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Detection, identification, and automatic counting of vehicles using 
video surveillance cameras plays an important role in the field of 
intelligent transportation management. Despite the progress that 
researchers have made in these cases, its operational 
implementation still faces challenges such as "various 
environmental conditions", "unbalanced data sets", "accuracy" 
and "speed". Therefore, research can be useful in solving these 
issues. The proposed algorithm for detection, classification, and 
counting will be based on deep learning. In this research, after 
applying the proposed initial preprocessing algorithm, the YOLO 
algorithm was used to detect and classify vehicles. The DeepSORT 
algorithm was also used to track several vehicles simultaneously. 
For the accurate counting of vehicles, a developed method was 
also proposed to increase the processing accuracy. By applying the 
proposed pre-processing and counting techniques, the practical 
results showed that the "call" criterion in the video with detection 
at night challenge was increased to 99.18%.  
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Introduction 

Video surveillance cameras are one of the main elements in intelligent 

transportation systems and are currently installed in all streets, highways, 

offices, homes, and organizations. One area that uses surveillance cameras is 
Intelligent Transportation (ITS). Detecting the type of car and other vehicles in 

the video surveillance system has many applications such as traffic monitoring, 

traffic congestion estimation, and self-driving car management [1]. Due to the 

high volume of traffic data and their growing speed, as well as the diversity of 

traffic data, it is impossible to use human resources in the operations of collecting, 

storing, analyzing, processing, and extracting data. Therefore, it is necessary to 

use automatic intelligent systems in this field to make traffic management 

possible and increase the productivity of resources [2]. Intelligent transportation 

is a management and service system that pursues three main goals: (a) mobility 

or changeability which emphasizes the efficiency and performance of 

transportation systems, (b) sustainable transport which focuses on traffic safety 

and environmentally friendly development, (c) convenience which provides 

services to passengers [3]. Surveillance cameras collect image information in 

different lighting, atmospheric, and environmental conditions. It is noteworthy 

that the collection of image information is not the same and each one has different 

environmental, atmospheric[4] , and light conditions at different times, each of 

which is considered a challenge in its place. In other words, extracting 

information such as statistics of vehicles, classifying them into light and heavy, 

identifying license plates, and identifying logos, colors, and models [5] from this 

volume of image information is not an easy task. Therefore, having a robust and 

flexible detection, identification, and classification algorithm with correct 

accuracy and real-time speed to overcome all challenges is a serious and 

important need [6].  

Detection and recognition of vehicles are some of the most effective 

applications in machine vision, and it is divided into two categories: "previous 

methods" and "methods based on deep learning", which are briefly introduced 

below [7]. The detection algorithms before the deep learning method (prior 

methods) can be divided into three categories: (a) using background subtraction 

[8], (b) using continuous video  frame difference [9], and (c) using optical flow 

[10]. These approaches have good speed but with the change of light and 

environmental conditions, the presence of movement in the background or the 

camera, or if the scene is complex in terms of image, they do not provide good 

results. Researchers gradually turned their attention to Deep Convolutional 

Neural Networks (DCNN) because they can learn image features from low level 

to high level with greater resistance to light and environmental changes. With the 
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increase in computing power and image information, there are greater 

opportunities to develop object recognition based on deep convolutional neural 

networks [11]. In 2014, a new architecture called Regions with Convolutional 

Neural Networks RCNN [12] was proposed, which is a milestone in the 

application of deep convolutional neural networks for object detection. Thus far, 

deep neural networks have many types, including Faster R-CNN [13], RetinaNet 

[14], YOLOv3 [15], YOLOv4 [16], and Single Shot MultiBox Detector (SSD) [17]. 

Methods for detection and detecting objects on images based on deep learning 

are divided into two categories [11]: (a) two-stage algorithms and (b) one-stage 

algorithms. 

