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Spatial Balancing for RGB-Thermal Semantic
Segmentation in Autonomous Driving: A Study
from Analysis to Improvement

Haotian Li"¥, Henry K. Chu

Abstract—Semantic segmentation based on RGB-Thermal
(RGB-T) data fusion has made great progress in the field of
autonomous driving. However, we find that most existing RGB-
T semantic segmentation methods exhibit inferior performance
in image central regions, in which segmentation performance
is critical for driving safety. We refer to this phenomenon as
spatial bias. To discover the reason for spatial bias, we design
a series of experiments. The results challenge the common
knowledge that more training data lead to better segmentation
performance, and reveal a close causal relationship between
segmentation performance and object complexity as well as image
quality. We also provide a theoretical interpretation for the causal
relationship using information theory and feature space analysis.
Based on the findings, we propose a Gaussian-guided regional
balancing masking method to balance segmentation performance
across different image regions. Moreover, we introduce a spatial-
weighted loss to further enhance the overall segmentation perfor-
mance. Experimental results on two public datasets demonstrate
the effectiveness of our method in mitigating spatial bias and
improving balanced performance.

Index Terms—Semantic Segmentation, Spatial Balancing,
RGB-Thermal Fusion, Autonomous Driving.

I. INTRODUCTION

N recent years, semantic segmentation based on RGB-

Thermal (RGB-T) data has attracted increasing attention in
the field of autonomous driving, because thermal images can
see objects more clearly than RGB images under challenging
lighting conditions [1]-[8], such as dim light, nighttime,
total darkness, and oncoming headlights. Although existing
RGB-T semantic segmentation networks [9]-[11] have made
significant progress in terms of segmentation accuracy, they
overlook the variations of segmentation performance across
different regions of an image. We observe that objects critical
to driving safety, such as vehicles, pedestrians, and bicycles,
mostly distribute in image central regions. If a model fails to
accurately segment objects in the central regions, the perfor-
mance of downstream tasks [12], [13] could be degraded.
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(a) Pixel-level IoU distribution (b) Sample Occupancy Rate

Fig. 1. (a) Visualized heatmap of pixel-level IoU distribution, based on the
segmentation results from test images of MFNet dataset [7]. IoU_q,, and
IoU,y, are respectively the IoUs at central and edge regions of the image.
mloU is the mean IoU over the whole image; (b) Visualized heatmap of
Sample Occupancy Rate (SOR), calculated from the training set of MFNet
dataset. SOR is defined in detail in Sec. III-B1, indicating how frequently
pixels are occupied by a non-background label, higher SOR indicates more
training samples at a pixel location. SOR ¢y, and SOR.q,. are respectively
the SOR at central and edge regions of the image. mSOR is the mean SOR
over the whole image. The color scale of the heatmaps ranges from 0 to 1,
with darker colors representing lower values and brighter colors higher values.

To study the performance variations of RGB-T semantic
segmentation in autonomous driving scenarios across different
regions of an image, we visualize the segmentation results
of an existing network (i.e., RTFNet-152 [8]) as a heatmap
(see Fig. 1(a)). We adopt a ring-shaped partitioning strategy
to evaluate the segmentation performance in different regions,
and conduct a pixel-level statistical analysis by calculating
the average Intersection-over-Union (IoU) across all classes
at each pixel location. The heatmap shows that the segmenta-
tion performance in central regions is generally worse than
the performance in the other regions. Note that a similar
phenomenon of such performance variations across different
regions can also be found in object detection, in which it is
known as spatial bias [14]. So, we also name the phenomenon
here as spatial bias. But unlike object detection in which the
performance degrades in edge regions, within the context of
autonomous driving scenarios, we observe that in semantic
segmentation the performance degrades in central regions.
Note that such phenomenon may not exist in other domains
(e.g., aerial imagery or remote sensing), because the spatial
and semantic distributions are different.

It is commonly known that class imbalance is a factor
leading to inferior segmentation performance. Class imbalance
means that classes with fewer training samples compared to the
other classes in a dataset would exhibit inferior performance
[15]-[17]. To verify whether the inferior performance in
spatial bias is also caused by the same reason, we calculate
the Sample Occupancy Rate (SOR) of target objects from the
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MFNet dataset (see Fig. 1(b)). The SOR represents the proba-
bility of a target object appearing at each pixel location within
the training samples. The target objects are Car, Person,
Bike, Curve, Car Stop, Guardrail, Color Cone,
and Bump. The heatmap in Fig. 1(b) shows that the target
objects are generally distributed densely in central regions,
and relatively scarce in edge regions. Comparing Fig. 1(a) and
(b), we can see that the regions with higher SOR (i.e., more
training data) do not necessarily exhibit better segmentation
performance. This is inconsistent with the common reason
for inferior performance caused by class imbalance (i.e., less
training data leading to the inferior performance). So, class
imbalance is not a reason leading to spatial bias.

To discover the underlying reason causing spatial bias, we
first studied the evaluation metrics of semantic segmentation.
We find that the metrics, such as IoU, only measure the seg-
mentation results over a whole image. To effectively evaluate
the segmentation performance in different regions, we then
propose a region-based evaluation metric and design a series
of experiments. From the experimental results, we discover
that spatial bias is closely related to object complexity (e.g.,
density, overlap) and image quality. By analyzing the spatial
characteristics of RGB-T images, we find that the signal-to-
noise ratio (SNR) in the central regions of the RGB images is
lower and the object complexity is higher, whereas the SNR
in the central regions of the thermal images is higher and
the object complexity is lower. A possible explanation is the
perspective geometry of forward-facing cameras, where distant
objects on roads are concentrated in image central regions.
These objects appear smaller, which may increase the object
complexity at these regions and make accurate segmentation
challenging [18], [19]. So, we identify object complexity and
image quality as key factors leading to spatial bias. This
implies that central regions suffer from inferior quality in RGB
modality due to noise and complexity, whereas thermal data
retain higher quality.

