows strong robustness. As shown in Table 2.1, our model outperforms

most existing modes consistently across five standard datasets. This demonstrates

that our model is robust to the variations of datasets. Additionally, in Figure 2.5, we

present a comparison between our model and four state-of-the-art models using three

complex scenes from the DAVIS dataset. This comparison leads to the conclusion that

our model exhibits remarkable robustness in scenarios involving high-speed object

movement, significant motion, and approaching trajectories.

2.4.4 Ablation Analyses

To demonstrate the superiority of our IENet, a series of ablation experiments are

conducted on both DAVSOD and VOS datasets. Configuration of HMA Table 2.2
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Table 2.3: Ablation study on various IENet structures.

Method
DAVSOD VOS

MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑
IENet-B3 0.0782 0.7613 0.7174 0.0590 0.8728 0.8308
IENet-B4 0.0801 0.7595 0.7391 0.0541 0.8755 0.8215
IENet-B3-B4 0.0702 0.7755 0.8616 0.0418 0.8819 0.8449

Table 2.4: Comparison for using unidirectional and bidirectional strategies for IENet.

Method
DAVSOD VOS

MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑
IENet-bidirectional 0.0721 0.7194 0.6825 0.0611 0.7943 0.8484
IENet-unidirectional 0.0702 0.7755 0.8616 0.0418 0.8819 0.8449

illustrates the results of vairous configurations of HMA. Firstly, a vanilla transformer

architecture is constructed as the baseline model (BL). We then set different HMA

architectures which are fused by element-wise multiplication (BL-Mul), and addition

(BL-Add) in HMA, respectively. Among these, BL-Mul and BL-Add employ element-

wise multiplication and addition, respectively, to manipulate the attention maps

of the two frames. The table also includes variations that employ the homologous

attention mechanism in combination with BL-Mul and BL-Add. It is evident from

the results that the architecture equipped with BL-Add-HomoAttn HMA achieved

the best performance among all the alternatives.

2.4.4.1 Structures of IENet

Furthermore, multiple structures of our IENet are designed with different blocks in

HMA in Table 2.3. The IENet-B3 and IENet-B4 models are constructed by combining

HMA after B3 and B4, respectively. The IENet-B3-B4 denotes the model implementing

HMA after both B3 and B4. It can be observed that the HMA leverages multiscale

contextual in-context temporal information and construct salient maps for the entire

video, ultimately leading to enhanced performance.

In Table 2.4, we present the results of a bidirectional model to validate whether

unidirectional inheritance in long videos is more intuitive from a cognitive standpoint.

We set the bidirectional model by swapping the attention maps between the two frames.

By comparing the performance of the bidirectional model with the unidirectional

inheritance approach, we verify the effectiveness of capturing long-term context and
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Table 2.5: Ablation study on the attention loss.

Method
DAVSOD VOS

MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑
λ = 0 0.0721 0.7194 0.6825 0.0539 0.8446 0.7939
λ = 0.3 0.0702 0.7755 0.8616 0.0418 0.8819 0.8449
λ = 0.5 0.0748 0.7137 0.5858 0.0568 0.8442 0.7898

GT 𝜆 = 0.3 𝜆 = 0

Figure 2.6: We manage the relative significance of the attention loss by a non-negative
parameter λ. The auxiliary attention loss not only aids in monitoring the model’s
convergence but also contributes to constraining attention regions, thereby reducing the
influence of noise.

frame-aware temporal modeling in feature extraction through unidirectional cross-

frame enhancement.

2.4.4.2 Loss Setting

To assess the significance of the auxiliary attention loss, we create three weight values

of λ for the auxiliary attention loss. As shown in Table 2.5, the effectiveness of the

auxiliary attention loss is evident in our IENet. By observing Figure 2.6, we notice

that the auxiliary attention loss not only aids in monitoring the model’s convergence

but also contributes to constraining attention regions, thereby reducing the influence

of noise.

2.4.5 Limitations and Discussion

Our IENet demonstrates significant effectiveness in scenarios where the object exhibits

significant motion, i.e., the object moves quickly in the video. However, the advantages

of IENet are less apparent when the target moves slowly or exhibits minimal variation.
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(b)

(c)

Ours RCRNet DCFNNet MQP

(a)

GT

Figure 2.7: (a) and (b) are from ViSal, representing boats and cars which move slowly
or exhibits minimal variation, respectively. (c) and (d) are inference results in the
breakdance sequence of DAVIS. Our model’s results demonstrate clearer contours and
more detailed features compared to other methods.

As illustrated in Figure 2.7 (a) and (b), depicting two scenes from the ViSal dataset,

when the boat (a) and car (b) exhibit slow movement, our results are not significantly

better than other models.

Our model is prone to be affected by noise interference when the background features

closely resemble the target. For instance, as shown in Figure 2.7 (c), in the breakdance

sequence of DAVIS, the audience in the background has similar static appearance

features to the target, and most models experience confusion in handling these

resembling features. Although our attention loss is effectively utilized as an auxiliary

loss to mitigate noise generation, this phenomenon still exists in our IENet. Currently,

this represents a common challenge in VSOD models. To alleviate the aforementioned

issue, we recommend expanding and refining existing datasets, and enhancing the

model’s generalization capabilities in subsequent steps.

Moreover, inspired by recent studies in the field of image-based SOD [66–68] that

address the issue of incomplete object representation within a single image through

the utilization of part-object relational visual saliency, we plan to extend part-object

awareness from individual frames to long sequences by exploring collaborative 3D

routing across multiple frames. This will be achieved by implementing collaborative 3D

routing, enabling a more accurate segmentation of the target object from background

elements that exhibit similarities with the target. We anticipate that this approach

will yield complete salient objects with fine details and reduced noise.
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2.5 Conclusion

In this paper, we propose an inheritance enhancement network (IENet) for VSOD.

The core of IENet is the Heritable Multi-Frame Attention (HMA) module designed

to utilize long-term context and temporal relationships in feature extraction through

unidirectional cross-frame enhancement. HMA ensures consistent information propaga-

tion without interference and enables collaborative feature learning with frame-aware

temporal relationships. Moreover, we propose an attention loss function that refines

inherited attention, boosting the model’s recognition of the target regions and reducing

unnecessary attention. Experimental results on five widely-used benchmarks demon-

strate that IENet can achieve superior performance than state-of-the-art in video

salient object detection. While HMA has revealed that unidirectional inheritance has

an impact on the context of long-term dependency, there still exists a phenomenon

of noise generation when background features closely resemble target features. Fu-

ture research aims to address this challenge by enhancing the model’s generalization

capabilities through the expansion and refinement of datasets. Furthermore, we will

delve deeper into the exploration of HMA module and the auxiliary attention loss

mechanism, with the objective of applying them to a broader spectrum of visual tasks.
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Chapter 3

Knowledge-sharing Hierarchical

Memory Fusion Network for

Scribble-supervised Video Salient

Object Detection

Scribble annotations, being more accessible compared to pixel-wise labels, are in-

creasingly used for tasks such as video salient object detection (VSOD). However,

due to their limited foreground coverage and imprecise boundary information, using

scribble annotations suffers from background distractions and error accumulation,

which can cascade and negatively affect the segmentation in subsequent frames during

weakly-supervised video salient object detection (VSOD). In response to the issues

outlined above, we propose a novel Knowledge-sharing Hierarchical Memory Fusion

Network (KHMF-Net) for scribble-supervised VSOD. To reduce error accumulation,

we design a Hierarchical Memory Bank (HMB) for KHMF-Net to archive histori-

cal segmentation at multiple confidence levels and capture both spatial and temporal

contexts, facilitating an efficient salient object expansion process. In addition, KHMF-

Net incorporates an Adaptive Memory Fusion (AMF) module, which first integrates

multi-level memory features, followed by the Interactive Equalized Matching (IEM)

module to ensure precise query performance and enhance the ability to distinguish

between background and target objects, thereby mitigating background distractions.

Furthermore, we devise a dual-attention knowledge-sharing strategy to optimize IEM,

enhancing the accuracy of similarity computation during the matching process. Ex-

perimental results demonstrate that KHMF-Net benefits from a robust hierarchical

memory architecture and its ability to clearly distinguish between background and

target, achieving state-of-the-art performance on three public scribble-labeled datasets

and even outperforming some fully supervised methods. Note that the content pre-

sented in this chapter has been published in the Pattern Recognition Letters.
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3.1 Introduction

Video Salient Object Detection (VSOD) identifies visually distinct regions in video

frames, simulating human attention to highlight important information in complex

visuals. This human-like focus is crucial for applications such as video object segmen-

tation [1], video summarization [2], object tracking [3], and autonomous driving [4].

In recent years, fully supervised deep learning-based VSOD models have achieved

remarkable performance [5–7]. However, these models require pixel-level annotations,

which are laborious and time-consuming to create in video datasets. To balance

labeling efficiency and performance, research focuses on VSOD methods with sparse

annotations, including scribbles [8, 9] or points [10, 11]. Point supervision annotates

specific points on salient objects and backgrounds but may inherently miss important

details about location and shape [12]. Scribble supervision uses two strokes to

annotate areas of the salient object and background. Although less detailed than

pixel-wise annotations, scribbles cover larger areas and provide sketchier postures

than points [13, 14]. This balances labeling efficiency and annotation density, making

scribble supervision favorable for weakly supervised VSOD. We focus on scribble-based

VSOD in this work.

Compared to pixel-wise annotations, the primary challenge in scribble-based VSOD

approaches is the lack of complete object structures and boundary details in scribble

annotations. This limitation arises from the fact that a single stroke cannot capture

the full complexity of an object’s shape, thus covering only a small portion of the

target and making it susceptible to background distractions. Existing models [12, 15]

for scribble-based VSOD primarily leverage adjacent-frame interactions that focus on

short-term contextual dependencies. These interactions help mitigate the limitations of

scribble labels by facilitating feature sharing across nearby frames. However, because

these models rely on a limited number of frames, they struggle to capture long-

term contextual dependencies, making it challenging to handle scenarios that require

more extensive temporal information. In response to these limitations, the Segment

Anything Model (SAM) [16] has been integrated into propagation-based models [17, 18]

to produce pseudo-labels for detecting salient objects and effectively encoding temporal

information from historical frames. However, the sparsity of the scribble labels often

results in incomplete target information. For instance, a single scribble might only

cover the main part of an object, making it difficult to depict complex limb movements.
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When an incorrect mask is stored in memory, it becomes uncorrectable and can

progressively distort segmentation in subsequent frames, with small frame-by-frame

inaccuracies accumulating into significant errors over time [19, 20].

