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Abstract: To reduce the false detection rate of vehicle targets caused by occlusion, an improved
method of vehicle detection in different traffic scenarios based on an improved YOLO v5 network is
proposed. The proposed method uses the Flip-Mosaic algorithm to enhance the network’s perception
of small targets. A multi-type vehicle target dataset collected in different scenarios was set up.
The detection model was trained based on the dataset. The experimental results showed that the
Flip-Mosaic data enhancement algorithm can improve the accuracy of vehicle detection and reduce
the false detection rate.
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1. Introduction

By the end of 2020, the total mileage of freeways in China reached 161,000 km, ranking
first in the world [1]. With the development of the new generation of technology, the
information-based and data-based smart expressway has been piloted. The smart express-
way can improve traffic safety and efficiency. Additionally, the smart freeway allows
vehicle–road collaboration by building an efficient communication system between the
cloud platform, roadside infrastructure, road users, and big data centers.

Although the construction of the Chinese expressway network is becoming more
intelligent, and comprehensive traffic management technology is improving rapidly, there
are still some challenges that need to be solved. On 1 January 2020, China completed
the cancellation of the whole network of the expressway provincial border toll station
project. The expressway realized the “one network” operation mode of “one pass, one
deduction, one notification” [2], and the whole network system adopted segmented billing.
The charging mode was changed from weight charging to per-vehicle charging, and the
billing mileage was determined by the ETC system and the toll booths according to the
driving path. Under the new toll collection system, the expressway toll system faces the
problem of evading tolls and difficult recovery. Moreover, compared with urban arterial
roads, the expressway has the characteristics of fast speed, large traffic capacity, and a
high volume of commercial trucks with dangerous goods. Although the accident rate is
relatively low, the harm caused by traffic accidents on the expressway is more serious [3],
and the subsequent effects, such as congestion caused by accidents, last longer.

Vehicle target detection on the expressway is important for intelligent traffic manage-
ment and safety monitoring. It is the basis for realizing intelligent and diversified traffic
management. Relying on manual supervision is inefficient, and it can only be analyzed
after the event has occurred. Some traditional intelligent monitoring systems have a high
false-positive rate and a slow speed. The early warning information usually has a high
false rate. Since 2006, the rise of deep learning has enabled computer vision technology to
develop from manual design features to higher precision and intelligence [4], which also
provides technical support for the real-time, full, and efficient use of surveillance videos.
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Vehicle category detection by monitoring video streams can strengthen the operation and
maintenance supervision of expressways and improve vehicle driving efficiency and safety.
It is of great significance for ensuring the safety of people’s lives and property and the
development of the economy.

2. Related Work

Vehicle detection is used to detect the vehicle target from the inspected area and
accurately classify the vehicle type to accurately locate the vehicle position [5]. Object
detection has always been a hotspot in the field of computer vision, and vehicle detection
has always been the most basic and arduous task in the field of object detection due to the
vehicle appearance attributes and different states in the detection process [6].

Traditional vehicle detection algorithms usually extract features by manual extraction.
The moving vehicles are extracted from video sequences and then the extracted features
are classified by the classifier to achieve the purpose of vehicle identification. Vehicle
detection methods mainly include the background update method [6], the frame difference
method [7], and the optical flow method [8]. The background update method uses the idea
of a weighted average to update the background, and the effect of the background update
often affects the completeness of target extraction and the accuracy of target detection [9].
The frame difference method aims to achieve the purpose of target extraction by calculating
the difference between adjacent frames. This method is often greatly influenced by the
speed of the vehicle and the time interval between successive frames [10]. The optical
flow method is a density estimation approach at the pixel level [11]. The first step in the
inspection process is to use sliding windows of different sizes to generate a large number
of candidate boxes in the tested area. Then the features are selected in this candidate box.
Finally, the classification controller is used to classify and accurately locate the specific
location of each target in this candidate box. However, the huge amount of computation is
very unfavorable to the real-time detection of targets. Commonly, the detection features
used for vehicle detection are SIFT, HOG, Harr, etc. [12–15]. Classification controller devices
include SVM and Adaboost, etc. [16,17]. The vehicle detection modes include Harr +
Adaboost, Hog + SVM, and DPM [18]. The traditional method of selecting features relies on
prior knowledge. In the actual application of the scene, there are many objective interference
factors including lighting, deformation, etc. Therefore, it is difficult for traditional vehicle
detection algorithms to be applied to real scenes, and it is difficult to achieve the accuracy
and robustness necessary for practical applications [19–21].

