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ABSTRACT 

The world’s population is growing; as a result, the number of vehicles on the road 

is increasing tremendously daily, which leads to heavy traffic. It is a hard task to 

manage and monitor the traffic moments. Traffic monitoring is essential for 

preventing accidents on roads.  

 

There is a need for a model which can monitor, detect, and classify vehicles. 

Counting the number of vehicles also plays a crucial role in the traffic moments, as 

it helps the authorities to avoid traffic jams and accidents due to heavy traffic. 

Detection and classification of vehicles are the two most challenging tasks of a 

video-based intelligent transportation system.  

 

Traditional detection and classification methods are computationally highly 

expensive and become unsuccessful in many cases, such as collisions among 

vehicles and when differences between pixel intensities of vehicles and 

backgrounds are small. There are several applications of vehicle classification and 

detection, including traffic monitoring, surveillance, and parking lot management. 

In traffic monitoring, vehicle classification and detection can be used to monitor the 

flow of traffic and identify congestion points. In parking lot management, it can be 

used to count the number of vehicles entering and leaving the parking lot, and to 

identify parking violations. 

 

This project presents a way to detect vehicles, classify them by using image 

processing techniques like OpenCV, and YOLO This process of detection of 

vehicles is divided into several parts: 1) Data Collection, 2) Data Preprocessing  

 3) Detecting of the vehicles, 4) Classifying the type of vehicles, 5) Counting of the 

vehicles, 6) Display the output. The classification of vehicles is done by the size of 

the object detected by the algorithm. 
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CHAPTER 1 

INTRODUCTION 

 

The number of vehicles has increased tremendously over the past few years. 

Vehicle detection and counting are becoming increasingly important in the field of 

intelligent highway management systems. A vehicle detection system is an 

application of an object detection system in which the primary focus is on tracking 

the vehicle using its coordinates in images or videos. The efficiency and accuracy 

of vehicle detection plays a vital role in traffic management systems. Video 

surveillance systems have long been in use to monitor security-sensitive areas. With 

the proper installation of traffic surveillance cameras, vast data of traffic video 

footage has been obtained for analysis. Detection and tracking of vehicles using the 

traffic surveillance system give a more promising way to manage and control road 

traffic. Due to the different sizes of vehicles, their detection remains a challenge that 

directly affects the accuracy of vehicle count. Vehicle detection is still an important 

challenge in computer vision. The research of intelligent transportation systems is 

very important to ensure the smoothness and safety of roads. Nowadays, Object 

detection is being deployed across various industries. The use cases range from 

video surveillance to sports broadcasting to robot navigation. The traditional 

methods of vehicle detection and classification did not give as good results as 

expected. Due to advancement in technology, various machine learning and deep 

learning algorithms like computer vision are introduced, which efficiently detects 

objects and improves the accuracy of the detection of the models. Several sub-tasks 

are needed to perform this project, such as object detection, counting the number 

of objects, finding the relative size of the objects, or finding the relative distance 

between the objects. 

It is challenging for some individuals to record all the vehicles with them because 

the cars pass by in real-time. It’s not like when one is watching the video, and they 

can pause it and have a note of it, so to remove this limitation, this application can 

be very well-versed to attain time-saving quality and be automated.  Vehicle 

detection systems can keep track of individual vehicles and overcome the 

challenges of the inability to locate them in images collected from a moving platform. 
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First, the moving vehicles are detected in the frames of the video sequence by 

combining some deep learning and object detection techniques. Vehicle 

classification is a very important process in traffic management systems. Outcomes 

of the vehicle classification can be used for different aims, such as reporting and 

statistical analysis. Detecting the number of vehicles plays a vital role in traffic flow 

analysis for identifying traffic areas, and thereby, the traffic department can take 

necessary actions to decrease the accidents and reduce the traffic. Traffic flow 

analysis can be used for detecting traffic rule violators and thereby taking necessary 

actions leads to reducing the total number of accidents caused, and thereby the life 

of people can be saved. 

 

1.1 Area of Research 

 

Machine learning (ML) and Deep Learning (DL) investigate computer science 

algorithmic calculations that can work naturally through experience and data. It 

is part of artificial intelligence. Machine learning algorithms fabricate a model 

dependent on example data, known as “Training data,” to make predictions or 

decisions without programming for every application. Machine learning 

algorithms are utilized in various applications, such as medication, email sorting, 

speech recognition, and computer vision. Developing standard algorithms to 

perform the required tasks is troublesome or unworkable. A subset of machine 

learning is rigidly identified with computational statistics, which centers around 

making computer predictions, yet not all machine learning is statistical learning. 

The investigation of mathematical optimization conveys strategies, hypotheses, 

and application areas to the field of machine learning. Data mining is a related 

field of study, focusing on exploring data investigation through unsupervised 

learning. Some executions of machine learning use data and neural networks 

that impersonate the working of an actual brain. Machine learning is likewise 

referred to as proactive analysis in its application across business issues. 
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CHAPTER 2 

LITERATURE SURVEY 

This report focuses on constructing a traffic monitoring system for estimating traffic 

parameters, such as vehicle counting and classification. Vision-based vehicle 

detection and classification play an important role in real-time traffic management 

systems. Real-time vehicle detection in video streams relies heavily on image 

processing techniques, such as motion segmentation, edge detection, digital 

filtering, etc. The vehicle detection techniques developed by researchers have been 

given in this literature survey. 

Ali Tourani and Asadollah Shahbahrami, [3] presented a Vehicle Counting Method 

Based on Digital Image Processing Algorithms to estimate important traffic 

parameters from video sequences using video. They introduced a new “linearity” 

feature in vehicle representation. This method is different from traditional methods, 

and it detects vehicles with good accuracy. The programming language they used 

is C++, which doesn’t have all the necessary libraries compared to Python, and 

there is mention of speed estimation and nighttime evaluation, and there is no 

masking method used for detecting shadows in the traffic video. These Problems 

can be solved by using backgroundSubractorMOG2(), which efficiently detects 

shadows. 

Amit Kumar, Mansour H. Assaf, Sunil R. Das, Satyendra N. Biswas, Emil M. Petriu, 

and Voicu Groza [4] presented an Image Processing Based System for the 

Classification of Vehicles for Parking Purposes where they only detected the type 

of vehicle that is being parked, and there is no mention of vehicle counting, speed 

estimation, and they used MATLAB for image processing, and the technique they 

used is different from other traditional approaches, and the accuracy is 

comparatively low, and the detection of a class of vehicles of this system is limited 

to images as the real-world data is of the form is of video form, so there are many 

more advanced techniques for object detection. 

S. Kul, S. Eken, and A. Sayer [14] presented Distributed and collaborative real-time 
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vehicle detection and classification over the video streams, which is based on 

detecting vehicles and classifying them, and they have used 

BackgroundsubtractorMOG2() for the elimination of shadows till some extent. The 

Algorithms they used are ANN, SVM, and AdaBoost for the Classification of vehicles 

they are pretty much good algorithms that can better classify and detect them, like 

YOLO, R-CNN, CNN, LSTM, and many more, and there is no mention of detecting 

the speed of the vehicle and counting them. 

Pandu Ranga, H.T; Ravi Kiran, M; Raja Shekar, S; Naveen Kumar [12] proposed 

Vehicle Detection and Classification based on Morphological Technique which can 

detect, classify, and count the number of vehicles using image thresholding 

techniques without any masking method and this methodology was good of 

detecting the specific size of vehicles as they are using vertical edge detection 

method for identifying the vehicles. And there is no mention of speed detection, and 

this system was limited to images and cannot be further extended by this 

methodology. 

Jyotsna Tripathi, Kavita Chaudhary, Akanksha Joshi, and Prof. J B Jawale [9] 

proposed an Automatic Vehicle Counting and Classification to detect and classify 

the vehicles the algorithms used Adaptive Background subtraction for background 

elimination and Color Based Classification for detecting and classification of 

vehicles. This model can classify vehicles like small, medium, and heavy, not 

identify the type of vehicles. There is no mention of speed estimation and nighttime 

data, and accuracy is not that good as the methodology was a little bit outdated and 

much more efficient algorithms are available. 

A.H.S. Lai, G.S.K. Fung, N.H.C. Yung [2] proposed Classification of Vehicles from 

Video Using Multiple Time-Spatial Images,” which is used to detect and classify 

them accordingly and used background subtractor for detecting the shadows. A new 

method, MVDL-based detection, was used for detection and classification 

accordingly, this methodology was used to distinguish the correspondence of 

vehicles, and there is no mention of speed detection and nighttime data, and the 

KNN algorithm is not an efficient algorithm to classify the vehicles. 
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Zhao, R.; Wang, X [15] Proposed Counting Vehicles from Semantic Regions, 

Intelligent Transportation which is used for counting the vehicles. Their methodology 

is based on tracking and clustering feature points, and a traffic scene is segmented 

into local regions and then processed. By counting vehicles on each path 

separately, it breaks the challenging problem into simpler problems. In extremely 

crowded scenes, vehicles are not perfectly located and detected. In extremely 

crowded scenes, vehicles on adjacent lanes may be very close in space and move 

side by side at the same speed. It poses difficulty in trajectory clustering. This 

problem can be alleviated to some extent by first excluding trajectories outside a 

lane before clustering. 

R. Gonzalez, R. E. Woods [13] proposed Vehicle Detection and Classification using 

Image processing. The vehicle is successfully detected from the video frames. The 

counter works with high accuracy in daylight situations however accuracy decreases 

if lighting conditions are not good. The centroid for each car that is traced is 

detected, the classification of vehicles is restricted, and the classification is restricted 

to a few classes. BackgroundSubtractorMOG2() is used to extract the frames and 

detect the shadows. 

Prem Kumar Bhaskar Suet-Peng Yon [11] proposed the Image Processing Based 

Vehicle Detection and Tracking Method. They developed a unique algorithm for 

vehicle data recognition and tracking using the Gaussian mixture model and blob 

detection methods. They differentiated the foreground from the background in 

frames by learning the background. The foreground detector detects the object, and 

a binary computation defines rectangular regions around every detected object. To 

detect the moving object correctly and to remove the noise, some morphological 

operations have been applied to improve the performance of the model, and 

thereby, detection has become an easy part and perfect. 

 

 

 



   
                                                                       6 
 
 
 

2.1 INFERENCES FROM LITERATURE SURVEY 

[3] The methodology that is used is not that efficient, and the accuracy is that good, 

and python and its integrated libraries make object detection and image processing 

faster and more efficient and faster while compared to C++. There is no mention of 

nighttime vehicles, and speed estimation here; the number of frames is limited to 29 

frames per second, and the resolution is limited to 960*540. 

[4] The methodology they used was not as efficient as new methodologies came 

into existence, and it is limited to images and cannot be further extended by using 

the same methodology MATLAB is used for image processing limited to detecting 

the specific vehicles, and classification is also restricted to certain futures only. 

[14] The process that they developed is not applicable for real-time detections 

because of scalability and performance problems.  Since Video data is 

streaming data and is very large in size, the processing of data is quite difficult, so 

they have not done these for real-time object detection functionalities and no 

background noise is removed for the perfection of accuracy. 

[12] The algorithm they proposed is based on different techniques, including image 

differencing, thresholding, edge detection, and binary morphological process. To 

reduce the noise in an output image multiple thresholding, they performed with 

different thresholding values. No masking methodology was used for detecting the 

shadows. 

[9] They used Adaptive Background Subtraction Color Based Classification for 

detecting and classifying the vehicles. This Single system provides multiple domain 

outputs. Tracking criminal vehicles with the help of color and type of vehicle. More 

work is needed to reduce occlusions. Only classify the vehicles like small, medium, 

and heavy, not identify the type of vehicles. There are many more advanced 

algorithms for identifying and classification of objects which give more performance 

compared to this methodology. 