We propose a novel Knowledge-sharing Hierarchical Network (KHMF-Net), a memory

bank-based encoder-decoder hierarchical architecture, to mitigate background distrac-

tions and reduce error accumulation. To reduce error accumulation, our KHMF-Net

integrates a Hierarchical Memory Bank (HMB) that archives historical masks at

different confidence levels, enabling the capture of long-term contextual dependencies.

Specifically, our HMB manages the initial scribble in the first frame, a high-confidence

region, and entire predicted salient maps. HMB effectively reduces error accumulation

during expansion by using historical data as a reference and propagating the predicted

masks. Furthermore, we propose an Adaptive Memory Fusion (AMF) module that

adaptively blends varying confidence levels to provide a reliable reference throughout

the expansion process, alleviating parameter pressure during matching. Concurrently,

we introduce an Interactive Equalized Matching (IEM) module to mitigate background

distractions. The IEM utilizes Reference-Wise (R-W) Softmax to ensure equal con-

tribution from all pixels in the reference frame to the prediction of the query frame,

preventing excessive reliance on background information from the reference frame.

Additionally, we utilize a knowledge sharing mechanism based on a dual-attention

mechanism for more efficient knowledge transfer in the matching process for IEM. This

mechanism extracts high-performance attention features within the Teacher Attention

module and efficiently transfers them to the Student Attention module, facilitating

the extraction of intricate information from sparse annotations and enhancing overall

segmentation accuracy. To evaluate the performance of our method, we conduct

experiments using the DAVIS [21], DAVSOD [22] and Youtube-VOS [23] datasets.

The results showcase the promising performance of our approach. The contributions

of this work can be summarized as follows:

(i) We propose a Knowledge-sharing Hierarchical Memory Fusion Network (KHMF-

Net) for weakly-supervised video salient object detection (VSOD) by addressing error

accumulation and background distractions.

(ii) We design an Hierarchical Memory Bank (HMB) to archive historical segmentation

at multiple confidence levels, effectively capturing spatial and temporal contexts for

efficient salient object expansion.
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(iii) We integrate an Adaptive Memory Fusion (AMF) module that first consolidates

multi-level memory features, followed by the Interactive Equalized Matching (IEM)

module, which enhances query performance and distinguishes between background

and target objects.

(iv) We devise a dual-attention knowledge-sharing strategy based on a dual-attention

mechanism to optimize IEM by effectively utilizing sparse annotations.

The rest of this chapter is structured as shown below: Section 3.2 briefly reviews related

VSOD approaches in this chapter. Section 3.3 explains the details of KHMF-Net.

Section 3.4 demonstrates and discusses the proposed method through quantitative

and qualitative experiments. Section 3.5 outlines the contributions of this chapter.

3.2 Related work

3.2.1 Fully supervised video salient object detection

The predominant Video Salient Object Detection (VSOD) approaches focus on fully

supervised models that leverage spatial and temporal information. Wang et al. [24]

utilized a Fully Convolutional Network (FCN) to model short-term spatiotemporal

information, using pairs of adjacent frames as input. To effectively capture long-

term spatiotemporal characteristics, previous studies [25, 26] employed recurrent

networks to establish more comprehensive temporal connections. Furthermore, various

methods have been devised to explore dynamic information, enhancing spatiotemporal

features. By incorporating multiple motion-guided attention modules and optical

flow techniques, prior research [27, 28] demonstrated improved performance detecting

moving objects within optical flow imagery. Liu et al. [29] proposed a dynamic

contextual correlation filtering module that effectively addresses challenges faced in

scenes with minimal dynamic changes. Additionally, several methods have delved into

attention mechanisms to identify salient regions more effectively. For instance, Fan et

al. [22] proposed a saliency-shift-aware module to learn attention by utilizing human

eye fixation data. Similarly, Gu et al. [30] introduced a Pyramid Constrained Self-

Attention module to enhance temporal information capture by selectively amplifying

specific pixels within a defined range. Zhao et al. [31] developed a memory-based
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network to reduce computational demands and enhance the quality of saliency maps by

extracting pertinent temporal information from historical frames. While considerable

advancements have been made in fully supervised VSOD, the major challenge hindering

further progress in VSOD lies in the significant time and cost involved in annotations.

Figure 3.1: Illustration of our Knowledge-sharing Hierarchical Memory Fusion Network
(KHMF-Net), featuring a memory bank-based encoder-decoder architecture. The Hier-
archical Memory Block (HMB) maintains three confidence levels: the initial scribble
map (Ms), the High-confidence region (Mc, blue line), and the full predicted target
(Mc, orange line). The Adaptive Memory Fusion (AMF) module and Memory Encoder
integrate these confidence levels (Ec and Ee) and match them with the query frame
through Interactive Equalized Matching (IEM).

Scribble supervised image salient object detection

To reduce annotation costs without compromising model performance, several methods

have explored the use of weak labels for salient object detection. Among various

weak annotation methods, scribble supervision [13] provides a good balance between

annotation efficiency and covering larger areas with rough outlines. Training models

with scribble labels has shown promise in balancing annotation cost and model

performance. Lin et al.[32] used scribble annotations to train a graphical model for

propagating information from labeled to unlabeled areas. Zhang et al.[13] proposed a
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weakly supervised VSOD network incorporating an auxiliary edge detection task and a

gated structure-aware loss to enhance object structure recovery. Xu et al. [33] further

improved scribble-based approaches by employing dual-modal edge guidance and an

active scribble-boosting strategy. However, these methods are limited by their focus

on image-based approaches, which struggle to effectively utilize contextual information

in video sequences.

Scribble supervised video salient object detection Using scribble labels has

recently emerged as a promising direction in VSOD. Zhao et al.[8] introduced a weakly

supervised VSOD network utilizing eye-movement scribble annotations and bidirec-

tional LSTM for improved temporal information extraction. To reduce computational

costs, Huang et al.[20] proposed a scribble attention module that optimizes unlabeled

pixels and rectifies inaccurate segmentation regions. Similarly, Wang et al. [34] devel-

oped an approach that maps scribbles onto object contours to generate high-quality

pseudo-labels. Despite these advancements, challenges such as error accumulation,

model instability, or collapse can arise during the frame-by-frame propagation of

generated masks [19, 20].

Knowledge-sharing strategy Knowledge Distillation [35] was initially designed

to transfer knowledge from a larger teacher model to a smaller student model. In

Transformer architectures, attention distillation [36] transfers attention knowledge

from teacher to student models but typically requires both models to have the same

number of attention heads. Wang et al.[37] addressed differences in attention head

numbers and dimensions using interpolation and aggregation techniques. More recently,

Zhao et al.[38] proposed a knowledge-sharing strategy to align attention maps between

teacher and student models effectively. Unlike prior approaches, our method enhances

the student model’s performance during inference by leveraging high-quality attention

maps modulated with scribble annotation masks, rather than relying directly on

ground truth foreground-background masks.
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3.3 Method

3.3.1 Overview

This section introduces our proposed KHMF-Net for scribble-supervised VSOD, de-

signed to reduce error accumulation and enhance resilience to background distractions.

As shown in Figure 3.1, the Hierarchical Memory Block (HMB) captures long-term

spatiotemporal context for each video sequence, while the Adaptive Memory Fusion

(AMF) module integrates saliency maps at varying confidence levels, reducing mem-

ory load and mitigating errors. Additionally, the Interactive Equalized Matching

(IEM) module calculates feature similarity to balance pixel contributions and ensure

consistent confidence. Our Knowledge-sharing strategy, based on a dual-attention

mechanism, refines IEM for improved similarity computation.

3.3.2 Hierarchical Memory Bank

Our KHMF-Net maintains a hierarchical memory of historical mask states, consisting

of three levels within our Hierarchical Memory Block (HMB). The first level stores

the initial target scribble map, denoted as Ms, which the annotator provides. The

second level contains the confidence region denoted as Mc ∈ (0, 1)RT×H×W , which

is generated by integrating the initial target scribble region from previous frames

into the confidence region. The last level stores the predicted probability maps

Me ∈ (0, 1)RT×H×W , which are used to segment the entire predicted target in previous

frames. Using guidance from the initial target scribble memory and the existing

confidence region memory, our HMB effectively captures the confidence region of the

query frames. Furthermore, HMB expands the recently captured confidence region

to include the predicted probability maps while considering the attributes of the

confidence region and all previous memory data. This capability allows the HMB to

efficiently mine the extended spatiotemporal context dependencies across the entire

video sequence. The detailed methods for obtaining Mc,Me are provided in Sec. 3.3.4.
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3.3.3 Adaptive Memory Fusion

To effectively capture confidence levels, we design an Adaptive Memory Fusion (AMF)

module to conduct a confidence-driven fusion operation with the memory bank. The

AMF operation is performed as the weighted addition of the memory maps Ms, Mc,

and Me, each with varying confidence parameters, according to the following equation:

Mf = Ms + α ·Mc + (1− α) ·Me, (3.1)

where α ∈ [0, 1] is learnable non-negative parameters used to adaptively control the

weight assigned to each memory map based on its confidence. We forcibly assign Me

a weight of (1− α), which prevents the high-confidence region Mc from dominating

the fusion process. This approach ensures that the weights for Me are not excessively

neglected. This design choice is crucial to prevent the high-confidence region Mc from

overpowering the fusion process. Instead of employing a crude concatenation approach,

we use this weighted addition operation to efficiently reduce matrix dimensionality

during the matching process. By incorporating various regions of different confidence

levels, this operation can significantly improve the model’s generalization. Notably,

confidence scores are not assigned to the scribble map Ms as it inherently receives the

highest confidence levels directly from the annotation.

3.3.4 Interactive Equalized Matching

To incorporate historical target information into the memory frame features effectively

and facilitate the capture of high-confidence regions in the query frames as well

as the expansion of the entire predicted target, we perform a memory encoding

operation [39] before inputting to the Interactive Equalized Matching (IEM). It enabled

our model to obtain the encoded memory features, denoted as Ee ∈ R1×H×W×C and

Ec ∈ R1×H×W×C from Mf ∈ RT×H×W×C . Specifically, the Ec corresponds to the case

where λα = 0 in Equation 3.1.

