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Abstract. Studies on multi-object detection and tracking for vehicles are impor-
tant research topics and have been widely used in various fields such as autonomous
driving, anomaly detection, traffic monitoring, and intelligent transportation sys-
tem. Because of the interference factors such as long-time occlusion and heavy
traffic flow, there are two major limitations to accurate vehicle tracking: missed
detections and false detections. In this paper, for the demand of accuracy and
real-time vehicle object detection and tracking, the YOLO v5 and Deepsort are
combined to realize object detection and tracking in unmanned aerial vehicle
(UAV) data. The object detector is trained and validated on its own dataset of traf-
fic collected from highways; the open-source vehicle deep feature training dataset
is used to train for tracker weights. Finally, the experiments verify the vehicle
multi-object detection and tracking function in the case of heavy traffic flow with
different vehicle types. The proposed method in this paper has certain theoreti-
cal significance and practical application value in the field related to multi-object
detection and tracking of moving vehicles.
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1 Introduction

Vehicle detection and multi-object tracking, as an important research topic in the field
of computer vision, is a key technology in many intelligent application areas such as
automated vehicle driving and traffic flow detection [1]. Due to the increasing number
of automobiles, congestion, and car accidents are inevitable. Therefore, studying an
intelligent transportation system with high practicality is necessary. Compared with
ordinary ground inspection equipment, UAV aerial photography has the advantages of
wide coverage, low cost, and flexibility. In recent years, researchers have made a lot of
efforts in vehicle detection and multi-object tracking.

For object detection: early object detection models were built as an ensemble of
hand-crafted feature extractors such as Viola-Jones detector [2], Histogram of Oriented
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Gradients (HOG) [3], etc. However, traditional methods suffer from a lack of objecting
in the selection of sliding window regions, and the inability of manually designed fea-
tures to adapt to diversity goals and changes. Deep learning is characterized by learning
the data representations [4]. Convolutional neural network (CNN) represents one such
deep architecture that is most popular for learning with images and video. In 2012, Geof-
frey Hinton’s proposed AlexNet [5] model achieved remarkable results in the ImageNet
image classification competition, which opened the curtain of convolutional neural net-
works applied to computer vision. In 2014, Girshick et al. proposed the R-CNN [6]
model, which is the pioneering work of object detection using deep learning, and then
continuously improved the algorithm. However, the disadvantage is the poor real-time
performance. R. Joseph et al. proposed the YOLO (You Only Look Once) [7] model in
2015, which views the object detection task as a regression problem and can quickly
recognize objects. Subsequently, researchers have proposed models such as YOLO v2,
YOLO v3, and YOLO v4 [8]. In 2020, YOLO v5 was introduced which uses Cross Stage
Partial Network (CSP) to reduce computational cost and outperforms YOLO v4 in terms
of accuracy and speed. Real-time is important for vehicles that are in motion at all times.
Therefore, in this thesis, the detection algorithm of YOLO vS5 is chosen as the basis for
the next step of vehicle tracking.

For object tracking: since object tracking relies on object detection, the above novel
methods developed by large tech companies Facebook [9], Google, etc., are also a
part of object tracking. In 2016, Alex Bewley [10] et al. proposed a new convolutional
neural network-based object tracking algorithm, which is known as the SORT algorithm.
After that, the authors proposed Deepsort [11] algorithm based on SORT, which can
more accurately match objects between different frames, which greatly reduces the
number of object ID switches in SORT. Zhou et al. [12] have developed a simultaneous
MOT process, with the disadvantage of not considering that the object will reappear.
Because the Deepsort tracking algorithm can meet the real-time performance of vehicle
tracking for immediate motion in traffic scenarios and avoid ID switching memory
overhead, which increases the accuracy and robustness of the algorithm, this thesis
chooses Deepsort based tracking algorithm to accomplish the vehicle tracking task.

In summary, in this paper, based on UAV aerial images, the YOLO v5 detector and
the Deepsort tracker are combined to improve the tracking accuracy and robustness in
complex scenes. And the effectiveness of the proposed method is verified by comparative
analysis of the homemade dataset.

2 Methodology

In this section, the design ideas of YOLO v5 detector and Deepsort tracker are first given,
after that vehicle object tracking experiments are conducted based on UAV images and
the results are presented. Figure 1 shows the methodology framework in this paper. It
has two key parts: (1) YOLO vS5 is used to realize vehicle detection; (2) Deepsort is used
to realize vehicle tracking.
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Fig. 1. Methodology Framework.

2.1 Object Detector Based on YOLO V5

The structure of a deep learning(DL) based object detection model generally consists of
five parts: input, trunk, neck, head, and output. Among them, the backbone network is
responsible for extracting features, the neck network is responsible for extracting more
complex features, and the head network calculates the output results. First, the input part:
the image is processed to fulfill the format requirements of the network structure for the
input. This part mainly includes data reading, data preprocessing, and data enhancement.
Second, the backbone part: in YOLO v5, the backbone network adopts CSPDarknet53
as its backbone network, which is mainly responsible for extracting relevant feature
information from the input image. In the backbone network, the model gradually reduces
the feature map size for subsequent processing. Third, neck part: in the YOLO v5 model,
the neck network adopts the SPP structure and introduces the PANet model, which
enhances the multi-scale nature of the feature extraction, thus improving the accuracy
of object detection. Its four, head part: in the YOLO v5 model, the head network is
mainly responsible for realizing the tasks of object classification and position regression.
Fifth, the output part: it mainly consists of two parts: the screening mechanism and the
bounding box reduction. In the screening mechanism, low-accuracy prediction results
are proposed according to the threshold set in advance, and the detection results are
optimized and screened based on the NMS algorithm.