[2] A new method, MVDL-based detection, was used for the detection and 

classification of them accordingly. TSI methodology was used to distinguish the 
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correspondence of vehicles, and there is no mention of speed detection and 

nighttime data, and the KNN algorithm is not an efficient algorithm to classify the 

vehicles. 

[15] Their methodology breaks the problem into simpler problems, which count 

vehicles on each path separately. The model of each path and its source and sink 

add strong regularization on the motion and the sizes of vehicles and can thus 

significantly improve the accuracy of vehicle counting. This approach has some 

limitations and can be improved in several aspects. A semantic region could be 

detected if pedestrians frequently walk through a zebra crossing. Pedestrian paths 

and vehicle paths can be distinguished by simple human intervention or the 

distributions of object sizes and speed along the paths. 

[13] The approach they used to detect the vehicles is pretty much good, and they 

also mentioned their research on nighttime data and their analysis of night and 

daytime analysis was mentioned and then can be further extended by adding some 

features to it like adding estimation of speed and adding some more features for 

selection methods. The number of classes of prediction can also be extended by 

using YOLO pretrained algorithm. 

[11] The methodology they used is quite interesting and impressive, and they used 

noise elimination methods to improve the accuracy of the model feature extraction 

methodologies are also performed to detect necessary features and vehicle data 

recognition and tracking using the Gaussian mixture model and blob detection 

methods are used to identify the vehicles and classify them, and there is no mention 

of speed estimation. 

2.2 OPEN PROBLEMS IN THE EXISTING SYSTEM 

The main problems in the existing system are mainly the model’s accuracy and not 

using advanced deep learning frameworks that efficiently detect and classify them 

as per their classes. The classification of a few models is limited to few classes only, 

but there can be a further extension of classes for classification of vehicles, and the 

majority of researchers have done detection on images as the real-world data is of 
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the video format, so it can’t be used for solving real-world problems to monitor the 

traffic flow analysis the researchers have not much concentrated on removing the 

noise from the traffic video to improve the accuracy of detection of vehicles. The 

algorithms like KNN, SVM, and AdaBoost like algorithms are used for the detection 

of objects and classifying them, but there are pretty good algorithms like R-CNN, 

YOLO, and LSTM, and many more performance of can be used to detect the classes 

of vehicles and the accuracy during night time data is not that accurate, many 

researchers had not concentrated on the speed of vehicles which plays a vital role 

for identifying the traffic rule violators, and there are many more advancements in 

technology which improves the performance the model. This project aims to solve a 

few problems in the existing system by using various deep learning and machine 

learning methodologies which can be used for monitoring traffic. 
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CHAPTER 3 

REQUIREMENT ANALYSIS 

3.1   RISK ANALYSIS OF THE PROJECT 

 

This study of detecting the type of vehicles, calculating the vehicle count, has raised 

many questions. Collecting the proper traffic video was an essential task for the 

project. After obtaining the video removing the noise from the video played a crucial 

role as it affects the model’s accuracy. By using BackgroundSubtratorKNN () 

method, the noise in the video can be removed. Resolving all the above issues was 

a tough task. As soon as the issues were resolved, it was observed that the model 

was detecting the shadows of vehicles which had led to detect multiple images at a 

time, which would later disturb the count of the vehicles when calculated for 

removing the shadows BackgroundSubtratorMOG2() method is used. The noise 

and shadows of the vehicles are cleaned at a nice rate. Adjusting the frames for 

objects(vehicles) that were not being well detected by the 

BackgroundSubtratorMOG2() is resolved by using YOLO (You Only Look Once) 

algorithm. YOLO is one of the most efficient algorithms in the field of object detection 

as the name suggests, it takes the whole input once, and in one forward pass, it 

gives us the predictions with the help of a pre-trained dataset called coco. The YOLO 

algorithm can take every image from the video and classifies them according to their 

respective classes. Although YOLO is faster it takes lots of computational resources 

to train and develop the model. Adjusting the imaginary line for counting the vehicles 

was tough. The proper determining of the imaginary line is important as this line is 

used to count the number of vehicles which is an important task in traffic monitoring. 

Integrating the Bytetrack with Deepsort will be another challenging task. After 

integration of those two algorithms, it should further integrate to YOLO model they 

have been developed it takes lots of computational resources to integrate them. 
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3.2 SOFTWARE REQUIREMENTS SPECIFICATION DOCUMENT 

3.2.1 INTRODUCTION 

3.2.1.1 Purpose of this document 

The purpose of this document is to identify the essential requirements of the 

software and define the requirements to make sure the development is moving in 

the right path. 

3.2.1.2 Scope of this document 

This project’s main objective is to help the traffic department to understand the traffic 

flow analysis of a particular area. Vehicle detection, counting, and speed estimation 

help them to monitor and control the traffic. 

3.2.1.3 Overview 

Vehicle detection based on computer vision is an essential part of the smart traffic 

monitoring system based on computer vision is an essential part of the smart traffic 

monitoring system. Smart traffic and information systems require the collection of 

traffic data from respective sensors for the regulation of traffic. Surveillance cameras 

have been installed to monitor and control traffic in the last few years. Several 

studies have been carried out in video surveillance technologies using image 

processing techniques for traffic management. Video processing of traffic data 

obtained through surveillance cameras is an instance of applications for advanced 

cautioning or data extraction for real-time analysis of vehicles. To detect and classify 

the vehicles, YOLO V8 is one of the best choices because of its speed and accuracy 

as it is pre-trained on a custom dataset called the “coco dataset,” which consists of 

pre-trained labels, giving us more performance, which increases the accuracy of the 

model. 

3.2.2 General description 

There is a need for a smart traffic management system for controlling and 

understanding traffic flow analysis. Vehicle detection using deep learning can be 

carried out using various deep learning algorithms. YOLO is one of them. YOLO is 

fast and accurate. The YOLO algorithm uses neural networks to provide real-time 

object detection. This Smart traffic management system helps the traffic police to 

identify the vehicle count and speed of each individual vehicle so that they can keep 
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track of the number of vehicles and speed of every vehicle and find the number of 

vehicles that cross the specified speed limit set by them. 

3.2.3. Functional Requirements 

We are developing a deep learning model that can detect the vehicles and count 

the number of vehicles and estimate the speed of the vehicles. Functional 

Requirements of the smart traffic monitoring System are: 

1. Collecting the proper video consisting of vehicles. 

2. The Collected video can be used to pass as input to the model. 

3. The developed model needs to detect, count, and classify the vehicles 

accordingly. 

4. YOLO is an efficient algorithm to detect and classify them with the help of 

pre-trained weights. 

3.2.4. Performance Requirements 

With the help of Graphical Processing Units (GPUs), the processing power 

increases, and performance also increases. With the help of the YOLO algorithm, a 

pre-trained model can be used to improve the performance of the model. YOLO is 

famous because of its speed and accuracy. So, using the YOLO algorithm improves 

the model’s performance and gives good results. 

3.2.5. Design Constraints 

With the help of the software present, the system can detect only a few things like 

count and classifying the vehicles Smart Traffic monitoring system comes as a new 

system adding a few more additional features and improved accuracy, making an 

easy-to-use interface for people to use the software. 

3.2.6. Non-Functional Attributes 

The system must be designed so that background tasks can continue while the user 

performs foreground tasks. The response time of the model should be low. The 

system must give stability and the possibility to reuse the results in the future. 

The system must be working in real-time, which allows the users to view it 24/7. The 

system shall be able to be maintainable. The system shall be able to be extended 

in the future. Deployment of the smart traffic management application should be 

done on the cloud with cloud computing capabilities with GPUs to process the real-

time data for the traffic monitoring system. 
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3.2.7. Appendices 

 

OpenCV OPEN-SOURCE COMPUTER VISION 

YOLO YOU ONLY LOOK ONCE 

R-CNN REGION-BASED CONVOLUTIONAL NEURAL NETWORK 

LSTM LONG SHORT-TERM MEMORY 

CNN CONVOLUTIONAL NEURAL NETWORK 

SVM SUPPORT VECTOR MACHINE 

KNN K-NEAREST NEIGHBOURS 

            Table 3.2.1 APPENDICES    

3.3 Software and Hardware Requirements 

Software Requirements 

Installing Anaconda Individual edition 64-bit (PY 3.8) 

Use Jupiter notebook in Anaconda Navigator for running project Python notebook. 

Python Notebook also works in Google Collab and Kaggle Notebook editor. 

Git-hub repositories are used for cloning the repositories and saving the results. 

Hardware Requirements 

License: Free use and redistribution under the terms of the EULA for Anaconda 

Individual Edition. 

Operating system: Windows 8 or newer, 64-bit macOS 10.13+, or Linux, including 

Ubuntu, RedHat, CentOS 7+, and others. 

System architecture: Windows- 64-bit x86, 32-bit x86; MacOS- 64-bit x86; Linux- 

64-bit x86, 64-bit aarch64 (AWS Graviton2 / arm64), 64-bit Power8/Power9, s390x 

(Linux on IBM Z & Linux ONE). 

Minimum 5 GB disk space to download and install. 

 

 

 

 

 

https://www.anaconda.com/eula-anaconda-commercial-edition
https://www.anaconda.com/eula-anaconda-commercial-edition
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CHAPTER 4 

DESCRIPTION OF THE PROPOSED SYSTEM 

The proposed system for smart traffic monitoring using YOLO (You Only Look 

Once) would involve the implementation of a deep learning model for object 

detection and tracking in real-time video streams. YOLO is an object detection 

algorithm that uses a single neural network to predict bounding boxes and class 

probabilities directly from full images in one evaluation. It is known for its fast and 

accurate detection of objects in images and videos. YOLO is an effective tool for 

vehicle classification and detection in smart traffic monitoring systems. The YOLO 

algorithm is designed to be able to detect and classify objects in real-time, making 

it an ideal choice for traffic monitoring applications. To detect vehicles using YOLO, 

the algorithm would be trained on a dataset of annotated images and videos of 

vehicles in various lighting conditions, angles, and viewpoints. The YOLO model 

would learn to detect the unique features of vehicles, such as their size, shape, 

and color, and classify them as cars, trucks, motorcycles, or other types of 

vehicles. 

To count the number of vehicles Bytetrack is used, ByteTrack is a real-time object 

detection algorithm that can be used for vehicle counting in smart traffic monitoring 

systems. It uses a deep learning architecture to detect and track vehicles in live 

video streams. The algorithm can be trained on a dataset of annotated traffic 

images and videos, allowing it to detect and count vehicles accurately. Once 

deployed, ByteTrack can analyze video streams from traffic cameras and provide 

real-time vehicle counting data, including traffic volume and traffic patterns. This 

information can be used to optimize traffic flow, improve safety, and reduce 

congestion. Overall, the use of ByteTrack in vehicle counting can provide valuable 

insights for traffic management and urban planning. 
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4.1 SELECTED METHODOLOGY 

 

  

Fig 4.1 FLOW DIAGRAM FOR THE PROPOSED SYSTEM 

This above diagram represents the flow of the project. Initially the data is collected 

from various resources and annotated with the help of “Roboflow” Software. The 

data collected is of different situations and different backgrounds. The annotated 

data is used to train the model after training the model is validated with validation 

dataset. Hyperparameter tuning is done to improve the performance of the model. 