High-confidence region(Mc) IEM module matches the features of the t-th query

frame Qt ∈ R1×H×W×C with the encoded memory features Ec to obtain the query

representation of confidence region Rt
c ∈ R1×H×W×C . The captured confidence region

representation in the query frame is computed as:

Rt
c = ΦMatch

c (Ec, Q
t), (3.2)



3.3 Method 49

where ΦMatch
c denotes the memory matching function of confidence region. Subse-

quently, a segmentation head is constructed based on Rt
c to segment the confidence

region and generate the salient map M t
c for the t-th frame, defined by:

M t
c = ΦHead

c (Rt
c, f

t). (3.3)

The segmentation head operation, referred to as ΦHead
c , takes into account the

intermediate-layer features f t of the query frame and provides additional spatial

details. This process is visualized by the blue line in Figure 3.1.

Entire predicted target(Me) To expand the entire predicted target in the query

frame, we employ the closest captured confidence region as a reference along with the

preceding memory information. The historical entire target information Ee and the

high-confidence region of the query frame Rt
c are fed into the Interactive Equalized

Matching (IEM) module, resulting in Rt
e ∈ R1×H×W×C , which models the complete

target information in the query frame.

Rt
e = ΦMatch

e (Ee, R
t
c), M t

e = ΦHead
e (Rt

e, f
t), (3.4)

where Rt
e and M t

e represent the t-th query representation outputted by IEM and the

segmentation head, respectively. The complete process follows the orange line depicted

in Figure 3.1.

Memory matching The IEM module decodes the target state within the query

frame, using the information fused from the memory bank as a reference. Through

pixel-level feature matching, this module generates query representations that are used

for subsequent segmentation tasks. Previous VSOD methods [12, 40] employed a trans-

former decoder architecture to build a surjective matching [41] module for calculating

similarity. However, the absence of boundarydetails in scribble annotations results

in matching outcomes that are influenced by confusing pixels, such as background

distractions, in the reference frame. IEM equalizes the influence of reference frame

pixels, mitigating the impact of background distractions. We use two IEM modules to

process Ec and Ee, respectively. For simplicity, in the following, we illustrate IEM

using the example of high-confidence regions Ec. The single-pixel locations of the

embedded features extracted from the historical reference frame Ec(p) and the query

frame Qt
(q) are denoted as p and q, respectively. The affinity matrix Ac and Ae are
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Table 3.1: Quantitative comparisons with state-of-the-art models on VSOD datasets.
‘Sup.’ denotes supervision type: ‘F’ (fully supervised), ‘Un’ (unsupervised), ‘P’ (point
supervised), ‘S’ (scribble supervised). ‘OF’ indicates optical flow as a multi-source. ↑
and ↓ indicate higher and lower values are better, respectively. ‘-’ means unavailable
results.

Method
DAVIS DAVSOD VOS

publisher Sup. Modality MAE↓ Sm↑ Fβ↑ MAE↓ Sm↑ Fβ↑ MAE↓ Sm↑ Fβ↑
RCRNet [42] ICCV19 F RGB 0.027 0.886 0.848 0.087 0.741 0.653 0.051 0.873 0.833
PCSA [43] AAAI20 F RGB 0.022 0.902 0.880 0.086 0.741 0.655 0.065 0.827 0.747
MQP [44] TCSVT21 F OF+RGB 0.018 0.916 0.904 0.075 0.770 0.703 - - -
MMN [45] TIP24 F OF+RGB 0.020 0.897 0.877 0.065 0.777 0.708 0.069 0.828 0.768
IENet [46] MTA24 F RGB 0.017 0.912 0.896 0.069 0.775 0.862 0.042 0.882 0.845

GF [47] TIP15 Un OF+RGB 0.100 0.688 0.569 0.167 0.553 0.334 0.162 0.615 0.506
SAG [48] CVPR15 Un OF+RGB 0.103 0.676 0.515 0.184 0.565 0.370 0.172 0.619 0.482

SSOD [13] CVPR20 S RGB 0.044 0.795 0.734 0.101 0.672 0.556 0.106 0.682 0.648
WSVSOD [8] CVPR21 S OF+RGB 0.037 0.828 0.779 0.103 0.705 0.605 0.091 0.750 0.666

WSP [49] ACMM22 P OF+RGB 0.040 0.808 0.754 0.094 0.718 0.622 0.074 0.739 0.796
PSW [40] IP23 S RGB 0.031 0.875 0.854 0.084 0.738 0.638 0.075 0.716 0.795

CFMR [15] PR24 S OF+RGB 0.031 0.851 0.814 0.089 0.720 0.626 0.092 0.751 0.677
SAM-SNet [12] TCSVT24 S RGB 0.028 0.873 0.883 0.071 0.770 0.682 - - -

Ours S RGB 0.022 0.890 0.886 0.070 0.739 0.713 0.073 0.752 0.783

obtained by calculating the similarity between each p and q in the reference and query

frames as follows:

Ac = sim(p, q) = Ec(p) ·Qt
(q), (3.5)

Ae = sim(p, q) = Ee(p) ·Rt
c(q). (3.6)

It should be noted that in the processing of the orange line, Rt
c is a query to calculate

similarity with Ee. To incorporate an equalization mechanism within the affinity

matrix, we apply a Reference-Wise (R-W) Softmax along the query dimension as

follows:

A← Softmax(A). (3.7)

Through the equalized matching process described above, the scores of all query frame

pixels are normalized, ensuring equal contribution from each reference frame pixel

in the prediction. The normalization process proportionately decreases the scores of

heavily referenced pixels in the reference frame, like the background, to prevent an

overreliance on the information from the reference frame. This essential suppression of

matching scores for frequently referenced pixels is pivotal in minimizing distractions

arising from significant errors.
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Figure 3.2: Knowledge-sharing strategy based on dual-attention.

3.3.5 Knowledge-sharing strategy

Inspired by the Knowledge Sharing DEtection TRansformer (KS-DETR) [38] in

object detection, we devise a knowledge-sharing strategy based on a dual-attention

mechanism to enhance the matching process in segmentation with sparse annotations.

Our approach facilitates the sharing of refined attention maps from Teacher to Student

model during training, enhancing the learning process with scribble annotations (Ms)

as additional attentional cues. The dual-attention mechanism is structured around two

principal components: a Student Attention module and a Teacher Attention module.

The structure of this dual-attention, as illustrated in Figure 3.2, operates with two

sets of triplet parameters (q, k, v) containing replicated elements.

The Student Attention, represented as AttnS, obtains q, k, and v from E(S) ∈
RHW×d, which is flattened into tokens by Ec/e.

[q; k; v] = [EW q;EW k;EW v], (3.8)

where W q ∈ Rdmodel×dq ,W k ∈ Rdmodel×dk , and W v ∈ Rdmodel×dv are the parameters of

the scaled dot-product attention, and dmodel = d/head.

In the Teacher Attention (AttnT ), the pixels of the scribble map Ms are assigned a
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value of 1, while the remaining pixels are set to 0. Multiplying Ec/e and Ms element-

wise and then flattening the result to obtain E(T ) achieves the integration of Ms as

additional attentional cues to enhance the learning process, as shown:

E(T ) = Ec/e ⊙Ms, (3.9)

where the subscript T indicates Teacher, as inspired by knowledge distillation [35].

The projections of the Teacher feature E(T ) are used to obtain qT , kT , and vT , as

described:

[qT ; kT ; vT ] =[E(T )W
qT ;E(T )W

kT ;E(T )W
vT ]. (3.10)

Using the two groups of q, k, v, we generate the outputs OAttnS and OAttnT correspond-

ing to AttnS and AttnT , respectively. By sharing high-quality AT from AttnT to

AttnS as shown in Figure 3.2, OAttnS is improved as they have to adapt themselves

to fit with AT through backpropagation. Shared decoder layers individually process

these outputs to maintain separate training for each attention. The Teacher Attention

AttnT and the MLP are excluded during inference to avoid introducing additional

parameters and computational overhead.

3.3.6 Loss Function

For scribble annotations, there are a great number of unlabeled pixels. Hence, we

employ a composite loss function to train the model for segmenting the fully predicted

target. The model parameters are optimized through the integration of Focal Loss [50],

Partial Cross-Entropy Loss [51], and Bidirectional Prediction Consistency [19] as

follows:

L = λ1LFL
c + λ2LPCE

e + λ3LBPC
e . (3.11)

Here, λ1, λ2, and λ3 are hyperparameter of weights that balance the loss functions. In

our implementation, these weights are tuned to 1, 1, and 0.3, respectively, following

the configuration used in previous works [8].

Focal Loss. The confidence region in the query frame is similar to the target scribble

region in the initial frame, despite variations in the target’s appearance across frames.

To ensure accurate segmentation of the confidence region, we employ focal loss [50],

which calculates probability maps of the confident region and the predicted target

using target scribbles as supervision. This approach helps prevent misclassification
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of pixels near the target scribble and addresses the imbalance between positive and

negative pixels. It is defined as follows:

LFL
c =

1

N

L−1∑
t=0

∑
(i,j)∈st

ϕfl(M t,(i,j)
c , Y t,(i,j)

c ). (3.12)

In the above equation, ϕfl denotes the focal loss function. M t
c and Y t represent the

probability maps of the confident region and the ground truth for the t-th frame,

respectively. The notation (i, j) indicates the pixel index. The set st encompasses

the index set of all pixels, excluding those ignored in the t-th frame. Additionally,

N signifies the total count of pixels, excluding the ignored ones, while L denotes the

length of the sequence training sample.

Partial Cross-entropy Loss. We reference the work by WSVSOD [8] and incorporate

the use of partial cross-entropy loss (PCE) [51]. The PCE computes explicitly the

cross-entropy loss within the area annotated by scribbles, excluding the other regions.

Mathematically, it is defined as:

LPCE
e = − 1

N ′

L−1∑
t=0

∑
(i,j)∈Ωt

log(M t,(i,j),c
e ), (3.13)

Here, M
t,(i,j),c
e denotes the predicted probability that the pixel located at position

(i, j) in the t-th frame is ground-truth object identity c. The symbol Ωt refers to the

set of indices corresponding to labeled pixels within the t-th frame. Furthermore, N

signifies the total number of labeled pixels across the dataset.

Bidirectional Prediction Consistency. We employ the Bidirectional Prediction

Consistency loss (BPC) [19] to ensure coherence between forward and backward

predictions in segmentation. By enforcing a consistency constraint between forward

and backward predictions, the BPC uncovers and leverages frame-level dependencies

in a sequential training sample. Formally, the BPC loss for a sequence training sample

is defined as follows:

LBPC
e =

1

N ′′

L−1∑
t=0

∑
(i,j)

∥M t,(i,j)
e −Bt,(i,j)

e ∥2. (3.14)

Here, M t
e and Bt

e represent the computed probability maps for the t-th frame in the
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forward and backward predictions, respectively.

