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Abstract— RGB-thermal semantic segmentation is one poten-
tial solution to achieve reliable semantic scene understanding in
adverse weather and lighting conditions. However, the previous
studies mostly focus on designing a multi-modal fusion module
without consideration of the nature of multi-modality inputs.
Therefore, the networks easily become over-reliant on a single
modality, making it difficult to learn complementary and
meaningful representations for each modality. This paper pro-
poses 1) a complementary random masking strategy of RGB-T
images and 2) self-distillation loss between clean and masked
input modalities. The proposed masking strategy prevents over-
reliance on a single modality. It also improves the accuracy
and robustness of the neural network by forcing the network to
segment and classify objects even when one modality is partially
available. Also, the proposed self-distillation loss encourages
the network to extract complementary and meaningful repre-
sentations from a single modality or complementary masked
modalities. We achieve state-of-the-art performance over three
RGB-T semantic segmentation benchmarks. Our source code
is available at https://github.com/UkcheolShin/CRM_
RGBTSeg.

I. INTRODUCTION

Robust and reliable semantic scene understanding is a
crucial fundamental ability for autonomous driving to ensure
the safe and reliable operation of autonomous vehicles. RGB-
thermal semantic segmentation is one potential solution to
achieve reliable semantic scene understanding in adverse
weather and lighting conditions. For example, in foggy or
low-light conditions, the RGB camera may struggle to cap-
ture objects in the scene due to reduced visibility. In contrast,
the thermal camera can still detect the heat signatures of
objects. Combining the information from both modalities en-
ables reliable and accurate semantic segmentation in adverse
scenarios. Therefore, it naturally led to recent active studies
on semantic segmentation of RGB-thermal images [11], [36],
[35], [37], [48], [17], [21], [47].

The primary research direction is designing a multi-modal
fusion module [44], [46], [8], [21] that can effectively com-
bine the information from both RGB and thermal modalities
to improve the accuracy of semantic segmentation. However,
without consideration of the nature of multi-modal inputs,
the networks easily fall into a sub-optimal solution, where
the network becomes over-reliant on a single modality, as
shown in Fig. 2 and Tab. I. In addition, this implies that
the networks are susceptible to a wide range of fault cases,
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(a) Complementary random masking for RGB-T segmentation

(b) RGB image (c) Thermal image (d) Ground Truth

(e) RTFNet [36] (f) CMXNet [21] (g) Ours

Fig. 1: Complementary random masking for RGB-
thermal semantic segmentation. Our proposed method
aims to learn meaningful and complementary representations
from RGB and thermal images by using complementary
masking of RGB-T inputs and ensuring consistency between
augmented and original inputs. The proposed method leads
to robust and reliable segmentation results in day-light, low-
light, and modality-dropped scenarios.

such as sensor disconnection, lens occlusion, and other input
quality degeneration.

In this paper, we focus on learning complementary and
meaningful representations from both RGB and thermal
modalities to prevent the over-reliance problem on a sin-
gle modality and eventually improve the accuracy of the
segmentation model. For this purpose, our intuitive ideas
are as follows and shown in Fig. 1: 1) We augment input
RGB-T images with random masking to prevent the network
from over-reliantly utilizing one modality for the semantic
segmentation task. 2) We enforce consistency between the
prediction results of augmented and original images to en-
courage the network to extract meaningful representations
even from partially occluded modalities or a single modality.
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(a) RGB image (b) Thermal image (c) Ground Truth

(d) RTFNet [36] (e) RGB drop [36] (f) THR drop [36]

(g) Ours (h) RGB drop (Ours) (i) THR drop (Ours)

Fig. 2: Input modality dependency comparison of RGB-
T semantic segmentation networks. Common multi-modal
fusion approaches often result in a sub-optimal solution,
where the neural network becomes over-reliant on a single
modality, as shown in (e) and (f). On the other hand, our
proposed method prevents the over-reliance issue (i.e., (h)
and (i)).

