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Abstract. Autonomous driving relies heavily on vehicle object detection, and YOLOVS5s
is presently one of the best algorithms for this purpose. However, in extreme environments
such as severe weather, cars have poor perception of the environment, and their ability to
detect dynamic targets is greatly affected, resulting in low accuracy and poor robustness
of YOLOVS object detection algorithm in pedestrian and vehicle detection. This article
proposes an improved YOLOvS5s algorithm. Firstly, a selective attention mechanism
(SimAM) module is used to weight the output of the convolutional layer, allowing the
network to quickly capture regions of interest and suppress irrelevant information;
Simultaneously using lightweight convolution GSConv instead of the conventional
convolution to compensate for semantic information loss and reduce model complexity;
Secondly, adding a shallow detection layer changes the original algorithm's three scale
detection to four scale detection, enhancing the learning ability for small-scale targets;
Finally, SIoU Loss is used as the bounding box regression loss function to achieve more
accurate localization of the predicted boxes. The improved YOLOVS5s algorithm was tested
on the CARLA simulation dataset, and simulation results showed that the average
detection accuracy of the improved model reached 96.67%, which improved the detection
accuracy for complex scenes.

Keywords: Object detection, Autonomous driving, YOLOvVS5s, Lightweight convolution,
Multi scale detection, Loss function.

1 Introduction

Autonomous driving technology [1] has become a popular technology in the world, especially
in the automotive industry, where its application has reached unprecedented heights. With the
deep integration of deep learning technology [2] in the field of computer vision, the intelligence
of vehicles is no longer limited to assisted driving functions. More and more practical cases
have proven that vehicles equipped with autonomous driving technology can achieve
autonomous and safe driving in specific scenarios. However, due to the large amount of
computing resources required by deep learning techniques, this presents a challenge in terms of
hardware computing power. To address this issue, it is necessary to optimize algorithms to
increase the model's detecting speed while ensuring that the detection accuracy is not affected.
Such improvements will contribute to the wider application of autonomous driving technology
in vehicles and other traffic scenarios, promoting its popularization and development in practical
applications.
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Since Hinton [3] et al. initially introduced the idea of deep learning in 2006, the science of
computer vision, particularly object identification methods, has rapidly advanced. Deep
learning-based object detection algorithms can be broadly classified into two-stage and one-
stage approaches. Two stage detection algorithms, such as R-CNN, Fast R-CNN [4], and Faster
R-CNN [5], generate candidate regions and use CNN for classification, but have limitations in
training and processing speed. In 2014, Girshick [6] et al. proposed the R-CNN detection
algorithm. Although there were breakthroughs in detection accuracy, its multi-stage training and
slow processing limited its application. In 2018, Tian [7] et al. improved Faster R-CNN by using
multi-level feature fusion, contextual clues, and generating new bounding boxes to enhance the
detection speed of small targets. However, due to computational complexity, the detection speed
of these methods in practical applications still needs to be improved. One-stage detection
methods, for example YOLO [8] and SSD [9], generate anchor boxes directly on the image
through a single neural network and perform classification and bounding box regression,
simplifying the detection process and significantly improving speed compared to two-stage
algorithms. However, this method may result in false positives and false negatives when dealing
with small targets, affecting detection accuracy.

At present, the algorithms developed under the YOLO system are the most widely used .
Researchers have adopted various strategies, including optimizing network structures to reduce
computational complexity, such as improving YOLOv3 and YOLOV4 tiny, and introducing
attention mechanisms to focus on targets in images and utilize contextual information. In
addition, by improving the loss function, such as transitioning from traditional L1/L2 loss to
more advanced EloU loss, the model can more accurately predict bounding boxes. Meanwhile,
multi-scale feature fusion techniques such as Feature Pyramid Network (FPN) and BiFPN are
employed to enhance the feature representation of small targets by combining low-level high-
resolution features with high-level semantic information. Data augmentation techniques and
reasonable training strategies are also employed to increase the generalization ability and
detection accuracy of models. When these techniques are combined, object detection models
perform better when handling small targets.

This article is based on the YOLOVS object detection algorithm and uses GSConv+SimAM
network structure to replace the original backbone network of YOLOVS; Improve the multi-
scale detection mechanism by adding a detection layer for small target vehicles at the head
output end; Using SIOU as the loss function of the model; The simulation results demonstrate
that the improved YOLOVS algorithm increases the detection accuracy.

