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Abstract

To address the problems of low accuracy and poor robustness in vehicle small object detection for
autonomous driving tasks, this study aims to propose an improved vehicle small object detection algorithm model
based on YOLOVS5. Firstly, some convolutions in the backbone network are replaced with receptive field attention
convolutions, and the weights of the convolution kernels are dynamically assigned based on the importance of
image features to ensure the extraction of important features. Secondly, adding a channel attention mechanism to
the backbone network enhances the attention to small target features. Finally, the Focal-EloU loss function is
introduced to increase the attention on high-quality samples in the regression stage of object detection boxes. When
the model is applied to the small object test set of the KITTI dataset, the precision rate, recall rate and mean average

precision are 88.5%, 82.8%, and 84.9%, respectively, and the frame processing rate reaches 87.83FPS.
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1. Introduction

Vehicle detection technology in autonomous driving environment perception is a research hotspot in computer vision for
intelligent driving. In the task of vehicle detection in autonomous driving, even a tiny error may have catastrophic
consequences. In vehicle driving, it is necessary to use complex methods to achieve high-precision real-time detection of the
surrounding environment and transmit environmental information to the underlying of the vehicle for data fusion, analysis,
and processing with the self-vehicle information, thereby realizing autonomous driving [1]. When cameras are used in the
process of autonomous driving to detect distant vehicles, vehicles can make decisions in advance, making driving safer.
However, in the acquired image data, the targets of distant vehicles are small and have few pixel values, making the detection
of small vehicle targets a major challenge in the practical applications of autonomous driving. It can be seen that improving
the accuracy and robustness of small vehicle target detection is of great significance for the safety and reliability of autonomous

driving.

In recent years, deep learning methods are commonly used in vision-based vehicle detection tasks to analyze and process
image data from on-board cameras. Deep learning object detection algorithm models can be divided into one-stage (One-stage)
detection and two-stage (Two-stage) detection. One-stage detection models, represented by SSD [2] and the YOLO (You Only
Look Once, YOLO) series [3-5], locate target boxes according to the regression logic, and predict them all at once after
extracting image features through a convolutional neural network, with fast speed but slightly lower accuracy. Two-stage
detection models, such as Fast R-CNN [6-7] and Faster R-CNN [8], generate detection proposal boxes by calculating multiple

regions of interest (Regions of Interest, ROI) from the feature map. These models classify and locate the features within the
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regions with high accuracy but at a slow speed, which cannot meet the requirements of environmental perception tasks in

autonomous driving.

Ma et al. [9] improved detection accuracy by integrating the YOLOvV3 and Deep-SORT algorithms and using object
tracking. Dong et al. [10] improved the data augmentation method of the original YOLOvVS5s and optimized the non-maximum
suppression priori box, effectively improving the missed detection of the original vehicle target. Liang et al. [11] introduced
the S-RFB module into the YOLOvV3 algorithm model to expand the model’s receptive field and better utilize contextual
information, thereby improving the ability to detect small target vehicles. Ahmed et al. [12] proposed a technique for vehicle
detection and classification in remotely sensed images based on transfer learning, using Mask Region-based Convolutional
Neural Network (RCNN) technology to detect vehicles, and once detected, using Fuzzy Wavelet Neural Network (FWNN)
models to classify them. Kong et al. [13] proposed a two-stage vehicle detection framework, first using convolutional layers
with different receptive fields to alleviate the problem of scale variation. Additionally, a scale-based non-maximum suppression
(NMS) to hierarchically filter redundant proposals from different levels of the feature pyramid was proposed. Dong et al. [14]
use lightweight methods to reduce the YOLOVS model parameters to ensure the effectiveness of the model, which is suitable

for devices with smaller computing power.

Although the above-mentioned algorithms have achieved good results in the field of object detection, they still do not
achieve ideal results in detecting small targets in autonomous driving scenarios. Therefore, this study proposes several
improvements to the YOLOVS5 algorithm. During the data input stage, image enhancement techniques such as skewing and
stretching are implemented to increase the robustness of the trained detection model. Additionally, some convolutions in the
backbone network are replaced with receptive field attention convolutions, which dynamically allocate convolutional kernel
weights based on the importance of image features within the receptive field, thereby improving the network's feature
extraction capability. Furthermore, an attention mechanism is introduced into the backbone structure of the model to enhance
the feature extraction functionality of feature maps. Finally, the Focal EloU loss function is incorporated at the output end to
increase the focus on high-quality samples during the object detection bounding box regression phase, thereby improving

