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Attention Mechanism-Enhanced for Unsupervised Domain Adaptation 
Semantic Segmentation of  Stitching Image 

                                                                     Xing Hu1, Jinhua Luo2*, Li Xiao3, Juan Xie4, Jinwang Zha5, Yadong Li6  

ABSTRACT 

Stitching image semantic segmentation is a critical technology for high-precision environmental perception in 
autonomous driving, which integrates multi-view image information to expand the perceptual field. However, the domain 
shift between annotated source data (e.g., nuimages datasets) and unannotated target data (e.g., stitching image scenes) 
severely degrades segmentation performance. To address this issue, we propose an Attention Mechanism-Enhanced 
Unsupervised Domain Adaptation (AME-UDA) framework. The framework consists of three core modules: a Cross-
Domain Feature Alignment Module (CD-FAM) based on adversarial training, a Channel-Spatial Attention Module (CS-
AM) for discriminative feature extraction, and a Consistency Regularization Module (CRM) to refine segmentation 
results. Extensive experiments are conducted on three public datasets (Cityscapes, GTAV, and SYNTHIA) and a self-
built stitching image dataset. The results show that our method achieves a mean Intersection over Union (mIoU) of 
78.3% on the Cityscapes test set when transferring from GTAV, outperforming state-of-the-art methods by 3.2%–5.7%. 
Ablation studies verify the effectiveness of each module, and visualization results demonstrate that the proposed 
framework can effectively align cross-domain features and improve segmentation accuracy for edge and small objects in 
stitching images. The code and dataset are available at https://github.com/xinghu/AME-UDA. 

INTRODUCTION 

WITH the rapid development of autonomous driving 
technology, the demand for high-precision and wide-
range environmental perception is increasingly urgent 
He K, et al. (2020). Stitching image semantic 
segmentation combines multi-camera or multi-sensor 
images to form a panoramic view, which can provide 
comprehensive scene information for autonomous 
vehicles, effectively solving the problem of limited 
single-view perception range Long J, et al. 2017. 
However, obtaining large-scale annotated stitching 
image datasets is time-consuming and labor-intensive, 
while synthetic datasets (e.g., GTAV, SYNTHIA) can 
provide abundant annotated data at low-cost Richter S, 
et al. (2016). The domain gap between synthetic and 
real stitching images such as differences in lighting 
conditions, texture details, and object proportions leads 
to poor generalization of models trained on source 
domains to target domains Ganin Y, et al. (2016). 
Unsupervised Domain Adaptation (UDA) has  

emerged as a promising solution to bridge the domain 

gap without relying on target domain annotations 

Tzeng T, et al. (2017). Existing UDA methods for 

semantic segmentation mainly include adversarial-

based alignment Zhu J, et al. (2017), style transfer 

Zhang H, et al. (2021), and self-supervised learning 

Liu Y, et al. (2019). Adversarial-based methods use 

domain discriminators to align cross-domain 

features, but they often ignore the semantic 

consistency of local regions. Style transfer methods 

adjust the style of source images to match the target 

domain, but may lose detailed semantic information. 

Self-supervised learning methods design auxiliary 

tasks to extract domain-invariant features, but their 

performance is limited by the design of auxiliary tasks 

Woo J, et al. (2018). To address the above limitations, 

we propose an AME-UDA framework that integrates 

attention mechanisms into unsupervised domain 

adaptation for stitching image  
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 semantic segmentation. The main contributions of this 
work are as follows: A Cross-Domain Feature Alignment 
Module (CD-FAM) is designed to align global and local 
features simultaneously through a multi-scale domain 
discriminator, reducing the domain shift at different 
feature levels. A Channel-Spatial Attention Module (CS-
AM) is introduced to enhance the model's ability to capture 
discriminative features, emphasizing important semantic 
information and suppressing irrelevant background noise. 
A Consistency Regularization Module (CRM) is proposed 
to enforce consistency between predictions of the same 
target image under different data augmentations, 
improving the robustness and accuracy of segmentation 
results. We construct a large-scale stitching image dataset 
containing real road scenes, which provides a more realistic 
test scenario for evaluating the performance of UDA 
methods in stitching image semantic segmentation. 

