
Faculty of Computing, Blekinge Institute of Technology, 371 79 Karlskrona, Sweden 

Bachelor of Science in Computer Science 
September 2022 
 

A comparative study of YOLO and Haar 
Cascade algorithm for helmet and license 

plate detection of motorcycles 

Anusha Jayasree Mavilla Vari Palli 
Vishnu Sai Medimi 



 

ii 
 

This thesis is submitted to the Faculty of Computing at Blekinge Institute of Technology in 
partial fulfilment of the requirements for the degree of Bachelor of Science in Computer 
Science. The thesis is equivalent to 10 weeks of full-time studies. 
 
The authors declare that they are the sole authors of this thesis and that they have not used any 
sources other than those listed in the bibliography and identified as references. They further 
declare that they have not submitted this thesis at any other institution to obtain a degree. 

Contact Information: 
Author(s): 
Anusha Jayasree Mavilla Vari Palli 
E-mail: anmv21@student.bth.se 
 
Vishnu Sai Medimi 
E-mail: vime21@student.bth.se 

University advisor: 
Dr. Suejb Memeti, Senior Lecturer 
Department of Computer Science 

Faculty of Computing 
Blekinge Institute of Technology 
SE-371 79 Karlskrona, Sweden 

Internet :  www.bth.se 
Phone : +46 455 38 50 00 
Fax  : +46 455 38 50 57 

 
 
 
 
 
 
 
 
 
 
  
 



 

 

ABSTRACT 
 
Background: Every country has seen an increase in motorcycle accidents over the years due 
to social and economic differences as well as regional variations in transportation 
circumstances. One common mode of transportation for those in the middle class is a motorbike.  
Every motorbike rider is legally required to wear a helmet when driving a bike. However, some 
people on bikes used to ignore their safety, which resulted in them violating traffic rules by 
driving the bike without a helmet. The policeman tried to address this issue manually, but it 
was ineffective and proved to be quite challenging in practical circumstances. Therefore, 
automating this procedure is essential if we are to effectively enforce road safety. As a result, 
an automated system was created employing a variety of techniques, including Convolutional 
Neural Networks (CNN), the Haar Cascade Classifier, the You Only Look Once (YOLO), the 
Single Shot multi-box Detector (SSD), etc. In this study, YOLOv3 and Haar Cascade Classifier 
are used to compare motorcycle helmet and license plate detection. 
 
Objectives: This thesis aims to compare the machine learning algorithms that detect 
motorcycles’ license plates and helmets. Here, the Haar Cascade Classifier and YOLO 
algorithms are used on the US License Plates and Helmet Detection datasets to train the models. 
The accuracy is obtained in detecting the helmets and license plates of the motorcycles and 
analyzed. 
 
Methods: The experiment method is chosen to answer the research question. An experiment is 
performed to find the accuracy of the models in detecting the helmets and license plates of 
motorcycles. The datasets utilized for this are from Kaggle, which included 764 pictures of two 
distinct classes, i.e., with and without a helmet, along with 447 unique license plate images. 
Before training the model, preprocessing techniques are performed on US License Plates and 
Helmet Detection datasets. Now the datasets are divided into test and train datasets where the 
test data set size is considered to be 20% and the train data set size is 80%. The models are 
trained using 80% pre-processed training datasets and using the Haar Cascade Classifier and 
YOLOv3 algorithms. An observation is made by giving the 20% test data to the trained models. 
Finally, the prediction results of these two models are recorded and the accuracy is measured 
by generating a confusion matrix.  
 
Results: The efficient and best algorithm for detecting the helmets and license plates of 
motorcycles is identified from the experiment method. The YOLOv3 algorithm is considered 
more accurate in detecting motorcycles' helmets and license plates based on the results. 
 