The vehicle detection methods that are widely used can be divided into two categories.
One is the R-CNN series of operation methods based on the two stages of the candidate
region. The first step of the two-stage method is generating a candidate box in a certain
way. Then, the contents of the candidate box are discriminated against and classified,
and the position of the candidate box is corrected. It is called the two-stage method
because it consists of two parts, namely, generating candidate regions and detecting them.
CNN was originally applied to the field of object detection as the two-stage approach.
R-CNN [22] proposed by RBG (Ross Girshick) et al. was the earliest method to use CNN
to achieve target detection. The R represented Region, and R-CNN was “Regions with
CNN features”. It was a method in which the features were extracted using CNNs in
candidate regions screened in a certain way and then the detection targets were classified.
Because CNN performed well in whole image classification tasks, it was used in the field
of object detection, and its powerful feature extraction capability was applied to more
difficult tasks than integer classification. SPP-net [23] was published by Kaiming He et al.
in 2014. The biggest improvement of the SPP-net was that the method of spatial pyramid
pooling was proposed. The improved method proposed a solution for the problem in
which each candidate region in the R-CNN underwent a CNN feature calculation, and a
significant increase in detection speed was achieved. It also solved the problem of target
shape distortion as there is no need to scale the detection image to match the input size
of the CNN. The images under test in the SPP-NET only needed to undergo one CNN
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calculation. Feature extraction was performed on the full image of the inspection image.
Moreover, the selections of candidate areas were not directly performed in the original map,
and they were performed on the feature layer surface extracted by CNN. Fast R-CNN [24]
was an improved version that RBG referenced to the previously proposed R-CNN based
on SPP-NET. The feature map of the entire ROI extracted features directly, resulting in
an efficiency improvement. Faster R-CNN [25] was further optimized for detecting slow
speeds in Fast R-CNN. The main improvement was the use of RPN networks instead of
the traditional Selective Search approach to generating candidate boxes. In addition, the
concept of the anchor was introduced, which had been used in later models.

Unlike the two-stage method, the one-stage method does not require candidate boxes
to be generated in advance. Instead, candidate boxes are predicted and classified directly at
various locations in the image. The most representative examples of single-stage approaches
are SSD [26] and YOLO [27]. In 2016, Liu et al. proposed SSD (Single-Shot MultiBox
Detector). The algorithm detected objects of different scales at different layers of the
network, and other algorithms run the detection section only at the top level of the network.
Since then, there have been many improved versions of the SSD algorithm. SSD was the
more comprehensive one-phase object detection method after YOLO. SSD was improved
in the following two points: j The detection targets were pre-framed and the scales and
proportions of the pre-check box were given. In fact, the effect was equivalent to the
anchor box proposed in the previous Faster R-CNN. k Multi-scale classification is when
the feature maps of CNN output were used to make classification predictions on different
scales. YOLO was characterized by its speed, but it was not effective when detecting
small objects, and the positioning was not accurate. In 2015, Joseph [6] proposed the first
single-stage detector. YOLO (You Only Look Once) reached the speed of 45fps and its
accuracy surpassed RCNN. Its fast version reached 155fps. It opened the era of single-stage
detection algorithms and provided technical support for the deployment and application
of target detection in the industrial industry. YOLO proposed a completely new design
idea that applied CNN to entire images. It predicted target classifications and bounding
boxes with direct regression of output features. The original author made a series of
improvements on the basis of YOLO and successively proposed the YOLO9000 [28] and
YOLO v3 [29], adding FPN and other structures to improve the loss function. In 2020,
AlexAB released YOLO v4 [30]. A variety of data enhancement methods in the field
of computer vision were integrated, and various new backbone network combinations
were tried. It applied the Mish activation function, Drop block prevention overfit policies,
the combination of FPN and the PAN network, and improvements in the bounding box
loss function CIOU_Loss. The average accuracy of the COCO dataset was 10 percentage
points higher than that of YOLO v3. In the same year, Jocher Glenn released version 5 of
YOLO [31]. Although the naming was not officially recognized, its actual performance
was further improved. From the rapid development of the YOLO series algorithm in
recent years, it can be seen that both academia and industry have great interest and
expectations for this algorithm. Many scholars’ research progress in object detection
focuses on the improved optimization algorithm based on the YOLO algorithm. They put
forward some difficult problems and research trends in the field of object detection. In
addition, the problem of small object detection in the field of object detection was analyzed
systematically. A variety of algorithms are introduced across the five aspects of multi-scale,
feature resolution improvement, contextual semantic information, data enhancement, and
network optimization. The characteristics of algorithms and networks are compared.

