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Abstract—Multimodal data can effectively improve the accu-
racy and robustness of traditional RGB image semantic seg-
mentation. However, the redundant information between cross-
modal data hinders the complementary information mining
of each modality. And the data misalignment between modes
will aggravate the above effects. In this paper, we propose a
complementary information mining network (CIMNet) for RGB-
Thermal (RGB-T) semantic segmentation. We comprehensively
consider the link between the difficulty of redundant information
mining and modality misalignment. Through mutual information
minimization and adaptive update of modality bias, we achieve
more accurate and robust segmentation performance in complex
environments. Specifically, we introduce a complementary infor-
mation promotion and amplification (CIPA) module via mutual
information minimization and channel attention mechanism to
prevent a multi-modality network from focusing on redundant
information and amplify the informative cross-modality features.
Then, we design a spatial-channel sequential feature rectification
(SCSFR) module with adaptive offset modeling to calibrate the
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modality misalignment features. Extensive experiments on public
datasets demonstrate that our CIMNet outperforms other state-
of-the-art (SOTA) methods in terms of objective metrics and
subjective visual comparisons. The code will be accessible at
https://github.com/KustTeamWQW/CIMNet.

Index Terms—RGB-T semantic segmentation, cross-modality,
feature rectification, mutual information minimization.

I. INTRODUCTION

SEMANTIC segmentation, as a high-level task in computer
vision, aims to perform pixel-level classification of objects

and backgrounds within an image. It plays an indispensable
role in numerous applications requiring high precision and
reliability, such as autonomous driving [1], [2], medical di-
agnosis [3], disaster rescue [4], [5]. Recently, benefiting from
the evolution of deep neural networks (DNN) [6], semantic
segmentation has been greatly promoted in the development
of datasets [7]–[9] and methods [10]–[12], with a special
focus on RGB modality. More recently, new attention has
turned to RGB-T images, as the thermal modal can provide
complementarity to the RGB modal. For instance, cases with
low-illumination conditions are difficult to detect by RGB but
can be captured by thermal modality [13], [14], as shown in
Fig. 1.

RGB and thermal sensors image the observation scene
from different information dimensions, the generated RGB and
thermal images contain both complementary and redundant
information of the observation scene as illustrated in Fig. 1.
Specifically, RGB images generally have high spatial resolu-
tion, considerable details and significant chiaroscuro but are
susceptible to light conditions [15]. thermal images, depicting
the thermal radiation emitted by the observed scene, are known
for their resistance to illumination changes. However, they
often suffer from low resolution and lack texture. Additionally,
the combination of RGB and thermal images inevitably comes
with extensive redundant information, such as shared shape
characteristics in daytime or common invalid information in
nighttime. Similar phenomenon could be observed in the
extracted abstract feature space as shown in Fig. 2.

Multi-modal learning allows for more accurate represen-
tation and perception by integrating the complementary in-
formation from each modality. However, the redundant infor-
mation between cross-modal data hinders the complementary
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Fig. 1. RGB and thermal image pairs under different lighting conditions. The
images in the first and second columns are taken under well-lit conditions.
The third and fourth columns show images captured under poor visibility
conditions (darkness and glares of oncoming headlights, respectively). In dif-
ferent lighting scenarios, RGB and thermal images can provide supplementary
information for scene perception from different information dimensions but
will also contain redundant information.

Fig. 2. Feature maps of RGB and corresponding thermal images. We first
adopt ResNet50 as the feature extraction network to obtain RGB and thermal
feature maps respectively. Then, we select some RGB and thermal feature
maps for comparison and find that they contain common as well as unique
features. While the primary purpose of multi-modality learning is mining
complementary information contained in different modalities, the presence of
redundant information will violate this initial intention. We design a mutual
information minimization regularization to reduce the negative effect of the
redundant information for RGB-T semantic segmentation.

information mining. The key to RGB-T semantic segmen-
tation is the fusion strategy of complementary information
(foreground target) across RGB and thermal modalities [18]–
[20]. However, the complementary and redundant information
(background noise) often coexist tightly. Existing methods
[21]–[23] typically prioritize the utilization of complementary
information while overlooking the impact of redundant infor-
mation. As shown in Fig. 3, redundant features weaken the
discriminative representation capability, consequently leading
to unreliable prediction. Specifically, background redundant
noise (low illumination, blurring, overexposure, etc.) affects
the model’s performance [24], [25]. Some methods [26]–
[28] utilize a multilabel supervision strategy for finer-edge
segmentation results but introduce additional complexity.

In addition, due to the differences in the field of view
and resolution as well as blur under high-speed sensor/scene
motions, the alignment challenge between RGB and thermal
images continues to pose difficulties [29], [30]. To be specific,
when pairs of RGB and thermal images are overlapped to-
gether as shown in Fig. 4, one can observe that the alignment

Fig. 3. The heatmap visualization of individual modality features and fused
features from the Kust4K [16] dataset and the MFNet [17] dataset. Redundant
features result in weakened modality-specific discriminative representations
after feature fusion, which is bidirectional, as highlighted by the red boxes.
(a) Under dark-night conditions, RGB images fail to provide sufficient target
information. (b) Thermal images lack rich color cues present in RGB images,
such as the “white car” and “red color cone”.

Fig. 4. Examples illustrating the weak alignment issue between RGB and
thermal image pairs from the Kust4K [16] dataset and the MFNet [17] dataset.
Due to spatial misalignment caused by sensor heterogeneity and viewpoint
discrepancies, corresponding objects in RGB and thermal modalities exhibit
positional offsets and structural inconsistencies, as highlighted by the red
boxes. These misalignments pose significant challenges for effective cross-
modal feature interaction and semantic correspondence learning.

between pixels in the RGB image and their corresponding
counterparts in the thermal image is not flawless. Under
this circumstance, directly fusing RGB and thermal features
will cause feature disagreement [31]. To date, most previous
research [21], [22], [32] on RGB-T semantic segmentation
has barely fused the images with consideration of the feature
disagreement, thus leading to inadequate utilization of cross-
modal complementary features.

In this paper, we introduce a framework called the Comple-
mentary Information Mining Network (CIMNet) to tackle the
aforementioned challenges in RGB-T semantic segmentation.
To be specific, in order to mitigate the inhibiting effect
of redundant information on the mining of complementary
information, we design a complementary information pro-
motion and amplification (CIPA) module to explicitly model
and measure the redundant information between RGB and
thermal images through mutual information and minimize it
as a model constraint. Furthermore, based on the enhanced
modalities’ complementary features, CIPA provides reliable
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offset modeling for subsequent modality misalignment cor-
rection. Then, a spatial-channel sequential feature rectification
(SCSFR) module is employed for weak alignment feature
correction. Based on the initial offsets from the CIPA module,
the SCSFR recalibrates misaligned features through spatial-
and channel-wise operations and adopts deformable convolu-
tion to realize adaptive layer-wise offset updates, ultimately
generating stable fused feature representations [33]. our CIM-
Net achieves more comprehensive and accurate mining of
complementary information [34]. Qualitative and quantitative
evaluations conducted on both the MFNet [17], [35] dataset
and Kust4K [16] demonstrate the superiority of the CIMNet
framework over other SOTA methods. Ablation studies also
confirm the effectiveness of the proposed components.

The main contributions of this paper can be summed up as
follows.

1) We are the first to attempt to jointly address the issues
of complementary information extraction and modality
misalignment in complex RGB-T scenes.