3.4 Experiments

We assess the performance of our proposed model on three public VSOD benchmark

datasets: DAVIS [21], VOS [23], and DAVSOD [22]. Three evaluation criteria are

employed to assess both our method and the competing methods, which consist of

Mean Absolute Error (MAE), S-measure (Sm), and F-measure (Fβ).

3.4.1 Implementation details

Model details: We employ a pretrained ResNet-50 model [52] on the ImageNet [53]

as our backbone architecture. We capture the output from the conv4 layer for

feature extraction. Our segmentation head comprises three refinement modules,

each is integrated with skip connections to the backbone’s intermediate layers. This

progressive configuration systematically enhances the spatial dimensions of the query

representation from H
16
× H

16
to H

4
× H

4
. To generate the final probability map with

dimensions H ×W , we employ a convolutional layer, followed by an interpolation

operation and a softmax layer.

Training We implement a two-stage training approach for our model, following

the practice of several existing methodologies [54]. Initially, the model undergoes

training on static images utilizing the S-DUTS saliency dataset [13], followed by

creating sequence training samples using image augmentation. Subsequently, in the

second stage, the model undergoes further training on video sequences sourced from

DAVIS [21] and Youtube-VOS [55]. Further details on these datasets can be found in

Chapter 2.

Inference Our model removes the need for Teacher Attention operations during

inference, decreasing extra parameters and computational overhead. The inference

stage relies solely on the student attention mechanism, which utilizes the standard

scaled dot-product attention to generate output features.

3.4.2 Comparisons with State-of-the-art Models

Quantitative Comparison Table 3.1 presents the results of our method compared

to the other SOTA methods. Our KHMF-Net outperforms all weakly supervised
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Figure 3.3: Visual comparisons with state-of-the-art VSOD methods. Each column
represents a method, and each row shows the saliency map of a frame on DAVIS. The
second column displays the object-level ground truth (GT). Notably, some of our results
outperform even certain fully supervised methods.

and unsupervised methods, including GF [47], SAG [48], SSOD [13], WSVSOD [8],

WSVP [49], PSW [40], CFMR [15] and SAM-SNet [12]. Furthermore, it demonstrates

competitiveness with fully supervised methods, such as RCRNet [42], PCSA [43],

MQP [44], MMN [45], and IENet [46].

Qualitative Comparison To further assess the effectiveness of our proposed method,

we present visual examples in Figure 3.3, comparing it with other advanced methods.

Our model excels at capturing intricate details and edges of salient objects, surpassing

the performance of the previous weakly supervised method WSVSOD [8]. Notably, our

model even outperforms fully supervised methods such as PSCA [30] and RCRNet [42]

in certain cases. Moreover, our approach demonstrates comparable performance to

fully supervised methods in challenging scenarios characterized by complex scenes (row

1,2 ), swift motion (row 3, 4 ), and variations pose (row 5, 6 ). Impressively, as shown

row 2, our method accurately predicts the structural information of salient objects,

even when partially occluded, demonstrating the effectiveness of the Hierarchical

Memory Block in preserving object information from historical frames. Additionally,

as seen in rows 3 and 4, our method excels at localizing rapid motion of salient objects,
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Table 3.2: Experimental results for seven variations of our method on the DAVIS are
showcased. The superior scores are emphasized in the red font.

AMF R-W Dual-attn LFL LPCE LBPC MAE↓ Sm↑ Fβ↑
✓ ✓ ✓ ✓ ✓ ✓ 0.022 0.890 0.886

Concat ✓ ✓ ✓ ✓ ✓ 0.029 0.863 0.851
Add ✓ ✓ ✓ ✓ ✓ 0.027 0.835 0.863
✓ × ✓ ✓ ✓ ✓ 0.026 0.851 0.848
✓ ✓ Single ✓ ✓ ✓ 0.025 0.891 0.882
✓ ✓ ✓ ✓ × ✓ 0.029 0.846 0.863
✓ ✓ ✓ ✓ ✓ × 0.033 0.794 0.842
✓ ✓ ✓ ✓ × × 0.038 0.763 0.835

further emphasizing its capability in capturing robust spatiotemporal context. Finally,

in scenarios with frequent movement variations, such as dancing (rows 5 and 6 ), our

model effectively captures intricate details and sharp edges of salient objects while

minimizing background distractions.

3.4.3 Ablation Analyses

Ablation studies were conducted to analyze KHMF-Net, with evaluations on the

DAVIS [21]. Table 3.2 shows that our method achieves the best performance when

all components are included, highlighting the importance of the loss functions and

modules for effective training.

3.4.4 Effect of Adaptive Memory Fusion

To evaluate the influence of the Adaptive Memory Fusion (AMF) module, we provide

an experiment where it was substituted with a straightforward fusion approach that

lacks the adaptive parameters α and γ, and additionally, with a direct concatenation

operation applied to salient maps from the Memory Bank. The variants are defined

as:

Madd
f = Ms + Mc + Me, (3.15)

M concat
f = Concat(Ms,Mc,Me). (3.16)

Compared to our fully integrated model (as depicted in the first row), Replacing

AMF with more straightforward methods such as concatenation (second row) and

addition (third row) within the Memory Fusion Block leads to a decline in performance

by 0.7% and 0.5% in terms of MAE, respectively. This observation underscores the
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Table 3.3: Experimental results of our KHMF-Net under different memory capacity on
DAVIS 2016 validation set.

c=1 c=2 c=4 c=8 c=16
MAE ↓ 0.037 0.029 0.022 0.026 0.028
Sm ↑ 0.798 0.887 0.890 0.883 0.875
Fβ ↑ 0.867 0.878 0.886 0.882 0.880

significance of the AMF in enhancing the model’s overall effectiveness. The training

process for the adaptive parameters α and γ is illustrated in Figure 3.4, showing that

these parameters exhibit stabilization after epoch 83.

0 20 40 60 80 100
Epochs

0.0

0.2

0.4

0.6

0.8

1.0

Figure 3.4: The training process for the adaptive parameters α and γ of Adaptive
Memory Fusion

Interactive Equalized Matching To substantiate the effectiveness of Interactive

Equalized Matching, we conducted ablation experiments on the Reference-Wise (R-W)

Softmax component. Compared to the surjective matching method [41], the R-W

Softmax equalizes the potential contributions to the query frame, thereby preventing

excessive referencing of reference frame details like the background. Visual examples

illustrating the effects of surjective matching and IEM can be found in Figure 3.5. It

is evident that equalizing the matching scores aids in mitigating excessive referencing

of the background, thus bolstering the robustness of the equalized matching.

Effect of the memory capacity To explore the impact of memory capacity c, we

evaluate our method’s performance across various memory capacities and present the

experimental findings in Table 3.4. Performance demonstrates enhancement as the
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Figure 3.5: Visualization of surjective matching and IEM

memory capacity c increases until it reaches saturation around c = 4.

Knowledge-sharing strategy Compared with the experiment utilizing single atten-

tion (the fifth row), our complete model utilizing the scribble annotation mask as an

additional clue enhances the performance of salient object detection. By integrating

the Knowledge-sharing strategy, our model directly shared the enhanced weights from

the Teacher Attention, rather than solely mimicking these attentions.

Effect of Partial Cross-Entropy Loss In the sixth row of Table 3.2, we list the

results of investigating the effects of excluding the smoothness loss LPCE from the

overall loss function L. Excluding LPCE leads to a significant performance decline

of 0.7%. This outcome highlights the crucial role of dense supervision in accurately

predicting the entire target mask and reaffirms the effectiveness of leveraging pairwise

pixel relationships for achieving dense supervision.

Effect of Bidirectional Prediction Consistency Loss To evaluate the impact

of the Bidirectional Prediction Consistency (BPC) loss, we conduct an additional

experiment in which LBPC is excluded from the overall loss function L. The model is

then trained using only the residual loss components, as illustrated in the seventh row.

The decrease in performance highlights the importance of LBPC in improving video

salient object detection, especially in scribble-supervised learning.

3.4.5 Ablation Analyses

A series of ablation studies are conducted to analyze our proposed KHMF-Net, with

evaluations performed on the DAVIS dataset [21]. Table 3.2 presents that our method

achieved the highest performance when all components were included, indicating the

essential nature of the loss functions and modules for successful training.
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Table 3.4: Experimental results of our KHMF-Net under different memory capacity on
DAVIS 2016 validation set.

c=1 c=2 c=4 c=8 c=16
MAE ↓ 0.037 0.029 0.022 0.026 0.028
Sm ↑ 0.798 0.887 0.890 0.883 0.875
Fβ ↑ 0.867 0.878 0.886 0.882 0.880

3.4.5.1 Effect of Adaptive Memory Fusion

To evaluate the influence of the Adaptive Memory Fusion (AMF) module, we provide

an experiment where it was substituted with a straightforward fusion approach that

lacks the adaptive parameters α and γ, and additionally, with a direct concatenation

operation applied to salient maps from the Memory Bank. The variants are defined

as:

Madd
f = Ms + Mc + Me, (3.17)

M concat
f = Concat(Ms,Mc,Me). (3.18)

3.4.5.2 Effect of Adaptive Memory Fusion

Compared to our fully integrated model (as depicted in the first row), Replacing AMF

with more straightforward methods such as concatenation (second row) and addition

(third row) within the Memory Fusion Block leads to a decline in performance by 0.7%

and 0.5% in terms of MAE, respectively. This observation underscores the significance

of the AMF in enhancing the model’s overall effectiveness.

3.4.5.3 Interactive Equalized Matching

To substantiate the effectiveness of Interactive Equalized Matching, we conducted

ablation experiments on the Reference-Wise (R-W) Softmax component. Compared

to the surjective matching method [41], the R-W Softmax equalizes the potential

contributions to the query frame, thereby preventing excessive referencing of reference

frame details like the background. Visual examples illustrating the effects of surjective

matching and IEM can be found in Figure 3.5. It is evident that equalizing the

matching scores aids in mitigating excessive referencing of the background, thus

bolstering the robustness of the equalized matching.
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3.4.5.4 Effect of the memory capacity

To explore the impact of memory capacity c, we evaluate our method’s performance

across various memory capacities and present the experimental findings in Table 3.4.

Performance demonstrates enhancement as the memory capacity c increases until it

reaches saturation around c = 4.