In general, two-stage algorithms have higher accuracy and lower speed than 

one-stage algorithms due to the volume of calculations. In recent years, one-step 

algorithms have achieved high accuracy by increasing the number of calculations 

and changes in the network Backbone and have replaced two-step algorithms. 

Algorithms for object detection and recognition based on deep learning generally 

consist of two parts "Backbone", which is usually a network pre-trained with data 

such as ImageNet, and "prediction" which is responsible for classification and 

border drawing [16]. In recent years, layers have been added between the 

backbone and prediction, which collect feature maps from different steps and is 

called the feature extraction step [16]. The diagnosis and statistical calculations 

related to vehicles are important applications of the intelligent transportation 

system and, as explained so far, face many challenges. In general, the vehicle 

detection process is as follows [18]. First, the image is received from the input of 

the video surveillance camera, and assuming a fixed angle of view of the camera 

and the location of the road surface in a certain part of the image, modeling such 

as the Gaussian mixture can be used in the first few frames of the video to extract 

the background. After extracting the background, this image is smoothed by tools 

such as the Gaussian filter, and algorithms such as Mean-Shift are used to make 

the color of the image uniform. Finally, morphological operations (hole filling) are 

used to extract the road surface more fully. 

In the next section Statement of the problem, innovation, and mention of goals, 

the challenge of real-time detection, recognition, and counting of three types of 

vehicles (Car, Bus, and Truck) are explained. In research methodology, the 

proposed method is discussed in detail. This is followed by presenting the 

experimental results which are the practical results on some benchmarks. The 

conclusions reached are expounded in the final section. 
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Statement of the problem, innovation, and mention of goals 

This research deals with the problem of detecting, classifying, and counting 

vehicles in video surveillance systems. In other words, it is used for the analysis 

and recovery of video data from video surveillance cameras on the roads in real-

time to extract knowledge. This knowledge includes information such as the 

statistics of the passage of vehicles with the separation of its direction (going or 

returning) and distinguishing the categories of vehicles into three categories: 

Cars, Buses, and Trucks from each other.  

Image data is received from the roads and these data are not the same in raw 

form and have different optical, atmospheric, and environmental differences. To 

improve the quality and restore the image in this research, a pre-processing stage 

is considered the first stage which includes the implementation of Contrast 

Limited Adaptive Histogram Equalization (CLAHE) [19] used on video frames. 

Then, at this stage, the Gaussian filter [20] is used to remove the noise of these 

frames. 

In the second stage (detection, classification), the YOLOv4 algorithm is used 

for detection, detection, and classification. In the third stage (multiple object 

tracking), the DeepSORT tracker algorithm is used to detect the direction of 

movement of various types of vehicles. Finally, in the fourth stage (counting), 

three indicator lines were proposed to be used, and if the vehicle passes all three 

indicator lines, the counter process will be done. These three indicator lines, with 

the possibility of setting the position and angle in the area of 0.6, perform the act 

of counting by separating the categories of vehicles and their direction of 

movement on the road. Figure 1 depicts the proposed algorithm.  
 

Pre-processing
Detection and 

Classification

Object 

tracking
Counting

Gaussian filter YOLOv4 DeepSORT

Tracking and 

counting 

vehicles

CLAHE

OutputInput Image

Figure 1. Block diagram of the proposed method. 
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Research Methodology 
The proposed method of this research aimed to create an intelligent 

monitoring system by obtaining accurate statistics of the traffic flow by 

separating the category and the direction of movement of vehicles on the roads. 

This method, whose outline process is shown in Figure 1, includes three steps. In 

the following section, each step is explained. 

Preprocessing: adaptive histogram with contrast restriction 
Histogram Equalization is an image enhancement method in which the 

dynamic range of the image is expanded. The dynamic range of the image is the 

difference between the lightest gray level of a point in the image and the darkest 

point in the image. The histogram equalization method creates a transformation 
function that changes the pixel values of the image in such a way that the 

histogram of the resulting image is as uniform as possible [21]. Adaptive 

histogram equalization was created, in which the image is divided into small 

(tiled) areas and each area is improved separately by histogram equalization. 