Our contributions can be summarized as follows:
• We propose a complementary random masking strategy

that randomly masks one modality and masks the other
modality in a complementary manner to improve model
robustness and accuracy.

• We propose a self-distillation loss between the predic-
tion result from clean input modalities and the multiple
prediction results from masked input modalities to learn
complementary and non-local representations.

• Ours proposed method achieves state-of-the-art results
over three RGB-T benchmark datasets (i.e., MFNet [11],
PST900 [35], and KP [14], [17] datasets).

II. RELATED WORK

A. RGB-Thermal Semantic Segmentation

Recently, thermal images have been widely adopted in var-
ious applications, such as detection [19], [45], tracking [20],
[15], feature matching [18], [26], depth estimation [32], [31],
[33], and SLAM [34], [16], to achieve high-level robustness
against adverse weather and lighting conditions.

RGB-thermal semantic segmentation networks have also
been proposed to overcome the limitation of RGB semantic
segmentation networks [4], [13], [40], [6], [5] that are often
vulnerable to extreme conditions, such as low-light, rainy,
snowy, and sandy conditions. Most previous RGB-T fusion
networks focused on designing a multi-modal fusion module
that can effectively combine the information from both
modalities to improve the accuracy of semantic segmen-
tation. Specifically, they proposed various types of feature
fusion modules, such as the naı̈ve feature-level fusion [11],
[36], [35], multi-scale feature fusion [36], [46], [37], [21],
and attention-weighted fusion [44], [46], [8], [21].

TABLE I: Quantitative comparisons of RGB-T segmen-
tation on MF dataset [11] by input modality. Previous
RGB-T segmentation networks [36], [21] show a critical
vulnerability to modality drop and over-reliance on a single
modality, which can hinder the learning of complementary
representations from multiple modalities.

Methods
RGB-T RGB drop THR drop
mIoU ↑ mIoU ↑ Diff ↓ mIoU ↑ Diff ↓

RTFNet 53.2 45.6 -7.6 10.5 -42.7
CMXNet 58.0 44.7 -13.3 39.2 -18.8

Ours 61.2 53.1 -8.1 52.7 -8.5

However, if the nature of multi-modal inputs is not con-
sidered in the network training, the networks easily become
over-reliant on a single modality. This can hinder the network
from learning complementary and meaningful representa-
tions for each modality, which is necessary to accurately and
robustly segment objects.

B. RGB-Thermal Knowledge Distillation

Several studies [39], [17], [10] have investigated the
potential of using knowledge distillation between RGB
and thermal modalities to improve performance in various
recognition applications. Specifically, Heatnet [39] utilizes
knowledge distillation from daytime prediction results to
nighttime to improve the performance of the RGB-T seman-
tic segmentation network. MS-UDA [17] and CEKD [10]
distill the knowledge of RGB-T segmentation network to
thermal image segmentation network. In contrast to these
previous works, this paper specifically focuses on knowledge
distillation between clean and masked images for RGB-T
semantic segmentation tasks.

III. METHOD

A. RGB-T Mask2Former

1) Preliminaries for Mask Classification: Mask classifi-
cation architecture [6], [5] is a universal image segmentation
network capable of semantic, instance, and panoptic segmen-
tation. The network groups input pixels into N segments by
estimating N binary masks and N class labels. The network
consists of three main modules: a backbone that extracts
low-resolution features from an image, a pixel decoder
that gradually upsamples these features to generate high-
resolution per-pixel embeddings, and a transformer decoder
that estimates object queries based on the image features.
The class prediction is estimated via MLP layers with the
object queries. The binary mask predictions are obtained
by decoding the per-pixel embeddings with object queries.
Please refer to these papers [6], [5] for details.

