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Abstract

Semantic scene understanding is a fundamental capability of autonomous driving
systems, providing crucial perception information for downstream tasks such as lo-
calization, navigation, and decision-making. In complex lighting scenarios such as
nighttime and strong glare, semantic segmentation methods relying solely on RGB
images exhibit performance degradation. Thermal images, being less affected
by changes in ambient lighting, can supplement RGB images. Therefore, RGB-
Thermal (RGB-T) semantic segmentation methods have received widespread at-
tention in recent years. Although current methods have made significant progress
in segmentation capability, several key issues remain unresolved, such as: lack
of interpretability of multi-modal fusion strategies, lack of temporal consistency
in segmentation results, limited training data, and uneven spatial distribution of
segmentation performance. These issues limit the application potential of RGB-T
semantic segmentation in autonomous driving.

To address these challenges, the main contributions of this study are as follows:

First, addressing the insufficient interpretability of multi-modal fusion, this
dissertation analyzes the inherent characteristics of RGB and thermal images un-
der different lighting conditions and proposes an Illumination-Guided Fusion Net-

work (IGFNet). This network generates a weight mask for each pixel through an



il
[llumination Estimation Module (IEM), quantifying the importance of RGB in-
formation at that location. Subsequently, the [llumination-Guided Cross-Modal
Rectification Module (IGCM-RM) adaptively rectifies and fuses RGB and ther-
mal features, thereby more effectively utilizing multi-modal information.

Second, to alleviate the problem of inconsistent segmentation results between
consecutive frames, this dissertation proposes a temporal consistency enhance-
ment framework. Existing methods mostly focus on single-frame segmentation
performance, neglecting temporal consistency, which may lead to hesitation in
autonomous driving decisions. To alleviate this, this dissertation designs a Virtual
View Image Generation (VVIG) module, which uses a virtual view transformation
(VVT) matrix to synthesize the next frame image, and proposes two consistency
loss functions to constrain the segmentation results of consecutive frames. Si-
multaneously, Consistent Accuracy (CA) is introduced as an evaluation metric,
balancing segmentation accuracy and temporal consistency. Experiments demon-
strate that this method improves temporal consistency while maintaining high seg-
mentation accuracy.

Third, this dissertation proposes SyntheticSeg, a synthetic data augmentation
method, to alleviate the problems of scarce training data and class imbalance. First,
a large-scale RGB-T synthetic dataset is constructed using a layout-to-image gen-
erative model for joint training with real data. Furthermore, a sampling mech-
anism considering the scarcity of semantic layout and segmentation difficulty is
designed to selectively sample from synthetic data, thereby alleviating class im-
balance. Experiments show that SyntheticSeg improves performance by 2.2%
compared to baseline methods, with particularly significant results on rare and

difficult-to-segment classes such as guardrail and car stop.
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Fourth, this dissertation is the first to systematically study the spatial perfor-
mance imbalance problem in RGB-T semantic segmentation. The study found that
in autonomous driving scenarios, the segmentation performance of the image cen-
tral regions is often weaker than that of the edge regions. The finding challenges
the conventional wisdom that more training samples lead to better performance”
and points out that target complexity and image quality are the main causes of spa-
tial bias. Based on this, a Gaussian-guided Regional Balancing Masking (GRBM)
method is proposed, which enhances the model’s utilization of the thermal fea-
tures of the central region through masking; simultaneously, a spatially weighted
loss function is designed to further improve model performance. Experimental re-
sults show that this method effectively alleviates spatial bias and improves overall

segmentation accuracy.
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Chapter 1

Introduction

1.1 Background and Motivation

Scene understanding based on semantic segmentation is a key capability for au-
tonomous driving, providing fundamental perception for downstream tasks such as
localization (W. Ma, S. Huang, and Sun 2024; H. Xu, Huaping Liu, S. Huang, et al.
2024; H. Xu, Huaping Liu, Meng, et al. 2023), navigation (Y. Feng and Sun 2024;
Teng et al. 2023; Y. Feng, Hua, and Sun 2023), and decision-making (Y. Feng,
Hua, and Sun 2023). Although advances in deep learning have driven the devel-
opment of semantic segmentation techniques based on RGB images (Ronneberger,
Fischer, and Brox 2015; Badrinarayanan, Kendall, and Cipolla 2017; L.-C. Chen,
Y. Zhu, et al. 2018), they still face significant challenges in practical applications.
Due to the inherent limitations of visible light cameras, existing models can only
capture rich textures under good lighting conditions, while their performance de-
grades significantly under complex lighting conditions such as nighttime or glare

(Ha et al. 2017; Sun, Zuo, and M. Liu 2019), leading to scene understanding fail-



CHAPTER 1. INTRODUCTION 3

ure. These complex scenes are very common in real-world driving, and the failure
of the perception system can pose serious safety risks. Therefore, achieving ro-
bust and accurate segmentation in various environments has become increasingly
urgent.

Thermal imaging is a sensing method independent of visible light. It can effec-
tively capture the thermal radiation information of objects, thus providing crucial
supplementary information under complex lighting conditions that are difficult for
RGB images to handle (Q. Zhang et al. 2021). Given the high similarity in spa-
tial structure between thermal images and RGB images, RGB-Thermal (RGB-T)
semantic segmentation has developed rapidly in recent years. Early research was
mainly based on convolutional neural networks (CNNs), such as MFNet (Ha et
al. 2017) and RTFNet (Sun, Zuo, and M. Liu 2019), which achieved acceptable
segmentation performance through multi-modal fusion strategies. Subsequently,
Transformer-based methods (Xie et al. 2021; J. Zhang, Huayao Liu, et al. 2023;
Shin et al. 2024) established long-range contextual dependencies between pixels
by treating image pixels as sequences, driving progress in this field. Among them,
CMX (J. Zhang, Huayao Liu, et al. 2023), based on Segformer (Xie et al. 2021),
achieved leading performance on the RGB-T semantic segmentation task. Never-
theless, RGB-T semantic segmentation still faces some key challenges that have

not yet been resolved in the practical application of autonomous driving.

1.2 Challenges in RGB-T Semantic Segmentation

Despite significant progress in RGB-T semantic segmentation methods in recent

years, they still face challenges in autonomous driving applications, including fea-
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ture fusion design, temporal consistency, insufficient training data, and spatial per-

formance imbalance.

1.2.1 Challenge I: Lack of Interpretability in Multi-Modal Fu-
sion

Existing fusion methods typically ignore the differences in physical properties be-
tween RGB and thermal images under different lighting conditions. These meth-
ods often treat the network as a black box, implicitly learning the associations
between modalities. However, RGB images provide rich texture details that ther-
mal images lack, and thermal images are more robust to changes in lighting. In
scenes with overexposure during the day (e.g., the sky), underexposure at night
(e.g., low-light areas), or glare (e.g., from headlights), RGB information is easily
degraded or lost (Song et al. 2023). In these situations, thermal images can pro-
vide more stable complementary features. Ignoring these physical characteristics
in existing methods leads to a lack of interpretability in the fusion mechanism,

making it difficult to fully exploit the potential of the two modalities.

1.2.2 Challenge II: Insufficient Temporal Consistency

Most current RGB-T semantic segmentation methods primarily optimize segmen-
tation accuracy for single-frame images, neglecting the consistency of segmenta-
tion results across consecutive frames (Ha et al. 2017; Sun, Zuo, and M. Liu 2019;
J. Zhang, Huayao Liu, et al. 2023; Shin et al. 2024). As shown in Fig. 1.1, existing
methods may produce inconsistent segmentation outputs in adjacent frames, such

as incorrectly identifying a vehicle as a bicycle, leading to a jump in semantic la-
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(b) Sample thermal (c) Sample output

(d) Synthesized RGB (e) Synthesized thermal (f) Synthesized output

Figure 1.1: Inconsistent segmentation results across consecutive frames. The
RGB-T images in the first row are sampled from the MFNet (Ha et al. 2017)
dataset. The RGB-T images in the second row are the synthesized images at the
next moment. The thermal images are visualized with the jet color map. We use
the recent network CMX (J. Zhang, Huayao Liu, et al. 2023) to obtain the segmen-
tation results. The blue and purple colors in the segmentation maps represent bike
and car, respectively.

bels over time. This inconsistency can further affect the decision-making stability
of autonomous driving systems, causing hesitation or misjudgment. To improve
temporal consistency, some studies have attempted to introduce optical flow meth-
ods (Cheng et al. 2017; Nilsson and Sminchisescu 2018); however, under complex
lighting conditions, optical flow estimation itself is prone to errors, thus limiting

the applicability of such methods in real-world scenarios.
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Figure 1.2: The pixel ratio of each class in the training set of MFNet dataset (Ha
et al. 2017) and the IoU for each class of CMX (J. Zhang, Huayao Liu, et al.
2023) and CRM (Shin et al. 2024). We choose CMX using MiT-B2 and MiT-B4
as backbone, and CRM using Swin-S and Swin-B as backbone. This figure shows
the correlation between the class pixel ratio in the training set and the [oU for that
class.

1.2.3 Challenge III: Limited Training Data and Class Imbal-
ance

In supervised RGB-T semantic segmentation tasks, the high cost of data annota-
tion limits the size of existing datasets. For example, the largest available dataset,
MFNet (Ha et al. 2017), contains only 1568 pairs of RGB-T images in its training
set (including 784 flipped pairs). With limited data, simply increasing model com-
plexity is insufficient to consistently improve segmentation performance. Further-
more, as shown in Fig. 1.2, existing datasets suffer from severe class imbalance.
Analysis shows that the pixel ratio of each class is generally positively correlated
with its segmentation performance: for example, the Car has the highest pixel ratio
and the highest IoU, while the Guardrail has the lowest pixel ratio and the lowest

IoU. However, there are exceptions: the Car Stop, with a higher pixel ratio, has
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a lower IoU than the Bump. This indicates that segmentation performance is not
only affected by the class pixel ratio but also closely related to the segmentation

difficulty.

1.2.4 Challenge IV: Spatial Bias in Segmentation Performance

mloU=53.2% He mSOR = 8.2% e
0

IOUedge =54.5% os SORedge =6.0% os

100 + ToU epter=51.7% SOR eper = 10.3%
200 0.6 0.6

L .: e o Kt e O 1,# H .
300 4 : 0.4 . " 0.4
4004 02 02
0 100 200 300 400 500 600 0 100 200 300 400 500 600
0.0 0.0
(a) Pixel-level IoU distribution (b) Sample Occupancy Rate

Figure 1.3: (a) Visualized heatmap of the pixel-level IoU distribution, based on
segmentation results from the test images of the MFNet dataset. IoUgeyer and
IoU,qge are respectively the IoUs at the central and edge regions of the image.
mloU is the mean IoU over the whole image; (b) Visualized heatmap of the Sam-
ple Occupancy Rate (SOR), calculated from the training set of the MFNet dataset.
SOR indicates that how frequently pixels are occupied by a non-background la-
bel, higher SOR indicates more training samples at a pixel location. SOR ¢¢y¢er and
SOR, g are respectively the SOR at the central and edge regions of the image.
mSOR is the mean SOR over the whole image.

While existing RGB-T semantic segmentation models perform well in overall
accuracy, their segmentation performance varies across different image regions,
exhibiting a “’spatial bias”. As shown in Fig. 1.3(a), the model typically performs
worse in image central region than in edge region. It is noteworthy that the central
region often contains targets crucial to autonomous driving safety, such as vehicles

and pedestrians. Inaccurate segmentation would directly impact the reliability of
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downstream tasks.

To explore the causes of spatial bias, we further analyzed the relationship be-
tween training data distribution and performance. Traditionally, class imbalance
is attributed to an uneven distribution of training samples across different classes
(Qiu et al. 2024; Tian et al. 2022). To verify whether spatial bias stems from a sim-
ilar cause, we calculated the Sample Occupancy Rate (SOR) of target objects in
the MFNet dataset, i.e., the probability of a target appearing at each pixel location
in the training set. The results are shown in Fig. 1.3(b). Comparing Fig. 1.3(a)
and (b), we find that regions with higher SOR (i.e., more training samples) do
not show better segmentation performance. This phenomenon challenges the tra-
ditional assumption that “the more training samples, the better the segmentation

performance,” indicating that the causes of spatial bias are more complex.

1.3 Proposed Framework and Main Contributions

To systematically address four key challenges in RGB-T semantic segmentation,
this dissertation proposes a comprehensive framework comprising four core com-

ponents. Its main contributions are summarized below:

1. Illumination-Guided Fusion Network (IGFNet): To address the lack of
interpretability in multi-modal fusion, we propose the [llumination-Guided
Fusion Network (IGFNet). The core of this network is an Illumination Es-
timation Module (IEM), which generates weight masks based on pixel illu-
mination values, explicitly modeling the importance of RGB information at
each pixel location. Subsequently, the Illumination-Guided Cross-Modal

Rectification Module (IGCM-RM) module adaptively corrects and fuses
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RGB and thermal features based on these masks. This fusion mechanism
based on physical illumination characteristics replaces the traditional ’black
box” fusion strategy. Experimental results on the MFNet dataset show that
IGFNet achieves a 59.0% mloU, laying an interpretable single-frame fusion

foundation for understanding multi-modal complementarity.

2. Temporal Consistency Framework: To improve the consistency of seg-
mentation results between consecutive frames, we propose a temporal con-
sistency framework. This framework includes a Virtual View Image Gen-
eration (VVIG) module to generate images at the next moment, along with
consistency loss functions to enhance temporal consistency of segmentation
results. Furthermore, we introduce a balanced evaluation metric, Consistent
Accuracy (CA), that measures both segmentation accuracy and consistency.
Experiments demonstrate that the framework achieves a 59.9% mloU, ef-
fectively improving temporal consistency and exhibiting good scalability

across different network architectures.

3. Synthetic Data Augmentation Method (SyntheticSeg): To alleviate the
scarcity of real-world RGB-T training data and the class imbalance prob-
lem, we propose a data-driven method, SyntheticSeg. This method utilizes
a layout-to-image generative model to construct a large-scale, high-fidelity
synthetic RGB-T dataset containing 31,360 image pairs. In addition, we de-
sign a novel sampling mechanism that simultaneously considers the scarcity
and segmentation difficulty of each semantic layout, thereby intelligently
sampling from the synthetic dataset. Experimental results show that Syn-

theticSeg achieves an mloU of 60.4%, a 2.2% improvement over the base-
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line method, particularly in rare and difficult-to-segment classes such as

guardrail and car stop.

4. Spatial Balancing Method: We are the first to systematically study the spa-
tial bias problem in RGB-T segmentation, finding that its root cause is not
the number of samples, but rather the object complexity and image quality.
Specifically, RGB images exhibit high target complexity and low signal-to-
noise ratio (SNR) in central regions, while thermal images show low tar-
get complexity and high SNR ratio in the same regions. Based on this, we
propose the Gaussian Guided Region Balance Masking (GRBM) method,
which uses masks to rely more on reliable thermal features in image central
regions. Furthermore, we introduce a spatial-weighted loss function to ad-
just the learning weights for different regions. Experiments verify that this
method effectively alleviates spatial bias and improves overall segmentation

performance.

In summary, these four contributions together build a comprehensive frame-
work for advancing RGB-T semantic segmentation, and Fig. 1.4 provides an overview
of them. Illumination-Guided Fusion (IGFNet) can also be applied to Tempo-
ral Consistency Enhancement to strengthen feature fusion for single-frame data.
Meanwhile, Temporal Consistency Enhancement can improve segmentation con-
sistency both for single-frame semantic segmentation and for spatial balancing
segmentation. Synthetic data augmentation not only enhances the capability of
single-frame RGB-T semantic segmentation but can also be combined with spa-
tial balancing segmentation to further boost segmentation performance. Moreover,

the analysis from spatial balancing segmentation can offer insights for synthetic
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Overview of the proposed Framework for RGB-T Semantic Segmentation
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Figure 1.4: Overview of the Proposed Framework for RGB-T Semantic Segmen-
tation.

data augmentation. If high-quality training data, particularly in the central regions
of the image, can be generated, there is a potential to further improve the model’s

segmentation ability.

1.4 Dissertation Organization

The remainder of this dissertation is organized as follows:

Chapter 2 reviews relevant research in the RGB-T semantic segmentation,
including CNN-based and transformer-based methods and their fusion strategies,
temporal consistency methods in semantic segmentation, data augmentation and
data generation techniques, and solutions to class imbalance and spatial bias prob-
lems.

Chapter 3 details the proposed [llumination-Guided Fusion Network (IGFNet),

including its overall framework, the core Illumination Estimation Module (IEM),
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and the [llumination-Guided Cross-Modal Rectification Module (IGCM-RM). Fur-
thermore, this chapter presents extensive ablation experiments and comparative
experiments on the MFNet dataset.

Chapter 4 proposes a temporal consistency framework, including the Virtual
View Image Generation (VVIG) module, the consistency loss functions, and the
Consistent Accuracy (CA) metric. Experimental results show that this method
significantly improves temporal consistency performance while maintaining high
segmentation accuracy.

Chapter S introduces the SyntheticSeg method, including the generation pro-
cess of the synthetic dataset and a novel sampling mechanism that considers class
scarcity and segmentation difficulty. Extensive experiments have validated the
effectiveness of this proposed method.

Chapter 6 first systematically analyzes the causes of spatial bias, then in-
troduce the Gaussian-guided Regional Balancing Masking (GRBM) method and
the spatial-weighted loss function, and experimentally verify their effectiveness in
mitigating spatial bias.

Chapter 7 summarizes the main contributions of this paper, discusses the lim-

itations of current research, and provides an outlook on future research directions.



Chapter 2

Literature Review

This chapter reviews important literature in four related research areas, includ-
ing: RGB-T semantic segmentation methods, temporal consistency enhancement

approaches, data augmentation strategies, and solutions to imbalance problems.

2.1 RGB-Thermal Semantic Segmentation

In recent years, RGB-T semantic segmentation has attracted widespread attention
due to its strong perceptual robustness under complex lighting conditions. Current
methods can be divided into two categories: CNN-based and transformer-based,
and various fusion strategies have emerged to effectively integrate complementary

information from RGB and thermal images.

2.1.1 CNN-based Methods

Current research on RGB-T semantic segmentation primarily focuses on develop-

ing delicate models to efficiently fuse multi-modal data, thereby enhancing seg-

13
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mentation performance. MFNet (Ha et al. 2017) and RTFNet (Sun, Zuo, and M.
Liu 2019) both utilize dual-encoder architecture to fuse the feature maps. FuseSeg
(Sun, Zuo, Yun, et al. 2021) continues the previous structure, and obtains better
segmentation results through a two-stage fusion strategy. AFNet (J. Xu, K. Lu,
and H. Wang 2021) is proposed to utilize attention to guide the fusion of RGB and
thermal features. To minimize the differences between RGB and thermal modal-
ities, ABMDRNet (Q. Zhang et al. 2021) utilizes a bi-directional image-to-image
translation-based method. GMNet (W. Zhou, Jinfu Liu, et al. 2021) divides the
feature extraction into three levels: junior, intermediate, and senior.

Several studies have explored the possibility of using other methods to en-
hance RGB-T segmentation performance. CAINet (Lv, Zhi Liu, and G. Li 2024)
leverages auxiliary tasks and global context to enhance the complementary rea-
soning and detailed aggregation of multi-modal features. EGFNet (Dong et al.
2024) uses prior edge maps and multi-modal fusion modules to enhance the fea-
ture maps. Feng et al. (Z. Feng, Guo, and Sun 2023) also utilized edge information

to enhance the segmentation performance of the thermal-only task.

2.1.2 Transformer-based Methods

Vaswani et al. (Vaswani et al. 2017) proposed an attention mechanism that only re-
lies on self-attention to establish long-range dependencies among the input. DANet
(J. Fu et al. 2019) utilizes self-attention to selectively build connections between
local features and global dependencies to enhance the segmentation ability. CCNet
(Zilong Huang et al. 2019) proposes criss-cross attention module to obtain dense

and global contextual information. Dosovitskiy et al. (Dosovitskiy et al. 2020)
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and Touvron et al. (Touvron et al. 2021) proposed Vision Transformer (ViT) and
a teacher-student strategy based on attention, respectively. Furthermore, SETR
(S. Zheng et al. 2021) divides the input image into a series of image blocks and
uses a pure transformer structure to extract the global contextual features of the
input image at different stages. Similarly, Segmenter (Strudel et al. 2021) utilizes
a purely transformer-based approach to achieve semantic segmentation.
Segformer (Xie et al. 2021) proposes a hierarchical transformer structure for
extracting and fusing multi-resolution features, and employs a lightweight decoder
composed of a multilayer perceptron (MLP) for semantic label prediction. CMX
(J. Zhang, Huayao Liu, et al. 2023) extends Segformer to multi-modal scenarios,
effectively improving the performance of RGB-T semantic segmentation by align-
ing and enhancing visible light and thermal infrared features through a cross-modal
feature correction module (CM-FRM). To further alleviate the model’s over-reliance
on a single modality, Shin et al. (Shin et al. 2024) proposed a complementary ran-
dom masking strategy, combined with self-distillation loss, to enhance the syner-
gistic effect of multi-modal features. Recently, Zhang et al. (J. Zhang, R. Liu,
et al. 2023) further explored the feasibility of introducing other modal informa-
tion into multi-modal semantic segmentation, and proposed a general segmenta-
tion framework applicable to RGB-X scenarios, expanding the application scope
of modality fusion. Besides, Zhou et al. (H. Zhou et al. 2025) proposed a novel
deformation-resilient multigranularity learning (DML) method that achieves ro-
bust feature alignment and multimodal complementarity without pixel-level reg-
istration. Zhou et al. (X. Zhou et al. 2025) proposed an adaptive gated fusion
network (AGFNet) for RGB-T semantic segmentation, which effectively explores

multimodal complementarity via a cross-modal adaptive gated-attention fusion
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module, enhances spatial details through edge-guided mechanism.