For highway application scenarios, this paper further improved the detection accuracy
by using the Flip-Mosaic algorithm to monitor video streams based on the improved YOLO
v5 algorithm. Furthermore, a multi-type vehicle target dataset for multiple kinds of weather
and scenarios was developed. According to the dataset, the detection model of real-time
detection of vehicle category information was obtained. The study has important practical
significance for the supervision of expressways’ operation status and the improvement of
the transportation department’s management service level.
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Section 3 documents the production of training datasets. Section 4 describes the
improved YOLO v5 network. Section 5 presents the experimental results and analyzes the
experimental results. Section 6 concludes the major findings and discusses future work.

3. Data Collection and Data Processing

There are four types of problems in vehicle target detection.

(1) Due to the different installation scenarios of traffic monitoring, there are differences in
the viewing angle and height of monitoring, which will produce scene changes. For ex-
ample, the monitoring perspective and scene characteristics in the tunnel are different
from the highway. This discrepancy leads to a significant reduction in the detection
accuracy and also leads to a large number of vehicle targets missing inspection.

(2) The same scene in different weather conditions also varies greatly. Affected by the
brightness of the scene picture under bad weather conditions and the noise of the
camera acquisition equipment, the body contour feature extraction of the target vehicle
is susceptible to interference. If the dataset does not contain such scene data, the
detection effect is not ideal.

(3) The vehicle target has noticeable deformation in different positions in the picture. The
same vehicle target undergoes significant size deformation at the distal and proximal
positions of the picture. It affects the detection accuracy of small targets.

(4) Vehicle occlusion is common to vehicle targets on actual roads, which can lead to the
detection of multiple targets as a single target, and there are missed and false detec-
tions.

3.1. Data Collection

Open-source datasets are often constructed by the authors according to the research
needs of the time, and the characteristics of the data may not strictly meet the requirements
of the current research. As research in a specific domain requires datasets under specific
scenarios or conditions, this paper establishes some datasets to verify its own research.
According to the characteristics of expressway monitoring application angle [32] and
resolution, the multi-angle monitoring video of a certain point of the Dongying to Jinan
section of the Shandong Dongying Expressway and the Yiyuan Tunnel Expressway of the
Zibo Expressway in Shandong province was collected. The whole road adopted a two-way
four-lane expressway standard, with a design speed of 120 km/h. This is shown in Figure 1.

To ensure the diversity of vehicle samples in the image, the video data were processed
to extract one image sample every 40 frames. A total of 1493 pictures with vehicle infor-
mation were extracted, and the original vehicle detection image library was set with the
selection of 1060 pictures of multiple types of vehicles from the BIT Vehicle_Dataset [33].
This dataset contained multiple types of vehicles, such as trucks, family cars, taxis, tankers,
and so on. In addition, the video segments used to create the dataset were available at any
time of day and night, which ensured the diversity of the dataset. The detection network
training dataset was produced through high-definition surveillance videos and multi-type
vehicle pictures from different angles, road sections, and lighting conditions. This was
used for the training and evaluation of the detection model in Section 3, as shown in
Figure 2. Scenario 1 and Scenario 2 were video collection scenarios of a section of Dongying
Expressway under different weather conditions. Scenario 3 was a video collection scene
of The Yiyuan Tunnel in Zibo. Scenario 4 was a multi-type vehicle image to expand the
diversity of the dataset.
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Figure 2. Examples of different scene datasets.