Image segmentation in adaptive histogram enhancement with contrast limitation 

is similar to the previous method, but with the difference that all areas of the 

image are not enhanced to the same extent, and adaptive enhancement is 

performed on different areas of the image [19]. 

Preprocessing: Gaussian filter 
Like any other signal, images can also have different types of noise, 

particularly when the data is collected from cameras with unfavorable 

atmospheric and lighting conditions; many methods have been proposed for 

image smoothing that helps reduce noise. In this research, a Gaussian filter was 

used to smooth the input image [21]. As can be observed in Figure 2, these two 

preprocessors can perform real-time performance with better optimization 

speed and quality . 
 

  
(b) After optimization (a) Before optimization 

Figure 2. Image (a), the original image, and image (b), the improved image . 
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Detection, identification, and classification 
In the current research, the YOLOv4 object detection algorithm was used; this 

algorithm with deep neural network architecture first performs detection, and 

then detection and classification and gives its output to the next step by drawing 

a rectangular border box. YOLOv4 algorithm is a new development on YOLOv3. 

Using the Darknet-53 technique, adding CSP, SPP, and PAN, and using the mosaic 

data augmentation method improved the performance of the YOLOv3 algorithm. 

In the input part, the YOLO algorithm divides the image into c × c cells as shown 

in Figure 3. Each cell is responsible for detecting a fixed number of objects 

concerning their center inside the cell. In the layers of this network of the 

existence of an object, three predictions with different border boxes and group 

probability are formed. After predicting a large number of objects in the image, 

YOLO first filters out the bins with a category score lower than the threshold rate 

[22] (Figure 4). Algorithm variables are explained below. 

 
Figure 3. Window formation of cells in 

multiples of 32 pixels, proposed bounding box 
coordinates, cells score [22]. 

Figure 4. Visual representation of IoU 

intersection on images [22] 

 

Evaluation parameters in research 
Average Precision (AP): A popular metric for measuring the accuracy of 

object detection algorithms such as Faster R-CNN, SSD, and YOLO. In other words, 

the average recognition accuracy of all classes of objects is still called Mean 
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Average Precision (mAP). The AP Calculates the average accuracy value for the 

recall value between 0 and 1.  

Precision: This variable measures how accurate the predictions are. That is, 

what percentage of the prediction is correct? 

Recall: This variable measures how well the positives are found. For instance, 

in a prediction, 80% of possible positive cases are found. Formula (1)-(3) refers 

to their mathematical definitions: 

(1) 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(2) 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(3) 𝐹1 = 2 ×
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

 
 

where TP denotes True positive, TN is True Negative, FP defines False positive, 

and FN is False negative. 
 

 
Figure 5. Drawing three indicator lines and identifying the best position for it. 

 

Tracking and counting vehicles 
At this stage, the Deep Simple Online and Realtime Tracking (DeepSORT) 

tracker algorithm was used [23]. A feature of this tracker is that it simultaneously 

tracks multiple objects in real-time. This algorithm uses the Kalman filter in the 

frame-to-frame communication image space, and the Hungarian method with the 

communication metric that measures the overlap of the border boxes; in other 
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words, in the framework of this algorithm, the Kalman filter is used to predict the 

movements of vehicles and the Hungarian optimization method is used to find 

the similarity of vehicles and their identification used in different frames. This 

simple approach has achieved good performance at high frame rates [23]. The act 

of counting in this research was carried out by drawing three parallel index lines 

with a distance of 12 pixels from each other in a specific position of the image, 

which can be shown in Figure 5. In the present research, the accuracy of counting 

was found to be directly related to considering these lines in different areas of the 

image. In other words, the placement of these lines completely depends on the 

distance, height and angle of view of the camera on the road.   