Conclusions: Models are trained using Haar Cascade and YOLOv3 algorithms on US License 
Plates and Helmet Detection training datasets. The accuracy of the models in detecting the 
helmets and license plates of motorcycles is checked by using the testing datasets. The model 
trained using the YOLOv3 algorithm has high accuracy; hence, the Neural network-based 
YOLOv3 technique is thought to be the best and most efficient. 
 
 
Keywords: Accuracy, Haar Cascade Classifier, Helmet Detection, License Plate Detection, 
YOLOv3 algorithm. 
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1        INTRODUCTION 
 

Every country has seen an increase in motorcycle accidents over the years due to social and 
economic differences as well as regional variations in transportation circumstances. One 
common mode of transportation for those in the middle class is a motorbike. The primary piece 
of safety gear for motorcyclists is wearing a helmet, but not all drivers will follow. A bike 
accident is a major problem [1]. Only 21.5% of the motorcycle riders had helmets on when the 
accident took place. The heavy weight of the helmet (77%), the sensation of heat (71.4%), neck 
pain (69.4%), the sensation of suffocation (67.7%), and the restriction of head and neck 
movements (59.6%) were the most frequently cited reasons for not using a helmet while riding 
a motorcycle. Overall, physical discomfort was the primary reason for this. Physical pain is 
generally regarded as the main drawback for motorbike riders from using helmets while riding. 
[2]. 

 
Every motorbike rider is legally required to wear a helmet when driving a bike [3]. 

However, some people on bikes used to ignore their safety, which resulted in them violating 
traffic rules by driving the bike without a helmet. The policeman tried to address this issue 
manually, but it was ineffective and proved to be quite challenging in practical circumstances. 
Therefore, automating this procedure is essential if we are to effectively enforce road safety. 
As a result, an automated system was created employing a variety of techniques, including 
Convolutional Neural Networks (CNN), the Haar Cascade Classifier, the You Only Look Once 
(YOLO), the Single Shot multi-box Detector (SSD), etc. 
 

“Machine Learning generally known as ML deals with the branch of Computer science 
and Artificial Intelligence [4].” By training the algorithms with the statistical method, 
predictions are generated, which further reveals insights into the data mining project. The 
obtained insights assist in corporate decision-making and help in the expansion of the 
company's growth, which immediately raises the worth of the business. Deep learning is 
sometimes referred to as the subfield of machine learning. Reinforcement learning, 
unsupervised learning, and supervised learning are the three main categories of machine 
learning algorithms [5]. This study compares motorcycle helmet and vehicle license detection 
using YOLOv3 and Haar Cascade Classifiers. 

 
An efficient visual object detection algorithm with high detection rates is the Haar Cascade 

Classifier, which is based on machine learning. Numerous positive and negative example 
photos are provided as input to the classifier during training.  
Four steps may be used to illustrate the Haar Cascade Classifier algorithm:  

1. Calculating Haar Features 
2. Creating Integral Images 
3. Using Adaboost  
4. Implementing Cascading Classifiers [6]. 

 
You Only Look Once is a method of identifying objects in images and videos [7]. It uses a 

single neural network for recognizing objects. It uses Convolutional Neural Networks for 
detecting objects, the algorithm is popular because of its speed in the detection of objects in an 
image or video, accuracy for detecting the images is high, and the algorithm also has high 
learning ability to learn from the inputs and apply it to the detecting objects.  
This algorithm works under three techniques  

1. Residual block  
2. Bounding box regression  
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3. Intersection Over Union (IOU) [8].  
 

In this thesis, YOLOv3 and Haar Cascade Classifier algorithms are compared using their 
accuracy, and the best and most efficient algorithm is identified by analyzing the results. 

1.1 Aims and Objectives 
 

The main aim of this thesis is to compare the machine learning algorithms that detect 
motorcycles’ license plates and helmets. Here, the Haar Cascade Classifier and YOLOv3 are 
trained with US License Plates and Helmet Detection datasets.  
 
