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ABSTRACT- Accurate and efficient road obstacle detection is crucial for ensuring the safety and reliability of autonomous
and assisted driving systems. However, current object detection models, including YOLOvVS, often encounter difficulties in
accurately detecting small obstacles and balancing detection precision with inference speed. To address these challenges, we propose
an improved YOLOv8-based detection framework featuring three key enhancements: (1) the backbone is redesigned using RepVGG
modules to accelerate inference through structural re-parameterization without compromising feature representation; (2) an
additional small-object detection head at the P2 feature level is introduced to significantly enhance sensitivity towards small-scale
obstacles; (3) a Swin Transformer module is integrated into the final stage of the backbone to improve global contextual
understanding and semantic feature extraction. Extensive experiments conducted on a comprehensive, multi-source road obstacle
dataset demonstrate that our proposed model achieves superior performance with a precision of 0.812, recall of 0.782, mAP@0.5
0f 0.822, and mAP@0.5:0.95 of 0.588. Additionally, it maintains a real-time inference speed of 180 FPS on an NVIDIA H800 GPU.
The results confirm the efficacy of our approach, particularly in enhancing small object detection in complex real-world traffic
scenarios.
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faces several challenges in road obstacle detection. It struggles
to detect small and densely packed obstacles due to weak
shallow feature representation. Its fully convolutional structure

limits global contextual perception. Furthermore, its structural
efficiency is not optimal for real-time and embedded
deployments.
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based framework specifically designed for road obstacle
detection. Our approach improves small-object recognition and
strengthens global context modeling through three key
innovations. First, we replace the convolutional backbone with
RepVGG modules, which use structural re-parameterization to
achieve faster inference and effective feature learning[4];
Second, we add a dedicated detection head at the P2 feature
level, optimized for small-object detection. Third, we integrate
a lightweight Swin Transformer module into the backbone’s

1. INTRODUCTION

Advances in intelligent transportation systems and autonomous
driving technologies have made effective road obstacle
detection essential for vehicle safety and navigational
reliability[1]. Vehicles, pedestrians, and static objects such as
traffic cones and fire hydrants must be detected accurately and
efficiently in real-time to prevent accidents and support timely

decision-making[2]. Deep learning has greatly improved object
detection, especially through one-stage detectors like the
YOLO (You Only Look Once) series. These models strike a
strong balance between detection accuracy and inference
speed[3].

YOLOVS, the latest in the series, adopts anchor-free detection,
adecoupled head design, and a lightweight architecture, making
it a strong baseline for real-time tasks. However, YOLOVS still

final stage to model long-range dependencies and capture
global context[5]. Together, these improvements significantly
enhance detection accuracy and robustness for small, occluded,
and complex targets without sacrificing real-time performance.

The remainder of this paper is structured as follows: section 2
reviews related work in object detection; section 3 details the
proposed model's architecture; section 4 presents extensive
experimental results, including ablation studies and
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comparative evaluations; and section 5 summarizes our findings
and suggests directions for future research.

:2. RELATED WORK

Object detection is a core task in computer vision and is crucial
for autonomous driving, intelligent transportation, and road
safety[6]. Over the past decade, deep learning-based methods
have driven rapid progress. These algorithms are typically
divided into two-stage and one-stage frameworks[3]. Two-stage
detectors, such as Faster R-CNN, use region proposal networks
followed by classification and regression heads. They achieve
high accuracy but at the cost of slower inference. In contrast,
one-stage detectors like SSD, RetinaNet, and the YOLO series
perform detection in a single step, enabling fast inference
suitable for real-time applications.

The YOLO series has evolved quickly. From YOLOvI to
YOLOVS, the models have introduced anchor-free prediction,
decoupled heads, and improved feature fusion mechanisms[7].
YOLOv8 achieves a good balance between accuracy and
efficiency and serves as a strong baseline for many detection
tasks. However, it still struggles in road environments with
small and diverse obstacles. Its shallow feature representation
limits small-object detection, and it’s purely convolutional
architecture lacks global semantic perception[8].

Researchers have proposed various methods to improve small-
object detection. Zhou et al.[9] introduced CBBI-YOLO, which
combines the CBAM attention module and BiFPN for better
accuracy in agricultural scenes. Another study[10] incorporated
SPD-Conv into YOLOv7 for pig detection, enhancing
robustness and recall. Wang et al. [11] integrated GhostNetV3
into YOLOvVS to create a lightweight, faster model. These
approaches improved specific aspects but often tradeoff
between accuracy and speed, and few address global context
modeling or explicitly improve small-object recall in road
scenarios.

