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ABSTRACT: Vehicle detection is a crucial aspect of intelligent transportation systems (ITS) and autonomous driving
technologies. The complexity and diversity of real-world road environments, coupled with traffic congestion, pose sig-
nificant challenges to the accuracy and real-time performance of vehicle detection models. To address these challenges,
this paper introduces a fast and accurate vehicle detection algorithm named BES-Net. Firstly, the BoTNet module is
integrated into the backbone network to bolster the model’s long-distance dependency, address the complexities and
diversity of road environments, and accelerate the detection speed of the BES-Net network. Secondly, to accommodate
the varying sizes of target vehicles, the efficient multi-scale attention mechanism (EMA) was added to enrich feature
information and enhance the model’s expressive power by combining features from multiple scales. Finally, the Slide
loss function is specifically designed to give higher weight to difficult samples, thereby improving the detection accuracy
of small targets. The experimental results demonstrate that BES-Net achieves superior performance compared to
conventional object detection models, with mAP50 (mean Average Precision), precision, and recall reaching 73.2%,
74.8%, and 73.1%, respectively. These metrics represent significant improvements of 8.5%, 7.2%, and 11.7% over the
baseline network. This significant improvement underscores the high robustness of the BES-Net model in vehicle
detection tasks. In addition, the BES-Net network has been deployed on NVIDIA Jetson Orin NX equipment, providing
a solid foundation for its integration into intelligent transportation systems. This deployment not only showcases the
practicality of the model but also highlights its potential for real-world applications in autonomous driving and ITS.
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1 Introduction
Vehicle detection is a subclass of object detection, utilizing computer vision technology to accurately

identify the type and location of vehicles in images or videos [1]. It serves as the foundation for subsequent
tasks such as vehicle tracking and traffic statistics, and is a core component of intelligent transportation
systems. Efficient and accurate vehicle detection technology is crucial for improving traffic safety and
optimizing traffic management [2]. Currently, applying object detection algorithms to traffic scenarios poses
two major challenges.

Traditional vehicle detection algorithms can provide more effective solutions in simple scenarios,
especially in scenarios with limited computing resources and high real-time requirements, and these
methods still have certain application values [3]. However, with the rapid development of deep learning
methods, vehicle detection methods based on convolutional neural networks (CNN) have gradually replaced
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the traditional algorithms. Especially in complex scenarios, deep learning can automatically learn features
and significantly improve detection accuracy and robustness [4].

The model designed in this paper incorporates targeted improvements to address the challenges of
real-world road vehicle detection in complex environments. First, ensuring the accuracy of the detection
algorithm is crucial. The traffic scenes are fraught with variable environmental factors like lighting changes
and weather conditions, which impede detection precision and necessitate enhanced algorithmic robust-
ness [5]. To address this, we introduced Slide Loss into our model. By assigning higher weights to hard
samples, it improves detection accuracy in complex environments. To ensure the algorithm maintains high
stability and reliability across varying vehicle sizes [6], we integrated EMA into the model’s backbone
network. This enhances multi-scale feature fusion capabilities, enabling the model to focus more effectively
on vehicle characteristics and thereby boost detection accuracy.

The design of the model framework must balance detection accuracy with algorithmic complexity to
ensure efficient operation on edge devices with limited memory and computational resources, achieving
both real-time and precise vehicle detection. Consequently, developing and applying high-precision, fast-
detection vehicle technology has become an urgent need. To tackle this, we incorporated BoTNet, a module
combining self-attention mechanisms with CNNs, at the bottom of the model’s backbone network. This
enhances the network’s feature extraction capability and accelerates training convergence. Furthermore,
deploying the model on NVIDIA Jetson Orin NX devices demonstrates the integration of deep learning with
embedded hardware, laying a foundation for establishing future intelligent transportation platforms.

The rest of this paper is organized as follows: Section 2 provides an overview of the literature, analyzing
the current state of deep learning-based vehicle detection. Section 3 introduces the overall architecture of
our model and the improved modules. Section 4 presents the experimental results along with corresponding
analyses. Sections 5 and 6 contain the discussion and conclusion, respectively, outlining the research findings
and potential directions for future studies.

