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Abstract 

Aiming at the trouble of missing detection and false detection of targets in the vehicle 
detection process of YOLOv5s, which leads to the reduction of the accuracy of the 
algorithm detection, a real-time vehicle target detection algorithm based on improved 
YOLOv5s is proposed in this paper. The convolutional block attention module is 
embedded in the residual unit of YOLOv5s  to strengthen the learning ability of detailed 
features, obtain richer vehicle feature information, reduce the number of missed and 
false vehicles. The experiment is carried out on the vehicle datasets KITTI.  The detection 
speeds of the improved model is 70f/s, which is basically the same as YOLOv5s algorithm; 
the mean average precision is 99.2%, 2.7 percentage points higher than the original 
algorithm. Experimental results show that compared with the YOLOv5s algorithm and 
the mainstream real-time vehicle target detection algorithms, the improved method not 
only takes into account the detection speed, but also has higher detection accuracy. 
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1. Introduction 

In recent years, the real-time detection of vehicle objects has become a research hotspot in the 
field of object detection [1]. How to quickly and accurately detect the vehicle target is the key 
and difficult problem in this research field, and has important research value. In order to 
improve the detection efficiency, researchers proposed a single-stage target detection method, 
representative algorithms include SSD[2], YOLO series [3-6] and so on. This kind of method 
extracts image features through the convolution module and directly locates and classifies them 
in the network, which reduces the network parameters and improves the detection speed, but 
leads to a decrease in the detection accuracy. Therefore, how to ensure the detection speed and 
improve the detection accuracy in real-time vehicle target detection has become an important 
research content.  

Wang Yingxuan [7] proposed a research on highway vehicle target detection based on 
improved YOLOv4, produced a multi-scene, multi-period and multi-weather vehicle data set, 
and used multi-label and image stitching for vehicle detection. The method improves the 
detection accuracy; Yuan Xiaoping [8] proposed an improved YOLOv3 pedestrian and vehicle 
target detection algorithm, using ResNeXt instead of the ResNet module, and introducing dense 
connections to improve the detection accuracy of small targets. Yu Bo [9] et al. adopted an 
optimized YOLO detection and segmentation network model for far-infrared images, set the 
anchor frame size through the K-Means algorithm and used the adaptive threshold 
segmentation method to ensure real-time detection requirements, and can compare Effectively 
detect pedestrian targets. Lai [10] et al. proposed a secondary detection framework based on 
vehicle detection and traffic counting areas. Through multi-angle and multi-road condition data 
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collection, vehicle information can be accurately detected and counted. Although the above 
methods have application value in real-time detection of vehicle targets, there are still problems 
such as not detecting vehicle targets and detecting vehicle errors in the detection process, 
resulting in a decrease in detection accuracy.  

To sum up, this paper proposes a real-time vehicle target detection algorithm based on 
improved YOLOv5s. The main contributions are as follows: we add the convolutional block 
attention module to the residual unit of YOLOv5s to strengthen the The ability to learn the 
detailed features of difficult-to-detect vehicle targets, obtain and enrich this type of feature 
information, thereby reducing the number of vehicles that are missed and misdetected by the 
model. Through quantitative and qualitative analysis on the KITTI data set, it is proved that the 
model can achieve higher detection accuracy while ensuring the detection speed. 

2. Related research 

2.1. YOLOv5s 

As a lightweight network model in the YOLOv5 series [11], YOLOv5s is more suitable for real-
time vehicle target detection scenarios because of its the fewest network parameters and the 
fastest detection speed. YOLOv5s is mainly composed of Backbone and Head. The Backbone 
includes Focus, 4 basic convolutions, 3 ResCSPn and Spatial Pyramid Pooling, which are mainly 
used to extract image feature information; Head is composed of path aggregation network and 
detect module, which are respectively used for fusion and prediction of multi-scale feature 
information. The overall network structure is shown in Figure 1. 

 
Figure.1 Model architecture of YOLOv5s 

ResBCSPn is the core module of Backbone, which contain n residual units named ResBottlebeck 
and cross-stage partial module. The cross-stage partial is used to combine feature information 
and reduce the amount of network parameters; the residual unit divivde features into main and 
residual sides to achieve that deepen the network memory and prevent the gradient from 
disappearing due to the deepening of the network. Finally, adding main sides deal with the 
convolution and residual sides. The specific structure is shown in Figure 2. 
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Figure.2 Residual unit 

According to the above figure, the formula is as follows:  

  𝐻(𝑥) = 𝐹(𝑥) + 𝑥                                                               (1) 

where x represents the input feature, F(x) means the data after the main sides convolution 
processing, and H(x) is the output of the residual block. 