2.1.3 Fusion Strategies

Various strategies (H. Li and Sun 2023; Lv, Zhi Liu, and G. Li 2024; W. Zhou,
Dong, et al. 2023; J. Huang et al. 2024) have been proposed to utilize the comple-
mentary features of RGB and thermal images effectively. CACFNet (W. Zhou,
Dong, et al. 2023) utilizes cross-modal attention and cascaded fusion to enhance
the segmentation performance. MMSMCNet (W. Zhou, H. Zhang, et al. 2023)
uses modal memory fusion and morphological multi-scale assistance to enhance
cross-modal features. CAINet (Lv, Zhi Liu, and G. Li 2024) effectively captures
and leverages the complementary relationships between RGB and thermal features
through context-aware interactions. RoadFormer+ (J. Huang et al. 2024) extracts
heterogeneous features from various modalities and merges the features from re-
ceptive fields of different scales. SegMiF (Jinyuan Liu et al. 2023) explicitly gen-
erates a fused RGB-T image before semantic segmentation, typically by learn-
ing a mapping that integrates RGB and thermal signals at the pixel level. While
pre-fusion methods offer better interpretability and are beneficial for multi-task
learning, they typically require building a complete image reconstruction process
(such as an encoder-decoder architecture) before segmentation, which introduces
significant computational overhead.

Existing methods primarily improve segmentation capabilities by construct-
ing more advanced models; however, their fusion strategies are often considered
a black box, resulting in a lack of interpretability. To overcome this limitation,

our proposed IGFNet starts with the key physical factor, illumination conditions,
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re-examining the feature essence of RGB-T images, and thus proposes an inter-

pretable fusion mechanism guided by illumination.

2.2 Temporal Consistency in Semantic Segmentation

Temporal consistency of environmental perception is crucial for the reliable op-
eration of autonomous driving system, and inconsistencies in prediction directly
affect the stability of decision-making. However, existing RGB-T semantic seg-
mentation methods generally focus on improving the segmentation accuracy of
single-frame images, while neglecting the temporal consistency of prediction re-

sults between consecutive frames.

2.2.1 Optical Flow-based Methods

To ensure temporal consistency for semantic segmentation, Cheng et al. (Cheng et
al. 2017) proposed a bi-directional framework to obtain the foreground segmen-
tation and optical flow at the same time. The optical flow is used as the com-
plementary information for the segmentation task. Nilsson et al. (Nilsson and
Sminchisescu 2018) applied optical flow for video segmentation. They enhanced
segmentation accuracy and consistency by utilizing the unlabeled RGB images in
the dataset and propagating labels through optical flow. Zhang et al. (Y. Zhang
et al. 2022) proposed AuxAdapt to improve the temporal consistency of RGB seg-
mentation networks without using optical flow, by learning from the own decisions
of the network and a small auxiliary network. However, in real-world applications,
especially under challenging lighting conditions, it is difficult to compute accurate

optical flow. Our proposed temporal consistency framework does not rely on op-
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tical flow calculations. It can synthesize the image of the next moment by using
the Virtual View Image Generation (VVIG) module. This feature makes it more

applicable in complex and variable lighting environments.

2.2.2 Consistency Evaluation Metrics

The widely used intersection-over-union (IoU) is the standard evaluation metric
for measuring segmentation accuracy on single frames. To evaluate segmentation
consistency, Liu et al. (Y. Liu et al. 2020) used optical flow to warp the segmenta-
tion map of the current frame to align with the previous frame, and computed loU
between the warped segmentation map and the original segmentation map of the
previous frame. They define this as the temporal consistency (TC) score. Zhang
et al. (Y. Zhang et al. 2022) extended the TC metric to evaluate the segmentation
consistency. Park etal. (Park et al. 2022) proposed a perceptual-consistency-based
metric, which calculates the temporal consistency by comparing the average co-
sine similarity of the feature maps of consecutive frames.

However, existing consistency evaluation metrics only measure the consis-
tency of segmentation results, regardless of the segmentation correctness. These
metrics may fail to evaluate the performance when the segmentation results of
consecutive frames produce the same errors for the same object. Our proposed
Consistent Accuracy (CA) metric addresses this limitation by taking into account
the ground truth of the segmentation result. The metric evaluates both the accuracy

and the consistency of a segmentation network.
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2.3 Data Augmentation and Generative Models

The scarcity of high-quality labeled data is a key bottleneck in training high-
performance RGB-T segmentation models. In recent years, with the rapid de-
velopment of generative models, augmenting the training set with synthetic data

has become an important method to solving this problem.

2.3.1 Synthetic Data Generation

The introduction of Diffusion series networks (Ho, Jain, and Abbeel 2020; Dhari-
wal and Nichol 2021) has enabled the generation of high-quality images through a
diffusion process that gradually transitions from noises to clear images. Denoising
Diffusion Probabilistic Models (DDPMs) (Ho, Jain, and Abbeel 2020) establish
a novel link between denoising score matching and Langevin dynamics. Dhari-
wal et al. (Dhariwal and Nichol 2021) demonstrated that diffusion models can
surpass Generative Adversarial Networks (GANs) in image synthesis quality and

diversity.

2.3.2 Layout-to-Image Generation

Building on the foundation of diffusion models, a series of works (W. Wang et
al. 2022; Xue et al. 2023) propose layout-to-image generative models to gener-
ate RGB images based on semantic layouts. Wang et al. (W. Wang et al. 2022)
proposed a framework that processes semantic layouts and noisy images differ-
ently, enhancing the quality and diversity of generated images. Xue et al. (Xue
et al. 2023) explored image generation with unseen semantics using pre-trained

text-to-image diffusion models.
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However, these methods are designed for RGB images and cannot be directly
applied to RGB-T images. The proposed SyntheticSeg method first employs a
layout-to-image generation model to generate paired RGB and thermal images,
constructing a large-scale synthetic RGB-T dataset to alleviate the data scarcity
problem. To further improve model performance, we design a novel sampling
mechanism that balances class scarcity and segmentation difficulty, thereby en-
hancing the learning of difficult samples in long-tailed distributions and effectively

mitigating the class imbalance problem.

2.4 Addressing Imbalance in Semantic Segmentation

Class imbalance and spatial imbalance are two major challenges in semantic seg-

mentation, both of which can lead to a decline in the segmentation performance.

2.4.1 Class Imbalance

The class imbalance problem (Tian et al. 2022; Qiu et al. 2024) has been widely
discussed in existing semantic segmentation studies. It arises from the long-tail
distribution of samples across different classes in the dataset, which suppresses the
segmentation performance of the tail classes. A common solution to this issue is
cost-sensitive learning, which improves the performance of tail classes by adopting
different strategies in the loss function.

To address class imbalance in object detection, Saez et al. (Séaez et al. 2015)
enhanced SMOTE with an ensemble-based noise filter, addressing noisy and bor-
derline examples in imbalanced datasets. Choi etal. (H. K. Choi, J. Choi, and H. J.

Kim 2022) introduced a token-level data augmentation method for transformers
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that is efficient and guided by attention. Venkataramanan et al. (Venkataramanan
et al. 2022) presented a data augmentation technique that interpolates aligned fea-
tures, combining the geometry of one image with the texture of another to enhance
representation learning. However, Mixup series methods can produce unrealistic
sample combinations, potentially leading the model to learn incorrect information.
In addition, specific loss functions (Lin et al. 2017; Cui et al. 2019) shift focus
away from simple samples and emphasize the classification of more challenging
ones. Importance-aware loss (B. Chen, Gong, and Yang 2019) prioritizes the accu-
rate segmentation of critical objects by assigning different weights to classes based
on their importance for driving safety. The Loss Max-Pooling (LMP) method
(Rota Bulo, Neuhold, and Kontschieder 2017) adaptively re-weights pixel contri-
butions based on observed losses to handle uneven training data distributions. Tian
et al. (Tian et al. 2022) introduced Recall Loss, a new loss function to balance pre-
cision and recall in semantic segmentation. Qiu et al. (Qiu et al. 2024) proposed
Subclassified Loss, which addresses class imbalance by focusing on subclasses.
Unlike methods that rely on optimizing loss functions, the SyntheticSeg method
proposed in this dissertation addresses the issue at the data level to alleviate class
imbalance. This method expands the dataset by generating synthetic data and
strategically samples based on class scarcity and segmentation difficulty, thereby
directly increasing the number and diversity of difficult samples in long-tailed dis-

tributions from the data source.



CHAPTER 2. LITERATURE REVIEW 22
2.4.2 Spatial Imbalance and Bias

Although Zheng et al. (Z. Zheng et al. 2024) revealed a spatial bias in object detec-
tion tasks where model performance degrades in image edge regions, we observed
the opposite phenomenon in RGB-T semantic segmentation for autonomous driv-
ing scenarios: the performance bottleneck significantly appears in image central
regions. This unique spatial bias problem has not yet been systematically explored

and resolved in current research.

2.4.3 Loss Function Designs

Several loss functions have been proposed to alleviate imbalance in semantic seg-
mentation. The Hausdorff distance loss (Karimi and Salcudean 2020) optimizes
boundary quality by applying a distance transformation to the ground truth and
the predicted result. The Dice loss (Milletari, Navab, and Ahmadi 2016) allevi-
ates class imbalance by maximizing the overlap between the prediction and the
ground truth. The Combo Loss (Taghanaki et al. 2019) further integrates Dice and
cross-entropy to address the challenge of input-output imbalance.

Unlike the above methods, the spatial-weighted loss function proposed in this
dissertation introduces a spatial prior, dynamically assigning loss weights based on
the distance between pixels and the image center. This mechanism encourages the
model to maintain attention to key central regions while focusing more on learning

edge regions with more stable features and lower noise.



Chapter 3

INlumination-Guided Fusion

Network

3.1 Motivation

As discussed in Chapter 1, RGB-T semantic segmentation exhibits stronger robust-
ness under complex lighting conditions. Thermal images can serve as an effective
supplement to RGB images in low-light conditions, providing reliable informa-
tion. However, as mentioned in Section 1.2, most existing fusion methods treat the
network as a black box, implicitly learning intermodal correlations only through
the design of fusion modules, while ignoring the inherent characteristics between
RGB images and thermal images.

This chapter proposes an interpretable multi-modal fusion mechanism that uses
illumination as a physical cue to explicitly model the importance of each region
in RGB images, thereby guiding the fusion process. The basic principle is that

in well-exposed areas, the RGB image is rich in texture information and should

23
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be given higher weight in the fusion process; while in underexposed areas, RGB
information degrades, and thermal features should be relied upon more. This inter-
pretable fusion strategy effectively utilizes complementary information to improve
the accuracy of semantic segmentation. Specifically, we propose an Illumination-
Guided Fusion Network (IGFNet), whose core consists of an Illumination Estima-
tion Module (IEM) and an Illumination-Guided Cross-Modal Rectification Mod-
ule (IGCM-RM). The IEM maps the grayscale value of each pixel in the RGB
image to a weight factor using a Gaussian filter, reflecting the importance of that
pixel in the fusion process and providing guidance for subsequent fusion. The
IGCM-RM uses this weight mask to recalibrate the multi-modal feature map at
multiple stages, thereby achieving pixel-level adaptive fusion based on illumina-
tion conditions.

Chapter Organization. The remainder of this chapter is organized as follows.
Section 3.2 provides an overview of the overall architecture and core components
of IGFNet. Section 3.3 presents the experimental results, including ablation stud-
ies and performance comparisons on the MFNet dataset. Finally, Section 3.4 sum-

marizes the main contributions of this chapter.

3.2 The Proposed Method

3.2.1 Network Overview

As illustrated in Fig. 3.1., we adopt the feature fusion structure comprising two
encoders and one decoder. The two encoders are responsible for extracting fea-

tures from the RGB and thermal images, respectively. In poorly exposed environ-
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Figure 3.1: The overview of IGFNet for RGB-Thermal semantic segmentation.
The inputs are an RGB image and a thermal image. IGFNet consists of a four-
stage RGB encoder, a four-stage thermal encoder, a [llumination Estimation Mod-
ule (IEM), a three-stage llumination-Guided-Cross-Modal Rectification Module
(IGCM-RM), a Cross-Modal Feature Rectification Module (CM-FRM), a four-
stage Feature Fusion Module (FFM) and a decoder. The encoder and decoder are
borrowed from Segformer (Xie et al. 2021). The CM-FRM and FFM are borrowed
from CMX (J. Zhang, Huayao Liu, et al. 2023). The thermal image is colored with
the jet color map.

ments, thermal images can provide complementary information to RGB images.
By combining the information from both modalities, it is possible to achieve mu-
tual correction and improve segmentation accuracy. Specifically, in extreme envi-
ronments such as glare areas caused by vehicle headlights or areas with low ambi-
ent light at night, RGB images may lose texture information. In these cases, ther-
mal images can provide complementary features to better understand the scene.
To exploit this property, we proposed the Illumination Estimation Module
(IEM) to guide multi-modal fusion by generating an illumination-based weight
mask. Subsequently, we used interpolation modules to hierarchical downsam-
ple the weight mask, and the results were applied to the following feature fusion
modules. Then, we proposed the Illumination-Guided-Cross-Modal Rectification
Module (IGCM-RM) to utilize the weight mask in guiding the rectification of both

RGB and thermal features. In this manner, the rectified features are divided into
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two streams, one stream is used as the input of the next stage encoder, while the
other stream is used as input to the Feature Fusion Module (FFM). Since the weight
mask essentially represents spatial attention, and the spatial information in high-
level features decreases as the network depth increases, we only apply the IGCM-
RM to the first three stages of the encoder. Then, we apply Cross-Modal Feature

Rectification Module (CM-FRM) to the forth stage of the encoder.

3.2.2 Illumination Estimation Module

0.0 0.5 . 5 1.0
Input [llumination

b) Gaussion Filter

-
[ [ 5
\

Weight Mask

a) [llumination Estimation Module ¢) Thermal Image

Figure 3.2: a) The pipeline of our proposed IEM. The input to IEM is an RGB
image, from which we derive a grey image by calculating the mean illumination.
We then obtain the weight mask by applying a Gaussian filter to this grey image. b)
The graph illustrates the application of the Gaussian filter, mapping the grey image
to the weight mask. ¢) The corresponding thermal image shows complementary
information.
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As previously discussed, RGB and thermal images provide distinct informa-
tion under varying illumination conditions. To leverage this, we have developed
the IEM to generate a weight mask indicating the importance of each RGB pixel
based on illumination.

The pipeline of the IEM is shown in the part (a) of Fig. 3.2. The first step in our
process involves calculating the average grayscale value of the three channels in
the RGB image. This produces a grey image that reflects the illuminance values at
different positions. Then, we propose a Gaussian filter to map the grayscale values
of individual pixels to weights representing the importance of RGB information.

The Gaussian function of this filter is described as follows:

f(x) = eap (‘(—‘“)) 0

202
where 1 = 0.5and o = 0.15. As shown in the part (b) of Fig. 3.2, 1« determines the
midpoint position of the Gaussian function. We have chosen a value of ;1 = 0.5,
as this yields the best exposure and most abundant texture information in the RGB
image. At this point, the corresponding output weight is 1, indicating that the RGB
information is the most important. For instance, the RGB image in Fig. 3.2 shows
the glare-affected area caused by vehicle headlights, and we cannot find any useful
texture in this area. In contrast, the corresponding thermal image provides comple-
mentary information. The weight mask we have obtained maps the glare-affected
area to 0 and the well-exposed areas to 1 according to the Gaussian distribution.
This guides the network to primarily utilize thermal features in this area and RGB
features in well-exposed areas during the feature fusion stage. Additionally, we

can observe that the edges of the glare-affected area are assigned values close to 1
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in the weight mask. This indicates that RGB information will be primarily utilized

in feature fusion, facilitating accurate segmentation of object edges.

3.2.3 Illumination-Guided-Cross-Modal Rectification Module
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Figure 3.3: The structure of our proposed IGCM-RM. The inputs to this module
are the feature maps of the RGB and thermal images from the encoder, as well as
the weight mask generated by the IEM. After rectification guided by the weight
mask, the rectified feature maps are divided into two streams. One stream serves
as input to the subsequent stage encoder, while the other is input to the FFM for
feature fusion. The part in green background is borrowed from CMX(J. Zhang,
Huayao Liu, et al. 2023).

After obtaining the weight mask from the IEM, we proposed the IGCM-RM to
recalibrate the features of RGB and thermal images, guided by the weight mask.
The structure of the IGCM-RM is shown in Fig. 3.3. First, we obtain the inverted
mask by subtracting the weight mask from a all-ones matrix. This inverted mask
represents the importance of various positions within the thermal feature map dur-
ing fusion.

For better illustration, we will use the stream of the weight mask Mask €
RE>Wx1 and the RGB feature map Frgp € RT*W*C a5 an example. To ensure
that the dimensions of the weight mask correspond with the feature maps, we ex-
RHXWXC

pand the weight mask along the channel dimension to get Mask €

Instead of performing an element-wise multiplication of Mask € RF*W*¢ and



CHAPTER 3. ILLUMINATION-GUIDED FUSION NETWORK 29

Frap € RT*WXC we first concatenate them. Then, the resulting output is fed
into a block, which consists of two 1 x 1 convolution layers, a 3 x 3 convolution
layer, and a ReLU layer. The purpose of this block is to adaptively recalibrate the
values of the feature map F'rgp, guided by the weight mask M ask. The output of
this stream undergoes an element-wise addition with the output of another stream.
This second stream originates from Frop and passes through a 1 x 1 convolution
layer, with the goal of providing the original information of the RGB features. The
outputs of this stage are Rpgp € RT*W*C and Ry € RAXWXC,

The rectified RGB feature, R € RT*W*C which is embedded with illu-
mination information, is then concatenated with the corresponding thermal feature,
Ry € RTXWXC  Qubsequently, max pooling and average pooling are applied to

the output features, Rpgp_r € RFXWx2C

, respectively. Then, the concatenated
output vectors, Y € R*C is fed into the MLP layer. The output of this MLP layer
contain two channel weights, Crop € RC and Cp € RC. Similarly, two spatial

weights, Spap € RT*W>1and S € RE*Wx! can be generated by another MLP

layer. The output of IGCM-RM is formulated as:

RFrae = Rrep + MCrap @ Rrap + A2Srap © RraB

RFp = Ry + M Cr @ Ry + XSt © Ry (2)

where ® denotes channel-wise multiplication, © denotes spatial-wise multiplica-
tion, \; and )\, are two hyper-parameters. Inspired by (J. Zhang, Huayao Liu, et al.
2023), we set A\; = Ao = 0.5. Finally, the rectified features, RFrgp and RFr,

will be sent to the next stage encoder and the FFM for feature fusion.
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3.3 Experimental Results and Discussions

3.3.1 Dataset

For our experiments, we utilized the available MFNet dataset released in (Ha et al.
2017). This dataset contains 9 classes (i.e., unlabelled background, car, person,
bike, curve, car stop, guardrail, color cone, and bump), with manually annotated
labels for semantic segmentation. The dataset contains 2,390 pairs of RGB and
thermal images, derived from the original dataset consisting of 1,596 pairs. We
employed the same split scheme as described in (Ha et al. 2017) to train our net-

work, with 1568 pairs used for training, 392 for validation, and 393 for testing.

3.3.2 Implementation Details

Our IGFNet is implemented using PyTorch and trained and tested on a PC equipped
with an NVIDIA RTX 3090 (24GB RAM). For the encoder, we utilize the Mix
Transformer encoder (MiT-B2) pretrained on ImageNet (Russakovsky et al. 2015)
as the backbone, while the decoder employs an MLP, both of which were proposed
in SegFormer (Xie et al. 2021). We train the network using the AdamW optimizer
(Kingma and Ba 2014), with a weight decay set to 0.01. The initial learning rate is
set to 6¢~°, and a poly learning rate schedule is employed. The momentum and the
decay strategy are set to 0.9. The batch size is set to 4 during training and we use
cross-entropy as the loss function. We use Precision (Pre), Accuracy (Acc), F1,
Intersection over Union (IoU), Floating Point Operations (FLOPs) and Parameters

(Params) to evaluate our network.
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3.3.3 Ablation Study

Table 3.1: The results of the ablation study. ’v'’ means the [EM and IGCM-RM
are used behind the n-th stage of the encoder. *—’ means the CM-FRM (J. Zhang,
Huayao Liu, et al. 2023) is used hehind the n-th stage of the encoder. The best
results are hightlighted in bold font.