detection accuracy.
2. YOLOV5 Algorithm

The network structure model of YOLOVS5 is shown in Fig. 1. The Backbone layer consists of the Focus structure and the
cross-stage partial (Cross Stage Partial, CSP) [15] Network structure composition: Focus is a special convolution operation
that divides the feature image into four sub-images and stitches them together, allowing the neural network to fully parse image
features. CSPNet serves as the backbone network to extract image features. The network structure adopts the CSPDarkNet-53
module, whose main idea is reflected in the C3 module, which realizes gradient shunt and effectively improves the accuracy

of the model while having fewer model parameters and computing resources.

The Neck layer includes Spatial Pyramid Pooling (Spatial Pyramid Pooling, SPP) [16] Structure and Path Aggregation
Network (Path Aggregation Network, PAN) [17] Structure. SPP pools and stitches feature maps of different sizes to enhance
the model’s perception ability for targets of different scales. PAN performs upsampling and downsampling separately to fuse

the semantic information and location information of the acquired images.

The Intersection over Union (loU) loss at the output end of the head is a loss function for calculating the Bounding Box,
which is used to calculate the difference between the predicted box and the real bounding box, and eliminates ineffective
predicted bounding boxes through Non-Maximum Suppression. YOLOVS5 is divided into four versions according to the number
of network layers and the overall capacity, namely s, m, I, and x, with more network layers and capacity having higher accuracy,
but resulting in larger model volume and slower inference time. Therefore, in considering the trade-off between accuracy and

speed, this paper selects YOLOV5I as the benchmark model for the experiment.
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Fig. 1 YOLOV5 network structure

The YOLOVS algorithm combines various neural network structures to fully extract image feature information and
optimize the network structure to reduce computation and accelerate detection speed. However, the backbone network still
lacks accuracy in feature extraction, and the IoU of the original bounding box loss function is greatly affected by the
localization gap. For autonomous driving, which requires high accuracy in small target detection, the original YOLOvVS
algorithm is difficult to apply to the actual detection of small vehicle targets. Therefore, the algorithm is improved to address

these shortcomings.

3. Algorithm Improvement

Ordinary convolution uses the same convolution kernel in the feature extraction process, without considering the different
information of features from different positions, nor the importance of each feature. Therefore, it limits the ability of feature
extraction, thereby affecting the performance of the model. Based on this, this paper introduces the RFAConv (Receptive-
Field Attention Convolution) [18].

3.1 Receptive-Field Attention Convolution

Ordinary convolution uses the same convolution kernel in the feature extraction process, without considering the different
information of features from different positions, nor the importance of each feature. Therefore, it limits the ability of feature
extraction, thereby affecting the performance of the model. Based on this, this paper introduces the RFAConv (Receptive-Field

Attention Convolution) [18].

First, the feature map uses average pooling to aggregate the global information of each receptive field feature, uses 1x1
convolution to interact information, normalizes to emphasize the importance of each feature in the receptive field feature,
grades the importance of different features in the receptive field slider, and prioritizes the features in the receptive field space,
thereby ensuring that the obtained convolution kernel can extract important features. The attention map is used to allocate
weights to the subsequent convolution kernel. Then, the original feature map is convolved to obtain the receptive field space

feature with the same dimensions as the attention map. Both the attention map and the receptive field space feature are obtained
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through grouped convolution, reducing the number of parameters and the amount of computation in the network. Finally, the
features of the receptive field space are extracted according to the weight of the attention map, and adjusted to the appropriate

size to obtain the output result of the RFEAConv. The calculation process of the RFAConv is shown in Equation (1):

F = Soft max(g>* (AvgPool(X))) x ReLU(Norm(g“* (X ))) = Arf x Frf (1)

Among them, the grouped convolution represents a size of ixi, k represents the size of the convolution kernel, Norm
represents normalization, X represents the input feature map, and the output feature F is obtained by multiplying the attention

map with the transformed receptive field space feature. The process of the RFAConv is shown in Fig. 2.

