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Abstract. Real-time semantic segmentation helps safely construct detailed maps of dynamic cities and improves the 
robustness of autonomous driving perception. To meet the high precision and high efficiency requirements of automotive 
hardware, a universal Swin Transformer framework has been developed for autonomous driving. This new method is 
optimized at runtime by using small decoder modules, hierarchical window self-attention mechanisms, quantization-aware 
training, channel pruning, and adaptive normalization. By using these additions, global and local contextual data can be 
obtained at a relatively low computational cost. A large number of experiments were conducted on the built-in city driving 
dataset, aiming to improve its generalization ability under various lighting and weather conditions, and to enhance its 
capability to recognize fine-grained object boundaries and rare semantic categories. The system will run stably at a frame 
rate of over 30 FPS and can operate on both GPUs and embedded devices. Comprehensive performance evaluations indicate 
that it outperforms traditional CNNs and transformer-based baselines, with significant improvements in mean Intersection 
over Union (IoU) and boundary delineation. As shown above, scalable attention, controllable model compression, and 
system-level acceleration constitute the practical application of this framework in safety-critical environments. According to 
the above research, advanced vision transformers can be used for efficient and high-performance semantic segmentation in 
intelligent vehicles. 
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Introduction 
Semantic segmentation is a key component of perception systems, and autonomous driving technology has 
made rapid progress in recent years [1]. By using semantic segmentation for dense pixel-wise classification, 
intelligent vehicles can accurately identify road environments and recognize objects such as vehicles, lanes, 
pedestrians, and traffic signs [2]. To ensure the safe operation and decision-making of intelligent vehicles, this 
module must perform navigation, obstacle avoidance, and path planning [3]. On the other hand, deep learning 
based on Convolutional Neural Networks (CNN) performs well in terms of accuracy and speed for visual problems 
[4]. Due to the small receptive field, these CNN-based models cannot address the long-range dependencies and 
contextual awareness issues in complex, dynamic, and occluded scenes in autonomous driving [5]. Although the 
Transformer architecture originated in natural language processing, it has recently been applied to the field of 
computer vision. Able to learn the global structure and non-local relationships of images [6]. In this case, the 
Swin Transformer achieved excellent results because it increased hierarchical feature fusion and the moving 
window mechanism, thereby significantly improving representation capability and reducing computational costs 
[7]. These are recent improvements, and in practical driving, there is still a strong connection between model 
representation and deployment feasibility [8]. 

The aforementioned improvements are encouraging, but several major issues must be resolved before fully 
achieving real-time semantic segmentation in autonomous driving [9]. In practical applications, computational 
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latency and segmentation accuracy are very important, especially for embedded automotive platforms with 
computational and energy constraints [10]. The latest Transformer models perform exceptionally well, but their 
resource consumption is too high to meet the real-time requirements of vehicle hardware [11]. Segmentation 
models must have good generalization performance to handle various lighting conditions, adverse weather, and 
occlusions [12]. In addition to quickly adapting to large-scale road scenes and domain shifts, there is also the 
issue of handling rare object instances [13]. Improving the semantic segmentation accuracy of the Swin 
Transformer has been the focus of most previous studies, with less attention given to the co-design of algorithms 
and systems [14]. The semantic segmentation of next-generation smart cars needs to ensure safety, reliability, 
and scalability [15]. 

This paper introduces a unified and scalable framework based on Swin Transformer for real-time semantic 
segmentation in autonomous driving applications. To improve inference speed and segmentation accuracy, a 
series of fast optimization methods are introduced, selecting a top-down transformer model. To function on 
resource-limited automotive platforms, the new design includes a compact decoder head and a robust runtime 
scheduler. Based on extensive experiments conducted on multiple large public benchmarks, our framework has 
achieved the best results in real-time accuracy and speed under various weather conditions, as well as all-
weather stability. The following is the organization of the other sections of this paper: Section 2 introduces 
research on transformer-based autonomous driving models and semantic segmentation. In Section 3, a detailed 
introduction to the model and optimization strategies. All experiments and analyzes are presented in Section 4. 
In Section 5, the conclusions of this paper and the directions for future research are discussed. 