2) Mask2Former for RGB-T images: We adopted
Mask2Former [5] for semantic segmentation as our baseline
model and modified the model to take RGB and thermal
images, as shown in Fig. 3. More specifically, we assigned a
modality-wise backbone for each modality. After extracting
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Fig. 3: Overall pipeline of complementary masking and self-distillation for RGB-thermal semantic segmentation.
Our proposed training framework consists of complementary random masking and self-distillation loss. We randomly mask
the patchified RGB-thermal pair in a complementary manner that guarantees at least one modality is valid. After that, the
network estimates each prediction results from clean and masked RGB-thermal pairs. We enforce the network to predict the
same class prediction results from the clean and masked RGB-thermal pairs. The proposed method resolves the over-reliant
problem of RGB-T semantic segmentation networks and encourages the network to extract complementary and meaningful
representations for robust and accurate semantic segmentation performance from RGB-T images.

modality-wise image features from RGB and thermal images,
we aggregate the features with a simple winner-take-all
strategy via max operation. This aggregation finds the most
prominent feature from the RGB and thermal features across
channel dimensions. We then normalized the aggregated fea-
ture map. At this stage, we can directly forward one modality
feature to the decoder without aggregating the multi-modal
features. After that, the aggregated multi-modal feature or
single-modal feature is delivered to the pixel and transformer
decoder to estimate N class and mask predictions. The final
semantic segmentation mask can be obtained with a simple
matrix multiplication of class and mask predictions.

B. Complementary Random Masking

Recently, masking strategy has been widely utilized in
various language [9], [23], [2] and visual applications [1],
[12], [41], [38], [43], [28] to learn meaningful representation.
Especially, the image masking strategy is used to pre-train a
large capacity backbone model to learn general representa-
tion for various downstream tasks, such as recognition [12],
[41], video applications [38], 3D application [28]. Differing
from these works focusing on learning general representa-
tion, we utilize a masking strategy to overcome the over-
reliant problem of the RGB-T semantic segmentation task
and to learn complementary and robust representation for
each modality.

More specifically, as shown in Fig. 2 and Tab. I, com-
mon RGB-T segmentation networks easily rely on a single
modality. Therefore, the network rarely extracts meaning-

ful representation from the other modality to segment and
classify objects. This makes the network vulnerable to a
wide range of fault cases, such as sensor disconnection, lens
occlusion, and other input quality degeneration. Also, it loses
the chance to learn complementary and useful representations
for each modality to segment and classify objects. Therefore,
we push the network in a situation where one modality is
partially unavailable but allows the missing information can
be complemented by the other modality. For this purpose,
we propose a complementary random masking method for
RGB-T semantic segmentation.

Complementary Patch Masking. We use Swin-
Transformer [24] as our backbone model. Therefore, each
modality image is patchified into a set of non-overlapped
small patches, which will be fed into the transformer model
for processing. Here, we randomly mask out the patches of
one modality and replace the masked patches with learnable
mask token vectors by following the convention of the token
masking [9], [1], [43]. The other modality’s patches are
masked out in the same manner by using the complemen-
tary mask. The complementary random masking process is
defined as follows:

X̂rgb = M ∗Xrgb + M̂ ∗ Lrgb,

X̂thr = M̂ ∗Xthr +M ∗ Lthr,
(1)

where Xinput is tokenized input image, M is random mask,
M̂ is its complementary mask, defined as 1−M , and Linput

is learnable token vector.
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C. Self-distillation Loss

The proposed self-distillation loss consists of two losses
LSDC and LSDN . The former loss LSDC aims to make
the network learn to extract complement representation when
one modality information is partially unavailable. Therefore,
we enforce the network to predict the same class prediction
results from clean (i.e., Xrgb and Xthr) and masked (i.e.,
X̂rgb and X̂thr) RGB-thermal pairs. The proposed self-
distillation loss for complementary representations is defined
as follows:

LSDC = L1(z
c(Xrgb, Xthr), z

c(X̂rgb, X̂thr)), (2)

where zc(·) is class prediction logit estimated from given
tokenized inputs and L1(·) is mean absolute error function.