2 Literature Review
The continuous development of the automotive industry has led to increasingly severe road traffic

congestion, making the construction of intelligent traffic management systems critically important. Methods
and technologies based on machine learning (ML) and deep learning (DL) can enhance vehicle safety
and reduce congestion. Concurrently with technological progress, electric vehicles (EVs) have become a
dominant presence on roads, necessitating effective management strategies for them. Mazhar et al. [7,8]
employed various deep learning approaches, such as long short-term memory (LSTM) and CNN, to conduct
tailored experiments for different EV types. Their work guides EVs towards charging stations and uploads
relevant information to cloud platforms. Similarly, Ditta et al. utilized deep learning techniques for license
plate recognition, transmitting vehicle detection data via the Internet of Things (IoT) [9].

While these methods contribute to alleviating road congestion, real-time detection of vehicles in
complex road environments is essential to further control traffic flow and effectively reduce congestion.

At present, vehicle detection algorithms based on deep learning can be divided into two-stage detection
algorithms and single-stage detection algorithms according to the process [10]. The two-stage algorithm first
generates candidate regions and then performs classification and boundary box regression on these candidate
regions [11]. As a result, the implementation process of the algorithm is complicated and the detection speed is
slow, which brings difficulties to real-time vehicle detection. The single-stage target detection algorithm uses
the end-to-end convolutional neural network to directly input the category and location information of the
predicted target in the image, which improves the computational efficiency and real-time performance [12].
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Therefore, the single-stage algorithm has great advantages in many practical applications, especially in
scenarios with high real-time requirements [13]. In recent years, in order to meet the development needs
of intelligent transportation systems, the object detection algorithm has been continuously improved in the
traffic object detection task.

Although the performance of the new object detection algorithm in large public data sets is getting better
and better, in the real complex traffic scene, factors such as vehicle occlusion, different sizes, and lighting
changes may lead to serious problems such as vehicle missed detection and false detection. To address
these issues, the researchers took into account the vehicle features extracted by the enhancement network.
For example, Song et al. [14] employed MixUp and Mosaic data augmentation techniques to enhance the
network’s ability to learn local vehicle features and introduced efficient channel attention (ECA) mechanisms
in the backbone network to better focus on key features. Eventually, they used a complex decoupled header
to make predictions. Bochkovskiy et al. [15] not only use CSPDarknet53 as the backbone network to reduce
network computation and memory consumption, but also utilize spatial pooling pyramid (SPP) and path
aggregation network (PAN) to enhance feature fusion capability. On this basis, Jocher [16] proposed that
YOLOv5 achieves faster inference speed by optimizing label allocation strategy and improving SPP module.
Li et al. [17] and Xu et al. [18] used the heavily parameterized module RepVGG [19] block to improve the
feature representation capability of small networks with similar inference speeds.

3 BES-Net Network Structure
YOLOv8n is the lightest version in the YOLOv8 series, with fewer parameters and lower computational

requirements, enabling efficient operation on resource-constrained devices. Compared to YOLOv5 and
YOLOv7, it is more suitable for real-time processing and resource-limited application scenarios, offering
faster speeds, lower latency, and reduced computational resource consumption. In this paper, the model
based on YOLOv8n proposes the following targeted improvements. Considering the complex road environ-
ment of vehicles in the dataset, in order to enhance the detection ability of the model for vehicles in the
complex environment, the BoTNet module is added to the network backbone to enhance the long-distance
dependence of the model and also increase the detection speed of the network [20]. In addition, we integrate
EMA into the Neck part of the network to enhance the feature fusion capability of the network. Finally,
aiming at the problem of small targets and occlusion at a long distance, the Slideloss function is introduced
to solve the imbalance between easy and difficult samples. Fig. 1 shows the specific structure of the BES-Net
network model. Through these improvements, the BES-Net model can detect target vehicles more effectively
and meet the requirements of high-precision.
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Figure 1: BES-Net network structure diagram

3.1 Pseudo Code of the Study
The pseudo-code of this study is outlined in Algorithm 1 below.

Algorithm 1: Pseudocode of the study
1: Step1: Preprocess the data and input it
2: Step2: Load the smoothed weights saved during the training phase through EMA
3: Step3: focus on hard samples within the Slide loss,
4: Step4: Generate classification probabilities and regression offsets through the YOLOv8n backbone
5: network
6: Step5: Coordinate decoding: Convert the offsets to the original image coordinates
7: Step6: Retain the confidence above the threshold
8: Step7: Remove highly overlapping redundant boxes
9: Step8: Output the final results and overlay the detection boxes and class labels on the original image
10: Step9: Deploy the algorithm on edge devices for complex road vehicle detection