The aim of this thesis includes the following objectives: 

 Gather the proper datasets required for training and perform data pre-processing.  
 Training the models using YOLOv3 and Haar Cascade Classifier algorithms with 

training datasets.   
 Testing the models using the test data set and recording the prediction results.  
 Calculating the accuracy of the algorithms and identifying the efficient algorithm that 

detects the helmets and license plates of motorcycles. 

1.2 Research Questions 
 

To accomplish this aim, this thesis aims at the following research question: 
 

RQ: Which algorithm is efficient in detecting the helmets and license plates of motorcycles 
among the YOLO and Haar Cascade Classifier algorithms?   

 
Motivation: The motivation for this research question is that these algorithms are widely used 
for the detection of helmets and license plates of motorcycles. There are a lot of studies for 
implementing the helmet and license plate detection of motorcycles separately but there is a 
lack of comparative studies of these existing algorithms. So, we examine and analyze the 
prediction results of the models, which are trained using the datasets of US License Plate and 
Helmet Detection. Based on the analysis, the best and most efficient algorithm for detecting the 
helmets and license plates of motorcycles is identified. 

1.3 Scope of the thesis 
 

This thesis aims to compare two machine learning algorithms for motorcycle helmet and license 
plate detection and find an efficient algorithm among them. The datasets are prepossessed and 
trained using the training datasets. And the next step is to test the models and it is done using 
the test datasets. Based on the results accuracy is calculated and an efficient algorithm is 
identified. 
 

1.4 Overview 
 
The thesis is divided into eight sections. The first section describes briefly the introduction and 
scope of this thesis. Section 2 describes the thesis's background, which includes a focus on the 
key field of research. Section 3 deals with the related studies. Section 4 describes the scientific 
method required to answer the research question which includes information about the working 
environment, an overview of datasets, data pre-processing, splitting of datasets, training and 
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testing the models, and information about performance metrics. In section 5, the experiment 
results are discussed. Section 6 includes information about the analysis of the results. Section 7 
gives the conclusion to the thesis. The final section includes the references used in the thesis. 
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2 BACKGROUND 

2.1 Artificial Intelligence 
 
“Artificial intelligence (AI) is a field of science and technology that develops smart machines 
and software programs to perform such a variety of tasks that call for human intelligence [9].” 
It's a method for making machines work and act like people. Machine Learning is a field of AI 
that focuses on teaching machines to make decisions using data, whereas Deep Learning is a 
subset of ML that uses neural networks to solve complex problems. Thus AI, ML and DL are 
all interconnected fields. AI is aided by machine learning and deep learning, which provide a 
collection of techniques and neural networks for solving data-driven challenges. AI covers a 
broad range of fields, including object recognition, natural language processing, data analysis, 
and more. Figure 1 illustrates the division of artificial intelligence into the domains of machine 
learning and deep learning. 
 
 

 
Figure 1: Artificial Intelligence Classification 

2.2 Machine Learning  
 

With the increase in technology, humans are becoming dependable, machine learning enacts 
the way humans act with the help of data and algorithms. “Machine learning, also known as 
ML, deals with the branch of computer science and artificial intelligence [4].” Using the 
statistical method, the predictions are made, by training the algorithms, which further uncover 
the insights in the mining project which deals with data. The obtained insights are helpful in the 
businesses' decision-making and also help expand the growth of the business, which directly 
increases the value of the business. 
 

The data scientist generally deals with all the work which includes insights, and insights 
help the business to grow economically and also technically.  Machine learning is further 
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considered as the subfield of deep learning. The machine learning algorithms are classified as 
Supervised Learning, Unsupervised Learning, and Reinforcement Learning. 
 