2) We have designed the CIPA module and SCSFR module
to collaboratively tackle these two challenges. The CIPA
module enhances complementary information and re-
duces redundant noise through mutual information min-
imization, while providing reliable prior knowledge for
subsequent modality weakly aligned feature correction.
The SCSFR module, based on deformable convolution,
effectively alleviates the modality weak alignment prob-
lem via dynamic layer-wise offset update.

3) We have conducted in-depth research and analysis, based
on statistical data, feature heatmap visualisation and
other methods, aims to provide future researchers with
novel insights into modality failure and misalignment
issues in RGB-T semantic segmentation from UAV
perspectives.

II. RELATED WORK

This section reviews relevant works to what this paper has
done, including RGB, RGB-T image semantic segmentation
and multi-modal learning with mutual information constraint.

A. RGB Image Semantic Segmentation

Semantic segmentation can be considered as an expansion
of image classification, transitioning from the image level to
the pixel level. Since the fully convolutional network (FCN)
[36]–[38] makes dense predictions at the pixel level through
an end-to-end and pixel-to-pixel fashion, deep learning-based
semantic segmentation methods have ushered in a spurt of
development. Standing on the “shoulders” of FCN, researchers
have been endeavoring to augment it from different aspects.
Producing precise object boundary prediction is substantial for
semantic segmentation. To this end, other efforts are made
to introduce boundary information for enhancing boundary
details [39]–[41]. As well, researchers found that contextual
dependencies are significant and committed to refining the
contextual priors [42] to harvest a clear discrimination between
intra-class and inter-class context. Recently, with the great suc-
cess of vision transformers (ViT) [43], [44], Segmenter [10],

[45] and Segformer [11] by treating semantic segmentation
as a sequence-to-sequence dense prediction task, they have
successfully employed vision transformer as the backbone
for semantic segmentation. MaskFormer [46] revolutionizes
traditional semantic segmentation methods by replacing per-
mask classification with a per-pixel classification mechanism,
achieving finer segmentation results through layer-by-layer
optimization via transformers. Mask2Former [47] confines
attention within the mask area to extract corresponding local
features, and mask attention mitigates the slow convergence
issue typically seen with transformers in semantic segmen-
tation tasks. Mask DINO [48] generates the anchor through
query initialization, which serves as the pre-knowledge of
the decoder for more accurate segmentation. Although these
methods have demonstrated satisfactory segmentation perfor-
mance, the majority of them primarily rely on RGB images.
However, segmentation performance may be compromised in
scenarios where RGB images are unable to provide sufficient
information, such as low illumination conditions and high
dynamic scenes. In this study, we address this limitation by
proposing a cross-modal semantic segmentation approach that
leverages the complementary information provided by thermal
images.

B. RGB-T Semantic Segmentation

Due to the limitations of single RGB modality in adapting
to the changing complex scenes, MFNet [17] first introduces
thermal images in semantic segmentation tasks, this integration
of thermal images has been proven to significantly enhance the
model’s segmentation accuracy and generalizability. RTFNet
[49] and FuseSeg [50] progressively fuse RGB and ther-
mal features using element-wise addition and channel-wise
concatenation, respectively. FEANet [51] and MFFENet [52]
concurrently extract multi-level features from RGB-T image
pairs in both channel and spatial dimensions. The above
methods lack interactions between modalities, which might
result in insufficient utilization of long-range dependencies and
complementary information between modalities. Therefore,
many methods attempt to introduce various feature interac-
tion and fusion techniques. GMNet [26], IAFFNet [53] and
CAINet [27] adeptly fuse RGB and thermal features, merging
both low-level details and high-level semantic information.
AGFNet [54] adopts a cross-modal adaptive gated-attention
fusion (CAGF) module to fuse RGB and thermal features,
which fully explores the complementarity between the two
modalities through gated attention. An uncertainty estimation-
driven technique, named UTFNet [55], was designed for dy-
namically assessing the fusion across modalities. ABMDRNet
[56], and MDRNet+ [57] strive to adaptively select distinctive
multimodal features by bridging the semantic gap between
RGB and thermal modalities. Lately, various attention-based
methods have shown promising results for RGB-T semantic
segmentation. MFTNet [58] utilizes an attention mechanism
to integrate information related to inter-modal correlations and
complementarities. CMX [21] implements a cross-attention-
based inter-modal rectification mechanism to calibrate discrim-
inative information across modalities. SpiderMesh [23] has
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designed a dynamic attention mechanism guided by spatial
awareness demands to adjust modal weights. In addition, the
recent Mamba-based RGB-T semantic segmentation methods,
Sigma [32] and CM-SSM [59], utilize a state-space model and
a selective scanning mechanism. Mamba-based methods have
achieved better performance compared to Transformer-based
methods while reducing model complexity.

C. Multi-modal Learning with Mutual Information Constraint

The principle of InfoMax serves as a driving force for
effective representation learning by maximizing mutual infor-
mation. Empirical evidence provided in the studies [?], [60]–
[62] sheds light on the connection and potential applications in
three main aspects. Firstly, it explores the relationship between
global features and local features within the same image.
Secondly, it investigates the utilization of multiple views from
different image modalities capturing the same scene. Lastly, it
examines the sequential component of the data and its impact
on representation learning. Following that, a study conducted
by Zhang et al. [63] introduced mutual information minimiza-
tion as a means to facilitate explicit multi-modal information
learning between RGB images and depth data. Additionally,
Sanghi et al. [64] aimed to enhance the representations by
maximizing the mutual information between 3D objects and
their geometrically transformed versions. Zhou et al. [65]
introduced the mutual information minimization between PAN
and MS modalities to encourage multi-modal learning. Wang
et al. [25] designed a mutual information module to weaken
the influence of redundant information on complementary
information fusion for RGB-T object detection. However, the
redundancy information naturally exists in RGB-T semantic
segmentation task as well and leads to insufficient comple-
mentary information mining. To this end, we introduce the
mutual information minimization between RGB and thermal
modalities to encourage multi-modal complementary informa-
tion learning for RGB-T semantic segmentation.

III. PROPOSED METHOD

A. Architecture Overview

The overall framework of the proposed CIMNet is depicted
in Fig. 5. We employ two distinct backbones to extract the
features of the RGB and thermal input images separately.
Redundant information contained in multimodal data will
weaken the role of complementary information during cross-
modal feature fusion [66], [67]. Therefore, we propose placing
a CIPA module behind the first feature extraction layer. This
will preserve more complementary information and highlight
the modality-aware features for subsequent information inter-
action processes, via the mutual information minimisation con-
straint and channel attention mechanism. Meanwhile, a high-
performance feature fusion requires the cross-modal image
pair to be well aligned, but it’s hard to be accomplished in
most cases [68].

For this problem, we design an SCSFR module to rectify
the misaligned features coming from the two modalities, and it
will be assembled between two adjacent stages of backbones.
This ensures that both rectified features are forwarded to the

Fig. 5. The overall structure of the proposed CIMNet. The inputs are a pair of
RGB and thermal images. We first feed the outputs of RGB-L1 and thermal-L1
to CIPA module to make the features from each mode more complementary.
Then, each pair of feature maps are recalibrated by an SCSFR module and
propagated to the next stage of the encoder for further feature transformation.
In each stage, we use FFM to fuse the recalibrated features of each mode.
The fusion results of each stage would be propagated to the segmentation
decoder, and we would obtain our final segmentation result.

next stage, thereby reducing feature discrepancies. Addition-
ally, a two-stage feature fusion module (FFM) is employed
to merge the features from RGB and thermal streams into a
unified feature map. The feature maps at different levels are
then transformed by a segmentation decoder network into a
final segmentation map.