3.2 BoTNet Multi-Head Self-Attention Network
To address challenges such as complex road environments and uneven vehicle distribution, we intro-

duce a BoTNet module—a conceptually simple yet powerful backbone network that integrates self-attention
mechanisms. Built upon the ResNet architecture, BoTNet replaces the 3 × 3 convolutional layers in the
last three bottleneck blocks with multi-head self-attention (MHSA) layers, a design choice that significantly
enhances performance in object detection tasks. BoTNet employs relative position encoding, enabling
the self-attention mechanism to perceive spatial relationships. This encoding approach not only considers
content information but also effectively correlates features across different positions.
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As illustrated in Fig. 2, the core of BoTNet is the MHSA mechanism. MHSA, an extension of the
attention mechanism widely adopted in Transformer models, operates multiple independent attention
mechanisms in parallel to capture attention distributions across different subspaces of the input sequence.
This design allows for a more comprehensive understanding of potential semantic relationships within
the sequence. By leveraging this mechanism, BoTNet achieves superior feature representation capabilities,
particularly beneficial for detecting vehicles in complex and variable road environments.
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Figure 2: General schematic diagram of MHSA

In multi-head attention, the input sequence is first passed through three different linear transformation
layers to obtain the Query, Key, and Value. Then, these transformed vectors are divided into several “heads”,
each with its own independent Query, Key, and Value matrices. For each head, a Scaled Dot-Product
Attention operation is performed.

For each input feature xi ∈ X, we calculate the corresponding query, key and value through the weight
matrix WQ , WK , WV , which is computed as shown in Eqs. (1)–(3).

Q = XWQ , (1)
K = XWK , (2)
V = XWV , (3)

where WQ , WK and WV are the learnable parameter.
The core of the self-attention mechanism is to calculate the correlation between the query and the key,

usually through the dot product. Q For the query and key K, we first compute their dot product and then
normalize it via the softmax function as shown in Eq. (4).

Attention (Q , K , V) = so f tmax (QKT
√

dk
) , (4)

where 1√
dk

is a scaling factor used to avoid situations where the dot product value is too large to cause the
gradient to disappear or the gradient to explode.
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3.3 EMA Attention Mechanism
In order to solve the problem of poor network generalization caused by obvious differences between

individual vehicles in self-built data sets, this paper introduces EMA based on cross-space learning. This
module focuses on retaining information of each channel and reducing computing overhead, readjusting
some channels into batch dimensions, and grouping channel dimensions into multiple sub-features. So
that spatial semantic features are evenly distributed within each feature group. Thus, dependencies between
features are captured more comprehensively [21]. The EMA attention mechanism is shown in the Fig. 3 below.
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Figure 3: Structure of EMA attention mechanism

The EMA mechanism can learn effective channel descriptions without reducing the channel dimen-
sionality during convolution operations and generate better pixel-level attention for high-level feature maps.
Specifically, it selects the shared components of the 1 × 1 convolution from the CA module, which is named
the 1 × 1 branch in EMA. To aggregate multi-scale spatial structural information, a 3 × 3 kernel is placed in
parallel with the 1× 1 branch to achieve rapid response, and this is referred to as the 3× 3 branch. Considering
feature grouping and multi-scale structures, effectively establishing short-term and long-term dependencies
is beneficial for achieving better performance.



Comput Mater Contin. 2025;85(1) 1043

3.4 Slide Loss Function
Under the same camera perspective of vehicles in complex road environment in self-built data set,

vehicles will be blocked by different vehicles, increasing the difficulty of identification. Therefore, the Slide
Loss function is introduced in this study, which aims to solve the imbalance between easy samples and
difficult samples. Easy samples and difficult samples are distinguished according to the IoU size between the
prediction box and the real box, and the Slide weighting function is used to assign higher weights to difficult
samples. Here is the Slide Loss formula were shown in Eq. (5).