The latter loss LSDN aims to make the network ex-
tract robust representations from a partially masked single
modality based on their non-local context rather than local
features. For this purpose, we further enforce the class
prediction consistency between the clean RGB-T pair and
single masked modality (i.e., X̂rgb or X̂thr). The proposed
self-distillation loss for non-local representations is defined
as follows:

LSDN = L1(z
c(Xrgb, Xthr), z

c(X̂rgb)),

+ L1(z
c(Xrgb, Xthr), z

c(X̂thr))
(3)

D. Supervised Loss

We utilize the same supervised loss function Lsup, which
consists of binary mask loss Lmask and classification loss
Lcls, used in Mask2Former [5]. The supervised loss is
defined as follows:

Lsup = Lmask + λclsLcls, (4)

where the mask loss Lmask is a combination of binary cross-
entropy loss and dice loss [27], defined as Lmask = λceLce+
λdiceLdice.

Modality-wise Supervision. The current network archi-
tecture can estimate three types of prediction results accord-
ing to the given input modalities (i.e., RGB image, thermal
image, and RGB-thermal pair). We also empirically found
that the supervised loss for each prediction result of multiple
input modalities can perform better than a single supervised
loss for RGB-thermal pair. The modality-wise supervised
loss is defined as follows:

LMWS = Lsup(zgt, z(Xrgb, Xthr)),

+ Lsup(zgt, z(Xrgb)) + Lsup(zgt, z(Xthr)),
(5)

where zgt is ground truth class zc and binary mask zm, z
is class and mask prediction from the given input modalities
(RGB, thermal, or RGB-thermal). For the masked modalities,
this loss only uses the first term (i.e., RGB-T). The total loss
is defined as follows:

Ltotal = LMWS + LSDC + LSDN (6)

IV. EXPERIMENTS

A. RGB-T Semantic Segmentation Datasets

In this study, we employ three publicly available RGB-T
datasets to train and evaluate the proposed method.

MFNet dataset [11] consists of 820 daytime and 749
nighttime RGB-thermal images of urban driving scenes with
a resolution of 640×480. The dataset provides semantic
labels for nine classes, including one unlabeled class and
eight classes of common objects.

PST900 dataset [35] provides 894 RGB-thermal images
with a resolution of 1280×720, taken under the cave and sub-
terranean environments for DARPA Subterranean Challenge.
The dataset contains annotated segmentation labels for five
classes, including one background class (i.e., unlabeled) and
four object classes.

KP dataset [14] is RGB-T paired urban driving scene
dataset, providing 95K video frames (62.5K for daytime
and 32.5K for nighttime) with a resolution of 640×512.
Originally, KAIST Multispectral Pedestrian Detection (KP)
dataset provides detection bounding box labels only. But,
thankfully, Kim et al. [17] provides annotated semantic
segmentation labels for 503 daytime and 447 nighttime
images. The labels include 19 object classes, which are the
same classes as Cityscapes [7] dataset.

However, the dataset splits of Kim et al. [17] are unde-
sirable to common RGB-T semantic segmentation network
training. We divided 950 training images into 499 for train-
ing, 140 for validation, and 311 for testing. Daytime and
nighttime images were appropriately distributed in each set.
We provide our train/val/test splits that were used to train
our network and other networks on KP dataset.

B. Implementation Details

Mask2Former. We employ the Swin transforemr [24]
(tiny, small, and base) as our backbone model. We use
the multi-scale deformable attention Transformer (MSDe-
formAttn) [49] as a pixel decoder. We adopt the same
Transformer decoder with DETR [3] for the Transformer
decoder. The query N is set to 100 by default.