It is done using trial and error method. Test the model with the testing data to test 

the performance of the model. After that the Bytetrack algorithm is integrated with 

the model to count the number of vehicles crossing the imaginary line. The 

integrated model is used to predict the outputs provided with valid traffic video and 

display the results accordingly which can be used detect, classify, and count the 

number of vehicles. 
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The following are steps involved in vehicle detection, classification and counting: 

Vehicle Detection 

The first step entails gathering a sizable dataset of images and videos that include 

vehicles. The dataset needs to be varied and include a wide range of vehicle sizes, 

orientations, and types. Bounding boxes around the vehicles should be annotated 

on each image in the dataset. The annotations point out where the vehicles are in 

the picture and what class they belong to. To get them ready for use as input in the 

Yolov8 model, the images in the dataset are pre-processed. The images must be 

cleaned up, their brightness and contrast adjusted, and their size standardized. Pre-

processing lessens the influence of unimportant features in the input images, which 

helps increase the model's accuracy. The Yolov8 model must then be trained using 

the annotated dataset. During training, the model gains the ability to recognize 

characteristics of vehicles like their size, colour, texture, and shape. The model can 

be used to identify vehicles in new images and videos after being trained. During 

inference, the Yolov8 model applies several convolutional filters to the input image 

to identify objects. The model generates a set of bounding boxes and corresponding 

class probabilities for each object that is detected. The Yolov8 model's output is 

post-processed to clean up any duplicate or false-positive detections and to sharpen 

the bounding boxes that were found. Non-maximum suppression (NMS) is used to 

eliminate overlapping detections, a confidence threshold is set to eliminate low-

confidence detections, and the bounding boxes are adjusted to better fit the 

detected objects. 

Classification of vehicles 

 As there are so many different types of vehicles, classifying them all is a 

monumental task. As a result, the dataset is divided into vehicles of five categories: 

cars, buses, motorcycles, trucks, and ambulances. The steps involved in creating 

the model for the classification of vehicles are as follows: 

Cloning the YOLO model from GitHub and installing all the prerequisites.  To use 

the YOLO model, one must clone the repository from GitHub and install all the 

required libraries, such as NumPy, torch, SciPy, TensorFlow, and so on. Collection 
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of data and labeling them with their respective classes like cars, buses, trucks, 

motorcycles, and ambulances. It takes a lot of data and processing power to train a 

YOLO model for the classification of vehicles, which is a challenging task. Collecting 

data, annotating it, training a model, and evaluating it is important for the model's 

performance, as data plays a crucial role in the model's performance. 

The object detector's level of certainty that there is an object present inside a specific 

bounding box is expressed by a scalar value known as the confidence value. The 

confidence value, one of the YOLO model's outputs, is used to eliminate. Low-

confidence detections that could be false positives or have incorrect localization. 

In YOLO, each bounding box is assigned a confidence value, and only those 

detections with a high enough confidence value are retained for further processing. 

This helps to ensure that the model only makes predictions for objects about which 

it is very confident and that it is not affected by false positive detections. YOLO 

outputs the bounding box's location, the object's class label, the box's width, and its 

height in addition to the confidence level. These outputs, which are also used for 

object detection, are used to draw the bounding boxes around the objects in an 

image. 

Data Set Preparation 

The first step in training a YOLO model is to collect a dataset of images that contains 

the objects you want to detect and classify. This dataset should be diverse, with 

images that vary in lighting conditions, camera angles, and object placements. Once 

you have your dataset, you need to label the images with bounding boxes indicating 

the location of the objects in the image and their corresponding class labels. This 

labeling process can be time-consuming and tedious, but it is crucial for training an 

accurate YOLO model. Annotation tools like “Roboflow” can be used to speed up 

the process.  

Data Preprocessing 

Data preprocessing is a crucial step in machine learning that involves cleaning, 

transforming, and normalizing the data to prepare it for model training. In the context 
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of vehicle detection and classification, data preprocessing is especially important to 

ensure that the models can accurately identify and classify vehicles in real-world 

scenarios. One important aspect of data preprocessing for vehicle detection and 

classification is data cleaning. This involves removing any invalid or incomplete data 

from the dataset, such as images that are corrupted or contain missing data. This 

ensures that the models are trained in high-quality data, which can improve their 

accuracy and robustness. Another key step in data preprocessing is data 

normalization. 

Resizing 

YOLO divides the input image into a grid of cells, with each cell responsible for 

forecasting a set of bounding boxes and associated class probabilities for the 

objects in the cell. For each object found in the image, the YOLO model produces a 

set of bounding boxes and associated class probabilities. The different objects in 

the image can be recognized categorized using these bounding boxes, such as the 

cars in a traffic scene. 

 

Cropping is a common image processing technique used in computer vision, 

including in vehicle detection and classification. It involves removing parts of an 

image to create a smaller, focused region of interest, which can be useful for 

eliminating irrelevant background and improving the accuracy of the model. 

There are several reasons why cropping may be used in vehicle detection and 

classification. For example, in a traffic surveillance system, the goal may be to 

identify and track individual vehicles within a larger scene. Cropping can be used to 

extract the region of the image that contains the vehicle, while eliminating the 

surrounding background. This can make it easier for the model to identify and 

classify the vehicle accurately. Another reason for cropping may be to standardize 

the size of images. In many datasets, images may have different sizes and aspect 

ratios, which can make it difficult to train a model that is sensitive to the size and 

orientation of objects. 
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Normalization 

Normalization is necessary for the model to learn more quickly and with higher 

accuracy, normalizing the pixel values of the images is crucial for detecting the 

objects. This is carried out because normalizing the input enables the gradients to 

flow more effectively across the network as the model's weights are initialized using 

a tiny random number. In this manner, the model can learn more quickly and arrive 

at a better answer. In normalization, the input images are scaled between 0 and 1. 

Both Images and Bounding boxes are normalized which helped the model more to 

learn efficiently.  

Train, Validate, and Test the model 

Training and validation play an important role in measuring the performance of the 

model. From the collected data the model is trained with 70 percent of data,20 

percent for validation of the model, and the remaining for testing of the model’s 

performance. The training process involves feeding the labeled training dataset into 

the YOLO model and adjusting the weights to minimize the detection error. During 

training, the YOLO model predicts bounding boxes and class probabilities for the 

objects in the image. These predictions are compared to the ground-truth bounding 

boxes and class labels in the training dataset. The loss function is then calculated 

based on the difference between the predicted and ground-truth values. The weights 

of the model are updated using backpropagation to minimize the loss. The training 

process is iterative, with the model being updated after each batch of images is 

processed. The goal of training is to reduce the loss function, which indicates the 

difference between the predicted and ground-truth values. A lower loss function 

indicates a more accurate model. Validation is employed to confirm the vehicles' 

classification. After the model is trained, tuning of parameters is necessary for better 

performance hence, parameters and hyperparameters are used to further increase 

the performance of the model and avoid overfitting problems.  
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Fig.4.2 Training the Model With the collected data with 80 Epochs 

Hyperparameter Tuning 

Hyperparameter tuning is an important step in vehicle classification using deep 

learning algorithms. Hyperparameters are parameters that are not learned by the 

neural network during training, but instead are set by the user before training begins. 

Examples of hyperparameters in vehicle classification include the learning rate, 

number of epochs, batch size, and the number of hidden layers in the neural 

network. Hyperparameter tuning involves systematically adjusting these 

hyperparameters to find the combination that produces the best results. This is 

typically done using a combination of trial-and-error and automated optimization 

techniques, such as grid search, random search, or Bayesian optimization. The goal 

of hyperparameter tuning is to find the set of hyperparameters that produces the 

best performance on a validation set. 

Counting of vehicles 

Using YOLO to count vehicles can yield useful data that can be utilized to boost 

productivity, security, and safety in a variety of contexts. YOLO’s real-time vehicle 

counting capability enables businesses to make data-driven decisions that can 

enhance operations and eventually result in cost savings.  To count the vehicles in 

a video drawing a line is necessary and the count variable is declared with a value 

of zero. 
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Vehicles are counted whenever they cross the line and each time the vehicle is 

crossed the count variable is incremented and at the end count is returned.  YOLO 

implements a technique to assure that, even if a vehicle appears in several frames, 

it is only recorded once. YOLO compares the bounding boxes of the detected 

vehicles across frames and only counts a vehicle as new if its bounding box is 

distinct from any other detected bounding boxes. Once the vehicles are detected in 

the video frames, the tracking network is used to track their movements across 

frames. The tracking network uses an algorithm called the Siamese network, which 

compares the features of the detected vehicles across frames and matches them to 

the same object. The tracking network can track vehicles even if they are partially 

obscured or if there are changes in lighting or other environmental factors. 

 

4.2   DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION AND TESTING 

PLAN OF THE PROPOSED SYSTEM 

 

4.2.1 DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION 

 

GOOGLE COLLAB 

 

Google Collab is a free cloud-based service provided by Google that allows users 

to write, run and share Python code in a Jupyter notebook environment. It provides 

users with a virtual machine that comes pre-installed with Python, various Python 

libraries such as TensorFlow, PyTorch, and OpenCV, and allows for GPU and TPU 

(Tensor Processing Unit) acceleration. Google Collab provides users with access to 

a range of powerful hardware configurations, including CPUs, GPUs, and TPUs, 

which can be used to train machine learning models and perform other 

computationally intensive tasks. It also allows users to save their work to Google 

Drive, collaborate with others in real-time, and share their notebooks with anyone. 

GIT-HUB 

We use Git-hub for cloning repositories like YOLO and uploading the files into Git-

hub and saving them there. GitHub also supports the development of open-source 
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software, which is software with source code that anyone can inspect, modify, and 

enhance the models. We might also use Kaggle for training the model as it supports 

faster execution as it supports GPU. 

KAGGLE NOTEBOOK 

Kaggle Notebook is a cloud-based platform that allows data scientists and 

researchers to develop and share machine learning and data analysis projects. The 

platform is powered by Jupyter notebooks and provides access to powerful 

computing resources, including GPUs and TPUs, to help accelerate model training. 

Kaggle Notebooks are created and stored on Kaggle servers, which means that 

users can access their notebooks from anywhere with an internet connection. Users 

can also collaborate on notebooks with others and share their work publicly or 

privately.  

4.2.2 TESTING PLAN OF THE PROPOSED SYSTEM 

A testing plan for vehicle detection and classification would involve a series of steps 

to ensure the accuracy and effectiveness of the system. Firstly, the input data would 

need to be gathered and prepared for testing, which would involve collecting various 

images of vehicles in different scenarios. The dataset should include a wide range 

of vehicles, from small cars to large trucks, and should be representative of the types 

of vehicles the system will encounter in real-world scenarios. The data should also 

be properly labeled to indicate the ground truth information, such as the position, 

size, and class of each vehicle in the image. To test the performance of the model 

the dataset which consists of 1200 images is used which is approximately 20 

percent of the total data collected. Then, the YOLO algorithm would be trained using 

this data to accurately detect and classify vehicles. Once the algorithm has been 

trained, the model needs to be tested to evaluate its performance. This would 

include testing the algorithm on different types of vehicles, in different lighting 

conditions, and in different environments. The system would also be tested for its 

ability to accurately detect and classify multiple vehicles at the same time, as well 

as its ability to detect and classify vehicles in motion. To evaluate the performance 

of the YOLO algorithm, a set of performance metrics should be defined. These 
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metrics should be selected based on the specific requirements of the system, and 

include measures such as precision, recall, F1 score, and mean average precision 

(mAP). Precision measures the proportion of true positives (correctly detected 

vehicles) out of all the vehicles that were detected by the system. Recall measures 

the proportion of true positives out of all the actual vehicles in the scene. F1 score 

is the harmonic mean of precision and recall. mAP measures the average precision 

of the system across all possible thresholds. These performance metrics will be 

used to evaluate the accuracy and effectiveness of the YOLO algorithm and to 

identify areas where the system may need improvement. 

4.3 PROJECT MANAGEMENT PLAN 

 

WEEKS PLAN 

WEEK 1 COLLECTION OF VEHICLE DATASET FROM VARIOUS 

SOURCES AND LOAD IT TO ROBOFLOW SOFTWARE. 

WEEK 2 - 4 ANNOTATING AND LABELING DATA WITH THEIR RESPECTIVE 

CLASSES USING ROBOFLOW SOFTWARE. 

WEEK 5-8 DEVELOPING, TRAINING THE MODEL AND TESTING, 

MEASURING THE PERFORMANCE OF THE TRAINED MODEL. 

WEEK 9-12 FINALIZING THE BEST METHODOLOGIES AND IMPROVING THE 

PERFORMANCE OF THE MODEL BY TUNING THE 

PARAMETERS AND SAVING THE WEIGHTS. 