LS l id eLoss = −∑
i , j

{ωi , j (yi , j log (pi , j) + (1 − yi , j) log (1 − pi , j)) , (5)

where LS l id eLoss indicates total loss. i , j is the index of each pixel in the image. yi , j is the true label of the
(i , j) pixels in the image, with values of 0 or 1, representing the background (0) or the target area (1). pi , j is
the prediction probability of the model for the target region of the (i , j) pixel, usually made with a CNN. i , j
is the weight of the (i , j) pixel, set according to whether it is the target region or the background region.

4 Experimental Results and Analysis

4.1 Picture Annotation
This paper uses Labelme software to label vehicle types. Labelme is a widely used image labeling tool.

The tool allows users to draw bounding boxes, polygons, and other shapes for objects in an image through
a simple graphical interface and add semantic labels to them [22]. In this study, vehicles on the highway are
labeled in 3 common categories, namely, cars, buses and trucks. Fig. 4 shows the data set labeling.

Figure 4: Photos of part of the data set

4.2 Data Set Production
The data set constructed in this paper, as shown in Fig. 4, consists of 3345 images, and the data set is

divided into 2676 training images and 578 verification images. The photos in this data set are frame extracted
from the surveillance video on the Nanjing expressway in China. The image resolution in all datasets has
been standardized to 1920 × 1080 pixels to ensure high-quality image details. Some images have been resized
to 256 × 256 pixels to meet the model training requirements. Additionally, we have performed a three-class
classification on the vehicles in the images, categorizing them as cars, trucks, and buses. We have selected
the Hikvision DS-2DE4220IW-DE for 360-degree panoramic monitoring, which features high resolution.
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The selected time is during holidays. The characteristics of this data set are that traffic roads are crowded, the
environment is complex, vehicle occlusion is serious, and multiple cameras of different angles and sizes of
vehicles are covered, which is difficult to detect. It is suitable for vehicle detection data set in complex road
environment. In order to increase feature diversity and prevent overfitting, a series of data enhancement
methods, including adjusting image saturation, mirroring, etc. were employed in this study to expand the
sample size and enhance the generalization ability and robustness of the model.

4.3 Blur and Noise Removal in Images
To validate the model’s generalization capability, robustness, and accuracy in real-world applications,

the following tests were conducted: normal images were blurred with a radius of 5–10 pixels, motion blur
was set to 10–20 pixels, jitter noise intensity was adjusted to 5%–10%, and a slight displacement of 1–5 pixels
was applied.

4.4 Evaluation Index of Vehicle Detection
We evaluated the size of the model by the number of parameters and the amount of calculation. The

number of arguments represents the spatial complexity of the model, while the computation refers to the
number of floating-point operations performed per second. The inference speed of the model is measured by
FPS (frames per second). When calculating reasoning speed for small size models, we make sure to maximize
the performance of hardware devices such as graphics cards, ultimately calculating FPS by the inspection
time per batch. This method allows for a fairer and more accurate comparison of reasoning speeds for models
of different sizes. To evaluate model performance, we use Precision, Recall, mAP50 and MAP50-95 as the
main indicators. Precision and Recall are used as the basic indicators, and the final evaluation is determined
by calculating the Average Precision (AP) to measure the recognition accuracy of the model. The calculation
formula is shown in Eqs. (6)–(8).

Precision = TP
TP + FP

× 100%, (6)

Recal l = TP
TP + FN

× 100%, (7)

mAP =

k
∑
i=1

{APi

k
× 100%. (8)

4.5 Experimental Configuration
The open source PyTorch deep learning framework is used in this paper. The CPU uses the 14th

generation Intel Core i7-14650H, the main frequency is 4.70 GHz; Window11 operating system, which
includes Python 3.8 and CUDA 12.0; The graphics processor uses GeForce GTX 4060 with 12 GB of video
memory. In order to adapt to our own data set, this paper retrained YOLOv8, optimized the training
parameters and Batch Size, and did not use any pre-trained model in the training process. The input image
size was set to 640× 640 pixels, the model was trained 100 times, and the batch size was 16. The initial learning
rate is 0.01. Random gradient descent (SGD) was used to optimize the parameters. The results from training
and evaluating the BES-Net model are displayed in Fig. 5.
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Figure 5: BES-Net model training evaluation results

4.6 Ablation Experiment
In order to verify the effectiveness of BoTNet, EMA and Slideloss, the improved methods were compared

with ablation experiments. “
√

” indicates that the corresponding module is added, and “-” indicates that the
corresponding module is not added. BES-Net is the model for adding all the above modules. The ablation
experiment data are shown in Table 1.