Related Work 

Semantic Segmentation Approaches 

Semantic segmentation of images into different category labels at the pixel level is a crucial task in the field of 
computer vision and has been widely applied in recent years [16]. The initial algorithms were based on 
handcrafted features, graph-based reasoning, and structured prediction, but these methods could not handle 
large-scale processing of real visual environments. Fully Convolutional Networks (FCNs) can map the entire input 
image to a dense output map at some stage of deep learning [17]. By using downsampling layers for context 
extraction and upsampling layers for spatial detail reconstruction, FCNs and their variants introduce an encoder-
decoder structure. 

On this basis, U-Net and SegNet introduced skip connections to retain fine-grained data lost during pooling, 
which improved the accuracy of medical and urban scene segmentation. DeepLab utilizes conditional random 
fields and atrous spatial pyramid pooling to improve multi-scale context capture and refine object boundaries. 
This addresses the shortcomings of the original FCN. Later architectures, such as High-Resolution Network 
(HRNet) and Pyramid Scene Parsing Network (PSPNet), adopted the strategy of maintaining high-resolution 
representations at various levels of the pipeline and achieved better improvements on challenging benchmark 
sets. 

Convolutional architectures still have inherent limitations, making them difficult to use for large-scale scene 
analysis. These limitations include capturing long-range dependencies and receptive fields. Dilated convolutions, 
multi-scale feature fusion, and lightweight networks, such as ENet and BiSeNet, are all being researched to 
address the aforementioned issues. These methods make it more challenging to achieve computational 
efficiency and accuracy under resource constraints [18]. 

Transformer Models in Computer Vision 

As shown in [19], transformer models have played an important role in natural language processing and have 
recently been widely applied in many fields. Due to the self-attention mechanism, transformers have a strong 
ability to handle long-range dependencies and are not convolutional models. To achieve a global receptive field 
in the initial layers, the Vision Transformer (ViT) treats the image as a sequence of patches. Due to ViT's excellent 
performance on large-scale datasets, Transformers have been widely used for dense prediction tasks. 

When processing high-resolution images, ViT and other pure Transformer models have quadratic computational 
complexity and lack an inherent bias in modeling local spatial structures. The Swin Transformer was proposed. 
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Non-overlapping window self-attention and shifted window schemes are two components of this hierarchical 
design. Both efficiently and effectively capture multi-scale features in dense prediction tasks [20]. Due to its 
wide range of applications, the Swin Transformer can be used as the backbone network for object detection, 
instance segmentation, and semantic segmentation. 

To improve the collection of local and global data, more advanced hybrid models that integrate convolutional 
and Transformer modules have been recently introduced. Detection Transformers (DETR) and their alternatives 
have already bridged this gap. The alternatives to Swin Transformer have set new performance records on 
multiple detection and segmentation benchmarks [21]. 

Semantic Segmentation for Autonomous Driving 

For building a comprehensive world model, semantic segmentation images are an input module in many 
autonomous vehicle perception systems [22]. The urban driving datasets are not general-purpose datasets; 
therefore, Cityscapes, BDD100K, and Mapillary Vistas all face many technical issues, including high-resolution 
images, complex category hierarchies, lighting variations, adverse weather conditions, and frequent occlusions 
by dynamic agents. 

Therefore, segmentation models for autonomous driving need to run quickly under hardware constraints, with 
high accuracy and good robustness. Many high-performance models use an encoder-decoder structure to 
optimize inference speed; additionally, some also incorporate attention modules or temporal information fusion 
to enhance robustness between multiple video streams. In addition, research on adversarial robustness and 
domain adaptation attempts to address the domain transfer issues between different cities, weather conditions, 
and sensors. 