No. Stage mPre mAcc mF1 mloU FLOPs(G) Params(M)
Ist 2nd 3rd 4th
(A) — — — — 7593 67.32 69.85 58.19 66.87 66.57
B) v — — — 7325 72.67 70.39 58.46 67.54 66.60
< — v — — 71.65 72.01 69.97 58.40 67.52 66.68
D) — — v — 73.88 71.36 69.96 58.24  67.86 67.29
(E) — — — v 7230 72.07 69.73 58.18  67.50 68.42
F v v — — 7450 72.04 70.77 58.89  68.19 66.71

G v v v — 7392 7291 71.04 59.01 69.18 67.44
@ v v v v 73.03 72.18 70.21 58.47 = 69.82 69.29

We conducted an ablation study to evaluate the benefits of IEM and IGCM-
RM, and subsequently selected the optimal structure for our IGFNet. In this sec-
tion, we use CMX (J. Zhang, Huayao Liu, et al. 2023) based on MiT-B2 as the
baseline. In the first part of our study, we positioned the two modules (IEM and
IGCM-RM) behind the encoder at different stages. For instance, in No.B network,
the two modules were placed behind the first stage encoder. Subsequently, the
rectified RGB and thermal features were input into the FFM and the second stage
encoder. Table 3.1 shows that, except for No.E, the segmentation performance
(i.e., mF1 and mloU) of all networks (i.e., No.B, No.C, and No.D) with IEM and
IGCM-RM added is better than the baseline. Additionally, our results indicate

that the network’s performance gradually decreases as the stage at which the two
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modules are inserted is delayed. This can be attributed to the fact that the weight
mask obtained through IEM essentially represents spatial attention. As the stage
of the encoder progresses, the spatial information contained within the high-level
features learned by the network diminishes. Hence, we designed several combina-
tions based on this characteristic in the second stage. For instance, network No.F
placed IEM and IGCM-RM behind the first and second stages at the same time. As
shown in Table 3.1, the network No.G obtains the best performance. In contrast,
the performance of network No.H was found to be inferior to that of the network
No.G. This observation is in alignment with our conclusion before. According to
FLOPs and Params, it can be seen that adding [EM and IGCM-RM does not bring
much computational complexity to the framework. Based on the results of our

ablation study, we choose network No.G as the optimal structure of our IGFNet.

3.3.4 Comparative Study

We compared our proposed IGFNet with the state-of-the art methods, including
MFNet (Ha et al. 2017), RTFNet (Sun, Zuo, and M. Liu 2019), AFNet (J. Xu, K.
Lu, and H. Wang 2021), ABMDRNet (Q. Zhang et al. 2021), FEANet (F. Deng
etal. 2021), and CMX(MiT-B2) (J. Zhang, Huayao Liu, et al. 2023).

Table 3.2: The comparative per-class results on the MFNet dataset (Ha et al. 2017). To evaluate the methods, we utilized the IoU of each class and the mean IoU of all classes.
The results demonstrate the superiority of our IGFNet, with the top two results in each column are highlighted in red and blue.

Car Person Bike Curve Car Stop  Guardrail ~ Color Cone Bump
Method mAcc mloU
Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IToU Acc IoU Acc IloU
MFNet (Ha et al. 2017) 772 659 67.0 589 539 429 362 299 191 99 0.1 00 303 252 30.0 27.7 45.1 39.7
RTFNet (Sun, Zuo, and M. Liu 2019) 93.0 874 793 703 76.8 62.7 60.7 453 385 298 0.0 0.0 455 29.1 747 557 63.1 532
AFNet (J. Xu, K. Lu, and H. Wang 2021) 912 86.0 763 674 728 62.0 498 43.0 353 289 245 4.6 50.1 449 610 56.6 622 54.6
ABMDRNet (Q. Zhang et al. 2021) 943 848 90.0 69.6 757 603 640 451 44.1 33.1 31.0 51 61.7 474 662 500 695 548
FEANGet (F. Deng et al. 2021) 93.3 87.8 82.7 71.1 76.7 61.1 655 465 266 22.1 708 6.6 66.6 553 773 489 732 553
CMX(MiT-B2) (J. Zhang, Huayao Liu, et al. 2023) 92.2 89.4 813 74.8 734 64.7 63.5 47.3 388 30.1 363 81 533 524 677 594 673 582
IGFNet(ours) 932 88.0 834 74.0 718 62.7 67.6 48.2 454 36.0 68.5 142 588 524 683 575 729 59.0

1) Quantitative Results: As shown in Table 3.2, we can find that the mloU

of our proposed IGFNet is higher than other methods. Specifically, our IGFNet
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demonstrates a significant advantage over other methods in accurately segmenting
the most challenging categories of car stop and guardrail. Additionally, it achieves
the highest mloU for the segmentation of curve. This shows that IGFNet signifi-
cantly improves the segmentation performance of small and difficult-to-recognize
objects by using illumination-guided feature fusion. Though FEANet achieves the
highest Acc in the segmentation of guardrail and bump, its corresponding IoU do
not show a corresponding performance. In contrast, our proposed IGFNet consis-
tently maintains a highly competitive performance of both Acc and IoU across the

segmentation of all classes.

[l Untabelied

.Car .Person .Bike .Curvc . Car Stop .Guardrail . Color Cone . Bump

Figure 3.4: Sample qualitative demonstrations. The rows from top to bottom are
RGB images, thermal images, ground truth, CMX results, and IGFNet results.

2) Qualitative Results: To intuitively demonstrate the effectiveness of our
IGFNet, we selected four groups of daytime and nighttime images as examples,
respectively. We compared them against the two best-performing methods, i.e.,
CMX(MiT-B2) and IGFNet, listed in Table 3.2. As shown in Fig. 3.4., the seg-

mentation performance of our IGFNet on curve and car stop is significantly su-
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perior to that of CMX. This is consistent with the quantitative results in the first
part of Section 3.3.4, which demonstrate that the strategy of utilizing illumina-
tion to guide feature map fusion in IGFNet can effectively enhance segmentation

accuracy, especially for objects that are difficult to distinguish.

3.4 Conclusions

We proposed here a novel semantic segmentation network IGFNet, which intro-
duces an interpretable RGB-Thermal fusion network and utilizes illumination to
guide the fusion of multi-modal features. The IEM employs a Gaussian filter to
generate a weight mask, indicating the significance of each RGB pixel based on
the illumination. Then, the generated weight mask is utilized as a cue within the
IGCM-RM to rectify the multi-modal features, enabling their more effective fu-
sion. The experimental results show that our proposed IGFNet achieves better
performance than the state-of-the-art methods. However, there are still some lim-
itations in our IGFNet. For instance, we found that the semantic segmentation
results of consecutive frames lack consistency, which can lead to hesitation or
misjudgment in autonomous driving decisions. Therefore, we would like to solve

this issue in the future work.



Chapter 4

Temporal Consistency Framework

4.1 Motivation

In Chapter 3, we proposed IGFNet, which effectively improves the segmentation
accuracy of single-frame images through an interpretable fusion strategy. How-
ever, its design does not consider the consistency of segmentation results between
consecutive frames. In autonomous driving scenarios, temporal consistency is cru-
cial. Inter-frame jitter in segmentation results can cause disorder in the decision-
making system and even lead to serious consequences. For example, if a target
correctly identified as a ’pedestrian” in a previous frame is misidentified as a ’car”
in a subsequent frame, it will directly cause the downstream planning module to
generate contradictory instructions. As mentioned in Section 1.2, existing RGB-
T segmentation methods generally focus on improving single-frame accuracy but
neglect in-depth exploration of temporal consistency.

To address the aforementioned issues, this chapter focuses on how to maintain

high single-frame accuracy while ensuring temporal consistency in RGB-T se-

35
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mantic segmentation. Specifically, we designed a Virtual View Image Generation
(VVIG) module that uses a virtual view transformation matrix to simulate camera
motion, and then synthesizes the virtual view of the next frame from the current
frame. Secondly, we propose two consistency loss functions to impose temporal
constraints on the segmentation results of consecutive frames. Furthermore, to
comprehensively evaluate segmentation performance, we introduce a new metric
which simultaneously measures segmentation accuracy and temporal consistency,
thus overcoming the limitation of existing metrics that only focus on single-frame
performance.

Chapter Organization. The remainder of this chapter is structured as fol-
lows: Section 4.2 provides an overview of the proposed temporal consistency
framework, covering the VVIG module, the consistency loss functions, and the
new evaluation metric. Section 4.3 systematically verifies the effectiveness of the
method through ablation experiments and comparative experiments. Finally, Sec-

tion 4.4 summarizes the entire chapter.

4.2 The Proposed Method

4.2.1 The Framework Overview

To study segmentation consistency, we need datasets with temporal-sequential im-
ages. But the existing RGB-T dataset, such as the MFNet dataset (Ha et al. 2017),
includes only discrete image frames. So, we propose the virtual view image gen-
eration (VVIG) module to synthesize the sequential frames based on the existing

dataset. The overview of our proposed temporal-consistent framework is shown in
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Virtual View Image Generation (VVIG)
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Figure 4.1: The overview of our temporal-consistent framework for RGB-T se-
mantic segmentation. Img, is sampled from MFNet. Img, is generated using our
virtual view image generation (VVIG) module. The encoders and decoders are
borrowed from CMX (J. Zhang, Huayao Liu, et al. 2023). The warped prediction
12 and ground truth y, are also generated by the VVIG module. The jet color map
is used here to visualize the thermal images.

Fig. 4.1. Img,, which represents the current frame, is the real image sampled from
the MFNet (Ha et al. 2017). We use the VVIG module to synthesize Img,, which
is the frame at the next moment. We choose CMX (J. Zhang, Huayao Liu, et al.
2023) as the segmentation network. It utilizes a unified fusion approach with a
Cross-Modal Feature Rectification Module (CM-FRM) to calibrate bi-modal fea-
tures. Additionally, a Feature Fusion Module (FFM) for long-range context ex-
change, achieving state-of-the-art performance across various RGB-X modalities
(J. Zhang, Huayao Liu, et al. 2023). In this work, the encoders and decoders for
the two frames are the same. They share the same weights. The CMX network

can be replaced with other RGB-T semantic segmentation networks.

4.2.2 Virtual View Image Generation Module

As aforementioned, we propose the VVIG module to synthesize the image at the
next moment. Fig. 4.2 shows the pipeline. To mimic the camera’s viewpoint at the

next moment, we need to simulate both its rotation and translation. For rotation,



CHAPTER 4. TEMPORAL CONSISTENCY FRAMEWORK 38

€—

Random Euler Original Image Virtual Image

Angles: [apy]" | eme—==—=-
\4 VK

I—) Matrix — > K im0 e —_
i R |

Intrinsic Matrix

Distorted Image Cropped Image

Figure 4.2: The pipeline of our VVIG module. «, v, 3 are respectively the ran-
domly generated Euler angles about the Z,Y, X axes. The VVT matrix (i.e.,
M) is generated from the Euler angles and the intrinsic matrix. The blue dashed
box on the transformed image represents the shape of the original image after the
Myt transformation. The red dashed box on the cropped image shows the largest
inner rectangle within the valid range for cropping. The virtual image is obtained
from the cropped image by interpolation.

we randomly generate the Euler angles «, -, and 3 about the Z,Y,and X axes
in the image coordinate system. The ranges of the angles are: a € [—5°,5°],
v € [—10°,10°], 5 € [—10°,10°]. We use the Euler angles and the camera intrinsic
matrix to calculate the virtual view transformation (VVT) matrix, which is then

used to transform the original image. Myyr is found by:
MVVT = KRz(a)Ry(ﬁ)Rx<7)K_la (41)

where K represents the camera intrinsic matrix. The VVT matrix becomes equiv-
alent to a homography matrix when the camera motion involves only rotations,
without any translations. Detailed derivation and descriptions are presented in the
Appendix.

After simulating rotation with the VVT matrix and obtaining the distorted im-
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age, we discard the parts that appear beyond the field-of-view of the image, indi-
cated by the white areas in the blue dashed box. The remaining area within the
blue dashed box is then cropped using the red dashed box to its largest inner rect-
angle, defining the effective pixel area of the virtual image. Finally, the cropped
image is resized to match the original image’s resolution by using interpolation
to produce the virtual image. These cropping and resizing operations effectively
simulate the forward movement of the camera. To maximize the protection of
edge information in objects, we utilize bilinear interpolation for RGB and ther-
mal images, and nearest-neighbor difference for ground truth during warping and
resizing operations. As shown in Fig. 4.1, we feed an RGB image, a thermal im-
age, a ground-truth image, and the prediction of Img, into the VVIG module. The

module then generates the corresponding Img,,.

4.2.3 The Loss Functions

As shown in Fig. 4.1, the framework conducts semantic segmentation on Img,
and Img, separately. We adopt the cross-entropy loss (i.€., Lscg1 and Ly 42) for the
semantic segmentation task. In addition, we apply the Dice loss (Milletari, Navab,
and Ahmadi 2016) (i.e., Lg;..) to further improve the segmentation accuracy.

We propose two consistency loss functions (i.e., Lo, and L., qcc) to improve
the segmentation consistency across consecutive frames. Specifically, L., trans-
forms the segmentation map of Img, to Img, through Myyr, leading to ¢,2, which
is then compared with the segmentation map of Img,, ». The greater the similarity
between 9,5 and 7, the better the segmentation consistency.

First, we have to transform the segmentation map of the current frame to the
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position of next frame by 1o = Myvyt¥1, where Myyr is used as the true value.
Then, L., is calculated to measure the inconsistency between the consecutive

frames:
H><W (c haw)  ~(c,hw)

_1__2 h Lw=1Y12 T Y2 4.2)
con HxW (¢,h,w c,h,w )
=1 hxlw 1(y )+3/( )+‘7)

where h, w and ¢ denote the row, column and class indices of predictions, respec-
tively. H x W denotes the number of pixels and C' denotes the number of classes.
o is a very small positive number that prevents the denominator from being zero.
In this paper, we set 0 = 1 x 1077,

Considering that L., only constrains the consistency between the segmenta-
tion maps of consecutive frames, if the segmentation maps make the same incorrect
prediction for the same pixel, the loss function cannot constrain them effectively.
So, we propose L o, ace based on L,,,. This loss function incorporates the ground

truth of the segmentation map of Img,, y», and measures the consistency among

V12, Y2, and ys:

ﬁconfacc =1
chw c,h,w c,h,w
LG 2l gl gl (4.3)
HxW c,h,w c,h,w c,h,w )
Cc_l hxlw 1(y§2 )—i-y( )+y( )+U)

where y5 is used as a mask to improve the segmentation accuracy.

4.2.4 The Evaluation Metric

Intersection-over-Union (IoU) is a widely-used metric that evaluates segmentation
accuracy for a single frame. Temporal consistency (TC) (Y. Liu et al. 2020) is pro-

posed to evaluate the consistency of RGB segmentation across consecutive frames.
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While TC can capture the segmentation consistency for consecutive frames, it fails
to account for scenarios where consecutive frames make the same incorrect pre-

diction for the same target.

Y\Z y\l 2 Y\Z Y\IZ Y\Z
@ B
A B C A C
B p E F
A

G

y2 Y2

(a) ToU (b) TC (c) CA

Figure 4.3: (a) Intersection over union (IoU): yo = A + B, represents the ground
truth of Img,; 9o = B + C, represents the prediction of Img,. (b) Temporal
consistency (TC): y12 = A+ B, represents the prediction of Img, mapped to Img,
by Myvr; y2 = B + C, represents the prediction of Img,. (c) Consistent accuracy
(CA): 912 = A+ B+ D + E, represents the prediction of Img, mapped to Img, by
Myvyrt; 92 = B+C+E+F, represents the prediction of Img,; yo = D+E+F+G,
represents the ground truth of Img,.

To address this issue, we propose consistent accuracy (CA), which evaluates
segmentation results in terms of both consistency and accuracy. Fig. 4.3 shows
the schematic diagrams of IoU, TC and CA. According to the definition of loU,

it is calculated as ToU = x 100%, indicating the similarity between the

B
AYB+C
prediction and the ground truth. Liu et al. (Y. Liu et al. 2020) proposed TC to mea-
sure the segmentation consistency of RGB images. As shown in Fig. 4.3(b), TC

is defined as TC' = x 100%, which measures the similarity between the

__ B
A+B+C
current frame, ¢, and the warped previous frame, 7,5, by optical flow. As afore-
mentioned, it is challenging to calculate optical flow under unsatisfactory lighting

conditions. So, we warp the current frame using Myyt and utilize the ground

truth y, as a supervision signal to enhance the segmentation accuracy. As shown

in Fig. 4.3(c), CA is defined as CA = —F77g X 100%. CA = 100%
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only if the predictions of consecutive frames are consistent and match the ground-

truth labels. Otherwise, CA is decreased by both inconsistency and inaccuracy.

4.3 Experimental Results and Discussions

4.3.1 Datasets

We used the MFNet dataset (Ha et al. 2017) for our experiments. The dataset con-
sists 0f 2,390 pairs of RGB-T images. It has 9 classes (i.e., unlabelled background,
car, person, bike, curve, car stop, guardrail, color cone, and bump). We used the
same split scheme as (Ha et al. 2017) to train our network, that is, 1568 pairs for

training, 392 pairs for validation, and 393 pairs for testing.

4.3.2 Training Details

We implement our proposed method in PyTorch and train the networks with an
NVIDIA RTX 3090 (24GB RAM) graphics card. We employ the CMX (J. Zhang,
Huayao Liu, et al. 2023) network, utilizing the same dual-stream encoder to ex-
tract features from RGB and thermal modalities, and a decoder that integrates
these features. Specifically, we adopt the four-stage Mix Transformer (MiT) en-
coder, pre-trained on ImageNet (J. Deng et al. 2009). This hierarchically struc-
tured Transformer encoder can avoid interpolation of positional codes and hence
obtain multi-scale features. We choose MiT-B2 as the backbone to trade-off the
performance and computational expenses. The decoder is a multi-layer perceptron
(MLP) with an embedding dimension of 512, as proposed in SegFormer (Xie et al.

2021). We train the network with the AdamW optimizer, using a weight decay rate
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of 1 x 1073. The initial learning rate is 6 x 1075, and we use the poly learning rate

schedule (L.-C. Chen, Papandreou, et al. 2017). We use mean precision (mPre),

mean accuracy (mAcc), mean F1 (mF1), mean intersection over union (mloU),

TC and CA for the quantitative evaluations.

4.3.3 Ablation Study

4.3.3.1 Ablation on the VVIG Module

Table 4.1: Results (%) of the ablation study on the VVIG module with different
losses. Img, and Img, indicate the losses applied to the current frame and next
frame, respectively. The best results are highlighted in bold font. We use the
average results generated from the same 3 sets of random Euler angles as the final
results of TC (%) and CA (%).

No. Losses mPre mAcc mF1 mloU TC CA
Img, Img,
(A) Lseq — 75.93 67.32 69.85 58.19 34.58 22.29
(B) Lseg1 Lsego 75.41 70.37 70.06 58.76 34.52 22.34
(©) Lseg LsegotLaicea 7491 73.86 71.21 59.47 34.69 22.74
(D) Lseg1 LsegotLeon 74.66 70.07 70.57 58.84 35.86 22.89
(E) Lsegi LsegotLeon—ace 74.03 69.74 70.15 59.02 34.58 22.61
(F) LseqitLaicer Lseq2 72.90 74.53 72.47 60.33 34.30 22.70
(G) LsegitLaiicer LsegrTLaicez 76.93 71.04 72.99 60.78 32.35 22.65
H) LsegitLiicer  LsegptLeon 74.01 74.17 71.46 59.90 36.40 23.29
(D) LsegitLaicer Lseg2tLeon—ace 7449 72.26 71.75 60.01 34.41 22.77

To demonstrate the effectiveness of the VVIG module, we use CMX (J. Zhang,

Huayao Liu, et al. 2023) based on MiT-B2 as the baseline, denoted as variant (A)

in Tab. 4.1. Variant (A) only uses the cross-entropy loss, which is the same as

(J. Zhang, Huayao Liu, et al. 2023). As shown in Tab. 4.1, variants (B) to (I)
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all employ the VVIG module to generate the virtual view images to improve the
segmentation consistency. To improve the segmentation accuracy, we use the Dice
loss Lgice and two cross-entropy losses, L41 and L4 for the segmentation of
Img, and Img,, respectively. According to the definitions given in Eq. (4.2) and
Eq. (4.3), we use L., and L., _qc. to represent our proposed consistency losses
for the segmentation of Img,.