Training Settings. Our proposed method is implemented
with PyTorch [29] and Detectron2 [42] library on a ma-
chine equipped with two NVIDIA RTX A6000 GPUs. The
following training setting is used for all datasets. We use
AdamW optimizer [25] and poly learning rate scheduler [4]
with an initial learning rate of 10−4. We train all segmenta-
tion networks with a batch size of 14 for 35K iterations.
We utilize Swin transformer model [24] pre-trained on
ImageNet-1K [30] (i.e., tiny(T), small(S), and base(B)) as
a backbone model. We apply random color jittering [22],
random horizontal flipping, and random cropping to RGB
and thermal images as data augmentation. For the coefficients
of loss functions, we set λcls as 2.0 for predictions matched
with a GT label and as 0.1 for the ”no object” (i.e., no match
with any GT labels) by following [5]. Also, the coefficient
λce and λdice are set to 5.0
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TABLE II: Quantitative comparisons for semantic segmentation of RGB-T images on MF [11], PST900 [35], and
KP [14] datasets. We compared our proposed method with the previous state-of-the-art RGB-T semantic segmentation
networks on MF, PST900, and KP benchmarks. Our proposed method demonstrates outperformed performance in all
benchmark datasets. The best and second best performance in each block is highlighted in bold and underline, respectively.

(a) Quantitative comparison on MF day-night evaluation set [11] (9 classes)

Method Unlabeled Car Person Bike Curve Car Stop Guardrail Color Cone Bump mIoU
MFNet [11] 96.9 65.9 58.9 42.9 29.9 9.9 0.0 25.2 27.7 39.7
PSTNet [35] 97.0 76.8 52.6 55.3 29.6 25.1 15.1 39.4 45.0 48.4
RTFNet [36] 98.5 87.4 70.3 62.7 45.3 29.8 0.0 29.1 55.7 53.2
FuseSeg [37] 97.6 87.9 71.7 64.6 44.8 22.7 6.4 46.9 47.9 54.5
AFNet [44] 98.0 86.0 67.4 62.0 43.0 28.9 4.6 44.9 56.6 54.6

ABMDRNet [46] 98.6 84.8 69.6 60.3 45.1 33.1 5.1 47.4 50.0 54.8
FEANet [8] 98.3 87.8 71.1 61.1 46.5 22.1 6.6 55.3 48.9 55.3
GMNet [48] 97.5 86.5 73.1 61.7 44.0 42.3 14.5 48.7 47.4 57.3
CMX [21] 98.3 90.1 75.2 64.5 50.2 35.3 8.5 54.2 60.6 59.7

Ours (Swin-T) 98.2 90.0 73.1 63.7 47.9 40.7 9.9 54.4 54.2 59.1
Ours (Swin-S) 98.4 90.6 75.5 67.2 48.3 43.4 11.8 56.8 59.3 61.2
Ours (Swin-B) 98.2 90.0 75.1 67.0 45.2 49.7 18.4 54.2 54.4 61.4

(b) Quantitative comparison on PST900 evaluation set [35] (5 classes)

Method Background Fire-Extinguisher Backpack Hand-Drill Survivor mIoU
MFNet [11] 98.6 60.4 64.3 41.1 20.7 57.0

RTFNet-152 [36] 98.9 52.0 75.3 25.4 36.4 57.6
PSTNet [35] 98.9 70.1 69.2 53.6 50.0 68.4

ABMDRNet [46] 99.0 66.2 67.9 61.5 62.0 71.3
GMNet [48] 99.4 73.8 83.8 85.2 78.4 84.1

Ours (Swin-T) 99.5 79.1 86.0 86.2 78.7 85.9
Ours (Swin-S) 99.6 76.2 91.0 87.2 80.8 86.9
Ours (Swin-B) 99.6 79.5 89.6 89.0 82.2 88.0