2.2.1 Supervised Learning 
 
Supervised learning [10] has been tasked with access to Input values from defined external 
information and output values as specific class labels and the goal of the system is to assign 
new data to the appropriate classes. To predict the new classes, supervised learning uses the 
training labelled dataset (x, y)  X × Y, where x represents a data point and y is the 
corresponding true prediction for x. Supervised learning uses a set of variables to predict the 
output. The output variable acts as a supervisor that oversees the learning process of how future 
outcomes are predicted. Whereas Unsupervised learning is used to uncover and identify patterns 
and relationships in the data with no supervisor to check the validity of the output. Classification 
tasks are supervised since they need ground truth information to build the model. It can detect 
the categorical output value once it has been trained, allowing the data to be divided into 
specified classes. The predictive model is known as a regression function when the output 
variable is continuous. For both, Supervised learning proved itself to be accurate and fast since 
it is already provided with the labelled training dataset. 
  

2.2.2 Unsupervised Learning 
 
Unsupervised learning [11] is the process through which a computer learns without the 
assistance of a human. The algorithm is trained on a set of data that hasn't been labelled, 
classified, or categorized, and it's intended to operate on it without human intervention. 
Unsupervised learning seeks to restructure input data into new features or a group of 
comparable objects. 

 
Unsupervised learning seems to have no predetermined outcome. The system tries to find 

useful information from a large dataset. There are two different types of algorithms:
  

1. Clustering: 
       Clustering, often referred cluster analysis, seems to be a machine-learning approach 

for categorizing unlabeled data into different groups. “A way of clustering data points into 
discrete clusters based on their similarity," is how it is defined. The objects with significant 
comparisons are grouped with those with little to no similarity [12]." 

 
2. Association:  

A rule-based machine learning method for identifying interesting relationships 
between variables in huge databases is known as association rule learning [13]. Its goal is to 
use some interesting measures to detect strong rules found in databases. Association rules are 
used to figure out how or why particular objects are associated with a transaction involving 
many items. 

 

2.2.3 Reinforcement Learning 
 
The process of teaching ML models to make a set of judgments is known as reinforcement 
learning (RL). The agent gains the ability to do a task in an unpredictably complex environment 
[14]. RL explains the ability to learn relationships between stimuli, actions, and the occurrences 
of pleasant or unpleasant events, known as rewards or punishments. The term "reinforcement" 
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refers to the process of the reinforcer developing and reinforcing these associations, which 
includes both positive (positive reinforcers) and negative (negative reinforcers) reinforcers  
[15].

2.3 Deep Learning

A method of machine learning known as deep learning (DL) separates output from the input 
using several layers [16]. Visible layers are the group of layers that will be utilized to predict 
and pre-process the input. Many computer science domains can benefit from the application of 
deep learning techniques. The self-driving automobile is the best illustration of deep learning. 
Deep learning, which is closely related to neural networks, is primarily concerned with the 
functions of the human brain. The two types of neural networks that are most frequently used 
are convolutional and recurrent. Deep learning is used to extract hidden patterns, which is its 
major use, similar to how we extract patterns from data mining. Since it uses human decisions, 
it is different from machine learning in this regard. The neural networks are organized in layers 
composed of a collection of interconnected nodes, as seen in Figure 2 below. Perhaps there are 
tens or maybe even hundreds of hidden levels in a network.

Figure 2: Structure of Neural networks [17]”

Convolutional Neural Network [18], acts in the same way as the neuron in the human brain. 
The main aim of the neural network is to solve any complex problem through machine learning. 
Here, the program is not written explicitly instead the concept is distributed throughout the 
network by itself. Here the network is going to learn itself through various situations. In CNN 
we are going to have artificial neurons. The input layer of these neurons gets the data from the 
environment and the output layer communicates the response. We come across many hidden 
layers within the artificial neurons. In the training of neural networks, the majority use 
supervised learning. Some of the training neural networks involve unsupervised learning based 
on input data and output data collection.
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Figure 3: “A network with several convolutional layers is one example. Each training image is 
subjected to filters at various resolutions, and the result of each convolved image is used as the input 

for the following layer. [19]”

2.4 Algorithms

The algorithms used for training the model in our thesis are the You Only Look Once (YOLO) 
and Haar Cascade Classifier algorithms. Object detection is one of the many fields of Data 
Sciences and Computer Vision (CV), and the YOLOv3 method and Haar Cascade Classifier 
are part of it.