In recent automotive segmentation tasks, Swin Transformers and other transformer-based backbone networks 
have performed exceptionally well. Models with local and long-range context are naturally more suitable for 
urban scenes because they have more complex spatial structures. Transformer-based designs are generally 
computationally intensive and power-hungry, although they do improve accuracy [23]. Over time, people have 
begun to focus on adjusting transformer-based models through co-optimization of hardware and software, 
pruning, and quantization, in order to deploy them on automotive-grade platforms. To build highly intelligent 
and highly reliable automotive perception systems in the future, it is necessary to accelerate model design and 
optimization systems. 

Methodology 

Framework Overview 

Figure 1 shows a modular hierarchical architecture for a real-time autonomous driving perception semantic 
segmentation framework. Normalize the input image 𝐼𝐼 ∈ ℝ𝐻𝐻×𝑊𝑊×3 and then perform a large number of data 
augmentation operations to improve its resistance to different road conditions. Each input image is transformed 
by a composite augmentation operator 𝒜𝒜, such that the resulting tensor 𝐼𝐼 is given by: 

𝐼𝐼 = 𝒜𝒜(𝐼𝐼) = 𝒯𝒯affine �𝒯𝒯color (𝒯𝒯noise (𝐼𝐼))� Eq.(1) 
where 𝒯𝒯affine ,𝒯𝒯color , and 𝒯𝒯noise  represent the affine, color-jitter, and noise augmentation transforms, respectively. 

Augmentation is used to generate more samples, and then these samples are divided into non-overlapping, 
fixed-size 𝑃𝑃 × 𝑃𝑃 patches; finally, each patch is flattened and projected into a high-dimensional latent space. The 
Patch Embedding operation produces 

𝑿𝑿0 =  PatchEmbed (𝐼𝐼) + 𝑬𝑬𝑝𝑝𝑝𝑝𝑝𝑝 Eq.(2) 
where 𝐄𝐄pos ∈ ℝ𝑁𝑁×𝐶𝐶  is a learnable or sinusoidal positional embedding added to each patch token, and spatial 
relationships are thus maintained across the model. 

The number of patches 𝑁𝑁 is given by: 

𝑁𝑁 = �
𝐻𝐻
𝑃𝑃
� × �

𝑊𝑊
𝑃𝑃
� Eq.(3) 

where 𝐻𝐻 and 𝑊𝑊 are the input image's height and width, respectively. 
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The resulting patch-wise embeddings 𝐗𝐗0 ∈ ℝ𝑁𝑁×𝐶𝐶  are sequentially processed by the backbone network, which is 
built with a Swin Transformer. The two are combined in the backbone to extract local and global context through 
hierarchical feature encoding and window-based attention. For multi-head, multi-scale processing, at each 
transformer layer, the features from all self-attention heads are concatenated along the channel dimension: 

𝑭𝑭𝑙𝑙 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶�𝑭𝑭𝑙𝑙
(1),𝑭𝑭𝑙𝑙

(2), … ,𝑭𝑭𝑙𝑙
(ℎ)� Eq.(4) 

where 𝐅𝐅𝑙𝑙
(𝑖𝑖) represents the output feature map of the 𝑖𝑖-th attention head in layer 𝑙𝑙, and ℎ is the total number of 

heads [24]. 

Modular design is used for architecture to meet the needs of automotive components (such as preprocessing, 
feature encoding, fusion, and prediction) in resource-constrained high-speed operations, ensuring that the 
system can operate in different deployment environments. 