3.2. Image Labeling Method for Vehicle Detection

Vehicle inspection is a supervised learning task [34]. Model training requires classifi-
cation and location information about the vehicle in the image. Regarding the classification
of vehicle targets, the practical application of vehicle target detection in highway scenarios
was considered. Target vehicles were divided into 8 categories according to the difficulty
of distinguishing between vehicle classes in the images captured by the high camera, in-
cluding Bus, Minibus, Family Sedan, Taxi, Heavy Truck, Truck, SUV, and Special Vehicle.
Figure 3 was a schematic diagram of vehicle sample classification in this dataset.
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Data labeling is a tedious and repetitive task that must be performed manually, and
this article used a semi-automated labeling tool (as shown in Figure 4). Although manual
checking and fine-tuning were required, it greatly reduced the complexity of the annota-
tion task.
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Figure 4. The flowchart of image data annotation processing.

First, the object detection and labeling tool MakeSense was used to label a part of the
image sample in a rectangular box. The tool generated a label file corresponding to the
image naming, which was illustrated in Figure 5. The resulting callout file was a txt file.
which mainly saved the label category and the upper left right coordinate point information
of the rectangular box, as shown in Table 1.

Table 1. Schematic diagram of txt annotated text file.

Category x y w h

4 0.837022 0.602114 0.274942 0.499098
4 0.303379 0.385564 0.140371 0.243362
2 0.558019 0.140139 0.023202 0.037123
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Each line in the YOLO annotation format txt represented the category and position of
an object. The first column represented the category of the object. The next four columns
represented the position information of the object, which were x, y, w, and h. Each image
corresponded to a txt file, and there were multiple categories of objects in one file. X and y
were the central coordinates of the target, and w and h were the width and height of the
target, respectively. These coordinates were normalized. X and w were normalized using
the width of the original diagram, and y and h were normalized using the height of the
original diagram. The information about the YOLO annotation categories in this article is
shown in Table 2.

Table 2. Annotation category information of YOLO.

Annotation Category Information of YOLO

Bus 0 Heavy Truck 4
Minibus 1 Truck 5

Family Sedan 2 SUV 6
Taxi 3 Special Vehicle 7

This annotation information was then used to train the object detection model. Be-
cause the amount of data was small and the model and data were not optimized, it was
named the coarse detection model. The coarse detection model was used to detect the
remaining unlabeled images through the semi-automatic annotation program [35], which
automatically generated a txt text file in the same format as MakeSense. The automatically
generated annotation files were manually checked and fine-tuned by the MakeSense tool to
complete the detection box annotation of all image sample libraries.

3.3. Image Annotation

The quality of the labeled dataset largely determined how good the model was. In
order to train a vehicle detection model that was more in line with the actual highway
traffic scenario, the following labeling standard rules were formulated:

(1) Because the object detection task recognizes the part outside the callout box as a
negative sample of the background class, the vehicles that appear in the image should
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be labeled as much as possible, including a small part of the vehicle body that is
covered by text information.

(2) In the case of vehicles and the environment, and vehicles obscuring each other, any
vehicle of which no more than half is obstructed still needs to be marked. As shown in
Figure 6, when that much information is lost, it does not need to be labeled, because
such vehicles have basically no target characteristics.
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3.4. Dataset Characteristics

To complete the production of the standard dataset, it was necessary to analyze the
characteristics of the application scenario of this dataset to optimize and improve the
vehicle detection model. Based on statistical labeling information, a plot analysis was
performed on the dimensions of the labeled vehicle categories and callout boxes, as shown
in Figure 7.
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Figure 7. Statistical chart of labeling information.