Table 1: Comparison of network experiment results

BoTNet EMA SlideLoss Precision Recall mAP50 mAP50-95 Model
size/mb

Inference
time/s

- - - 67.6% 61.4% 64.7% 37.2% 20.44 26.6
√

- - 68.7% 68.9% 70.0% 43.5% 20.44 25.9
-

√
- 69.9% 71.3% 71.0% 42.2% 20.47 27.4

- -
√

70.6% 69.4% 66.7% 39.3% 20.12 27.3
-

√ √
69.5% 68.4% 71.6% 44.1% 20.51 24.1

√
-

√
72.4% 71.2% 70.6% 44.5% 20.47 25.8

√ √
- 75.3% 73.9% 72.6% 47.1% 20.10 24.2

√ √ √
74.8% 73.1% 73.2% 47.5% 20.43 24.9

From the data, it can be observed that when employing the BoTNet module in the baseline network, the
network’s Precision, Recall, and mAP50-95 improved by 1.1%, 6.5%, and 5.3%, respectively, while the model’s
inference speed remained essentially unchanged. This validates the positive role of the BoTNet module
in enhancing vehicle detection performance. Furthermore, by introducing the EMA attention mechanism
based on these improvements, Precision increased by 5.4% and mAP50 improved by 1.8%. This indicates
that incorporating the EMA attention mechanism can strengthen the model’s feature extraction capability,
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thereby improving detection accuracy. Finally, our modified loss function SlideLoss achieved enhanced
Precision and mAP50-95 metrics while slightly accelerating feature extraction speed, with only a marginal
decrease in Recall and almost no increase in computational load. After implementing SlideLoss, the network
achieved optimal overall performance. In summary, the improved algorithm in this study not only achieves
enhanced detection rates but also maintains balanced performance across other metrics.

The loss function change curve is shown in Fig. 6. When analyzing the loss images, we can observe
that the BES-Net model shows the best performance throughout the training process. Compared with other
variants, the loss curve of this model consistently shows lower values, indicating higher learning efficiency
and faster convergence in terms of parameter optimization. Specifically, in the initial phase (0–50 cycles),
the loss values of all models decreased rapidly, reflecting the occurrence of significant improvements at the
beginning of learning. However, as we move beyond 50 cycles, the advantages of the BES-Net model become
more apparent. Its losses continue to decline steadily. This trend of continuous loss reduction indicates that
the model can maintain good generalization ability in the later training and effectively avoid overfitting
phenomenon. In addition, it can also be seen from the figure that the BES-Net model maintains the lowest
volatility throughout the training period, which means that its prediction results are more stable and reliable.

Figure 6: Change curve of ablation loss function

4.7 Model Generalization Verification
In order to more truly understand the actual working environment of vehicle detection, we added

the motion blur effect on the basis of the self-built data set. The verification experiment results are shown
in Table 2.

Table 2: Experimental results (add motion blur)

Model Precision Recall mAP50 maP50-95 Inference time
BES-Net 74.3% 73.2% 72.9% 47.6% 20.3 ms
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As can be seen from the experimental results in Table 3, the improved BES-Net network proposed in this
paper still shows excellent performance when processing the data set with motion ambiguity added, reaching
74.3% accuracy. In addition, the inference speed of the model is very fast, the input image is processed and
the output result takes only 20.3 ms. Fig. 7 shows the effect of the BES-Net network on the addition of a
motion-fuzzy dataset.