In recent years, extensive efforts have been made to enhance the
performance of object detectors on small targets. One common
approach is to improve multi-scale feature representation
through structures like Feature Pyramid Networks (FPN), Path
Aggregation Networks (PAN), and [12-14]. These architectures
help preserve shallow-layer spatial information and fuse it with
deeper semantic features. Another line of work introduces
attention mechanisms such as SE, CBAM, and coordinate
attention to adaptively reweight important features, thereby
improving focus on relevant areas[15]. Some researchers have
also explored lightweight backbones, such as GhostNet,
MobileNetV3, and RepVGG, to accelerate inference while
maintaining accuracy[4, 16]. In addition, adding P2 or P1
detection heads captures high-resolution features, improving
small-object recall.

Despite these advances, most solutions address individual
issues and fail to jointly optimize accuracy, small-object
detection, and inference efficiency[17]. Few have explored
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replacing convolutional backbones with transformer-based
structures, which can capture long-range dependencies and
enhance semantic awareness—critical in complex, cluttered
road scenes.

In summary, prior studies have improved object detection
through attention mechanisms, lightweight backbones, and
head-level modifications. However, no unified approach
simultaneously improves small-object detection, global context
understanding, and real-time performance. To fill this gap, we
propose an improved YOLOv8-based model with three
innovations: a RepVGG encoder for faster inference, a P2
detection head for small objects, and a Swin Transformer to
enhance long-range dependency modeling. Together, these
components deliver a high-performance and deployment-ready
detection framework.

:3. PROPOSED METHODOLOGY

YOLOv8 is a state-of-the-art anchor-free one-stage object
detector that strikes a strong balance between detection
accuracy and inference efficiency. Due to its high performance
and deploy ability, YOLOVS is selected as the baseline model
for the proposed improvements in this work[18]. As shown in
figure 1, the YOLOVS architecture consists of three main
components: the backbone for feature extraction, the neck for
multi-scale feature fusion, and the head for final prediction.
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Figure 1. The basic structure of the YOLOv8 model, which serves as
the baseline architecture in this study

To address the challenges of low accuracy in small-object
detection, limited semantic awareness, and suboptimal
inference efficiency in complex road environments, this paper
proposes an improved YOLOvVS8-based model tailored for road
obstacle detection. The enhanced architecture introduces three
key modifications: a re-parameterized encoder, a small-object
detection head, and global semantic modeling enhancements.
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3.1. RepVGG-Based Encoder Optimization

The first major modification focuses on optimizing the
backbone structure of YOLOVS to improve inference speed and
maintain feature representation quality.

The backbone of an object detection model plays a crucial role
in extracting multilevel semantic features and significantly
influences both accuracy and inference efficiency[19]. In the
original YOLOVS architecture, the backbone is composed of
stacked C2f modules, which provide sufficient feature reuse
through concatenation and shortcut connections. However,
these structures introduce computational redundancy, making
the model less suitable for high-speed or edge deployments
where real-time performance is essential[20].

To address this limitation, we redesign the backbone by
replacing all C2f modules with RepVGG blocks, a structure
known for its simplicity during inference and strong learning
capacity during training. As shown in figure 2, each RepVGG
block adopts a multi-branch structure during training,
consisting of a 3x3 convolution, a 1x1 convolution, and an
identity mapping. This design improves feature expressiveness
and gradient flow. In the inference phase, these branches are re-
parameterized into a single 3x3 convolution, effectively
simplifying the model without degrading accuracy.

The structural re-parameterization process is defined as:

qused = Wsy3 + pad(Wiy,) + pad (D), bfused = b3xz +
bixy + by (1)

where W and b represent the convolution weights and biases of
each branch, and pad(-) denotes zero-padding to match the 3x3
kernel size. This allows the model to maintain high
representational capacity during training, while being converted
into a fast, single-branch convolutional path during inference.
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Figure 2. Structure of the RepVGG module

By integrating RepVGG into the YOLOv8 backbone, the
proposed model benefits from both rich training representations
and fast inference[4]. To better illustrate the effect of replacing
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all convolutional blocks (CBS) with RepVGG modules in the
YOLOvV8 backbone, the intermediate architecture after this
substitution is shown in figure 3.
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Figure 3. Architecture of the YOLOv8 model after replacing all
convolutional blocks (CBS) in the backbone with RepVGG modules

3.2. Multi-scale Small Object Detection Head
Design

Although YOLOVS8 performs well on medium and large targets,
it still struggles to detect small-scale obstacles in road scenes.
This limitation is largely due to the fact that the original model
utilizes only three output detection heads at the P3, P4, and P5
levels, which correspond to progressively downsampled feature
maps[21]. As a result, high-resolution spatial information
needed for small-object detection is partially lost in deeper
layers.

