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Abstract 

This study deals with the problem of rea-time obtaining quality data on the road 

traffic parameters based on the surveillance camera data. The purpose of the paper 

is to develop a system to collect data on the traffic flow structure and to determine 

the traffic flow speed and direction in real-time. Our solution is based on the use of 

the YOLOv3 neural network architecture and open-source tracker SORT. To 

increase the accuracy of detection and classification, we used multi-scale prediction 

with an increased number of anchors. To determine the speed, we used a matrix of 

the perspective transformation of the source image to geographical coordinates. To 

train the neural network, we marked over 6,000 images and performed 

augmentation, which allowed us to increase the dataset to 60,000 images. Checking 

the system at night and in the day showed an absolute percentage accuracy of 

counting vehicles of no less than 92%. The error in determining the vehicle speed 

by the projection method, taking into account the camera calibration, did not exceed 

2.74 m/s. The presented study allows us to generate big data for the intelligent 

transport systems decision-making system in real-time and to lower the requirements 

for peripheral equipment.  

https://www.researchsquare.com/article/rs-26976/v1
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Introduction 

In the conditions of infrastructural restrictions of cities and budget deficits, road 

network capacity can be effectively increased by introducing intelligent transport 

systems (ITS). ITS allow us to analyze and improve the efficiency of the road 

transport infrastructure, transport and performance indicators of traffic. The 

introduction of ITS influences the improvement of road safety while reducing traffic 

congestion and environmental impact.  

The basis of ITS is big data, which should be obtained, interpreted, and used 

in real-time. In this context, the most important task in studying transport systems, 

as a science, is the development of information collection technologies and standards 

through the use of existing communication networks based on the application of 

modern data analytics.  

We propose a method based on the use of the deeply trained YOLOv3 neural 

network for the real-time detection and calculation of traffic flow parameters.  

The paper is structured as follows. First, related works regarding the road 

traffic parameters based on the surveillance camera data are reviewed. Then a 

training dataset, the architecture of the neural network, the results of the neural 

network (recognition and classification of vehicles), as well as the necessary metrics 

are described. Also the calculated indicators: speed and counting of vehicles in all 

directions of a road junction is obtained. Finally, a packaged solution is provided. 
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Related work 

Artificial neural networks have proven themselves in the development of methods 

and technologies for monitoring road traffic and diagnosing the effectiveness of 

using the road transport infrastructure. Currently, many cities have video 

surveillance systems, which include cameras with different resolutions and fixed 

frame rates [1]. Such systems operate on a 24/7 basis and generate a massive amount 

of information. Among other applications, this data can serve as a database for an 

automated traffic monitoring system. Some of the representative works [2] and [3] 

use low-resolution video surveillance system data and deep neural networks to count 

vehicles on the road and estimated traffic density. Examples of using conventional 

machine vision methods are systems developed in [4, 5], which analyzed the 

problems of freight traffic. To detect a vehicle, most modern works discuss the 

adaptation and improvement of modern detection systems, such as R-CNN [6], 

YOLO [7], and SSD [8]. This includes architectural innovations solving the 

problems of scale sensitivity [9], vehicle classification [10, 11, 12], and increasing 

the speed and accuracy of the detection methods [13, 14]. Improving the detection 

rate [15], temporary information is also used for joint detection and tracking of 

objects [16, 17, 18].  

The existing solutions in the problems of real-time vehicle detection and 

classification require large computing capabilities and place strict requirements for 

the installation location and camera performance. 

Methodology 
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In this article, we describe a system for real-time determining the intensity and 

structure of traffic flows, i.e., the system should classify vehicles and calculate their 

movement directions and speeds. To achieve this objective, we divide the problem 

into four sub-tasks: vehicle detection and classification, vehicle tracking, 

determining the movement direction and calculating the vehicle speed. This 

approach leads to an easy-to-test modular architecture. In the following sections, we 

will describe each module in detail, together with the data collected for training. 