(c) Quantitative comparison on KP day-night evaluation set [14], [17] (19 classes)
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MFNet [11] 93.5 23.6 75.1 0.0 0.1 9.1 0.0 0.0 69.3 0.2 90.4 24.0 0.0 69.6 0.3 0.3 0.0 0.0 0.6 24.0
RTFNet [36] 94.6 39.4 86.6 0.0 0.6 0.0 0.0 0.0 81.7 3.7 92.8 58.4 0.0 87.7 0.0 0.0 0.0 0.0 0.5 28.7
CMX [21] 97.7 53.8 90.2 0.0 47.1 46.2 10.9 45.1 87.2 34.3 93.5 74.5 0.0 91.6 0.0 59.7 0.0 46.1 0.2 46.2

Ours (Swin-T) 98.8 56.4 89.0 0.0 62.3 54.1 31.2 31.2 84.3 23.2 94.4 83.6 0.0 94.7 0.0 77.7 0.0 51.4 40.7 51.2
Ours (Swin-S) 98.8 60.7 92.1 0.0 60.4 55.1 31.1 53.2 89.1 27.7 95.0 81.4 17.7 95.2 1.1 83.3 0.0 49.9 42.3 54.4
Ours (Swin-B) 99.0 61.9 91.8 0.0 58.7 50.6 39.2 55.3 89.2 23.2 94.3 85.2 2.9 95.3 0.0 80.5 0.0 66.2 54.6 55.2

C. RGB-Thermal Semantic Segmentation

In this section, we compare our proposed method with the
previous RGB-T semantic segmentation networks [11], [36],
[35], [37], [48], [44], [46], [8], [21] on three benchmarks.
We use mean Intersection-over-Union (mIoU) to evaluate the
performance of semantic segmentation.

1) Evaluation on MFNet Day-Night Dataset [11]:
The quantitative and qualitative comparison results are
shown in Tab. II-(a) and Fig. 4. We trained the RGB-
T Mask2Former [5], as described in Sec. III, along with
our proposed method. Also, we provide a variant of the
network with Swin-T, Swin-S, and Swin-B backbone mod-
els. Compared to the previous state-of-the-art method (i.e.,
CMXNet [21]), our approach leads to a 1.7% performance
gain in the mIoU metric. Furthermore, our methods (Swin-S
and B) achieve the best or second-best performance in most
IoU metrics over nine classes.

2) Evaluation on PST900 Dataset [35]: For the PST900
benchmark, our model (i.e., Swin-B) achieves a high perfor-
mance improvement by 3.9% against previous state-of-the-art
result (i.e., GMNet [48]), as shown in Tab. II-(b).

3) Evaluation on KP Day-Night Dataset [14], [17]:
KP dataset has a more diverse and numerous number of
classes compared to the MF [11] and PST900 [35] datasets.
Therefore, the increased complexity in the dataset makes it
more difficult to accurately segment the objects in the RGB-T
images, requiring more advanced techniques and considera-
tion of multi-modality inputs. We trained publicly available
RGB-T semantic segmentation networks (i.e., MFNet [11],
RTFNet [36], CMXNet [21]) on the KP dataset with their
provided code bases.

As shown in Tab. II-(c), our method (i.e., Swin-B) achieves
9.0% performance improvement against CMXNet [21]. Also,
Fig. 4 shows that our method shows precise and accurate seg-
mentation quality in partially occluded, noisy, and cluttered
environments. This implies that the proposed complementary
random masking and self-distillation loss make the network
learn to extract non-local and complementary representations
from each modality, even in challenging conditions. We
think the results show that as the complexity of semantic
segmentation is higher, our proposed method is more helpful
in achieving accurate and robust semantic segmentation
performance from RGB and thermal images.
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(a) RGB image (b) THR image (c) RTFNet [36] (d) CMXNet [21] (e) Ours (Swin-B) (e) GT

(a) RGB image (b) THR image (c) PSTNet [35] (d) CMXNet [21] (e) Ours (Swin-B) (e) GT

(a) RGB image (b) THR image (c) RTFNet [36] (d) CMXNet [21] (e) Ours (Swin-B) (e) GT

Fig. 4: Qualitative comparison for semantic segmentation of RGB-T images on MFNet [11], PST900 [35], and KP [14]
datasets. The first two rows are qualitative comparisons of MFNet dataset, the next two rows are PST 900 dataset results, and
the remaining rows are KP dataset results. The proposed method shows reliable and accurate segmentation results across
all datasets, including day-light, low-light, noisy images, and harsh cave conditions. Further results can be found in the
supplementary video.