Figure 7 shows the statistics of the number of label categories on the left, and the
image on the right shows the density map after the dimensions of the callout box were
normalized. There was a serious imbalance in the vehicle categories, as shown in the figure.
This was an imbalance in the foreground category in the field of object detection, which
had a greater impact on the results of the detection model. The size of the vehicle target in
the image was generally small, which was also detrimental to detection.
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3.5. Dataset Division

The dataset had a total of 2844 images, as shown in Figure 8. The training sets and
validation sets were divided into a 9:1 ratio. In total, 2553 images were used for training
validation and 291 images were tested and evaluated by algorithms. In the process of
partitioning, one should try to maintain a balance between the number of sample categories
in the training verification and test set, and the consistency of the data distribution should
be ensured as much as possible.
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4. Research on Highway Vehicle Detection Based on Improved YOLO v5 Algorithm

In recent years, with the development of deep learning theory and the upgrade of GPU
hardware devices, computer vision technology has also made great progress. Reducing the
consumption of manpower through computer vision technology has important practical
significance. Object detection is an important basic branch of digital image processing and
computer vision, and it is also the core part of intelligent monitoring systems for various
application scenarios. After completing the dataset in the previous section, the vehicle
detection task still faces the challenge of small object detection. Since the height of the
highway surveillance camera is generally 8 m to 12 m, the vehicle target that is located
a great distance from the camera in the captured image is relatively small. Because the
picture is blurry and there is less information contained, this type of target has always
been a practical and common problem in the field of object detection. How to better detect
vehicles that are far away from the surveillance camera is of great significance to improving
the actual utilization rate of the camera shooting screen.

4.1. YOLO v5 Algorithm

The YOLO object detection algorithm is the first single-stage object detection algorithm
proposed by Redmon J. It discards the step of candidate box extraction in the two-stage
algorithm and unifies the bounding box and classification into a regression problem. The
process of the YOLO algorithm is as follows: First, the image is divided into S × S meshes.
Each grid is responsible for predicting the target where the actual box will fall in the center
of the grid. A total of S × S × B bounding boxes are generated from these meshes. Each
bounding box contains five parameters: Target center point coordinates, target width and
height dimensions (x, y, w, h), and confidence of whether the target is contained. S × S
grids predict the category probability of the target in that grid. The prediction bounding
box confidence and category probability are then multiplied to obtain the category score
for each prediction box. These prediction boxes are filtered by non-maximum suppression
(NMS) to obtain the final prediction results. The algorithms of the YOLO series have
developed rapidly in recent years. In 2020, two versions of YOLO v4 and YOLO v5
appeared successively. The YOLO v5 algorithm achieved a precision accuracy of nearly
50 mAP in the COCO dataset [36] while ensuring the speed of operation. Considering the
accuracy and speed requirements of vehicle detection algorithms in highway monitoring
scenarios, this chapter selected the s (small) version in YOLO v5 as the benchmark network
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model. The network model was improved for highway scenarios to further improve the
accuracy of the detection algorithm.

YOLO v5 is the most advanced detection network of the YOLO object detection
algorithm. Based on the YOLO v3 and YOLO v4 algorithms, the arithmetic set innovation
was carried out to improve the detection speed. YOLO v5 borrowed the idea of anchor
boxes to improve the speed of the R-CNN algorithm, and manually selected anchor boxes
were abandoned. The K-means clustering on the dimensions of the bounding box was run
to obtain better a prior value. In 2020, Glenn Jocher released the YOLO v5. The network
structure was shown in Figure 9, including input, backbone, neck, and prediction.
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(1) The input is a vehicle image input link, which consists of three parts: Data enhance-
ment [37], picture size processing [38], and automatic adaptation anchor frame [39].
The traditional YOLO v5 uses mosaic data enhancement to randomly scale, crop,
arrange, and then stitch the input to improve the detection effect of small targets.
When training the dataset, the input image size is changed to a uniform size and
then the image is fed into the model for inspection. The initial set sizes are set to
460 × 460 × 30. The initial anchor frame for YOLO v5 is (116,90,156,198,373,326).