3.4.5.5 Knowledge-sharing strategy

Compared with the experiment utilizing single attention (the fifth row), our complete

model utilizing the scribble annotation mask as an additional clue enhances the

performance of salient object detection. By integrating the Knowledge-sharing strategy,

our model directly shared the enhanced weights from the Teacher Attention, rather

than solely mimicking these attentions.

3.4.5.6 Effect of Partial Cross-Entropy Loss

In the sixth row of Table 3.2, we list the results of investigating the effects of excluding

the smoothness loss LPCE from the overall loss function L. Excluding LPCE leads to

a significant performance decline of 0.7%. This outcome highlights the crucial role of

dense supervision in accurately predicting the entire target mask and reaffirms the

effectiveness of leveraging pairwise pixel relationships for achieving dense supervision.

3.4.5.7 Effect of Bidirectional Prediction Consistency Loss

To evaluate the impact of the Bidirectional Prediction Consistency (BPC) loss, we

conduct an additional experiment in which LBPC is excluded from the overall loss

function L. The model is then trained using only the residual loss components, as

illustrated in the seventh row. The decrease in performance highlights the importance

of LBPC in improving video salient object detection, especially in scribble-supervised

learning.

3.5 Conclusion

We have presented a novel weakly-supervised Video Salient Object Detection (VSOD)

network to address error accumulation and susceptibility to background distractions.
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We propose a Hierarchical Memory Bank (HMB) to store historical segmentations

at three confidence levels, facilitating an effective expansion process through scrib-

ble annotation. An Adaptive Memory Fusion (AMF) module with an Interactive

Equalized Matching (IEM) module is proposed to enhance query performance and

ensure consistent confidence assessments across diverse conditions. We also devise a

Knowledge-sharing strategy based on a dual-attention mechanism to improve matching

process using sparse annotations. Experimental results demonstrate that our model

effectively competes against weakly supervised VSOD methods and even outperforms

some fully supervised methods, representing a significant advancement in VSOD

research.
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Chapter 4

Multimodal Energy Prompting for

Video Salient Object Detection

Video Salient Object Detection (VSOD) aims to identify the most visually conspicuous

objects in videos and extract key information from complex visual scenes. Recent stud-

ies attempt to combine optical flow and depth for complementary feature extraction.

However, suboptimal fusion strategies often treat these modalities merely as extensions

of the RGB stream, failing to fully leverage their unique semantic contributions. To

address this limitation, we propose a novel Multimodal Energy Prompting Network

(MEPNet), which utilizes implicit prompts derived from optical flow and depth within

a pre-trained Segment Anything Model (SAM). This approach enhances VSOD by

effectively integrating the complementary dynamic and structural information from

these modalities. Particularly, we introduce a Spectrogram Energy Generator (SEG)

to extract spectrogram energy from OF and depth, generating energy-driven prompts

to fine-tune SAM via the Modality Energy Adapter (MEA), effectively mitigating

noise interference and improving segmentation accuracy. In addition, we propose

a Circular High-frequency Filter (CHF) to enhance RGB modality details using an

adaptive circular mask. Extensive experiments on five VSOD benchmark datasets

demonstrate that our MEPNet outperforms state-of-the-art approaches, achieving

superior performance. Furthermore, our MEPNet can be generalized in the Video-

Camouflaged Object Detection (VCOD) task and also achieve competitive results.

Note that the content presented in this chapter has been published in the Pattern

Analysis and Applications.
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4.1 Introduction

Figure 4.1: The figure shows the RGB, OF (optical flow), depth, and GT (ground truth),
respectively. In complex backgrounds, both OF and depth exhibit significant noise,
and treating them as equivalent or supplementary modalities overlooks their distinct
semantic contributions. Furthermore, our experiments indicate that although OF and
depth data can serve as either implicit or explicit prompts for SAM, the implicit prompts
generated by the proposed Spectrogram Energy Generator (SEG) significantly reduce
noise interference, thereby enhancing performance.

Video salient object detection (VSOD) aims to identify the most visually conspicuous

objects in videos and extract key information from complex visual scenes. VSOD

is essential to understand video content and has substantial implications for various

real-world applications, including video compression [1], video summarization [2],

autonomous driving [3], and video surveillance [4].

Despite extensive research conducted on VSOD, most existing methods [5–7] focus

mainly on the synergy between temporal and spatial information. Intuitively, temporal

features are typically extracted from optical flow (OF) and have been widely used

to improve short-term motion details [8–10]. However, these methods, relying solely

on OF and RGB data, cannot accurately discern spatial relationships and depth

variances between the target object and the background in complex scenes. Depth cues

provide valuable supplementary spatial position information, and have been effectively

utilized in static image Salient Object Detection (SOD) [11, 12] with impressive

results in feature fusion optimization. Nevertheless, spatial depth information remains

insufficiently explored in the context of VSOD. Recent approaches [13, 14] have

attempted to integrate OF and depth concurrently as complementary dynamic and

spatial features. However, these methods often treat OF and depth merely as extensions

of the RGB stream, overlooking their distinct semantic contributions. Consequently,

their fusion strategies remain suboptimal, failing to fully harness the complementary
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potential of these modalities to model complex video contexts.

To address the challenges associated with directly fusing OF and depth with RGB

data, we propose MEPNet, an innovative Multimodal Energy Prompting Network

(MEPNet), that leverages implicit prompts derived from OF and depth within the

pre-trained Segment Anything Model (SAM) [15]. As a powerful foundation model for

segmentation, SAM is designed to generate high-quality masks from diverse prompts,

making it particularly well-suited for capturing complex visual cues in VSOD. By

integrating SAM, our network improves the extraction and generalization of task-

specific VSOD features, enabling more robust and adaptive in dynamic video scenes.

Given that the intertwined dynamics of object movement and camera ego-motion [16]

introduce noise into the OF and depth modalities (as shown in Figure 4.1) directly

using them as explicit prompts for SAM may degrade segmentation accuracy. Inspired

by the stable energy and rhythmic consistency observed in speech signals [17, 18],

we design a Spectrogram Energy Generator (SEG) to compute Spectrogram Energy

for each frame and integrate it into SAM through the Modality-Energy Adapter

(MEA). Similar to how an individual’s speech exhibits stable energy patterns, object

motion in videos often follows an inertia-driven trajectory, resulting in consistent

energy distributions across frames. SEG utilizes the Short-Time Fourier Transform

(STFT) to compute these energy values, producing multimodal energy prompts that

enable robust region membership assessment. The generated multimodal energy

prompts mitigate noise interference and significantly outperform direct OF and depth

prompting strategies.

Furthermore, we introduce a Circular High-frequency Filter (CHF) to refine fine details

in the RGB domain by leveraging a SAM-driven spatio-temporal network guided by

broad semantic features. Unlike previous methods [19, 20], which rely on manually

defined filters, our approach employs a circular mask whose radius is adaptively ad-

justed through learnable parameter. This design is both straightforward and flexible,

effectively overcoming the limitations of manual tuning. Extensive evaluations on

five VSOD benchmark datasets demonstrate that our network consistently outper-

forms state-of-the-art methods, achieving superior results across multiple performance

metrics.

In summary, our main contributions are as follows.

• We propose a Multimodal Energy Prompting Network (MEPNet), which lever-
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ages implicit prompts derived from optical flow and depth to fine-tune a SAM via

the Modality-Energy Adapter (MEA). By utilizing SAM’s segmentation capabil-

ity, our method effectively integrates dynamic and structural cues, improving

the extraction and generalization of task-specific VSOD features.

• We design a Spectrogram Energy Generator (SEG), which draws inspiration

from the concept of energy in speech processing. SEG applies the Short-Time

Fourier Transform (STFT) to compute Spectrogram Energy, thereby effectively

minimizing noise interference and outperforming the direct use of optical flow

and depth as prompts in VSOD tasks.

• To mitigate noise interference in multimodal prompting, we design a Spectrogram

Energy Generator (SEG) inspired by speech processing. SEG applies the Short-

Time Fourier Transform (STFT) to compute Spectrogram Energy and reduce

noise interference, outperforming the direct use of optical flow and depth as

prompts in VSOD tasks.

• We propose a Circular High-frequency Filter (CHF) that refines high-frequency

details in RGB images. Unlike previous hand-crafted filters, CHF adaptively

adjusts its radius using learnable parameter, enabling automatic and precise

filtering.

• Our method achieves state-of-the-art performance on VSOD benchmarks. Fur-

thermore, it demonstrates strong generalization to Video Camouflage Object

Detection (VCOD) tasks, surpassing existing methods on two VCOD datasets,

MoCA-Mask [21] and CAD [22], thus further validating its effectiveness across

various video segmentation challenges.

The following content of this chapter is: Section 4.2 briefly reviews recent WSOD

methods. Section 4.3 details the proposed MEPNet. Section 4.4 gives quantitative

and qualitative experiments. Section 4.5 is the conclusion of the chapter.

4.2 Related work

We provide a brief primer on Salient Object Detection in video sequences. Mean-

while, this section also reviews common prompt techniques in computer vision and

Spectrogram Energy theory.
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Figure 4.2: Overview of our MEPNet architecture. The Spectrogram Energy Generator
(SEG) generates motion energy prompts from optical flow (OF) and depth streams,
which are processed by the Modality-Energy Adapter (MEA) before being fed into the
SAM encoder, alongside enhanced RGB features extracted by the Appearance Extractor.
The Circular High-frequency Filter (CHF) further enhances RGB details. SAM encoder
layers are fine-tuned with these prompts and features. The Refinement Fusion Module
(RFM) employs BConv layers for multiscale feature fusion, resulting in the final salient
map.

4.2.1 Video Salient Object Detection

Many deep learning methods for Video Salient Object Detection (VSOD) have achieved

significant success [5–7, 23]. Several approaches extract motion details from optical

flow to tackle complex real-world scenarios and enhance their VSOD performance.

Some methods [8, 10, 24] uncover spatio-temporal correlations in object saliency by

using optical flow as an auxiliary to guide the RGB modality. Meanwhile, some

methods [25, 26] treat optical flow and RGB equally, using them together as inputs to

exploit temporally concatenated deep features. Unlike in RGB-D static image SOD,

where depth information is often used independently, depth information in VSOD

is typically combined with optical flow as auxiliary modalities to support the RGB

modality. This combination better adapts to complex backgrounds by leveraging

depth and motion cues. Lin et al.[14] integrated depth and optical flow with RGB

information through modality-specific branches to improve VSOD performance. Li et

al.[13] introduced DCTNet+, a three-stream network using depth and optical flow

as auxiliary modalities, with multimodal attention and post-fusion modules. Chen

et al.[27] integrated dynamic message propagation with a multilevel strategy to fuse

multimodal information for VSOD. Inspired by recent advancements, our research
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aims to enhance VSOD accuracy by incorporating additional depth and optical flow

information, expanding the field of multimodal VSOD.