WEEK 13-15 DEVELOPING, INTEGRATING BYTETRACK AND THE TRAINED 

MODEL IN ORDER TO COUNT VEHICLES AND DISPLAY THE 

RESULTS. 

WEEK 16-18 PREPARING DOCUMENTATION, RESEARCH PAPER FOR 

PUBLISHING AND PUBLISHING THE PAPER. 
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CHAPTER 5 

IMPLEMENTATION DETAILS 

5.1 ALGORITHMS 

5.1.1 OPEN-CV 

OpenCV provides a wide range of functions and algorithms for image and video 

processing, including image filtering, edge detection, feature detection, object 

detection, tracking, and machine learning. These functions can be used to analyze 

and manipulate images and video streams in real-time and are commonly used in a 

range of applications, such as robotics, surveillance, medical imaging, and 

autonomous vehicles. One of the key challenges in vehicle detection and 

classification is processing large amounts of image and video data in real-time. 

OpenCV offers a range of image and video processing functions that can be used 

to preprocess the data and reduce the computational complexity of the algorithm. 

For example, image resizing can be used to reduce the resolution of the input image, 

which can significantly reduce the amount of processing required. Color conversion 

functions can also be used to convert the image to grayscale or other color spaces, 

which can help to highlight certain features or reduce noise in the image. 

Once the image has been preprocessed, YOLO can be used to detect the vehicles 

in the image. YOLO is a deep learning algorithm that can detect objects in real-time 

from images and video streams. It uses a single neural network to predict the 

bounding boxes and class probabilities of the objects in an image. OpenCV provides 

functions for loading the pre-trained YOLO model and running inference on the input 

image. The output of this stage is a set of bounding boxes that represent the location 

of the detected vehicles in the image. 

After the vehicles have been detected, OpenCV can be used to extract features from 

the bounding boxes. Features can be used to classify vehicles into different 

categories, such as cars, trucks, and motorcycles. OpenCV provides several 

functions for feature extraction and classification, such as Histogram of Oriented 

Gradients (HOG), Local Binary Patterns (LBP). HOG and LBP are both feature 
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descriptors that can be used to extract texture and shape features from an image. 

5.1.2 YOLO(YOU-ONLY-LOOK-ONCE) 

YOLO (You Only Look Once) is a popular object detection algorithm that detects 

objects in an image and draws bounding boxes around them. YOLO is known for its 

speed and accuracy compared to other object detection algorithms. It operates on 

the entire image at once and can detect multiple objects in a single pass, making it 

extremely fast. It also has a low error rate, which makes it suitable for real-time 

applications. One of the main advantages of YOLO is its speed and efficiency. 

Unlike other object detection algorithms that perform detection on multiple scales 

and multiple locations, YOLO performs detection in a single pass, which allows it to 

process images and video streams in real-time. YOLO is also able to handle small 

objects and crowded scenes, which can be challenging for other algorithms. 

 

Fig 5.1 YOLOV8-Architecture 

The architecture of YOLO consists of three main parts: the input layer, the hidden 

layers, and the output layer. 
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Input Layer 

 

The input layer of YOLO is responsible for taking the input image and resizing it to 

a fixed size. The fixed size is usually set to 416*416 or 640*640 pixels, but it can be 

adjusted based on the specific application. The input image is then divided into a 

grid of cells, with each cell responsible for predicting the objects that appear in its 

region. The size of the grid is determined by the hyperparameter, which is usually 

set to 19x19 or 13x13. 

 

Convolutional Layers 

 

The convolutional layers in YOLO are responsible for extracting features from the 

input image. The convolutional filters slide over the input image and perform a 

convolution operation to extract features. The size of the filters is typically set to 3x3 

or 1x1, and the number of filters gradually increased as the image is passed through 

more convolutional layers. The convolutional layers are also responsible for 

reducing the spatial resolution of the features, which helps to reduce the 

computation required in the later stages of the network. 

 

Downsampling Layers 

 

The downsampling layers in YOLO are responsible for reducing the spatial 

resolution of the features extracted by the convolutional layers. The downsampling 

is typically achieved by applying max pooling or stride convolution operations. The 

downsampling helps to reduce the computation required in the later stages of the 

network and increases the receptive field of the network. 

 

Fully Connected Layers 

 

The fully connected layers in YOLO are responsible for predicting the location and 

class of the objects in the input image. The fully connected layers take the features 

extracted by the convolutional and downsampling layers and perform a series of 
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linear transformations. The output of the fully connected layers is then passed 

through an activation function to predict the object class probabilities and the 

bounding box coordinates. 

 

Output Layer 

 

The output layer of YOLO consists of a set of bounding boxes that represent the 

location of objects in the image. Each bounding box contains a predicted object 

class and a confidence score. The confidence score represents how confident 

YOLO is that the object is present in the bounding box. The predicted object class 

is one of the pre-defined classes that the system has been trained to recognize. 

YOLO uses a SoftMax activation function to predict the object class probabilities. 

The Softmax function is used to convert the output of the YOLO neural network into 

a probability distribution over a set of discrete categories. In the context of YOLO, 

the output of the neural network is a set of bounding boxes and associated 

confidence scores, each of which represents the location and probability of an object 

in the input image. The Softmax function is used to convert the confidence scores 

for each bounding box into a probability distribution over the set of discrete object 

categories that the network is trained to recognize. The Softmax function takes as 

input a vector of scores and outputs a vector of probabilities that sums to one. In 

YOLO, the Softmax function is applied to the confidence scores for each bounding 

box to obtain a probability distribution over the set of object categories. The 

bounding box with the highest probability for each category is then selected as the 

final output for the YOLO algorithm. 

 

5.1.3 BYTE TRACK 

 

ByteTrack is a deep learning-based object tracking algorithm that uses a single-

stage detector to detect and track objects in video sequences. The algorithm is 

based on the idea of using temporal information to improve the accuracy of object 

detection and tracking. In this section, we will explain how ByteTrack works and how 

it can be used for various applications. 
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Architecture of ByteTrack 

 

The architecture of ByteTrack consists of three main components: the feature 

extraction network, the detection network, and the tracking module. The feature 

extraction network is used to extract features from the input video frames. The 

detection network is used to detect objects in the video frames, and the tracking 

module is used to track the objects across frames. 

 

Feature Extraction Network 

 

The feature extraction network is used to extract features from the input video 

frames. The features are used by the detection network to detect objects in the video 

frames. The feature extraction network is typically a convolutional neural network 

(CNN) that is pre-trained on a large dataset, such as ImageNet. The pre-trained 

CNN is used as a feature extractor, and the features are fed into the detection 

network. 

 

Detection Network 

The detection network is used to detect objects in the video frames. The detection 

network is a single-stage detector that uses a modified version of the YOLO (You 

Only Look Once) detector. The YOLO detector is a popular object detection 

algorithm that uses a single neural network to predict the bounding boxes and the 

class probabilities of the objects in the image. 

The detection network takes the features extracted by the feature extraction network 

as input and predicts the bounding boxes and the class probabilities of the objects 

in the video frame. The detection network outputs a set of bounding boxes and their 

corresponding class probabilities for each object detected in the frame. 

ByteTrack can be integrated into the trained model to track the movements of the 

vehicles which can be used for counting the number of vehicles passing through the 

region of interest. 
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Tracking Module 

 

The tracking module is used to track the objects across frames. The tracking module 

uses a simple, yet effective tracking algorithm called Tracktor. Tracktor is based on 

the correlation filter and is used to estimate the position of the object in the next 

frame based on its position in the current frame. 

 

The tracking module takes the bounding boxes predicted by the detection network 

as input and tracks the objects across frames. The tracking module estimates the 

position of the objects in the next frame based on their position in the current frame 

and the motion of the objects. The tracking module outputs the estimated position 

of the objects in the next frame. 

 

Cosine Distance Metrics 

 

Cosine distance is a commonly used distance metric in machine learning and 

computer vision for measuring the similarity between two vectors. In ByteTrack, a 

popular object detection and tracking algorithm, cosine distance is used to compare 

the features of objects in different frames to track their movement and estimate their 

velocity. ByteTrack uses a Siamese network architecture to extract features from 

the objects in each frame. The Siamese network consists of two identical networks 

with shared weights, where each network takes as input an image patch containing 

an object and produces a feature vector. The two feature vectors are then compared 

using cosine distance to compute a similarity score. If the similarity score is above 

a certain threshold, the object is the same as the object in the previous frame, and 

its position and velocity are updated accordingly. 

 

Cosine distance is chosen as the distance metric because it is robust to changes in 

scale and lighting conditions, which are common challenges in object detection and 

tracking. Cosine distance measures the angle between two vectors, rather than their 

magnitude, which makes it insensitive to the overall scale of the vectors. This makes 

cosine distance a good choice for comparing features extracted from different 
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images, which may have different lighting conditions or scales. 

 

In ByteTrack, cosine distance is also used to compute the appearance affinity 

matrix, which measures the similarity between the features of all pairs of objects in 

each frame. The appearance affinity matrix is used to group objects with similar 

appearance into the same track, and to associate objects with their corresponding 

tracks in subsequent frames. The use of cosine distance in computing the 

appearance affinity matrix helps to improve the accuracy of the object tracking 

algorithm by effectively handling changes in appearance due to lighting conditions, 

occlusions, and other factors. 

 

5.1.4 DEEPSORT 

 

Deport (Deep Learning-based SORT) is a tracking algorithm that is commonly used 

in vehicle counting and tracking applications. It is an improvement upon the SORT 

algorithm, which uses a Kalman filter to track the position and velocity of objects in 

a video stream. DeepSORT, on the other hand, uses a deep neural network to 

associate detections with existing tracks. This allows the algorithm to handle 

situations where multiple vehicles are present in the scene, and where vehicles may 

enter or leave the scene without being detected. The DeepSORT algorithm consists 

of three main stages: detection, feature extraction, and data association. In the 

detection stage, object detection algorithms such as Faster R-CNN, YOLO, and 

SSD are used to identify vehicles present in each frame of the video. These 

algorithms use convolutional neural networks (CNNs) to detect and localize objects 

in the image and output a set of bounding boxes and corresponding confidence 

scores for each object. In the feature extraction stage, features such as color, 

texture, and shape are extracted from each detected vehicle. These features are 

used to represent the vehicle in a high-dimensional feature space, where vehicles 

with similar features are close to each other. This is important for the data 

association stage, as it allows the algorithm to match detections with existing tracks 

based on the similarity of their features. 
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Finally, in the data association stage, the algorithm uses a nearest neighbor 

approach to associate detections with existing tracks. Specifically, for each 

detection in the current frame, the algorithm searches for the track that is closest to 

it in the feature space. If the distance between the detection and the track is below 

a certain threshold, the detection is associated with the track. If there is no track that 

is close enough to the detection, a new track is created for the detection. 

 

One of the key advantages of DeepSORT over other tracking algorithms is its ability 

to handle situations where vehicles are occluded or temporarily leave the scene. 

When a vehicle becomes occluded, the algorithm can still track it using its previously 

learned features and can continue to track it once it reappears in the scene. 

Similarly, when a vehicle temporarily leaves the scene, the algorithm can predict its 

position and velocity based on its previous motion and can track it once it reappears. 

DeepSORT has a wide range of applications in vehicle counting and tracking. One 

common use case is in traffic monitoring, where it can be used to count the number 

of vehicles passing through a particular intersection or stretch of road. In this 

application, the algorithm can be used to differentiate between different types of 

vehicles, such as cars, buses, and trucks, and can provide real-time data on traffic 

flow and congestion. 

 

Another application of DeepSORT is in surveillance, where it can be used to track 

vehicles of interest, such as those involved in criminal activity or suspicious 

behavior. In this application, the algorithm can be used to track the movement of the 

vehicle over time, and can provide data on its location, speed, and direction of travel. 