2.4.1 Haar Cascade Classifier

Haar Cascades [20] are classifiers based on Haar characteristics. A cascade classifier is just a 
strong classifier built by combining a series of weak classifiers. Weak classifiers are the ones 
which have limited performance as they can’t classify everything correctly. Whereas the strong 
classifiers are good at classifying the data correctly. Haar-like features are simple summations 
of rectangles and differences in those areas across the image as shown in figure 4. In this 
algorithm, a boosted cascade of simple classifiers is used. This system is used to build a strong 
classifier and this algorithm can be explained in four stages, they are: 1) Calculating Haar 
Features, 2) Creating Integral Images, 3) Using Adaboost and, 4) Implementing Cascading 
Classifiers [6].
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2.4.2 You Only Look Once (YOLO) 
 
The "You Only Look Once" method is used to locate objects in photos and recordings to 
recognize the object, neural networks are used. It uses Convolutional Neural Networks for 
detecting objects, the algorithm is popular because of its speed in the detection of objects in an 
image or video, accuracy for detecting the images is high, and the algorithm also has high 
learning ability to learn from the inputs and apply it to the detecting objects. This algorithm 
works under three techniques 1. Residual block 2. Bounding box regression 3. Intersection Over 
Union (IOU) [7]. 1. Residual blocks: to detect the object in an image the algorithm divides the 
image into certain dimensions S * S grids, each grid of the image is responsible for detecting 
the object in it. 2. Bounding box: it is responsible for highlighting the object in an image with 
an outline drawn around the object. Every bounding box contains Width(bw), Height(bh), 
Class, Bounding box centre (bx, by). 3. Intersection Over Union explains whenever the object 
boxes are overlying [8] input boxes are drawn for the objects, and the algorithm should predict 
the object and should draw the outline for the object correctly if the IOU is equal to 1 then the 
bounding boxes are equal. Many versions of YOLO have been released by different people and 
they are YOLOv1, YOLOv2, YOLOv3, YOLOv4, and so on. 
 

 
 

 
Figure 5: “Output shape of YOLO [21]” 

Figure 4: “Haar-like features [15]” 
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3 RELATED WORK 
 

In the article [22], the authors S. Kadam, R. Hirve, N. Kawle, and P. Shah, Developed a model for, 
the automatic detection of bikers with no helmet, and number plate detection using the YOLOv4 
CNN model. This research paper has two parts, first detecting the helmet and the riders who 
are not wearing a helmet, and then the model predicts the number plate of the motorcycle. After 
identifying the number plates, the images are cropped and saved. The results obtained from the 
YOLOv4 by using mean average precision is 83.92% for helmet detection and 67.25% for 
number plate detection based on a convolutional neural network.       
 

In the article [23], the authors S. Shanmugam, P. Dhanasekaran, S. A. Lakshmanan, S. 
Balaganapathy, and A. Sharmila, implementation of license plate detection for traffic control is 
done using the deep learning algorithm. The authors developed the model in three stages the 
first stage is to detect the motorcycles from the video or image by using feature extraction 
methods such as Histogram of Oriented Gradients (HOG), and Scale-Invariant Feature 
Extraction (SIFT). The next stage is to detect the helmet when a person riding a motorcycle 
which is done using Convolutional Neural Networks (CNN) and Artificial Neural Networks 
(ANN). The last stage is to detect the license plate which is done by Optical Character 
Recognition (OCR). For the riders who are not wearing helmets, the motorcycle number plates 
are detected and noted. 
 