4.2.2 Prompt in Computer Vision

Prompting originated in NLP [28] and has been successfully integrated into various

computer vision applications [29]. VPT [30] uses learnable parameters as implicit

prompts for transformer encoders, exceeding the full fine-tuning in many downstream

tasks. Similarly, AdaptFormer [31] introduces lightweight modules to ViT, outper-

forming fully fine-tuned models in action recognition. Explicit prompting[19, 20],

applied as task-specific knowledge, enhances model generalization in downstream tasks,

particularly in scenarios with limited labeled data. ViPT[32] introduces modality-

complementary prompts for multimodal tracking. In contrast, our MEPNet is designed

for multimodal dense prediction in VSOD, introducing an innovative multi-prompt

learning strategy that leverages energy prompts across multiple modalities. Extensive

experiments validate its superior performance in multimodal VSOD.

4.2.3 Spectrogram Energy

The Short-Time Fourier Transform (STFT) is a well-established method in speech

signal processing that is commonly used to capture temporal and spectral charac-

teristics in audio signals. This technique has proven effective for tasks such as voice

activity detection [33, 34], speech enhancement [18], and emotion recognition [17]

by analyzing energy distribution patterns over short time intervals. Our concept of

energy is different from existing measures in computer vision [35, 36], which typically

rely on motion magnitude and motion direction. Our MEPNet pioneers the use of

STFT to evaluate Spectrogram Energy changes across video frames, specifically to

depth and optical flow data. This innovative strategy enhances motion dynamics

representation and effectively leverages multimodal information to improve video

salient object detection.

4.3 Method

In this section, we present MEPNet, beginning with an exploration of its multi-stream
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encoder-decoder architecture and its functionality in processing various modalities. We

then delve into the Spectrogram Energy Generator (SEG), which generates dynamic

prompts to enhance feature representation. Following that, we discuss the SAM encoder

and the Refinement Fusion Module (RFM), emphasizing their roles in achieving precise

feature integration. We also analyze the contributions of the Circular High-frequency

Filter (CHF) in refining RGB stream.

4.3.1 MEPNet Architecture Overview

The architecture of our MEPNet is illustrated in Figure 4.2, which shows a multi-stream

encoder-decoder structure. Specifically, the Spectrogram Energy Generator (SEG)

computes Spectrogram Energy from auxiliary modalities (optical flow and depth)

to generate prompts. Subsequently, the SAM encoder processes the enhanced RGB

features and energy prompts using a ViT-H/16 model, which features 14×14 windowed

attention and four global attention blocks. To further enhance the RGB modality, we

apply the Circular High-frequency Filter (CHF) to capture high-frequency components

from the frequency domain. These enhanced RGB features are then refined by the

Appearance Extractor. Notably, the pre-trained SAM encoder’s weights are kept fixed,

with minimal trainable parameters added for efficient training. The Refinement Fusion

Module (RFM) predicts the final mask using a multiscale strategy to leverage higher-

resolution feature maps. Additionally, BConv modules are employed for multiscale

feature fusion, which ultimately generates the salient map.

4.3.2 Spectrogram Energy Generator(SEG)

We introduce a novel Spectrogram Energy Generator (SEG) that enhances the analysis

of dynamic changes in video data. Unlike previous methods [35, 36] that rely primarily

on RGB spatial data in the optical flow field to determine the motion distribution, we

directly assess dynamic changes by computing the Spectrogram Energy of auxiliary

modalities, specifically optical flow and depth. The magnitude spectrum, commonly

used in image processing to analyze texture and edges, serves as a fundamental tool.

Using the temporal features of the video, we calculate the Spectrogram Energy of

optical flow Et
(o) and depth modality Et

(d) over multiple frames to effectively capture
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Figure 4.3: Architecture of the proposed Modality-Energy Adapter (MEA). The Spectro-
gram Energy tunes the RGB-modality features, and the Adapter merges these features.

dynamic changes. The computation is performed as follows:

Et
(o) =

√∑
f

|X(f(o), t)|2, (4.1)

Et
(d) =

√∑
f

|X(f(d), t)|2, (4.2)

where f and t represent the frequency and the t-th query frame, respectively, and X

denotes the short-time Fourier transform (STFT). The calculated Et
(o) and Et

(d) serve as

explicit prompts to fine-tune the SAM encoder.The optical flow and depth information

frequently involve noise resulting from the complex interplay between object motion,

camera ego-motion, and intricate backgrounds. Our method of Spectrogram Energy

filtering effectively eliminates noise stemming from irregular energy levels, yielding more

precise prompts for prompt learning and enhancing the model’s guidance accuracy.



4.3 Method 75

4.3.3 Modality-Energy Adapter (MEA)

We integrate Spectrogram Energy as an additional auxiliary modality, temporally

synchronized and spatially aligned with the RGB stream. As shown in Figure 4.3,

the MEA module first inputs the energy flow E(o) and E(d) into a patch embedding

layer. The E is then mapped and flattened into a D-dimensional latent space, forming

Energy tokens of the same dimension as the RGB tokens. To ensure efficient and

effective adaptation across all layers, we use an adapter comprising two MLPs with

an activation function in between. In this configuration, the i-th adapter processes

the energy information Ei to generate the prompt P i by:

P i = MLPup(GELU(MLPi
tune(E

i
(o) + Ei

(d)))). (4.3)

Here, the linear layers MLPi
tune are employed to produce task-specific prompt for each

adapter, while MLPup serves as a shared up-projection layer to adjust the dimensions

of transformer features uniformly across all adapters. The prompt token sequences

P i originate from the (l + 1)-th adapter block, where i corresponds to the number of

transformer layers in the SAM encoder. By incorporating stage-wise adapter blocks

at each stage, we effectively leverage Spectrogram Energy information from diverse

levels and modalities. The direct integration of prompts into the intermediate features

of the base model facilitates the seamless application of our network to pre-trained

foundation models for VSOD.

Notably, unlike prompt-tuning approaches such as SAM-Adapter [20] that involve

trainable prompt-learning networks and prediction heads, all RGB-modal relevant

network parameters in our model, including patch embedding and SAM Encoder

Layers, remain frozen.

4.3.4 Circular High-frequency Filter (CHF)

The processing of task-specific information in videos and images, particularly within

the RGB stream, often involves leveraging texture or frequency cues. In terms of

frequency information, a widely used approach is to extract high-frequency components

as described in [19, 37], which capture fine details and serve as complementary signals

to the visual content. Specifically, this method involves suppressing low-frequency
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Figure 4.4: An example of using the Circular High-frequency Filter (CHF) to improve
image quality. The RGB image is transformed to frequency domain representation
by the Fast Fourier Transform (FFT) at first, then high frequency components are
filtered out, and the InverseFast Fourier Transform (IFFT) is applied to reconstruct the
image. Compared to previous methods that suppress low-frequency components within
a rectangular central region (green box), our approach adopts a circular central region
(orange circle), which provides better coverage of the low-frequency distribution.

components in the frequency domain using the Fast Fourier Transform (FFT), as

recommended in [19]. To obtain high-frequency details, the low-frequency coefficients

are first shifted to the center at (H
2
, W

2
); then create a binary mask Mh ∈ {0, 1}H×W

and apply it to the frequency component z based on a mask ratio τ :

M i,j
h (τ) =

0,
4|(i−H

2
)(j−W

2
)|

HW
≤ τ

1, otherwise
. (4.4)

Here, H and W denote the height and width of the frame I. The symbol τ denotes the

surface ratio of the masked regions, as the green box region in Figure 4.4. The Inverse

Fast Fourier Transform (IFFT) is used to reconstruct the image from the masked

frequency components. We use z to represent the frequency component of I, defining

z = FFT(I) and I = IFFT(z). The computation of high-frequency components Ihfc

can be expressed as:

Ihfc = IFFT(zMh(τ)). (4.5)

However, the 2D frequency spectrum shown in Figure 4.4 reveals that the low fre-

quencies concentrate in the central area, forming an approximately circular pattern.

Utilizing an equivalently sized circular region (orange in Figure 4.4) to represent low

frequencies can provide more precise masking of the low-frequency zone, aligning

closely with intuitive perception.

In contrast to conventional fixed hyperparameter approaches [19, 20], we introduce a

learnable parameter ρ, to dynamically mask the extraction of high-frequency compo-
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nents. The masking process is defined as follows:

M i,j
h (τ) =

0,

√
(i−H

2
)2+(j−W

2
)2

HW
≤ ρ

1, otherwise
. (4.6)

Using learnable parameter ρ allows for adaptive adjustment though backpropagation in

the capture of detailed information, thereby enhancing the flexibility and effectiveness

of the method in varying datasets and conditions. Our CHF utilizes a circular mask

based on Euclidean distance, which more precisely aligns with the radial distribution

of low frequencies.

4.3.5 Refinement Fusion Module and Loss

Based on the concepts introduced in previous work [38], our approach incorporates

a multiscale strategy to maximize the utilization of high-resolution feature maps in

the object decoder [38, 39]. This strategy employs masked attention to accurately

distinguish semantics between the foreground and background. Specifically, the

Refinement Fusion Module (RFM) uses masked cross-attention to merge dual-scale

features through aggregation. As depicted in Figure 4.2, BConv is applied to adjust

the dual-scale features before implementing masked attention. By leveraging shared

regions with rich information and minimal background noise from the dual-scale

features, our method effectively utilizes the valuable content in these regions.

To optimize the performance of our MEPNet, we employ a combination of binary

cross-entropy (BCE) loss and intersection-over-union (IoU) loss [40]. The total loss

function is defined as:

ltotal =
4∑

i=1

(
1

2i−1

)
(lbce(Si, G) + liou(Si, G)), (4.7)

where Si represents the output resized to the input size from the i-th decoder layer,

and G signifies the ground truth. The terms lbce(Si, G) and liou(Si, G) correspond

to the binary cross-entropy (BCE) loss and the intersection-over-union (IoU) loss,

respectively. The BCE loss is defined as:

lbce(Si, G) = − 1

N

N∑
j=1

[Gj log(Sij) + (1−Gj) log(1− Sij)] , (4.8)
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Table 4.1: Quantitative comparisons with state-of-the-art models on five widely used
VSOD datasets. Symbols ↑ and ↓ donate larger and smaller is better, respectively.
Symbol ‘-’ means that results are not provided. We use red and blue to indicate the two
best scores.