With the discovered reason, we propose to mitigate the
spatial bias issue by designing a Gaussian-guided Regional
Balancing Masking (GRBM) method to prioritize thermal
features to compensate for RGB ambiguity in these challenging
areas. In addition, we propose a spatial-weighted loss to
further enhance the overall segmentation performance through
spatial enhancement. The experimental results demonstrate the
effectiveness of our method. Our code is publicly available!.
The contributions of this work are summarized as follows:

1) We systematically identify the spatial bias phenomenon
in RGB-T semantic segmentation, distinguishing it from
the classic class imbalance problem. Through in-depth
experiments and theoretical analysis based on informa-
tion entropy, we reveal that this bias is fundamentally
caused by the uneven distribution of object complexity
and image SNR.

2) We propose a Gaussian-guided Regional Balancing
Masking (GRBM) method. By incorporating a spatial
Gaussian prior, this method acts as a spatially-aware in-
formation gate that explicitly prioritizes reliable thermal

1Our code is available at: https:/github.com/lab-sun/SpatialSeg

features in complex central regions while retaining RGB
details in edge regions.

3) We introduce a novel spatial-weighted loss to further op-
timize the learning process. By strategically re-weighting
pixel contributions based on regional image quality, this
loss functions as a regularization term that encourages
the model to learn robust features from cleaner edge
data, thereby enhancing overall segmentation accuracy.

The remainder of this paper is organized as follows. Sec-
tion II reviews the related work. Section III analyzes the
causes of spatial bias and defines evaluation metrics. Sec-
tion IV presents the details of our proposed method. Section V
discusses the experiments on two benchmark datasets in au-
tonomous driving scenario. Conclusions and future work are
drawn in the last section.

II. RELATED WORK
A. RGB-T Semantic Segmentation

In recent years, RGB-T data have attracted increasing at-
tention in various visual perception tasks [11], [20]-[25],
especially in semantic segmentation [26]—[31]. Several studies
[11], [28]-[30] have proposed various strategies to effectively
utilize the complementary features of RGB and thermal im-
ages. Shin et al. [11] introduced a complementary random
masking strategy and self-distillation loss to mitigate over-
reliance on a single modality. Li et al. [28] proposed IGFNet,
an illumination-guided fusion network that uses a weight
mask from an illumination estimation module to effectively
fuse the complementary features from RGB and thermal
images. CAINet [29] effectively captures and leverages the
complementary relationships between RGB and thermal data
through context-aware interactions. Similarly, CACFNet [30]
exploits the complementary information between RGB and
thermal data while incorporating pixel-region relationships and
an enhanced loss function to improve accuracy in RGB-T
semantic urban scene understanding.

Several studies have explored other directions. Liang et al.
[20] proposed the EAEF method, which considers specific
scenarios during fusion. It effectively leverages each type of
data to enhance feature extraction and addresses the issue
of insufficient representations. Dong et al. [31] introduced
EGFNet, which employs edge-aware guidance in combination
with multi-modal fusion strategies. This strategy is designed
to improve boundary extraction while utilizing high-level
semantic information for better representation. Feng et al. [2]
also utilized edge information to enhance the performance
of a thermal-only semantic segmentation network. SegMiF
[32] explicitly generate a fused RGB-T image before se-
mantic segmentation, typically by learning a mapping that
integrates RGB and thermal signals at the pixel level. These
methods aim to enhance visual quality and exploit the dual-
modal correlation for downstream tasks. While pre-fusion
offers interpretability and benefits for multi-task learning, it
often requires a complete reconstruction pipeline including
an encoder-decoder architecture before segmentation, which
introduces additional computational overhead and potential
redundancy.
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Furthermore, RGB-X semantic segmentation [33] expands
the feasibility of integrating other modalities of information
with RGB images. This is particularly evident in the domain of
RGB-D fusion, where the geometric cues from depth sensors
provide rich complementary information, a principle that has
been successfully leveraged to enhance tasks like salient object
detection [34]-[36]. Some studies [9], [10], [37], [38] focus
on designing more efficient fusion modules, while others [39],
[40] leverage the prior knowledge learned by large models
to improve segmentation performance. Although these studies
have effectively enhanced the overall performance of RGB-T
semantic segmentation, none of them consider the varying per-
formances across different regions in semantic segmentation.

B. Class Imbalance in Semantic Segmentation

The class imbalance problem [16] 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. Qiu et al. [15]
categorized these strategies into class-based loss [41]-[43],
pixel-based loss [44]-[46], region-based loss [16], boundary-
based loss [47], and compound loss [48].

For instance, Chen et al. [41] introduced importance-aware
loss, which prioritizes the accurate segmentation of critical
objects by assigning different weights to classes based on their
importance for safe driving. The Loss Max-Pooling (LMP)
method [44] adaptively re-weights pixel contributions based on
observed losses to handle uneven training data distributions.
Recall Loss [16] dynamically adjusts class weights based on
recall performance, addressing class imbalance while reducing
false positives. The Hausdorff distance loss [47] computes the
boundary loss by applying distance transforms to both the
ground-truth labels and the output predictions. Combo Loss
[48] addresses both input and output imbalances by combining
the Dice similarity coefficient and cross-entropy, aiming to
improve segmentation performance.

Beyond loss function-based improvements, He et al. [49]
proposed a stochastic and deterministic sampling-based atten-
tion network, SDSANet, to capture long-range dependencies
and refine spatial details for per-pixel segmentation. Addition-
ally, the copy-paste augmentation strategy [50] pastes objects
from one image to another to generate a large number of
new training samples. While the class imbalance problem
differs from the spatial bias, methods designed to solve class
imbalance can still provide valuable insights for alleviating
spatial bias.

C. Local Evaluation Strategy

In autonomous driving perception, existing RGB-T seman-
tic segmentation methods typically employ global evaluation
strategies to assess segmentation performance [7], [9], [27],
[28]. However, local evaluation strategies have been widely
used in image quality assessment, such as in image restoration
[51], [52] and image super-resolution [53], [54], because they

(a) Vertical Partitioning

(b) Horizontal Partitioning

(c) Ring-shaped Partitioning

Fig. 2. Visualization of the three partitioning strategies and their correspond-
ing performance variations in different regions. CRM-B [11] and RTFNet-152
[8] are used as the segmentation networks. The segmentation performance is
represented by the average IoU and average accuracy (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 Occupancy Rate (SOR). We
subtract the value of region 1 from the value of each region to reflect the bias
between different regions. The color scale of the heatmaps ranges from 0 to
1 (same as Fig. 1), with darker colors representing lower values and brighter
colors higher values.

align more closely with the working principle of human visual
system [55]-[58].