From Tab. 4.1, despite achieving around 60% mloU, all of the variants have a
low TC consistency less than 40%. Our proposed consistency evaluation metric
CA is even lower than 25%. This shows that existing methods, despite having
good accuracy for single frames, suffer from poor consistency. From the results
of variants (B) to (I), we find that the VVIG module can enhance the segmenta-
tion accuracy and consistency, resulting in higher mF1, mloU, TC and CA than
those of variant (A). The results of variants (C) and (F) show that the Dice loss
can greatly enhance the segmentation accuracy, achieving much higher mF1 and
mloU. However, despite the significant improvement in mloU for variant (F) over
variant (A), the TC decreases. The reason may be that TC only measures segmen-
tation consistency between consecutive frames without considering segmentation
accuracy. On the other hand, our proposed CA follows the same trend as mloU,
since it incorporates the ground truth of the segmentation map as a supervision sig-
nal, and the CA reaches 100% only when the segmentation results of consecutive
frames are perfectly accurate and consistent.

By comparing the results of variants (C), (D) and (E), we find that £ ;.. greatly
enhances the segmentation accuracy, L., greatly enhances the segmentation con-
sistency, and L., .. achieves a balance between segmentation accuracy and con-

sistency. From variant (F), we use Lgice, Leon and Leon—ace On Img,, resulting
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in variants (G), (H) and (I), respectively. Although variant (G) has the highest
mloU, its TC and CA are the lowest. Notably, TC of variant (G) is even lower
than that of variant (A), indicating that L. reduces segmentation consistency
despite its improvement in segmentation accuracy. While the mloU of variant
(H) is slightly lower than that of variant (G), it shows a significant improvement
over that of the baseline variant (A). Importantly, variant (H) achieves the high-
est TC and CA, demonstrating that L., can substantially enhance segmentation
consistency while improving segmentation accuracy. Compared to variant (H),
variant (I) achieves higher segmentation accuracy but lower segmentation consis-
tency. Variant (I) represents a compromise between variants (G) and (H), as it
incorporates the ground truth of the segmentation map as a constraint in L., qce-
Our experimental results and analyses indicate that, in semantic segmentation task,
there is an inherent trade-off between segmentation accuracy and consistency. The
above experiments demonstrate, emphasizing more on the segmentation accuracy
would hinder consistency to some degree. Segmentation consistency is essential
in practical applications. So, in this work, we adopt segmentation consistency as
an overall evaluation metric, by which variant (H) is the best method.

To better analyze the impact of simulating rotation and translation in the VVIG
module, an ablation study is conducted, the results of which are displayed in
Tab. 4.2. Variant (A) represents the results without the VVIG module, variant (B)
represents the results with the VVIG module simulating only rotation, variant (C)
represents the results with the VVIG module simulating only translation, and vari-
ant (D) represents the results using the VVIG module that simulates both rotation
and translation. The results indicate that simulating rotation significantly enhances

mloU, thereby improving segmentation accuracy. Meanwhile, simulating transla-
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Table 4.2: Results (%) of the ablation study on the components of the
VVIG module. Rot. and Tra. indicate the rotation and translation of
the VVIG module, respectively. The best results are highlighted in
bold font. We use the average results generated from the same 3 sets
of random Euler angles as the final results of TC (%) and CA (%).

No. & mPre mAcc mFl1 mloU TC CA
Rot. Tra.

(A) 75.93 67.32 69.85 58.19 34.58 22.29

B) Vv 73.47 74.87 71.55 59.75 34.58 22.61

©) v 7093 7450 70.74 58.89 3547 22.71

Db Vv v 7401 7417 7146 59.90 36.40 23.29

tion notably improves TC and CA, thereby enhancing segmentation consistency.
Simultaneously simulating both rotation and translation leads to great improve-
ments in both segmentation accuracy and consistency, thereby demonstrating the

importance of simulating both rotation and translation in the VVIG module.

4.3.3.2 Ablation on Evaluation Metric

To further analyze the segmentation consistency performance of our proposed vari-
ants (G), (H), and (I), we conduct a comparative analysis in terms of the TC and
CA across various classes within the MFNet dataset (Ha et al. 2017), as depicted
in Fig. 4.4. TC measures the temporal consistency of the semantic segmentation
results between consecutive frames. As shown in Fig. 4.4, variant (H) achieves the
highest TC for most classes, except for person, where variant (I) performs better.
It is noteworthy that variant (H) shows a significant improvement in TC for the
car stop and guardrail compared to other variants, indicating that it has a greater
effect on the segmentation consistency of challenging objects.

Contrary to the TC metric, the CA metric employs the ground truth of seg-
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Figure 4.4: The ablation study results (%) of temporal consistency (TC) and con-
sistent accuracy (CA). The horizontal axis shows each class in the MFNet dataset
(Ha et al. 2017). Variants (G), (H) and (I) are the three variants of our method.
The figure illustrates the superiority of variant (H) in terms of segmentation con-
sistency. The figure is best viewed in color.

mentation map as the supervision signal. This approach ensures that, in scenarios
where segmentation results across consecutive frames are consistent but inaccu-
rate, CA does not yield relatively high values as observed with TC. This distinction
is exemplified in the results for the car stop and guardrail depicted in Fig. 4.4. De-
spite the equal ranking of the three variants in TC and CA for both car stop and
guardrail, the gap between the three in TC is significantly larger than that in CA.
This implies that evaluating solely the consistency of segmentation results intro-
duces considerable uncertainty, particularly when the segmentation results of con-
secutive frames exhibit the same error for a specific object. So, by leveraging the
truth value of segmentation map, CA can more accurately reflect the segmentation
performance. Variant (H) achieves the highest CA in almost all classes, indicating

that its segmentation results are both accurate and consistent.
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4.3.3.3 Ablation on Coefficients of Loss Functions

From the results in Tab. 4.1, we select variant (H) as the best method. It uses the
cross-entropy loss and Dice loss on Img,, and cross-entropy loss and our proposed
consistency loss on Img,. Among them, the Dice loss focuses on improving the
segmentation accuracy of the current frame, while the consistency loss focuses on

improving segmentation consistency. The total loss is calculated as:

Etotal = Esegl + aﬁdice + ﬁseg2 + ﬁﬁcona (44)

where o and 5 denote the importance of Dice loss and consistency loss, respec-
tively. We set o and 3 to 0.5, 1.0, and 2.0 in turn, to investigate their influences
on the segmentation results.

Table 4.3: Results (%) of the ablation study on the coefficients of
the loss functions. « and /3 indicate the importance of Dice loss and
consistency loss, respectively. The best results are highlighted in bold
font. We use the average results generated from the same 3 sets of
random Euler angles as the final results of TC (%) and CA (%).

ffici
No. M mPre mAcc mFl mloU TC CA

o B
(A) 05 05 7370 73.07 71.27 59.56 35.02 22.87
(B) 0.5 1.0 7320 71.26 70.09 58.63 3494 2253
(C) 05 20 7126 7481 7147 59.12 36.36 23.06
(D) 1.0 05 71.37 7753 71.78 59.89 3522 2276
(E) 1.0 1.0 74.01 74.17 7146 59.90 36.40 23.29
(F)y 1.0 20 7144 7451 70.76 58.74 3631 23.10
(G) 20 05 7299 7254 7047 58.85 34775 2249
H) 20 1.0 7358 73.64 7148 59.85 35.70 23.01
@ 20 20 7023 73.00 6990 5820 36.16 22.84

As shown in Tab. 4.3, variant (E) obtains the highest mloU, TC, and CA, in-
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dicating that the method achieves the best segmentation accuracy and consistency
when o« = 1.0 and § = 1.0. Comparing variants (G) and (I), we find that vari-
ant (I) has much higher TC and CA but much lower mloU than variant (G). This
means that variant (I) achieves better consistency but worse accuracy, indicating
that a higher  can enhance segmentation consistency while suppressing accuracy.
Meanwhile, variant (G) achieves higher accuracy but at the cost of consistency,
indicating that overemphasizing segmentation accuracy may hinder consistency,
which is consistent with the conclusion from the previous results. The comparison
between variants (A) and (C), and variants (D) and (F) leads to the same conclu-
sion. This also demonstrates that balancing segmentation accuracy with consis-
tency is a challenging problem and worth further investigating. In summary, when
a = 1 and § = 1, our method achieves the highest mloU, TC, and CA at the same
time, which indicates that our method and our loss function effectively balance

segmentation accuracy and consistency.

4.3.4 Comparative Experiments

We adopt CMX with MiT-B2 as the segmentation network for our framework. Based
on different loss function strategies, we select variants (G), (H) and (I) in Tab. 4.1
for comparison, naming them Ours-dice, Ours-con and Ours-con-acc. They
all use MiT-B2 as the backbone. We compare our method with RTFNet (Sun, Zuo,
and M. Liu 2019), ABMDRNet (Q. Zhang et al. 2021), CENet (Z. Feng, Guo, and
Sun 2023), CACFNet (W. Zhou, Dong, et al. 2023), MMSMCNet (W. Zhou, H.
Zhang, et al. 2023), EAEFNet (Liang et al. 2023), CMX (J. Zhang, Huayao Liu, et
al. 2023), CMNeXt (J. Zhang, R. Liu, et al. 2023), CAINet (Lv, Zhi Liu, and G. Li
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2024), and EGFNet (Dong et al. 2024). CMX utilizes both MiT-B2 and MiT-B4 as
backbones, while CMNeXt uses MiT-B4 as its backbone. Since CMX with MiT-B2
has not reported its per-class Acc, and CMNeXt with MiT-B4 has not reported its
per-class Acc and IoU, we get the missing results by testing the networks with their
pre-trained weights. However, CMX with MiT-B4 does not provide any pre-trained

weights, so we could not compare its Acc with the other methods.

Table 4.4: The comparative per-class results on the MFNet dataset. We use Acc (%) and IoU (%) for each class and the mAcc (%) and mloU (%) for all the classes. The results demonstrate the superiority
of our method, with the top two results in each column in bold and underline. The venue is followed by the publication year. Since CMX with MiT-B4 backbone has not released the
Acc results based on its pre-trained weights, we use “-” to indicate the data absence.

Method Backbone Vente Car Person Bike Curve  CarStop  Guardrail ColorCone  Bump . =
Acc IoU Acc IoU Acc loU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU
RTFNet (Sun, Zuo, and M. Liu 2019) ResNet-152 RAL’'19 930 874 793 703 76.8 627 60.7 453 385 298 00 0.0 455 29.1 747 557 63.1 532
ABMDRNet (Q. Zhang et al. 2021) ResNet-50 CVPR’21 943 848 90.0 69.6 75.7 603 640 451 441 33.1 31.0 51 617 474 662 50.0 69.5 54.8
CENet (Z. Feng, Guo, and Sun 2023) ResNet RAL23 920 858 789 70.0 749 614 648 468 398 293 657 87 541 478 771 569 71.8 56.1
CACFNet (W. Zhou, Dong, et al. 2023) ConvNeXt-B TIV™23 95.9 892 93.6 69.5 82.0 633 740 46.6 49.0 324 458 79 698 549 821 583 767 578
MMSMCNet (W. Zhou, H. Zhang, et al. 2023) MiT-B3 TCSVT'23 962 892 932 69.1 834 635 744 464 56.6 419 269 88 702 488 775 57.6 752 581
EAEFNet (Liang et al. 2023) ResNet-152 RAL23 954 87.6 852 72.6 79.9 63.8 70.6 48.6 479 350 628 142 62.7 524 719 583 751 589
CMX (J. Zhang, Huayao Liu, et al. 2023) MiT-B2 TITS23 922 894 813 748 734 647 635 473 388 30.1 363 81 533 524 677 594 673 582
CMX (J. Zhang, Huayao Liu, et al. 2023) MiT-B4 TITS 23 - 9.1 - 752 - 64.5 - 502 - 353 - 8.5 - 542 - 60.6 - 59.7
CMNeXt (J. Zhang, R. Liu, et al. 2023) MiT-B4 CVPR’23 944 90.2 839 742 773 638 557 454 475 381 321 134 558 518 638 58.6 678 593
CAINet (Lv, Zhi Liu, and G. Li 2024) MobileNet-V2  TMM24  93.0 88.5 74.6 663 852 68.7 659 554 347 315 656 9.0 556 489 850 60.7 732 586
EGFNet (Dong et al. 2024) ConvNeXt TITS24 965 89.8 92.1 71.6 848 639 76.1 467 44.6 313 387 67 711 520 781 574 756 575
Ours-dice MiT-B2 93.1 888 892 745 764 645 693 478 520 36.6 256 22.0 647 537 70.0 60.9 710 60.8
Ours-con MiT-B2 937 89.1 885 747 794 656 70.6 463 442 37.6 622 11.1 627 545 67.1 62.0 742 59.9
Ours-con-acc MiT-B2 94.0 889 86.7 754 76.6 634 67.0 47.0 467 39.0 493 12.6 613 557 69.6 599 723 60.0

As shown in Tab. 4.4, our proposed methods achieve the highest mloU among
the state-of-the-art methods. Specifically, compared with CMX using the same MiT-
B2 backbone, our methods achieve a 1.7% to 2.6% higher mloU. Compared with
CMNeXt that uses the larger backbone MiT-B4, our methods also increase mloU
by 0.2% to 1.1%. Moreover, the mAcc of Ours-con with MiT-B2 is 6.9% higher
than that of CMX with MiT-B2. Despite achieving the highest mAcc, CACFNet
(W. Zhou, Dong, et al. 2023) suffers from a low mloU, which implies a high rate
of false positives. Therefore, we can conclude that our method not only improves
the segmentation consistency but also achieve the best overall accuracy compared
to other methods.

To demonstrate the scalability of our method to other RGB-T semantic seg-

mentation networks, we choose the well-known CNN-based RTFNet (Sun, Zuo,
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Table 4.5: The comparative per-class results based on RTFNet (Sun, Zuo, and M. Liu 2019). We use Acc (%) and IoU (%) for each class and the mAcc (%) and mIoU (%) for all
the classes. We use ResNet-50 and ResNet-152 as backbone to compare RTFNet and our method. The results demonstrate the scalability of our method, with the best results of
each backbone are highlighted in bold.

Method Backbone Car Person Bike Curve Car Stop  Guardrail  Color Cone Bump mAce mloU
Acc ToU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU

RTFNet (Sun, Zuo, and M. Liu 2019) ResNet-50 913 863 782 678 71.5 582 598 43.7 321 243 134 36 404 260 735 572 622 517

Ours-con 91.3 875 858 71.1 739 60.6 61.7 43.8 350 225 433 3.8 454 384 700 545 673 533

RTFNet (Sun, Zuo, and M. Liu 2019) ResNet-152 93.0 874 793 703 76.8 62.7 60.7 453 385 298 00 00 455 29.1 747 557 631 532

Ours-con 91.5 86.5 833 713 745 61.7 675 47.0 434 284 141 24 457 412 732 505 658 54.1

and M. Liu 2019) as our segmentation network and keep the parameter quantities
unchanged. Tab. 4.5 compares the segmentation results of the original RTFNet
and Ours-con based on different backbones. With ResNet-50 as the backbone,
Ours-con outperforms RTFNet in segmentation accuracy (Acc and IoU) for all
classes except car stop and bump, and increases mAcc and mloU by 5.1% and
1.6%, respectively. With ResNet-152 as the backbone, Ours-con significantly
increases the Acc of guardrail from 0.0% to 14.1%, and the IoU of color cone
from 29.1% to 41.2%, indicating that our method can significantly enhance the
segmentation accuracy for challenging objects. Ours-con with ResNet-152 also
achieves better segmentation accuracy that increases mAcc and mloU by 2.7% and

0.9%, respectively.

4.3.5 Qualitative Demonstrations

Fig. 4.5 qualitatively demonstrates sample segmentation results. In each set of
images, the left column is the original current frame from the MFNet (Ha et al.
2017) dataset, and the right column is the synthesized frame generated by our
method. The segmentation consistency can be seen by comparing the consecutive
frames. We can see that our three methods generally outperform CMX with MiT-
B2 in terms of segmentation accuracy, especially for small objects such as car

stops (refer to the 3rd and 4th columns). We can also find that Ours-con achieves
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Figure 4.5: Qualitative demonstration for RGB-T semantic segmentation on the
MFNet (Ha et al. 2017) dataset. The rows from top to bottom are RGB images,
thermal images, ground truth, CMX results, Ours-dice results, Qurs-con results,
and Ours-con-acc results. All of the variants use MiT-B2 as backbones. The 1st
and 2nd columns are the 1st set of images, the 3rd and 4th columns are the 2nd set
of images, the 5th and 6th columns are the 3rd set of images, and the 7th and 8th
columns are the 4th set of images. Among them, the first two sets and the last two
sets are the images of nighttime and daytime, respectively.

the most consistent results. Moreover, the results of all three of our methods are
more consistent than those of CMX. Specifically, the segmentation results of CMX
show significant inconsistencies for all sets of images. Similarly, the segmentation
results of Ours-dice for Ist, 2nd, and 3rd sets are also inconsistent. The same
is observed for Ours-con-acc in the 2nd, 3rd, and 4th sets. Although Ours-con
presents the lowest mloU among our methods, it shows much better consistency

than the other methods. This result is consistent with the findings from the ablation
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experiments presented in Tab. 4.1.

Ours-con, which uses the proposed consistency loss, achieves the best seg-
mentation accuracy and has much better consistency than the other methods. So,
in real applications, Qurs-con could be preferable to Ours-dice, which sacrifices

consistency for accuracy.

4.4 Conclusions and Future Work

This letter presents the viewpoint that consistency should be valued in RGB-T se-
mantic segmentation in addition to accuracy. To this end, we proposed a temporal-
consistent framework for consistent and accurate RGB-T semantic segmentation.
The proposed framework includes a VVIG module, which can synthesize a vir-
tual frame at the next moment. Moreover, the proposed consistency loss improves
segmentation consistency without compromising accuracy. The proposed metric
is able to evaluate segmentation results in terms of both accuracy and consistency.
The experimental results show that our method outperforms the state-of-the-art
networks.

Despite these contributions, our framework focuses primarily on short-term
consecutive frames and does not model complex long-term temporal dynamics
such as object occlusion or multi-object interaction. Additionally, the VVIG mod-
ule is designed for pairwise image generation rather than continuous video streams,
which limits its direct applicability to real-time autonomous driving scenarios.

In future work, we will address these limitations by exploring novel architec-
tures for long-sequence modeling to capture spatio-temporal dependencies across

multiple frames. Furthermore, we aim to extend the framework to video-level con-
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sistency by developing end-to-end models capable of generating and segmenting

continuous video streams in real time.



Chapter 5

Synthetic Data Augmentation

5.1 Motivation

While the multi-modal fusion interpretability (Chapter 3) and temporal consis-
tency (Chapter 4) discussed in previous chapters have effectively improved seg-
mentation accuracy, these methods all rely on sufficient training data. As dis-
cussed in Section 1.2, RGB-T semantic segmentation is facing a severe data short-
age. Specifically, the largest publicly available dataset, MFNet, contains only
1568 pairs of training images. This limited data size, coupled with severe class
imbalance, jointly constrains the performance of existing models.

Specifically, the data shortage manifests in two ways: First, the absolute num-
ber of training samples is insufficient to support the training of deep neural net-
works, easily leading to overfitting and causing the model to memorize samples
rather than learn generalizable features; second, there is an imbalance in the num-
ber of samples among different classes. Figure 1.2 shows that the class pixel ratio

is highly correlated with segmentation performance. For example, the segmen-
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tation accuracy of rare classes such as Guardrail and Car Stop is significantly
lower than that of common classes such as Car. It is worth noting that although
the pixel ratio of the Car Stop class is higher than that of Bump, its IoU is actually
lower, indicating that segmentation difficulty also plays a crucial role.

This chapter aims to alleviate the problems of data scarcity and class imbal-
ance in RGB-T semantic segmentation through synthetic data augmentation. We
propose the SyntheticSeg method, whose core idea is to construct a large-scale
synthetic RGB-T dataset using layout-to-image generation techniques and design
an adaptive sampling mechanism that comprehensively considers class scarcity
and segmentation difficulty. Specifically, we first improve the layout-to-image
generation model FreestyleNet, enabling it to simultaneously generate RGB and
thermal images based on semantic layouts, constructing a large-scale synthetic
dataset containing over 31,000 image pairs to enhance data diversity and suppress
overfitting. Second, we propose a novel sampling strategy that calculates a layout
score by evaluating the scarcity of each semantic layout and segmentation diftfi-
culty, and determines its sampling frequency accordingly, thereby prioritizing the
generation of synthetic data containing rare or difficult-to-segment samples. Fur-
thermore, we oversample the real training set to balance the scale of synthetic and
real data and avoid low-quality synthetic samples dominating the training process.

Chapter Organization. The reminder of this chapter is structured as follows:
Section 5.2 describes the overall process of the SyntheticSeg framework and the
details of constructing the synthetic dataset, and analyzes the sampling mechanism
and its data distribution under different maximum sampling numbers. Section 5.3
verifies the effectiveness of the proposed method through comprehensive experi-

ments. Section 5.4 summarizes the core contributions of this chapter and discusses
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its limitations and future research directions.

5.2 The Proposed Method

.. i

Figure 5.1: The overall framework of our SyntheticSeg. (a) illustrates the training
process of RGB-T generative model; (b) illustrates the pipeline for joint training
of segmentation models using both synthetic and real RGB-T datasets.