Method
DAVIS [41] VOS [42] FBMS [43] SegV2 [44] DAVSOD [45]

MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑ MAE ↓ Sm ↑ Fβ ↑
SSAV [45]ICCV ′19 0.028 0.893 0.861 0.091 0.786 0.704 0.040 0.879 0.865 0.023 0.851 0.798 0.084 0.755 0.659
MGAN [46]ICCV ′19 0.022 0.913 0.893 0.069 0.807 0.743 0.026 0.912 0.909 0.024 0.895 0.840 0.079 0.757 0.663
PCSA [47]AAAI′20 0.022 0.902 0.880 0.065 0.828 0.747 0.040 0.868 0.837 0.024 0.828 0.747 0.086 0.741 0.656
FSNet [48]ICCV ′21 0.020 0.920 0.907 0.108 0.703 0.659 0.041 0.890 0.888 0.025 0.870 0.806 0.072 0.773 0.685
DCFNet [49]ICCV ′21 0.016 0.914 0.900 0.061 0.845 0.791 0.039 0.873 0.840 0.015 0.883 0.839 0.074 0.741 0.660
DFMNet [50]ACMM ′21 0.025 0.898 0.869 - - - 0.034 0.889 0.880 - - - 0.072 0.774 0.684
UGPL [51]NeurIPS′22 0.020 0.910 0.895 0.078 0.764 0.766 0.027 0.900 0.892 0.025 0.860 0.803 0.074 0.749 0.658
MGTNet [52]SPL′22 0.015 0.925 0.918 0.062 0.835 0.766 0.033 0.901 0.890 - - - 0.064 0.796 0.721
DMPNet [27]TOMM ′23 0.021 0.905 0.888 - - - 0.038 0.894 0.888 0.014 0.893 0.849 0.069 0.746 0.655
CoSTFormer [8]TNNLS′23 0.014 0.921 0.903 0.081 0.812 0.793 0.036 0.889 0.885 0.016 0.904 0.870 0.061 0.806 0.731
UFGS [53]TMM ′23 0.013 0.921 0.907 - - - 0.033 0.888 0.887 0.012 0.901 0.867 - - -
DCTNet+ [13]NeurIPS′24 0.012 0.930 0.922 0.056 0.858 0.802 0.026 0.916 0.918 0.010 0.931 0.917 0.055 0.818 0.754
MEPNet (Ours) 0.011 0.931 0.920 0.045 0.860 0.803 0.024 0.915 0.923 0.009 0.931 0.913 0.050 0.808 0.736

where Sij is the predicted probability for pixel j in layer i, Gj is the ground-truth

label for pixel j, and N is the total number of pixels. The IoU loss is given by:

liou(Si, G) = 1−
∑N

j=1(Sij ·Gj)∑N
j=1(Sij + Gj − Sij ·Gj)

, (4.9)

where Sij and Gj are as defined above. By integrating the Refinement Fusion Module

with the loss function, we ensure efficient utilization of multiscale features, minimizing

discrepancies in pixel-wise and region-wise predictions compared to the ground-truth

masks.

4.4 Experiments

In this section, we begin by describing the datasets used for training and evaluation,

highlighting their characteristics and relevance to VSOD. Next, we provide imple-

mentation details, including training configurations and model setting details. We

then present comprehensive quantitative and qualitative analyses to demonstrate the

effectiveness of our approach, followed by ablation studies to validate the contribution

of each proposed component.

4.4.1 Datasets

We conduct experiments and assess the performance of our proposed model on five

benchmark VSOD datasets.
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DAVIS2016[41], YouTube-VOS[42], SegV2[44], and DAVSOD[45] are employed

in our experiments, as previously detailed in Chapter 2. Additionally, we also utilize

FBMS[43], which includes 59 video sequences and 720 annotated frames, featuring

multiple moving objects, some of which may remain stationary during certain periods.

In addition, we also evaluate our methods on two Video Camouflaged Object detection

(VCOD) benchmark datasets.

MoCA-Mask [21] is the largest dataset with pixel-level annotations in the VCOD

field, optimized based on the MoCA dataset, comprising a total of 71 sequences for

training and 16 sequences for testing.

CAD[22] is a small camouflaged animal testing dataset that consists of 9 short video

sequences with 181 hand-labeled masks provided for every 5th frame.

4.4.2 Evaluation Metrics

We utilize three evaluation metrics to evaluate our model’s performance in both VSOD

and VCOD tasks. We use Mean Absolute Error (MAE) [54], Structural Measure

(Sm) [55] and mean F-measure (Fβ ) [56] to evaluate SOD models. Further details

on these metrics can be found in Chapter 2.

Following the conventions of VCOD, we adopt two additional evaluation metrics to

assess the performance of our model.

Mean E-measure (Em), a metric that assesses the alignment between model predic-

tions and true labels by integrating pixel-level sensitivity and image-level errors.

Mean Intersection over Union(mIoU) measures the overlap and consistency

between predicted areas and true areas.

The excellent performance indicated by these metrics (lower MAE, higher Sm, Fβ,

Em, and mIoU scores) collectively signifies the model’s exceptional performance.

4.4.3 Implementation Details

For each video frame, we generate a synthetic depth map using DPT [57] within our

MEPNet. Optical flow maps are computed using RAFT [58]. The trimodal inputs,

consisting of RGB, depth and optical flow data, are resized to 448× 448 with a batch
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Figure 4.5: Qualitative comparison of our model and SOTA methods on conventional
VSOD benchmarks.

size of 8. Each stream employs ResNet-34 [59] to capture multiscale representations.

Following [10], we enhance the final layer by integrating the Atrous Spatial Pyramid

Pooling (ASPP) module [60]. The multimodal energy prompts are concatenated

and fed into the SAM encoder. We use the SGD algorithm for optimization, with

initial learning rates set to 1e-4 for the backbones and 1e-3 for other parts. Data

augmentation techniques such as random flipping and cropping are applied.

4.4.4 Comparison with State-of-the-arts

To evaluate the effectiveness of our proposed MEPNet, we perform a comparative

assessment against 12 SOTA methods on VSOD benchmarks, including SSAV [45],

MGAN [46], PCSA [47], FSNet [48], DCFNet [49], DFMNet [50], UGPL [51], MGT-

Net [52], DMPNet [27], CoSTFormer [8], UFGS [53], and DCTNet+ [61]. The

quantitative results across five VSOD datasets are presented in Table 4.1. The results

demonstrate that our method consistently outperforms nearly all competing models,

highlighting its effectiveness in VSOD.

For qualitative evaluation, Figure 4.5 presents a visual comparison between our

MEPNet and other SOTA models, demonstrating its ability to generate sharper saliency

maps with effectively suppressed backgrounds. In scenarios where noise degrades depth

information (Row 1 and Row 2 ), MEPNet effectively reduces background interference,

yielding clearer and more distinguishable foreground objects. For complex backgrounds

(Row 3 and Row 4 ), MEPNet accurately separates salient objects from background

elements, showcasing superior segmentation precision. Additionally, in dynamic scenes
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with fast-moving objects (Row 5 and Row 6 ), MEPNet captures motion details with

high fidelity, maintaining robust saliency detection even under challenging conditions.

In general, the visual results highlight the consistent superiority of MEPNet in diverse

scenarios, demonstrating its robustness and precision in handling intricate visual

challenges.

Table 4.2: Ablation on the architecture on DAVIS 2016 validation set. The proposed
Energy prompting strategy performs more effectively.

Method
Trianable
Param.

MAE↓ Sm↑ Fβ↑

SAM Encoder (w/o prompt) 6.11M 0.241 0.855 0.814
Implicit Prompt 6.24M 0.220 0.872 0.851
Explicit Prompt(hand-crafted) 6.52M 0.017 0.907 0.883
Energy Prompt (w/o optical flow) 6.31M 0.014 0.915 0.901
Energy Prompt (w/o depth) 6.31M 0.016 0.911 0.908
Energy Prompt 6.42M 0.013 0.924 0.921
Energy Prompt (w/ CHF) 6.42M 0.011 0.931 0.920

Table 4.3: Experimental results of Circular High-frequency Filter under different τ on
DAVIS 2016 validation set.

Rectangle Mask Circular Mask

τ=10% τ=25% τ=10% τ=25% τ=ρ

MAE ↓ 0.0137 0.0126 0.0125 0.0118 0.0112
Sm ↑ 0.9251 0.9280 0.9279 0.9301 0.9313
Fβ ↑ 0.9065 0.9189 0.9048 0.9190 0.9204

4.4.5 Ablation Study

We conduct thorough ablation studies by removing or replacing components from the

full implementation of MEPNet on DAVIS to evaluate the contribution of each key

component.

4.4.5.1 Architecture Design

To verify the effectiveness of the proposed visual prompting architecture, we modify

it into different variants. As shown in Table 4.2, we use the SAM Encoder without

prompting as the baseline. For the implicit prompt, we follow the approach described in

[30], aligning the number of prompt tokens with the number of image embed tokens. We

also compare implicit prompts with hand-crafted rules as explicit prompts. Although
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Table 4.4: Quantitative comparisons with state-of-the-art models on two widely used
VCOD datasets. Symbols ↑ and ↓ donate larger and smaller is better, respectively. We
use red and blue to indicate the two best scores.

Method
CAD [22] MoCA-Mask-TE [21]

MAE ↓ Sm ↑ Fβ ↑ Em ↑ mIoU ↑ MAE ↓ Sm ↑ Fβ ↑ Em ↑ mIoU ↑
RCRNet [65]ICCV ′19 0.043 0.627 0.287 0.666 0.229 0.025 0.597 0.174 0.025 0.137
PNS-Net [66]MICC′21 0.043 0.678 0.396 0.720 0.308 0.038 0.576 0.134 0.562 0.133
MG [67]ICCV ′21 0.370 0.484 0.314 0.558 0.260 0.095 0.547 0.165 0.537 0.141
SLT-Net [21]CV PR′22 0.028 0.704 0.524 0.912 0.438 0.021 0.656 0.357 0.785 0.310
IMEX [68]TMM ′24 0.033 0.684 0.452 0.813 0.370 0.020 0.661 0.371 0.778 0.319
TSP-SAM [69]CV PR′24 0.031 0.681 0.500 0.853 0.393 0.012 0.673 0.400 0.766 0.345
CQF [70]TCSV T ′24 0.022 0.732 0.556 0.755 0.445 0.011 0.683 0.388 0.752 0.334
MEPNet (Ours) 0.021 0.752 0.608 0.855 0.491 0.011 0.677 0.415 0.773 0.351

using hand-crafted heuristic cues such as chromaticity, intensity, and texture [62–64]

achieve good results, they still could not exceed the performance of using auxiliary

modalities as prompts. Our Energy Prompt configurations, whether integrating optical

flow or depth individually, outperform existing prompting methods. Notably, the

full Energy Prompt setup, which incorporates both optical flow and depth prompts,

achieves the best results when combined with CHF, highlighting its effectiveness in

enhancing model accuracy.