B. CIPA

We build the RGB-T feature encoder upon two parallel
ResNet101 networks, which include four convolution stages
f L1; L2; L3; L4g. We place our CIPA module after L1 to
reduce the redundant information from RGB and thermal
feature extraction streams. The specific structure of the CIPA
module is shown in Fig. 6. Our objective is to map the RGB
and thermal features to a lower-dimensional space, allowing
for feature embedding and mutual information calculation.
We particularly feed the RGB features FRGB and thermal
features FT h to two different 3×3 convolution layers and then
adopt two fully connected layers to map them to two lower-
dimensional feature vectors Vr and Vt . After that, we regard
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Fig. 6. The structure of the proposed CIPA module. We first squeeze the input RGB and thermal feature maps into two lower-dimensional feature vectors
and treat them as two information distributions. Then, we measure the redundant information between RGB and thermal features by calculating the mutual
information of the two information distributions, and we add it to the loss function to minimize it, which means the redundant information of the extracted
RGB and thermal features will be reduced during the training process. Finally, we adapt a channel attention strategy for both RGB and thermal branches to
further preserve their discriminative modality-aware features.

them as two random variables and measure the difference in
the entropy terms by using mutual information M I :

M I (Vr ; Vt ) = H (Vr ) + H (Vt ) � H (Vr ; Vt ) ; (1)

where H(:) is the entropy, H (Vr ) and H (Vt ) are marginal
entropies, and H (Vr ; Vt ) is the joint entropy of Vr and Vt .
In an intuitive manner, the Kullback-Leibler (KL) divergence
between the two latent variables can be expressed as:

KL (Vr kVt ) = H Vt (Vr ) � H (Vr ) ; (2)

KL (Vt kVr ) = H Vr (Vt ) � H (Vt ) ; (3)

where H Vr (Vt ) = �
P

x Vt (x) log Vr (x) is the cross entropy.
We then sum (1), (2) and (3), and obtain:

M I (Vr ; Vt ) = H Vt (Vr ) + H Vr (Vt ) � H (Vr ; Vt )

� KL (Vr kVt ) � KL (Vt kVr ) :
(4)

Then, in the training process, the redundant information
between RGB and thermal features can be reduced by mini-
mizing the mutual information. Therefore, we define a mutual
information loss function as:

L mi = M I (Vr ; Vt ) ; (5)

With the mutual information as a regularization, we achieve
the promotion of complementary RGB and thermal features,
FRGB and FTh. To further harvest the complementary infor-
mation from each modality, we adopt a channel attention
mechanism to spotlight the discriminative RGB and thermal
features, respectively. We redefine the optimized RGB and
thermal features as F 0

RGB and, F 0
Th respectively. We first apply

global average pooling and 1D convolution on w1 and w2
respectively to get two vectors:

w1; w2 = C1D(GAP ( F 0
RGB ; F 0

T h )) ; (6)

where GAP indicates global average pooling and C1D in-
dicates 1D convolution. Then, the channel attention weights
wRGB and wT h are obtained by adopting a sigmoid function
on w1 and w2 respectively:

wRGB ; wT h = � (w1; w2) ; (7)

where � denotes the sigmoid function.
Finally, the more informative complementary RGB features

and thermal features are obtained by performing an element-
wise product on the optimized features and channel weights:

F 00
RGB = F 0

RGB 
 wRGB ; (8)

F 00
T h = F 0

T h 
 wT h ; (9)

where 
 denotes channel-wise multiplication. After passing
through the CIPA module, the RGB and thermal features
are processed to reduce redundant information and focus on
modal complementary information. Then, the offset � 0

of fset is
generated via a fusion layer, serving as prior knowledge for
the SCSFR module to correct misalignments:

� 0
of fset = f mlp (F 00

RGB jjF 00
T h ); (10)

where jj denotes the feature matrix concatenation operation
along the channel dimension.

C. SCSFR

To modify the feature disagreement for weakly aligned RGB
and thermal image pairs, we introduce a novel SCSFR module
whose structure is shown in Fig. 7. At each stage of the feature
extraction process, this module facilitates feature rectification
between parallel streams. Different from the cross-modal
feature rectification module proposed in [21], [69], which
calibrates the input multi-modal features in spatial-wise and
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Fig. 7. The structure of the proposed SCSFR module. Our SCSFR module first handles the input RGB and thermal features with the spatial-wise feature
rectification. Then, it performs the channel-wise feature rectification on the features which have been rectified in the spatial-wise rectification step.

channel-wise independently, we argue that the calibration in
different dimensions should be associated. The core insight is
that spatial- and channel-wise rectifications can be regarded
as offset-based adjustments to mitigate cross-modal feature
inconsistency at corresponding positions. If horizontal and
vertical offsets are directly applied to initial input features
via element-wise summation, the intrinsic correlation between
dimensional calibrations will be overlooked. In contrast, the
SCSFR module implements spatial- and channel-wise recti-
fication in a sequential manner, thereby explicitly capturing
and leveraging the correlation between different dimensional
adjustments. Moreover, building on the reliable initial offsets
generated by the CIPA module, the SCSFR module adopts
deformable convolution to realize adaptive layer-wise offset
updates - further refining misaligned features and ultimately
yielding stable fused feature representations.

The outputs (F 00
RGB ; F 00

T h ; � 0
of fset ) of the CIPA module will

serve as the input to the first layer of the SCSFR module.
We first concatenate two modalities’ input features FRGB in 2
RH � W � C and FT h in 2 RH � W � C . And dimensionality re-
duction is conducted via a 1×1 convolution operation, resulting
in a multimodal fusion matrix F 2 RH � W � C :

F = Conv 1� 1 (FRGB in jjFT h in ) : (11)

Based on the deformable convolution in DCN V2 [70], we
perform offset compensation and adaptive alignment on the
RGB and thermal complementary features within the multi-
modal fusion matrix F :

Faligned =
X

pk 2 R

w(pk ) � F (p + pk + � pk ); (12)

where R denotes the sampling range of the deformable con-
volution kernel; pk represents the k-th sampling point relative
to the sampling center within the sampling range R; w(pk )
is the weight coefficient of the deformable convolution kernel
at the sampling point pk ; � pk is the learnable offset at the
k-th sampling point and � of fset can be regarded as the prior
knowledge for � pk .

For the first layer of SCSFR module, we adopt the offset
� 0

of fset generated by the CIPA module as the reference. The

offsets for each subsequent layer are generated by the previous
SCSFR layer:

� n
of fset = � pk = Conv(F )[p + � n � 1

of fset ]: (13)

Then, a spatial mapping operation consists of two 1×1
convolution layers assembled with the RELU function, and
it applies a sigmoid function to obtain the embedded feature
map. Finally, we split the embedded feature map into two
weight matrices. The formulation for acquiring the spatial
weight matrix is as follows:

wS
RGB ; wS

T h = f split (� (Conv1� 1(Faligned ))) ; (14)

where � denotes the sigmoid function and f split denotes the
separation operation along the channel dimension. The spatial-
wise rectification is formulated as:

FRGB S
rec

= wS
T h � FT h in ; (15)

FT h S
rec

= wS
RGB � FRGB in ; (16)

where � denotes pixel-wise multiplication. Then, the spatial-
wise rectification features can be formulated as:

FRGB S
out

= FRGB in + � sFRGB S
rec

; (17)

FT h S
out

= FT h in + � sFT h S
rec

; (18)

where � s is a learnable hyperparameter for balanced learning.
� s is initialized to 0.5.