 
Figure 1. System architecture 

Swin Transformer-Based Segmentation Model 
Our backbone adopts the Swin Transformer, which hierarchically encodes features by sequentially stacking 
layers of shifted window-based multi-head self-attention and merging neighboring tokens. In each transformer 
block, the normalised features are subjected to self-attention within non-overlapping windows. Let 𝐗𝐗𝑙𝑙  be the 
input to the 𝑙𝑙 -th block. First, we apply layer normalization, then compute window-based attention: 

𝒁𝒁𝑙𝑙 =  W-MSA �𝐿𝐿𝐿𝐿(𝑿𝑿𝑙𝑙)� + 𝑿𝑿𝑙𝑙  Eq.(5) 
where LN(⋅) is the layer normalization and W-MSA represents window multi-head selfattention. Self-attention 
is performed for each window by forming query, key, and value matrices. Formally, in each window, the 
attention mechanism is expressed as: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑸𝑸,𝑲𝑲,𝑽𝑽) = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 �
𝑸𝑸𝑲𝑲⊤

√𝑑𝑑
+ 𝑩𝑩�𝑽𝑽 Eq.(6) 

Where 𝐁𝐁 is the learnable relative position bias, and 𝐐𝐐, 𝐊𝐊, and 𝐕𝐕 are the query, key, and value matrices generated 
from the local token projections [25]. 

In the subsequent blocks of the Swin Transformer, shifted window attention and standard window attention are 
alternately used to facilitate the flow of spatial information across window boundaries. Next, the output of each 
block is passed through a multi-layer perceptron (MLP) and a residual connection: 

𝑿𝑿𝑙𝑙+1 = 𝑀𝑀𝑀𝑀𝑀𝑀�𝐿𝐿𝐿𝐿(𝒁𝒁𝑙𝑙)� + 𝒁𝒁𝑙𝑙  Eq.(7) 
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To create hierarchically rich features, adjacent patches are merged at this stage, halving the spatial resolution 
and doubling the channel dimension. At the end of the last Swin Transformer stage, a set of feature maps 
{𝐅𝐅1,𝐅𝐅2,𝐅𝐅3,𝐅𝐅4} of different scales is obtained. 

The decoder integrates multi-scale features to obtain spatial data and improve semantic accuracy. During the 
fusion process, the attention mechanism dynamically weights different scales, and the spatial pyramid pooling 
module is used to refine object boundaries. Using 1 × 1 convolution, project the fused feature representation 
𝐃𝐃 onto semantic logic. Next, use the softmax function to compute the per-pixel probabilities: 

𝑺𝑺 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶1×1(𝑫𝑫)) Eq.(8) 
where each entry of 𝐒𝐒 is the per-class probability for all pixels [26]. 

Training is done under a combined loss function that includes the general cross-entropy loss and other auxiliary 
losses for boundary refinement and class imbalance reduction. The total loss is given by 

ℒtotal = ℒ𝐶𝐶𝐶𝐶 + 𝜆𝜆1ℒbdry + 𝜆𝜆2ℒdice  Eq.(9) 
𝜆𝜆1 and 𝜆𝜆2 are the coefficients of the auxiliary loss functions, and ℒdice  helps to solve the segmentation problem 
for rare or thin objects [27]. 

 
Figure 2. Swin Transformer module architecture 

Optimization for Real-Time Performance 

Strong real-time automotive hardware inference requires a broad range of approaches, including model 
compression, co-design of hardware and software, and adaptive runtime control [28]. 

First, apply quantization-aware training to the entire network to achieve deployment and high-speed 
computation. During the training and inference phases, the activations and weights of each model are low 
precision. The specific quantization is as follows: 

𝑥𝑥𝑞𝑞 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 �
𝑥𝑥
𝑠𝑠
� , 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚� ⋅ 𝑠𝑠 Eq.(10) 

where 𝑥𝑥  is the original value to be quantized, 𝑠𝑠  is the quantization scale determined by calibration, and 
[𝑞𝑞min , 𝑞𝑞max ] defines the permissible target range for the quantized value. Therefore, the amount of computation 
and memory consumption will be relatively small. 

Quantization is used to improve inference speed and reduce the size of the backbone network. Pruning is 
accomplished by calculating the ℓ1 norm of each channel filter. Then, remove the filters whose values are less 
than or equal to the preset or learned threshold. Therefore, the network will be relatively small. 