To address this issue, we introduce an additional detection head
at the P2 level, which corresponds to a shallower, higher-
resolution feature map. This detection head is responsible for
capturing fine-grained features that are crucial for accurately
detecting small objects such as cones, fire hydrants, and
warning pillars. The proposed head uses standard convolutional
layers followed by a prediction module, consistent with the
existing YOLOvV8 architecture, to maintain structural
compatibility.

By explicitly adding a P2 output layer to the head, the model
benefits in the following ways:
e Improved recall for small targets, as their features are
more likely to be preserved at higher resolutions;
e Better spatial localization, particularly for tightly
clustered or partially occluded objects;
e Minimal impact on inference speed, as the shallow
layer computation is relatively lightweight.

In our ablation experiments (see Section 4.3), the inclusion of
the P2 detection head led to a noticeable improvement in recall
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and mAP for small-object categories. This confirms the
importance of leveraging shallow feature maps for fine-scale
obstacle detection in real-world road scenarios.

To better illustrate the architectural adjustment introduced by
the additional P2 detection head, the modified YOLOvVS8
structure is shown in figure 4. The added branch (highlighted in
red) operates on a high-resolution shallow feature map to
improve small-object detection performance.
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Figure 4. Architecture of the proposed model with an added P2
detection head based on YOLOVS

The P2 branch, outlined in red, uses high-resolution shallow
features and feeds them through upsampling, concatenation,
and a C2f module before generating prediction outputs. This
modification enhances the detection of small-scale obstacles.

3.3. Swin Transformer-Based Context Enhancement

While convolutional neural networks (CNNs) are highly
effective at capturing local spatial features, they are inherently
limited in modeling long-range dependencies. In complex road
scenes—especially those involving occlusion, overlapping
obstacles, and cluttered backgrounds—global contextual
understanding becomes essential for precise object
detection[17]. To address this issue, we replace the final C2f
module in the YOLOVS backbone with a lightweight Swin
Transformer block to enhance semantic perception.
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Figure 5. Internal structure of the Swin Transformer block
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The Swin Transformer, short for Shifted Window
Transformer, is a hierarchical vision transformer that partitions
feature maps into fixed-size windows and computes self-
attention within each window. To facilitate cross-window
information exchange, it introduces shifted windows in
alternate layers, enabling efficient global interaction while
maintaining linear computational complexity with respect to
image size[22].

In our design, the Swin Transformer block takes the high-level
feature map output from the penultimate C2f module and
replaces the last C2f block in the original YOLOv8 backbone.
This location is chosen intentionally to allow the transformer to
operate on semantically rich features while minimizing
additional computational overhead. The output of the Swin
Transformer maintains the same resolution and number of
channels as the original C2f module, ensuring seamless
integration with downstream neck and head components.

The benefits of this modification are twofold:

e Enhanced global feature modeling, improving the
model’s understanding of spatial relationships in complex
scenes;

e Improved detection robustness in challenging conditions
such as occlusion, dense object distributions, and visually
ambiguous contexts.

The updated YOLOVS8 backbone after replacing the final C2f
module with Swin Transformer is depicted in figure 6.
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Figure 6. YOLOVS backbone after replacing the final C2f module

with a Swin Transformer block

The final improved YOLOv8-based model incorporating all
three proposed modules is presented in figure 7.
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Figure 7. Overall architecture of the proposed improved YOLOV8-
based model

3.4. Summary of the Proposed Model

To improve the performance of YOLOv8 in complex road
environments—particularly for small and occluded obstacles—
we propose a series of architectural enhancements summarized
as follows:

e RepVGG Backbone Replacement: All original CBS
blocks in the YOLOvVS8 backbone are replaced with
RepVGG modules. These modules employ structural re-
parameterization to accelerate inference while retaining
strong representational capacity during training.