As the spatial-wise feature rectification concentrates on
learning spatial offset weights, we further sequentially process
channel-wise rectification based on the spatial-wise rectifi-
cation results FRGB S

out
and FT h S

out
. Specifically, we first

apply both global max pooling and global average pooling to
FRGB S

out
and FT h S

out
, respectively, and concatenate the four

resulting vectors. As a result, get P 2 R4C . Then, a channel
mapping function is applied to map P into two channel
weights. The channel mapping first applies an MLP followed
by a sigmoid function to obtain the weights wC 2 R2C from
P 2 R4C . Then it splits wC into wC

RGB 2 RC and wC
T h 2 RC :

wC
RGB ; wC

T h = Fsplit (� (Fmlp (P))) ; (19)
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TABLE I
COMPARISON OF THE EXISTING SEMANTIC SEGMENTATION DATASETS. T STANDS FOR THERMAL MODALITY. THE RESOLUTION DENOTES THE

MAXIMUM RESOLUTION OF IMAGES INCLUDED IN THESE DATASETS

Dataset Scenario Modality #Images Categories Resolution Public Year
Pascal VOC [7] daily life RGB 11,530 20 256×256 2012
CitySpace [8] urban RGB 5,000 30 1024×1024 2016
ADE20K [9] daily life RGB 25,210 150 1024×1024 2018

UDD [71] urban RGB 4,044 5 4000×3000 2018
UAVid [72] urban RGB 300 12 4096×2160 2020
MFNet [17] urban RGB-T 1,569 9 640×480 2017
Pst900 [73] cavern RGB-T 894 5 1280×720 2020

KP [74] urban RGB-T 950 19 640×512 2021
Kust4K urban RGB-T 4,024 9 640×512 2025

where Fmlp denotes the MLP network, � denotes the sigmoid
function, and Fsplit refers to the split operation. And the
channel-wise rectification is formulated as:

FRGB C
rec

= wC
T h 
 FT h S

out
; (20)

FT h C
rec

= wC
RGB 
 FRGB S

out
; (21)

where 
 denotes channel-wise multiplication. The complete
arrangement of the rectified features for both modalities,
denoted as FRGB out and FT h out , can be described as follows:

FRGB out = FRGB S
out

+ � cFRGB C
rec

; (22)

FT h out = FT h S
out

+ � cFT h C
rec

; (23)

where � c is a learnable hyperparameter for balanced learning.
� c is initialized to 0.5.

D. Feature Fusion

Once the feature maps are obtained at each layer, a two-
stage FFM is employed to promote information interaction
and merge the features from the two modalities into a unified
feature map. In the first stage, the two branches are preserved,
and a cross-attention mechanism is devised to facilitate global
information exchange between the branches. Subsequently, the
outputs of these branches are concatenated. In the second
stage, the concatenated feature is resized to its original di-
mensions through a mixed channel embedding process.

E. Segmentation Decoder

Since our segmentation network architecture is still a tra-
ditional encoder-decoder structure, any design of decoder
proposed in a classic segmentation network can be adopted
in our model [75]. In this work, we choose MLP-decoder
[60] with an embedding dimension of 512 as the segmentation
decoder.

F. Loss function

With the mutual information constraint, our final loss func-
tion is:

L = L ce + � L mi (24)

where L ce is the cross-entropy loss. Since the range of L mi is
10 times larger than L ce, we set a learnable hyperparameter �
for the weight of mutual information loss. � is initialized to
0.1 for balanced learning.

IV. KUST4K DATASET

A. Data splits

Kust4K [16] dataset contains 4024 RGB-T image pairs
(2514 taken during daytime and 1510 taken during nighttime).
Eight classes of key objects encountered in road scenes, road,
building, motorcycle, car, truck, tree, human and traffic facil-
ities. The detailed comparison with existing RGB-T semantic
segmentation datasets and other related benchmark datasets are
shown in Table I. The statistical distribution of the number of
pixels in each category is depicted in Fig. 9. According to
different illumination levels, Kust4K [16] dataset is divided
into 3 lighting scenarios: Day, Night, and Dark night, each
containing 2514, 857, and 653 RGB-T image pairs. We divided
this dataset into training, testing, and validation sets, each
containing 70%, 20%, and 10% of the day and night image
pairs, respectively.

B. Modal Failure Simulating

In addition, to further investigate the impact of modality
failure on the segmentation performance of different models,
we manually introduced noise to some RGB and thermal
images in the dataset. Specifically, we simulated thermal
camera overexposure by applying Gaussian blur to the thermal
images, and we simulated no-illumination nighttime conditions
by setting all pixel values to 0 in the RGB images, as shown
in Fig. 10. In addition, to more evenly learn from modality
failure samples, we divided the modality failure images in the
Kust4K dataset according to the ratio of training, testing, and
validation sets. The training set, testing set, and validation set
contain 844 pairs, 242 pairs, and 120 pairs of modality failure
images, respectively.

C. Statistics of Misalignment

Besides, we manually calculated the offset between RGB
and thermal sample pairs in the Kust4K dataset, including both
static and dynamic offsets:

Static offset: Static offset occurs due to the poor perfor-
mance of image registration algorithms, which fail to achieve
strict alignment of static objects between the two modalities,
such as stationary objects in the scene like buildings, parked
vehicles, etc.

Dynamic offset: Dynamic offset arises because of the fast
movement of objects in the scene, combined with the differing

This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2026.3654044

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Greenwich. Downloaded on January 20,2026 at 17:23:49 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. XX, NO. XX, X 202X 8

Fig. 8. Examples from Kust4K dataset. The first and second rows show
the RGB and thermal images captured by the dual light pod with RGB and
thermal cameras. The third row shows the corresponding human-annotated
per-pixel labels.

Fig. 9. The percentage of the number of pixels of each class in Kust4K
dataset.

imaging speeds of the RGB and thermal cameras. This causes
misalignment of the same object in both modalities, such as
cars, motorcycles, etc.

Fig. 11(a) shows the proportion of weakly aligned RGB-
thermal sample pairs, while Fig. 11(b) presents the statistical
distribution of offsets along the X- and Y-axes. The static offset
values mostly remain within the range of 0 to 10 pixels, while
the dynamic offset values are considerably larger, primarily
due to the rapid movement of objects in the scene. The fast-
moving objects in urban road scenes and the differences in
imaging time between the RGB and thermal sensors make it
challenging for the registration algorithm to align scene objects
strictly. This introduces significant challenges for RGB-T
semantic segmentation tasks.

V. EXPERIMENT RESULTS AND ANALYSIS

A. Experimental Settings

Datasets: We conducted experiments on two publicly avail-
able RGB-T semantic segmentation datasets, MFNet [17] and
Kust4K [16]. MFNet encompasses eight manually labeled
object classes and one unlabelled background class and com-
prises a total of 1569 pairs of RGB and thermal images,
with 820 captured during daytime and 749 acquired during
nighttime. Following the dataset splitting scheme proposed in
[17], the training set comprises 784 pairs of images, while
the test set encompasses 393 pairs of images. For detailed
information about the Kust dataset, please refer to Section IV.

Evaluation Metrics: Same as previous RGB-T semantic
segmentation works [51], [76], we employ mean intersection
over union (mIoU) as evaluation metrics to assess the perfor-
mance of our CIMNet and other methods. mIoU is the average

Fig. 10. Examples of a failure in RGB or thermal modality in Kust4K
dataset. (a) shows the thermal modality fails because the thermal images are
severely affected by noise. (b) displays the RGB modality fails because of
total darkness. We have summarized them as a subset in Kust4K dataset to
facilitate further research.