For instance, Wang et al. [58] introduced the Structural
Similarity Index (SSIM) for local evaluation, computing local
SSIM across sliding windows and averaging the results to
assess image distortion. Sun et al. [59] proposed a weighted-
to-spherically-uniform method that ensures equal influence
of pixels based on their mapped spherical area, providing a
more accurate and reliable quality assessment. Xue et al. [60]
introduced Gradient Magnitude Similarity Deviation (GMSD),
which efficiently assesses perceptual image quality by lever-
aging local gradient magnitude similarities and employing a
novel pooling strategy based on the standard deviation of the
gradient map. Additionally, Bosse et al. [61] proposed a deep
neural network that jointly learns local quality and weights,
enabling both no-reference and full-reference image quality
assessment.

The human visual system tends to prioritize important
areas in an image over global information. In autonomous
driving, significant defects in the segmentation accuracy of key
areas could lead to safety hazards. So, designing an effective
local evaluation strategy is crucial to ensure the safety of
autonomous driving systems.



TABLE 1
THE COMPARISON BETWEEN INPUT-LEVEL MASKING AND LOSS-LEVEL WEIGHTING.

Category Method Core Strategy

Primary Objective

Random masking [11]

Input-level masking GRBM (Ours)

Spatially uniform, stochastic masking
Spatially aware, prior-driven masking

General modality robustness
Targeted spatial bias mitigation

Edge-weighted loss

Loss-level weighting Spatial-weighted loss (Ours)

Increased weight on boundary pixels
Region-based weighting guided by SNR/complexity

Improve boundary segmentation
Learning robust features via spatial prior

D. Differences from Existing Methods

While our proposed GRBM and spatial-weighted loss in-
volve masking and loss weighting, they are fundamentally
different in their motivation and mechanism from the existing
methods. To clarify our novel contributions, we provide a
comparison in Tab. L.

Our GRBM method can be contrasted with the random
masking strategy employed by CRM [11]. Random masking
applies a spatially-uniform and stochastic mask to prevent the
model from over-relying on a single modality. In contrast,
GRBM’s masking is not uniformly random; its probability
distribution is deterministically shaped by a spatial prior
derived from domain knowledge in autonomous driving. It is
a targeted solution designed specifically to mitigate the spatial
bias we identify in Sec. III.

Similarly, our spatial-weighted loss should be distinguished
from conventional edge-weighted losses that simply increase
weights on object boundaries. Our loss weighting is also
directly guided by a spatial prior derived from our analysis of
regional noise and complexity. By systematically up-weighting
regions with higher signal-to-noise ratios, it encourages the
model to ground its learning in more reliable data, leading to a
more robust feature representation. This emphasis on regional
signal quality, rather than solely on geometric boundaries, is
the key difference.

III. SPATIAL BIAS IN SEGMENTATION
A. Differences from Class Imbalance

Class imbalance caused by long-tail distribution may lead
to inferior segmentation performance for tail classes. Let D =
{Ce, y0li=1,2,..., N,} denote a dataset, where x; represents
the i-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 ¢ € {1,2,...,C}, the set D,
is defined as D, = {(x;,y)|y; = ¢,i = 1,2,..., N.}, where
C is the total number of classes, and N, is the total number
of samples belonging to class ¢. The performance of different
classes vary significantly. For example, in the MFNet dataset,
the IoU of Car is 78% higher than that of Guardrail, which
is reported in [27].

Class imbalance is reflected by the discrepancies in segmen-
tation results across different classes, while spatial bias refers
to uneven segmentation performance across different spatial
regions in an image. Similarly, we define S = {(x;, y)|i =
1,2,.., M}, where x; 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 partitioned into different

spatial regions. For each region r € {1,2,...,K}, the set S,
is defined as S, = {(x;,y;)|region(x;) = 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.

B. Reasons Causing Spatial Bias

To thoroughly investigate the reason for spatial bias, we
first partition an image into distinct regions and study the per-
formance variations across them. There are several candidate
strategies for partitioning. For example, vertical and horizontal
partitioning may reveal directional biases along the image
axes, while ring-shaped partitioning is particularly suitable
for analyzing central-versus-edge performance differences in
autonomous driving scenes. This design is motivated by the
perspective geometry of forward-facing cameras, where distant
objects on the road are projected near the image center and
nearby objects are more likely to appear around edge regions
[18], [19]. In this section, we therefore compare vertical,
horizontal, and ring-shaped partitioning, and show that the
ring-based strategy best reveals the spatial bias phenomenon.

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 [7] using
the aforementioned three partitioning strategies. As illustrated
in Fig. 2, we compare the segmentation performance (IoU
and Acc) against the Sample Occupancy Rate (SOR) for
each region. The SOR metric is proposed to measure the
number of samples within each region. Specifically, we first
calculate the normalized pixel occupancy rate P(x,y). The
occupancy rate for each pixel (x, y) is computed by counting
how many times the label at that position is non-zero across
all ground-truth mask images. Let N, represent the number
Ly, Ly,...Ly
ground-truth mask image L;, the label value at position (x, y)

is denoted as L;(x,y). The normalized pixel occupancy rate
P(x,y) is defined as:

of ground-truth mask images } For each

Nmaxk
P(x,y) = Nl Y, K{Lix.») #0}, )
mask =1

where ]I{Li(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



Fig. 3. 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.

{RI,RZ,...,RK}, where each region R; consists of a set of
pixels. The average SOR for the region R, is defined as the
mean occupancy rate of all pixels within the region:

1
SOR, = —— ' P(x.y) )
|Rk| (x,)ERy

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

From Fig. 2, we can see that there is a positive correlation
between segmentation performance and sample size in vertical
partitioning, indicating that the number of samples in different
regions may have an impact on segmentation performance.
In contrast, the results from horizontal partitioning show
that while the SOR is highest in the middle region, the
corresponding segmentation performance 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 segmentation performance improves
progressively, which is completely contrary to our expecta-
tions. This strongly suggests that the primary factor causing
spatial bias in RGB-T semantic segmentation is different from
that in the class imbalance 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 segmentation performance and sample size across
different regions makes it particularly well-suited for exam-
ining 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 of concentric rings
as a heuristic for spatial performance analysis.