¢ Small Object Detection Head: A new detection head is
added at the P2 level, allowing the model to exploit high-
resolution shallow features and improving detection
performance on small-scale obstacles such as cones and
fire hydrants.

e Swin Transformer Integration: The final C2f module in
the backbone is replaced with a Swin Transformer block.
This modification enables the model to capture global
contextual relationships and long-range dependencies,
enhancing robustness in cluttered scenes.

The resulting architecture, illustrated in figure 7, combines all
three enhancements in a unified framework. This design
significantly improves detection accuracy, particularly for small

objects, while maintaining high inference speed. The
effectiveness of each component and the overall architecture is
verified through extensive ablation and comparative

experiments in the following sections.

4. EXPERIMENTS AND ANALYSIS

This section presents the experimental design, datasets, training
configuration, evaluation metrics, baseline models, and
comparative results. We first describe the data used for training
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and testing, followed by the implementation details of the
experimental environment. Next, we introduce the baseline
models used for comparison and evaluate the proposed model
through ablation and full-scale experiments. All results are
aimed at verifying the effectiveness of our proposed
architectural improvements in both accuracy and inference
speed.

4.1. Dataset and Evaluation Metrics

We evaluate our model using a comprehensive multi-source
road obstacle dataset, publicly available at
https://github.com/TW0521/Obstacle-Dataset. The dataset
integrates multiple sources, including VOC, COCO, TT100K,
and field-collected images, comprising a total of 7915 images:
5066 for training, 1266 for validation, and 1583 for testing. All
images are real-world captures from sidewalks, intersections,
and urban roads under diverse conditions. Most images are
approximately 1500x1500 pixels in size, with some exceeding
3000x3000 pixels, enabling the dataset to represent realistic,
high-resolution, and diverse traffic environments. The dataset
contains 15 obstacle classes commonly encountered in road
scenarios, such as stop sign, person, bicycle, bus, truck, car,
motorcycle, traffic cone, trash can, warning column, spherical
obstacle, pole, dog, tricycle, fire hydrant.

To analyze the dataset’s statistical properties, we plot in Figure
8 the following:

» Top-left: instance count per category, revealing class
imbalance (e.g., many cars, few fire hydrants).

 Top-right: overlaid bounding-box centroids, showing most
objects concentrate near image center.

* Bottom-left: heatmap of normalized center coordinates (X, y).
* Bottom-right: heatmap of normalized object widths and
heights.
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Figure 8. Dataset distribution statistics. Top-left: per-category
instance counts; top-right: overlaid bounding boxes; bottom-left:
center coordinate heatmap; bottom-right: width—height distribution
heatmap
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These plots indicate a strong bias toward small objects (most
boxes occupy < 20 % of image dimensions), central spatial bias,
and class imbalance. Such characteristics challenge
conventional detectors and motivate our small-object-aware
head and enhanced backbone.

For quantitative evaluation, we adopt the following metrics:

. TP
Precision (P): P = e 100%, measures accuracy of
positive predictions.

Recall (R): R = ——
TP+FN
positives.
mAP@0.5: mean Average Precision at IoU = 0.5.

mAP@0.5:0.95: average mAP over IoU thresholds from 0.5 to
0.95 in steps of 0.05.

%x100%, measures coverage of actual

4.2. Training Settings

All experiments were conducted on a workstation running
Ubuntu 20.04, equipped with a single NVIDIA H800 GPU (84
GB VRAM) and 64 GB of system memory. The proposed
model was implemented based on the YOLOvV8 framework
using PyTorch, and trained from scratch using custom
configuration. The input image size was set to 640x640 pixels.
All models were trained for 300 epochs with a batch size of 4
and 8 data loading workers. The Adam optimizer was
employed, with an initial learning rate of 0.05, decayed using a
cosine annealing schedule to promote stable convergence. A
weight decay of 0.0005 was applied to reduce overfitting and
improve generalization.

All models, including baseline and improved versions, were
trained and evaluated under the same settings for a fair
comparison.

4.3. Ablation Experiment

To evaluate the individual contributions and combined
effectiveness of the proposed modules, we conduct a series of
ablation experiments based on the YOLOvS baseline. As shown
in table I, each component's impact is clearly analyzed and
illustrated.

Firstly, when we replace the original YOLOVS backbone with
the RepVGG module, a slight decrease in both precision and
recall is observed. Although counterintuitive, this phenomenon
could be attributed to the structural re-parameterization strategy
of RepVGG. Specifically, RepVGG adopts a multi-branch
architecture during training to enhance feature expressiveness,
which then merges into a single branch during inference for
faster execution. This merging process may slightly
compromise the representation of fine-grained spatial features
crucial for small-object detection. Additionally, this slight
degradation might be due to suboptimal hyperparameter tuning,
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as the training configuration used was directly inherited from
the baseline without further optimization specific to RepVGG.