Pa—

5.2.1 The Overall Framework

The MFNet dataset (Ha et al. 2017) contains only 2,353 fully annotated pairs (in-
cluding 784 flipped pairs) of RGB-T images, with just 1,568 pairs in the training
set. As networks used for RGB-T semantic segmentation grow more powerful,
the limited scale of the dataset has become a critical factor affecting segmentation
performance. With the advent of generative models like Diffusion (Dhariwal and
Nichol 2021), it is now feasible to expand the training data by creating high-fidelity
synthetic images.

We adapt the layout-to-image FreestyleNet (Xue et al. 2023) as our gener-
ative model, and the framework of our SyntheticSeg is illustrated in Fig. 5.1.

FreestyleNet is trained and validated on COCO-Stuff (Caesar, Uijlings, and Fer-
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rari 2018) and ADE20K (B. Zhou et al. 2017) to generate RGB images from se-
mantic layouts. To apply it to the RGB-T image generation task on the MFNet
dataset (Ha et al. 2017), we separately feed the RGB and thermal images from
the MFNet dataset into FreestyleNet. The thermal images are first normalized
and then converted into 3-channel images to match the input dimensions expected
by FreestyleNet. Then, we modify the class indices of the dataset to define the
number of output classes of the generative model.

As illustrated in Fig. 5.1 (b), we can feed the semantic layout from the real
training set into the trained RGB-T generative model to obtain the correspond-
ing RGB-T images. The semantic layout fed into the model and the generated
RGB-T images form a pair of synthetic data suitable for training. In principle, for
one semantic layout, we can generate an infinite number of corresponding RGB-T
images by varying the random seed. So, if the real dataset contains Vy pairs of
training data, we can generate Ny X N pairs of synthetic data, where /V; is the
number of selected seeds. This method can significantly expand the scale of fully
annotated data available for training. To alleviate the class imbalance problem, we
propose a metric to assess the scarcity and segmentation challenge of each seman-
tic layout in the real dataset. Based on this metric, we determine N5, the number
of synthetic data to be sampled for each real semantic layout. In this way, we have
one pair of real RGB-T image and N, pairs of synthetic RGB-T images for each
semantic layout.

Then, we feed RGB-T images from both the real and sampled synthetic datasets
into the existing segmentation model, perform feature extraction and fusion on the

RGB and thermal images, and decode them to obtain the segmentation results.



CHAPTER 5. SYNTHETIC DATA AUGMENTATION 59

5.2.2 Sampling Mechanism
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Figure 5.2: The pixel ratio of each class in the training set of MFNet dataset (Ha
et al. 2017) and the IoU for each class of CMX (J. Zhang, Huayao Liu, et al.
2023) and CRM (Shin et al. 2024). We choose CMX using MiT-B2 and MiT-B4
as backbone, and CRM using Swin-S and Swin-B as backbone. This figure shows
the correlation between the class pixel ratio in the training set and the IoU for that
class.

As shown in Fig. 5.2, the segmentation performance of different classes in
RGB-T semantic segmentation is related to their respective pixel ratio and seg-
mentation difficulty. To improve the segmentation performance of classes with
low pixel ratio and high segmentation difficulty, we design a metric to evaluate
the scarcity and segmentation difficulty of each semantic layout in the training
set. This metric determines the number of corresponding synthetic RGB-T im-
ages sampled from the generated synthetic dataset for that semantic layout. This
sampling mechanism can improve the number and diversity of uncommon and
challenging samples.

To evaluate the scarcity and segmentation challenge of each semantic layout,

we first assess the pixel ratio and segmentation difficulty of the different classes.
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In the MFNet dataset, for each class ¢ (¢ € {1,2,...,C}, where C is the total
number of classes excluding the background class 0), the pixel ratio of the class

P. can be defined as:
D (oA
Y Yt €]

where M is the total number of images in the training set and ). is the set of pixels

(5.1)

[

belonging to class c in the layout. So, the numerator represents the sum of pixels
for class c across all images, while the denominator represents the sum of pixels
for all classes except the background across all images.

Then, we define . as the class-wise mean loss for class ¢, representing the

corresponding segmentation challenge. The 1. can be defined as:

M
_ Zi:l Zjeﬂc Lij
Zfil Q| + €

, (5.2)

fhe

where L;; is the loss for pixel j in image ¢, calculated by a pre-trained RGB-T
semantic segmentation model. € is a small constant to ensure numerical stability.
So, the numerator represents the sum of losses for class ¢ across all images, while
the denominator represents the sum of pixels for class c across all images.

For each semantic layout i (i € {1,2,..., M}, where M is the total number of
layouts in the training set), we can calculate the score for scarcity and segmentation
challenge of the semantic layout based on the above obtained P. and .. The
scarcer the semantic layout and the more difficult the segmentation, the higher the

score. We can obtain the score 3; for layout ¢ by:

C ij
_ 20:1 Zjch e 1

Bi .
"9 9] + e mineeg, P

(5.3)
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where ;1% is the class-wise mean loss for class ¢ for pixel j in image i. C'is the total
number of classes excluding the background class 0. C; denotes the set of classes
present in semantic layout ¢, meaning the number of classes in C; is less than or
equal to C'. So, we can use this formula as a metric to measure the scarcity and
segmentation challenge of the semantic layout. This metric helps determine the
number of synthetic images to sample from the high-fidelity synthetic dataset. By
sorting all semantic layouts in the training set from small to large using this metric,

the number of samples .S; corresponding to semantic layout ¢ can be defined as:

(1+1)

S; = min(1 + { X Rmm-‘ s Ronaz), (5.4)

where | -] indicates rounding to the nearest integer, M is the total number of lay-
outs in the training set, and R,,,, 1s the maximum sampling number for a single
semantic layout in the synthetic dataset. By leveraging this mechanism, we sample
more synthetic images for semantic layouts that are both uncommon in the training

set and present high segmentation challenges.

5.2.3 Data Distribution of Synthetic Dataset

Based on the sampling mechanism described above, we can create different scales
of sampled synthetic datasets by setting different maximum sampling numbers
Rinaz in Equ. (5.4) for the original large-scale synthetic dataset. We set R,,q.
to values of 1, 2, 3, 4, and 5, which resulted in 1,568, 2,744, 3,660, 4,509, and
5,333 sampled synthetic images, respectively. When R,,,., = 1, the pixel ratio of
each class in the sampled synthetic dataset is the same as that in the real dataset. In

principle, increasing R,,,, can raise the pixel ratios in the uncommon and difficult-
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Figure 5.3: The normalized pixel ratio of each class in the synthetic dataset with
different R4
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to-segment classes. To more clearly illustrate the variation in pixel ratios as R4,
increases, we normalize these ratios across different 1,,,.. The normalized ra-
tios are presented in Fig. 5.3. Take the Guardrail class as an example: prior to
normalization. The pixel ratios for R,,,, values of 1, 2, 3, 4, and 5 are 1.86%,
2.22%, 2.29%, 2.36%, and 2.39%, respectively. These ratios show a slight up-
ward trend, but the change is subtle when viewed as absolute values. However,
after normalization, the pixel ratios for R,,,, values of 1,2, 3,4, and 5 become 0%,
67.92%, 81.13%, 94.34%, and 100%, respectively. This normalization makes the
incremental changes clearer and highlights the trend. Fig. 5.3 shows that as R,
increases, the pixel ratio of the car class, which is the most common and easiest to
segment, decreases. Meanwhile, the pixel ratios of other classes for R,,,, > 1 are

higher than those for R,,,, = 1 (i.e., the pixel ratios in the real dataset).
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5.3 Experimental Results and Discussions

5.3.1 Implementation Details

We use the MFNet dataset (Ha et al. 2017) as the real dataset for our experiments.
The dataset consists of 2,353 pairs (including 784 flipped pairs) of RGB-T images
and it includes 9 classes: Background, Car, Person, Bike, Curve, Car Stop,
Guardrail, Color Cone, and Bump. We follow the same split scheme as that in
(Ha et al. 2017): 1,568 pairs for training, 392 for validation, and 393 for testing.
To construct a synthetic dataset, we feed 1,568 semantic layouts from the real
training set into the trained layout-to-image generation model. We set the class
indices of FreestyleNet (Xue et al. 2023) to 9 to adjust the number of output classes,
aligning it with the MFNet dataset. Using an NVIDIA RTX 3090 graphics card,
the generation speed for synthetic RGB and thermal images is 7.1 seconds per
image. By setting 20 different random seeds, we obtain a large-scale synthetic
dataset with 31,360 pairs of RGB-T synthetic images and corresponding semantic
layouts. We set R,,.. = 2 in Equ. (5.4) to create the sampled synthetic training
set, which includes 2,744 pairs of synthetic RGB-T images.

We train the existing RGB-T semantic segmentation model using both the sam-
pled synthetic training set and the original real training set. Since the scale of the
sampled synthetic training set is larger than that of the original real training set,
and the quality of the synthetic images is lower than that of the real images, we
oversample the real training set to match the scale of the sampled synthetic train-
ing set. Specifically, if two pairs of synthetic RGB-T images are sampled for a
semantic layout during training, the corresponding real RGB-T images are also

sampled twice to ensure same sizes of the real and synthetic training data. This
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prevents the low-quality synthetic images from dominating the training process.

5.3.2 Ablation Study

To balance performance and model complexity, we use CMX (J. Zhang, Huayao
Liu, et al. 2023) with a MiT-B2 backbone as the RGB-T semantic segmentation

model for ablation experiments.

5.3.2.1 Ablation on Training Data

Table 5.1: The results (%) of the ablation study on the training data. 1x and
2x indicate using the real or synthetic training data once or twice for training,
respectively. The best results are highlighted in bold.

Training Data

mAcc mloU
Real Synthetic
1x 67.3 58.2
1x 65.6 52.8
1x 1x 72.2 59.9
2% 68.5 57.5

To examine the effects of various training sets on the RGB-T semantic segmen-
tation model, we first conduct an ablation study presented in Tab. 5.1. The first
row of Tab. 5.1 shows the segmentation results obtained by training with 1,568
pairs of real RGB-T images from the original MFNet dataset. The second row
shows the results from training with 1,568 RGB-T images generated from 1,568
semantic layouts. Comparing the results, we observe that the mloU of training
with synthetic data is 5.4% lower than that of training with real data. This in-
dicates that although the generated synthetic RGB-T images are visually similar

to real images, there remains a quality gap between them and real images. The
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third row of Tab. 5.1 shows the segmentation results obtained by training with
1,568 pairs of real RGB-T images and the corresponding 1,568 pairs of synthetic
RGB-T images. Training with a combination of real and synthetic images results
in a higher mloU compared to training with only real images. This indicates that
despite synthetic images not being as high-quality as real images, joint training
enhances the diversity of the training set. This allows the model to learn from a
wider variety of samples, thereby improving its performance. To demonstrate that
the mloU improvement in the third row is not solely due to increased amount of
training data, we conduct the fourth experiment using twice the original real train-
ing set, ensuring the same amount of training data as in the third experiment. The
mloU from the fourth experiment is decreased by 2.4% compared to the third and
is even lower than the mloU obtained with just the original real training set. This
indicates that merely increasing the training data without enhancing its diversity

does not effectively improve the segmentation performance.

5.3.2.2 Ablation on Sampling Mechanism

Table 5.2: The results (%) of the ablation study on the maximum sampling number R,,,,. The best results are highlighted in bold.

Ry Car Person Bike Curve Car Stop  Guardrail  Color Cone Bump mAce mloU
Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU

1 93.0 883 83.0 73.5 742 650 66.1 512 41.1 314 361 82 568 529 692 57.7 688 585

2 929 883 842 749 734 652 646 513 435 363 63.6 142 579 528 741 621 72.6 604

3 93.0 884 833 740 727 64.0 658 51.7 447 36.1 682 143 564 52.6 683 574 724 597

4 937 889 827 735 73.8 650 62.8 51.6 50.6 38.6 53.6 123 542 51.7 693 546 71.1 594

5 92.8 88.0 83.7 744 740 649 634 51.0 463 345 59.1 123 553 508 70.7 566 71.6 59.0

We set 20 different random seeds and generate a synthetic dataset 20 times
the scale of the original dataset. Our goal is to enhance the segmentation perfor-
mance of uncommon and challenging classes through the sampling mechanism,

thereby improving overall performance. We design an ablation experiment, shown
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in Tab. 5.2, to analyze the impact of the maximum number of samples R,,,, on
the results. R,,.. = 1,2,3,4,5 means that for each semantic layout in the orig-
inal training set, a maximum of 1, 2, 3, 4, or 5 pairs of synthetic RGB-T images
are sampled, respectively. The higher the R,,,,, the larger the sampled synthetic
training set. Tab. 5.2 indicates that the overall segmentation performance of the
model improves when R,,,, > 1 compared to R,,,. = 1. The accuracy (Acc) and
IoU for the Car Stop and Guardrail classes, which have the worst segmentation
results, are significantly improved when R, > 1. The model achieves the high-
est mAcc and mloU when R,,,, = 2, but segmentation performance gradually
deteriorates as R, increases further. This indicates that while training with both
synthetic and real images can enhance segmentation performance, an excessive
number of synthetic images can lead to low quality issues and overfitting, thus
degrading model performance. Specifically, although synthetic data increases the
diversity of the training set, the quality of synthetic images is generally inferior
to that of real images. As the number of synthetic data increases, the model may

learn more noises and inaccurate features.

Table 5.3: The results (%) of the ablation study on the sampling mechanism. P is the pixel ratio of each class. . is the mean loss of each class.
A v under P, or p,. indicates whether P. or y. is included in the sampling mechanism for synthetic data. OverSamp’ indicates whether the real
training set is oversampled to ensure the training size of synthetic and real data are the same. The best results are highlighted in bold.

Sampling Car Person Bike Curve Car Stop  Guardrail  Color Cone Bump mAce mloU
P. p. OverSamp Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU
v v 93.1 88.3 83.1 739 733 648 648 50.5 482 375 549 140 547 499 715 553 714 592
v v 927 879 826 737 712 633 629 51.0 44.0 364 651 16.0 564 51.7 649 571 710 595
v v 923 879 831 740 748 647 67.0 51.1 49.4 340 534 12.0 559 519 709 592 718 592
v v v 929 883 842 749 734 652 646 51.3 435 363 63.6 142 579 528 741 62.1 72.6 60.4

As shown in Tab. 5.3, we conduct the experiments to analyze the effect of
different sampling mechanisms for synthetic and real data on model performance.
We set R, = 2 and sampled 2,744 synthetic RGB-T images for joint training. In

Tab. 5.3, the first row shows the segmentation results when the sampling mecha-
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nism for synthetic data considers only the pixel ratio of each class. The second row
shows the results when it considers only the segmentation difficulty of each class.
Both rows oversample the real training set, resulting in 2,744 pairs of real RGB-
T images used for joint training, to ensure the training size of synthetic and real
data are the same. The results in the first two rows are better than those obtained
by training only with real datasets (first row of Tab. 5.1). This demonstrates that
using either the pixel ratio or segmentation difficulty for synthetic data improves
the ability of the model. However, their segmentation performance is inferior to
the fourth row, which considers both pixel ratio and segmentation difficulty in the
synthetic data sampling mechanism. This proves that considering both factors can
simultaneously maximize the segmentation ability of the model.

Compared to the fourth row, which achieves the best segmentation perfor-
mance, the third row does not oversample the real data. It retains 1,568 pairs of
real RGB-T images for joint training and, as a result, obtains worse mloU, particu-
larly for the Car Stop and Guardrail classes. These classes have scarce samples
and are more difficult to segment. Sample scarcity means fewer training samples
for the generative model, and harder segmentation indicates greater difficulty in
extracting semantic features. Consequently, such classes yield poorer quality syn-
thetic data from the generative model. When the scale of synthetic data outweighs
that of real data in joint training, these classes further suppress segmentation accu-
racy compared to other classes. The Car Stop and Guardrail classes unexpect-
edly achieved the highest Acc while obtaining the lowest IoU. This suggests that
false positives dominated their segmentation results, incorrectly judging negative
cases as positive. This further validates the effect of lower-quality synthetic data

on the segmentation results. The above results demonstrate the effectiveness of



CHAPTER 5. SYNTHETIC DATA AUGMENTATION 68

oversampling real data to match the scale of synthetic data.

5.3.3 Comparative Study

Based on the ablation experiments described above, we construct the synthetic
dataset used in the comparative experiments by setting R,,,., = 2 and sampling
from the generated large-scale synthetic dataset. We also oversample the real

dataset to match the size of the synthetic dataset.

5.3.3.1 The Quantitative Results

Table 5.4: The per-class results (%) of models using different method to alleviate class imbalance. The best results are highlighted in bold.

Car Person Bike Curve Car Stop  Guardrail ~ Color Cone Bump

Methods mAcc mloU

Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU
CMX(MiT-B2) (J. Zhang, Huayao Liu, etal. 2023) 92.2 89.4 813 748 734 647 63.5 473 388 30.1 363 81 533 524 677 594 673 582

Focal Loss (Lin et al. 2017) 939 88.1 848 73.6 745 639 688 49.1 426 31.7 516 94 556 510 70.6 595 713 583
Resampling 934 877 848 74.1 735 64.1 63.1 477 450 270 66.1 11.0 583 524 683 547 724 574
SyntheticSeg (Ours) 929 883 842 749 734 652 646 513 435 363 63.6 142 579 528 741 62.1 72.6 60.4

In Tab. 5.4, we compare our SyntheticSeg with focal loss (Lin et al. 2017)
and resampling. All the three methods use CMX (J. Zhang, Huayao Liu, et al.
2023) with MiT-B2 as the baseline. Focal loss is implemented with v = 2, em-
phasizing hard-to-classify examples. The resampling method oversamples rare
samples during training to emphasize classes with fewer instances. While focal
loss achieves a higher IoU than the baseline for Curve, Car Stop Guardrail
and Bump, it performs poorly on other classes. Resampling only outperforms the
baseline in Curve and Guardrail, resulting in a lower mloU than the baseline.
Our method, however, not only significantly improves segmentation accuracy for
objects with few samples and high segmentation difficulty but also performs well

across other classes.
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Table 5.5: The per-class results (%) of models using different training sets. We used RTFNet (Sun, Zuo, and M. Liu 2019), CMX (J. Zhang, Huayao Liu, et al. 2023),
and CRM (Shin et al. 2024) with different backbones as the RGB-T segmentation models. A represents the mIoU improvement when training with both synthetic and
real data compared to using only real data. The best results of each backbone are highlighted in bold.

Model Backbone Training Data loU mloU A
Real Synthetic Car Person Bike Curve CarStop Guardrail Color Cone Bump
v 86.3 67.8 582 437 243 3.6 26.0 572 51.7
ResNet-50 144
RTFNet (Sun, Zuo, and M. Liu 2019) v v 86.5 69.9 608 495 27.8 8.7 46.0 58.0 56.1
v 874 703 627 453 29.8 0.0 29.1 55.7 532
Reset-132 v 886 L1 633 502 305 8.0 50.2 517 569 7
. v 894 748 647 473 30.1 8.1 524 594 582
MiT-B2 122
CMX (J. Zhang, Huayao Liu, et al. 2023) v v 883 749 652 513 36.3 14.2 52.8 62.1 604
. v 90.1 752 645 502 353 8.5 54.2 60.6  59.7
MiT-B4 v v 894 749 65.0 54.6 38.7 13.6 53.1 60.8  60.9 112
Swin-T v 90.0 73.1 63.7 479 40.7 9.9 54.4 54.2 59.1 108
i v V903 750 641 494 486 1.1 50.6 521 599
CRM (Shin et al. 2024) Swin-S v 90.6 755 672 483 434 11.8 56.8 593 61.2 108
I ' v 90.7 755 652 52.0 50.4 15.4 54.8 55.2 62.0 .
Swin-B ' 90.0 751 67.0 452 49.7 18.4 54.2 544 614 107
W ' v 912 744 652 509 46.4 15.8 54.2 62.0 62.1 )

In Tab. 5.5, we select three RGB-T semantic segmentation models and com-
pare them by training only with real data versus training with both synthetic data
from our proposed method and real data. We train each model with multiple back-
bones to analyze the impact of different training data on various architectures and
backbone models. The first row for each model and backbone uses only the real
training set, while the second row uses both the real and synthetic training sets. Af-
ter incorporating synthetic training data, the segmentation ability of RTFNet has
been significantly improved. Specifically, the IoU of the Bump class in RTFNet
with ResNet-152 is the only one that decreases, while other segmentation results
show improvement. For the three models with different backbones, the mloU has
consistently been improved after training with both synthetic and real data. More
importantly, these models (except for CRM with Swin-B) notably enhanced the
segmentation IoU of the Car Stop and Guardrail classes, which have few sam-
ples and are challenging to segment. This aligns with the intended outcomes of
our proposed sampling mechanism. The results show that our method consistently

improves the overall segmentation performance.
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5.3.3.2 The Qualitative Demonstrations

. Unlabelled . Car i . Car Stop . Guardrail Color Cone . Bump

Figure 5.4: Qualitative comparison for semantic segmentation of RGB-T images
on MFNet (Ha et al. 2017) dataset. The rows from top to bottom are RGB im-
ages, thermal images, ground truth of semantic layouts, results obtained by train-
ing CMX (J. Zhang, Huayao Liu, et al. 2023) with MiT-B2 using real data, and
results obtained by training CMX (J. Zhang, Huayao Liu, et al. 2023) with MiT-
B2 using real and sampled synthetic data. The first four columns and the last four
columns are the samples of nighttime and daytime, respectively.

