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Highlights

What are the main findings?

e The use of HDR images with multi-exposure and feature extraction for road marking semantic
segmentation efficiently enables pixel-wise classification on driving images under adverse weather.

e A comprehensive dataset specifically designed for road marking segmentation is introduced,
providing a valuable resource for evaluating and improving HDR-based semantic segmentation
under different illumination conditions.

What is the implication of the main finding?

¢ It is feasible to modify the baseline segmentation architecture to better leverage rich features of
HDR images with adversarial training and self-training to enhance driving scene understanding
tasks.

¢ The HDR dataset serves as a benchmark for future research in semantic segmentation under various
weather conditions.

Abstract

Accurate detection and localization of traffic objects are essential for autonomous driving tasks such
as path planning. While semantic segmentation is able to provide pixel-level classification, existing
networks often fail under challenging conditions like nighttime or rain. In this paper, we introduce a
new training framework that combines unsupervised domain adaptation with high dynamic range
imaging. The proposed network uses labeled daytime images along with unlabeled nighttime HDR
images. By utilizing the fine details typically lost in conventional SDR images due to dynamic range
compression, and incorporating the UDA training strategy, the framework effectively trains a model
which is capable of semantic segmentation across the adverse weather conditions. Experiments
conducted on four datasets have demonstrated substantial improvements in inference performance
under nighttime and rainy scenarios. The accuracy for daytime images is also enhanced through
expanded training diversity. Source code is available at https:/ /github.com/ZackChen1140/RMSeg-
HDR.

Keywords: driving assistance system; deep learning; semantic segmentation; unsupervised domain
adaptation; high dynamic range image; intelligent vehicle

1. Introduction

Semantic segmentation performs pixel-level classification to achieve precise description of object
locations and boundaries in an image. By creating dense and structured scene representations, it
establishes a core function for advanced perception modules in autonomous systems. When integrated
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to advanced driver assistance systems, semantic segmentation is capable of understanding traffic
scenes such as lane lines, road markings, and drivable areas. Among these, road marking segmentation
is to identify traffic regulations on the road surface, including lane dividers, arrows, and crosswalks,
etc., through pixel-wise classification. Precise detection of road markings enhances the stability of
ADAS functions, such as lane departure warning, lane keeping, and automatic parking. Furthermore,
it provides robust ground image features for accurate localization.

However, achieving semantic segmentation in autonomous driving remains challenging due
to diverse real-world factors. First, the variation of traffic regulations in different countries leads to
inconsistent road marking patterns, limiting the model generalization across domains. Second, traffic
objects such as lane lines and symbols are typically small appeared in images, making accurate pixel-
level segmentation difficult. Third, the environmental conditions, including nighttime and rain, often
degrade the visibility and increase the recognition uncertainty. On the other hand, recent advances on
computation hardware, particularly GPU, TPU, and NPU, enable efficient deployment of deep neural
networks on edge devices, facilitating real-time perception and inference.

Semantic segmentation has been developed with deep learning since Long et al. introduced fully
convolutional networks (FCNs) for end-to-end dense prediction [1]. The subsequent architectures
have further enhanced feature representation and contextual reasoning, improving segmentation
robustness under complex traffic and weather conditions. Despite the recent progress, most existing
investigation on semantic segmentation in traffic scenes primarily targets clear and daytime conditions,
while performance under adverse weather still remains limited. The current networks typically rely on
supervised learning. It requires large-scale, annotated datasets, which are available for daytime images
but insufficient for nighttime or rainy scenes. The scarcity arises from degraded image quality and
difficulty of consistent annotation under poor lighting conditions. As a result, model generalization
across diverse weather and various illumination remains inadequate.

This paper presents a segmentation framework trained with high dynamic range (HDR) images
to enhance robustness under diverse illumination conditions. HDR imaging expands the exposure
dynamic range, enabling more accurate representation of both bright and dark regions in the real scene.
Characterized by a color depth of 10 bits or higher, HDR images effectively mitigate the distortions
from overexposure, underexposure, and low-light noise. To improve cross-domain generalization,
unsupervised domain adaptation (UDA) is employed to transfer knowledge from a labeled source
domain to an unlabeled target domain. In this study, clear daytime images serve as the source domain,
while adverse weather or nighttime images represent the target. By leveraging UDA and HDR, the
network achieves consistent semantic segmentation performance across varying illumination and
weather conditions, reducing the dependency on extensive manual annotation.