Introducing the dedicated P2-level detection head significantly
improves recall performance, confirming that explicit usage of
high-resolution shallow features effectively enhances small-
object detection. This module effectively compensates for the
minor performance reduction caused by the RepVGG
substitution.

Moreover, the integration of the Swin Transformer module
yields considerable improvements in precision, recall, and mAP
metrics. This clearly indicates that the Swin Transformer’s
ability to capture long-range dependencies and global
contextual information substantially strengthens detection
capabilities in complex scenarios with dense or occluded
targets.

Ultimately, combining all three enhancements results in the best
performance, demonstrating the complementary effects of these
modules. Although each module independently addresses
specific limitations, their combined use synergistically
improves overall model accuracy and robustness, confirming
the validity and effectiveness of the proposed comprehensive
approach.

Table 1. Ablation study on the contribution of each
proposed module to overall performance

RepVGG P2 trai:fi:rm P R mgl;@
. - - | 0.809 0.724 0.774
N - - | 0.806 0.720 0.759
. S - 0.805 0.743 0.760
. - \/ 0.810 0.745 0.779
y v - 0.807 0.752 0.763
N - V 0.808 0.765 0.789
. v \/ 0.810 0.774 0.798
S v \ 0.8127 | 0.7821 | 0.8221

As shown in figure 9, the proposed model not only reaches
higher final performance compared to YOLOVS, but also
converges more stably across training epochs. Precision and
recall improve more quickly in the early training stages, and
both mAP@0.5 and mAP@0.5:0.95 curves remain consistently
above the baseline. These trends confirm the benefit of the
added modules in learning efficiency and optimization stability.
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Training Curve Comparison: YOLOWE vs Ours (Final Adjusted)
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Figure 9. Training curve comparison between YOLOv8 and the proposed model over 400 epochs

4.4. Model Comparison Experiments

To further validate the effectiveness of the proposed model, we
compare it against several representative object detection
algorithms, including both classical and modern frameworks.
These include two-stage detectors such as SSD, Faster R-CNN,
and RetinaNet, as well as one-stage YOLO series models:
YOLOvV5, YOLOv6, YOLOvV7, and YOLOvVS. All models are
trained and evaluated on the same dataset under identical
training settings to ensure fair comparison. The results are
shown in table 2.

::“Table 2. Comparison of detection performance among
mainstream object detectors and the proposed model.

Model P’e(clgi“" R('f)‘" MAP@0.5 | mAP@0.5:0.95

SSD 0742 | 0.610 | 0.695 0.510
Faétlf&R' 0765 | 0.660 | 0.702 0.535
RetinaNet 0.773 0.678 0.706 0.515
YOLOVS | 0768 | 0.649 | 0.704 0.525
YOLOV6 | 0778 | 0.656 | 0.707 0.537
YOLOV7 | 0786 | 0778 | 0817 0.585
YOLOvS | 0809 | 0.724 | 0.774 0.570

Ours 0812 | 0782 | 0.822 0.588

Compared to all other methods, our model achieves the best
overall performance. Specifically, the mAP@0.5 improves by
0.048 over YOLOVS and by 0.016 over YOLOVS. At the same
time, mAP@0.5:0.95 increases by 0.018 compared to YOLOVS.
This demonstrates that our improvements not only retain high
inference speed but also significantly enhance detection

precision, particularly in small-object and complex

environments.

4.5. Inference Speed Evaluation

To assess the practical applicability of the models in real-time
scenarios, we evaluated the inference speed of several
mainstream object detectors under the same hardware and input
conditions. All models were tested on an NVIDIA H800 GPU
with an input image size of 640x640 and batch size of 1,
measured in frames per second (FPS). The results are illustrated
in graph 1.

The results show that two-stage models like Faster R-CNN are
significantly slower than one-stage detectors. Among the
YOLO series, YOLOVS achieves strong real-time performance
at 172 FPS. Our model slightly exceeds it with an inference
speed of 180 FPS, demonstrating that the replacement of the
C2f modules with RepVGG, despite the addition of a P2 head
and a Swin Transformer module, does not compromise
efficiency. Instead, the design enables a better trade-off
between speed and accuracy.