Overall, DeepSORT is an effective and robust algorithm for vehicle counting and 

tracking applications. Its ability to handle occlusions and track vehicles over time 

makes it well-suited for a wide range of applications in both industry and academia. 

As computer vision technology continues to advance, it is likely that DeepSORT and 

similar algorithms will become even more powerful and versatile, opening new 

possibilities for vehicle tracking and analysis. 
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5.1.5 KALMAN FILTER 

 

Kalman filter is a mathematical algorithm used to estimate the state of a system in 

the presence of uncertain and noisy measurements. It is widely used in a variety of 

fields, including control systems, signal processing, robotics, and computer vision. 

The Kalman filter works by combining a prediction of the state of the system based 

on a model of its behavior with a measurement of the system's output to obtain an 

improved estimate of the system's state. The filter considers both the uncertainties 

in the model and the measurement and provides a statistically optimal estimate of 

the state. 

 

The Kalman filter consists of two main steps: prediction and update. In the prediction 

step, the filter predicts the state of the system at the next time step based on the 

current state and a model of the system's behavior. The prediction is computed 

using a state transition matrix, which relates the state at the current time step to the 

state at the next time step, and a control input, which represents the effect of any 

external inputs on the system. The prediction step also computes the error 

covariance matrix, which represents the uncertainty in the state prediction. This 

matrix considers the uncertainty in the system model and the effect of any noise in 

the state and control inputs. 

 

In the update step, the filter combines the predicted state with a measurement of 

the system's output to obtain an improved estimate of the state. The measurement 

is modeled as a linear function of the state plus an additive Gaussian noise term. 

The Kalman filter computes the Kalman gain, which determines the amount of 

weight given to the predicted state and the measurement in the updated estimate. 

The updated estimate is then computed as a weighted average of the predicted 

state and the measurement, with the weights determined by the Kalman gain. The 

update step also computes the error covariance matrix for the updated estimate, 

which considers the uncertainty in the measurement and the effect of the Kalman 

gain on the error covariance matrix. 
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One of the key advantages of the Kalman filter is its ability to provide an optimal 

estimate of the system state, even in the presence of noise and uncertainty. The 

filter considers both the uncertainty in the system model and the measurement and 

provides a statistically optimal estimate of the state. The filter is widely used in 

control systems, where it is used to estimate the state of a system based on noisy 

sensor measurements. 

 

5.2 TESTING OF THE MODEL 

 

Testing the model of vehicles is an important step in the development of vehicle 

detection and classification algorithms. The goal of testing is to evaluate the 

performance of the algorithm on a set of test data that is separate from the training 

data. The performance of a vehicle detection and classification model can be 

evaluated using several metrics. The most common evaluation metrics include: 

 

Mean Average Precision (mAP) 

 

It is a widely used evaluation metric in the field of computer vision, particularly for 

object detection. It is used to evaluate the accuracy of an object detection algorithm 

by comparing the predicted bounding boxes of objects in an image or video 

sequence to the ground truth bounding boxes. 

mAP is calculated by first calculating the average precision (AP) for each class in 

the dataset. AP is a measure of the quality of the model's predictions for a given 

class, and it considers both the precision and recall of the model's predictions. 

Precision is the fraction of true positives (correctly predicted objects) among all 

predicted objects, while recall is the fraction of true positives among all actual 

objects in the image. To calculate the AP for a given class, the model's predictions 

for that class are sorted based on their confidence score (i.e., the probability that 

the predicted object is of that class). A threshold is then applied to the predictions 

to determine which predicted objects are considered true positives and which are 

considered false positives. A true positive is a predicted object that has an overlap 
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of at least 0.5 with a ground truth object (i.e., a correct bounding box). A false 

positive is a predicted object that does not have an overlap of at least 0.5 with any 

ground truth object. 

 

Once the true positives and false positives have been determined for each 

prediction, the precision and recall can be calculated at each threshold. Precision is 

calculated as the number of true positives divided by the total number of predicted 

objects, while the recall is calculated as the number of true positives divided by the 

total number of ground truth objects. 

 

The precision-recall curve for the class is then plotted by varying the threshold and 

calculating the precision and recall at each threshold. The AP for the class is then 

calculated as the area under the precision-recall curve. An AP of 1 indicates perfect 

precision and recall, while an AP of 0 indicates poor performance. 

 

The mAP for the model is then calculated as the average of the APs for all classes 

in the dataset. The mAP gives an overall measure of the accuracy of the model 

across all classes. 

 

P-R CURVE 

 

The P-R curve (Precision-Recall curve) is a popular evaluation metric used in object 

detection tasks, including YOLO training. The P-R curve shows the relationship 

between the precision and recall of a model as the detection threshold varies. 

Precision is defined as the proportion of true positives (correctly detected objects) 

among all detected objects, and recall is defined as the proportion of true positives 

among all objects that should have been detected. In YOLO training, the P-R curve 

is used to evaluate the performance of the model by measuring the precision and 

recall at different confidence levels. The confidence level is the threshold at which 

YOLO decides whether an object is present in the image or not. 

 

During training, the P-R curve can be used to tune the confidence level of the model 
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to maximize the overall precision and recall. This is done by adjusting the threshold 

level to find a balance between precision and recall that produces the best overall 

performance. To generate the P-R curve during training, the ground truth labels and 

the predicted labels from the YOLO model are compared. The precision and recall 

are then calculated for each threshold level, and the results are plotted on a graph. 

Ideally, the P-R curve should show a high precision and high recall at lower 

confidence levels, indicating that the model is correctly detecting most of the objects 

in the image while keeping false positives to a minimum. 

 

 

Fig 5.2 P-R CURVE FOR VEHICLE CLASSIFICATION 

 

Confusion Matrix 

Confusion matrix can be used to evaluate the performance of a classification model 

that is used to classify vehicles based on their type (e.g., car, truck, motorcycle, 

etc.). Here's an example of a confusion matrix for a binary classification problem 

that aims to distinguish between cars and non-cars: 

 

True Positives (TP) The number of actual cars that were correctly classified as cars 

by the model. 

False Positives (FP) The number of non-cars (e.g., trucks, motorcycles) that were 

incorrectly classified as cars by the model. 

False Negatives (FN) The number of cars that were incorrectly classified as non-

cars by the model. 
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True Negatives (TN) The number of non-cars that were correctly classified as non-

cars by the model. 

From this confusion matrix, several metrics can be computed to evaluate the 

performance of the classification model: 

Accuracy The overall percentage of correct predictions made by the model. It is 

computed as (TP + TN) / (TP + FP + TN + FN). 

Precision The fraction of positive predictions that are correct. It is computed as TP 

/ (TP + FP). 

 

Recall The fraction of actual positives that were correctly classified by the model. It 

is computed as TP / (TP + FN). 

F1 score The harmonic means of precision and recall, which provides a balanced 

measure of the model's performance. It is computed as 2 * (precision * recall) / 

(precision + recall). 

 

These metrics can be used to assess the strengths and weaknesses of the 

classification model, and to identify areas where the model can be improved. For 

example, a high false positive rate may indicate that the model is incorrectly 

classifying non-cars as cars, while a high false negative rate may indicate that the 

model is failing to recognize certain types of cars. By analyzing the confusion matrix 

and associated metrics, improvements can be made to the classification model to 

optimize its performance for the specific task of vehicle classification. 
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Fig.5.3 Confusion Matrix of different classes 

Average Precision 

Average Precision (AP) is a popular metric for evaluating the performance of object 

detection and classification models, including those used for vehicle classification. 

The AP is calculated by measuring the area under the Precision-Recall curve, which 

represents the trade-off between the true positive rate (TPR) and the false positive 

rate (FPR) of the model. In the context of vehicle classification, the classification 

model is applied to a set of test images, and the Precision-Recall curve is computed 

for each vehicle type by varying the classification threshold and computing the TPR 

and FPR at each threshold. The AP is then computed as the area under the 

Precision-Recall curve, using numerical integration techniques such as the 

trapezoidal rule. The AP values for each vehicle type are then averaged to obtain 

the Mean Average Precision (mAP), which is a summary measure of the model's 

overall performance. In general, a higher AP value indicates better performance, as 

it means the model has a higher TPR for a given FPR. However, it is important to 

note that AP is a relative measure of performance and should be interpreted in the 

context of the specific application and dataset being used. 
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P-CURVE 

 

The p-curve is a useful tool for evaluating the statistical significance of a set of 

results in vehicle detection. It is commonly used to assess the evidence for the 

existence of a true effect in the data, and to identify potential publication bias or 

selective reporting of results. In the context of vehicle detection, the p-curve can be 

used to evaluate the statistical significance of the model's performance on a 

particular dataset. The model's performance is measured on a set of test images, 

and the results are recorded as a set of detection scores. The detection scores are 

then plotted on a histogram, with the x-axis representing the range of possible 

detection scores, and the y-axis representing the frequency of detections at each 

score. The p-curve is then generated by plotting the cumulative distribution function 

(CDF) of the detection scores on a log scale. This shows the proportion of true 

positive detections that have a detection score greater than a given threshold. 

The p-curve is then analyzed using statistical techniques to determine if there is 

evidence of a true effect.  

 

 

Fig.5.4 Precision-Confidence Curve 

 

F1 SCORE 

 

F1 score is a widely used metric in machine learning and statistics, particularly in 

binary classification tasks, including vehicle classification. It is a measure of the 
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balance between the precision and recall of a model and provides a way to evaluate 

the overall performance of the model. In binary classification, there are four possible 

outcomes: true positives (TP), false positives (FP), true negatives (TN), and false 

negatives (FN). Precision is the proportion of true positives among all positive 

predictions, while recall (also called sensitivity) is the proportion of true positives 

among all actual positive samples. The F1 score is a single summary measure that 

combines precision and recall into a single value and is defined as the harmonic 

mean of precision and recall: The F1 score ranges from 0 (worst) to 1 (best). A high 

F1 score indicates that the model has both high precision and high recall, meaning 

it is making accurate predictions while also avoiding false positives and false 

negatives. In vehicle classification, the F1 score can be used to evaluate the overall 

performance of the model, particularly when the dataset is imbalanced (i.e., one 

class has many more examples than another).  

 

 

Fig 5.5 F1-Confidence Curve 
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CHAPTER 6 

RESULTS AND DISCUSSION 

 

An image dataset of vehicles is used for model training and evaluation in this study 

on YOLO-based vehicle detection and classification. The dataset included 

representations of various vehicle types and orientations. The model's overall 

accuracy was found to be 92.8%, with a mAP (50-95) of 92.7%, These outcomes 

show how accurately the model can identify and categorize vehicles. The YOLO 

model could process images in real time despite having a relatively high level of 

computational complexity. real-time. The computational complexity of the YOLO 

model was relatively high, but it was still capable of processing images in real time. 

 

 

FIG 6.1 PERFORMANCE OF THE MODEL 

 

The common metric used to evaluate the performance of vehicle detection and 

classification systems is mean average precision (mAP), which measures the 

accuracy of object detection algorithms. 

The model performed well for all vehicle classes, with auto having the highest 

accuracy (99.5%) and trucks having the lowest (61.1%). Although the model could 

be improved in future studies, it had trouble detecting small vehicles, like 

motorcycles. When compared to other methods, the trained model outperformed 

them in terms of recall and accuracy. These findings show how well YOLO performs 

when used as a model for vehicle detection and classification tasks, and they 

suggest that many practical uses, including traffic monitoring and autonomous 
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driving, may be possible. The model will be tested on a larger and more varied 

dataset in the future work, and strategies to enhance the model's performance on 

small vehicles will be investigated. 