Built upon SegFormer [2], we modify the network architecture for optimizing the feature utiliza-
tion from HDR images. The proposed technique employs UDA to transfer knowledge from labeled
daytime data to unlabeled weather domains, and achieves robust segmentation results across diverse
scenarios. Our HDR-based Dual-Path SegFormer is trained and validated using daytime HDR datasets
to establish baseline performance. Subsequently, UDA strategies including adversarial learning, self-
training, and self-training-based class mixing are incorporated to enhance cross-domain adaptation.
They are employed to improve the segmentation robustness under varying weather conditions while
preserving class balance and stability during training. The main contributions of this paper are as
follows.

*  We develop a road marking segmentation model capable of accurate pixel-wise classification on
HDR images.

e  We demonstrate the feasibility of using HDR images for semantic segmentation under adverse
weather.

e The effectiveness of the ClassMix approach for training semantic segmentation model on HDR
driving images is verified.

e We establish a new HDR driving dataset for road marking segmentation benchmarking.
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2. Related Work

The related work contains three topics: semantic segmentation tasks, unsupervised domain
adaptation, and HDR imaging. In discussion of semantic segmentation, it delves into a subtask
relevant to autonomous driving: semantic segmentation of road markings. Except for the studies that
directly train with HDR images, we also review multi-exposure related techniques.

2.1. Semantic Segmentation

Semantic segmentation is an essential computer vision task. While conventional image classifi-
cation assigns a single label to an entire image, it classifies every pixel in the image. This allows to
describe the object boundary in fine detail, providing both the category of each object in the scene
and the associated pixel regions. Most recent semantic segmentation methods are based on deep
neural networks. Early approaches mainly rely on CNNs, that enhance feature extraction through
convolution operations on images [3,4]. More lately, Transformer-based architectures have become the
dominant research trend. Since Dosovitskiy et al. [5] demonstrate that Transformer is able to achieve
superior classification performance by splitting images into patches, and arranged as sequences of
vectors for training, its potential in vision applications has been widely recognized. However, the
inherent requirement of significant computation resource makes the Vision Transformers difficult to
deploy for more complex tasks. Later variants such as Swin Transformers [6,7] are still not able to
achieve real-time segmentation in ADAS systems.

To address these limitations, Xie et al. proposed SegFormer [2], which reduces the computational
cost of ViT by modifying its backbone network into Mix Transformer and introducing several other
improvements. They have demonstrated superior semantic segmentation performance on multiple
datasets while maintaining excellent inference speed. Hou et al. [8] proposed a knowledge distillation
approach called Inter-Region Affinity Knowledge Distillation (IntRA-KD). They decompose the road
scene images into different regions labeled as nodes, and then construct an inter-region affinity graph
based on similarities in feature distributions among those nodes. This enables a lighter student
network to learn the more complex features extracted by the teacher network more effectively. Wu
et al. introduced a multiscale attention-based dilated CNN [9]. Without increasing the number of
parameters, it captures broader semantic information and effectively handles the diverse sizes and
shapes of road markings. Hsiao et al. [10] proposed a multi-task model incorporating both semantic
segmentation and lane detection by leveraging cross-dataset and cross-task learning, using only single
or task-limited datasets.

2.2. Unsupervised Domain Adaptation

Most current semantic segmentation studies focus on clear, daytime environments. Although
some researchers investigate domain adaptation for more challenging conditions [11-14], it still
predominantly relies on SDR images. Nevertheless, we can still adopt and apply to HDR-image-
based model training. In the UDA, self-training involves an iterative process where a source-trained
Teacher Network generates pseudo-labels for the target domain, which are used to train a Student
Network. Updated weights from the Student Network are transferred to the Teacher Network, enabling
progressive adaptation. However, inaccurate pseudo-labels can introduce confirmation bias, making
verification mechanisms necessary.