D. Ablation Study

In this ablation study, we investigate the components of
the proposed method, as shown in Tab. III-(a). Baseline
indicates an RGB-T Mask2Former model that is modi-
fied to take RGB and thermal image inputs, as described
in Sec. III. Our empirical finding demonstrates that modality-
wise supervision loss LMWS , which provides supervision for
each prediction result from multiple input modalities, yields
+0.8% performance gain compared to a single supervised
loss for RGB-thermal pairs (i.e., Baseline).

Also, applying complementary random masking CRM
brings +0.4% performance improvement by pushing the
network to segment and classify objects even when partially
occluded inputs are provided. The self-distillation losses
for complementary and non-local representation (LSDC and
LSDN ) are getting +0.3% and +0.2% improvement, respec-
tively. LSDC aims to make the network learn to extract

complement representation when one modality information is
missing. LSDN aims to make each modality extract robust
representation to segment objects based on their non-local
context rather than local features. Lastly, when all compo-
nents are combined together, we get +1.7% performance
improvement compared to the Baseline model.

1) Complementary Random Masking: We study vari-
ous types of complementary masking strategies, as shown
in Fig. 5 and Tab. III-(b). Square masking randomly masks
a square area with half the height and width of the image in
a random position. Patch masking randomly masks half an
image (i.e., 0.5 ratios) with patches of different sizes (e.g.,
8, 16, 32, 64).

Generally, complementary random masking shows better
performance than the Baseline model. But, the patch size
or masking scheme seems to be importnat for network per-
formance. For example, the complementary random square
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(a) RGB/THR images (b) Random square (c) Random patch (8) (d) Random patch (16) (e) Random patch (32) (f) Random patch (64)

Fig. 5: Illustration of various complementary masking strategies. Square masking randomly masks a square area with
half the height and width of the image in a random position. Patch masking randomly masks half an image (i.e., 0.5 ratios)
with patches of different sizes (e.g., 8, 16, 32, 64).

TABLE III: Ablation study on MFNet dataset [11]. We
conduct an ablation study of the proposed method and
various masking strategies. Swin-S backbone is used for
ablation study.

(a) Ablation study of loss functions

Method LMWS CRM LSDC LSDN mIoU
Baseline 59.5

(1) ✓ 60.3
(2) ✓ ✓ 60.7
(3) ✓ ✓ ✓ 61.0
(4) ✓ ✓ ✓ 60.9

Ours ✓ ✓ ✓ ✓ 61.2

(b) Ablation study of complementary masking strategies

Method Square Patch (8) Patch (16) Patch (32) Patch (64)

mIoU 59.7 59.8 60.8 61.2 61.1

masking may hinder learning non-local representation from
LSDN loss by masking out a wide area. Similarly, too
tiny patch size is also undesirable to learn complementary
representations for each modality. Generally, random patches
over a certain size show higher performance. Empirically, we
found that patch size 32 shows the best performance.

V. CONCLUSION

In this paper, we have proposed a complementary random
masking strategy and self-distillation loss for robust and ac-
curate RGB-Thermal semantic segmentation. The proposed
masking strategy prevents over-reliance on a single modality.
It also improves the accuracy and robustness of the neural
network by forcing the network to segment and classify
objects even when one modality is partially available. Also,
the proposed self-distillation loss encourages the network to
extract complementary and meaningful representations by
enforcing class prediction consistency between clean and
masked RGB-thermal pairs. Based on the proposed method,
we achieve state-of-the-art performance over three RGB-T
semantic segmentation benchmarks.
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