RFAConv considers the importance of features within each receptive field in convolutional neural networks, addressing
the performance limitations of ordinary convolutions due to shared parameters and insensitivity to positional changes. By
combining the spatial features of the receptive field with convolution operations, non-parametric shared convolution operations

were achieved.
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Fig. 2 Process diagram of RFAConv
3.2 Network structure

Attention mechanism is a technique used to enhance the performance of object detection, helping the network better focus
on important features and target areas. The Squeeze-and-Excitation (SE) attention mechanism module [19] differs from other
works by enhancing the network’s feature perception ability from the perspective of enhancing spatial dimension coding.
Unlike others, it focuses on the network channel dimension, modeling the dependency relationships between channels to
adaptively adjust the feature response values of each channel. Adding the SE module to the neural network structure greatly
improves network performance while consuming very little computation. The basic structure of the SE module is shown in
Fig. 3, where is a convolutional structure, X (C'xH'xW") and U (CxHxW) are the input and output of respectively, which exist
in other network structures. The specific process of the SE template is: first perform a global average pooling (GAP) on U,
called the Squeeze process. The output 1x1xC data is subjected to a two-level fully connected, called the Excitation process.
Finally, a sigmoid activation function is used to multiply the scale calculated by the computation module onto U as the input

data for the next level.
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Fig. 3 Squeeze-and-Excitation block
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The formula for the squeeze operation is:

W

1 & ..
qu (UC) :W;Z;uc (I' J) 2

]

Among them, the pixel value of the channel represents ¢ at position (i, j) in the feature image. H and W represent the
height and width of the two-dimensional convolution spatial dimension features, respectively. To utilize the correlation
between channels, the average value of information for all points in space is obtained, and finally, the calculated scale is applied

to the entire channel. The formula for the excitation operation is as follows:

F,. (z,w) = Sigmoid (W, x ReLU (W, xz)) 3)

Among them, W and W, are the weight matrices of the FC layer, and z represents the value obtained by the squeezing
operation. The excitation part is implemented through two levels of fully connected: the first level compresses the C-layer
channels through the ReLU function, and the second level restores to C channels through the Sigmoid function, so that the
correlation of the channels is utilized to calculate the effective scale and add attention to the network. The SE module explicitly
models the interdependence between channels, enabling the model to better understand and distinguish the features of different

channels, which helps to improve the accuracy of vehicle detection.

3.3 Loss function

In YOLOVS, the loss of bounding boxes is calculated to judge the quality of the model in the training stage. Based on
the performance of the model in target category classification and bounding box confidence, training and optimization are

performed using backward propagation and gradient descent methods. The calculation formula for IoU Loss is:

| U_|BmBg‘|
0 —w “4)
Ly =1-I0U 5)

Here, B represents the predicted bounding box, and G represents the ground truth bounding box. A larger IoU value
indicates greater overlap between the two boxes, reflecting a better detection effect. However, when the predicted bounding
box does not intersect with the ground truth bounding box, both the IoU value and the gradient are 0, which fails to reflect the
proximity of the two boxes, making it impossible to perform backpropagation and optimization. Moreover, it ignores the
imbalance issue in bounding box regression, that is, a large number of bounding boxes with small overlaps with the target
bounding box contribute the most to the optimization of bounding box regression. Therefore, this paper introduces the Focal-
EloU loss function. Among them, the EIoU Loss consists of three components: the ToU loss, the distance loss, and the width-

height loss (overlap area, center point distance, width-height ratio), as shown in the following formula:

P(B.B%)  pH(wwt) pf(hhe) “

Wy +(e) Wy ()

Among them, w® and A° represent the width and height of the minimum bounding rectangle of the predicted bounding box

and the ground truth bounding box, respectively. The prepresents the Euclidean distance between two points. The width-height
loss directly minimizes the difference in height and width between the predicted bounding box and the ground truth bounding

box, resulting in faster convergence speed and better localization results during the training process. However, due to the
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imbalance in the number of high-quality and low-quality predicted bounding boxes in an image, there will be a large gradient
during the regression, affecting the training results. Therefore, directly using EIoU Loss may not yield the desired results. To
address this issue, the author combined Focal Loss to propose Focal-EloU Loss, which separates high-quality and low-quality

anchor boxes from a gradient perspective. The formula is as follows:

L =1loU yLEIoU ®)

Fcoal—EloU

The weight for IoU, the higher the IoU, the greater the loss of the sample, which helps improve the regression accuracy.
Zhang et al. [20] found through ablation experiments that when y= 0.5, the loss function achieves the best effect, as shown in
Fig. 4. The Focal-EloU loss function can reflect the true difference between the width and height of the bounding box and its

confidence during bounding box regression, accelerating the training convergence.