Hoyer et al. investigated SegFormer-based self-training with several works. DAFormer [11] aug-
ments the SegFormer with an Atrous Spatial Pyramid Pooling (ASPP) module [15] and an Exponential
Moving Average (EMA) strategy. HRDA [12] extends DAFormer with joint high-/low-resolution
processing to capture the fine detail, while MIC [13] further incorporates a Mask Consistency Loss.
SePiCo [14] applies Class-Balance Cropping to improve performance on rare categories and show
generalizability across networks such as DeepLabv2 [15] and DAFormer. Although they perform well
on benchmarks such as Cityscapes—Dark Zurich, many rely on the computationally heavy backbones
(e.g., MiT-B5), limiting their practicality for real-time ADAS deployment.
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Adversarial training, also known as domain alignment, uses a loss function to encourage a model
to learn domain-invariant features. This is typically achieved using a Gradient Reversal Layer (GRL)
and a Domain Discriminator. The model attempts to produce similar feature distributions across
domains, while the Discriminator tries to identify the domain origin of each feature map, which forms
the Min—Max optimization process reminiscent of GANSs [16]. Vu et al. [17] introduced a Domain
Discriminator combined with a minimum-entropy objective to mitigate low-confidence predictions.
Wang et al. [18] advanced this idea through pixel-level domain discrimination, referred to as Fine-
Grained Adversarial Learning. Recently, Cai et al. [19] applied SegFormer with unsupervised domain
adaptation. By incorporating rare-class sampling, they present a road-marking semantic segmentation
model on the multi-weather RLMD-AC dataset [20]. Their model demonstrated strong generalization
across diverse weather conditions.

ClassMix is a data augmentation technique which crops and pastes object classes between images
to increase data diversity and mitigate class imbalance. Introduced by Olsson et al. [21], it has been
widely employed in self-training to enhance target-domain variability. Later work, such as DACS
[22] and HRDA [12], extended ClassMix into Cross-Domain Mixed Sampling, further enriching data
diversity by applying it to both source and target domains. In this research, we employ the core idea
of adversarial training and draw inspiration from Fine-Grained Adversarial Learning. The pixel-wise
domain discrimination is performed with our modified SegFormer framework.

2.3. Hight Dynamic Range Image

With technology advances, high dynamic range images have become much easier to obtain. By
improving the image quality directly from the sensing devices, it is possible to enhance the feature
extraction capabilities of deep neural networks. In the ADAS related work, many studies utilize
the characteristics of HDR image, specifically the ability to preserve details in both high- and low-
brightness regions, for model training. Wang et al. [23] developed an HDR-based deep learning
model and the training framework capable of detecting vehicle’s brake lights more accurately. The
HDR-based approach is also adopted for traffic light recognition [24]. Kocdemir et al. [25] used HDR
images to address the instability issue in conventional images, solving recognition failures which occur
in traffic scenes with strong backlighting or overexposed regions.

As the HDR imagery grows the popularity in traffic object detection, researchers begin to explore
its potential for traffic-scene semantic segmentation. Weiher employed HDR images captured in virtual
environments, converted them to a realistic style, and used to train a semantic segmentation model,
which demonstrates the feasibility of using synthetic HDR image for the task [26]. Huang et al. [27]
used HDR images from the Cityscapes dataset to simulate multiple exposures, generating several
SDR images for feature extraction and fusion. It shows strong improvements for several classes in
Cityscapes. Beyond using HDR to improve feature extraction, some studies have proposed adjusting
image exposure to obtain richer features from a single image. Singh et al. [28] introduced an approach
that simulates multi-exposure adjustments on a single standard image. This enables the model to
extract features across multiple exposure levels, improving object detection performance in dark
regions.

Onzon et al. proposed a different perspective and approach compared to traditional methods
[29]. Conventional methods typically fuse multiple exposure images into a single HDR image using
an image signal processor (ISP) before performing object recognition. Since this fusion is usually
optimized for human visual perception, it can lead to the loss of critical data for deep neural networks.
To address this, they extract features from each exposure image separately and fuse them using the
“local cross-attention fusion” method before feeding the result into the detection head for end-to-end
object recognition. This method eliminates the need to synthesize a single HDR image and instead
directly fuses semantic features from images with different exposures.
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3. Method

To deal with semantic segmentation under adverse weather conditions with limited annotated
images, this paper presents a UDA-based, end-to-end framework. The proposed network aims to
mitigate domain shift between labeled daytime data and unlabeled nighttime and rainy data. More
specifically, our architecture incorporates the multi-exposure feature extraction, self-training, and
adversarial learning to enhance its robustness and generalization across the illumination changes and
weather conditions without the additional annotation on target-domain data. As illustrated in Figure 1,
the network model comprises multiple parallel operating modules to optimize domain adaptation and
segmentation performance.