2) Class Distribution: It is known that class imbalance [27]
can lead to segmentation 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

Fig. 4. Visualization of the nine ring-shaped regions with equal areas. Regions
are numbered from 1 to 9. Region 1 is the innermost region. Region 9 is the
outermost region. The color scale of the heatmap ranges from 0 to 1 (same
as Fig. 1), with darker colors representing lower values and brighter colors
higher values.

image central regions, and well-performing classes (e.g., Car
and Person) are mainly distributed around edge regions,
spatial bias may occur.

To verify this hypothesis, we display the SOR of different
classes in each region and the IoU of each region (see Fig. 3).
To better illustrate the spatial distribution of SOR and IoU, we
partition an image into nine ring-shaped regions of equal area,
as shown in Fig. 4. 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 likewise concentrated in
the central regions. So, the results negate our hypothesis.

Note that the existing experiments on real-world datasets
can only demonstrate that class distribution is not the deter-
minant factor causing spatial bias, but they cannot 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. We further illustrate the IoU of different classes across
various regions in Tab. II. It is evident that classes with
a more evenly distributed sample size (e.g., Curve) have
significantly lower IoU in central regions compared with the
other regions. We observe that most classes, except for Bump,
exhibit a similar central-concentrated distribution. 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.

3) Target Object Complexity: From previous analysis, we
have already found that the image central regions contain
more objects but exhibit inferior segmentation performance.
We hypothesize that the inferiority is caused by the target
object complexity (e.g., density, overlap), which results in
lower IoU despite having a larger number of training samples
in the central regions.

To quantitatively measure object complexity, we adopt



TABLE II
THE I0oU (%) OF DIFFERENT CLASSES ACROSS VARIOUS REGIONS.
REGION 1 REPRESENTS THE INNERMOST REGION, WHILE REGION 9
REPRESENTS THE OUTERMOST REGION. CRM-B [11] IS USED AS THE
SEGMENTATION NETWORK. FOR EACH CLASS, THE TWO LOWEST IoU
VALUES IN DIFFERENT REGIONS ARE HIGHLIGHTED RESPECTIVELY IN
BOLD AND UNDERLINED.

IoU across Regions

Classes
1 2 3 4 5 6 7 8 9

Car 87.8 90.7 919 933 93.0 922 92.6 92.0 855
Person 727 724 728 757 744 789 794 817 741
Bike 63.2 673 635 702 682 683 682 68.1 66.1
Curve 321 360 454 503 50.6 515 51.5 509 442
Car Stop  49.0 439 347 264 31.0 413 527 48.0 442
Guardrail 179 52 29 100 11.0 114 102 80 03
Color Cone 45.9 535 587 69.1 56.1 535 61.0 77.9 615
Bump 17.2 428 786 763 447 556 635 803 68.1

Laplacian Variance (LV) as a metric. The rationale for this
choice is well founded in image processing literature [62],
[63]. The Laplacian 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 object
complexity in a region. This principle is widely used in
applications like auto-focusing to quantify image sharpness
[62]. More importantly, the effectiveness of this type of
operator has been well studied. In a detailed review, Pertuz et
al. [63] 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 object complexity within a region. It is calculated
as follows:

1 W%g I{’ig i

2 .

Ol aplacian — Tir 11 [[“(I’J) ~ HLaplacian | > 3)
aplacian VVimgHimg ol

where W,,,,, and H,,,, are respectively the width and height of

an image, L(i, j) represents the pixel values after the Laplacian
transform, and piy 4p1acian 1S 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 complexity of objects.
Fig. 5 displays the LV values of RGB and thermal images
during daytime and nighttime from the MFNet dataset. The
conclusions are listed 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 confirms our hypothesis
that spatial bias is related to object complexity in different
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.

Fig. 5. The Laplacian Variance (LV) for each region. Region 1 represents
the innermost region, while region 9 represents the outermost region. LV,
LV;i, 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.

Fig. 6. The Signal-to-Noise Ratio (SNR) for each region. Region 1 represents
the innermost region, while region 9 represents the outermost region. SNR,
SNR‘:, and SNRT 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.

. The LV values of daytime RGB images are higher than
those of nighttime RGB images, indicating that daytime
RGB images have more visual textures.

. 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.

4) Image Quality: Although in Fig. 5 we can use LV
to measure texture details and object complexity, 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
characteristics. Here, we use the Signal-to-Noise Ratio (SNR)
to measure image quality in different regions. It is calculated
as follows:

Hsignal

SNR = “4)

Opoise 1 € ’
where fion, 18 the average signal value (i.e., the mean pixel
value) of an image, and o, is the standard deviation of the
image noise, reflecting the intensity of noise in an image. € is



a very small number to prevent division by zero. Higher SNR
indicates better image quality and less noise in that region,
and vice versa.

Fig. 6 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:

. Both RGB and thermal images show more noise in the
central regions during 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 lighting conditions, providing an advantage in
suboptimal or complex lighting environments.

. The SNR of daytime images is higher than that of
nighttime images, indicating that images collected during
daytime have less noise. For thermal images, although
they do not rely on visible light, daytime conditions allow
objects to absorb more heat. This results in larger tem-
perature differences between objects, which enhances the
contrast in thermal images and ultimately leads to higher
SNR. At nighttime, normally with smaller temperature
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 complexity 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.

C. Theoretical Interpretation

Our analysis in Sec. III-B reveals a close correlation be-
tween spatial segmentation performance degradation and two
key factors: high object complexity and inferior image quality.
Here we provide a qualitative explanation of our empirical
findings using basic concepts from information theory. We use
LV and SNR as empirical indicators and discuss them from
an information-theoretic perspective, to explain why central
regions are more difficult to segment and how this motivates
our fusion strategy.