37.6

Y

Fig. 4 Mean average precision of y with different weights
4. Experiment and Analysis

KITTI Dataset is a publicly available dataset widely used in autonomous driving and computer vision research. It was
created in collaboration between the Karlsruhe Institute of Technology (KIT) in Germany and the Technical University of

Munich (TUM). It primarily comprises a large amount of sensor data collected by onboard sensors in urban environments.

4.1 KITTI Dataset

KITTI Dataset is a publicly available dataset widely used in autonomous driving and computer vision research. It was
created in collaboration between the Karlsruhe Institute of Technology (KIT) in Germany and the Technical University
of Munich (TUM). It primarily comprises a large amount of sensor data collected by onboard sensors in urban environments.
Using this dataset as training data can better simulate the real driving environment of autonomous driving, enabling the trained
model to apply to environmental perception tasks in autonomous driving. In this experiment, 5281 images were selected as the
training set, 1100 images as the validation set, and 1100 images as the test set. The detection targets include common vehicles,

such as cars, bicycles, trucks, vans, and trams (car, cycle, truck, van, and tram).

4.2 Experimental environment and model evaluation metrics

All experiments were conducted under the Ubuntu 22.04 system, with Python 3.10 as the programming
environment, Pytorch 2.0 as the deep learning framework, an Intel® Xeon(R) W-1370P @ 3.60GHz CPU, 64GB memory, and
a GeForce RTX 3090 graphics card. For experiments with different improvement strategies, the model parameters were kept
consistent, the batch size was 16, the number of threads was 12, the image input size was 640x640, the number of training
iterations was 100, the initial learning rate was 0.01, momentum is 0.937, attenuation coefficient is 0.0005, and no pre-trained

model was used during training.
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The experiment mainly uses the precision rate, recall rate, mean average precision (mAP) with an IoU threshold of 0.5,
and frames per second (FPS) as the model evaluation metrics. The specific calculation formula for precision rate, recall rate,

and mAP is as follows:

.. TP+TN

Precision = —— ©

N
Recall = L -

TP+ FN

1 _ ~

mAP - P loU=0.5 R_IOU =0.5 q
n |Z:l: ! ( L ) ®)

Among them, TP and TN represent the number of positive and negative samples that were correctly predicted, respectively,
and FN represents the number of positive samples that were incorrectly predicted as negative; n represents the number of
detection target categories, P represents the precision rate, which refers to the ratio of the number of correct samples detected
to the total number of positive samples predicted; R represents the recall rate, which refers to the ratio of the number of correct
samples detected to the total number of actual targets. A high precision rate means that the model has a lower error rate in its
detection results, reducing false positives, while a high recall rate means that the model can detect most of the real targets well,
reducing missed detections. The mean average precision calculated based on precision rate and recall rate is an indicator that
can comprehensively evaluate the performance of the target detection model, reflecting the accuracy and recall rate

performance of the model in multiple categories.

4.3 Automatic driving scene detection experiment

Firstly, the effectiveness of the model in object detection in common autonomous driving scenarios is verified. This paper
proposes three improvement methods for the YOLOvS model, namely RFAConv, SEAttention, and Focal-EloU loss
(hereinafter referred to as R, SE, and FE). To verify the effectiveness of the improvement method, this experiment approaches
the verification from two directions: 1) adding a module separately based on the benchmark model YOLOvVS5I; 2) removing a
module separately from the benchmark model YOLOVS5!. During the training of the model, random stretching, tilting, and
other processing of the image are performed in the data input model stage to simulate the image information obtained by the
camera from different angles of the vehicle, thereby enhancing the robustness of the model. In the experiment, except for the

change in the module combination, other model parameters remain unchanged. The experimental results are shown in Table 1.