(2) The backbone network consists of the Focus structure [40] and CSP structure [41].
The Focus structure is responsible for slicing the image before it enters the backbone
network. As shown in Figure 10, the original 608× 608× 3 image is sliced. The feature
map of 304 × 304 × 12 is reached, and then the feature map of the 32 convolutional
kernels is formed through the convolutional operation. The Focus operation can
downsample the input dimensions without parameters and preserve the original
image information as much as possible. The CSP structure is a transition of the input
feature using two 1*1 convolutions. It is beneficial for improving the learning ability
of CNNs [42], breaking through computing bottlenecks, and reducing memory costs.

(3) The Neck part is a network layer that combines image features and passes them to
the prediction layer. The Neck section of YOLO v5 uses the structure of FPN+PAN.
The FPN upsamples the high-level feature information and communicates and fuses
it in a top-to-bottom manner to obtain a feature map for prediction. PAN is the
underlying pyramid, which conveys strong positioning characteristics in a bottom-to-
top manner [43].

(4) The prediction layer predicts the image features and generates the bounding box to
predict the category. YOLO v5 uses GIOU_Loss as a loss function for Boundingbox.
In overlapping object detection, GIOU_NMS is more effective than traditional non-
maximum suppression (NMS).
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YOLO v5 inherits the meshing ideas of the YOLO algorithm. The network input
dimensions are 640 × 640 × 3. That is the three-channel RGB color picture with a length
and width of 640 after the original image preprocessing [44]. Passing through the network,
the output dimension of the detection layer of the three scales of large, medium, and small
is S× S× na × (tx + ty + tw + th + to + nc).

S× S is the number of the divided mesh. na corresponds to the number of preset
prior boxes for each scale. nc is the number of categories that need to be predicted. The
large-scale S = 20, na = 3, nc = 3 is an example, where the detection layer output
dimension of the network structure of this dimension is 9600.

tx, ty, tw and th are the bounding-box-related parameters. to is the bounding box
confidence. tci is the confidence of category i. These parameters require the decoding of
Formula (1) to obtain the final prediction box [45].

bx = 2σ(tx)− 0.5 + cx
by = 2σ

(
ty
)
− 0.5 + cy

bw = pw(2σ(tw))
2

bh = ph(2σ(th))
2

scorei = con f idence× Pr(classi) = σ(to)σ(tci)

(1)

As shown in Figure 11, the blue box is the ground truth box. bx, by, bw, and bh are
the center point coordinates and width–height dimensions of the label bounding box,
respectively. cx and cy are the distance between the grid occupied by the center of the label
bounding box and the upper left corner of the grid. The red one is the anchor box. pw and
ph are the width and height of the prior frame.
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When training on an object detection task, positive–negative (foreground–background)
sample imbalance is a common factor that most affects the performance of the algorithm.
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YOLO v5 assigns the label box to three anchors at the same time during training, which is
equivalent to expanding the positive sample size 3 times. To a certain extent, the problem
of positive–negative sample imbalance during the training of the target detection algorithm
is alleviated. The loss function is calculated as in Formula (2):

Ltotal =
N
∑
i

(
λ1Lbox + λ2Lobj + λ3Lcls

)
=

N
∑
i
(λ1

Bi
∑
j

LCIoUj + λ2
Si×Si

∑
j

lobj j + λ3
Bi
∑
j

lcls j)
(2)

N is the number of detection layers. B is the target number of labels assigned to
the prior box. S × S is the number of meshes that are divided into this scale. Lbox is the
bounding box of regression loss to calculate each target. Lobj is the loss of the target object
to calculate each mesh. Lcls is the classified loss to calculate each target. λ1,λ2,λ3 are the
weights of these three losses.

4.2. Improved YOLO v5 Algorithm

Data quality and quantity are important conditions for the rapid development of
deep learning, especially for the learning task of target detection that requires strong
supervision. An imbalance in the number of label dataset categories can result in a larger
loss of categories, contributing more to the total loss. The loss contribution of a small
number of categories is dilute. This reduces the network’s ability to distinguish categories
with a small number of labels, resulting in more inaccurate checks and missed inspections
in this category. The more effective way to mitigate sample size imbalance is to start at the
data input, where each batch of the input network contains a relatively balanced number of
categories. This paper used the Flip-Mosaic data enhancement algorithm, and the specific
steps were as follows:

(1) For each image in the dataset, three images were randomly selected again in the
dataset.