Fig. 11. The statistics of misalignment in Kust4K dataset. (a) shows the ratio
of image pairs with misalignment in Kust4K dataset. (b) displays the static
and dynamic offset values of misaligned image pairs in Kust4K dataset.

result of summing the percentage overlap between the target
masks and the predicted outputs for each class.

Implementation Details: All experiments were conducted
on a single RTX 4090 GPU with a batch size of 4. We use
the AdamW [77] optimization solver for training, with an
initial learning rate set to 0.0001 and a weight decay of 0.05.
More specifically, we applied linear warmup for the first 500
iterations to the learning rate, and learning rate decay was
performed at the 8th and 11th epochs, with a decay factor of
0.1. Data augmentation strategies such as random cropping and
random horizontal flipping were employed during the training
phase.

B. Evaluation on Kust4K Dataset

Comparison with State-of-the-art Methods: To ensure fair
comparisons, all methods were configured with the parameters
specified in their original papers and trained until convergence.
The optimal checkpoints were then selected to calculate the
results and generate segmentation maps. Table II presents the
experimental results of our CIMNet compared to other state-
of-the-art methods on Kust4K dataset. These include 2 classic
RGB-T semantic segmentation methods RTFNet [49] and
FEANet [51], and 3 attention-based methods EAEFNet [76],
CMX [21], CMNeXt [22]. We also include recent mamba-
based method: Sigma [32]. The quantitative results in Table II
indicate that, compared to 6 other methods, CIMNet achieved
the best mIoU performance on the Kust4K dataset with the
minimal parameters and computational cost, surpassing the
second-ranked sigma [32] by 2.2%. Besides, among the 8 seg-
mentation categories in the Kust4K dataset, CIMNet achieved
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TABLE II
QUANTITATIVE COMPARISON (%) ON THE TEST SET OF KUST4K DATASET. THE BEST RESULTS IN EACH COLUMN ARE HIGHLIGHTED IN BOLD FONT

Methods Backbone Params(M) # Flops(G) # Road Building Motorcycle Car Truck Tree Person Traffic
Facilities mIoU

RTFNet19 [49] Resnet-152 245.7 196.9 94.6 81.8 21.3 78.2 80.2 81.6 0.0 20.7 60.0
FEANet21 [51] Resnet-152 337.1 272.9 94.7 82.3 53.9 83.0 83.0 82.5 0.0 47.8 67.6

EAEFNet23 [76] Resnet-152 200.4 156.4 95.0 85.0 60.6 84.5 85.5 84.0 0.0 53.1 70.1
CMX23 [21] MiT-B4 139.9 143.4 95.4 86.9 62.1 84.2 85.1 85.3 23.0 49.9 72.9

CMNeXt23 [22] MiT-B4 119.6 139.2 95.2 85.2 57.8 81.3 83.5 82.7 22.7 52.2 71.4
Sigma25 [32] VMamba-B 121.4 261.8 94.8 86.3 64.6 86.5 86.5 84.1 35.4 58.1 75.3

CIMNet (ours) Resnet-101 110.9 132.4 95.7 85.8 68.3 90.2 88.6 86.2 34.9 61.0 77.5

Fig. 12. Qualitative comparison visualization of different methods on the Kust4K dataset from daytime to nighttime.

optimal segmentation performance for 6 categories. Notably,
CIMNet demonstrated significant segmentation advantages for
fast-moving objects in scenes, particularly Motorcycles, Cars,
and Trucks [78]–[80]. This highlights the indispensable role of
the SCSFR’s adaptive modality-specific target weak alignment
feature correction strategy proposed in CIMNet.

Despite our CIMNet reaching the best performance on
Kust4K dataset, the current mainstream RGB-T semantic
segmentation methods as well as our method do have some
issues worth exploring. We could analyze this in conjunction
with the segmentation result visualizations on Kust4K dataset

as shown in Fig. 12. In the Kust4K dataset, there are some tiny
targets, such as motorcycles and human. We could find that
the IoU of them is surprisingly low. We can find the answer
in the segmentation result visualizations. When we compare
the predictions with their corresponding labels, the predicted
human or motorcycle areas are much larger than the actual
areas of them, which accounts for the low IoU. This means
that current RGB-T semantic segmentation techniques both
have obvious shortcomings in segmenting tiny targets.
Ablation Studies: To explore the effectiveness of our proposed
modules for RGB-T semantic segmentation, we conducted
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TABLE III
QUALITATIVE RESULTS(%) OF ASSESSING THE INDIVIDUAL AND JOINT

CONTRIBUTIONS OF CIPA AND SCSFR MODULES IN CIMNET ON
KUST4K DATASET, WHERE ”X ” INDICATES THE PRESENCE OF THE

CORRESPONDING MODULE

No. Baseline
CIPA SCSFR

mIoU
MIR MSM SWR CWR

1 X 70.5
2 X X 73.6
3 X X 72.2
4 X X X 74.6
5 X X X 73.5
6 X X X X 76.2
7 X X X X 75.3
8 X X X X X 77.5

TABLE IV
QUANTITATIVE COMPARISON OF ROBUSTNESS TO MODALITY

MISALIGNMENT ON THE KUST4K DATASET

Method Road Tree Motorcycle Car Truck
CMX 94.9 85.6 60.8 81.9 83.9
Sigma 94.6 84.5 62.9 84.3 86.5

CIMNet(ours) 95.4 86.2 67.5 89.5 87.2

fine-grained ablation experiments on the Kust4K dataset.
Specifically, we validated the individual and joint effectiveness
of mutual information regularization (MIR) and modality
shift modeling (MSM) within the CIPA module, as well as
spatial-wise rectification (SWR) and channel-wise rectification
(CWR) within the SCSFR module. The results of these exper-
iments are presented in Table III.

Experiments No. 2 and No. 3 preliminarily validate its
effectiveness for RGB-T semantic segmentation, demonstrat-
ing significant performance improvements over the baseline
model. CIMNet primarily focuses on extracting complemen-
tary multimodal information and aligning features for weakly
aligned modalities in complex environments, ablation studies
further validate the effectiveness of our proposed modules.
For instance, variant No. 5 exhibits a 1.1% decrease in mIoU
performance compared to variant No. 4. This indicates that
without the mutual information minimization constraint, the
modal offset modeling becomes susceptible to interference
from high-correspondence background noise, preventing the
offset from correctly guiding the SCSFR module to achieve
feature alignment for the modal weak alignment objective.
Variant No.6 achieves a 1.6% mIoU improvement over No.4,
demonstrating that explicit offset modeling as prior knowledge
effectively guides feature alignment compared to relying solely
on DCN’s adaptive learning [70]. Furthermore, variants No.6,
No.7, and No.8 show that SWR and CWR individually en-
hance performance, while their combination achieves optimal
results.
Robustness to Modality Misalignment: To further evaluate the
robustness of CIMNet against the weak misalignment problem
in RGB-T semantic segmentation, we specifically conducted
verification on the weak alignment test subset of Kust4K (290

TABLE V
COMPARISON OF MODALITY FAILURE ROBUSTNESS ACROSS DIFFERENT

METHODS ON THE KUST4K DATASET

Method CMX [21] Sigma [32] CIMNet (ours)
RGB failure 64.1 66.8 69.1

thermal failure 43.4 44.9 46.2

RGB-T pairs) based on the statistical results of modal weak
alignment in Sec. IV-C.