2 Principle of YOLOVS algorithm

2.1 Overview

Depending on the network depth, automatic YOLOVS, one of the well-liked algorithms in the
YOLO series, can be further classified. The shallowest network depth model in the YOLOvVS
series is YOLOVS5s, which can be implemented on mobile devices and has numerous uses in the
field of self-driving cars. The input, backbone network, neck, and head output are the four
primary components of the YOLOVvSs algorithm. The input improves the algorithm's resilience
and inference speed by utilizing adaptive anchor boxes and Mosaic data augmentation
technologies; The primary components of the backbone network, which are in charge of feature



extraction from input images, are slicing modules and cross-stage local network structures; A
feature pyramid and a path aggregation network, which combine features, make up the neck;
For multi-scale prediction, the head output makes use of three detection heads with varying
scales.

2.2 Network structure

As an important algorithm for first stage object detection, the YOLO series was developed by
Ultralytics. YOLOVS [10] is one of the most popular algorithm models since the emergence of
the YOLO series. Its overall performance is weaker than the previous generation YOLOv4 [11],
but its speed and flexibility are better than YOLOv4, allowing it to be installed on the majority
of terminal devices. The YOLOVS5 network structure [11] is divided into four parts: input layer,
Backbone (backbone network), Neck network, and Head (output terminal), as shown in Figure
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Fig. 1. Network structure of YOLOvVS5
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When inputting images, the Mosaic data augmentation method is used to concatenate the four
obtained images to obtain a new image, which improves training efficiency. YOLOVS can
adaptively adjust the value of anchor boxes for different datasets. Compared with YOLOV4,
YOLOVS has less computation and improves overall efficiency.



The original model adopts the C3 network model, which uses three standard convolutions and
Bottleneck modules to enhance the learning ability of residual features. The C3 structure has
two forms, as shown in Figure 2. In the C3 module, the inner loop represents the stacking of
multiple Bottleneck structures. The C3_f module only goes through one basic convolution
module. Merge two forms for Concat operation. Implemented algorithm lightweighting and
ensured algorithm detection accuracy.
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Fig. 2. Two forms of C3 module

In the Backbone section, as shown in Figure 3, they correspond to the important modules in
Figure 1, and their internal structures are displayed to facilitate understanding of their working
principles. As shown in Figure 3, CBS is used to perform two-dimensional convolution on the
signal, which is then normalized by BN before entering the activation function section. As
shown in Figure 4, SPP (Spatial Pyramid Pooling) is a spatial pyramid pooling layer that
undergoes downsampling through three different max pooling layers before being concatenated
and fused. As shown in Figure 5, Focus is used to achieve fast downsampling, which reduces
computational complexity and improves inference speed through slicing operations. As the
backbone layer, its function is to retrieve feature information from the picture for later use.
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Fig. 5. Focus module structure

The Neck section includes feature pyramid network (FPN) and path aggregation network (PAN)
structures. The feature pyramid module is used to generate feature maps of different sizes,
consisting of multiple convolutional layers and pooling layers with different kernel sizes. The
module for feature fusion intends to combine feature maps with varying scales. The PAN multi-
scale feature fusion structure adopts a top-down feature aggregation path, which enhances the
model's perception ability of targets of different scales through layer-by-layer aggregation.

The Head module includes a bounding box loss function and non-maximum suppression (NMS).
The Head module mainly outputs prediction results, including the position, size, category, and
confidence of the target, and then uses NMS to screen the target and obtain the final detection
result.

3 Improvement of YOLOVS algorithm

3.1 Network structure improvement

SimAM [12] is a three-dimensional weight attention mechanism proposed by Sun Yat sen
University based on famous neuroscience theory, which can simultaneously emphasize the
significance of each channel and spatial position feature. It is mainly used to improve the
correlation of image features and increase the accuracy of image recognition. It includes
similarity calculation and feature interaction.

Local self-similarity of images is the foundation of SimAM. Adjacent pixels in an image
typically have a high degree of similarity, whereas distant pixels typically share a lower degree.



SimAM makes use of this capability to create attention weights by figuring out how similar each
feature map pixel is to its neighboring pixels, and uses feature interaction to improve the
correlation between feature vectors [13].

Specifically, SimAM adopts an attention mechanism based on image segmentation to divide the
image into multiple regions, calculate the similarity between regions, and then apply the
similarity to the interaction of feature vectors within the regions to enhance the correlation
between regions. SINAM can be applied to a number of image recognition applications,
including segmentation, detection, and classification.