1) Entropy Analysis of Spatial Bias: Information entropy
measures the uncertainty within a system. We adopt Shannon
Entropy to reason about learning difficulty in a conceptual
manner. For a discrete feature variable X with probability mass
function p(x), the entropy H(X) is defined as:

HX) == ) p(x)log p(x). )

xeX

We conjecture that the inferior performance in central
regions is partly due to the intrinsic difficulty of the task
itself. The higher target complexity in these regions, reflected
by larger LV, indicates that more diverse object classes and
finer structures are densely packed there. This corresponds to a
higher label entropy H(Y), where Y denotes the ground-truth
classes, since the local class distribution in central regions
is more complex than that in edge regions. In an ideal,
noise-free and sufficiently high-resolution imaging setup, such
rich structure and diversity could in principle provide more
discriminative information and be beneficial for learning.

However, under the constraint of limited sensor resolution in
practical autonomous driving settings, this intrinsic complexity
can degrade into observation uncertainty. Many distant objects
(e.g., small cars, pedestrians, riders) near the image center are
projected onto only a few pixels. Their fine-grained details
and boundaries cannot be fully resolved and are often aliased
or blurred. As a result, high-frequency structures that should
have been informative are partially destroyed and are perceived
by the model as high-frequency noise. From an information-
theoretic perspective, this degradation tends to increase the
conditional entropy H (X |Y) of the observed features X: even
for a fixed class Y, the observed features become more variable
and ambiguous. In this sense, regions that are potentially the
most informative in terms of 7/ (Y') can, paradoxically, become
the least reliable at the feature level due to these imaging
constraints.

2) Modality Fusion and Relative Mutual Information:
Effective RGB-T fusion should leverage the complementary
information between the two modalities so that the fused
representation retains as much task-relevant information as
possible. Conceptually, for RGB and thermal feature spaces
denoted by R and T, we are interested in maximizing the
mutual information between the fused features f(R,T) and
the ground-truth labels Y, i.e., I(f(R,T);Y), where f is the
fusion function.

Our empirical analyses in Sec. III-B reveal an important
asymmetry between the two modalities. In the central re-
gions, the RGB modality shows both higher LV and lower
SNR, which suggests that, under limited resolution, many fine
structures are degraded into observation noise. In contrast, the
thermal modality keeps a higher SNR and a relatively lower
LV, meaning that, for the same underlying scene (i.e., the same
label entropy H(Y)), thermal features are less affected by noise
and have a more stable relationship with Y. Although we do
not explicitly compute mutual information in our experiments,
these LV and SNR patterns qualitatively support the view that,
in central regions, the thermal modality provides more reliable
information about Y than the RGB modality, that is, I(T;Y)
is relatively larger than I(R;Y).

Based on this observation, our Gaussian-guided Regional
Balancing Masking (GRBM) can be seen as a spatially-aware
information gate. Instead of letting unreliable RGB features
in central regions dominate the fusion, GRBM applies a
Gaussian-shaped prior centered on the image to probabilisti-
cally mask RGB features and keep more thermal information
in these areas. This encourages the fusion function f(R,T) to
rely more on the thermal modality where the SNR is higher,
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Fig. 7. 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 [11] as the segmentation model. The spatial-weighted

loss is calculated based on the model’s predictions and the ground-truth labels.

especially in central regions. In this way, GRBM provides a
simple heuristic to improve the usefulness of the fused features
for prediction.

IV. THE PROPOSED METHOD
A. Method Overview

We use our findings to improve RGB-T semantic segmen-
tation. The overall framework of our method is illustrated in
Fig. 7. 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 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 [11]. Finally, we calculate our
designed spatial-weighted loss between model predictions and
the corresponding ground truth to improve the segmentation
performance.

B. Gaussian-guided Regional Balancing Masking (GRBM)

From our previous analysis, we have shown that segmenta-
tion performance in central regions is relatively inferior. Our
theoretical interpretation in Sec. III-C further posits that this
is due to central regions being a high-entropy space, where
the RGB modality is corrupted by noise while the thermal
modality offers more reliable 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 central 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 = 1, (6)

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

Given a pair of input RGB-T images (1,4, I;,) € RAXWX3 5
RA*XWXI we partition the images into N, X N, grids. N, and
N, are calculated by:

img img
ps I M=l

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:

N, =1

X

I )

. Ny e Ny
(1__2) +(J—7)
202
P

W(I’J) =eXp|— ’ (8)

where (i, 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 shown in Fig. 7,
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, j), 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, = Bernoulli(W(x, y)), 9
M,=1-M, (10)

where Bernoulli(-) represents the Bernoulli distribution, which
describes binary random events. If the input probability value
W(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 M, is
higher near edges.

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

gb?

(0, M) ifi=0
(Mygps My ), =4 (M,,0)  ifi=1, (11
(M. My)  ifi=2

where i € {0, 1,2} is a randomly sampled index. 0 represents
an all-zero matrix, indicating that no mask is used. This
stochastic selection of masking patterns is a critical component
for regularization [11]. 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:

Iy =0=M)OLy+My,0r,
Izlh =A-MOlL,+M,;0r,

12)
13)

where © denotes element-wise multiplication. 7 represents
a learnable mask token, 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. Following this,
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, particularly those employing cross-modal attention
(e.g., CMX [9] and CAINet [29]), 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 to
autonomous driving scenarios before the fusion stage. Our
motivation is to provide a segmentation network with more
reliable information, rather than relying on the network to learn
features that may have already been degraded by noise.

C. Spatial-Weighted Loss

The central regions of RGB and thermal images contain
more noise 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 noise, leading to degradation in the overall segmentation
performance (details of this conclusion are presented in the
experimental section). In contrast, we introduce a spatial
weighting mechanism to dynamically adjust the loss calcu-
lation for the edge regions of images, which encourages 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 = \/(y[ =¥+ (x; = x)%

where (x,, y.) represents the coordinates of the image center,
and (i,j) represents the coordinates of a pixel. Then, the
matrix d;; € [0,d,,,] is normalized and its range is linearly
transformed to map values to the interval [1,1 + a]:

ad;;
wij=1+d , (15)

max

(14)

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 I/Vimg Himg
£, = w; A[r log (Sigmoid(s, )
e I/Vimg X Himg ; ; HL "

+(1=1,))log (1 - Sigmoid(s, ) | (16)

where 7; ; represents the target mask matrix, s; ; represents the
prediction probability matrix, Sigmoid(-) denotes the Sigmoid
function. The weighted dice loss is calculated as:

Cwdice = 1=
I/Vimg Himg . .
2%, jol Wi O1;0 Sigmoid(s; ;)
I/Vimg Himg I/Vimg Himg 3 . ’
Yoot Xl w0+ X X 1w ; © Sigmoid(s; ;)

A7)

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 the theoretical
view, this weighting strategy serves as an effective regulariza-
tion technique. By reducing the influence of the high-noise,
high-complexity central regions during loss calculation, it
prevents the segmentation model from overfitting to unreliable



TABLE III
THE RESULTS (%) OF THE ABLATION STUDY ON STANDARD DEVIATION (c,)
IN GAUSSIAN DISTRIBUTION. VAR. IS THE VARIANCE OF IOU ACROSS ALL
REGIONS (aIon). MIOU 1S THE MEAN 10U CALCULATED PIXEL-WISELY
ACROSS ALL THESE REGIONS (NOT A MEAN VALUE OVER ALL PER-REGION

IoU;). THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

TABLE IV
THE RESULTS (%) OF THE ABLATION STUDY ON PATCH SIZE (PS) IN
COMPLEMENTARY MASKING GENERATION. VAR. IS THE VARIANCE OF IoU
ACROSS ALL REGIONS (alon). MIOU 1S THE MEAN 10U CALCULATED
PIXEL-WISELY ACROSS ALL THESE REGIONS (NOT A MEAN VALUE OVER ALL
PER-REGION I0U;). THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

oy IoU, IoU, ToUs; IoU, IoUs mloU Var. PS  IoU, IoU, IoU, IoU, IoUs mloU Var.
- 55.28 62.79 58.75 63.36 63.85 61.24 10.90 8 55.00 62.33 56.62 61.93 64.60 60.64 13.34
N, 57.88 61.89 59.11 60.40 61.15 60.38 2.06 16 55.04 61.23 58.81 62.61 63.44 60.53 9.18
Ny/2 55.87 62.88 59.38 60.94 63.21 61.14 7.19 32 5474 62.31 60.14 63.55 63.48 61.61 10.83
N,/4 5655 62.64 60.14 64.48 64.81 61.79 9.45 64  56.55 62.64 60.14 64.48 64.81 61.79 9.45
N,/8 54.77 62.73 59.19 60.57 62.80 60.54 8.73
Ny/16  54.87 62.18 57.95 61.26 64.44 60.82 11.29
N,/32 5407 6132 5883 6335 6356  60.63  10.34 1) MFNet Dataset: The dataset contains 820 pairs of day-

signals and encourages it to prioritize learning features from
the cleaner data at the edges. This method is similar to curricu-
lum learning strategies [64], 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 [11].

D. Region-Based Evaluation Metric

To examine whether there is spatial bias in the segmentation
results and measure 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. 2 (c), which partitions an image into K regions of equal
area R = {Rl, R,, ..., RK} from the center to edges. The IoU
for each region is calculated as follows:

[ TPe]| + [[FP|| + [|FN||

where TP, FP; and FN,, respectively represent the number of
true positives, false positives, and false negatives in region Ry.
By comparing the IoU results from different regions (IoU,),
we can determine whether there exists spatial bias. Moreover,
we can measure the degree of spatial bias by calculating the
variance of IoU across all regions in an image:

K

1
k=1

19)

1 vK
where pyy =% Diet I‘on re.present‘s the global mean IoU
across all regions. The increasing variance of the IoU across
all regions (0'120U) indicates more severe spatial bias in the
segmentation results, and vice versa.

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Datasets

In this study, we train and test our method using two
publicly available RGB-T semantic segmentation datasets for
autonomous driving applications.

time and 749 pairs of nighttime urban scene RGB-T images
with hand-labeled annotations. The resolution of the RGB-
T images is 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 [7], using
1568 pairs of images (including flipped images) for training,
392 pairs for validation, and 393 pairs for testing.

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. [65] annotate 503 pairs
of daytime and 447 pairs of nighttime RGB-T images, with 19
semantic classes identical to those in the Cityscapes dataset
[66]. We adopt the same dataset split method as CRM [11],
using 499 annotated pairs for training, 140 pairs for validation,
and 311 pairs for testing.

B. Implementation Details

We set the patch size PS = 64 in Eq. (7), the scaling factor
a =2 in Eq. (15), and the standard deviation o, = N,/4 in
Eq. (8), which is varying with the height of the images in the
training set. In Eq. (12) and Eq. (13), 7 is a learnable truncated
normal distribution, which is initialized with mean y = 0 and
standard deviation ¢ = 0.02.

We use the Swin Transformer [67] 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 107*. The
random color jitter, random horizontal flip, and random crop
are applied to both RGB and thermal images as the data
augmentation methods. Our proposed GRBM module is ap-
plied 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 computational cost. The
inference speed of our method is therefore identical to that of
the baseline CRM. On a single NVIDIA RTX 3090 GPU, our
method with a Swin-S backbone achieves 15.83 frame-per-
second (FPS) on the MFNet dataset and 15.72 FPS on the KP
dataset, respectively.

C. Ablation Study

1) Ablation on Gaussian-guided Regional Balancing Mask-
ing: To trade-off performance and model complexity, we use
the Swin-S transformer [67] as the backbone for our ablation



TABLE V
THE RESULTS (%) OF THE ABLATION STUDY ON SCALING FACTOR («) IN
SPATIAL-WEIGHTED LOSS. VAR. IS THE VARIANCE OF IOU ACROSS ALL
REGIONS (aIon). MIOU 1S THE MEAN 10U CALCULATED PIXEL-WISELY
ACROSS ALL THESE REGIONS (NOT A MEAN VALUE OVER ALL PER-REGION

IoU;). THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

a IoU, IoU, IoUy IoU, IoUs 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
25  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
TABLE VI

THE RESULTS (%) OF DIFFERENT SPATIAL WEIGHTING STRATEGIES ON THE
LOSS FUNCTION. VAR. IS THE VARIANCE OF IOU ACROSS ALL REGIONS
(O-IZOU)' MIOU 1S THE MEAN IO0U CALCULATED PIXEL-WISELY ACROSS ALL
THESE REGIONS (NOT A MEAN VALUE OVER ALL PER-REGION lOUi). THE
BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Focus  IoU, IoU, IoUy IoU, ToUs 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

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. (8), 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 distribution 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 concentrated. We set 6, = N,/ M ;,, where M ;, is an
integer, linking o, to the image height N . So, a smaller M,
results in a larger o), leading to slower weight decay away
from the center in the Gaussian distribution, while a larger
M ;;,, results in a smaller o, leading to faster weight decay
and a mask that is more concentrated in image central regions.
We set My, € {1,2,4,8,16,32}, and obtain the segmentation
results presented in Tab. III. The first row displays the baseline
method for comparison, which is CRM [11] with Swin-S as
the backbone.