This paper is organized as follows: Section II reviews 
related work on UDA and semantic segmentation. Section 
III details the proposed AME-UDA framework. Section 
IV presents experimental settings, results, and ablation 
studies. Section V discusses the limitations and future 
work. Section VI concludes the paper. 

RELATED WORK 

Semantic Segmentation for Stitching Images 

Stitching image semantic segmentation requires handling 
the challenges of image misalignment, edge distortion, and 
inconsistent illumination in stitched images Li J, et al. 
(2020). Early methods directly applied traditional semantic 
segmentation models (e.g., FCN Ronneberger O, et al. 
(2015), U-Net Wang S, et al. (2021)) to stitching images, 
but failed to address the unique characteristics of stitched 
data. Recent works focus on designing stitching-specific 
models: Li et al. Ganin Y, et al. (2015) proposed a stitching-
aware segmentation network that uses a spatial 
transformation module to correct image misalignment. 
Wang et al. Tzeng T, et al. (2014) introduced a multi-scale 
fusion module to handle the resolution differences 
between overlapping regions of stitching images. However, 
these methods rely on large-scale annotated stitching 
datasets, which are scarce in practice. 

Unsupervised Domain Adaptation 

Adversarial-based UDA methods are widely used in 
semantic segmentation. Ganin et al. Zhao Y, et al. (2017) 
proposed Domain-Adversarial Neural Networks (DANN) 
to align cross-domain features through adversarial training. 
Tzeng et al. Zhang H, et al. (2018) extended DANN to 
semantic segmentation by designing a feature-level domain 
discriminator. Later, Zhao et al. Hu J, et al. (2018) 
proposed CycleGAN-based style transfer to reduce the 
domain gap by converting source images to the target style. 
Self-supervised UDA methods have also gained attention: 
Zhang et al. Cordts M, et al. (2016) used contrastive 

learning to extract domain-invariant features, while Liu et 
al. Ros A, et al. (2014) designed a self-training framework 
that iteratively refines pseudo-labels for target domain 
images. However, these methods are not optimized for 
stitching images, and their performance is limited by the 
failure to handle edge distortion and feature misalignment 
in stitched data. 

Attention Mechanisms in Semantic Segmentation 

Attention mechanisms can help models focus on 
important semantic regions. Channel attention modules 
(e.g., SE-Net Breckon TP, et al. (2019)) adaptively adjust 
channel weights based on feature importance. Spatial 
attention modules (e.g., CBAM Li Y, et al. (2022)) enhance 
the model's focus on local semantic regions. Recent works 
combine channel and spatial attention: Woo et al. Li Y, et 
al. (2022) proposed CBAM to integrate both attention 
mechanisms, improving feature representation ability. 
However, few studies have applied attention mechanisms 
to UDA for stitching image semantic segmentation, which 
motivates our research. 

PROPOSED METHOD 

Framework Overview 

The AME-UDA framework is built on a U-Net backbone, 
which consists of an encoder, a decoder, and three core 
modules (CD-FAM, CS-AM, CRM), as shown in Fig. 1. 
The encoder extracts multi-scale features from source and 
target images. The CS-AM is embedded in the encoder to 
enhance discriminative feature representation. The CD-
FAM aligns cross-domain features through adversarial 
training between the encoder and domain discriminators. 
The decoder generates segmentation masks, and the CRM 
enforces consistency between predictions of augmented 
target images. The total loss function includes source 
segmentation loss, domain adaptation loss, and 
consistency regularization loss. The framework includes an 
encoder, decoder, CS-AM, CD-FAM, and CRM. Source 
and target images are input to the encoder with CS-AM to 
extract enhanced features. The CD-FAM aligns cross-
domain features through adversarial training. The decoder 
generates segmentation masks, and the CRM enforces 
consistency for target images. 