Experimental results have shown that SInAM can improve the accuracy and resilience of
models, particularly when dealing with images that contain complex sceneries and multiple
targets. Therefore, the SImAM attention mechanism is incorporated into the Backbone layer of
YOLOVS to improve the model's capacity to focus on features. Specifically, the SimAM module
is often inserted into the last convolutional layer of each residual block in the CSPDarknet53
network. In this structure, the SimAM module follows closely behind a convolutional layer and
weights its output, emphasizing important feature channels and suppressing useless feature
channels. This can increase the model's capacity to express features and raise the accuracy of
detection. Figure 6 depicts the SimAM structure.
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Fig. 6. SimAM module structure

The input image experiences channel expansion and spatial compression during feature
extraction in the backbone network, which causes semantic information to be lost and channels
to become disconnected. As a type of lightweight convolutional network, GSConv can preserve
these connections with less time complexity, solving the problem of channel information
separation in the calculation of Depthwise Separable Convolution (DSC) neural networks, while
reducing model parameters and computational complexity.

This article introduces GSConv convolution blocks into the feature fusion module, replacing
the standard convolution SC for feature fusion. A feature fusion network based on GSConv is
designed, and a simple and efficient Neck model is constructed to reduce redundant information,
parameter count, and model complexity. The feature information extracted from the 2.2 main
network is fully utilized to improve the network's feature fusion capability.

The GSConv network uses shuffle to fuse the feature maps extracted by DSC and standard
convolution (SC), so that the output of standard convolution is fully integrated into DSC. The
main idea is to enhance its performance by adding DSC layers and utilizing the powerful
nonlinear expression ability of shuffle layers. This method lowers the computing cost while
bringing the convolution calculation's output as near to SC as feasible [14].

The GSConv network model is shown in Figure 7.
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Fig. 7. GSConv module structure

3.2 Improvement of multi-scale detection mechanism

The YOLOvS5s algorithm adopts a three scale detection mechanism, which uses 20 x 20, 40 x
40, and 80 x 80 scales to detect large, medium, and small targets, overcoming the limitations of
single scale object detection algorithms in detecting smaller targets. However, in real road
environments, distant target vehicles occupy fewer pixels in the image, and the 80 x 80 detection
layer cannot fully detect smaller vehicle targets. On the basis of YOLOVSs three scale detection,
this article adds a detection layer of 160 x 160 size to achieve four scale detection, as shown by
the Head in the figure. The new detection layer can retain more position and contour information
of small-scale vehicles, which can effectively improve the algorithm's detection ability for small
target vehicles.

3.3 Loss Function and Optimization Methods

The original YOLOVSs algorithm uses the CIOU Loss [15] loss function, taking into account
the overlapping area, center point distance, and aspect ratio of bounding box regression
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Among them, IOU represents the intersection to union ratio, C? is the diagonal distance of the
intersection to union ratio, IOU is the intersection to union ratio, and smallest bounding
rectangle, p?(b, b8 is the Euclidean distance between the predicted box center point b and
the actual box center point b8', and « is the balance parameter
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4 w8t w2
v=— (arctanﬁ — arctan E) 3)

wet
Among them, the aspect ratios of the actual and predicted boxes are represented by T and

respectively.

According to the calculation formula of CIOU Loss, the aspect ratio consistency parameter v
reflects the difference in aspect ratio, which fails to fully reflect the actual difference between



the height and width of the detection target and its confidence, resulting in the CIOU Loss
function being unable to effectively learn the similarity between the predicted box and the actual
box. In actual images, due to the small proportion of small target vehicles in the entire image,
confidence loss can lead to unbalanced training samples. That is, in one image, there are very
few high-quality anchor boxes and many low-quality anchor boxes, which results in poor quality
anchor boxes having excessive gradients and affecting the training effectiveness of the model.

Based on the above issues, some scholars have proposed EIOU [16] (Efficient Intersection over
Union) (reference citation), which clearly evaluates the differences in three geometric factors—
overlapping area, center point, and edge length—and breaks down the aspect ratio based on
CIOU. At the same time, Focal Loss is implemented to address the issue of unbalanced difficult
and easy samples. However, the above method ignores the direction of the expected mismatch
between the real box and the forecast box and only takes into account the distance, overlap area,
and aspect ratio between the two boxes. Therefore, the SIOU loss function is selected as the
bounding box regression loss function for the model in this article. The calculation formula for
SIOU is as follows:
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The advantage of using the SIOU loss function over the original YOLOVS loss function is
evident in the way it considers good loss factors like overlapping area, center point distance,
aspect ratio, and direction angle in the bounding box regression, making the model converge
faster and more accurately.