Experimental results 

The results of the detection evaluation of the proposed method with the 

YOLOv4 object recognition algorithm on three test videos based on the MS COCO 

dataset and a dataset from Vietnam are provided in Table 1. As a result of testing 

these three videos and comparing them, it was discovered that the weights of the 

MS COCO data set compared to the Vietnam data set have high resistance and 

accuracy under different lighting and environmental conditions. In this proposed 

method, vehicles were detected during the day when the vehicle category score 

reaches more than 75% and at night when it reaches more than 50%. The 

Vietnam dataset consisted of 15,396 and 33,874 images from two different 

lighting conditions, day and night, respectively. 

Table 1. Identification results of YOLOv3 and YOLOv4 algorithms on different datasets. 
Dataset Algorithm Results (mAP) Reference 

MS COCO 

YOLOv3 57.9% [15] 

YOLOv4 64.95% [16] 

YOLOv4 99.4% (for 5 classes) [24] 

DETRAC 
YOLOv4 67.7% [25] 

YOLOv4 64.51% [26] 

DAWN YOLOv3 

mAP values in the conditions of heavy 

snow, rain, sand, and fog are 50.33%, 

45.50%, 41.65%, and 38.95%, 

respectively 

[27] 

The dataset 

proposed in 

[18] 

YOLOv3 88.87% on IoU71.32 [18] 

The dataset 

proposed in 

[28] 

YOLOv4 95.26% [28] 

MS COCO YOLOv4 96.83% Proposed 
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GF+CLAHE+YOLOv4 99.18% 

 

By observing the performance results of the methods introduced in Table 1, it 

can be concluded that the YOLOv4 algorithm with the changes in the spine, neck, 

and head by the researchers demonstrated excellent results compared to 

YOLOv3 and under adverse weather, optical, and environmental conditions 

showed highly favorable flexibility compared to other object detection and 

identification algorithms. Finally, the classification of vehicles with the help of the 

YOLOv4 algorithm was better than other algorithms. Different environmental 

conditions and light and unbalanced data sets were important factors that 

reduced the algorithm's accuracy. However, it is possible to enhance the dataset 

to a great extent by using various techniques of rotation, cutting, and flipping on 

the image, as well as fragmented samples of objects. In other words, the vehicle 

detection, classification, and tracking algorithm seriously need a dataset that 

includes a large number of images of each category under different lighting and 

environmental conditions in complex environments . 

Conclusion 

The current research presents an algorithm for detecting, classifying, and 

counting vehicles using surveillance cameras based on deep learning algorithms. 

A method consisting of four steps for achieving accurate statistics of vehicles 

crossing the road was proposed: (a) Contrast enhancement and image 

enhancement algorithms using CLAHE and GF which improved the results by 

2.43%; (b) Detection and classification of vehicles using the YOLOv4 object 

recognition algorithm with the spine and neck parts enhancement according to 

the available hardware equipment which could overcome some critical 

challenges, especially on low illumination challenges; (c) The DeepSORT tracker 

algorithm was used to simultaneously track multiple objects in real-time and 

detect the direction of movement of all three types of vehicles; (d) In the fourth 

stage, (counting) using three index lines with the possibility of setting the 

position and angle in the area of 0.6 of the images, the act of counting was carried 

out by separating the categories of vehicles and their direction of movement 

(commuting) on the road. Average precision (Ap) of 99.18% was obtained which 

was better than many state-of-the-art methods.  
It is noteworthy that solving some of the challenges discussed in the research, 

such as complete blockage and challenges created due to excessive increase in 

vehicles, might not be possible simply by using fixed surveillance cameras. It 

appears that the machine vision method alone cannot be relied on and it is vital 

to take advantage of other features that can be extracted from other sensors to 

reach the final goal of intelligent transportation management. In future research, 
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it is recommended that other methods of improving input images (pre-

processing step) and new releases of the YOLO object detection algorithm are 

used to achieve better accuracy. 
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