Student Network

/y}
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L EMA Weights
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Process 1 ﬂ/ T

/ Teacher Network

Figure 1. This architecture uses High Dynamic Range (HDR) imaging with multi-exposure feature extraction
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to reduce information loss in bad weather. It minimizes differences between clear daytime and challenging
conditions (night/rainy) by adjusting brightness and employing concurrent self-training and adversarial training
in an end-to-end framework.

3.1. Multi-Exposure Feature Extraction for HDR Images

The proposed semantic segmentation network extends SegFormer to improve feature extraction
robustness under varying illumination conditions. Multiple SegFormer encoders are employed in
parallel to extract the multi-exposure representations from the same input image across different
exposure variants. This process produces multiple sets of feature maps which are then integrated
into a feature fusion sub-module designed for cross-exposure aggregation and channel compression
to reduce the computation while preserving discriminative information. As shown in Figure 2, the
input undergoes a series of exposure adjustments, including Gamma correction and log transform,
to generate diverse exposure images. They are then processed independently by the corresponding
encoders to extract multi-exposure, multi-scale feature maps for downstream fusion and segmentation.

To extract both global and local image characteristics, decoders generate multiple feature maps of
varying dimensions. For efficient merge of these maps, especially identically-sized maps from different
decoders, both sets are fed into a feature fusion sub-module (see Figure 3). In this sub-module, feature
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maps with matching spatial dimensions are first concatenated and then passed through separate
multi-layer perceptrons for channel compression. This step enables effective feature blending and
alignment of channel dimensions across scales. The smaller feature maps are then upsampled to match
the largest one, and all maps are concatenated before being forwarded to the decoder.

R
Process 1 Encoder 1
> :
- ~ I;eat_ure Decoder
Dataset Sl
Encoder2  |—
- A
AEEEESSE > Encoder3 [ —
HECEESEE>»| Encoderd [ —

Figure 2. Structure of feature fusion module. This module performs feature fusion on feature maps originating
from different decoders. After fusion, the unified features are appropriately scaled and then fed into the decoder.
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b J

-

Figure 3. Structure of feature fusion module. This module performs feature fusion on feature maps originating
from different decoders. After fusion, the unified features are appropriately scaled and then fed into the decoder.

3.2. Source Domain Supervised Training

This module is trained using source domain data which has been extensively annotated for
semantic segmentation. In the source domain, image brightness distributions of conventional images
are generally less extreme, and local brightness variations are relatively simple compared to those
images in the target domain. Furthermore, the overall image quality remains consistently high. As
a result, this module utilizes conventional images for transfer learning, consistent with the common
pre-training practices.
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The proposed HDRSeg-UDA model is based on SegFormer. To enable the network to extract
multi-exposure features in the target domain and enhance its feature extraction capability for the
images with varying brightness distributions, we incorporate two SegFormer encoders. These encoders
extract features from two images separately with different brightness, and then generate two sets of
feature maps to feed into the fusion sub-module for integration. The training of this module utilizes a
pixel-wise cross-entropy loss function given by

(i) E limmnc) :
1= 35 3 g
m=1n=1c=1 (l)

W H C . .
=— 2 2 Zyg’m’"’c) log Dec¢(Enc¢(xé’)))(m’”'c)

m=1n=1c=1
where xg) represents the i-th image from the source domain, Ency and Decy denote the encoder and
decoder of SegFormer, respectively. ¢ signifies the weights trained using the source domain data. 5%
represents the predicted segmentation map inferred by the model, while yéi)denotes the ground truth.
Finally, H and W represent the height and width of the image, respectively, and C denotes the number
of classes.

To enable both decoders to extract distinct image features, the same image undergoes preprocess-
ing to yield two versions with different brightness distributions. This requires a nonlinear adjustment
of the image’s brightness values, which ensures each emphasizes different luminance characteristics.
Thus, we employ exponential and logarithmic functions in this work for nonlinear contrast stretching.
The image intensity value subject to exponential contrast stretching accentuates the bright region,
while the intensity value processed with a logarithmic function highlights darker feature variations.

The computations for the exponential and logarithmic functions are given by

Xexp = X"
~ log(14 Bx) 2)
Hlog = max(log(1+ Bx))

where « and f are parameters which control the exponential and logarithmic function curves.