To better demonstrate the effectiveness of our SyntheticSeg, we select 4 sam-
ples taken at night and 4 samples taken during the day, which are displayed in
Fig. 5.4. After training with synthetic and real data, the ability to segment un-
common and difficult-to-segment classes of the existing models has significantly
been improved. For example, the models trained with synthetic and real data in
the second cases can better segment the Guardrail class, which has the lowest
pixel ratio. This result aligns with the conclusions from the quantitative exper-
iments above. We also find that training with synthetic and real data improved
the resistance to false detection of the models. For example, CMX trained with

only real data in the sixth, seventh, and eighth cases detect the background as the
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Curve class. This issue is significantly reduced after adding synthetic data to the
training process. This improvement is due to the increased number and diversity

of training samples from the synthetic dataset.

5.3.3.3 Suboptimal Case Analysis

Figure 5.5: Visualization of the segmentation suboptimal case. (a) and (b) are real
RGB-T images from MFNet dataset; (c) is the corresponding semantic layout; (d)
and (e) are synthetic RGB-T images generated from (c); (f) is the prediction of
segmentation model.

Although the above quantitative and qualitative analyses have proved the ef-
fectiveness of our method, there are still cases where the segmentation perfor-
mance is not satisfactory, as shown in Fig. 5.5. Specifically, Fig. 5.5(f) illustrates
that the prediction results are not accurate for both the Person class with a large
sample size and the Car Stop class with a small sample size. The first reason
is that the image quality of distant objects in real RGB images is poor. As seen
in Fig. 5.5(a), the model struggles to extract rich semantic information and accu-

rate contours of distant persons in dark environments. Besides, for classes with a
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small sample size, the quality of synthetic images generated by the model is sub-
optimal. The generated Car Stop and Color Cone classes in Fig. 5.5(d) and (e)
and their corresponding semantic layouts in Fig. 5.5(e) lack spatial consistency,
which means that if the synthetic images dominate the training, the segmentation
accuracy will be suppressed. In addition, since the synthetic RGB and thermal im-
ages are obtained separately through the generative model, their background parts
cannot guarantee spatial consistency. Despite our method has been proven to ef-
fectively improve the segmentation performance, this spatial inconsistency may

limit the further improvement.

5.4 Conclusions and Future Work

We proposed here a data-driven method, SyntheticSeg, to enhance RGB-T seg-
mentation by using synthetic data augmentation. We created high-quality syn-
thetic RGB-T images and built a large-scale dataset to diversify training samples.
The new metric we introduced effectively guides sampling from synthetic datasets
by considering the scarcity of semantic layouts and the difficulty of segmentation.
This method not only alleviates the class imbalance problem but also improves the
overall segmentation accuracy. The experimental results show that our method
achieves state-of-the-art performance on the MFNet dataset.

However, our method has some limitations. First, the quality of synthetic im-
ages is still inferior to real images, particularly for scarce classes, leading to sup-
pressed segmentation performance when synthetic images dominate the training.
Second, the synthetic RGB and thermal images cannot be accurately aligned, es-

pecially in the background, and their physical consistency is uncertain. Our fu-
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ture work would focus on developing a generative model that generates synthetic
RGB-T image pairs with improved physical and spatial consistency, potentially

enhancing the segmentation performance.



Chapter 6

Spatial Balancing

6.1 Motivation

In previous chapters, we explored three major challenges in RGB-T semantic seg-
mentation: improving interpretability through illumination-guided fusion (Chap-
ter 3), enhancing temporal consistency through virtual view generation (Chapter
4), and alleviating data scarcity through synthetic data augmentation (Chapter 5).
While these methods have progressively improved overall segmentation accuracy,
they all neglect the spatial distribution of segmentation performance across differ-
ent regions. As discussed in Section 1.2, we observed differences in segmentation
performance across different spatial regions. Specifically, in autonomous driving
scenarios, performance in the central region consistently lags behind that in the
edge regions; we term this phenomenon “spatial bias.”

Spatial bias is crucial for autonomous driving applications because objects cru-
cial to driving safety, such as vehicles, pedestrians, and bicycles, are often located

in the central region of an image. If the segmentation model performs poorly in
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critical areas, it can lead to a decrease in the reliability of the entire perception
system. As shown in Figure 1.3, this spatial bias arises contrary to conventional
wisdom: the central region has more training samples, yet its segmentation per-
formance is worse.

The main objective of this chapter is to systematically investigate the causes
of spatial bias and develop methods to mitigate the problem. The study found
that spatial bias is closely related to object complexity and image quality. In the
central region, objects are typically smaller, more densely distributed, and more
easily occluded, thus increasing visual complexity. Simultaneously, spatial differ-
ences exist in RGB image quality, with the signal-to-noise ratio (SNR) typically
lower in the central region. However, thermal imaging images exhibit the opposite
characteristics, maintaining a higher SNR in the central region.

Our core idea is that spatial bias can be mitigated by adaptively adjusting the
fusion strategy based on spatial location. Specifically, in central regions where
RGB image is noisy but thermal image is more reliable, we increase the reliance on
thermal features; in edge regions we utilize the two modalities more evenly. This
spatially aware fusion strategy is similar to the illumination-guided fusion strategy
in Chapter 3, but it uses spatial dimensions rather than illumination conditions as
the guiding principle. To realize this idea, we introduce Gaussian-guided Regional
Balancing Masking (GRBM), which generates complementary binary masks for
RGB and thermal images based on a Gaussian distribution centered at the image
center. These masks mask the RGB features of image center regions with a higher
probability, forcing the network to rely more on thermal features in those regions.
Besides, we propose a spatial-weighted loss function that assigns higher weights

to edge regions during training. This encourages the model to learn more from
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clearer and simpler edge regions.

Chapter Organization. The remainder of this chapter is organized as follows.
Section 6.2 provides a detailed analysis of the causes of spatial bias, as well as a
theoretical interpretation using information theory and feature space analysis. Sec-
tion 6.3 provides an overview of our proposed framework and detailed introduces
the GRBM method. Besides, it describes the spatial-weighted loss function and
presents the region-based evaluation metrics to measure spatial bias. Section 6.4
presents comprehensive experimental results on two datasets, as well as exten-
sive ablation studies. Finally, Section 6.5 summarizes the main contributions and

discusses their significance for future research.

6.2 Spatial Bias in Segmentation

6.2.1 Differences from Class Imbalance

Class imbalance caused by long-tail distribution may lead to inferior segmenta-
tion performance for tail classes. Let D = {(z;,y;)|i = 1,2,..., Ny} denote a
dataset, where z; represents the ¢-th sample, y; is the corresponding ground truth,
and N is the total number of samples. To describe class imbalance, we divide the
dataset into subsets. Each subset corresponds to a specific class. For each class
ce{l,2,...,C}, theset D, is defined as D. = {(x;, y;)|yi = ¢,i = 1,2,..., N.},
where (' is the total number of classes, and [V, is the total number of samples be-
longing to class c. The performance of different classes vary significantly. For ex-
ample, in the MFNet dataset, the IoU of Car is 78% higher than that of Guardrail,

which is reported from (H. Li, Chu, and Sun 2024).



CHAPTER 6. SPATIAL BALANCING 77

Class imbalance is reflected by the discrepancies in segmentation results across
different classes, while spatial bias refers to uneven segmentation performance
across different spatial regions in an image. Similarly, we define S = {(z;,y;)|i =
1,2, ..., My}, where z; represents the i-th sample, y; is the corresponding ground
truth label, and M is the total number of samples. A whole image can be parti-
tioned into different spatial regions. For each region r € {1,2, ..., K'}, the set S,
is defined as S, = {(z;,y;)|region(z;) = r,i = 1,2, ..., M.}, where K is the total
number of spatial regions, and M, is the total number of samples in region r. The
spatial bias is reflected by the differences of segmentation performance observed

from the sample-label pairs .S, in different spatial regions.

6.2.2 Reasons Causing Spatial Bias

To thoroughly investigate the reason for spatial bias, we first partition an im-
age into distinct regions. There are several candidate strategies for partitioning.
For example, vertical and horizontal partitioning could reveal directional biases,
but ring-shaped partitioning is suitable for analyzing central-versus-edge perfor-
mance differences particularly in autonomous driving domains, since the perspec-
tive geometry of forward-facing cameras causes distant objects on roads to be
projected around image central regions, while nearby objects are more likely to
appear around edge regions. In this section, we evaluate the three strategies to

determine which could best reveals the spatial bias phenomenon.



CHAPTER 6. SPATIAL BALANCING 78

Region 1 Region 2 Region 3 5t -©-10U(CRM)
O -0-Acc(CRM)
s --10U(RTF)
w
g0
[==)
]
(>
— g
<
- - E -5
St
<
B
&~
-10
Region 1 Region 2 Region 3

Region 1
egion 40

w
(=]

=
=}

Region 3

Performance Bias (%)
[ S
[—]

(=]

Region 3

-©-IoU(CRM)
-0-Acc(CRM)
-©-IoU(RTF)

10 -
Region 2

Region 1

Performance Bias (%)

Region 1 Region 2 Region 3
(c) Ring-shaped Partitioning

Figure 6.1: Visualization of three partitioning strategies and their correspond-
ing performance variations in different regions. CRM-B (Shin et al. 2024) and
RTFNet-152 (Sun, Zuo, and M. Liu 2019) are used as the segmentation networks.
The segmentation performance is represented by the average IoU and average ac-
curacy (Acc) for each region, denoted as IoU (CRM), IoU (RTF), Acc (CRM),
and Acc (RTF). The sample size of each region is represented by the Sample Oc-
cupancy Rate (SOR). We subtract the value of region 1 from the value of each
region to reflect the bias between different regions.
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6.2.2.1 Sample Size

We first test a hypothesis that spatial bias is caused by different sample sizes (i.e.,
the number of training samples). We analyze the MFNet dataset (Ha et al. 2017)
using the aforementioned three partitioning strategies. As illustrated in Fig. 6.1,
we compare the segmentation performance (IoU and Acc) against the Sample Oc-
cupancy Rate (SOR) for each region. The SOR metric is proposed to measure the
number of samples within each region. Specifically, we first calculate the nor-
malized pixel occupancy rate P(z,y). The occupancy rate for each pixel (z,y)
is computed by counting how many times the label at that position is non-zero
across all ground-truth mask images. Let N,,,s, represent the number of ground-

truth mask images { L1, Lo, ..., L, }. For each ground-truth mask image L;, the

mask

label value at position (z,y) is denoted as L;(z,y). The normalized pixel occu-

pancy rate P(x,y) is defined as:

Nmask

> H{Li(z.y) #0}. (6.1)

mask i—1

P(x,y) =

where I{ L;(x,y) # 0} is an indicator function which equals 1 if the label L;(x, y)
at position (X, y) is non-zero, and 0 otherwise. P(x,y) reflects the frequency of
the pixel being occupied by a non-background label across the dataset.

Then, we calculate the average SOR for each region. Assume that the image
is partitioned into K regions { Ry, Ry, ..., Rx }, where each region Ry, consists of a

set of pixels. The average SOR for the region R, is defined as the mean occupancy
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rate of all pixels within the region:
1
SORy, = — g P(z,y), 6.2
k Ry ( (z,y) (6.2)
z,y)ER

where | Ry | denotes the number of pixels in region Ry, and P(z,y) is the normal-
ized occupancy rate of the pixel (z,y). This value indicates how frequently pixels
in that region are occupied by a non-background label.

From Fig. 6.1, we can see that there is a positive correlation between seg-
mentation performance and sample size in vertical partitioning, indicating that the
number of samples in different regions may have an impact on segmentation per-
formance. In contrast, the results from horizontal partitioning show that while
the SOR is highest in the middle region, the corresponding segmentation perfor-
mance improves gradually from top to bottom, which differs from the results from
vertical partitioning. The results of the ring-shaped partitioning are particularly
interesting: although the SOR decreases from the inner to outer regions, the seg-
mentation performance improves progressively, which is completely contrary to
our expectations. This strongly suggests that the primary factor causing spatial
bias in RGB-T semantic segmentation is different from that in the class imbal-
ance problem, in which the dominant reason is the different numbers of training
samples for different classes. So, we employ the ring-shaped partitioning strategy
in the following analyses, as the observed negative correlation between segmen-
tation performance and sample size across different regions makes it particularly
well suitable for examining the underlying reason of spatial bias. Furthermore, as
aforementioned, the perspective geometry of forward-facing cameras on vehicles

projects distant objects around image central regions, which also justifies the use
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of concentric rings as a heuristic for spatial performance analysis.

6.2.2.2 Class Distribution

It is known that class imbalance (H. Li, Chu, and Sun 2024) can lead to segmen-
tation performance variances for different classes. We hypothesize that spatial
bias is related to class distribution across different regions. In other words, class
imbalance combined with uneven distribution of classes across different regions
lead to spatial bias. For instance, if low-performing classes (e.g., Guardrail) are
mainly located in image central regions, and well-performing classes (e.g., Car
and Person) are mainly distributed around edge regions, spatial bias may occur.

70
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Figure 6.2: The SOR (%) distribution for different classes across various regions
and the mloU of all classes for each region. Region 1 represents the innermost
region, while region 9 represents the outermost region. We normalize the SOR for
each class in different regions to show the sample proportion of each region relative
to the region with the highest distribution. We use CRM-B as the segmentation

network to obtain the IoU (%) for each region.

To verify this hypothesis, we display the SOR of different classes in each re-
gion and the IoU of each region (see Fig. 6.2). To better illustrate the spatial dis-

tribution of SOR and IoU, we partition an image into nine ring-shaped regions of
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equal area, as shown in Fig. 6.3. We can see that not only difficult classes are
concentrated in the central regions, but also easy classes (e.g., Car, Person, and
Bike) are likewisely concentrated in the central regions. So, the results negate our

hypothesis.

Figure 6.3: Visualization of nine ring-shaped regions with equal areas. Regions
are numbered from 1 to 9. Region 1 is the innermost region and region 9 to the
outermost region.

Note that the existing experiments on real-world datasets can only demonstrate
that class distribution is not the determinant factor causing spatial bias, but they
can not reveal which other factors might be responsible. This is because analyzing
real-world datasets makes it difficult to isolate the effect of a single factor on the
results. So, to investigate whether any other spatially-related factors contribute
to the bias, we identify a class with a relatively balanced spatial distribution and
observe its segmentation performance across different regions. So, we further il-
lustrate the IoU of different classes across various regions in Tab. 6.1. It is evident

that classes with a more evenly distributed sample size (e.g., Curve) have signifi-
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cantly lower IoU in central regions compared with the other regions. We observe
that most classes, except for Bump, exhibit a similar central-concentrated distri-
bution. In addition, classes with better segmentation performance and a higher
concentration in the central regions (e.g., Car, Person, and Bike) do not exhibit
improved segmentation performance. So, we conclude that there may be some
factors in the central regions negatively impacting the segmentation performance

and causing spatial bias.

Table 6.1: The IoU (%) of different classes across various regions.
Region 1 represents the innermost region, while region 9 represents
the outermost region. CRM-B (Shin et al. 2024) is used as the
segmentation network. For each class, the two lowest IoU values
in different regions are denoted in bold and underline, respectively.

IoU across Regions
2 3 4 5 6 7 8 9
Car 87.8 90.7 91.9 933 93.0 92.2 92.6 92.0 85.5
Person  72.7 72.4 72.8 75.7 74.4 789 79.4 81.7 74.1
Bike 63.2 67.3 63.5 70.2 68.2 68.3 68.2 68.1 66.1
Curve  32.1 36.0 454 503 50.6 51.5 51.5 509 44.2
Car Stop 49.0 439 34.7 26.4 31.0 41.3 52.7 48.0 44.2
Guardrail 179 52 2.9 10.0 11.0 114 102 80 0.3
Color Cone 45.9 53.5 58.7 69.1 56.1 53.5 61.0 77.9 61.5
Bump 17.2 42.8 78.6 76.3 44.7 55.6 63.5 80.3 68.1

Classes

6.2.2.3 Target Object Complexity

From previous analysis, we have already found that the image central regions con-
tains more objects but exhibits inferior segmentation performance. We hypothe-
size that the inferiority is caused by the target object complexity (e.g., density,

overlap), which results in lower IoU despite having more number of training sam-
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ples in the central regions.

To quantitatively measure visual complexity, we adopt Laplacian Variance
(LV) as a metric. The rationale for this choice is well founded in image processing
literature (Pech-Pacheco et al. 2000; Pertuz, Puig, and Garcia 2013). The Lapla-
cian operator, as a second-order derivative, is highly responsive to high-frequency
components such as edges, lines, and textures. So, the magnitude and variability
of the Laplacian response provide a good estimate of visual complexity in a region.
This principle is widely used in applications like auto-focusing to quantify image
sharpness (Pech-Pacheco et al. 2000). More importantly, the effectiveness of this
type of operator has been well studied. In a detailed review, Pertuz et al. (Per-
tuz, Puig, and Garcia 2013) compared many focus measure operators and showed
that Laplacian-based methods are reliable and accurate for estimating textures and
details in images.

Based on these findings, we adopt Laplacian Variance (LV) to measure visual
complexity within a region. It is calcuated as follows:

Wimg Himg
2

1 o 2
O Laplacian — m Z Z [ﬁ(%]) — MLaplacian | > (6.3)

i=1 j=1

where W;,,,, and H,,,, are respectively the width and height of an image, £(¢, j)
represents the pixel values after the Laplacian transform, and jipaplacian 1 the mean
value of the Laplacian-transformed image.

Higher LV values indicate higher complexity in the regions, in which there are
more edges and details in general. So, LV reflects the texture details and com-
plexity of objects. Fig. 6.4 displays the LV values of RGB and thermal images

during daytime and nighttime from the MFNet dataset. The conclusions are listed
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Figure 6.4: Laplacian Variance (LV) for each region. Region 1 represents the
innermost region, while region 9 represents the outermost region. LV,, LV¢, and
LV represent the LV of all RGB images, daytime RGB images, and nighttime
RGB images in the dataset, respectively. LV,, LV¢, and LV represent the LV of
all thermal images, daytime thermal images, and nighttime thermal images in the
dataset, respectively.

as follows:

* Both RGB and thermal images have higher LV values in the central regions,
indicating that objects in the central regions are more complex, which con-
firms our hypothesis that spatial bias is related to object complexity in dif-

ferent regions.

* The LV values of RGB images are higher compared with those of thermal
images, which is consistent with the widely-known fact that RGB images

have more visual textures.

* The LV values of daytime RGB images are higher than those of nighttime

RGB images, indicating that daytime RGB images have more visual tex-
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tures.

* The LV values of daytime thermal images are lower than those of nighttime
thermal images, indicating that nighttime thermal images have more visual

details, thus can provide a better complement for RGB images.

6.2.2.4 Image Quality

Although in Fig. 6.4 we can use LV to measure texture details and object complex-
ity, a critical concern is that LV would be sensitive to high-frequency details from
both objects and image noise. To disentangle the two potential effects, we also
conduct a cross-analysis by comparing images captured under different lighting
conditions (e.g., daytime and nighttime), which have different noise characteris-
tics. Here, we use the Signal-to-Noise Ratio (SNR) to measure image quality in

different regions. It is calculated as follows:

SNR — fisenat (6.4)
Onoise +€

where [i50nq1 15 the average signal value (i.e., the mean pixel value) of an image,
and o, 1S the standard deviation of the image noises, reflecting the intensity of
noises in an image. € is a very small number to prevent division by zero. Higher
SNR indicates better image quality and less noises in that region, and vice versa.
Fig. 6.5 displays the SNR of RGB and thermal images during daytime and
nighttime from the dataset. The fact that daytime RGB images have a higher LV
despite having a higher SNR (i.e., less noise) evidently indicates that our LV metric
is effective in capturing object complexity, not just capturing artifacts from image

noise. In addition to this, we have the following conclusions:
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Figure 6.5: The Signal-to-Noise Ratio (SNR) for each region. Region 1 repre-
sents the innermost region, while region 9 represents the outermost region. SNR,,
SNRY, and SNR” represent the SNR of all RGB images, daytime RGB images,
and nighttime RGB images in the dataset, respectively. SNR,, SNR¢, and SNR?
represent the SNR of all thermal images, daytime thermal images, and nighttime
thermal images in the dataset, respectively.

* Both RGB and thermal images show more noises in the central regions dur-

ing both daytime and nighttime, which aligns with our hypothesis.

* The SNR of thermal images is an order of magnitude higher than that of RGB
images, reflecting a lower noise level and making them a good complement
to RGB images. Thermal images maintain a high SNR under various light-
ing conditions, providing an advantage in suboptimal or complex lighting

environments.