 

FIG 6.2 FINAL OUTPUT 

The above figure shows the imaginary line that was drawn to count the number of 

vehicles crossing the specific line, the number of incoming and outgoing vehicles, 

and the classes of each group of vehicles. Despite these promising results, there 

are also some limitations and challenges associated with vehicle detection and 

classification systems. One issue is the potential for bias in the algorithms used, 

which may lead to inaccuracies or unfair outcomes. Another issue is the robustness 

of these systems to changes in lighting, weather, and environmental conditions, 

which may require the use of adaptive or machine learning techniques to improve 

performance. In addition, there are ethical considerations associated with the use 

of vehicle detection and classification systems, particularly regarding privacy and 

data protection. It is important for practitioners to carefully consider these issues and 

implement appropriate safeguards and solutions to address them. 

Overall, vehicle detection and classification systems can achieve high levels of 

accuracy and performance and have the potential to improve a range of 

applications, including traffic management, surveillance, and autonomous driving. 

However, these systems require careful planning, design, and implementation to 

ensure their effectiveness, reliability, and ethical responsibility. 
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    CHAPTER 7 

   CONCLUSION 

7.1 CONCLUSION 

 

In conclusion, computer vision tasks like vehicle classification and identification are 

important because they have many applications, including traffic monitoring, self-

driving cars, and intelligent transportation systems. For the classification and 

detection of vehicles, several deep learning-based methods, including convolutional 

neural networks (CNNs), You Only Look Once (YOLO) algorithms, template 

matching, and feature-based techniques, have been proposed. 

In vehicle detection and classification using YOLO, the algorithm is trained on a 

large dataset of images that contain different types of vehicles. During training, 

YOLO learns to identify the unique features of each type of vehicle, such as the 

shape and size of the vehicle, and use this information to accurately detect and 

classify vehicles in new images. Once the model is trained, it can be used to perform 

vehicle detection and classification in real-time on video streams or images. The 

YOLO algorithm can detect multiple vehicles in a single image and classify them 

into different categories, such as cars, trucks, and buses, with high accuracy. 

Moreover, YOLO can be integrated with other technologies such as OpenCV and 

deep learning frameworks such as TensorFlow and PyTorch to enhance its 

capabilities in vehicle detection and classification. The use of GPU (Graphics 

Processing Unit) acceleration and cloud computing platforms such as Google Collab 

can also greatly speed up the training and testing processes. 

Due to their ability to extract specific information from photos and tolerate variations 

in lighting and viewpoint, CNNs have been demonstrated to be particularly effective 

for tasks involving the classification and detection of vehicles. The "YOLO" real-time 

object recognition technique uses CNN to recognize objects in an image or video. 

YOLO can provide useful information that can be used in a variety of situations to 

improve productivity, safety, and security because it allows for real-time monitoring 

and decision-making. 
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Overall, the adoption of deep learning-based techniques over the past few years 

has resulted in a significant improvement in the performance of vehicle classification 

and detection. There is still room for improvement, especially in handling occlusions 

and recognizing vehicles in low-light situations. One of YOLO's problems is that it 

has trouble detecting many objects at once when they are close to one another. 

Future studies in this area will concentrate on finding solutions to these problems 

and enhancing the functionality of vehicle classification and detection systems. 

7.2 FUTURE WORK 

YOLO's real-time image processing capabilities make it ideal for vehicle detection 

and classification. In practical applications like traffic monitoring and autonomous 

driving, where quick processing times are crucial, this makes it a suitable model to 

use. The simultaneous object detection and classification capabilities of YOLO can 

reduce   computational complexity and increase system effectiveness. While many 

current vehicle detection and classification algorithms can classify vehicles into 

broad categories (e.g., car, truck, bus), future work could focus on developing 

algorithms that can classify vehicles into more fine-grained categories (e.g., sedan, 

SUV, pickup truck). With the increasing importance of data privacy, future work in 

this area could focus on developing vehicle detection and classification algorithms 

that can operate on encrypted data, preserving the privacy of the data while still 

allowing for accurate detection and classification. 

However, there are some disadvantages to using YOLO for vehicle detection and 

classification. There are some disadvantages to it, such as a high computational 

resource requirement that might prevent its use in environments with few resources. 

Another flaw is that the model might not be able to detect small vehicles, such as 

motorcycles; this is a problem that could be resolved in future studies. To produce 

the best results, the model must also be modified for the specific task and dataset, 

which could take some time. Overall, YOLO is a powerful model for identifying and 

classifying vehicles, but it has some drawbacks. The focus of future research may 

be on improving the model's performance on small vehicles and developing more 
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efficient versions of the model that can run on hardware with less processing power. 

7.3 RESEARCH ISSUES 

There are several research issues in vehicle detection and classification that are 

currently being studied by researchers in the field. Some of these issues include: 

Occlusion: One of the biggest challenges in vehicle detection and classification is 

occlusion, where one or more parts of the vehicle are obscured by other objects in 

the scene. This can make it difficult for algorithms to accurately detect and classify 

the vehicle. 

Scale variation: Vehicles can vary significantly in size, from small cars to large 

trucks and buses. This can make it difficult for algorithms to accurately detect and 

classify vehicles across a range of scales. 

Lighting conditions: Lighting conditions can have a significant impact on the 

accuracy of vehicle detection and classification algorithms. For example, images 

captured in low light conditions may be more difficult to analyze than those captured 

in bright sunlight. 

Viewpoint variation: Vehicles can appear differently depending on the viewpoint 

from which they are observed. This can make it difficult for algorithms to accurately 

classify vehicles based on their appearance. 

Dataset bias: The accuracy of vehicle detection and classification algorithms is 

heavily dependent on the quality and diversity of the training dataset used to train 

the algorithm. If the dataset is biased towards certain types of vehicles or certain 

lighting conditions, this can negatively impact the algorithm's accuracy. 

Computational efficiency: As the size of datasets and complexity of algorithms 

continues to increase, computational efficiency is becoming an increasingly 

important issue in vehicle detection and classification. Algorithms that are too 

computationally expensive may be impractical for use in real-world applications. 

Generalization: Vehicle detection and classification algorithms need to be able to 
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generalize to new and unseen environments. This can be challenging, as the 

appearance of vehicles can vary significantly depending on the environment in 

which they are observed. 

7.4 IMPLEMENTATION ISSUES 

These are the implementation issues in vehicle detection, counting and 

classification: 

Hardware constraints: The performance of vehicle detection and classification 

algorithms can be heavily dependent on the hardware used to run them. For 

example, real-time detection and classification require high-performance hardware, 

such as GPUs or specialized processors, which may not be available or feasible to 

use in all systems.  

Integration with other systems: Vehicle detection and classification systems often 

need to be integrated with other systems, such as traffic management systems or 

surveillance systems. This requires careful coordination and may require the use of 

standardized interfaces or protocols to ensure interoperability. 

Privacy concerns: Vehicle detection and classification systems may collect and 

process sensitive information, such as license plate numbers or vehicle movements. 

It is important to consider privacy concerns and ensure that appropriate safeguards 

are in place to protect this data. 

Robustness to changing conditions: Vehicle detection and classification 

algorithms need to be able to perform reliably under a wide range of conditions, 

including changes in lighting, weather, and environmental conditions. This requires 

careful selection and tuning of algorithms and may involve the use of machine 

learning techniques to adapt to changing conditions. 
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APPENDIX: 

A. SOURCE CODE: 

from google.colab import drive 

drive.mount('/content/drive/') 
 

!git clone https://github.com/kalvaakhil/akhil-yolov8.git 
 

%cd /content/akhil-yolov8/YOLOv8_Segmentation_DeepSORT_Object_Tracking-main 
 

!pip install -e '.[dev]' 

%cd /content/akhil-yolov8/YOLOv8_Segmentation_DeepSORT_Object_Tracking-

main/ultralytics/yolo/v8/detect 
 

!pip install roboflow 

 

from roboflow import Roboflow 

rf = Roboflow(api_key="ncEaFKHsT7P97J36cNmb") 

project = rf.workspace("yolo-trials").project("vehicle-detection-eckrb") 

dataset = project.version(3).download("yolov8") 
 

import torch 

class Loss: 

 

    def __init__(self, model):  # model must be de-paralleled 

 

        device = next(model.parameters()).device  # get model device 

        h = model.args  # hyperparameters 

 

        m = model.model[-1]  # Detect() module 

        self.bce = nn.BCEWithLogitsLoss(reduction='none') 

        self.hyp = h 

        self.stride = m.stride  # model strides 

        self.nc = m.nc  # number of classes 

        self.no = m.no 

        self.reg_max = m.reg_max 

        self.device = device 

 

        self.use_dfl = m.reg_max > 1 
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        self.assigner = TaskAlignedAssigner(topk=10, num_classes=self.nc, 

alpha=0.5, beta=6.0) 

        self.bbox_loss = BboxLoss(m.reg_max - 1, 

use_dfl=self.use_dfl).to(device) 

        self.proj = torch.arange(m.reg_max, dtype=torch.float, 

device=device) 

 

    def preprocess(self, targets, batch_size, scale_tensor): 

        if targets.shape[0] == 0: 

            out = torch.zeros(batch_size, 0, 5, device=self.device) 

        else: 

            i = targets[:, 0]  # image index 

            _, counts = i.unique(return_counts=True) 

            out = torch.zeros(batch_size, counts.max(), 5, 

device=self.device) 

            for j in range(batch_size): 

                matches = i == j 

                n = matches.sum() 

                if n: 

                    out[j, :n] = targets[matches, 1:] 

            out[..., 1:5] = xywh2xyxy(out[..., 1:5].mul_(scale_tensor)) 

        return out 

 

    def bbox_decode(self, anchor_points, pred_dist): 

        if self.use_dfl: 

            b, a, c = pred_dist.shape  # batch, anchors, channels 

            pred_dist = pred_dist.view(b, a, 4, c // 

4).softmax(3).matmul(self.proj.type(pred_dist.dtype)) 

            # pred_dist = pred_dist.view(b, a, c // 4, 

4).transpose(2,3).softmax(3).matmul(self.proj.type(pred_dist.dtype)) 

            # pred_dist = (pred_dist.view(b, a, c // 4, 4).softmax(2) * 

self.proj.type(pred_dist.dtype).view(1, 1, -1, 1)).sum(2) 

        return dist2bbox(pred_dist, anchor_points, xywh=False) 

 

    def __call__(self, preds, batch): 

        loss = torch.zeros(3, device=self.device)  # box, cls, dfl 

        feats = preds[1] if isinstance(preds, tuple) else preds 

        pred_distri, pred_scores = torch.cat([xi.view(feats[0].shape[0], 

self.no, -1) for xi in feats], 2).split( 

            (self.reg_max * 4, self.nc), 1) 

 

        pred_scores = pred_scores.permute(0, 2, 1).contiguous() 

        pred_distri = pred_distri.permute(0, 2, 1).contiguous() 

 

        dtype = pred_scores.dtype 

        batch_size = pred_scores.shape[0] 
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        imgsz = torch.tensor(feats[0].shape[2:], device=self.device, 

dtype=dtype) * self.stride[0]  # image size (h,w) 

        anchor_points, stride_tensor = make_anchors(feats, self.stride, 0.5) 

 

        # targets 

         

 

import numpy as np 

import torch 

import torch.nn as nn 

 

# BaseTrainer python usage 

class DetectionTrainer: 

 

    def get_dataloader(self, dataset_path, batch_size, mode='train', 

rank=0): 

        # TODO: manage splits differently 

        # calculate stride - check if model is initialized 

        gs = max(int(de_parallel(self.model).stride.max() if self.model else 

0), 32) 

        return create_dataloader(path=dataset_path, 

                                 imgsz=self.args.imgsz, 

                                 batch_size=batch_size, 

                                 stride=gs, 

                                 hyp=vars(self.args), 

                                 augment=mode == 'train', 

                                 cache=self.args.cache, 

                                 pad=0 if mode == 'train' else 0.5, 

                                 rect=self.args.rect or mode == 'val', 

                                 rank=rank, 

                                 workers=self.args.workers, 

                                 close_mosaic=self.args.close_mosaic != 0, 

                                 prefix=colorstr(f'{mode}: '), 

                                 shuffle=mode == 'train', 

                                 seed=self.args.seed)[0] if 

self.args.v5loader else \ 

            build_dataloader(self.args, batch_size, img_path=dataset_path, 

stride=gs, rank=rank, mode=mode, 

                             rect=mode == 'val', 

names=self.data['names'])[0] 