Table IV presents the quantitative comparison results of
CMX [21], Sigma [32], and CIMNet (ours) on the modal-
ity weak alignment test subset of the Kust4K dataset. The
reduction in segmentation accuracy for the three methods and
two static targets (Road and Tree) is approximately 0.5%.
This indicates that RGB-T semantic segmentation methods
can mitigate errors caused by registration algorithms to some
extent. However, CMX and Sigma exhibit a significant drop
in segmentation performance for these fast-moving targets in
the scene (Car, Truck and Motorcycle). Regarding the Car
category, for example, the IoU of CIMNet decreases by only
0.7% compared with the complete test set, while the IoUs
of CMX [21] and Sigma [32] decrease by 2.3% and 2.2%,
respectively. A similar trend is observed in the segmentation
performance of the motorcycle and truck categories. These
results suggest that feature registration and correction oper-
ations are necessary for weakly aligned modal samples and
demonstrate the effectiveness of CIMNet’s correction strategy.

To more intuitively explore how CIMNet corrects samples
with modality misalignment, we extracted the changes in
the feature heatmaps of RGB-thermal samples with weak
alignment as they passed through different CIMNet modules.
We highlighted noteworthy regions of the features with red
horizontal lines and yellow rectangle boxes in Fig. 14. For a
pair of RGB-thermal image samples containing fast-moving
targets (Car) in the scene, features of the RGB and thermal
images are first extracted via ResNet-101, FRGB and FTh, as
shown in Fig. 14 (c) and (d). It can be observed that the
image features at this stage contain high-response background
noise, and the model fails to focus attention on the specific
target. Then, by applying mutual information constraints and
enhancing modal complementary features through the CIPA
module, the interference from high-response background noise
is mitigated, as shown in Fig. 14 (e) and (f). This enables the
model to focus more effectively on the target object, thereby
generating reliable modal offset values that serve as reference
for subsequent offset feature correction in the SCSFR module.
The SCSFR module corrects weakly aligned features from
the RGB and thermal modalities based on cross-modal feature
offsets generated by the CIPA module. Finally, through feature
fusion, it ultimately produces corrected fused features Ffusion,
as shown in Fig. 14 (g). In sum, the modality feature heatmap
changes strongly demonstrates that under varying illumination
conditions, CIMNet can still ensure effective correction of mis-
aligned image features, effectively handling diverse complex
scenarios to achieve reliable weakly aligned RGB-T semantic
segmentation.
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Fig. 13. Qualitative comparison of Kust4K modality failure cases.

Fig. 14. Feature map visualization of CIMNet on Kust4K modality misalignment cases. The yellow boxes highlight fast-moving objects requiring attention
in the scene, while the red horizontal line enables more intuitive visualization of weak alignment between targets across RGB and thermal modalities. (a)
and (b) represent the RGB and thermal images, respectively. (c) and (d) represent the RGB and thermal features, FRGB and FTh, extracted directly from
the backbone without optimization by the CIPA module. (e) and (f) represent the RGB and thermal features, FRGB in and FT h in , optimized by the CIPA
module. g represents the fused image features Ffusion after weak alignment correction by the SCSFR module.

TABLE VI
QUANTITATIVE COMPARISON (%) ON THE TEST SET OF MFNET DATASET. THE BEST RESULTS IN EACH COLUMN ARE HIGHLIGHTED IN BOLD FONT

Methods Backbone Car Person Bike Curve Car stop Guardrail Color Cone Bump mIoU
RTFNet19 [49] Resnet-152 87.4 70.3 62.7 45.3 45.3 0.0 29.1 55.7 53.2
FEANet21 [51] Resnet-152 87.8 71.1 61.1 46.5 46.5 6.6 55.3 48.9 55.3
GMNet21 [26] Resnet-50 86.5 73.1 61.7 44.0 44.0 14.5 48.7 47.4 57.3

EAEFNet23 [76] Resnet-152 87.6 72.6 63.8 48.6 35.0 14.2 52.4 58.3 58.9
CMX23 [21] MiT-B4 90.1 75.2 64.5 50.2 35.3 8.5 54.2 60.6 59.7

CMNeXt23 [22] MiT-B4 91.5 75.3 67.6 50.5 40.1 9.3 53.4 52.8 59.9
CAINet24 [27] MobileNet-V2 88.5 66.3 68.7 55.4 31.5 9.0 48.9 60.7 58.6
Sigma25 [32] VMamba-B 91.1 75.2 68.0 50.8 43.0 9.7 57.6 57.9 61.3

CIMNet (ours) MiT-B4 92.2 75.6 72.3 54.3 42.2 5.1 58.3 59.0 60.9
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Fig. 15. Qualitative comparison visualization of different methods on the MFNet dataset from daytime to nighttime. In terms of segmentation performance
under diverse lighting conditions, the proposed CIMNet demonstrates superior results compared to the comparison methods.

Fig. 16. Visualization of segmentation results of different methods in typical
daytime and nighttime scenes in MFNet dataset. The proposed CIMNet
provides better segmentation performance under varying lighting conditions
than the comparison methods.

Robustness to Modality Failure: In real-world scenes, un-
expected situations may arise where one modality image
is disrupted by high background noise or missing, such as
due to weather conditions or sensor corruption. Therefore,
it is necessary to conduct specific experimental analyses for
modality failure scenes. CMX [21], Sigma [32], and CIMNet
(ours) were tested on the Kust4K modality failure test set (151
RGB failure samples and 91 TIR failure samples). Table V and

Fig. 17. Some images in MFNet dataset which contain the same pillars
(marked with the red boxes on the RGB images) as shown in Fig. 14. On
these images, the pillars are annotated as “car stop”.

Fig. 13 present their quantitative and qualitative comparative
experimental results, respectively.

Table V presents the quantitative results of different methods
under RGB modality failure and thermal modality failure. It
can be observed that all three methods exhibit a significant
decline in overall segmentation performance when confronted
with modality failure. This is particularly evident during
thermal modality failure, indicating that multi-modal models
tend to rely more on the thermal modality with stable feature
patterns during training.
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Through the qualitative experimental comparison in Fig.
13, CIMNet demonstrates superior robustness against inter-
ference. In columns 1 and 2, the RGB modality fails due to
missing color information, making it difficult for the model
to distinguish “Truck” in the scene. In columns 3 and 4, the
thermal image is blurred, failing to provide contour informa-
tion for the “Motorcycle” in a cluttered environment. These
visual comparisons demonstrate that CIMNet exhibits stronger
robustness against interference compared to CMX and Sigma.
CIMNet successfully leverages the CIPA module to adaptively
highlight complementary features across modalities, ensuring
stable segmentation performance in complex environments.

C. Evaluation on MFNet Dataset
Comparison with State-of-the-art Methods: We compare the
proposed CIMNet with 8 advanced semantic segmentation
methods on MFNet [17] dataset. Table VI lists the quantitative
comparison results. CIMNet achieves the best segmentation
performance in 4 categories of the MFNet dataset, with an
overall mIoU performance slightly lower than that of the top-
ranked Sigma by 0.4%. We observe that CIMNet performs
poorly on two categories, Car stop and Guardrail. The IoU
of Guardrail is only 5.1% in particular, which is poorer than
the most comparison methods. For the purpose of analysis, we
scrutinize the train and test set to look for images that contain
guardrail class. There are 393 test images, but only 4 images
contain the guardrail class. As shown in Fig. 16, we display the
segmentation results of the above 4 test images, and we find
out that our method mainly misclassifies the Guardrail as Car
stop. To go further, we list the ground truth of 4 other images
in MFNet dataset as shown in Fig. 17. Note that the pillars
in the red boxes are annotated as the Car stop class. Then we
compare them with the pillars in the red boxes in Fig. 16, it
is apparent that they should belong to the same class. In other
words, due to some non-standard annotation in the MFNet
dataset, the poor classification performance of our method on
the Guardrail class is completely understandable. Therefore,
we manually modify the labels of the 4 tested images that
contain the Guardrail (change the pixels labelled as Guardrail
to Car stop) to retest and the mIoU (without Guardrail class)
can reach 61.7%, This shows that our method is actually better
than result reflected in Table VI.