Optimize the hardware and software pipeline to improve model efficiency. All steps, including image acquisition, 
normalization, patch embedding, feature extraction, and multi-scale decoding, are completed on parallel 
threads or heterogeneous processing units. Due to pipeline parallelism overlapping computation and data 
transfer, the system is not constrained by individual modules. 
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Runtime adaptive normalization is used to handle changes in the environment and input distribution during 
dynamic driving. In the batch normalization layer, the running mean and variance can be updated online using 
an exponential moving average: 

𝜇̂𝜇𝑡𝑡 = (1 − 𝛾𝛾)𝜇̂𝜇𝑡𝑡−1 + 𝛾𝛾𝜇𝜇batch  Eq.(11) 
In this context, 𝜇̂𝜇𝑡𝑡 denotes the updated running mean at time 𝑡𝑡, 𝜇𝜇batch  is the current batch's mean, and 𝛾𝛾 is the 
adaptation (momentum) coefficient. 

And by the learning rate: 

𝜎̂𝜎𝑡𝑡2 = (1 − 𝛾𝛾)𝜎̂𝜎𝑡𝑡−12 + 𝛾𝛾𝜎𝜎batch 
2  Eq.(12) 

where 𝜎̂𝜎𝑡𝑡2 is the updated variance and 𝜎𝜎batch 
2  gives the variance measured on the present input batch. The above 

adaptation normalisation can handle slow variations in the distribution of input, such as light changes or sensor 
drift. 

To improve the stability of operation, add uncertainty estimation and identify uncertain predictions. The system 
computes the Shannon entropy of the per-pixel softmax output using: 

𝐻𝐻(𝒑𝒑) = −�  
𝐾𝐾

𝑘𝑘=1

𝑝𝑝𝑘𝑘𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑘𝑘 Eq.(13) 

where 𝐩𝐩 = (𝑝𝑝1, … , 𝑝𝑝𝐾𝐾) is the softmax output over 𝐾𝐾  semantic classes for a single pixel. The security-aware 
downstream module considers pixels with entropy values exceeding the set upper limit as "safe," thereby 
avoiding risks. 

Finally, the architecture can automatically handle the scaling of runtime loads. If frame delay or resource 
shortage occurs, the input resolution, batch size, or network width can be flexibly reduced. After calculating the 
available resources, all performance parameters can be restored. After multiple tests, all optimized versions of 
the system can still run at over 30 frames per second, and the segmentation quality remains unaffected, even 
under complex urban driving conditions, maintaining stability [29]. 

Experiments and Results 

Experimental Settings 

All experiments used top-tier public benchmarks and standardized data and hardware protocols to rigorously 
validate the performance of the aforementioned real-time semantic segmentation framework in autonomous 
driving applications. CamVid (sequence-level generalization and domain robustness), BDD100K (various weather 
and lighting conditions), and Cityscapes (European urban environments) are used for evaluation. Channel-wise 
normalization based on empirical statistics is applied to all datasets; the Cityscapes and BDD100K datasets are 
standardized to 1024 × 512, and CamVid is adjusted to 960 × 720. 

The training process includes adding Gaussian noise, horizontal flipping, random scaling transformations, 
controlled color jittering, and random scaling transformations within the range of [ 0.75,2.0 ]. Validation and 
testing only use normalization and resizing; therefore, performance reflects out-of-sample generalization ability. 
The results fully adhere to the author's dataset partition and the official validation split. 

Network initialization utilizes ImageNet-pretrained weights to stabilize early optimization. Training is performed 
for a total of 160 epochs per dataset, using the AdamW optimizer with a starting learning rate of 6 × 10−4, 
weight decay of 1 × 10−2, and polynomial learning rate decay. All GPUs use synchronized batch normalization, 
with a batch size of 8. If the mean Intersection over Union (mIoU) on the validation set does not improve over 
more than 20 epochs, early stopping is used to terminate training. In the mid-training phase, quantization-aware 
and pruning-aware fine-tuning are enabled to meet deployment requirements while maintaining segmentation 
accuracy. 