2.2. Convolutional Block Attention Module 

Convolutional Block Attention Module(CBAM)(12) is a commonly used feature enhancement 
method in the field of computer vision. This method simulates the human brain's processing 
mechanism for visual signals, focusing attention on areas of interest and ignoring background 
information. The accuracy of model detection is improved, so it has been widely used in the 
field of object detection. The convolutional region attention mechanism module includes 
Channel Attention Module(CAM) and the Spartial Attention Module(SAM), which are processed 
in the image feature channel and feature space respectively. CBAM module is shown in Figure 
3. 

 
Figure.3 CBAM module 

CBAM is mainly composed of sub-modules CAM and SAM, as shown in a and b in Figure 3 
respectively. First, the input feature x is processed by the CAM unit, which focuses on the 
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channel dimension of the feature. The feature channels generated by different convolution 
kernels have different importance, but the way the network captures features fairly ignores this 
issue. Thus, CAM assigns different weight coefficients to each channel to measure the difference, 
so that the network can have the ability to focus on key information. CAM firstly aggregates and 
compresses the spatial information of x to obtain two tensors of size 1×1, and then transmits it 
to the MLP to obtain the channel attention, MLP is a perceptron containing one hidden layer, 
which can realize the channel attention distribution by handling nonlinear data classification. 
And then sums the tensors that reassign the channel attention weights to obtain the final 
channel weights named 𝐶𝑤𝑒𝑖𝑔ℎ𝑡 , 𝐶𝑤𝑒𝑖𝑔ℎ𝑡 ∈ ℝ𝐶×1×1.Finally,  multiplies and fuses them with X to 

obtain the channel attention feature map , . The specific formula is as follows:  

𝑀𝑐(𝑋) = 𝛿(MLP(AP(𝑋)) ⊕ MLP(MP(𝑋))) ⊗ 𝑋                                     (2) 

where: AP means the average pooling, MP is the maximum pooling, 𝛿 represents  the sigmoid 
activation function, ⊕  is the multilayer perceptron, ⊗  is the matrix sum operation, is the 
matrix product operation, 𝑀𝑐 is the generated channel attention feature map . 

Finally, SAM unit optimizes the feature Mc with channel attention weights. Unlike CAM, SAM 
focuses on the spatial information of the image, so it is necessary to generate weights of 
dimension to distinguish the importance of different plane spatial points on each channel. 
Firstly, SAM get weights of size  𝑊 × 𝐻 × 1 by using parallel averaging and maximum pooling 
to handle the values of different channels on the same space points. Then, we use one 
convolutional layer and sigmoid function to deal with these weights in order to get the non-
linearly weights named  𝑆𝑤𝑒𝑖𝑔ℎ𝑡, 𝑆𝑤𝑒𝑖𝑔ℎ𝑡 ∈ ℝ𝐶×1×1 . Finally,  we multiply  𝑆𝑤𝑒𝑖𝑔ℎ𝑡 and 𝑀𝑐 to get 

𝑀𝑠, which means spatial attention feature map. The specific operation formula is as follows:  

                          𝑀𝑠(𝑀𝑐) = 𝛿(𝐶𝑜𝑛𝑣7(AP(𝑀𝑐) ⊕ MP(𝑀𝑐))) ⊗ 𝑀𝑐                                     (3) 

where: 𝐶𝑜𝑛𝑣7 is the convolution with a convolution kernel size of 7×7, and 𝑀𝑠 is the generated 
spatial attention feature map. 

3. Experimental results and analysis 

The experimental process is carried out under the Pytorch framework. The computer hardware 
configuration for training and testing is NVIDIA Geforce RTX 2080 Ti, and the operating system 
is Ubuntu 16.04.12. In the experiment, the multi-task loss function is used to optimize the 
network parameters, and the KITTI data set is clustered by the k-means algorithm [13] to 
obtain multi-scale anchor boxes. The obtained width and height are (15, 12), (23, 18), ( 41,18), 
(36,28), (65,30), (78,59), (122,51), (154,90) and (189,171). The input image size of the 
experiment is 640×640, the initial learning rate is set to 0.001, and the cosine annealing method 
is selected to reduce the learning rate during the training of the network model. The training 
batch size was set to 32, and a total of 200 epochs were performed. 