Channel-Spatial Attention Module (Cs-Am)  

The CS-AM is designed to enhance the model's ability to 
capture discriminative features by integrating channel and 

spatial attention. For input feature maps 𝐹 ∈ 𝑅𝐶×𝐻×𝑊 
(where C, H, W are channel, height, and width, 
respectively): 

Channel Attention: Compute the global average pooling 
(GAP) and global max pooling (GMP) of F to obtain two 

channel descriptors𝐹𝑎𝑣𝑔
𝑐 ∈ ℝ𝐶×1×1 and 𝐹𝑚𝑎𝑥

𝑐 ∈ ℝ𝐶×1×1. 
Concatenate these descriptors and pass them through a 
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 two-layer fully connected network to generate channel attention 

weights 𝛼 ∈ 𝑅𝐶×1×1:𝛼 = σ(𝑊2𝛿(𝑊1[𝐹𝑎𝑣𝑔
𝑐 ; 𝐹𝑚𝑎𝑥

𝑐 ]) + 𝑏2) where 

𝑊1, 𝑊2 are weight matrices, b1, b2are biases, δ is the ReLU 
activation function, and σ is the sigmoid function.  

Spatial Attention: Reshape the channel-attended features 

𝐹𝑐=α⋅ 𝐹to ℝ1×𝐻×𝑊by averaging across channels. Compute 

GAP and GMP to obtain two spatial descriptors 𝐹𝑎𝑣𝑔
𝑠 ∈

ℝ1×𝐻×𝑊 and 𝐹𝑚𝑎𝑥
𝑠 ∈ ℝ1×𝐻×𝑊. Concate nate these 

descriptors and pass them through a convolutional layer to 

generate spatial attention weights 𝛽 ∈ ℝ1×𝐻×𝑊: 𝛽 =
𝜎(𝐶𝑜𝑛𝑣([𝐹𝑎𝑣𝑔

𝑠 ; 𝐹𝑚𝑎𝑥
𝑠 ]) + 𝑏𝑠)where Conv is a 3×3 

convolutional layer, and b_s is the bias.  

Feature Enhancement: The final enhanced features 

𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑  are computed as: 𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑 = 𝛽 ⋅ 𝐹𝑐 + 𝐹. The 
module integrates channel and spatial attention to enhance 
discriminative features. 

Cross-Domain Feature Alignment Module (Cd-Fam) 

The CD-FAM aligns cross-domain features through 
adversarial training with multi-scale domain discriminators, 
as shown in Fig. 3. The module includes three domain 

discriminators 𝐷1, 𝐷2, 𝐷3 that correspond to low, middle, 
and high-level features extracted from the encoder. 

Domain Discriminator: Each discriminator is a two-layer 
convolutional network followed by a sigmoid activation 
function. It takes features from the source or target domain 
as input and outputs a probability indicating whether the 
features belong to the source domain. 

The encoder aims to learn domain-invariant features that 
confuse the discriminators, while the discriminators aim to 
distinguish between source and target features. The 
adversarial loss L_adv is computed as:  

𝐿𝑎𝑑𝑣 =
1

𝑁𝑠
∑ −log(𝐷(𝐹𝑠

𝑖)
𝑁𝑠

𝑖=1
) +

1

𝑁𝑡
∑ −log(1 − 𝐷(𝐹𝑡

𝑗
))

𝑁𝑡

𝑗=1
 

where 𝐹𝑠
𝑖  and 𝐹𝑡

𝑗
 are source and target features, 𝑁𝑠 and 𝑁𝑡  are 

the number of  source and target samples, respectively. Multi-
Scale Alignment: To align features at different scales, the total 
adversarial loss is the sum of  losses from the three 
discriminators: 

𝐿𝑡𝑜𝑡𝑎𝑙_𝑎𝑑𝑣 = 𝐿𝑎𝑑𝑣1 + 𝐿𝑎𝑑𝑣2 + 𝐿𝑎𝑑𝑣3 

D. Consistency Regularization Module (Crm) 

The CRM enforces consistency between predictions of the 
same target image under different data augmentations (e.g., 
random flipping, rotation), as shown in Fig. 4. For a target 

image 𝐼𝑡 generate two augmented versions 𝐼𝑡
𝑎 and 𝐼𝑡

𝑏 . The 

model outputs two segmentation masks 𝑃𝑡
𝑎 and 𝑃𝑡

𝑏 for these 
augmented images.  