Detection and classification of vehicles 

Neural network architecture 

We chose the YOLOv3 neural network based on CNN for object detection and 

classification. An important feature of this architecture is that ultra-precise layers are 

applied to the image once, as opposed to such architectures as R-CNN [19, 20, 21] 

and Fast R-CNN [22], which gives a multiple increase in the image processing speed 

without significant accuracy losses: one image is processed through the use of 

YOLO 1000 times faster than through the use of R-CNN, and 100 times faster than 

through the use of Fast R-CNN [23]. The architecture of the YOLOv3 neural 

network is shown in Fig. 1.  
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 Fig.1 The YOLO v3 network architecture 

 
This neural network consists of 106 layers. In addition to the use of ultra-

precise layers, its architecture also contains residual levels [24], layers with 

increased discretization and passed connections. CNN takes the image as input data 

and returns a tensor (Fig. 2), which represents: 

• coordinates and positions of the predicted bounding boxes, which should contain 

the objects; 

• the probability that each bounding box contains an object; 

• the probability that each object within its bounding box belongs to a certain class. 
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Fig. 2 Output tensor 

 

Data preparation and training 

We have access to several Intersvyaz cameras in the city of Chelyabinsk, as well as 

to the camera of the administration of the city of Tyumen. Most of the cameras are 

mounted high above main intersection to provide a general overview of the traffic 

situation. These cameras ensure steady 25 frames per second and support a 

resolution of 1920×1080 pixels. However, the video stream is not perfect because of 

compression artifacts, erosion, bad weather conditions, and hardware errors, which 

prevent the detection and classification of vehicles, as well as the determination of 

speed indicators through the use of the existing methods [25]. 

We collected and tagged frames of video streams from 7 cameras of various 

road junctions as the data for training the neural network. As a result, we obtained 

about 430,000 vehicle objects. The indexation of the classes and their corresponding 

colors further used to display the detection results are presented in Table 1. 

The input data are presented as follows: a JPG or PNG image and a text file with 

marking: 
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Fig. 3 The input data 
 

In Fig 3. i is the object number; n is the number of objects in the image; Ci is 

the index of the class of the i-th object; Xi, Yi are the coordinates of the center of the 

rectangle containing the object; Wi, Hi are the width and height of the rectangle 

containing the object. 

The parameters Xi, Yi, Wi, Hi are recorded in relative values of the image size 

( [ ]1;0∈iiii HWYX ). 

Table 1 Indexation of the classes and their corresponding colors 

Index Class Color 

0 car yellow 

1 mini bus blue 

2 bus brown 

3 truck red  

4 tram pink 

5 trolleybus green 

For better training of the neural network, we expanded the dataset by applying 

augmentation, which increased the dataset by 10 times. For augmentation, we 

applied the following transformations in various combinations: horizontal display; 

affine and perspective transformations; noise overlay; color distortion. The final 
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dataset amounted to 4.3 million objects. The distribution of objects of each class in 

the training sample is presented in Table 2. 

Table 2 Distribution of vehicle classes in the training sample 

Class Number of objects Relation to the total number 

car 3,518,370 81.8% 

mini bus 228,810 5.3% 

bus 163,430 3.8% 

truck 184,520 4.2% 

tram 91,540 2.1% 

trolleybus 112,690 2.6% 
 

We divided the dataset into training and validation samples in the ratio of 

80/20% and started training for 20,000 iterations with an increment of 0.001. The 

batch size per one iteration was 64 images, which was divided into 16 units during 

training to run several images at once. 

The results of training the neural network 

Assessment of the neural network accuracy  

One of the methods for assessing the accuracy of the classifier is the assessment 

through the use of precision and recall metrics [26]. Precision is the proportion of 

objects belonging to this class for all the objects assigned to this class by the neural 

networks (NN). 

Recall is the proportion of objects belonging to the class found by the 

classifier for all the objects of this class in the test sample. 
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Table 3 contains the information on how many times the system made true 

and false decisions on the objects of this class. Namely: 

● TP - true-positive decision; 

● TN - true-negative decision; 

● FP - false-positive decision; 

● FN - false-negative decision. 