To ensure a fair comparison, all baseline and state-of-the-art methods, including DeepLabV3+ (with ResNet-101 
and Xception backbones), HRNetV2-W48, SegFormer (B4, B5), and various Swin Transformer configurations, 
were reproduced and retrained. Optimization conditions. To ensure full-resolution accuracy, sliding window 
inference will be used, as the input size of the relatively large model exceeds the capacity of the target hardware. 
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The three main platforms used for hardware evaluation are high-end GPUs (NVIDIA RTX 3090, 24GB VRAM) as 
a reference for unconstrained throughput, embedded automotive-grade system-on-chip (NVIDIA Orin AGX), and 
mobile-grade AI edge processors (Qualcomm Snapdragon 865). High-performance inference uses TensorRT on 
NVIDIA devices and QNN/NNAPI on Qualcomm devices to deploy models. Performance analysis scripts can be 
used to more accurately assess latency and resource consumption, and each configuration will undergo five 
independent runs to ensure the reliability of the reported statistics. Measure the power consumption of the 
embedded platform at automotive-grade voltage to evaluate its effectiveness in real-world edge environments. 

In order to evaluate the overall segmentation quality and the clarity of category-aware boundaries, performance 
metrics from all experiments were collected. These metrics include mean Intersection over Union (IoU), pixel 
accuracy, frequency weighted IoU, and mean absolute boundary error. The real-time capabilities of each 
solution include the average and worst-case frames per second at native resolution, and provide reports on peak 
and average memory usage to demonstrate deployability on resource-constrained devices. In addition, the total 
multiply-accumulate operations used for platform-independent analysis are employed to describe 
computational complexity. 

To ensure reproducibility, each experiment uses a fixed random seed. The comparison results of these 
configurations, ablation analysis, qualitative visualizations, and real-time system performance are all shown in 
the charts in the following sections. 

Quantitative and Qualitative Analysis 

Many quantitative experiments have shown that the proposed semantic segmentation framework exhibits high 
efficiency, accuracy, and stability across various datasets and environments. To ensure the statistical reliability 
and reproducibility of the experiments, the average of the results from all three runs using a fixed random seed 
was calculated. The Cityscapes and BDD100K validation sets were used as primary targets, showcasing the 
distribution of semantic categories, scene complexity, and environmental variations. 

 
Figure 3. Key performance comparisons. (a) Scatter plot of mIoU vs. pixel accuracy across datasets. (b) Bar chart of mean absolute 

boundary error for all methods. (c) Per-class IoU heatmap (Cityscapes) 
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The model achieves a mean Intersection-over-Union (mloU) of 82.4%  and pixel accuracy of 97.3%  on 
Cityscapes, consistently outperforming both transformer-based and convolutional baselines. Like other datasets, 
BDD100K has issues with complex lighting and the prevalence of rare categories. In the scatter plots of all major 
methods in the four public benchmarks, as shown in Figure 3a, the proposed method can reliably be located in 
the upper right quadrant. This indicates that the method has a strong global per-pixel accuracy trade-off. Figure 
3b shows that, compared to other methods, the average absolute boundary error is smaller, which does not 
meet the requirements for low-light urban scene analysis. Both major and minor categories have improved, as 
shown in Figure 3c. The categories "Cyclist," "Bicycle," and "Traffic Sign" show significant improvement. 