 

    def preprocess_batch(self, batch): 

        batch['img'] = batch['img'].to(self.device, 

non_blocking=True).float() / 255 

        return batch 
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    def set_model_attributes(self): 

        self.model.nc = self.data['nc']  # attach number of classes to model 

        self.model.names = self.data['names']  # attach class names to model 

        self.model.args = self.args  # attach hyperparameters to model 

    def get_model(self, cfg=None, weights=None, verbose=True): 

       if fg_mask.sum(): 

            loss[0], loss[2] = self.bbox_loss(pred_distri, pred_bboxes, 

anchor_points, target_bboxes, target_scores, 

                                              target_scores_sum, fg_mask) 

 

        loss[0] *= self.hyp.box  # box gain 

        loss[1] *= self.hyp.cls  # cls gain 

        loss[2] *= self.hyp.dfl  # dfl gain 

 

        return loss.sum() * batch_size, loss.detach()  # loss(box, cls, dfl) 

 
 

# Ultralytics YOLO 🚀, GPL-3.0 license 

 

import torch 

import torch.nn as nn 

import torch.nn.functional as F 

 

# from .metrics import bbox_iou 

# from .tal import bbox2dist 

class VarifocalLoss(nn.Module): 

    def __init__(self): 

        super().__init__() 

 

    def forward(self, pred_score, gt_score, label, alpha=0.75, gamma=2.0): 

        weight = alpha * pred_score.sigmoid().pow(gamma) * (1 - label) + 

gt_score * label 

        with torch.cuda.amp.autocast(enabled=False): 

            loss = (F.binary_cross_entropy_with_logits(pred_score.float(), 

gt_score.float(), reduction="none") * 

                    weight).sum() 

        return loss 

class BboxLoss(nn.Module): 

 

    def __init__(self, reg_max, use_dfl=False): 

        super().__init__() 

        self.reg_max = reg_max 

        self.use_dfl = use_dfl 

 

    def forward(self, pred_dist, pred_bboxes, anchor_points, target_bboxes, 

target_scores, target_scores_sum, fg_mask): 
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        # IoU loss 

        weight = torch.masked_select(target_scores.sum(-1), 

fg_mask).unsqueeze(-1) 

        iou = bbox_iou(pred_bboxes[fg_mask], target_bboxes[fg_mask], 

xywh=False, CIoU=True) 

        loss_iou = ((1.0 - iou) * weight).sum() / target_scores_sum 

 

        # DFL loss 

        if self.use_dfl: 

            target_ltrb = bbox2dist(anchor_points, target_bboxes, 

self.reg_max) 

            loss_dfl = self._df_loss(pred_dist[fg_mask].view(-1, 

self.reg_max + 1), target_ltrb[fg_mask]) * weight 

            loss_dfl = loss_dfl.sum() / target_scores_sum 

        else: 

            loss_dfl = torch.tensor(0.0).to(pred_dist.device) 

 

        return loss_iou, loss_dfl 

 

    @staticmethod 

    def _df_loss(pred_dist, target): 

        # Return sum of left and right DFL losses 

        tl = target.long()  # target left 

        tr = tl + 1  # target right 

        wl = tr - target  # weight left 

        wr = 1 - wl  # weight right 

        return (F.cross_entropy(pred_dist, tl.view(-1), 

reduction="none").view(tl.shape) * wl + 

                F.cross_entropy(pred_dist, tr.view(-1), 

reduction="none").view(tl.shape) * wr).mean(-1, keepdim=True) 

 

# Ultralytics YOLO 🚀, GPL-3.0 license 

""" 

Model validation metrics 

""" 

import math 

import warnings 

from pathlib import Path 

 

import matplotlib.pyplot as plt 

import numpy as np 

import torch 

import torch.nn as nn 

 

# from ultralytics.yolo.utils import TryExcept 
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# boxes 

def box_area(box): 

    # box = xyxy(4,n) 

    return (box[2] - box[0]) * (box[3] - box[1]) 

 

def bbox_ioa(box1, box2, eps=1e-7): 

    """Returns the intersection over box2 area given box1, box2. Boxes are 

x1y1x2y2 

    box1:       np.array of shape(nx4) 

    box2:       np.array of shape(mx4) 

    returns:    np.array of shape(nxm) 

    """ 

 

    # Get the coordinates of bounding boxes 

    b1_x1, b1_y1, b1_x2, b1_y2 = box1.T 

    b2_x1, b2_y1, b2_x2, b2_y2 = box2.T 

 

    # Intersection area 

    inter_area = (np.minimum(b1_x2[:, None], b2_x2) - np.maximum(b1_x1[:, 

None], b2_x1)).clip(0) * \ 

                 (np.minimum(b1_y2[:, None], b2_y2) - np.maximum(b1_y1[:, 

None], b2_y1)).clip(0) 

 

    # box2 area 

    box2_area = (b2_x2 - b2_x1) * (b2_y2 - b2_y1) + eps 

 

    # Intersection over box2 area 

    return inter_area / box2_area 

 

def box_iou(box1, box2, eps=1e-7): 

    # https://github.com/pytorch/vision/blob/master/torchvision/ops/boxes.py 

    """ 

    Return intersection-over-union (Jaccard index) of boxes. 

    Both sets of boxes are expected to be in (x1, y1, x2, y2) format. 

    Arguments: 

        box1 (Tensor[N, 4]) 

        box2 (Tensor[M, 4]) 

    Returns: 

        iou (Tensor[N, M]): the NxM matrix containing the pairwise 

            IoU values for every element in boxes1 and boxes2 

    """ 

 

    # inter(N,M) = (rb(N,M,2) - lt(N,M,2)).clamp(0).prod(2) 

    (a1, a2), (b1, b2) = box1.unsqueeze(1).chunk(2, 2), 

box2.unsqueeze(0).chunk(2, 2) 
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    inter = (torch.min(a2, b2) - torch.max(a1, b1)).clamp(0).prod(2) 

 

    # IoU = inter / (area1 + area2 - inter) 

    return inter / ((a2 - a1).prod(2) + (b2 - b1).prod(2) - inter + eps) 

 

def bbox_iou(box1, box2, xywh=True, GIoU=False, DIoU=False, CIoU=False, 

eps=1e-7): 

    # Returns Intersection over Union (IoU) of box1(1,4) to box2(n,4) 

 

    # Get the coordinates of bounding boxes 

    if xywh:  # transform from xywh to xyxy 

        (x1, y1, w1, h1), (x2, y2, w2, h2) = box1.chunk(4, -1), 

box2.chunk(4, -1) 

        w1_, h1_, w2_, h2_ = w1 / 2, h1 / 2, w2 / 2, h2 / 2 

        b1_x1, b1_x2, b1_y1, b1_y2 = x1 - w1_, x1 + w1_, y1 - h1_, y1 + h1_ 

        b2_x1, b2_x2, b2_y1, b2_y2 = x2 - w2_, x2 + w2_, y2 - h2_, y2 + h2_ 

    else:  # x1, y1, x2, y2 = box1 

        b1_x1, b1_y1, b1_x2, b1_y2 = box1.chunk(4, -1) 

        b2_x1, b2_y1, b2_x2, b2_y2 = box2.chunk(4, -1) 

        w1, h1 = b1_x2 - b1_x1, b1_y2 - b1_y1 + eps 

        w2, h2 = b2_x2 - b2_x1, b2_y2 - b2_y1 + eps 

 

    # Intersection area 

    inter = (b1_x2.minimum(b2_x2) - b1_x1.maximum(b2_x1)).clamp(0) * \ 

            (b1_y2.minimum(b2_y2) - b1_y1.maximum(b2_y1)).clamp(0) 

 

    # Union Area 

    union = w1 * h1 + w2 * h2 - inter + eps 

 

    # IoU 

    iou = inter / union 

    if CIoU or DIoU or GIoU: 

        cw = b1_x2.maximum(b2_x2) - b1_x1.minimum(b2_x1)  # convex (smallest 

enclosing box) width 

        ch = b1_y2.maximum(b2_y2) - b1_y1.minimum(b2_y1)  # convex height 

        if CIoU or DIoU:  # Distance or Complete IoU 

https://arxiv.org/abs/1911.08287v1 

            c2 = cw ** 2 + ch ** 2 + eps  # convex diagonal squared 

            rho2 = ((b2_x1 + b2_x2 - b1_x1 - b1_x2) ** 2 + (b2_y1 + b2_y2 - 

b1_y1 - b1_y2) ** 2) / 4  # center dist ** 2 

            if CIoU:  # https://github.com/Zzh-tju/DIoU-SSD-

pytorch/blob/master/utils/box/box_utils.py#L47 

                v = (4 / math.pi ** 2) * (torch.atan(w2 / h2) - 

torch.atan(w1 / h1)).pow(2) 

                with torch.no_grad(): 

                    alpha = v / (v - iou + (1 + eps)) 
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                return iou - (rho2 / c2 + v * alpha)  # CIoU 

            return iou - rho2 / c2  # DIoU 

        c_area = cw * ch + eps  # convex area 

        return iou - (c_area - union) / c_area  # GIoU 

https://arxiv.org/pdf/1902.09630.pdf 

    return iou  # IoU 

 

def mask_iou(mask1, mask2, eps=1e-7): 

    """ 

    mask1: [N, n] m1 means number of predicted objects 

    mask2: [M, n] m2 means number of gt objects 

    Note: n means image_w x image_h 

    return: masks iou, [N, M] 

class ConfusionMatrix: 

    # Updated version of 

https://github.com/kaanakan/object_detection_confusion_matrix 

    def __init__(self, nc, conf=0.25, iou_thres=0.45): 

        self.matrix = np.zeros((nc + 1, nc + 1)) 

        self.nc = nc  # number of classes 

        self.conf = conf 

        self.iou_thres = iou_thres 

 

    def process_batch(self, detections, labels): 

        """ 

        Return intersection-over-union (Jaccard index) of boxes. 

        Both sets of boxes are expected to be in (x1, y1, x2, y2) format. 

        Arguments: 

            detections (Array[N, 6]), x1, y1, x2, y2, conf, class 

            labels (Array[M, 5]), class, x1, y1, x2, y2 

        Returns: 

            None, updates confusion matrix accordingly 

        """ 

        if detections is None: 

        target_cls:  True object classes (nparray). 

        plot:  Plot precision-recall curve at mAP@0.5 

       save_dir:  Plot save directory 

    # Returns 

    f1 = 2 * p * r / (p + r + eps) 

    names = [v for k, v in names.items() if k in unique_classes]  # list: 

only classes that have data 

    names = dict(enumerate(names))  # to dict 

    if plot: 

        plot_pr_curve(px, py, ap, save_dir / f'{prefix}PR_curve.png', names) 

        plot_mc_curve(px, f1, save_dir / f'{prefix}F1_curve.png', names, 

ylabel='F1') 
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        plot_mc_curve(px, p, save_dir / f'{prefix}P_curve.png', names, 

ylabel='Precision') 

        plot_mc_curve(px, r, save_dir / f'{prefix}R_curve.png', names, 

ylabel='Recall') 

 

    i = smooth(f1.mean(0), 0.1).argmax()  # max F1 index 

    p, r, f1 = p[:, i], r[:, i], f1[:, i] 

    tp = (r * nt).round()  # true positives 

    fp = (tp / (p + eps) - tp).round()  # false positives 

    return tp, fp, p, r, f1, ap, unique_classes.astype(int) 

class Metric: 

 

    def __init__(self) -> None: 

        self.p = []  # (nc, ) 

        self.r = []  # (nc, ) 

        self.f1 = []  # (nc, ) 

        self.all_ap = []  # (nc, 10) 

        self.ap_class_index = []  # (nc, ) 

 

    @property 

    def ap50(self): 

        """AP@0.5 of all classes. 