(2) Flattening points (x, y) in a blank image were randomly selected. The blank pictures
were divided into four parts. The four pictures were divided into four parts divided by
the center point, and the excess parts were discarded directly. The flattening process
is shown in Figure 12.

(3) The composited pictures were processed by three random operations for the homo-
geneous distribution. The data were enhanced by flipping the image left and right
and up and down, and the data were maintained originally. The process is shown
in Figure 13. At the same time, some random noise was reasonably introduced to
enhance the discriminating force of the network model on the small target sample in
the image and improve the generalization force of the model.
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When training on an object detection task, positive–negative (foreground–background)
sample imbalance is a widespread factor that most affects the performance of the algo-
rithm [46]. At present, the three types of loss functions are bounding box loss [47], class
loss [48], and object loss [21]. YOLO v5 uses Generalized IoU loss as the loss function of the
Bounding box [49]. Vehicle targets that are farther away from the camera on the highway
are susceptible to occlusion interference. In order to improve the model’s detection perfor-
mance on the target of the occluded vehicle, the GIoU loss value is replaced with the CIoU
loss value that is more suitable for the detection of the occluded target as the loss function
of the border loss. The CIoU loss value is calculated as follows:

LCIoU = 1− IoU +
ρ2(p, pgt)

c2 + αv (3)

IoU =
|A ∩ B|
|A ∪ B| (4)

α =
v

1− IoU + v
(5)

v =
4

π2

(
arctan

wgt

hgt − arctan
w
h

)2

(6)

LCIoU was the loss value of CioU. A is the forecast box. B is the actual box. ρ is the
Euclidean distance. p is the center point of the prediction box. pgt is the center point of
the target box. c is the diagonal distance of the minimum bounding rectangle between the
boxes. α is the weight function. IoU is the intersection ratio of the prediction box to the
actual box. v is the aspect ratio metric function. wgt is the width of the target box. hgt is
the height of the target box. w is the width of the prediction box. h is the height of the
prediction box.

Since long-range vehicles are non-rigid targets [50] and tend to generate multi-scale
frames, adaptive anchor frame calculation is used [15].

5. Experimental Results

The experimental system type used was Windows 10 Pro 64-bit operating system. The
processor was 12th Gen Intel Core i7-12700KF, using GPU NVIDIA GeForce RTX 3080 Ti,
12 GB graphics card. The software environment was supported by CUDA v4.11.0, OpenCV
4.5.5. The deep learning framework was Pytorch v1.10.2 and the programming language
was Python 3.9.

In this paper, different corresponding datasets were used for different traffic scenarios.
A sufficient sample size in different traffic scenarios ensured the adaptability and reliability
of the training results, and it improved the accuracy of vehicle target detection.

The validation dataset for this algorithm used the dataset in Section 2. The initial
training weights depth_multiple and width_multiple were 0.33 and 0.5, respectively. The
initial learning rate was set to 0.01, and the final was 0.1. The SGD momentum was 0.937
and the optimizer weight_decay coefficient was 0.0005. The first three epochs were the
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warmup. The warmup initial momentum was 0.8, and the initial bias learning rate was 0.1.
The total number of training iterations was 350.

Considering the need for highway identification in real environments, this experi-
ment used precision and mean average precision (mAP) as evaluation indicators of the
model [51,52]. Precision can accurately and reasonably evaluate the algorithm’s position-
ing and target detection capabilities. The algorithmic performance of the network was
measured by PmA, which was suitable for the multi-label defect image classification task of
this study. Comparing the results of the improved network with the unmodified YOLO v5
network, Equation (7) was used, as follows:

P = TP
TP+FN

;

PmA = ∑N
n=1 P(n)∆P(n)

C

(7)

TP indicated that a sample that should be a positive sample was considered a positive
sample by the algorithm and the prediction was correct. FN indicated that the sample that
should be a positive sample was considered a negative sample by the algorithm and the
prediction was wrong. N was the total number of samples in the test set. P(n) was the
size when n samples are identified at the same time. ∆P(n) indicated how the recall rate
changed when the number of samples detected changed from n–1 to n. C is the number of
categories in the multi-classification task.