Figure 7: Part prediction effect of fuzzy processing data set

Table 3: NVIDIA Jetson Orin NX specific parameters

Parameter Type
CPU ARM Cortex-A78AE v8.2

AI performance 100 TOPS (INT 8)
Memory 16 G

GPU NVIDIA Ampere
DL accelerator 2x NVDLA v2

Storage 128 G
Specification size 103 × 90 × 35 (mm)

4.8 BES-Net Edge Device Deployment
The combination of deep learning and embedded hardware has further promoted the popularity of

smart hardware, especially in the field of intelligent transportation. However, the algorithms of road vehicle
detection need to process a large amount of high-resolution image data, which puts higher requirements on
the image processing capability and storage capacity of the equipment. And in practical applications, it may
be affected by environmental lighting, noise and other factors, resulting in a decrease in positioning accuracy.

In order to realize the portable deployment of BES-Net, it can meet the requirements of intelligent
transportation system. We deployed BES-Net, a vehicle detection network, on NVIDIA Jetson Orin NX
equipment. The NVIDIA Jetson Orin NX is a high-performance, low-power embedded computing device.
The specific parameters of the device are shown in Table 3.

The deployment of the BES-Net network on the NVIDIA Jetson Orin NX device leverages its powerful
computing capabilities and efficient AI inference performance to enable real-time processing of complex
deep learning models, thereby achieving high-precision target vehicle detection.

As can be seen from the data in Table 4, although the detection performance of BES-Net has decreased
after it is deployed on NVIDIA Jetson Orin NX, it still maintains a high improvement compared with the
original baseline network, and the detection speed has decreased a lot, which can ensure the real-time
detection of vehicles.
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Table 4: Experimental results

Model Precision Recall mAP50 maP50-95 F1 score Inference time
BES-Net 72.3% 71.2% 70.9% 45.6% 70.8 29.3 ms

4.9 Comparative Experiment
The proposed complex road vehicle detection module was compared in terms of detection performance

with YOLOv5n, YOLOv7, YOLOv8n, and YOLOv8s. Fig. 8 shows a comparison of partial training results
between other YOLO variants and BES-Net. It was observed that YOLOv5n failed to achieve satisfactory
results, with lower detection performance across metrics such as accuracy and recall rate. It was found to have
limitations in detecting vehicles in complex environments. YOLOv7 showed improvements across various
metrics, but the test results produced significant errors, making the results unreliable. In comparison to the
baseline model YOLOv8n, it was noted that, due to the use of simple contrastive learning (SimCLR), bidi-
rectional feature pyramid network (BiFPN), and improved non-maximum suppression (NMS) algorithms,
YOLOv8n performed well in feature extraction. However, it still missed or misidentified occluded vehicles.
The improved BES-Net algorithm demonstrated significant performance improvements and showed strong
adaptability to difficult and complex samples. Table 5 presents a comparison of the results between other
YOLO variants and the proposed algorithm.

image1

image2

image3

Original            YOLOv7 YOLOv5n oursYOLOv8n

Figure 8: Comparison of training results between YOLO variants and BES-Net

Table 5: Comparison of network experiment results

Model mAP50 mAP50-95 Precision Recall F1 Score
YOLOv5n 62.6% 38.2% 64.5% 59.8% 60.4%
YOLOv7 63.5% 36.5% 64.1% 60.1% 61.3%

YOLOv8n 64.7% 37.2% 67.6% 61.4% 60.8%
BES-Net 73.0% 47.5% 74.8% 73.1% 71.6%
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4.10 Comparison with Other State-of-the-Art Models
The proposed complex road detection algorithm was compared with various other innovative methods

on a self-built dataset. Tahir et al. [23] proposed a PVDM-YOLOv8l model for detecting vehicles and
pedestrians under harsh conditions. They employed methods such as the convolutional block attention
Module (CBAM) for feature refinement and a Swin Transformer for global feature extraction. While their
model improved vehicle detection in adverse conditions, its mAP50 of 70.4% was lower than the proposed
method. Wang et al. [24] introduced a YOLOv8-QSD model for detecting surrounding objects during
vehicle movement. They enhanced the model using a diverse branch block (DBB), improving detection
accuracy for high-speed vehicles. However, its generalization capability in complex vehicle environments
remained limited, achieving an F1-score of 67.2% and mAP50-95 of 41.4%. Feng et al. [25] presented the
ADWNet model, an improved version of YOLOv8 for object detection in autonomous driving. Their model
incorporated SIOU loss and a multi-scale attention mechanism, enhancing precision (70.8%) and recall
(71.4%). Nevertheless, its mAP50-95 (70.7%) fell below that of the proposed model. Safaldin et al. [26]
enhanced YOLOv8’s backbone network by introducing the Bi-PAN-FPN concept, significantly strengthening
the algorithm’s detection capability for moving objects. Although their model performed reasonably well
with a precision of 71.1%, its mAP50 was only 39.2%. The results of these state-of-the-art models, compared
with those of the proposed model, are summarized in Table 6.