» The SNR of daytime images is higher than that of nighttime images, indi-
cating that images collected during daytime have less noises. For thermal
images, although they do not rely on visible light, daytime conditions allow

objects to absorb more heat. This results in larger temperature differences
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between objects, which enhances the contrast in thermal images and ulti-
mately leads to higher SNR. At nighttime, normally with smaller tempera-
ture variations for objects in environments, the signal strength captured by

thermal sensors decreases, resulting in lower SNR.

In summary, spatial bias arises from the combined effects of target object com-
plexity and image quality across different regions. Objects in central regions are
typically farther away, smaller in size, and more prone to overlapping, which in-
creases their complexity. Under limited image resolution, such distant and densely
overlapped objects are more likely to be captured as noise, thus degrading image

quality and ultimately leading to inferior segmentation performance.

6.2.3 Theoretical Interpretation

Our analysis in Sec. 6.2.2 reveals a close correlation between spatial segmentation
performance degradation and two key factors: high object complexity and infe-
rior image quality. Here, we provide a rigorous theoretical interpretation for the

correlation using information theory and feature space analysis.

6.2.3.1 Spatial Bias as a Problem of High Local Entropy

Information entropy measures the uncertainty within a system. In machine learn-
ing, higher entropy in input data usually corresponds to increased difficulty for
learning. We adopt Shannon Entropy to quantify this uncertainty. For a discrete
feature variable X with probability mass function p(x), the entropy H(X) is de-

fined as:
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H(X)=—> plx)logp(x). (6.5)

zeX
A higher value of H(X) indicates higher uncertainty, implying that the learn-
ing task is more complex. We argue that the lower segmentation performance
observed in central regions is due to it being a high-entropy area, which results

from two contributing factors:

* Intrinsic Entropy from Complexity: High target complexity (high LV) im-
plies a larger variety of classes in a local neighborhood. This leads to a flatter
feature distribution p(x), where many classes have non-negligible probabil-
ities rather than a few dominant ones. According to Eq. 6.5, a more uniform
distribution maximizes entropy, making the feature space more ambiguous

and the class boundaries harder to separate.

* Noise-Induced Entropy from Inferior Quality: Inferior image quality (low
SNR) introduces random noise, which can be modeled as corrupting true
feature signals. This convolution of the signal distribution with a noise dis-
tribution ”smears out” p(x), further increasing its uniformity and thus its
entropy. More formally, noise increases the conditional entropy H(X|Y),
where Y is the true class label, meaning that even when the true class is
known, the observed feature x is still highly uncertain. The network’s chal-
lenge is to minimize the posterior uncertainty (Y| X'), which is fundamen-

tally harder when the input itself is noisy.
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6.2.3.2 Modality Fusion and Mutual Information

Effective RGB-T fusion should leverage the complementary information between
the two modalities. This can be conceptualized using Mutual Information (MI),
which quantifies the information that one random variable contains about another.
For the feature spaces of RGB and thermal modalities, denoted by R and T respec-
tively, the mutual information /(R; T) is formally defined as the Kullback-Leibler
divergence between the joint distribution P(r,t) and the product of the marginal

distributions P(r)P(t):

I(R;T)=> Y P(rt)log <%) . (6.6)

reR teT

This definition can be equivalently expressed in terms of Shannon Entropy,

which provides a more intuitive interpretation for our analysis:

I(R;T) = H(R) + H(T) — H(R, T), (6.7)

where H(R) and H(T) represent the total uncertainty or information content within
the RGB feature space and thermal feature space, respectively. H(R, T) repre-
sents the joint entropy, measuring the total uncertainty of the combined RGB-T
system. Because the two modalities capture the same underlying physical scene,
they share redundant information. This redundancy makes their joint entropy less
than the summation of their individual entropies. Therefore, I(R; T) represents
this redundancy, the amount of information that is shared between the RGB and
Thermal modalities. It quantifies the reduction in uncertainty about modality R

when modality T is known (and vice versa).
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However, the goal is not merely to fuse all information, but to fuse useful
information while rejecting noises. We model the observed features as R = Sg +
Nr and T = St + N, where Sg, Nr, St and Nt represent the signal of RGB
image, the noise of RGB image, the signal of thermal image, and the noise of
thermal image, respectively. The true objective is to maximize the information
about the ground-truth labels Y, that is, maximize /(f(R, T);Y’), where f is the
fusion function.

Our analysis shows a regional disparity in signal quality: in central regions,
NR is large while Ny is small. A naive fusion function f might allow high noises
from the RGB channel to corrupt the relatively clean signal from the thermal
channel. Our proposed Gaussian-guided Regional Balancing Masking (GRBM)
method acts as a spatially-aware information gate. By probabilistically masking
the noisy RGB features in the center, it forces the fusion function f to rely more
heavily on the thermal stream. This can be interpreted as a practical heuristic for
optimizing the information flow, aiming to maximize the influence of the modality

with the highest signal-to-noise ratio in any given region.

6.3 The Proposed Method

6.3.1 Method Overview

We use our findings to improve RGB-T semantic segmentation. The overall frame-
work of our method is illustrated in Fig. 6.6. Firstly, we generate complementary
masks for RGB and thermal images using our proposed Gaussian-guided Regional

Balancing Masking (GRBM) method, which is designed to better utilize thermal
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Figure 6.6: The overall framework of our method to improve the RGB-T semantic
segmentation. Complementary masks for RGB and thermal images are generated
through the Gaussian-guided Regional Balancing Masking (GRBM) method. We
use CRM (Shin et al. 2024) as the segmentation model. The spatial-weighted loss
is calculated based on the model’s predictions and the ground truth labels.

image information in central regions during feature fusion in the segmentation
model. Then, the masked RGB and thermal images are fed into the segmentation
model. The backbone, fusion module, and decoder of the model are borrowed
from CRM (Shin et al. 2024). Finally, we calculate our designed spatial-weighted
loss between model predictions and the corresponding ground truth to improve the

segmentation performance.

6.3.2 Gaussian-guided Regional Balancing Masking (GRBM)

From our previous analysis, we have showed that segmentation performance in
central regions is relatively inferior. Our theoretical interpretation in Sec. 6.2.3 fur-

ther posits that this is due to central regions being a high-entropy space, where the
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RGB modality is corrupted by noises while the thermal modality offers more reli-
able information. Based on this information-theory rationale, our Gaussian-guided
Regional Balancing Masking (GRBM) method is designed to act as a spatially-
aware information gate. We aim to prioritize thermal features more in the cen-
tral regions and RGB features more in the edge regions. We generate a pair of
complementary binary masks for RGB and thermal images based on the Gaussian
distribution:

Mrgb + Mth = 17 (68)

where M, , and My, are respectively the masks for RGB and thermal images, 1
represents a matrix of all ones.

Given a pair of input image RGB-T images (1,4, [;) € RFXW>3 x REXWx1,
we partition the images into N, x N, grids. N, and N, are calculated by:

Wimg
PS

Himg

where W;,,,, and H,,,,, are the width and height of the image, PS is the edge length
of each partitioned patch. The symbol |- | denotes the floor function, which rounds
the result down to the nearest integer.

Then, a Gaussian distribution representing the distance to the grid center is

generated on the partitioned grid:

(6.10)

where (7, j) represents the coordinates of the patches in the grid, and o, controls

the extent of the attention area. W(i, j) corresponds to the Gaussian distribution
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shown in Fig. 6.6, representing the distance from each patch to the grid center.
For instance, the closer the patch (i, j) to the grid center, the larger the value of
W(i, 7), and vice versa.

The choice of the Gaussian function provides a smooth, continuous model for
the gradual transition of information quality from center to edges, aligning with our
experimental findings. In addition, under the principle of maximum entropy, the
Gaussian distribution represents the least biased functional form for a unimodal,
centrally-peaked prior, making it a principled default choice.

Then, we can generate complementary binary masks for RGB and thermal

images based on the Gaussian distribution:

M, s = BernoulliW(x,y)), (6.11)

My, =1 — Mrgln (612)

where Bernoulli(-) represents the Bernoulli distribution, which describes binary
random events. If the input probability value WW(x, y) is larger, the probability of
generating a mask value of 1 at the corresponding position is higher (i.e., masking
RGB features). In contrast, a smaller input probability is more likely to retain RGB
features. So, the probability of generating a mask value of 1 in M, is higher near
central regions, while the probability of generating a mask value of 1 in My, is
higher near edges.

To enhance the model’s robustness in understanding multi-modal features, we
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employ three different mask combination patterns:

;

(0, My,) ifi=0

(Mygy, Min); = 4§ (M, g3, 0) ifi=1. (6.13)

<M'I‘gb7 Mth) le — 2

\

where ¢ € 0, 1,2 is a random number. 0 represents an all-zero matrix, indicating
that no mask is used. This stochastic selection of masking patterns is a critical
component for regularization (Shin et al. 2024). It ensures that the model does not
learn to completely discard any single modality, and instead is forced to develop
a robust understanding of features from both RGB and thermal inputs, preventing
over-reliance on a single data stream.

Then, the mask fusion process of RGB and thermal images can be defined as
follows:

rop = (1= Mygy) © Lgy + Mygy © 7, (6.14)
L= (1= My) ® Ly, + My, O, (6.15)

where © denotes element-wise multiplication. 7 represents a learnable mask to-
ken, initialized via a truncated normal distribution with initial values close to zero
but containing slight randomness.

So, during the mask fusion process, the masked areas are replaced with 7,
effectively masking out the lower SNR and more complex RGB features in central
regions, while utilizing more thermal features. Then, the masked RGB and thermal
images are fed into the feature extraction and fusion module.

Note that our GRBM is different from feature fusion. Many methods, par-
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ticularly those employing cross-modal attention, aim to dynamically learn how
to combine features after they have been extracted, but our GRBM operates at
the input level. It functions as a spatially-aware inductive bias that injects prior
knowledge specific from autonomous driving scenarios before the fusion stage.
Our motivation is to provide a segmentation network with more reliable informa-
tion, rather than relying on the network to learn features that may have already

been degraded by noises.

6.3.3 Spatial-Weighted Loss

The central regions of RGB and thermal images contain more noises and exhibit
greater complexity in target objects compared with the edge regions, primarily due
to insufficient image quality.

If we highlight the central regions during loss calculation to alleviate spatial
bias, the segmentation model would learn more noises, leading to degradation in
the overall segmentation performance (details of this conclusion is presented in the
experimental section). In contrast, we introduce a spatial weighting mechanism to
dynamically adjust the loss calculation for the edge regions of images, which en-
courages the segmentation model to focus more on the less noisy and less complex
edge regions during training. Specifically, we first obtain a distance matrix based

on the Euclidean distance of each pixel from the image center:

dij = /(i — ye)? + (21 — 7.2, (6.16)

where (., y.) represents the coordinates of the image center, and (i, j) represents

the coordinates of a pixel. Then, the matrix d;; € [0, dy,q,]) is normalized and its
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range is linearly transformed to map values to the interval [1, 1 + a/:

ad;
=14+ 2 (6.17)

dmaw

where d,,,,, indicates the maximum value in d;;, and « is the scaling factor. Central
pixels get lower weights (closer to 1) to ensure that the central regions are not
overlooked during loss calculation, while edge pixels get higher weights (closer
to 1 + a).

The weight matrix w;; is incorporated into both the cross-entropy and dice
losses to enhance pixel-level mask prediction during training. The weighted cross-

entropy loss is calculated as:

1 WL'NL(] 'L"Lg

bwce = 7 Z Z W [ ;.; log (Sigmoid(s; ;))
Wimg zmg =1 j—1

+(1—t;;)log (1— Sigmoid(si,j))], (6.18)

where ¢; ; represents the target mask matrix, s; ; represents the prediction proba-
bility matrix, Sigmoid(-) denotes the Sigmoid function. The weighted dice loss is

calculated as:

Ewdice =1-

Z zmg Z img wl] @ tz] @ SlngId(SlJ) (619)

S S Wiy © g 4 o Y wiy © Sigmoid(s, ;)

where ©® denotes element-wise multiplication.
By applying spatial-weighted loss functions, the model maintains the same

level of attention on the central regions while focusing more on edge regions. From
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the theoretical view, this weighting strategy serves as an effective regularization
technique. By reducing the influence of the high-noise, high-complexity central
regions during loss calculation, it prevents the segmentation model from overfit-
ting to unreliable signals and encourages it to prioritize learning features from the
cleaner data at the edges. This method is similar to curriculum learning strate-
gies (Bengio et al. 2009), where the model masters easier concepts (edge regions)
to build a strong feature foundation before fully tackling the harder ones (central
regions), and thus improve the overall robustness and accuracy for segmentation

performance. The other parts of the loss function remain the same as in CRM

(Shin et al. 2024).

6.3.4 Region-Based Evaluation Metric

To examine whether there is spatial bias in the segmentation results and mea-
sure the degree of such bias, we need to evaluate the segmentation performance
in different regions. We adopt a ring-shaped partitioning strategy, as illustrated
in Fig. 6.1 (c), which partitions an image into K regions of equal area R =
{R1, Ry, ..., R} from the center to edges. The IoU for each region is calculated

as follows:
[ TP ||
TP || + [[FP|| + [FNg]’

IoU;, = (6.20)

where TPy, FP; and FN/, respectively represent the number of true positives, false
positives, and false negatives in region ;. By comparing the IoU results from
different regions (IoUy ), we can determine whether there exists spatial bias. More-

over, we can measure the degree of spatial bias by calculating the variance of loU
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across all regions in an image:

K
ooy = Z (ToUy, — puou)” (6.21)
k:

K .
where oy = % > w1 IoUj, represents the global mean IoU across all regions.
The increasing variance of the IoU across all regions (o7,;) indicates more severe

spatial bias in the segmentation results, and vice versa.

6.4 Experimental Results and Discussions

6.4.1 Datasets

In this study, we train and test our method using two publicly available RGB-T

semantic segmentation datasets for autonomous driving applications.

6.4.1.1 MFNet Dataset

The dataset contains 820 pairs of daytime and 749 pairs of nighttime urban scene
RGB-T images with hand-labeled annotations. The resolution of the RGB-T im-
ages 1s 640 x 480. The dataset includes 9 semantic classes: unlabeled background
and 8 common object classes. We follow the dataset split strategy used by MFNet
(Haetal.2017), using 1568 pairs of images (including flipped images) for training,

392 pairs for validation, and 393 pairs for testing.
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6.4.1.2 KP Dataset

The dataset includes 95,000 video frames of resolution 640 x 512 , with 62,500
daytime images and 32,500 nighttime images. Kim et al. (Y.-H. Kim et al. 2021)
annotate 503 pairs of daytime and 447 pairs of nighttime RGB-T images, with 19
semantic classes identical to those in the Cityscapes dataset (Cordts et al. 2016).
We adopt the same dataset split method as CRM (Shin et al. 2024), using 499

annotated pairs for training, 140 pairs for validation, and 311 pairs for testing.

6.4.2 Implementation Details

We set the patch size PS = 64 in Eq. (6.9), the scaling factor @ = 2 in Eq. (6.17),
and the standard deviation 0, = N, /4 in Eq. (6.10), which is varying with the
height of the images in the training set. In Eq. (6.14) and Eq. (6.15), 7 is a learnable
truncated normal distribution, which is initialized with mean ;» = 0 and standard
deviation o = 0.02.

We use the Swin Transformer (Ze Liu et al. 2021) as the backbone. Our method
is implemented using PyTorch with Detectron2, and trained using two NVIDIA
RTX 3090 GPU cards. We use the AdamW optimizer and the poly learning rate
scheduler for training, with the initial learning rate set to 10~%. The random color
jitter, random horizontal flip, and random crop are applied to both RGB and ther-
mal images as the data augmentation methods. Our proposed GRBM module is
applied only during training and is disabled during inference. As a result, it does
not modify the network architecture at test time and introduces no additional com-
putational cost. The inference speed of our method is therefore identical to that

of the baseline CRM. On an NVIDIA RTX 3090 GPU, our method with a Swin-S
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backbone achieves 15.83 frame-per-second (FPS) on the MFNet dataset and 15.72

FPS on the KP dataset, respectively.

6.4.3 Ablation Study

Table 6.2: Results (%) of the ablation study on standard deviation (c,) in Gaussian
distribution. Var. is the variance of IoU across all regions (o2,;). mloU is the [oU
of the whole image. The best results are highlighted in bold.

Op IoU; IoU, IoUs IoU, IoUs mloU Var.

- 55.28 62.79 58.75 63.36 63.85 61.24 10.90

N, 57.88 61.89 59.11 60.40 61.15 60.38 2.06
N,/2 5587 62.88 59.38 60.94 63.21 61.14 7.19
N,/4  56.55 62.64 60.14 64.48 64.81 61.79 9.45
N,/8 5477 62.73 59.19 60.57 62.80 60.54 8.73
N,/16  54.87 62.18 57.95 61.26 64.44 60.82 11.29
N, /32 54.07 61.32 58.83 63.35 63.56 60.63 10.34

6.4.3.1 Ablation on Gaussian-guided Regional Balancing Masking

To trade-off performance and model complexity, we use the Swin-S transformer
(Ze Liu et al. 2021) as the backbone for our ablation studies. We first validate the
effectiveness of our GRBM method. The core component in the mask generation
is the creation of a relative distance Gaussian distribution, which determines the
probability of each pixel being selected as a mask. In Eq. (6.10), we modulate the
width of the Gaussian distribution by adjusting its standard deviation o, which in
turn determines the extent of the attention area. With larger o,,, the Gaussian dis-
tribution is wider, and the attention area covers a broader region. In contrast, with

smaller o, the Gaussian distribution is narrower, and the attention area is more
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concentrated. We set 0, = N, /My, where My;, is an integer, linking o, to the
image height N,. So, a smaller My, results in a larger o, leading to slower weight
decay away from the center in the Gaussian distribution, while a larger My, results
in a smaller o,, leading to faster weight decay and a mask that is more concentrated
in image central regions. We set M, € {1,2,4,8, 16,32}, and obtain the seg-
mentation results presented in Tab. 6.2. The first row displays the baseline method
for comparison, which is CRM (Shin et al. 2024) with Swin-S as the backbone.
We find that when o, = N,/ My;,, with My;,, < 4, the variance of the segmenta-
tion results is consistently lower than that of the baseline method. This validates
that our GRBM method can effectively alleviate spatial bias in the segmentation
results. When o, = N,, the variance of the segmentation results is significantly
lower than that of the baseline method, and the IoU; in the central region is also
notably higher. However, the loUs, IoUy, and IoUj in the edge regions are lower
than those of the baseline method, resulting in a significantly lower mloU for the
whole image compared to the baseline method. We find that when o, = N, /32,
the mask is overly concentrated in the center of the image, the IoU; in the central
region is actually lower than that of the baseline method, while the segmentation
performance in the edge regions is well maintained. Consequently, the mloU for
the whole image is lower than that of the baseline method. When o, = N,,/4, the
segmentation performance in both the central and edge regions is improved, and
the variance of segmentation results across different regions is lower than that of
the baseline method. In addition, the mIoU for the entire image exceeds that of
the baseline method. So, we select 0, = NN, /4 as our optimal model.

We use Eq. (6.9) to generate grids from images, different grid sizes can be ob-

tained by varying the size of each patch. To evaluate the impact of patch size on
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Table 6.3: Results (%) of the ablation study on patch size (PS) in complementary
masking generation. Var. is the variance of IoU across all regions (o7,;). mloU is
the IoU of the whole image. The best results are highlighted in bold.
PS TIoU; IoU, IoUj; IoUy4 IoUj mloU Var.

8  55.00 62.33 56.62 61.93 64.60 60.64 13.34
16 55.04 61.23 58.81 62.61 63.44 60.53 9.18
32 5474 62.31 60.14 63.55 63.48 61.61 10.83
64  56.55 62.64 60.14 64.48 64.81 61.79 9.45

model performance, we change the patch size (PS € {8, 16, 32, 64}) while keeping
the other parameters constant. The segmentation performance in different regions
is shown in Tab. 6.3. We find that when the patch size is set to its maximum value
of 64, the segmentation performance in all regions reach the best results, and the
variance of segmentation results across different regions is relatively small. When
the patch size is too small (PS = 8), each patch contains very little image infor-
mation, and the model can extract limited local information from each patch. It
becomes challenging to establish effective global information. As a result, the
segmentation performance of the model degrades, and the variance of segmenta-
tion results across different regions is large. So, we select PS = 64 as our optimal

model.

6.4.3.2 Ablation on Spatial-Weighted Loss

In Eq. (6.17), the loss function increases its focus on areas far from the center of
the image as the scaling factor « increases. To assess the impact of o on model
performance, we compare the segmentation results of models with different « val-
ues in Tab. 6.4. Here, « = 0 represents the model without the spatial-weighted

loss, serving as the baseline method. We find that when « is set to 1.5, 2, and 2.5,
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Table 6.4: Results (%) of the ablation study on scaling factor («) in spatial-
weighted loss. Var. is the variance of IoU across all regions (o2;). mloU is the
IoU of the whole image. The best results are highlighted in bold.