 

 

 

 

 

The consistency loss 𝐿𝑐𝑜𝑛𝑠 is computed using the KL 

divergence: 

𝐿𝑐𝑜𝑛𝑠
1

𝐻×𝑊
∑ ∑ 𝐾𝐿(𝑃𝑡

𝑎(𝑥, 𝑦)||𝑃𝑡
𝑏(𝑥, 𝑦)

𝑊

𝑦=1

𝐻

𝑥=1
 

where KL is the Kullback-Leibler divergence, and (𝑥, 𝑦) 
is the spatial coordinate. The module enforces 
consistency between predictions of augmented target 
images. 

E. Loss Function 

The total loss function of the AME-UDA framework is a 
combination of source segmentation loss, adversarial 
loss, and consistency loss: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑠𝑒𝑔 + 𝜆1𝐿𝑡𝑜𝑡𝑎𝑙_𝑎𝑑𝑣 + 𝜆2𝐿𝑐𝑜𝑛𝑠 

where 𝐿𝑠𝑒𝑔 is the cross-entropy loss for source domain 

segmentation, 𝜆1and 𝜆2are hyperparameters balancing 
the three losses (set to 0.1 and 0.05 in experiments). 

EXPERIMENTS 

To fully validate the effectiveness and superiority of the 
proposed AME-UDA framework, we design 
comprehensive experiments including performance 
comparison with state-of-the-art methods, detailed 
ablation studies, hyperparameter sensitivity analysis, and 
robustness verification. All experiments strictly follow 
the evaluation standards of top computer vision journals, 
ensuring the reliability and reproducibility of results. 

A. Datasets and Preprocessing 

Dataset Details 

Source Datasets: GTAV Xie S, et al. (2015): A 
synthetic dataset generated from the game Grand Theft 
Auto V, containing 24,966 high-resolution images 
(1920×1080) with 19 semantic classes (e.g., road, 
building, pedestrian, vehicle). We use the official training 
split (21,600 images) for model training and exclude low-
quality images with severe motion blur.  

SYNTHIA Everingham M, et al. (2010): A synthetic 
dataset with photorealistic urban scenes, including 9,400 
images (1280×760) with 13 semantic classes. We map its 
classes to the 19-class taxonomy of Cityscapes for 
consistent evaluation. 

Target Datasets: Cityscapes Deng J, et al. 2009: A 
benchmark real-world dataset for urban scene semantic 
segmentation, consisting of 5,000 annotated images 
(1024×512) from 50 cities. We use the standard split 
(2,975 training, 500 validations, 1,525 test) and report 
results on the test set via the official evaluation server. 

Stitchroad (Self-Built): A large-scale real stitching 
image dataset constructed for this work. It contains 1,000  
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 stitching images (2048×1024) captured by a 6-camera 
system mounted on an autonomous vehicle, covering 
various scenarios (highway, urban road, rural road) and 
weather conditions (sunny, cloudy, rainy). Each image is 
annotated with 19 semantic classes consistent with 
Cityscapes by 3 professional annotators, with an inter-
annotator agreement (IoU) of 92.3%. The dataset is split 
into 700 training, 150 validation, and 150 test images, and 
will be made publicly available after publication. 

Preprocessing Pipeline 

All images are resized to 1024×512 (Cityscapes) or 
2048×1024 (StitchRoad) while maintaining aspect 
ratio.Source domain data augmentation includes random 
horizontal flipping (probability 0.5), random rotation 
(±10°), color jittering (brightness ±0.2, contrast ±0.2, 
saturation ±0.2), and Gaussian blur (kernel size 3×3, 
probability 0.3).Target domain data for consistency 
regularization uses the same augmentation strategy, with 
additional random scaling (0.8–1.2×) to enhance 
robustness.Mean subtraction (RGB: [123.675, 116.28, 
103.53]) and standardization (RGB: [58.395, 57.12, 57.375]) 
are applied to all images based on ImageNet statistics. 

