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This article describes one of the most important steps in smart transportation systems, which is to count the

�ow of moving vehicles, in particular, using the YOLOv5 and DeepSORT algorithms to perform this process.

It explains how much accuracy increases when these algorithms are used in situations. Experiments using the

algorithms used showed an accuracy of 94. One of the most important steps in the development of intelligent

transport systems today is the classi�cation of vehicles moving on the roads and counting their �ow. The focus

of this study is on counting the �ow of tra�c on the roads. detects that the vehicle has passed. In addition, this

study focuses on the process and mathematical aspects of the YOLOv5 and DeepSORT algorithms, with examples.

In particular, attention is paid to the Mahalanobis distance and the Kalman �lter, which are the main components

of the DeepSORT algorithm, and their role in the DeepSORT algorithm is revealed. Experiments based on video

images taken from a CCTV device using these algorithms are presented in the article. The main part of the results

of the experiments is presented in the article as an example.

Introduction

Nowadays, in the period of rapid development,
the transport system has become an important part
of human life. Just one example of this is the follow-
ing statistic: by the end of the �rst quarter of 2022,
it is known that there will be approximately 1.45
billion cars in the world, of which about 1.1 billion
will be passenger cars. This means that there is a
car for every 7.18 people on our planet, it should
be noted that at the time of writing this article, the
population of the planet earth exceeds 7.9 billion [1,
9].

Based on the information mentioned above, it
can be said that this will de�nitely cause tra�c
problems in big cities. In this research work, the
analysis of the algorithms used in the program that
performs one of the main roles for the system help-
ing to solve this tra�c problem, that is, counting
the �ow of motor vehicles on the road and identify-
ing the moving motor vehicles, was carried out. In
particular, YOLOv5 and DeepSORT algorithms are
used and the working process of these algorithms is
explained.

I. Application of YOLOv5 and DeepSORT
algorithms in the calculation of traffic

flow

YOLOv5 algorithm. Nowadays, object detec-
tion is one of the most important aspects of com-
puter vision. Object detection is a computer vision
technology that localizes and identi�es objects in
an image.

Due to the versatility of object detection, ob-
ject detection has emerged as the most widely used
computer vision technology in the last few years
[8]. Let's talk brie�y about how object detection
works in general. In the �eld of computer vision,
object detection is often referred to as image detec-

tion, and these concepts are generally considered
synonymous terms. Object detection is not simi-
lar to other common computer vision technologies,
such as classi�cation, keypoint detection, or seman-
tic segmentation, that is, image segmentation using
masks. This is one of the most comprehensive areas
of computer vision.

This is where object detection models come
into play and achieve object detection by predict-
ing the X1, X2, Y1, Y2 coordinates and object class
labels depending on the target. Using object detec-
tion simply involves inputting an image (or video
frame) into the object detection model and out-
putting a �le in the form of a JSON �le with es-
timated coordinates and class labels [8].

The YOLO (You Only Look Once) algorithm
is a modern, real-time, very e�ective object detec-
tor, and there are a number of algorithms included
in this group of algorithms (YOLOv1, YOLOv2,
YOLOv3, YOLOv4, YOLOv5). The algorithm
used to obtain the results in this article is the
YOLOv5 algorithm.

It can be observed that the YOLOv5 algo-
rithm is based on YOLOv1-YOLOv4. Continuous
updating of this algorithm allowed to achieve high
results in two o�cial databases of object detection,
i.e. Pascal VOC (visual object classes) and Mi-
crosoft COCO (common objects in context). in
the database [5,6]. The network architecture of
YOLOv5 is shown in Figure 1.

There are several other reasons why YOLOv5
was chosen for this research work. First, YOLOv5
introduced a cross stage partial network (CSPNet)
into the Darknet and created CSPDarknet as its
foundation [12]. Here Darknet is a CNN (Convolu-
tional Neural Network), i.e. a convolutional (slid-
ing) neural network used in the YOLO algorithm.
CSPNet solves the problem of repeated gradient
data on large-scale networks and integrates gradient
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transformations into a feature map, thereby reduc-
ing model parameters and FLOPS (�oating-point
operations per second), which not only improves
inference speed and accuracy. provides, but also
reduces the size of the model. Detection speed and
accuracy are very important in the task of tra�c
�ow detection on roads, and the compact size of
the model also determines its inference e�ciency in
resource-poor peripheral devices.

Second, YOLOv5 used a path aggregation
network (PANet) to enhance information �ow [7].
PANet adopts a new feature pyramid network
(FPN) structure with an improved bottom-up path
that improves the propagation of low-level features.

Third, the YOLOv5 head, the YOLO layer,
generates feature maps of 3 di�erent sizes (18× 18,
36 × 36, 72 × 72) to achieve multiscale prediction,
which allows the model to handle small, medium,
and large object sizes [4].

Here:
� Cross Stage Partial Network (CSP) - cross
stage partial network;

� Spatial Pyramid Pooling (SPP) - spatial pyra-
mid pooling;

� Convolution Layer (Conv) - convolution (slid-
ing) layer;

� Concatenate Function (Concat) - function of
combining.

Figure 1 � Yolov5 network architecture

DeepSORT algorithm workflow

Taking into account what Kalman �lter and
Mahalanobis distance are given above, we will try
to explain the working process of DeepSORT algo-
rithm. DeepSORT technology combines these two
concepts to transfer information from one frame to
another and adds a new metric called appearance.
In the �rst step, the position, size, and class of a
single bounding box are determined using object
detection. Then, in principle, the Hungarian algo-
rithm (Hungersky algorithm) can be applied to as-
sociate previously known objects with object iden-
ti�ers previously in the frame and observed using
Kalman �lters. As a result, everything works per-
fectly as in the original SORT.

II. Conducted experiments and obtained
results

Below, using YOLOv5 and DeepSORT algo-
rithms mentioned above, the movement of cars on
the roads was determined and exactly how many

and what type of vehicles passed through a certain
part of the road during the speci�ed time. and good
results were recorded. Based on the obtained re-
sults, the stages of the algorithm execution are pre-
sented as examples in the form of an image clipped
from the video:

Figure 2 � Samples of the results obtained on the basis
of the experiment

Conclusion

This article describes the process of identify-
ing vehicles moving on the road using the YOLOv5
and DeepSORT algorithms, as well as the algorithm
for tracking and counting their movements. Experi-
mental results based on video images obtained from
a CCTV device installed in a designated area have
shown that this algorithm performs very well in real
time. In particular, DeepSORT's ability to remem-
ber an object by its appearance and track it through
these features is a very e�ective method, as this was
not available using the SORT algorithm itself un-
til now. The proposed algorithm can be considered
as an e�ective method for the algorithm because it
consumes less resources in the calculation process
and there is no need to train the model.
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