Table 1 Comparison of Training Results of YOLOvVS51 Ablation Experiment

Model Precision/% Recall/% mAP/% FPS
YOLOvS51 94.7 84.8 91.2 92.72
YOLOvVS5I+R 94.5 87.0 92.7 90.63
YOLOVS5I+SE 95.2 86.4 93.6 87.10
YOLOVSI+FE 96.0 87.3 93.4 90.88
YOLOVS5I+ R +SE 94.7 87.7 93.1 86.30
YOLOVS5I+ R +FE 95.9 86.0 93.2 91.35
YOLOVSI+SE+FE 94.5 87.0 93.2 85.10
YOLOvsH+ R +SEYFE 95.8 87.6 93.8 88.06
(Improved model)

Analyzing Table 1, it is observed that the improved YOLOv51 model shows increases in the precision rate, recall rate, and
mAP by 1.1, 2.8, and 2.6 percentage points, respectively, compared with the original model. This indicates that the improved
model is effective and more accurate than the original model. The speed only loses 4.66 FPS, and the result remains well above

the real-time image processing capability of 30 FPS, which is the minimum requirement in autonomous driving. A slight
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decrease in speed for improved detection accuracy is acceptable. This ablation experiment also shows that the RFAConv,
SEAttention, and Focal-EloU loss three modules will slightly increase the computation compared to the original model, but

the improvement in the detection effect is considerable.

To verify the effectiveness of the improved model, a comparative experiment was designed to compare it with other
models. This experiment selected the YOLOv3, YOLOVS series algorithms, and YOLOvS8I. Except for the different network

structures of each model, other experimental parameters remain consistent, and the experimental results are shown in Table 2.

Table 2 Comparison of training results of different detection algorithms

Model Precision/% Recall/% mAP/% FPS

YOLOvV3 93.5 82.7 90.3 113.32
YOLOVS5s 92.2 82.5 89.3 130.27
YOLOv5m 93.8 84.5 90.4 102.97
YOLOvS5I 94.7 84.8 91.2 92.72
YOLOvV5x 95.2 85.6 91.2 79.22
YOLOvSI 94.8 85.0 90.5 90.09
Improved model 95.8 87.6 93.8 88.06

By analyzing Table 2, the vehicle detection performance of the model in this paper is higher than that of other YOLOVS
models, and even higher than that of its heavyweight model YOLOvS5x, with an increase of 0.6%, 2.0%, and 2.6% in precision
rate, recall rate, and mAP, respectively. The detection speed is 11.8% higher than that of the YOLOvV5x model. The
improvement effect of this paper on the algorithm model is significant and effective. Improve the model performs better than
state-of-the-art YOLOVS8I, with a 1% higher Precision, 2.6% higher Recall, and 3.3% higher mAP. At the same time, the
detection performance of the improved YOLOv51 algorithm model in this paper is better than that of the YOLO series models
YOLOvV3 and YOLOV8I. The model volumes trained by YOLOv3, YOLOV5], this model, and YOLOvVSI on this dataset are
117MB, 88.4MB, 88.7MB, and 83.5MB respectively. Combined with the data in the table, it can be seen that YOLOvV5 and
YOLOVS are lighter and more efficient than YOLOV3 in detection effect, which meets the actual demand of edge devices for
resource limitations. Improve the proposed model has the highest mAP, and the detection speed meets the minimum
requirement of 30 FPS for autonomous driving, indicating its best detection performance and suitability for practical traffic

scenarios.
4.4 Vehicle small target detection experiment

To verify the detection effect of the improved model on small targets in autonomous driving scenarios, images containing
small targets were selected by screening target labels in the test set of the KITTI dataset. Fig. 5 shows the scatter plot of the
length and width of the targets in the test set of the KITTI dataset, where the distribution of small targets is relatively
concentrated. A total of 1,907 target objects were selected, with a length of no more than 20% and a width of no more than
10%.
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Fig. 5 The scatter plot of target widths and heights in the test dataset
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To verify more possibilities, this paper designed experiments by adding other attention mechanisms to the same network
structure as designed in this paper and conducted multiple comparative experiments on the small-target test set. The

experimental results are shown in Table 3.

Table 3 Comparison of Small Target Detection Effects with Different Attention Mechanisms

Model Precision /% Recall/% mAP/% FPS
YOLOvS5I 85.6 81.2 82.6 88.36
YOLOv5I+SimAM 85.9 81.0 83.1 87.32
YOLOvV5I+GAM 86.2 80.7 82.9 83.89
YOLOVSI+ECA 85.8 82.2 82.6 86.38.
YOLOV5I+SE 86.8 82.3 83.8 85.27

Based on the comparison results, it is observed that introducing SimAM and ECA into the baseline model does not
significantly improve the small object detection effect. However, GAM shows a significant improvement in accuracy but
results in a significant decrease in recall rate. In contrast, the SE attention mechanism proposed in this paper achieves
significant performance improvement in small object detection tasks, including precision rate, recall rate, and mAP. The
uniqueness of the SE attention mechanism lies in its ability to dynamically adjust the weight of the feature maps of different
channels in the convolutional neural network, highlighting the key feature information. This dynamics enables the SE attention
mechanism to better capture the feature representation of small targets, thereby improving the performance of small object
detection. Therefore, this paper chooses to integrate the SE attention mechanism into the network structure to enhance the
small object detection performance. Experiments were conducted using the previously trained YOLOvV3, YOLOVS5 series

algorithms, and YOLOVSI on this small-object test set. The experimental results are shown in Table 3.