3.3. Target Domain Unsupervised Training

The proposed technique utilizes unlabeled HDR images for training. Since direct image annota-
tions are not available, we employ a separate network model with the identical structure to perform
inference on the target domain images and generate pseudo-labels. The pseudo-labels serve as supervi-
sion for the original network during its training on the target domain (see Figure 1). Subsequently, the
network responsible for producing pseudo-labels in the target domain and the network undergoing
domain-specific training are referred to as Teacher and Student Networks, respectively. The generation
of pseudo-labels is given by

SGmmc) 1, ¢ =argmax, Dec¢(Enc¢(x(Tj)))(’”'”'C)
Yr = () 3)

0, ¢ # argmaxc Decy(Ence(xy))mme)
where x(Tj ) denotes the j-th image from the target domain. Encg and Decy represent the SegFormer
encoder and decoder, respectively, where 0 indicates the weights of the Teacher Network. /7 denotes
the pseudo-labels generated by the Teacher Network.

While the Teacher Network’s inference capabilities on target domain images are limited, the
pseudo-labels cannot substitute ground truth annotations completely. Consequently, it is crucial to
apply additional constraints to prevent the confirmation bias. Otherwise, the model would update
its weights based on erroneous pseudo-label annotations. In this paper we introduce a confidence
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Figure 4. The structure of domain dirscriminator. This architecture incorporates a domain discriminator. Through

y

an adversarial process between the semantic segmentation encoder and the domain discriminator, the encoder’s
feature extraction capabilities for both source and target domain images are compelled to converge, achieving a
more consistent representation across domains.

threshold € when computing the pixel-wise cross-entropy loss between the Student Network’s pre-
dicted map and the Teacher Network’s pseudo-labels. The threshold effectively acts as a mask for
pseudo-labels:

1, max, Dece(Encf)(x(Tj)))(mr”'C) >e

MUmn) — ‘
0, max, Dece(EnCQ(x(T])))(mr"/C) <e

(4)

If the confidence for all classes at a given pixel in the predicted map does not meet the criterion, the
loss is considered.
Finally, the loss function in target domain is calculated by

y ©
log 77" M( ) log Dece(Enw(x(T] ) me)
()

where x;’ represents the j-th image from the target domain, Ency and Decg denote the SegFormer

()

encoder and decoder, respectively. 8 indicates the weights of Teacher Network. 7’ is the predicted
segmentation map inferred by the model, while y(Tj ) represents the label derived from the pseudo-label
y(T) and the confidence threshold mask M),

To training a model with robust inference capabilities across both domains, it is crucial for sharing
the weights ¢ of Student Network to Teacher Network. It ensures Teacher Network can derive more
accurate and stable pseudo-labels. In self-training research, there are two common methods to update
the weights 8 of Teacher Network. The classic approach is to replicate the weights of Student Network
directly to Teacher Network, and makes Student as Teacher Network for the next iteration. The other
approach is to allow the weights of Teacher Network to gradually converge towards the target domain.
In this method, the weights of both Teacher Network and Student Network are combined through a
weighted sum to update Teacher Network for the next iteration. We compute using EMA given by

eiter < aeiterfl + (1 - ‘X)(Piterfl (6)

where « represents the exponentially decay weight, and iter denotes the iteration count.
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3.4. Domain Discrimination Training

To facilitate more effective domain shift, beyond the gradual adaptation achieved through self-
training, we utilize adversarial learning to fine-tune the model weights. Building upon the supervised
learning framework, we develop a pixelwise binary classification decoder by incorporating a domain
discriminator, as depicted in Figure 4. The domain discriminator is to infer which domain a given
feature map originates from. However, an ideal cross-domain semantic segmentation encoder should
produce feature maps that are indistinguishable, regardless of their source domain. Since our domain
discriminator is given as a binary classification decoder, the pixelwise binary cross-entropy loss

LW — —log(1—d¥) —logd))

0 () @
= —log(1 — Dis(Enc(x;’)) — log(Dis(Enc(x}’))

)

generated by the domain discriminator after feature extraction from i-th source domain image and

is employed, where Dis is the domain discriminator, dgi and d%Tj) denote the discrimination maps
j-th target domain image, respectively. In Eq. (8), the source domain is labeled as zero, and the target
domain is labeled as one.