3.1. Data set 

In order to verify the effectiveness of the improved method in this paper, we use the public 
vehicle dataset KITTI [14] for experiments. KITTI contains four different vehicle labels, Car, Van, 
Tram, and Truck, and includes various occlusions and truncation targets in daytime street 
scenes, which can meet the needs of this method for complex scene data. During the experiment, 
the KITTI dataset was divided according to the ratio of training set:validation set:test set=8:1:1, 
and the number of images in the training set was 5984, the number of images in the validation 
set was 748, and the number of images in the test set was 749. 
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3.2. Evaluation indicators  

In this paper, we use Frames Per Second (FPS) [15] to evaluate the detection speed of the 
algorithm, and use Mean Average Precision (mAP) [16] to quantitatively evaluate the detection 
accuracy of the algorithm. The mean average precision is calculated from Precision and Recall. 
The precision rate is also called the precision rate, which is used to measure the accuracy of the 
algorithm. The recall rate is also called the recall rate, which is used to measure the missed 
detection rate of the algorithm. The calculation formula is as follows:  

  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                               (4) 

  𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                               (5) 

Among them, TP means correct the number of classification samples, FP represents the number 
of misclassified samples, and FN represents the number of sample false detections. Average 
Precision (AP) is used to calculate the detection precision of a single category, which represents 
the area of the curve enclosed by the precision rate and the recall rate, and the mean average 
precision is used to calculate the average precision of multiple categories. The calculation 
formula is as follows:  

  𝑚𝐴𝑃 =
∑ 𝐴𝑃𝑚

𝑗=1

𝑀
                                                               (6) 

 where M represents the total number of categories in the dataset.  

3.3. Comparative Experiment 

In order to prove the validity of our model, we select the mainstream methods in the field of 
vehicle target real-time detection in recent years to compare with our method. The quantitative 
evaluation results are shown in Table 1. Among them, the experimental results of Faster R-
CNN[17], SSD, SSD(512) and YOLOv2 are from related papers [18-20], the results of YOLOv3, 
YOLOv4, YOLOv5s and improved YOLOv5s (ours) are from experiments in this paper. 

Table 1: Algorithm Ablation Experiment on KITTI data set 

Method Base Network mAP FPS 

Faster R-CNN VGG16 74.6% 12.8 

SSD(300) VGG16 80.4% 57.9 

SSD(512) MobileNet 76.9% 26.8 

YOLOv2(416) DarkNet19 71.7% 46.3 

YOLOv3(416) DarkNet53 92.8% 60.8 

YOLOV4(416) CSPDarkNet53 94.7% 57.6 

YOLOv5s —— 96.5% 77 

 ours —— 99.2% 76 

From the results in Table 1, it can be seen that the mAP of our method on the KITTI dataset 
reaches 99.2%, which is better than any method in this table; because of the model is embedded 
in the convolutional block attention module lead to add a small number of network parameter, 
resulting in a decrease in detection speed, but the FPS is still as high as 76f/s, which does not 
affect the real-time performance of vehicle detection. Therefore, it can be proved that the 
improvement of our method is effective, and the detection effect of vehicle objects is better. 

3.4. Experimental renderings 

In order to intuitively express the effectiveness of our method under different road conditions, 
three different road conditions including non-overlapping vehicles, long-distance vehicles and 
long-distance overlapping vehicles in the KITTI test set are selected for qualitative analysis, 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 4 Issue 7, 2022 

ISSN: 2664-9640                

442 

which proves that our method improves the detection accuracy. The detection effect is shown 
in Figure 6, where Figure 4(a) is the original image, Figure 4(b) is the detection result of 
YOLOv5s, and Figure 4(c) is the detection result of this method. 

   

   

   

(a) (b) (c) 

Figure.4 Renderings on KITTI test set 

Through comparison, it is found that the detection effect of the algorithm in this paper is 
basically the same as that of the YOLOv5s under the road conditions where the vehicles do not 
overlap; in the long-distance small target vehicle road, YOLOv5s does not detect the black van, 
and our method can detect it. In the case of roads with overlapping vehicles, YOLOv5s 
incorrectly detects the roadblock next to the white truck as a car, and the our method detects 
all the vehicles in the figure, and there is no false detection, and the detection effect is 
significantly better than the YOLOv5s. 

4. Conclusion 

In this paper, we proposed a real-time vehicle target detection algorithm based on improved 
YOLOv5s. We added the convolutional block attention module to the residual unit of YOLOv5s, 
and took the KITTI data set as experiment and test data. From the evaluation indicators mAP, 
FPS and experimental renderings, it can be seen that the improved method has better detection 
performance than most real-time object detection algorithms. However, there is still a problem 
of low detection accuracy for vehicles with severe occlusion. Therefore, in the follow-up work, 
we will continue to study how to improve the detection accuracy of vehicles under severe 
occlusion while taking into account the detection speed. 
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