Table 3 Confusion matrix 
 

 True values 

True 

 

 

False 

 

NN response 

True True Positive False Positive 

False False Negative True Negative 

Precision and recall are calculated as follows: 

FPTP
TPprecision
+

=        (1) 

FNTP
TPrecall
+

=         (2) 

Based on the aforesaid formulas (1-2), we compiled a confusion matrix (Fig. 

4) and calculated the precision and recall of determining six classes of vehicles 

(Table 4). 
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Fig. 4 Confusion matrix obtained as a result of testing the trained model 

Table 4 Precision and recall indicators of the trained neural network 

Class Precision Recall 

car 0.96 0.98 

mini bus 0.79 0.8 

bus 0.89 0.79 

truck 0.78 0.65 

tram 0.92 0.95 

trolleybus 0.72 0.7 
 
F-measure 

F-measure is a harmonic mean between precision and recall. The higher the recall 

and precision, the better; however, in reality, these metrics cannot simultaneously 

reach maximum performance indicators; therefore, we should search for a balance. 

To this end, the F-measure is used. 
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callecision
callecisionF

RePr
RePr2

+
×

×=        (3) 

Formula (3) gives the same weight to the precision and recall and reduces 

them to one number, so the F-measure will fall equally with a decrease of the 

precision and recall (Table 5). 

Table 5 F-measure of the trained model 

Class F-measure 

car 0.97 

mini bus 0.79 

bus 0.84 

truck 0.71 

tram 0.93 

trolleybus 0.71 
 

Calculated indicators 

The average vehicle speed 

Elimination of the camera distortion  

Modern cameras are imperfect - they distort the image, changing the size, shape, and 

distances of objects. In our case, the image transmitted from the camera is subject to 

distortion. To determine accurately the coordinates of objects, we should eliminate 

the distortion by calibrating the camera. The easiest method of calibration is to use 

a spatial test object, such as a checkerboard [27], as shown in Fig. 5. 
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Fig. 5 Demonstration of correcting the image distortion through the use of a 

checkerboard  
 

Fig. 6 shows the source images and images after the calibration was applied. 

Source images Images after the calibration 

  

  

 
Fig. 6 Source and corrected camera images 

Calculation of the distance 

To calculate distance traveled, we must find the change in the latitude and longitude 

of the vehicle’s location over a certain time interval using the change of coordinates 
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in the camera image. To solve this problem, we calculated the perspective 

transformation matrix (4) by selecting four reference points in the map and 

comparing the corresponding points in the image (Fig. 7).  

 
Fig. 7 Reference points in the image 
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where A is the transformation matrix; xi, yi are the pixel coordinates in the image; x’i, 

y’i are the latitude and longitude of the point. 

To calculate the distance between two points, we used the inverse haversine 

formula, which is explicitly expressed through the arcsine [28]: 
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where dist is the measured distance; φi, λi are the latitude and longitude of the i-th 

point; r is the radius of the earth (r= 6371 km). 

Now, to calculate the average speed, we apply the following formula: 

12 tt
distv
−

=          (6) 

where t1, t2 are the time of the beginning and end of movement at a distance. 
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Let us theoretically assess the error in calculating the distance in this way. 

There is an error in calculating the real coordinates using the projection of the pixel 

map because the region transmitted by one pixel on the frame has some nonzero area 

(Fig. 8). 

 
Fig. 8 The region transmitted by one pixel 

To get an upper estimate of this area, taking into account the perspective, we 

took the region of the pixels used to transmit the farthest part of the road (Fig. 9). 

The actual size of this distance is 88.5m; in the image, this segment is transmitted 

by 91px. 

 

Fig. 9 The distance transmitted by pixels 
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Thus, one pixel covers a region 0.97 m long; taking this region as a square, 

we can estimate the maximum point projection error within this region of 1.37m. 

Given this error (Fig. 10), the error in determining the distance does not exceed 

2.74 m: 

74.2m37.122 =×=≤− erdist m 

where 𝑟𝑟 is the real distance; 𝑒𝑒 is the error of calculating the coordinates of one 

point. 