Finally, by combining the self-training and adversarial training approaches as illustrated in Figure
1, the loss function for the domain discriminator is written as

L%l = —log(1— déi)) - logd%T]))

(i) () ®)
= —log(1 — Dis(Ency(xg’)) — log(Dis(Ence(x{’))

4. Experiment
4.1. Datasets

We employed two publicly available semantic segmentation datasets, Cityscapes [30] and
BDD100K [31], and three public road marking datasets: CeyMo [32], VPGNet [33], and RLMD [33]
with the extension RLMD-AC [19]. A major challenge is the lack of HDR images, which are essential
for the proposed method, as most datasets (except Cityscapes in clear daytime) provide only 8-bit SDR

images. To address this issue, we adopt SingleHDR [34] to reconstruct 32-bit HDR images from single
SDR inputs. The resulting images are then stored with 24-bit color depth.

4.1.1. Cityscapes

It is a large-scale urban dataset for semantic segmentation, also providing 16-bit native HDR
images (only for clear daytime scenes), The images in this dataset are used as the daytime testing set.

4.1.2. BDD100K

The dataset for large-scale autonomous driving, which covers diverse scenes and weather (day-
time, nighttime, rainy). Its subset BDD10K provides 19 semantic classes, manually classified into
different weather conditions. All rainy and nighttime images are designated for testing, while daytime
images are combined with Cityscapes for training. BDD100K images without annotation are used for
augmentation via UDA after being converted to HDR format.

4.1.3. CeyMo

A road marking semantic segmentation dataset collected in Sri Lanka, covering urban, suburban,
and rural in daytime, nighttime, and rainy conditions, contains 11 symbolic road marking annotations.

4.1.4. VPGNet

The dataset is for lane line and road marking perception, collected in South Korea. It provides
annotations for 18 types of markings with four weather conditions consolidated into three (combining
rainy and heavy rain).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.1.5. RLMD-AC

It is a dataset collected in Taiwan, providing annotated training sets for daytime, and testing sets
for various weather conditions, along with unlabeled nighttime and rainy training images. Additional
nighttime HDR images are added to the RLMD-AC nighttime training and testing sets to better
evaluate the generalization of our method on native HDR data.

4.1.6. Evaluation Metric

In all experiments conducted across the datasets, we employ Mean Intersection over Union (mloU)
as the main evaluation metric. It is important to note that some classes in the BDD10K, CeyMo, and
VPGNet datasets are not available in their nighttime or rainy subsets. For these cases, the calculation
of mloU directly excludes these unrepresented classes.

4.2. Implementation

This work modifies the SegFormer architecture as its foundational framework. We employ two
encoders of the identical network structure to MiT-B0. This dual-encoder setting allows the model to
receive two input images derived from the same source but subjected to different preprocessing. In the
feature fusion module (see Figure 3), our implementation modifies the input dimension of the first
multi-layer perceptron within the decoder. This modification enables the present of feature maps with
twice the original number of channels. Subsequently, the number of channels in these feature maps is
compressed back to the original. Finally, the resulting model has approximately 1.93 and 0.52 times
the number of parameters in SegFormer-B0 and SegFormer-B1, respectively.

We incorporate ClassMix, as discussed in Section 2.2, into our data augmentation strategy. Further-
more, the approach by Tranheden ef al. [22], which extends ClassMix beyond mixing exclusively within
the target domain is also adopted. However, we observe that using low-confidence pseudo-labels
generated during the early training stages with ClassMix often results in incomplete class mixing. To
address this issue, our ClassMix strategy is modified to focus on mixing data from the source domain
during the initial training phase. As the model training stabilized, we then shift to predominantly
mixing data in the target domain.

4.3. Results

The experimental results and comparison with state-of-the-art techniques are shown in Table 1.
Compared to the baseline methods (SegFormer [2] and MIC [13]), HDRSeg-UDA shows the best mIoU
except the nighttime images in Cityscapes and BDD100K datasets. The consistent improvements on
domain changes from clear to night, rainy, and mixed scenarios have validated the effectiveness of our
HDR-based UDA framework for multi-weather semantic segmentation. An important finding is the
substantial improvement in inference observed under adverse weather, which suppresses the typical
degradation of model accuracy in such challenging conditions.