2.2 Object Tracker Based on Deepsort

The processing of Deepsort object tracker system is mainly carried out in the order of
video frames, which includes the following steps: firstly, read the position of each object
ID detected frame in the current video frame and the depth features of the image object
in each detected frame (which need to be extracted by themselves in practical use). Then,
the object frames are filtered by confidence, i.e., the features of the object frames with
lower confidence are removed. Next, non-maximal suppression of the recognized frames
is performed to eliminate duplicate localization of multiple object detection frames for
a single object. The prediction step is then performed and the Kalman filter is used
for the prediction of the object location information. Once the prediction is complete,
the accurate effectiveness of the tracking must be ensured, which requires the design
of an implementation update function for real-time adjustment of the Kalman tracker
parameters and feature set. In addition, it is necessary to calculate the mutual matching
between the disappeared old object and the new tracked object, which first needs to
match the detected results with the results obtained from the tracking prediction in order
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to recognize the confirmed state tracker and the unrecognized state tracker. Finally, the
design of the constructor for the Deepsort class itself is completed, with model paths,
maximum Mahalanobis distance, minimum confidence, maximum t Intersection Over
Union (IOU) distance, and whether or not to use cuda acceleration as members, So as to
realize the call to this function after the object detection is realized.

2.3 Dataset

The dataset consists of two parts, the first part is the traffic situation dataset collected
by ourselves, which is used for the training and testing of YOLO v5 model. The second
part is from the public dataset, which is used to study the deep appearance features of
Deepsort.

The vehicles are categorized into five classes, car, taxi, minivan, truck, and motor-
cycle, which are used to train the object detection model. Regarding the second part of
the dataset, it is used to train the deep appearance model of the vehicles to facilitate
the Deepsort algorithm to accomplish the vehicle tracking task better. This open-source
dataset captures images of 769 different vehicles through surveillance videos. These
images were fixed to 128x256 width and height and named according to a certain for-
mat, the file name consists of the following parts: the first 4 bits have the same name
as the directory where the image is located, the middle 2 bits represent the camera ID,
the next 5 bits represent the tracking ID, and the last 4 bits represent the image serial
number.

3 Experiments and Analysis

After completing the data preprocessing, the model needs to be configured. According
to the performance comparison of each YOLO v5 pre-training model, the yolovSm.pt
model has good accuracy and speed and is well suited to the lightweight deployment
requirements of this project.

In this paper, the migration learning method is used while modifying the nc param-
eters to adapt to the new dataset. Some compression processing methods are used, such
as setting the input image size to --img 640, --batch 4, etc. After 50 training sessions, the
model parameters that will be generated after each epoch training are saved. During the
training process, the model’s loss value is constantly optimized and reduced. According
to the indicators constantly adjusted and optimized, and finally get the optimal solution
parameters of network model training.

Detector effect analysis: this paper analyzes the three evaluation indexes from Pre-
cision, Recall, and mAP. Tested using the trained model, Fig. 2 demonstrates the model
detection results, and the Precision-Recall graph and mAP values obtained are shown in
Fig. 3.

In order to quantitatively evaluate the model constructed in this paper, the test results
of the model are tested. It can be seen that mAP @ 0.5 and mAP @ 0.5: 0.95 are
0.5567 and 0.4919, respectively. Compared with the results of the official YOLO v5
model, it can be seen that the value of mAP @ 0.5 is relatively high, and the training
effect is considerable. Considering the simplicity of the data set and the experimental
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Fig. 2. Diagram of detection results
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Fig. 3. (a) Precision-Recall plot (b) Training result mAP plot

development environment, 50 pieces of training can achieve this effect. Therefore, the
weight file can be used as the weight file of the object detection function in this paper
and meet the requirements of traffic video. Then, the video composed of the test set is
tested. Numerically, the test results of the model are more accurate.

Tracker effect analysis: first of all for the extracted vehicle depth feature effect
analysis, the depth feature in the completion of the training of the total_loss function
value remains stable, stable at about 4, indicating that the training effect is good. As
shown in Fig. 4 below.

Finally, the overall system of vehicle detection and tracking in this paper is tested
using the previously trained YOLO v5 model vehicle detection weights file and Deepsort
vehicle tracking weights file. The system accomplished vehicle detection and tracking
in the test set of videos as shown in Fig. 5.
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Fig. 4. Variation of total_loss function for tracker deep feature training
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Fig. 5. Vehicle tracking detection effect of (a) the current frame and (b) the next frame.

4 Conclusion

This paper mainly focuses on the characteristics of vehicle movement in traffic scenes
from UAV data, a detection and tracking network for traffic safety is introduced based on
YOLOVS object detection to improve the accuracy of Deepsort based vehicle tracking
algorithm. With the intelligent transportation system, YOLO v5 object detector and
Deepsort tracker are combined to establish the vehicle detection and tracking system
in UAV aerial images. Finally, after training with the urban traffic dataset and vehicle
appearance dataset, the proposed system is implemented respectively, and their effects
are also analyzed and verified. The results show that this detection and tracking system
could effectively meet the needs of traffic tracking.
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