In order to study the role of different parts in Figure 4, a series of ablation experiments were conducted. If the 
position encoding module is turned off, the mIoU will decrease by more than 1.7 percentage points, and the 
spatial context will not be recoverable. After removing the dynamic scaling module, the peak throughput and 
frame-level accuracy stability on the embedded platform significantly decreased. In contrast, as shown in Figure 
4b, although quantization-aware training improved the speed of the inference process, it only reduced the 
segmentation accuracy by 0.5%. As shown in Figures 4a and 4c, the combined effect of hierarchical patch 
embedding, multi-scale feature aggregation, and adaptation modules is greater than the sum of their individual 
impacts, indicating that they work synergistically within the architecture. 

 
Figure 4. Ablation study results. (a) Individual module contributions to mIoU and FPS. (b) Tradeoff analysis: quantization/pruning effects on 

accuracy and latency. (c) Composite impact of dynamic scaling and adaptation mechanisms 
 

From the quantitative data, the model is stable in long-tail semantic categories. Figure 5a shows several 
representative underperforming categories for each class IoU, such as "motorcycle," "train," and "pole." The 
method is suitable for rare category problems because it consistently outperforms SegFormer and DeepLabV3+ 
in terms of IoU. As indicated by the large diagonal values, Figure 5b shows the corresponding confusion matrix. 
The model reduces misclassifications and improves the separation between long-tail classes, as shown in Figure 
5. Figure 5c shows the boundary error distribution of our method and the baseline. The model retains the edges 
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of semantic objects in rare categories that are difficult to obtain, as indicated by the lower median and dispersion 
of boundary errors. 

 
Figure 5. Quantitative evaluation on long-tail semantic classes. (a) Per-class IoU comparison for six rare semantic categories. (b) Confusion 

matrix indicating class separability for the same categories. (c) Boxplot of boundary error, showing superior edge preservation by our 
method 

 
Cross-domain generalization is achieved by directly using the model trained on Cityscapes to process CamVid 
images, without the need for additional fine-tuning. The new architecture is robust to changes in composition 
and environmental distribution, achieving a 6-10% absolute LoU improvement over the reference design. In 
areas with high-frequency mixed factors, such as object boundaries, distant signs, and small instance detection, 
the model shows a significant decline in edge ghosting, false segmentation, and boundary erosion. 

The above results indicate that the proposed system has broad advantages. It achieved good results on the test 
set of traditional metrics. In addition, it is also applicable to various operational environments, such as low light 
and occlusion. Improve accuracy, speed, and boundary perception, and enhance real-time semantic 
understanding in safety-critical areas. 

Real-Time Evaluation and Resource Analysis 
Multiple hardware systems use runtime characteristics, latency, and resource utilization under load to test the 
real-time application performance of the new segmentation framework in automotive and edge computing. 
Unless otherwise specified, all evaluations are conducted under default configurations and will be compared 
using the previously mentioned fixed validation segments. 



Real-Time Semantic Segmentation for Autonomous Driving Based on Swin Transformer 
https://doi.org/10.64972/jaat.2026v4.107 

23 
 

In the first category of research, system latency and frame rate are key issues. On the high-end RTX 3090 
platform, the model can achieve real-time frame rates of over 110 FPS in full-resolution Cityscapes. The only 
obstacle for the model is the I/O cost, not the computation. In automotive applications, the full-resolution 
inference throughput of the embedded NVIDIA Orin AGX remains stable at over 30 FPS. Under typical driving 
conditions, the inter-frame latency averages below 32 milliseconds, with dynamic scaling and quantization 
supporting 1080p native mode. The Snapdragon 865 platform also exhibits a similar trend. The FPS of all 
platforms is very high, and the decline under large-scale concurrency is relatively small, as shown in Figure 6a. 

Figure 6b shows the histogram of latency tails under dynamic and static scheduling to illustrate the variation in 
latency. The system processes over 98%  of frames within an 8-millisecond range of median latency, with 
minimal jitter. Modular pipeline parallelism and adaptive scaling help reduce queuing delays and processing 
peaks during input bursts. Figure 6c shows the computational intensity analysis, which illustrates the balance 
between per-frame multiply-accumulate operations and semantic accuracy. The model performs best in terms 
of accuracy per unit of computation. In the case where it only accounts for 40% of the MAC requirements of 
the heavy transformer-based alternatives, the model maintains over 97% of the baseline IoU. 