4.4.5.2 Effectiveness of Spectrogram Energy

Using Spectrogram Energy extracted from the optical flow and depth information as

prompts for the SAM Encoder significantly enhances the model’s performance. To

validate the efficacy of our Spectrogram Energy prompt, we introduce Energy Prompt

tokens for each auxiliary modality individually. As demonstrated in Table 4.2, utilizing

the Spectrogram Energy from either optical flow or depth alone enhances the model’s

performance. However, the fusion of motion energy from both optical flow and depth

results in even more accurate energy prompts, effectively guiding the SAM Encoder.

This synergy leverages depth’s provision of relative positional information, which

compensates for interference caused by the object’s motion relative to the camera. The

MEPNet model demonstrates a favorable trade-off between precision and efficiency,

demonstrating notable improvements in the metrics MAE, Sm, and Fβ.

4.4.5.3 Effectiveness of High-frequency Filter

We further evaluate the different mask shapes and the hyper-parameter mask ratio

τ introduced in Section 4.3.4. From Table 4.3, it is evident that when masking out
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Figure 4.6: Qualitative comparison of our model and SOTA methods on VCOD bench-
marks.

Figure 4.7: Failure cases.
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10% and 25% of the central pixels in the spectrum, the circular mask consistently

performs better than the rectangular mask. Specifically, the circular mask with a

learnable parameter τ = ρ yields the best results in all metrics, with the lowest

MAE and the highest Sm and Fβ values. This indicates that the shape of the mask

and the adaptability of the mask area play a crucial role in the effectiveness of the

High-frequency Filter. Our experiments show that setting τ manually does not achieve

optimal results. Instead, using learnable parameter θ, the model can adaptively select

the mask area to achieve the best performance. This adaptability allows the model

to fine-tune the high-frequency components more precisely, resulting in improved

performance of saliency metrics.

4.4.5.4 Generalizability

Our MEPNet model demonstrates superior performance on VSOD. Meanwhile, we

conduct extension experiments in the VCOD task to evaluate the generalization of our

model, shown in Table 4.4. We compare our method with seven current state-of-the-art

VCOD methods: CQF [70],TSP-SAM [69],IMEX [68],SLT-Net [21], MG [71], PNS-

Net [66] and RCRNet [65]. Additionally, Figure 4.6 presents a qualitative comparison

of our model against SOTA methods on VCOD benchmarks. In particular, our method

achieves significant improvements not only in capturing salient objects but also in

effectively detecting camouflaged targets in complex scenes. These results confirm its

strong generalization ability across diverse visual conditions, demonstrating robustness

in both highly distinguishable and subtle object regions.

4.4.6 Limitations

Figure 4.7 illustrates several representative cases in which MEPNet encounters chal-

lenges in VSOD. In particular, our model occasionally misidentifies non-salient fore-

ground objects as salient due to inherent ambiguities in complex video scenes. This

issue primarily arises from the limitations of existing ground truth (GT) annotations,

which may not always align with human perception, leading to inconsistencies during

training and evaluation.

In addition, structural limitations in saliency detection emerge when dealing with thin

and elongated structures. For example, in Rows 1 and 2, the parachute control lines

are too narrow for the model to accurately preserve. Motion-induced noise further
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contributes to segmentation challenges. In Row 2, water splashes created by the

surfer introduce high-frequency interference, causing the model to over-segment the

surrounding area. Similarly, in Row 3, the presence of multiple salient animals leads

to confusion in assigning primary and secondary salient objects. It should be noted

that such limitations are not unique to MEPNet; other state-of-the-art VSOD models,

including DCTNet [61], CoSTFormer [8], MGTNet [52], UGPL [51], and MGAN [46],

also struggle with these cases. Future work will focus on refining prompt-based learning

strategies to enhance robustness in complex environments and exploring a unified

framework that extends beyond VSOD to VCOD.

4.5 Conclusion

In this paper, we proposed MEPNet, a novel multimodal energy prompting network

for Video Salient Object Detection (VSOD). To address the limitations of directly

using optical flow and depth as prompts due to noise interference, we introduced the

Spectrogram Energy Generator (SEG), which extracts implicit prompts by modeling

Spectrogram Energy, enhancing spatial-temporal representation learning. Additionally,

the Modality-Energy Adapter (MEA) effectively integrates these prompts into a pre-

trained SAM encoder, while the Circular High-frequency Filter (CHF) refines RGB

feature extraction, capturing fine details for more robust detection. Experimental

results clearly demonstrate that our network significantly outperforms existing methods,

highlighting the efficacy of Spectrogram Energy prompting techniques in enhancing

VSOD and VSOD accuracy.

In future work, we aim to expand our research beyond VSOD to explore Video

Camouflaged Object Detection (VCOD), which presents additional challenges due to

the subtle and deceptive nature of camouflaged objects. By investigating the shared

characteristics between VSOD and VCOD, we aspire to develop a unified framework

capable of effectively detecting both salient and camouflaged objects in videos. Such a

model would enhance adaptability across different video analysis tasks and contribute

to a more generalized understanding of object detection in dynamic and complex

environments.
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Chapter 5

Summary

This chapter provides concluding remarks on the thesis, synthesizing

our contributions to Video Salient Object Detection. In Section 5.1, we

review the methods proposed throughout our research, highlighting their

key innovations and effectiveness. Subsequently, in Section 5.2, we explore

potential avenues for future research, outlining how these methods can be

further refined and extended to broader contexts, thereby offering guidance

for subsequent work in the field.

5.1 Research Summary

In this thesis, we have investigated Video Salient Object Detection (VSOD) from

multiple perspectives, encompassing fully supervised, scribble-supervised, and multi-

modal approaches. Our overarching goal is to enhance the reliability and accuracy of

salient object detection in dynamic video contexts. The core methodologies and key

contributions presented in this work are summarized as follows:

Chapter 2 introduces an Inheritance Enhancement Network (IENet) to address the

inadequate utilization of historical frame information in VSOD. IENet incorporates a

Heritable Multi-Frame Attention (HMA) module that employs unidirectional cross-

frame enhancement to fully leverage long-term context and frame-aware temporal

modeling. This heritable strategy ensures consistent, orderly propagation of attention

maps across frames, minimizing interference. An auxiliary attention loss is further

incorporated to guide the network in focusing on target regions based on inherited
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attention maps. The results of the experiments on five benchmark datasets validate

the effectiveness of IENet in retaining finer details from historical frames, thereby

enhancing accuracy and robustness in complex scenarios.

Chapter 3 introduces a Knowledge-sharing Hierarchical Memory Fusion Network

(KHMF-Net) designed to mitigate the limitations of scribble annotations in VSOD. By

incorporating a Hierarchical Memory Bank (HMB) to archive historical segmentation

at multiple confidence levels, KHMF-Net effectively reduces error accumulation and

promotes salient object expansion. To further distinguish background from target

objects, the Adaptive Memory Fusion (AMF) module is coupled with an Interac-

tive Equalized Matching (IEM) strategy and a dual-attention knowledge-sharing

mechanism, improving both accuracy and robustness.

Chapter 4 proposes a Multimodal Energy Prompt Network (MEPNet) to extend

VSOD beyond purely spatio-temporal cues by capitalizing on optical flow and depth

information. Guided by learned knowledge from the Segment Anything Model (SAM),

MEPNet employs a Spectrogram Energy Generator (SEG) to dynamically prompt the

SAM encoder, facilitating more efficient modeling of video content. In addition, a Cir-

cular High-frequency Filter (CHF) is introduced to adaptively enhance RGB modality

details while avoiding constraints associated with hand-crafted design. Experimen-

tal evaluations on five benchmark datasets demonstrate that MEPNet outperforms

existing approaches, affirming the efficacy of combining multimodality prompts with

advanced filtering techniques. Furthermore, the model exhibits robust generalization

across diverse scenarios, surpassing state-of-the-art methods in this domain.

To sum up, this thesis explores innovative strategies to enhance VSOD by addressing

critical challenges under fully supervised, scribble-supervised, and multimodal contexts.

Our approaches have improved accuracy across six public VSOD datasets significantly.

Evaluations on multiple benchmark datasets confirm the efficacy of these methods.

Our works have been published in top-tier conferences and journals (e.g., ACM Multi-

media, Pattern Recognition Letter, and ACM International Conference on Multimedia

in Asia), advancing the field of VSOD with practical and effective solutions.
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5.2 Future work and directions

In this section, we discuss two directions of potential research: self-supervised learning,

as detailed in Section 5.1, and Video Camouflaged Object Detection, discussed in

Section 5.2.

5.2.1 Self-supervised learning

In our research, we employed both fully supervised and scribble-supervised approaches

for action recognition [1, 2]. However, the reliance on extensively annotated datasets

remains challenging, motivating the exploration of self-supervised learning methods

[3, 4]. By leveraging techniques such as the Segment Anything Model (SAM) [5] in

pretraining, we can extract meaningful representations from unlabeled data. Mean-

while, exploiting temporal and spatial structures within videos further enhances the

robustness of VSOD systems [1]. Moreover, integrating contrastive learning and

predictive modeling facilitates the discovery of discriminative features, paving the way

for more efficient and scalable VSOD frameworks in real-world scenarios.

5.2.2 Video Camouflaged Object Detection

In addition, we will investigate Video Camouflaged Object Detection (VCOD), which

builds on image-based Camouflaged Object Detection (COD) by leveraging multi-

frame inputs and temporal cues. While VSOD targets visually prominent objects,

VCOD focuses on deliberately hidden ones, making it more challenging by requiring

both static and dynamic temporal information [6, 7]. To address these challenges,

we will explore multi-scale feature alignment [8] and the Spatial-Mamba Block [9],

thereby enhancing spatial dependency modeling and improving detection performance.

By integrating these modules, we aim to boost accuracy and efficiency even under

occlusion, complex backgrounds, and subtle motion cues, ultimately advancing the

field of camouflaged object detection in videos.
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