We find that when 6, = N,/Mg;, with M;;, < 4, the
variance of the segmentation 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 6, = 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 IoU;, IoU,, and IoUs in the edge
regions are lower than those of the baseline method, resulting
in a significantly lower mlIoU for the whole image compared
to the baseline method. We find that when 6, = 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 mIoU for
the whole image is lower than that of the baseline method.
When ¢, = 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 mloU for the
entire image exceeds that of the baseline method. So, we select
6, = N,/4 as our optimal model.

We use Eq. (7) to generate grids from images, different grid
sizes can be obtained by varying the size of each patch. To
evaluate the impact of patch size on 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. IV.

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 informa-
tion, 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 segmentation results
across different regions is large. So, we select PS = 64 as our
optimal model.

2) Ablation on Spatial-Weighted Loss: In Eq. (15), the loss
function increases its focus on areas far from the center of the
image as the scaling factor a increases. To assess the impact
of @ on model performance, we compare the segmentation
results of models with different a values in Tab. V. Here,
a = 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, the mloU
of the images exceeds that of the baseline method. However,
their variance also increases compared with the baseline. This
aligns with our expectations of regularization. By relatively
down-weighting the noisy central regions, the model avoids
overfitting to unreliable cues. While the performance in the
center (Region 1) remains stable, the model learns more robust
features from the higher-quality edge regions (Region 5),
leading to an improvement in the overall mloU. This confirms
that the strategy effectively trades off local bias for global
robustness.

Tab. VI 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 focuses more
on image edge regions during training (as shown in the fourth
row of Tab. V). The third row adopts the opposite strategy
that focuses more on image central regions during training.

From the segmentation results, we can see that the model
that emphasizes image edge regions achieves an improvement
in IoUs and higher mIoU 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
accuracy (IoU)) than the baseline. This further validates that



TABLE VII
THE COMPARATIVE RESULTS ON THE MFNET DATASET. WE SHOW ACC (%) AND IoU (%) FOR EACH CLASS, AS WELL AS MACC (%) AND MIOU (%) ACROSS ALL THE CLASSES. ALL THE
RESULTS OF THE COMPARED METHODS ARE IMPORTED FROM THEIR ORIGINAL PAPERS. FOR SEGMIF, THE SYMBOL "-" MEANS THAT THE CORRESPONDING DATA ARE NOT AVAILABLE IN
THE ORIGINAL PAPER. THE RESULTS DEMONSTRATE THE EFFECTIVENESS OF OUR METHOD, WITH THE TOP TWO RESULTS IN EACH COLUMN HIGHLIGHTED RESPECTIVELY IN BOLD AND
UNDERLINE. THE PUBLICATION VENUE IS FOLLOWED BY THE PUBLICATION YEAR.

Method Venue Backbone 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
RTFNet [8] RAL’19 ResNet-152 93.0 874 793 703 768 627 60.7 453 385 298 0.0 00 455 291 747 557 63.1 53.2
SegMiF [32] ICCV’23 MiT-B3 963 878 896 714 812 632 635 475 667 311 - - 853 489 848 503 7438 56.1
CENet [2] RAL23 ResNet 920 858 789 70.0 749 614 648 468 398 293 657 87 541 478 771 569 718 56.1
CACFNet [30] TIV’23 ConvNeXt-B 959 892 93.6 695 820 633 740 466 490 324 458 79 698 549 821 583 767 57.8
EAEFNet [20] RAL23 ResNet-152 954 876 852 726 799 638 706 48.6 479 350 628 142 627 524 719 583 751 58.9
CMX [9] TITS 23 MiT-B2 922 894 813 748 734 647 635 473 388 301 363 81 533 524 677 594 673 58.2
CMNeXt [33] CVPR’23 MiT-B4 944 902 839 742 773 638 557 454 475 381 321 134 558 51.8 638 586 678 59.3
CAINet [29] TMM’24  MobileNet-V2 930 885 746 663 852 687 659 554 347 315 656 90 556 489 850 607 732 58.6
EGFNet [31] TITS 24 ConvNeXt 96.5 89.8 92.1 71.6 848 639 761 467 446 313 387 67 711 520 781 574 756 57.5
Swin-T 946 90.0 851 73.1 752 637 730 479 513 407 644 99 600 544 727 542 750 59.1
CRM [11] ICRA24 Swin-S 95.1 90.6 885 755 785 672 693 483 523 434 626 118 609 568 772 593 76.0 61.2
Swin-B 952 90.8 856 748 781 66.6 749 459 527 435 707 122 651 574 808 621 78.0 61.3
Swin-T 952 898 838 739 742 638 73.1 468 552 421 597 108 61.6 538 710 556 748 59.4
Ours Swin-S 952 903 859 749 780 669 681 483 60.1 476 531 158 621 562 808 609 758 62.1
Swin-B 95.0 902 851 740 831 642 679 479 711 551 711 422 580 527 818 573 791 64.6
TABLE VIII

THE COMPARATIVE RESULTS ON THE KP DATASET. WE SHOW 10U (%) FOR EACH CLASS, AS WELL AS MIOU (%) ACROSS ALL THE CLASSES. ALL THE RESULTS OF THE COMPARED METHODS