        Return: 

            (nc, ) or []. 

        """ 

        return self.all_ap[:, 0] if len(self.all_ap) else [] 

 

    @property 

    def ap(self): 

        """AP@0.5:0.95 

        Return: 

            (nc, ) or []. 

        """ 

        return self.all_ap.mean(1) if len(self.all_ap) else [] 

 

    @property 

    def mp(self): 

        """mean precision of all classes. 

        Return: 

            float. 

        """ 

        return self.p.mean() if len(self.p) else 0.0 

 

    @property 

    def mr(self): 

        """mean recall of all classes. 

        Return: 
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            float. 

        """ 

        return self.r.mean() if len(self.r) else 0.0 

 

    @property 

    def map50(self): 

        """Mean AP@0.5 of all classes. 

        Return: 

            float. 

        """ 

        return self.all_ap[:, 0].mean() if len(self.all_ap) else 0.0 

 

    @property 

    def map(self): 

        """Mean AP@0.5:0.95 of all classes. 

        Return: 

            float. 

        """ 

        return self.all_ap.mean() if len(self.all_ap) else 0.0 

 

    def mean_results(self): 

        """Mean of results, return mp, mr, map50, map""" 

        return [self.mp, self.mr, self.map50, self.map] 

 

    def class_result(self, i): 

        """class-aware result, return p[i], r[i], ap50[i], ap[i]""" 

        return self.p[i], self.r[i], self.ap50[i], self.ap[i] 

 

    def get_maps(self, nc): 

        maps = np.zeros(nc) + self.map 

        for i, c in enumerate(self.ap_class_index): 

            maps[c] = self.ap[i] 

        return maps 

 

    def fitness(self): 

        # Model fitness as a weighted combination of metrics 

        w = [0.0, 0.0, 0.1, 0.9]  # weights for [P, R, mAP@0.5, 

mAP@0.5:0.95] 

        return (np.array(self.mean_results()) * w).sum() 

 

    def update(self, results): 

        """ 

        Args: 

            results: tuple(p, r, ap, f1, ap_class) 

        """ 

        self.p, self.r, self.f1, self.all_ap, self.ap_class_index = results 
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class DetMetrics: 

 

    def __init__(self, save_dir=Path("."), plot=False, names=()) -> None: 

        self.save_dir = save_dir 

        self.plot = plot 

        self.names = names 

        self.metric = Metric() 

 

    def process(self, tp, conf, pred_cls, target_cls): 

        results = ap_per_class(tp, conf, pred_cls, target_cls, 

plot=self.plot, save_dir=self.save_dir, 

                               names=self.names)[2:] 

        self.metric.update(results) 

 

    @property 

    def keys(self): 

        return ["metrics/precision(B)", "metrics/recall(B)", 

"metrics/mAP50(B)", "metrics/mAP50-95(B)"] 

 

    def mean_results(self): 

        return self.metric.mean_results() 

HOME ="/content/akhil-yolov8/YOLOv8_Segmentation_DeepSORT_Object_Tracking-

main/ultralytics/yolo/v8/detect" 

%cd {HOME} 

%cd {dataset.location} 

%cd {HOME} 

 

!python train.py model=yolov8l.pt data={dataset.location}/data.yaml  batch=3 

epochs=80 imgsz=640 

import cv2 

from google.colab.patches import cv2_imshow 

import matplotlib.image as mpimg 

from matplotlib.pyplot import imshow 

%matplotlib inline 

testim = mpimg.imread("/content/YOLOv8-DeepSORT-Object-Tracking-

main/runs/detect/train3/confusion_matrix.png") 

imshow(testim) 

import cv2 

from google.colab.patches import cv2_imshow 

import matplotlib.image as mpimg  

from matplotlib.pyplot import imshow 

%matplotlib inline 

testim = mpimg.imread("/content/YOLOv8-DeepSORT-Object-Tracking-

main/runs/detect/train3/F1_curve.png") 

imshow(testim) 
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import cv2 

from google.colab.patches import cv2_imshow 

import matplotlib.image as mpimg  

from matplotlib.pyplot import imshow 

%matplotlib inline 

testim = mpimg.imread("/content/YOLOv8-DeepSORT-Object-Tracking-

main/runs/detect/train3/PR_curve.png") 

imshow(testim) 
 

import cv2 

from google.colab.patches import cv2_imshow 

import matplotlib.image as mpimg  

from matplotlib.pyplot import imshow 

%matplotlib inline 

testim = mpimg.imread("/content/YOLOv8-DeepSORT-Object-Tracking-

main/runs/detect/train3/P_curve.png") 

imshow(testim) 
 

import cv2 

from google.colab.patches import cv2_imshow 

!git clone https://github.com/ifzhang/ByteTrack.git 

%cd {HOME}/ByteTrack 

!sed -i 's/onnx==1.8.1/onnx==1.9.0/g' requirements.txt 

 

!pip3 install -q -r requirements.txt 

!python3 setup.py -q develop 

!pip install -q cython_bbox 

!pip install -q onemetric 

 

from IPython import display 

display.clear_output() 

 

import sys 

sys.path.append(f"{HOME}/ByteTrack") 

 

import yolox 

print("yolox.__version__:", yolox.__version__) 

 

from yolox.tracker.byte_tracker import BYTETracker, STrack 

from onemetric.cv.utils.iou import box_iou_batch 

from dataclasses import dataclass 
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@dataclass(frozen=True) 

class BYTETrackerArgs: 

    track_thresh: float = 0.25 

    track_buffer: int = 30 

    match_thresh: float = 0.8 

    aspect_ratio_thresh: float = 3.0 

    min_box_area: float = 1.0 

    mot20: bool = False 

 

!pip install supervision==0.1.0 

 

from IPython import display 

display.clear_output() 

 

import supervision 

print("supervision.__version__:", supervision.__version__) 

from supervsion.draw.color import ColorPalette 

from supervision.geometry.dataclasses import Point 

from supervision.video.dataclasses import VideoInfo 

from supervision.video.source import get_video_frames_generator 

from supervision.video.sink import VideoSink 

from supervision.notebook.utils import show_frame_in_notebook 

from supervision.tools.detections import Detections, BoxAnnotator 

from supervision.tools.line_counter import LineCounter, LineCounterAn

notator 

import numpy as np 

import scipy.linalg 

chi2inv95 = { 

    1: 3.8415, 

    2: 5.9915, 

    3: 7.8147, 

    4: 9.4877, 

    5: 11.070, 

    6: 12.592, 

    7: 14.067, 

    8: 15.507, 

    9: 16.919} 

class KalmanFilter(object): 

    def __init__(self): 

        ndim, dt = 4, 1. 

        self._motion_mat = np.eye(2 * ndim, 2 * ndim) 

        for i in range(ndim): 
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            self._motion_mat[i, ndim + i] = dt 

        self._update_mat = np.eye(ndim, 2 * ndim) 

        self._std_weight_position = 1. / 20 

        self._std_weight_velocity = 1. / 160 

    def initiate(self, measurement): 

        mean_pos = measurement 

        mean_vel = np.zeros_like(mean_pos) 

        mean = np.r_[mean_pos, mean_vel] 

        std = [ 

            2 * self._std_weight_position * measurement[3], 

            2 * self._std_weight_position * measurement[3], 

            1e-2, 

            2 * self._std_weight_position * measurement[3], 

            10 * self._std_weight_velocity * measurement[3], 

            10 * self._std_weight_velocity * measurement[3], 

            1e-5, 

            10 * self._std_weight_velocity * measurement[3]] 

        covariance = np.diag(np.square(std)) 

        return mean, covariance 

    def predict(self, mean, covariance): 

        std_pos = [ 

            self._std_weight_position * mean[3], 

            self._std_weight_position * mean[3], 

            1e-2, 

            self._std_weight_position * mean[3]] 

        std_vel = [ 

            self._std_weight_velocity * mean[3], 

            self._std_weight_velocity * mean[3], 

            1e-5, 

            self._std_weight_velocity * mean[3]] 

        motion_cov = np.diag(np.square(np.r_[std_pos, std_vel])) 

 

        mean = np.dot(self._motion_mat, mean) 

        covariance = np.linalg.multi_dot(( 

            self._motion_mat, covariance, self._motion_mat.T)) + moti

on_cov 

        return mean, covariance 

    def project(self, mean, covariance): 

        std = [ 

            self._std_weight_position * mean[3], 

            self._std_weight_position * mean[3], 

            1e-1, 

            self._std_weight_position * mean[3]] 

        innovation_cov = np.diag(np.square(std)) 

        mean = np.dot(self._update_mat, mean) 

        covariance = np.linalg.multi_dot(( 

            self._update_mat, covariance, self._update_mat.T)) 
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        return mean, covariance + innovation_cov 

    def update(self, mean, covariance, measurement): 

        projected_mean, projected_cov = self.project(mean, covariance

) 

 

        chol_factor, lower = scipy.linalg.cho_factor( 

            projected_cov, lower=True, check_finite=False) 

        kalman_gain = scipy.linalg.cho_solve( 

            (chol_factor, lower), np.dot(covariance, self._update_mat

.T).T, 

            check_finite=False).T 

        innovation = measurement - projected_mean 

        new_mean = mean + np.dot(innovation, kalman_gain.T) 

        new_covariance = covariance - np.linalg.multi_dot(( 

            kalman_gain, projected_cov, kalman_gain.T)) 

        return new_mean, new_covariance 

    def gating_distance(self, mean, covariance, measurements, 

                        only_position=False): 

        mean, covariance = self.project(mean, covariance) 

        if only_position: 

            mean, covariance = mean[:2], covariance[:2, :2] 

            measurements = measurements[:, :2] 

        cholesky_factor = np.linalg.cholesky(covariance) 

        d = measurements - mean 

        z = scipy.linalg.solve_triangular( 

            cholesky_factor, d.T, lower=True, check_finite=False, 

            overwrite_b=True) 

        squared_maha = np.sum(z * z, axis=0) 

        return squared_maha 

import cv2 

import numpy as np 

import lap 

from scipy.spatial.distance import cdist 

from cython_bbox import bbox_overlaps as bbox_ious 

from yolox.motdt_tracker import kalman_filter 

def _indices_to_matches(cost_matrix, indices, thresh): 

     

 

import cv2 

import numpy as np 

def generate_2d_mask(polygon: np.ndarray, resolution_wh: Tuple[int, i

nt]) -> np.ndarray: 

    width, height = resolution_wh 

    mask = np.zeros((height, width), dtype=np.uint8) 

    cv2.fillPoly(mask, [polygon], color=1) 

    return mask 
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def box_iou_batch(boxes_true: np.ndarray, boxes_detection: np.ndarray

) -> np.ndarray: 

    def box_area(box): 

        return (box[2] - box[0]) * (box[3] - box[1]) 

 

    area_true = box_area(boxes_true.T) 

    area_detection = box_area(boxes_detection.T) 

 

    top_left = np.maximum(boxes_true[:, None, :2], boxes_detection[:,

 :2]) 

    bottom_right = np.minimum(boxes_true[:, None, 2:], boxes_detectio

n[:, 2:]) 

 

    area_inter = np.prod(np.clip(bottom_right - top_left, a_min=0, a_

max=None), 2) 

    return area_inter / (area_true[:, None] + area_detection - area_i

nter) 

def non_max_suppression( 

    predictions: np.ndarray, iou_threshold: float = 0.5 

) -> np.ndarray: 

    assert 0 <= iou_threshold <= 1, ( 

        f"Value of `iou_threshold` must be in the closed range from 0

 to 1, " 

        f"{iou_threshold} given." 

    ) 

    rows, columns = predictions.shape 

    if columns == 5: 

        predictions = np.c_[predictions, np.zeros(rows)] 

    sort_index = np.flip(predictions[:, 4].argsort()) 

    predictions = predictions[sort_index] 

B. SCREENSHOTS: 
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