P in the PR curve [53] represents precision and R represents recall. It represented
the relationship between accuracy and recall. Generally, the recall was set to abscissa and
precision was set to ordinate. The results before and after algorithm improvement are
shown in Figures 14 and 15.
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With the same hyperparameters and training rounds settings, the Mosaic method
in YOLO v5 reused data while increasing the richness of the sample, and it achieved a
fairly excellent performance. Both the mAP50 and mAP50:95 had been greatly improved.
Compared with the original Mosaic data enhancement, the Flip-Mosaic data enhancement
of YOLO v5 was more obvious in the more stringent mAP50:95. The Flip-Mosaic data
enhancement performance was slightly better, which could almost eliminate the bottleneck
of the limitation of the overall accuracy of the small sample category. It proved the
effectiveness of the improved data enhancement optimization method in this paper.

In terms of prediction, the improved YOLO v5 network shown in Figures 3–9 and
3–10 had a better performance in the identification of SUVs and Family Sedans. Due to the
similarity of the two models, the overall performance of the two models increased by 0.5%
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and 0.3%, respectively, especially in the case of a smaller calibration frame, and the overall
performance was even better.
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This section focused on the process of optimizing vehicle inspection performance.
The principle of the YOLO v5 algorithm was introduced first. The fastest version was
selected as the benchmark network. The benchmarking network was trained, and the
comprehensive evaluation index of the trade-off test set, the verification set, and the small
number of category indicators was designed. The evaluation results were analyzed. Then,
model optimization was carried out from the data enhancement perspective. Finally, the
performance before and after the improvement effect was compared, which proved the
effectiveness of the improvement method proposed in this paper (Figures 16 and 17).

Sustainability 2022, 14, x FOR PEER REVIEW 17 of 20 
 

 

Figure 16. Recognition accuracy of standard YOLO v5 network. 

 

Figure 17. Recognition accuracy of improved YOLO v5 network. 

Figure 16. Recognition accuracy of standard YOLO v5 network.



Sustainability 2022, 14, 12274 16 of 19

Sustainability 2022, 14, x FOR PEER REVIEW 17 of 20 
 

 

Figure 16. Recognition accuracy of standard YOLO v5 network. 

 

Figure 17. Recognition accuracy of improved YOLO v5 network. Figure 17. Recognition accuracy of improved YOLO v5 network.

6. Conclusions

In this paper, the high-speed scene-diversified dataset with rich data samples was
constructed first. The dataset covered many scenarios of a highway, monitoring different
road sections and perspectives, which provided a dataset with strong applicability for
vehicle object detection in high-speed scenarios. At the same time, this article used the
improved YOLO v5 network for object detection. Diverse datasets increased the accuracy
of the detection of vehicle targets at the root cause. Based on this network, the Flip-Mosaic
data enhancement method was studied, which significantly improved the recognition rate
of similar small targets and was more in line with the requirements of engineering practice.
These improvements can play a significant role in practical applications.

The traffic video intelligent monitoring system with vehicle detection designed in this
paper had achieved good results in the highway scene, but there are still some problems to
be improved:

(1) Due to the difficulty of obtaining highway surveillance video data, the highway scene
surveillance videos that could be collected in this paper were limited. More scenes,
angles, and better lighting conditions of the surveillance video should be collected to
further improve the generalization ability of the vehicle detection model.

(2) Regarding the influence of bad weather, we need to reduce the influence of the weather
environment on detection. These problems indicate that the target detection algorithm
still needs to be optimized and researched.

In future autonomous driving and intelligent transportation systems, the requirements
for accuracy and real-time performance will be higher. Important research directions of
vehicle target detection include the dataset scene and quality problems and multi-target
and small target detection problems in complex scenes, to ensure continuous optimization
in order to meet higher demands.
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