4 Algorithm simulation

4.1 Evaluation criteria

This article uses Average Precision (AP), Recall, Mean Average Precision (mAP), and Frame
Per Second (FPS) as evaluation criteria, with an IOU threshold of 0.5 for predicted and real
boxes.

One of the frequently used evaluation criteria in object detection tasks is MAP, which is used to
measure the accuracy of models at different confidence thresholds. The corresponding
calculation formulas are as follows:

TP
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The average precision of a single detection category is represented by the formula's AP (average
precision); The likelihood that every anticipated positive sample will turn out to be positive is
denoted by P (precision); The likelihood that a sample that is truly positive will also be positive
is known as R(recall); N is the total number of categories found; The actual number of cases is
shown by TP. FP is the quantity of cases that are falsely positive. The quantity of false
counterexamples is denoted by FN. MAP is the average precision mean of all detection
categories; AP, is the i-th detection category's average accuracy.

4.2 Simulation environment

This experiment is run on the Windows 11 system, with AMD R7-5800H CPU, 32GB memory,
NIVIDA GeForce RTX3080Ti GPU, 12GB video memory, acceleration environment CUDA
11.5.0, CUDNN 8.1.1, integrated development environment PyCharm Professional Edition
2023.2, and programming language Python 3.9.

4.3 Simulation dataset

After connecting to the simulation server, we chose the default map scene in CARLA and added
vehicles and pedestrians to the environment, set up autonomous vehicles, RGB cameras, and
various extreme environments. The RGB camera is fixed in the middle of the autonomous
vehicle and returns an image every ten frames.

In the extreme environment setting, we selected four environmental factors: multiple vehicles,
heavy fog, low light, and heavy rain for simulation. At the same time, we combined the four
environmental factors to obtain a total of sixteen different environments. The same number of
photos were collected for each environment, totaling 3200 images. Sixteen scenario settings are
shown in Figure 8, where 1 represents non extreme conditions and 2 represents extreme
conditions, providing convenience for subsequent regression analysis.

Light intensity Rain intensity Fog intensity Number of vehicles
Heavy fog 1 1 1 1

Low light Heavy rain
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Fig. 8. Extreme environmental scenario settings



4.4 Simulation result

To confirm the efficacy of any improvement measure, the average precision of the IOU is set at
0.5 (mAP@Q0.5). Under the same circumstances, comparison tests were carried out between the
enhanced algorithm suggested in this study and the basic YOLOvS method. Table 1 displays
the parameter settings used during model training, and the performance evaluation indicators of
the two algorithms after training are shown in Table 2. This article improves the algorithm
mAP@0.5 After 100 epochs, it increased from 0.678 to 0.9667, while the basic YOLOVS
algorithm mAP@0.5 From 0.525 to 0.9567, the enhanced algorithm in this article has increased
the average accuracy by 1 percentage point compared to the basic YOLOVS. The comparison of
simulation results is shown in Figure 9.

Table 1. Model training parameters

Parameters Value
Batch_size 8
Momentum 0.937
Epochs 99
Lr0 0.01
Lrf 0.01
Weight decay 0.0005
Img_size 640
Num_works 1

Table 2. Performance testing and evaluation indicators for improved algorithms and basic YOLOvV5
algorithms

) AP/%
Algorithms Recall mAP@0.5/% FPS
Car Person
Improved 97.25 96.10 0.98 96.67 44
algorithms
YOLOvS 95.98 95.37 0.97 95.67 31

algorithms
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Fig. 9. Simulation result

5 Conclusion

This article proposes an improved YOLOvS5s algorithm that effectively enhances the detection
accuracy of vehicles in extreme environments. Adding a small target correction detection layer
to form a four scale detection and correction network structure, correcting feature maps at
various sizes to enrich the feature information of small targets and further improve their
detection capabilities; Improving the backbone network's feature extraction capabilities by
implementing SimAM; In the feature fusion module, GSConv network is used instead of
standard convolution to reduce model parameters and enhance the network's feature fusion
ability. Replace the CloU loss function with SIoU in the calculation of the bounding box
regression loss function. The simulation results on the CARLA simulation dataset show that,
while maintaining a fast enough real-time detection speed, the algorithm's detection accuracy in
this paper has improved by one percent, which can provide reference and guidance for
improving the visual environment perception ability of autonomous vehicle.
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