Fig. 15 shows the visual segmentation results. For simple
scenes, as shown in the first two columns, most models can
accurately segment targets. However, examining the third to
sixth columns reveals that our proposed method significantly
outperforms other models, especially under challenging il-
lumination conditions. Additionally, as shown in columns 7
and 8, the proposed CIMNet improves the segmentation of
important details compared to other methods. These results
suggest that our method can more effectively utilize comple-
mentary information from weakly aligned RGB-T images for
semantic segmentation by suppressing redundant information
and rectifying cross-modal features.

VI. CONCLUSION

In this work, we have proposed a novel architecture named
CIMNet, which explores the potential of mutual information

minimisation for the first time in addressing the issue of modal
weak alignment. The CIPA module mitigates interference from
background noise in RGB-T data, enhances the representa-
tion capability of modality complementary information and
generates reliable prior knowledge for subsequent weakly
aligned modality feature correction. Then, effective feature
calibration is achieved by combining the CIPA module with
the deformable convolution and adaptive offset update in
the SCSFR module. The experimental results obtained from
publicly available datasets serve to illustrate the superiority
of our proposed method when compared to current SOTA
methods.
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nunta, and A. Regan, “Review of thermal infrared applications and
requirements for future high-resolution sensors,” IEEE Transactions on
Geoscience and Remote Sensing, vol. 54, no. 5, pp. 2963–2972, 2016.

[14] Q. Liu, Z. He, X. Li, and Y. Zheng, “Ptb-tir: A thermal infrared
pedestrian tracking benchmark,” IEEE Transactions on Multimedia,
vol. 22, no. 3, pp. 666–675, 2019.

[15] G. Zhou, Z. Zhang, F. Wang, Q. Zhu, Y. Wang, E. Gao, Y. Cai, X. Zhou,
and C. Li, “A multi-scale enhanced feature fusion model for aircraft
detection from sar images,” International Journal of Digital Earth,
vol. 18, no. 1, p. 2507842, 2025.

This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2026.3654044

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Greenwich. Downloaded on January 20,2026 at 17:23:49 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. XX, NO. XX, X 202X 14

[16] J. Ouyang, Q. Wang, Y. Shang, P. Jin, H. Zhong, L. Zhou, and T. Shen,
“An rgb-tir dataset from uav platform for robust urban traffic scenes
semantic segmentation,” Scientific Data, vol. 12, no. 1, p. 1701, 2025.

[17] Q. Ha, K. Watanabe, T. Karasawa, Y. Ushiku, and T. Harada, “Mfnet:
Towards real-time semantic segmentation for autonomous vehicles with
multi-spectral scenes,” in 2017 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). IEEE, 2017, pp. 5108–5115.

[18] A. M. Qureshi, A. H. Butt, A. Alazeb, N. A. Mudawi, M. Alonazi,
N. A. Almujally, A. Jalal, and H. Liu, “Semantic segmentation and yolo
detector over aerial vehicle images.” Computers, Materials & Continua,
vol. 80, no. 2, 2024.

[19] L. Tan, “Causally-informed instance-wise feature selection for explain-
ing visual classifiers,” Entropy, vol. 27, no. 8, p. 814, 2025.

[20] F. Zhong, F. Gao, T. Liu, J. Wang, J. Sun, and H. Zhou, “Scattering
characteristics guided network for isar space target component segmen-
tation,” IEEE Geoscience and Remote Sensing Letters, 2025.

[21] J. Zhang, H. Liu, K. Yang, X. Hu, R. Liu, and R. Stiefelhagen, “Cmx:
Cross-modal fusion for rgb-x semantic segmentation with transformers,”
IEEE Transactions on Intelligent Transportation Systems, 2023.

[22] J. Zhang, R. Liu, H. Shi, K. Yang, S. Reiß, K. Peng, H. Fu, K. Wang, and
R. Stiefelhagen, “Delivering arbitrary-modal semantic segmentation,”
in Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2023, pp. 1136–1147.

[23] S. Fan, Z. Wang, Y. Wang, and J. Liu, “Spidermesh: Spatial-aware
demand-guided recursive meshing for rgb-t semantic segmentation,”
arXiv preprint arXiv:2303.08692, 2023.

[24] R. Vohra, F. Senjaliya, M. Cote, A. Dash, A. B. Albu, J. Chawarski,
S. Pearce, and K. Ersahin, “Detecting underwater discrete scatterers
in echograms with deep learning-based semantic segmentation,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2023, pp. 375–384.

[25] Q. Wang, Y. Chi, T. Shen, J. Song, Z. Zhang, and Y. Zhu, “Improving
rgb-infrared object detection by reducing cross-modality redundancy,”
Remote Sensing, vol. 14, no. 9, p. 2020, 2022.

[26] W. Zhou, J. Liu, J. Lei, L. Yu, and J.-N. Hwang, “Gmnet: Graded-
feature multilabel-learning network for rgb-thermal urban scene seman-
tic segmentation,” IEEE Transactions on Image Processing, vol. 30, pp.
7790–7802, 2021.

[27] Y. Lv, Z. Liu, and G. Li, “Context-aware interaction network for rgb-t
semantic segmentation,” IEEE Transactions on Multimedia, vol. 26, pp.
6348–6360, 2024.

[28] J. Deng, S. Liu, H. Chen, Y. Chang, Y. Yu, W. Ma, Y. Wang, and H. Xie,
“A precise method for identifying 3d circles in freeform surface point
clouds,” IEEE Transactions on Instrumentation and Measurement, 2025.

[29] G. Zhou, Z. Liu, X. Zhou, H. Zhang, C. Xu, D. Zhao, J. Lin, and G. Wu,
“Internal stray light suppression for single-band bathymetric lidar optical
system,” IEEE Transactions on Instrumentation and Measurement, 2024.

[30] G. Xiao, Z. Xiao, P. Zhou, X. Jia, N. Wang, D. Zhao, and H. Wei,
“Ppp based on factor graph optimization,” Measurement Science and
Technology, vol. 35, no. 11, p. 116307, 2024.

[31] O. Frigo, L. Martin-Gaffe, and C. Wacongne, “Doodlenet: Double
deeplab enhanced feature fusion for thermal-color semantic segmenta-
tion,” in Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2022, pp. 3021–3029.

[32] Z. Wan, P. Zhang, Y. Wang, S. Yong, S. Stepputtis, K. Sycara, and
Y. Xie, “Sigma: Siamese mamba network for multi-modal semantic
segmentation,” in 2025 IEEE/CVF Winter Conference on Applications
of Computer Vision (WACV). IEEE, 2025, pp. 1734–1744.

[33] S. Yao, R. Guan, Z. Peng, C. Xu, Y. Shi, W. Ding, E. G. Lim, Y. Yue,
H. Seo, K. L. Man et al., “Exploring radar data representations in
autonomous driving: A comprehensive review,” IEEE Transactions on
Intelligent Transportation Systems, 2025.