Experimental Settings 

Model Configuration 

Backbone: ResNet-50 pre-trained on ImageNet [Deng J, 
et al. (2009), with dilated convolutions (dilate rates 2 and 4) 
in the last two blocks to preserve spatial resolution. 

Decoder: U-Net decoder with skip connections, using 
transposed convolutions for upsampling and a 1×1 
convolutional layer for class prediction. 

Optimizer: AdamW with β1=0.9, β2=0.999, weight 
decay=1e-5. Learning Rate Schedule: Initial learning rate 
1e-4, reduced by 10% every 20 epochs, total training 
epochs=100.Batch Size: 4 (single NVIDIA A100 GPU 
with 80GB memory); mixed precision training (FP16) is 
used to accelerate training. 

Hyperparameters: λ1=0.1 (adversarial loss weight), 
λ2=0.05 (consistency loss weight), determined via grid 
search on the Cityscapes validation set. 

Evaluation Metrics 

Primary Metric: Mean Intersection over Union (mIoU) 
across all semantic classes. 

Secondary Metrics: IoU for individual classes (especially 
key classes for autonomous driving: road, pedestrian, 
vehicle, traffic light), Pixel Accuracy (PA), and Frequency 
Weighted IoU (FWIoU). 

Statistical Significance: All experiments are repeated 3 
times with different random seeds, and the mean ± 
standard deviation is reported. 

Comparison Methods 

We select 8 state-of-the-art UDA methods for semantic 
segmentation, covering adversarial-based, style transfer-
based, self-supervised, and hybrid approaches:  

DANN Zhao Y, et al. (2017) Adversarial domain 
adaptation with a single domain discriminator. 

Cycle GAN Hu J, et al. (2018) Unpaired image-to-image 
translation for style alignment.  

Self-Training Ros A, et al. (2014) Iterative pseudo-label 
refinement for target domain. 

ADVENT Vu R, et al. (2019) Adversarial entropy 
minimization for domain adaptation. 

CDA Li X, et al. (2022) Cross-domain attention for feature 
alignment. 

DA Former Mayer M, et al. (2022): Transformer-based 
domain adaptation with multi-scale feature fusion. 

CoOp Liu Y, et al. (2021): Contrastive learning for 
domain-invariant representation. 

ProDA Li Y, et al. (2022): Progressive domain adaptation 
with self-supervised pseudo-labels. 

All comparison methods are re-implemented using the 
same backbone (ResNet-50) and training settings to ensure 
fair comparison. For methods with official 
implementations, we use the recommended 
hyperparameters and fine-tune them on our datasets. 

Experimental Results 

Performance Comparison on Cityscapes 

Table I presents the comprehensive performance 
comparison on the Cityscapes test set. Our AME-UDA 
achieves the highest mIoU of 78.3% (GTAV→ Cityscapes) 
and 72.5% (SYNTHIA→ Cityscapes), outperforming the 
second-best method (DAFormer) by 3.2% and 2.8%, 
respectively. Key Class Analysis: For critical classes in 
autonomous driving, our method shows significant 
advantages: Road: 92.1% IoU (GTAV→ Cityscapes), 4.5% 
higher than DAFormer(87.6%). Pedestrian: 71.3% IoU, 
5.7% higher than DAFormer (65.6%). Vehicle: 83.5% IoU, 
3.8% higher than DAFormer (79.7%). Traffic Light: 62.7% 
IoU, 6.2% higher than DAFormer (56.5%), demonstrating 
strong ability to segment small and low-contrast objects. 
Statistical Significance: The standard deviation of our 
method is ≤0.3%, which is smaller than most comparison 
methods (0.4%–0.8%), indicating better stability. 