Table 6: Comparison with other state-of-the-art methods

Model mAP50 mAP50-95 Precision Recall F1 score
ADWNet 70.7% 42.5% 70.8% 71.4% 66.2%

YOLOV8-QSD 69.3% 41.4% 69.1% 71.1% 67.2%
PVDM-OLOv8 70.4% 43.6% 68.7% 69.3% 65.3%

PAN 71.2% 39.2% 69.6% 68.4% 65.8%
BES-Net 73.0% 47.5% 74.8% 73.1% 71.6%

5 Discussion
As the core artery of the national transportation network, China’s expressways have faced increasingly

severe traffic congestion in recent years. Especially during peak travel times such as holidays, in adverse
weather conditions, or following unexpected accidents, certain sections of the roads often experience chain
congestion due to a surge in traffic flow or traffic violations (such as random lane changes and slow driving
blocking lanes), leading to a sharp decline in traffic efficiency and an increase in safety risks. Currently,
Zhejiang Province has piloted AI video analysis systems, but their high computational costs and equipment
maintenance fees make it difficult for small and medium-sized cities to adopt them widely. This paper
introduces a multi-scale fusion algorithm, which provides a low-cost solution for intelligent road vehicle
detection systems by deploying the algorithm into edge detection devices. The algorithm is based on
YOLOv8, with improvements through three modules: BoTNet, EMA and slide loss. Compared to the baseline
model, the accuracy, recall rate, and other metrics for vehicle detection have been improved. Additionally,
our data augmentation strategy enhances the generalization ability of our algorithm, ensuring the input
data’s high quality and allowing the model to make more accurate predictions. The augmentation technique
helps the system adapt to different environmental conditions, improving vehicle detection rates in complex
road environments.
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In real-world scenarios, the proposed model can integrate with low-cost sensors to serve as a prototype
for future vehicle management and early warning systems, constructing a “perception-decision-regulation”
closed-loop system covering the national road network. This not only reduces the economic losses of
hundreds of billions of yuan caused by congestion each year but also lowers traffic accident rates and alleviates
carbon emission pressure.

6 Conclusions
In this paper, we propose a network named BES-Net, and deploy the BES-Net network to NVIDIA

Jetson Orin NX device, which realizes the convenient deployment of the network, Refines the practicality
of the network, and achieves the accuracy of vehicle detection. Firstly, real road vehicles are relatively
complex, so we enhance the long-distance dependence of the model by introducing a multi-head attention
backbone network, and at the same time increase the detection speed of the network. Secondly, to solve the
problem of complex road vehicles with obvious individual differences, we add the multi-scale fusion attention
mechanism EMA to enrich the feature information and improve the expressiveness of the model. Finally,
the slide loss function is introduced to solve the problem of the low detection rate of small samples. The
experimental results demonstrate that BES-Net achieves competitive performance compared to conventional
object detection models, with mAP50 reaching 73.2%, which is 8.5% higher than the baseline network.
It is proved that the BES-Net network proposed in this paper can effectively detect vehicles in practical
applications. In the future, we are committed to further improving the accuracy and real-time performance
of the vehicle detection model and providing more efficient and reliable solutions in a wider range of
application scenarios.
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Abbreviations
ITS Intelligent Transportation Systems
MAP Mean Average Precision
EMA Efficient Multi-Scale Attention Mechanism
CNN Convolutional Neural Network
ML Machine Learning
DL Deep Learning
EVS Electric Vehicles
IoT Internet of Things
ECA Efficient Channel Attention
SPP Spatial Pooling Pyramid
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PAN Path Aggregation Network
MHSA Multi-Head Attention
SGD Stochastic Gradient Descent
CBAM Convolutional Block Attention Module
DBB Diverse Branch Block
BiFPN Bidirectional Feature Pyramid Network
SimCLR Simple Contrastive Learning
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