«o IoU; IoU, IoUjy IoUy4 IoUj mloU Var.

0 56.55 62.64 60.14 64.48 64.81 61.79 9.45

1 56.57 62.12 59.37 63.65 64.46 61.68 8.45
1.5 56.34 63.23 59.33 64.32 64.86 62.10 10.70
2 56.53 63.87 59.93 63.72 65.09 62.14 10.01
2.5 55.63 63.73 60.55 64.41 64.57 62.10 9.65

3 55.86 62.37 60.09 63.99 64.04 61.72 9.39

the mloU of the images exceeds that of the baseline method. However, their vari-
ance also increases compared with the baseline. This aligns with our expectations,
as the spatial bias in the segmentation results shows that the performance at the
image central regions is better than that at the image edge regions. By emphasiz-
ing the attention to edge information in the loss function, the spatial bias in the

segmentation results is increased.

Table 6.5: Results (%) of different spatial weighting strategies on the loss function.
Var. is the variance of IoU across all regions (o2,;). mloU is the IoU of the whole
image. The best results are highlighted in bold.
Focus TIoU; ToU, ToU; ToU, ToUsj mloU Var.
- 56.55 62.64 60.14 64.48 64.81 61.79 9.45
Edge 56.53 63.87 59.93 63.72 65.09 62.14 10.01
Center 55.92 63.11 59.47 63.80 63.37 61.56 9.19

Tab. 6.5 compares the impacts of different spatial weighting strategies on the
loss function. The first row represents the model without any spatial weighting
strategy, while the second row corresponds to our baseline method, which fo-
cuses more on image edge regions during training (as shown in the fourth row

of Tab. 6.4). The third row adopts the opposite strategy that focuses more on im-
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age central regions during training. From the segmentation results, we can see that
the model that emphasizes image edge regions achieves an improvement in [oUs
and higher mlIoU at the cost of increased variance. On the other hand, the model
that focuses more on image central regions not only shows worse segmentation
performance on the image edge regions, but also presents lower segmentation ac-
curacy (IoU,) than the baseline. This further validates that the spatial bias in the
segmentation results is caused by higher complexity of the target objects in the im-
age central regions. With inferior image quality, there is a large amount of noises
in the image central regions. Overemphasis on central regions leads the model to
learn from noisier signals, which would affect overall performance. So, to trade-
off the overall segmentation accuracy and spatial bias, we choose the model with

« = 2 from Tab. 6.4 as our best model.

6.4.4 Comparative Study

In this section, we compare our method with previous RGB-T semantic segmen-
tation networks on two RGB-T semantic segmentation datasets from autonomous

driving scenarios.

Table 6.6: The comparative per-class results (%) on the MFNet dataset. We report the Acc (%) and IoU (%) for each class and the mAcc (%) and mloU (%) for all the classes. The results demonstrate

the superiority of our method, with the top two results in each column highli in bold and underline. The publication venue is followed by the publication year.
Method Venue Backbone Car Person Bike Curve CarStop  Guardrail  ColorCone  Bump =
Acc ToU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU

RTFNet (Sun, Zuo, and M. Liu 2019) RAL’19 ResNet-152 93.0 87.4 79.3 703 768 62.7 60.7 453 385 298 0.0 00 455 291 747 557 63.1 532

SegMiF (Jinyuan Liu et al. 2023) 1ccv23 MiT-B3 963 87.8 89.6 714 812 632 63.5 475 66.7 31.1 - - 853 489 848 503 748 56.1

CENet (Z. Feng, Guo, and Sun 2023) RAL’23 ResNet 92.0 858 789 700 749 614 648 468 398 293 657 87 541 478 771 569 718 56.1

CACFNet (W. Zhou, Dong, et al. 2023) TIV'23  ConvNeXt-B 959 89.2 93.6 69.5 82.0 633 740 46.6 49.0 324 458 79 698 549 821 583 767 578

EAEFNet (Liang et al. 2023) RAL23 ResNet-152 954 87.6 852 726 799 63.8 70.6 486 479 350 628 142 627 524 719 583 751 589

CMX (J. Zhang, Huayao Liu, etal. 2023) ~ TITS’23 MiT-B2 922 894 813 748 734 647 635 473 388 30.1 363 81 533 524 677 594 673 582
CMNeXt (J. Zhang, R. Liu, etal. 2023) ~ CVPR’23 MiT-B4 94.4 902 839 742 773 638 557 454 475 381 321 134 558 518 63.8 586 678 593
CAINet (Lv, Zhi Liu, and G. Li 2024) TMM’24 MobileNet-V2 93.0 88.5 74.6 663 852 68.7 659 554 347 315 656 9.0 556 489 850 60.7 732 58.6

EGFNet (Dong et al. 2024) TITS 24 ConvNeXt 965 89.8 92.1 71.6 84.8 639 76.1 467 446 313 387 6.7 711 520 781 574 756 575
Swin-T 94.6 90.0 85.1 73.1 752 637 73.0 479 513 407 644 99 600 544 727 542 750 59.1
CRM (Shin et al. 2024) ICRA24 Swin-S 95.1 90.6 885 755 785 67.2 69.3 483 523 434 626 11.8 609 568 772 593 760 612

Swin-B 952 90.8 85.6 748 78.1 66.6 749 459 527 435 70.7 122 651 574 80.8 62.1 780 613
Swin-T 952 89.8 83.8 739 742 638 73.1 468 552 421 59.7 108 61.6 538 71.0 556 748 594
Swin-S 952 903 859 749 780 669 68.1 483 60.1 47.6 53.1 158 62.1 562 80.8 60.9 758 62.1

Ours
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6.4.4.1 Evaluation on MFNet Dataset

We choose Swin-T and Swin-S (Ze Liu et al. 2021) as the backbones for our se-
mantic segmentation network and compare our network with RTFNet (Sun, Zuo,
and M. Liu 2019), SegMiF (Jinyuan Liu et al. 2023), CENet (Z. Feng, Guo, and
Sun 2023), CACFNet (W. Zhou, Dong, et al. 2023), EAEFNet (Liang et al. 2023),
CMX (J. Zhang, Huayao Liu, et al. 2023), CMNeXt (J. Zhang, R. Liu, et al. 2023),
CAINet (Lv, Zhi Liu, and G. Li2024), EGFNet (Dong et al. 2024), and CRM (Shin
et al. 2024). The results are shown in Tab. 6.6. Note that several state-of-the-art
methods, such as CMX (J. Zhang, Huayao Liu, et al. 2023) and CAINet (Lv, Zhi
Liu, and G. Li 2024), employ sophisticated cross-modal attention mechanisms to
dynamically learn feature fusion. Despite the sophisticated designs of these mod-
ules, our method, which employs a much simpler max-operation fusion, demon-
strates superior overall segmentation performance. In addition, our method with
the lightweight Swin-S achieves higher mloU than the CRM with Swin-B. No-
tably, our method outperforms CRM in terms of [oU for some challenging classes,
including Curve, Guardrail, and Bump. However, CRM achieves higher Acc in
these classes. This suggests that CRM performs better in identifying positive sam-
ples but has lower overlap in the overall predictions, possibly due to more false
positives, where it incorrectly predicts negative samples as positive. Our method

effectively mitigates this issue.

6.4.4.2 Evaluation on KP Dataset

We select Swin-T, Swin-S, and Swin-B (Ze Liu et al. 2021) as the backbones

for our semantic segmentation network, and compare them with MFNet (Ha et
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Table 6.7: The comparative per-class loU (%) on the KP dataset. We report the IoU (%) for each class and the mloU (%) for all the classes. The results demonstrate the superiority of our method, with
the top two results in each column highlighted in bold and underline. The publication venue is followed by the publication year.

R o
% = 2
) 278 S
s £ ° s o & £ = . I
9 =] — =) = o 5 S 5 = S E
Method Venue Backbone &£ @w A& F = & £ £ ¥ £ » a4 & O £ @ £ =2 A mlu
0.0 693

MFNet (Ha et al. 2017) IROS17 - 935 236 751 00 01 91 00 02 904 240 00 696 03 03 00 00 06 240
RTFNet (Sun, Zuo, and M. Liu 2019) RAL’19 ResNet-152 94.6 394 86.6 0.0 06 00 00 00 8.7 37 928 584 00 877 00 00 00 00 05 287
CMX (J. Zhang, Huayao Liu, et al. 2023) TITS’23 MiT-B4 97.7 53.8 902 0.0 47.1 462 109 451 872 343 935 745 0.0 91.6 0.0 597 0.0 46.1 02 462
Swin-T 988 564 89.0 0.0 623 541 312 312 843 232 944 836 00 947 0.0 77.7 0.0 514 407 512
CRM (Shin et al. 2024) ICRA’24  Swin-S 988 60.7 92.1 0.0 604 551 31.1 532 89.1 27.7 950 814 177 952 11 833 0.0 499 423 544
Swin-B  99.0 61.8 918 0.0 587 50.6 39.1 554 89.2 232 943 852 29 953 00 805 0.0 662 54.6 551
Swin-T 987 550 91.3 0.0 63.8 53.5 294 509 879 228 948 822 0.0 950 0.1 832 00 480 381 523
Ours Swin-S 989 62.6 91.6 0.0 572 514 394 523 883 243 948 845 20.6 956 0.0 849 0.0 493 477 549
Swin-B  98.8 61.0 92.6 0.0 668 58.7 42.0 503 90.1 36.1 953 850 392 953 0.0 774 0.0 52.6 388 56.8

al. 2017), RTFNet (Sun, Zuo, and M. Liu 2019), CMX (J. Zhang, Huayao Liu,
et al. 2023), and CRM (Shin et al. 2024). Tab. 6.7 shows the results. Notably,
our method consistently outperforms CRM when using the same backbones. The
model with Swin-B as the backbone achieves significant advantages in most classes,

especially in improving the IoU of the challenging Rider class by 21.5%.

Figure 6.7: Qualitative demonstration for RGB-T semantic segmentation on
MFNet (Ha et al. 2017) dataset. From left to right: (1) RGB images, (2) ther-
mal images, (3) ground truth labels, (4) results of CRM with Swin-T backbone,
(5) results of our method with Swin-T backbone, (6) results of CRM with Swin-S
backbone, (7) results of our method with Swin-S backbone.
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Figure 6.8: Qualitative demonstration for RGB-T semantic segmentation on the
KP (Y.-H. Kim et al. 2021) dataset. From left to right: (1) RGB images, (2) thermal
images, (3) ground truth labels, (4) results of CRM with Swin-T backbone, (5)
results of our method with Swin-T backbone, (6) results of CRM with Swin-B
backbone, (7) results of our method with Swin-B backbone.

6.4.4.3 Qualitative Demonstrations

Fig. 6.7 and Fig. 6.8 qualitatively compares the segmentation results of our method
and CRM (Shin et al. 2024) on the MFNet (Ha et al. 2017) dataset and the KP
(Y.-H. Kim et al. 2021) dataset, respectively.

For the results on the MFNet dataset, the first row shows that only our method
with Swin-S successfully detects the Car Stop class in the center of the image,
while the second row shows that only our method with Swin-T successfully detects
the Bicycle class in the center of the image. In the third row, CRM with Swin-T
mistakenly identifies the Bike class in the central area as the Car Stop class. In
contrast, our method avoids this issue and achieves more accurate segmentation
of the leg of the Person class. In the fourth row, both CRM with Swin-T and
Swin-S produce false positives by detecting the background as the Curve class,

whereas our method demonstrates superior performance in addressing this issue.
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These successful segmentation cases highlight the improvement of our method on
segmenting the central regions.

For the results on the KP dataset, the first row illustrates that CRM with Swin-
T and Swin-B fails to accurately distinguish between the Car and Bus classes in
image central regions. Both models mistakenly identify the Bus class as the Car
class. In contrast, our method with Swin-B successfully differentiates the Bus
class from the Car class. The second and third rows show that CRM incorrectly
detects the Person class, while our method avoids false positives. In the fourth
row, our method achieves better segmentation results for the Person class on the
left side of the central regions compared to the CRM. Therefore, based on the visu-
alized semantic segmentation results, we can conclude that our method effectively
mitigates spatial bias in the segmentation results, enhances the segmentation per-
formance of challenging classes in the central regions, and reduces false positives.

Despite the effectiveness and superiority of our method, it still has limitations.
As indicated in Tab. 6.7, our method’s performance for the Motorcycle class on
the KP dataset is lower than the baseline CRM with the same backbone. This sce-
nario is also illustrated in the fourth row of Fig. 6.8. For very small and complex
objects, such as the motorcycle highlighted in the box, both our method and CRM
struggle to generate an accurate segmentation map. This indicates that when an
object’s core features are limited due to small scale or occlusion, the primary chal-
lenge shifts from mitigating spatial bias to a more fundamental problem of feature
scarcity. This remains a common and challenging open question for the broader

field of semantic segmentation.
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6.5 Conclusions and Future Work

In this paper, we identified the spatial bias problem in RGB-T semantic segmen-
tation for autonomous driving. We discussed the relationship between spatial
bias and class imbalance, highlighting their differences, and conducted a detailed
analysis on the reasons of spatial bias. According to our experiments, spatial
bias is related to the complexity of target objects and the varying image qual-
ity across different regions. To alleviate spatial bias, we proposed the GRBM
method, which better leverages thermal images in image central regions. This is
because thermal images in the central regions typically exhibit better image qual-
ity and lower complexity. In addition, we designed a spatial-weighted loss to en-
hance the model’s attention to areas farther from image central regions with fewer
noises, further boosting its performance. Experimental results demonstrate that
our method achieves superior performance compared with state-of-the-arts on the
MFNet and KP datasets.

Note that our method is designed for images captured by perspective cameras
on vehicles, so it may not be suitable for images from other domains, such as
satellite and remote sensing, or medical imaging, where spatial characteristics are
totally different from those from autonomous driving. However, we believe that
the proposed analytical framework for spatial bias would be still generalizable,
and could be adapted to study the spatial characteristics from other domains. So,
in addition to the performance improvement brought by our method, another key
contribution of this work is the proposed analytical framework for spatial bias.

Despite the success of our method, there still exist limitations. For example,

the use of real-world data does not allow us to isolate variables for analysis. So,
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future study could explore the use of simulation software or advanced generative
models to create synthetic datasets. This would allow for rigorous analysis and
experimental studies. For instance, object complexity in central regions could be
varied while keeping other factors (e.g., background and noise levels) constant.
For future work, we can use generative models to enhance image quality for
existing datasets, with a particular focus on image central regions. The enhance-
ment could mitigate the impacts caused by the inferior image quality in central
regions, thus improving the segmentation performance. In addition, designing a
dynamic gating mechanism that can adapt to unusual environmental conditions
(e.g., extreme heat causing thermal artifacts on road surfaces) would be a promis-
ing improvement for future work. Moreover, using large vision-language models
(VLMs) with specially designed prompts to guide the generation of images across
various weather conditions and seasons would also be a potential direction. This
could enhance the diversity of training data and improve the generalizability for

segmentation performance.



Chapter 7

Conclusions, Limitations, and

Future Work

7.1 Conclusions

This dissertation systematically studies RGB-T semantic segmentation for autonomous
driving from four dimensions: illumination-guided fusion, temporal consistency,
data augmentation, and spatial balancing, proposing a series of methods to address
key challenges in practical applications.

Chapter 3 proposes the IGFNet, which achieves interpretable multi-modal fu-
sion by modeling the illumination characteristics of RGB and thermal images. Its
IEM module generates pixel-level weights to quantify RGB reliability, and the
IGCM-RM adaptively fuses RGB and thermal features accordingly. It achieves
59.0% mloU on the MFNet dataset, outperforming existing methods.

Chapter 4 proposes a temporal consistency framework, synthesizing the next

frame through a VVIG module. Combining the designed consistency losses and
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proposed CA metric, it significantly improves temporal stability while maintaining
accuracy. Experimental results show that this method achieves 59.9% mloU while
improving temporal consistency to TC 36.40% and CA 23.29%, and exhibits good
scalability.

Chapter 5 proposes SyntheticSeg, constructing a large-scale synthetic RGB-T
dataset containing 31,360 image pairs. It also proposes a sampling mechanism that
simultaneously considers class scarcity and segmentation difficulty, effectively
mitigating class imbalance. The final model achieves an mloU of 62.0%, with the
IoU for rare classes such as guardrail improving from 11.8% to 15.4%, validating
the potential of data-centric methods.

Chapter 6 systematically reveals the spatial bias in RGB-T segmentation: de-
spite having more samples in the central region, its performance is lower than that
of the edges. The study finds that this bias stems from object complexity and im-
age quality, and proposes a GRBM method and spatial-weighted loss function to
alleviate this problem.

This paper, through exploration in four dimensions, systematically improves
RGB-T segmentation performance from a baseline of 58.2% to 62.1%. These
achievements construct a robust RGB-T semantic segmentation framework for au-
tonomous driving scenarios, providing a theoretical and technical foundation for

multi-modal perception research.

7.2 Limitations

Despite its significant contributions, this study has several limitations. First, our

SyntheticSeg method generates RGB and thermal images independently, poten-
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tially leading to spatial inconsistencies in background regions and affecting the
preservation of physical correspondences. Furthermore, the generative model ex-
hibits lower synthesis quality in rare classes due to limited training data, creating
a cyclical contradiction between data dependency and insufficient quality.

Regarding temporal consistency, while the current framework validates con-
sistency between consecutive frames, it does not explicitly model long-term tem-
poral relationships. The Euler angle-based transformation of the VVIG module
is suitable for short-term camera motion but struggles to capture complex long-
term dynamics, such as multi-object interactions and occlusion. Additionally, the
framework synthesizes only single frames rather than continuous video streams,
limiting its ability to model complex temporal relationships in real-world driving
scenarios.

Regarding generalization ability, the experiments are primarily based on the
MFNet dataset, which has specific environment and sensor conditions and a lim-
ited number of classes, restricting our assessment of the method’s adaptability
across a wider range of configurations and class sizes.

Finally, the spatial balancing strategy is designed for forward-looking cameras
and is difficult to directly apply to other camera configurations (such as fisheye or
multi-camera systems) or other domains (such as aerial or medical imaging). Fur-
thermore, this dissertation only focuses on RGB-T fusion and has not yet explored

how to extend it to multimodal sensor combinations such as LIDAR and radar.



CHAPTER 7. CONCLUSIONS, LIMITATIONS, AND FUTURE WORK 115

7.3 Future Work

Based on the contributions and limitations of this study, future work can be ex-
plored in the following directions:

First, a unified multi-dimensional perception framework can be constructed,
integrating illumination-guided fusion, temporal consistency modeling, synthetic
data augmentation, and spatial balancing strategies to fully leverage the synergistic
effects between dimensions. For example, the synthetic quality of key regions
can be improved under spatial balancing guidance, or differentiated illumination
correction strategies can be applied to different regions.

Second, an end-to-end generation model capable of jointly generating RGB
and thermal image pairs should be developed to ensure physical consistency be-
tween modalities, thereby improving synthetic data quality and enhancing the seg-
mentation network’s ability to model multi-modal complementarity relationships.

Regarding multi-modal robustness and security, further exploration is needed
to understand the resistance of thermal modalities to RGB adversarial attacks, de-
velop uncertainty methods that can quantify regional reliability differences, and
design a perception architecture capable of stable operation under sensor failure
or extreme conditions.

Furthermore, the methods used in this study can be extended to other fields,
such as indoor robotics, aerial remote sensing, security monitoring, agricultural
monitoring, and medical imaging. Cross-domain validation can identify univer-
sally applicable design principles and promote adaptation and optimization for
specific scenarios.

In summary, this dissertation promotes the development of RGB-T segmen-



CHAPTER 7. CONCLUSIONS, LIMITATIONS, AND FUTURE WORK 116

tation in terms of interpretable fusion, temporal consistency, data augmentation,
and spatial balancing, laying the foundation for building more robust and universal

autonomous perception systems in the future.
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Appendix

Assume that a 3-D object point P is captured in two consecutive frames (Img,
and Img,), and the pixels for P on the two images are p; and p,. From the pinhole
camera model, we have: p; ~ KP,ps ~ K(RP + t), where K is the camera
intrinsic matrix, R and ¢ are respectively the rotation matrix and translation vector
between the consecutive frames, ~ denotes equivalence up to a scale.

Assume that the camera motion includes only rotations (i.e., ¢ = 0), we have
p2 ~ KRP. Since P ~ K 'p;, wehavep, ~ KRK 'p;. Since R = R.(a)R,(8)R.(7),
we have p; ~ KR.(a)R,(8)R.(v)K 'p1, where o, v, ( are respectively the
Euler angles about the 7 , Y, X axes. Since P2 =~ Myytp1, we have Myyr =
KR,(a)Ry(B)Ru(v) K.

Comparing Myvyr to the homography matrix H = K(R — %)K ~1, where
nT and d are respectively the normal vector and the distance to the plane from the

origin point, we can find that Myyr = H if there is no translational movement

(i.e., t = 0). So, we use the homography matrix as the VVT matrix in this work.
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