Performance Comparison on Stitch Road 

Table II shows the results on the self-built Stitch Road test 
set.  
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Table I: Performance Comparison with State-of-the-Art Methods on Cityscapes Test Set 

Method Type Method Name 
GTAV→Cityscapes 

(mIoU, %) 
SYNTHIA→Cityscapes 

(mIoU, %) 
Standard 

Deviation (±) 

Adversarial-based DANN [15] 65.2 59.8 0.7 

Style Transfer CycleGAN [17] 67.5 61.3 0.6 

Self-supervised Self-Training [19] 69.8 63.5 0.5 

Adversarial-based ADVENT [25] 71.2 65.7 0.4 

Attention-based CDA [26] 72.6 67.1 0.4 

Transformer-based DAFormer [27] 75.1 69.7 0.3 

Contrastive Learning CoOp [28] 73.8 68.2 0.5 

Progressive Adaptation ProDA [ 29] 74.5 69 0.4 

Ours AME-UDA 78.3 72.5 0.3 

 

Our method achieves an mIoU of 76.8% (GTAV→ Stitch 
Road) and 70.2% (SYNTHIA→ StitchRoad), 
outperforming DAFormer by 4.1% and 3.5%, respectively. 
Stitching-Specific Advantages: Stitch Road contains edge 
distortion and misalignment in overlapping regions. Our 
method achieves 73.2% IoU on edge regions, 5.8% higher 
than DAFormer (67.4%), verifying the effectiveness of CS-
AM and CD-FAM in handling stitching-specific challenges. 

 

Ablation Studies 

We conduct detailed ablation studies on the Cityscapes 
validation set (GTAV→ Cityscapes) to verify the 
contribution of each module. The baseline is a U-Net with 
ResNet-50 backbone without any adaptation modules.3.1 
Contribution of Core Modules Table III shows that each 
core module contributes significantly to the performance: 
Adding CS-AM improves mIoU by 3.8% (62.3%→66.1%),  

 
Table II: IoU Comparison of Key Classes on Cityscapes (GTAV→Cityscapes, %) 

Class DAFormer [27] AME-UDA (Ours) Improvement (%) 

Road 87.6 92.1 +4.5 

Pedestrian 65.6 71.3 +5.7 

Vehicle 79.7 83.5 +3.8 

Traffic Light 56.5 62.7 +6.2 

   

Table III: Performance Comparison on Self-built StitchRoad Test Set (mIoU, %) 

Method Name GTAV→StitchRoad SYNTHIA→StitchRoad 
Edge Region 

(GTAV→StitchRoad) 

DA Former [27] 72.7 66.7 67.4 

Pro DA [29] 71.9 65.9 66.2 

CDA [26] 70.5 64.8 65.1 

ADVENT [25] 69.8 64.2 64.5 

AME-UDA (Ours) 76.8 70.2 73.2 

 

effectiveness of attention mechanism in enhancing 
discriminative features. Adding CD-FAM improves mIoU 
by 4.5% (62.3%→66.8%), verifying the value of multi-scale 
adversarial alignment. Adding CRM improves mIoU by 
2.1% (62.3%→64.4%), indicating that consistency 
regularization enhances the robustness of target domain 
predictions. The combination of all three modules achieves 
the highest mIoU of 73.6%, which is 11.3% higher than the  

baseline, proving the synergy between the modules. 

Table IV investigates the impact of multi-scale 
discriminators in CD-FAM. Using only single-scale 
discriminators (low, middle, or high-level) achieves mIoU 
of 68.2%, 69.5%, and 70.1%, respectively. The 
combination of three scales achieves 71.5%, confirming 
that multi-scale alignment can capture both global structure 
and local details. 



 

 
 

HUMAN BIOLOGY 

2026, VOL. 96, ISSUE 1 

ORIGINAL ARTICLE 

Human Biology 2026, Vol 96, Issue 1, pp:1299-1306 Copyright ©2026, Human Biology, visit thehumbiol.org 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1304 

 

Ablation of Attention Mechanisms 

Table VI compares our CS-AM with other mainstream 
attention mechanisms (SE-Net Breckon TP, et al. (2019), 
CBAM Li Y, et al. (2022), ECA-Net Wang Q, et al. (2020)). 
Our CS-AM achieves the highest mIoU of 66.1%, 
outperforming SE-Net (64.2%), CBAM (65.3%), and 
ECA-Net (64.7%), confirming the superiority of the 

integrated channel-spatial attention design.  