[34] J. Jin, Q. Liu, Y. Yang, B. Ma, and Y. Pan, “How social crowding
impacts mobile shopping: A perspective from information processing,”
Information & Management, vol. 62, no. 7, p. 104197, 2025.

[35] F. Huang, Y. Bei, Z. Yang, J. Jiang, H. Chen, Q. Shen, S. Wang,
F. Karray, and P. S. Yu, “Large language model simulator for cold-start
recommendation,” in Proceedings of the Eighteenth ACM International
Conference on Web Search and Data Mining, 2025, pp. 261–270.

[36] J. Long, E. Shelhamer, and T. Darrell, “Fully convolutional networks
for semantic segmentation,” in Proceedings of the IEEE conference on
computer vision and pattern recognition, 2015, pp. 3431–3440.

[37] J. Zhuang, W. Chen, B. Guo, and Y. Yan, “Infrared weak target detection
in dual images and dual areas,” Remote Sensing, vol. 16, no. 19, p. 3608,
2024.

[38] X. Shen, L. Li, Y. Ma, S. Xu, J. Liu, Z. Yang, and Y. Shi, “Vlcim: A
vision-language cyclic interaction model for industrial defect detection,”
IEEE Transactions on Instrumentation and Measurement, 2025.

[39] T. Takikawa, D. Acuna, V. Jampani, and S. Fidler, “Gated-scnn: Gated
shape cnns for semantic segmentation,” in Proceedings of the IEEE/CVF
international conference on computer vision, 2019, pp. 5229–5238.

[40] M. Zhen, J. Wang, L. Zhou, S. Li, T. Shen, J. Shang, T. Fang, and
L. Quan, “Joint semantic segmentation and boundary detection using
iterative pyramid contexts,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2020, pp. 13 666–13 675.

[41] S. Chen, X. Long, J. Fan, and G. Jin, “A causal inference-based root
cause analysis framework using multi-modal data in large-complex
system,” Reliability Engineering & System Safety, p. 111520, 2025.

[42] C. Yu, J. Wang, C. Gao, G. Yu, C. Shen, and N. Sang, “Context prior
for scene segmentation,” in Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, 2020, pp. 12 416–12 425.

[43] A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai,
T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S. Gelly,
J. Uszkoreit, and N. Houlsby, “An image is worth 16x16 words: Trans-
formers for image recognition at scale,” in International Conference on
Learning Representations, 2021.

[44] W. Yuan, J. Chen, S. Chen, D. Feng, Z. Hu, P. Li, and W. Zhao,
“Transformer in reinforcement learning for decision-making: a survey,”
Frontiers of Information Technology & Electronic Engineering, vol. 25,
no. 6, pp. 763–790, 2024.

[45] X. Zhou, Z. Zhao, J. Shen, Z. Liu, Y. Liu, and B. Xue, “Sparse
aperture isar autofocusing and imaging algorithm based on log-sum
regularization,” IEEE Transactions on Geoscience and Remote Sensing,
2025.

[46] B. Cheng, A. Schwing, and A. Kirillov, “Per-pixel classification is not
all you need for semantic segmentation,” Advances in neural information
processing systems, vol. 34, pp. 17 864–17 875, 2021.

[47] B. Cheng, I. Misra, A. G. Schwing, A. Kirillov, and R. Girdhar,
“Masked-attention mask transformer for universal image segmentation,”
in Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, 2022, pp. 1290–1299.

[48] F. Li, H. Zhang, H. Xu, S. Liu, L. Zhang, L. M. Ni, and H.-Y.
Shum, “Mask dino: Towards a unified transformer-based framework for
object detection and segmentation,” in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2023, pp.
3041–3050.

[49] Y. Sun, W. Zuo, and M. Liu, “Rtfnet: Rgb-thermal fusion network for
semantic segmentation of urban scenes,” IEEE Robotics and Automation
Letters, vol. 4, no. 3, pp. 2576–2583, 2019.

[50] Y. Sun, W. Zuo, P. Yun, H. Wang, and M. Liu, “Fuseseg: Semantic
segmentation of urban scenes based on rgb and thermal data fusion,”
IEEE Transactions on Automation Science and Engineering, vol. 18,
no. 3, pp. 1000–1011, 2020.

[51] F. Deng, H. Feng, M. Liang, H. Wang, Y. Yang, Y. Gao, J. Chen, J. Hu,
X. Guo, and T. L. Lam, “Feanet: Feature-enhanced attention network
for rgb-thermal real-time semantic segmentation,” in 2021 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS).
IEEE, 2021, pp. 4467–4473.

[52] W. Zhou, X. Lin, J. Lei, L. Yu, and J.-N. Hwang, “Mffenet: Multiscale
feature fusion and enhancement network for rgb–thermal urban road
scene parsing,” IEEE Transactions on Multimedia, vol. 24, pp. 2526–
2538, 2021.

[53] Y.-L. Hou, Y. Jia, Z. Hou, X. Hao, and Y. Shen, “Iaffnet: Illumination-
aware feature fusion network for all-day rgb-thermal semantic segmen-
tation of road scenes,” IEEE Access, vol. 10, pp. 129 702–129 711, 2022.

[54] X. Zhou, X. Wu, L. Bao, H. Yin, Q. Jiang, and J. Zhang, “Agfnet:
Adaptive gated fusion network for rgb-t semantic segmentation,” IEEE
Transactions on Intelligent Transportation Systems, 2025.

[55] Q. Wang, C. Yin, H. Song, T. Shen, and Y. Gu, “Utfnet: Uncertainty-
guided trustworthy fusion network for rgb-thermal semantic segmenta-
tion,” IEEE Geoscience and Remote Sensing Letters, 2023.

[56] Q. Zhang, S. Zhao, Y. Luo, D. Zhang, N. Huang, and J. Han, “Abmdrnet:
Adaptive-weighted bi-directional modality difference reduction network
for rgb-t semantic segmentation,” in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2021, pp.
2633–2642.

[57] S. Zhao, Y. Liu, Q. Jiao, Q. Zhang, and J. Han, “Mitigating modality
discrepancies for rgb-t semantic segmentation,” IEEE Transactions on
Neural Networks and Learning Systems, 2023.

[58] H. Zhou, C. Tian, Z. Zhang, Q. Huo, Y. Xie, and Z. Li, “Multispectral
fusion transformer network for rgb-thermal urban scene semantic seg-

This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2026.3654044

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Greenwich. Downloaded on January 20,2026 at 17:23:49 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. XX, NO. XX, X 202X 15

mentation,” IEEE Geoscience and Remote Sensing Letters, vol. 19, pp.
1–5, 2022.

[59] X. Guo, Z. Lin, L. Hu, Z. Deng, T. Liu, and W. Zhou, “Cross-modal
state space modeling for real-time rgb-thermal wild scene semantic
segmentation,” arXiv preprint arXiv:2506.17869, 2025.

[60] M. Tschannen, J. Djolonga, P. K. Rubenstein, S. Gelly, and M. Lucic,
“On mutual information maximization for representation learning,”
arXiv preprint arXiv:1907.13625, 2019.

[61] J. He, Y. Wang, L. Deng, Y. Li, and Z.-L. Li, “Phase congruency
image mosaicking approach for aerial mid-wave infrared low-overlap
array scanning images,” ISPRS Journal of Photogrammetry and Remote
Sensing, vol. 227, pp. 185–204, 2025.

[62] J. Jia, X. Zheng, Y. Wang, Y. Chen, M. Karjalainen, S. Dong, R. Lu,
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