This successful knowledge transfer is attributed to the ability of the UDA framework to adapt
semantic understanding from labeled daytime (source) images to unlabeled adverse-weather (target)
domains. Moreover, the accuracy is also increased on daytime datasets. This demonstrates that our
proposed multi-exposure feature extraction module (i.e. Dual-Path SegFormer) designed to exploit
HDR inputs yields more robust and stable features even under normal illumination. The experiments
on multiple datasets with adverse weather, including Cityscapes, BDD100K, CeyMo, VPGNet, and
RLMD-AC, show our integrated training approach leveraging self-training and adversarial training
mechanisms is a highly generalizable semantic segmentation model.
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Table 1. The comparison of our HDRSeg-UDA with state-of-the-art methods. The performance is reported as

mloU in %.
Cityscapes & BDD100K CeyMo
Task Method
clear 1 night 1 rainy T | cleart night? rainy 1
. Baseline - - - 71.33 36.29 -
Clear — Night
HDRSeg-UDA - - - 76.99 75.44 -
Baseline - - - 71.33 - 61.70
Clear — Rainy
HDRSeg-UDA - - - 76.42 - 80.56
Baseline 57.83 21.47 34.74 71.33 36.29 61.70
Clear — Mixed MIC [13] 61.22 29.18 38.73 68.28 59.12 73.68
HDRSeg-UDA 65.55 28.33 40.13 77.03 74.55 79.21
VPGNet RLMD-AC
Task Method
clear 1 night 1 rainy T | cleart night? rainy
) Baseline 33.98 29.29 - 52.36 28.53 -
Clear — Night
HDRSeg-UDA 34.01 3291 - 55.99 37.72 -
i Baseline 33.98 - 29.59 52.36 - 32.32
Clear — Rainy
HDRSeg-UDA 34.35 - 36.82 53.83 - 37.79
Baseline 33.98 29.29 29.59 52.36 28.53 32.32
Clear — Mixed MIC [13] 32.79 23.15 30.75 53.03 35.43 39.60
HDRSeg-UDA 35.80 35.58 37.28 57.88 40.06 40.93

(a) Image

(b) Ground Truth

Figure 5. Cont.
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(c) Baseline

(d) HDRSeg-UDA

Figure 5. The results for the target domain on the RLMD-AC dataset.

4.4. Ablation Study

To assess the contribution of each component of HDRSeg-UDA, the ablation experiments are
conducted on the RLMD-AC dataset to evaluate the Dual-Encoder, Triple-Encoder, Self-Training,
Discriminator, and ClassMix modules, as tabulated in Table 2. We further examine the impact of HDR
imagery by comparing model performance when trained and tested with SDR versus HDR images. As
the evaluation tabulated in Table 3 for Cityscapes and RLMD-AC datasets, the effectiveness of each
key component, including the UDA techniques (self-training and adversarial training) and the use of
high-bit-depth HDR data, highlights the overall robustness of the integrated approach across multiple
image datasets.

Table 2. Contribution of each submethod in the RLMD-AC CLEAR—NIGHT task. The performance is reported
as mloU in %.

Method Clear © Night? Rainy{
Baseline 52.62 25.68 32.86
Base + Dual-Encoder 53.47 25.58 33.63
Base + Triple-Encoder 54.12 29.06 33.53
Base + DE + Self-Training 54.67 26.27 36.52
Base + DE + ST + Discriminator 54.97 31.66 38.04
Base + DE + ST + Dis + ClassMix 57.88 40.06 40.93
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Table 3. Contribution of different bit depths in our architecture.
Datasets Weather SDR (8-bit) 1 HDR (16/24-bit) 1
Cityscapes Clear 62.09 65.55
RLMD-AC Night 29.30 32.26

5. Conclusions

This paper presents a new training framework that enhances semantic segmentation for au-
tonomous driving, particularly in challenging nighttime and rainy conditions. By incorporating HDR
imagery with UDA techniques (self-training and adversarial training), our proposed HDRSeg-UDA
leverages labeled daytime images and unlabeled nighttime HDR data effectively. The integration
of the HDR feature representation with UDA generalization capabilities results in a robust model
exhibiting excellent road marking segmentation under different scanarios. Experiments conducted on
four adverse weather datasets have demonstrated the substantial improvements in inference accuracy
on both nighttime and rainy weather conditions, and also yielding a notable boost in accuracy on
daytime scenes.
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Abbreviations

The following abbreviations are used in this manuscript:

TLD Traffic Light Detection
C21I Car-to-Infrastructure
CNN Convolutional Neural Network

SOTA State-Of-The-Art
SimAM  Simple Attention Module

ECA Efficient Channel Attention Mechanism
CIoU Complete Intersection of Union
EloU Efficient Intersection of Union

HSM Hard Sample Mining
GFLOPs  Giga Floating-point Operations Per Second
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