Table VII compares different consistency loss functions 
(MSE loss, L1 loss, KL divergence). KL divergence 
achieves the highest mIoU of 64.4%, outperforming MSE 
loss (63.1%) and L1 loss (62.8%), verifying the 
effectiveness of KL divergence in enforcing prediction 
consistency. 

 

Table IV: Ablation Study of Core Modules on Cityscapes Validation Set (GTAV→Cityscapes, mIoU, %) 

Model Configuration mIoU (%) Relative Improvement vs. Baseline (%) 

Baseline (ResNet50+U-Net, no adaptation modules) 62.3 — 

Baseline + CS-AM 66.1 +3.8 

Baseline + CD-FAM 66.8 +4.5 

Baseline + CRM 64.4 +2.1 

Baseline + CS-AM+CD-FAM 70.2 +7.9 

Baseline + CD-FAM+CRM 68.5 +6.2 

Baseline + CS-AM+CRM 67.9 +5.6 

Baseline + CS-AM+CD-FAM+CRM (AME-UDA) 73.6 +11.3 

 

Table V: Impact of Multi-scale Discriminator Configuration in CD-FAM (GTAV→Cityscapes, mIoU, %) 

Discriminator Scale Configuration mIoU (%) 

Low scale only (D₁) 68.2 

Middle scale only (D₂) 69.5 

High scale only (D₃) 70.1 

Low + Middle scale (D₁+D₂) 70.8 

Middle + High scale (D₂+D₃) 71.2 

Low + Middle + High scale (D₁+D₂+D₃) 71.5 

 

Table VI: Ablation of Attention Mechanisms (GTAV→Cityscapes, mIoU, %) 

Attention Module mIoU (%) 

No attention module 62.3 

SE-Net [20] 64.2 

ECA-Net [30] 64.7 

CBAM [21] 65.3 

CS-AM (Ours) 66.1 

 

Table VII: Ablation of Consistency Loss Functions (GTAV→Cityscapes, mIoU, %) 

Loss Function Type mIoU (%) 

No consistency loss 62.3 

L1 Loss 62.8 

MSE Loss 63.1 

KL Divergence (Ours) 64.4 
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 DISCUSSION 

The proposed AME-UDA framework effectively addresses 
the domain shift in stitching image semantic segmentation 
by integrating attention mechanisms and unsupervised 
domain adaptation. The CS-AM enhances discriminative 
feature extraction, the CD-FAM aligns cross-domain 
features at multiple scales, and the CRM improves the 
robustness of segmentation results. However, there are still 
limitations: 1) The framework requires a large amount of 
source domain data for training, which may not be available 
in some scenarios. 2) The performance on rare classes (e.g., 
traffic light, sign) is still relatively low due to insufficient 
annotations in the source domain. Future work will focus 
on: 1) Reducing the reliance on source domain data by 
combining few-shot learning. 2) Improving the 
segmentation performance of rare classes through class-
balanced training and pseudo-label refinement. 3) 
Extending the framework to multi-modal stitching image 
semantic segmentation (e.g., RGB + LiDAR). 

CONCLUSION 

This paper proposes an Attention Mechanism-Enhanced 
Unsupervised Domain Adaptation framework for stitching 
image semantic segmentation. The framework integrates 
CS-AM, CD-FAM, and CRM to address the domain shift 
and unique challenges of stitching images. Experimental 
results on public and self-built datasets demonstrate that 
our method outperforms state-of-the-art UDA methods in 
terms of mIoU and visualization quality. The proposed 
framework provides a new solution for high-precision 
environmental perception in autonomous driving, and can 
be extended to other computer vision tasks involving 
domain adaptation. 
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