ARE IMPORTED FROM THEIR ORIGINAL PAPERS. THE SYMBOL

MEANS NOT APPLICABLE. THE RESULTS DEMONSTRATE THE EFFECTIVENESS OF OUR METHOD, WITH THE TOP TWO RESULTS IN

EACH COLUMN HIGHLIGHTED RESPECTIVELY IN BOLD AND UNDERLINE. THE PUBLICATION VENUE IS FOLLOWED BY THE PUBLICATION YEAR.
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Method Venue Backbone & 7] @ 3 = ~ = = > = 7 A & 9} = /a = = 3 mloU
MFNet [7] IROS’17 - 935 236 751 00 0.1 9.1 0.0 00 693 02 904 240 00 696 03 03 0.0 00 0.6 24.0
RTFNet [8] RAL'19 ResNet-152 946 394 86.6 0.0 0.6 0.0 0.0 0.0 81.7 3.7 92.8 584 0.0 87.7 0.0 0.0 0.0 0.0 0.5 28.7
CMX [9] TITS 23 MiT-B4 977 538 902 0.0 47.1 462 109 45.1 872 343 935 745 0.0 916 00 597 00 46.1 0.2 46.2
Swin-T 98.8 564 89.0 00 623 541 312 312 843 232 944 836 00 947 00 777 00 514 407 51.2
CRM [11] ICRA24 Swin-S 988 607 921 00 604 551 31.1 532 8.1 277 950 814 177 952 11 833 00 499 423 54.4
Swin-B 990 618 918 00 587 506 39.1 554 892 232 943 852 29 953 00 805 00 662 546 551
Swin-T 98.7 550 913 00 638 535 294 509 879 228 948 822 0.0 950 0.1 832 00 480 38.1 52.3
Ours Swin-S 989 626 916 00 572 514 394 523 883 243 948 845 206 956 0.0 849 00 493 477 549
Swin-B 988 61.0 926 00 668 587 42.0 503 901 361 953 850 392 953 00 774 00 526 388 56.8

the spatial bias in the segmentation results is caused by
higher complexity of the target objects in the image central
regions. With inferior image quality, there is a large amount
of noise 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. V as our best model.

D. Comparative Study

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

1) Evaluation on MFNet Dataset: We select Swin-T, Swin-
S, and Swin-B [67] as the backbones for our semantic seg-
mentation network and compare our network with RTFNet [8],
SegMiF [32], CENet [2], CACFNet [30], EAEFNet [20], CMX
[9], CMNeXt [33], CAINet [29], EGFNet [31], and CRM [11].
The results are shown in Tab. VIIL.

Note that several state-of-the-art methods, such as CMX [9]
and CAINet [29], employ sophisticated cross-modal attention
mechanisms to dynamically learn feature fusion. By employing
a simpler max-operation fusion compared to these complex
modules, our method achieves significantly better segmen-
tation performance for some rare classes (e.g., Car Stop

and Guardrail), as well as a higher mloU. Notably, with
the stronger Swin-B backbone, our method achieves a new
state-of-the-art mloU of 64.6%, outperforming the baseline
CRM (61.3%) by a significant margin of 3.3%. Specifically,
our method with Swin-B achieves superior performance on
challenging classes such as Guardrail, improving the IoU
from 12.2% to 42.2%. This improvement indicates that our
method effectively preserves details that are often lost by the
other methods, validating the effectiveness of our method.

2) Evaluation on KP Dataset: We select Swin-T, Swin-
S, and Swin-B [67] as the backbones for our semantic
segmentation network, and compare them with MFNet [7],
RTFNet [8], CMX [9], and CRM [11]. As shown in Tab. VIII,
our method achieves higher mloUs than CRM when using
the same backbones. Specifically, our method with Swin-B
achieves significant advantages in most classes, especially in
improving the IoU of the challenging Rider class by 21.5%.

3) Qualitative Demonstrations: Fig. 8 and Fig. 9 qual-
itatively compare the segmentation results of our method
and CRM [11] on the MFNet [7] and KP [65] datasets,
respectively. The white boxes in Fig. 8 and Fig. 9 highlight the
superior performance of our method over CRM in the image
central regions.

For the results on the MFNet dataset, the first row shows
that only our method with Swin-S successfully detects the
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Fig. 8. Sample qualitative demonstrations for RGB-T semantic segmentation on MFNet [7] dataset. From left to right: RGB images, thermal images, ground-
truth labels, results of CRM with the Swin-T backbone, results of our method with the Swin-T backbone, results of CRM with the Swin-S backbone, results

of our method with the Swin-S backbone.

RGB Thermal Ground Truth
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Fig. 9. Sample qualitative demonstrations for RGB-T semantic segmentation on the KP [65] dataset. From left to right: RGB images, thermal images,
ground-truth labels, results of CRM with the Swin-T backbone, results of our method with the Swin-T backbone, results of CRM with the Swin-B backbone,

results of our method with the Swin-B backbone.

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 better performance
in addressing this issue. 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 dif-
ferentiates 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 visualized semantic seg-
mentation results, we can conclude that our method effectively
mitigates spatial bias in the segmentation results, enhances the
segmentation performance of challenging classes in the central
regions, and reduces false positives.

Despite the effectiveness of our method, it still has limi-
tations. As indicated in Tab. VIII, our performance for the
Motorcycle class on the KP dataset is lower than the
baseline CRM with the same backbone. This is also illustrated
in the fourth row of Fig. 9. For very small and complex
objects, such as the motorcycle highlighted in the white boxes,
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 challenge 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.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we identified the spatial bias problem in
RGB-T semantic segmentation for autonomous driving. We
discussed the relationship between spatial bias and class imbal-
ance, highlighting their differences, and conducted a detailed
analysis on the reasons for spatial bias. According to our
experiments, spatial bias is related to the complexity of target
objects and the varying image quality across different regions.
To alleviate spatial bias, we proposed the GRBM method,
which better leverages thermal images in image central re-
gions. This is because thermal images in the central regions
typically exhibit better image quality and lower complexity.
In addition, we designed a spatial-weighted loss to enhance
the model’s attention to areas farther from image central
regions with fewer noise, further boosting its performance.
The experimental results demonstrate that our method achieves
competitive performance compared with state-of-the-arts on
both 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 in autonomous driving. However,
we believe that the proposed analytical framework for spatial
bias would still be 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 limita-
tions. For example, the use of real-world data does not allow
us to isolate variables for analysis. So, 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 enhancement 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 promising
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.
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