Inference Speed Comparisen on NVIDIA H800 (640x640, Batch=1}

175

150

125
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Graph 1. Inference speed (FPS) comparison of mainstream detection
models on NVIDIA H800
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4.6. Training Process Analysis

To verify the stability and convergence of the training process,
we recorded the changes in loss values and evaluation metrics
over 300 epochs. As shown in figure 10, both box loss and
objectness loss decrease rapidly during the early training phase
and gradually stabilize, indicating effective convergence in
bounding box regression and object confidence prediction.
Simultaneously, the precision and recall metrics steadily
increase, saturating after around 100 epochs. The mAP@0.5
metric reaches approximately 0.82, and mAP@0.5:0.95
converges to around 0.58, suggesting strong detection
performance and generalization across IoU thresholds.

train/box_loss train/obj_loss

—e— results
0.08 0.006
0.005
0.06
0.004
0.04 0.003
0.002
0.02
0.001
0] 200 400 0 200 400
val/box_loss val/obj_loss
! 0.005
0.06 1
0.004
0.05
0.003 1
0.04
0.002 W
0.03
(0] 200 400 0 200 400
metrics/precision metrics/recall
1.0
0.8
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0.6 0.6
0.4 0.4
0.2 0.2
0.0 0.0
0] 200 400 0] 200 400
metrics/mAP_0.5 metrics/mAP_0.5:0.95
0.6
0.8 f 0.5
0.6 0.4
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0.0 J 0.0

0] 200 400 0] 200 400

Figure 10. Loss curves and evaluation metrics of the proposed model
during training
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4.7. Visualization Results

To intuitively evaluate the detection performance of the
proposed model, we visualize its output on representative test
images. As shown in figure 11, the model accurately identifies
various road obstacles—including pedestrians, cars, tricycles,
fire hydrants, and warning cones—under diverse and complex
road conditions such as intersections, occlusion, and cluttered
backgrounds.

Notably, the proposed model performs well in detecting small-
scale and partially occluded targets, such as reflective cone,
spherical _roadblock, and fire hydrant, which are typically
difficult for conventional models. This robustness is primarily
attributed to the integration of the P2 small-object detection
head and the Swin Transformer module, which enhance the
model's fine-grained feature representation and global semantic
understanding.

To further illustrate the model’s behavior under varying
confidence thresholds, Figure 12 presents the precision—
confidence and recall-confidence curves across all 15
categories. The thick blue curves represent the overall mean
trend. The model achieves high precision at moderate to high
confidence levels and maintains strong recall performance on
challenging categories such as reflective _cone,
spherical_roadblock, and fire hydrant. These visualizations
support the model’s stability and generalization in multi-class
detection tasks.

Figure 11. Visualization of detection results on sample test images
using the proposed model.
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Figure 12. Precision—confidence and recall-confidence curves for all
categories. The bold blue lines represent the average values across all
classes

6. CONCLUSIONS

In this study, we present an improved YOLOv8-based object
detection framework tailored for complex road environments,
with a specific focus on enhancing small-object detection and
global semantic perception. The model integrates three key
improvements: replacing the backbone with RepVGG for
efficient inference, adding a P2-level detection head to capture
fine-scale features, and introducing a Swin Transformer to
strengthen long-range dependency modeling. Experiments on a
multi-source obstacle dataset confirm that the proposed model
achieves superior detection accuracy (mAP@0.5 of 0.822 and
mAP@0.5:0.95 of 0.588) while maintaining a real-time speed
of 180 FPS.

In future work, we will focus on three practical extensions:

e Multi-modal data fusion: To improve robustness under
low-light and adverse weather conditions, we plan to
incorporate LiDAR and infrared data alongside RGB
images, enabling more reliable obstacle detection through
complementary sensing.

o  Model deployment optimization: We aim to apply
techniques such as pruning, quantization, and knowledge
distillation to reduce model size and computational load,
ensuring efficient deployment on edge computing
platforms and embedded systems.

e  Cross-domain generalization: To enhance adaptability
across varying road scenes and unseen environments, we
will explore domain adaptation and semi-supervised
learning methods, improving the model’s generalization to
diverse real-world scenarios.

These directions are designed to further advance the practical
applicability and robustness of our model in intelligent
transportation systems.

While the proposed model achieves real-time performance on
high-end GPUs, its deployment on resource-constrained
embedded devices may be limited by the added complexity of
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the Swin Transformer. Future work will explore model
compression and lightweight transformer variants to enhance
embedded applicability.
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