 
Figure 6. Real-time performance comparisons. (a) FPS versus batch size evolution across all tested platforms. (b) Latency histogram under 

static and dynamic scheduling conditions. (c) Semantic accuracy versus compute intensity (MACs per frame) at various scaling levels 
 

Change to platform and memory resource analysis to improve model performance. As shown in Figure 7a, the 
peak memory consumption of Orin AGX in all test scenarios is below 1.2 GB, which is significantly lower than the 
memory consumption of the SegFormer and HRNet baselines. Therefore, it will meet the memory requirements 
for automotive hardware production. As shown in Figure 7b, the combination of structured pruning and 
quantization-aware training reduces memory bandwidth and cache miss rates. This means that the likelihood of 
system bottlenecks in sensitive deployments is greatly reduced. 

Figure 7c highlights the key points of the comprehensive platform analysis: cross-SoC throughput, power 
consumption, and thermal throttling immunity. Dynamically adjust the computational density using available 
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resources to reduce performance loss due to high temperatures and maintain good operational performance 
over an extended period. The maximum inference power consumption of the Erin AGX and Snapdragon 
platforms is limited to 10 W and 7 W, respectively, thus both meet the high demands of automotive and mobile 
applications while maintaining high segmentation accuracy. It is worth noting that the framework's software-
hardware co-optimization ensures that the displayed performance is close to the actual performance in 
embedded systems through pipelined data transfer, the ARM NEON instruction set, and hardware-accelerated 
batch normalization. 

 
Figure 7. Resource usage and platform analysis. (a) Peak runtime memory consumption on embedded and desktop hardware. (b) Layer-

wise compute and DRAM access profiling. (c) Cross-platform throughput, power draw, and responsiveness under thermal constraints 
 

Under resource contention conditions, the scaling strategy will dynamically reduce the input resolution or 
network width, and restore the full complexity of the system when the load permits. The empirical data 
mentioned above indicates that, even under the worst-case scenarios of sudden load or hardware throttling, 
the system can maintain a throughput of over 25 FPS at full resolution. Moreover, due to the negligible increase 
in mIoU, the system is suitable for continuous real-time scene understanding in practice. 

Conclusion 
This study proposes a new semantic segmentation framework, setting a high standard for real-time perception 
in autonomous driving. In order to achieve high accuracy and efficiency under various challenging driving 
conditions, the architecture integrates hierarchical Swin Transformer modules, attention-based multi-scale 
fusion, and dynamic resource control. Experimental results show that both classic Convolutional Neural 
Networks (CNNs) and recent Transformer-based models are inferior in terms of mean Intersection over Union 
(IoU), boundary localization, and handling rare and fine semantic categories. Due to the effects of data 
augmentation, normalization adaptation, and uncertainty estimation schemes, the framework exhibits strong 
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robustness when facing various environmental conditions, such as changes in lighting and weather, as well as 
multiple occlusions. 

One is the practical application conditions of the framework embedded in cars and mobile devices. The system 
is capable of handling full input resolutions at over 30 frames per second and reduces computational load and 
memory consumption through quantization-aware training, structured pruning, and dynamic scaling. It is 
evident that in practical applications with limited resources, accurate semantic segmentation can be achieved 
with almost no loss in segmentation accuracy. 

The above information will serve as the foundation for further development in the future. Future research will 
focus on sensor fusion, advanced continual learning methods that go beyond batch adaptation, and embedding 
semantically mapped uncertainty perception into downstream decision-making processes. In summary, the 
aforementioned directions aim to provide stable, scalable, and secure visual capabilities for the next generation 
of intelligent autonomous vehicles, and further enhance the readiness for deploying perception solutions. 
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