 
Fig. 10. Distance measuring error 

Counting the vehicles 

To count vehicles at a given intersection, we identified the zones in which the 

vehicles are counted (Fig. 11). We determined the point of origin of the vehicles, 

their direction of travel, and the vehicle class. 
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Fig. 11 An image with an applied mask and visualization of the areas of the 
vehicles’ entry and exit from the intersection indicated red and blue, 
respectively 
 

So that the neural network did not recognize vehicles outside the road, we 

apply a mask to each frame, painting the unnecessary areas white. To assess the 

accuracy of counting the vehicles, we created 4 15-minute video fragments at 

different times of the day and compared the real amount of vehicles with the result 

of our software for each direction. 

  

  

Fig. 12 A comparison of the system’s counting the vehicles 

Fig. 12 contains the following graphs: blue is the real number of vehicles, red is the 

result of counting the vehicles by our system. As we can see, the maximum counting 

error is five vehicles per minute at the total number of vehicles averaging 64. Thus, 

the absolute error percentage does not exceed 0.08%. 
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Results and discussion 

Software solution 

Fig. 13 shows a diagram of our developed system. The system includes the following 

sequence of processes:  

• frames reading (Process 1); 

• detection and classification of vehicles from the current frame (Process 2); 

• vehicle tracking and counting in all directions of the road junction (Process 3); 

• calculation of the latitude and longitude of the vehicle location (Process 4); 

• calculation of vehicle speeds (Process 5); 

• calculation of metrics related to the amount of harmful substances emitted by 

each vehicle (Process 6). 

 
Fig. 13 System workflow 

Used technologies 

We used the following technologies for the software implementation of the 

presented architecture: 
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1. OpenCV is an open-source library designed to work with computer vision 

algorithms, image processing and general-purpose numerical algorithms. We used 

this library to perform the following tasks: 

a. Resizing an image and applying a mask to it; 

b. Setting and displaying of entry and exit areas, as well as determining the 

presence of vehicles in said areas; 

c. Camera calibration and elimination of distortion; 

d. Use of the perspective transformation matrix and determining the length of the 

distance; 

e. Data visualization.  

2. Sort is an open-source library for 2D tracking of several objects in video 

sequences based on the elementary data association and state estimation methods. 

We used it to track vehicles in the video stream. 

3. Redis is a resident open-source NoSQL-class database management system. 

We used it to store intermediate results of the modules. 

4. RabbitMQ is a software message broker based on the AMQP standard. We 

used it to organize a data queue for transferring to a web page. 

5. PostgreSQL is a free object-relational database management system. To 

compile statistics and calculate various metrics, such as KPI and daily flow structure, 

we aggregate and save the received data in a database every hour. 

Conclusion 

In this study, we focused on the problem of obtaining high-quality data on 

road traffic based on the video stream from closed-circuit television (CCTV) 
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cameras. This task is made more difficult by the presence of different viewing 

angles, the long distance between the intersection and the camera, and overlapping 

of objects. We used multi-scale prediction in the architecture of the YOLOv3 neural 

network to improve the accuracy of detecting and classifying objects of different 

sizes and modified the SORT tracker to improve the quality of object tracking. The 

method based on the use of the matrix of the perspective transformation of the source 

image to geographical coordinates allowed us to determine the speed with an 

absolute error of no more than 2.74m/s.  

To train the neural network, we performed augmentation of 6,000 source 

images, which allowed us to form a dataset of 4.3 million vehicles. The dataset was 

collected at 7 intersections, which allows us to use the trained neural network in 

various road sections with a comparable viewing angle and camera installation 

height. 

The proposed system was tested during the day and at night, showing the 

absolute accuracy of counting vehicles of no less than 92%. The error in determining 

the vehicle speed by the projection method, taking into account the calibration of the 

camera at the test intersection, did not exceed 2.74m/s. This solution can generate 

big data, which can be used in real-time decision-making systems. Within the 

framework of this study, we did not consider the solution of many problems such as 

overlapping of objects, more detailed classification of the vehicles, identification of 

accidents, and blocking objects. We consider our solution as the basis for further 

studies aimed at solving these problems. 
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