Table 4 Comparison of Different Algorithms for Small Target Detection

Model Precision/% Recall/% mAP/% FPS
YOLOv3 84.6 79.3 82.2 110.45
YOLOVS5s 83.9 78.6 81.7 132.61
YOLOv5m 85.2 80.7 82.4 100.23
YOLOvS5I 85.6 81.2 82.6 88.36
YOLOvV5x 87.3 81.9 83.2 77.28

YOLOvS8I 86.1 80.9 82.7 88.7
Improved model 88.5 82.8 84.9 87.83

Based on the results in Table 4, the model proposed in this study demonstrates excellent performance in detecting small
target vehicles, achieving precision, recall, and mAP rates of 88.5%, 82.8%, and 84.9%, respectively. Compared to the original
YOLOVS5I model, these performance metrics have improved by 2.9%, 1.6%, and 2.3%, respectively. It is worth noting that the
proposed model in this paper exhibits significantly higher accuracy in detecting small target vehicles compared to other models
of the same kind. Meanwhile, it should be pointed out that the detection speed of these models on the small target dataset is
slightly lower compared to that in ordinary autonomous driving scenarios. This is because images containing small targets
typically have a wider field of view, with a larger number of targets, resulting in an increased computational burden. The
experimental results demonstrate that the proposed model successfully achieves excellent small target vehicle detection

performance in autonomous driving scenarios.

The actual detection effects of each target detection algorithm are presented in Fig. 6. In Fig. 6 (a), the detection effects
of the model on various targets can be observed. It is worth noting that the model proposed in this paper demonstrates higher
detection accuracy compared to the original model and exhibits more excellent performance in the detection tasks of different
target categories. Furthermore, in Fig. 6(b), the performance of the model in small target detection is investigated in detail.
The results show that the model proposed in this paper has higher confidence compared to other models, particularly
demonstrating more excellent performance in small target detection. Additionally, in Fig. 6(c), the detection effects of the

model on targets affected by lighting are explored. Given the challenges of lighting conditions, the YOLOvV5I model
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experiences missed detections. However, the model proposed in this paper still demonstrates good detection performance in

this scenario affected by lighting, showcasing higher robustness.

Through comprehensive comparative experiments on different models, it can be concluded that the improved YOLOV5
algorithm model proposed in this paper significantly outperforms the original model and other models of the same kind in
terms of detection accuracy and robustness. These results fully validate the effectiveness of the proposed improved algorithm
model. The images in the visualization experiment are all from the actual traffic environment, and the experiment shows that
the proposed model is suitable for real road environments.

Sample image

» 3 II' 7
-

(d) Detection effect on different targets

(c) Detection effect on targets affected by lighting

Fig. 6 Comparison of detection effects of different models

5. Conclusion

To solve the problems of low detection accuracy and poor robustness of small target vehicles in autonomous driving
scenarios, this paper proposes an improved YOLOVS algorithm for vehicle detection. In the data input stage, image
enhancement is performed to improve the robustness of the trained detection model. In the backbone network, ordinary
convolutions are replaced with sensory field attention convolutions, where the weights of convolutional kernels are
dynamically adjusted according to the importance of features, thereby obtaining richer feature information. Additionally, a
channel attention mechanism is added to the backbone of the model network to focus on the channel dimension of the network,
strengthening the feature extraction of the feature map. In the output end, the Focal-EloU loss function is introduced to increase
the attention on high-quality samples in the regression stage of the target detection box, thereby improving the accuracy of

detection.

The experimental results show that the proposed model not only has a better detection effect compared to other models
in ordinary autonomous driving scenarios but also exhibits higher accuracy and better robustness in detecting small target

vehicles. This model can make accurate predictions and avoid obstacles in autonomous driving scenarios.
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