In this article [24], helmet, license plate and mask detection in two-wheelers are done 
using YOLOv3 and edge detection. In this study, the mask is identified by the YOLOv3 model, 
the helmet detection is done using the YOLOv3 model and the license plate has been extracted 
using the Canny edge detector. In this YOLOv3 model, a single neural network is chosen and 
has been applied to the image. After applying the neural network, the image is subdivided into 
many regions. The probabilities are calculated for every region and based on the results and 
values obtained they are mapped to their bounding boxes. At last, the accuracy is calculated for 
the three models and compared. From this study the accuracy for detecting a bike is observed 
to be 90.84%, the accuracy for detecting a helmet is observed to be 95.92% and the accuracy 
for detecting a mask is observed to be 99.36%. 
  

In this article [25], the authors D. Contractorr, K. Pathak, S. Sharma, S. Bhagat, and T. 
Sharma, developed the model by using the Haar cascade classifier which detects the riders who 
are not wearing a helmet. The model classifies the objects and divides the object by aspect ratio. 
The Region of Interest (ROI) and feature extraction is used to find objects. A lot of positive and 
negative images are given to train the model. LBP Linear Binary Pattern is used for feature 
extraction. After the classifier is trained next step is to detect whether the rider is wearing a 
helmet or not. 
 

In this article[26], the authors M. S. Munigala, T. Wajeeh, and S. Jabeen, developed a 
model for helmet detection using a hybrid approach that comprises image processing, machine 
learning, and artificial intelligence. In this study, the implementation is done in four parts. At 
first, image procurement is done for obtaining the image, preliminary processing techniques are 
done to remove the background noise and vehicle classification is done to classify the 
motorcycles that are separated from the video or image. Finally, the helmet is detected by 
extracting the head part of the rider by Region of Interest (ROI). If the rider is not wearing a 
helmet, then, the license plate is detected by character recognition, and the license plate is read 
and noted. 
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In this article[27], the authors C. Vishnu, D. Singh, C. K. Mohan, and S. Babu, used a 
convolutional neural network to detect helmets, and adaptive background subtraction on video 
frames to obtain the moving objects. Later convolutional neural networks are used to identify 
the motorcyclists among moving objects. Again, CNN is applied to the upper one-fourth part 
of the motorcyclists to detect whether the rider is wearing a helmet or not. The performance of 
this model is done on the two data sets IITH_Helmet_1 which contains less traffic, model 
detects 98.63% with a low false alarm rate of less than 0.5% and data set 2 is IITH_Helmet2 
which contains heavy traffic. The models are successfully detected with 87.11% with a low 
false alarm rate of less than 0.5%.  
 

In this article[28], the authors developed the model helmet detection using Single Shot 
Detector (SSD). The implementation is done in three stages, the first stage is the image 
gathering module in which the input datasets from the imaging system were obtained, photos 
are grouped in the cluster and the head portion is clipped and stored. The second stage is image 
training and for this implementation, the data is kept to test by a custom SSD model. The last 
stage is the image detection module, this implementation is done using a custom SSD model 
after training the image's helmet recognition. The result was obtained by the model with an 
accuracy of around 94.65%.   
  

From the above research papers and related works, many models are developed and 
implemented to detect the helmets and license plates of motorcycles. In this thesis, we are 
comparing the two algorithms i.e., YOLOv3 and Haar Cascade Classifier for the detection of 
the helmet and license plates of motorcycles, which gives the best and most efficient results of 
accuracy in the detection which is not been done before. 
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4 METHOD 
 
To answer the research question in our thesis, we chose the experiment method. The experiment 
is performed with the datasets collected and using the Haar Cascade Classifier and YOLOv3 
algorithms. The datasets of helmets and license plates are collected from Kaggle [29]. The 
datasets are divided into test and train datasets. An observation is made by giving the test 
datasets to the trained models and accuracy is measured and the results are analyzed.  

4.1 Experiment 
 
The experiment is carried out using the collected datasets with the Haar Cascade Classifier and 
YOLOv3 algorithms. The experiment is performed in the following steps: 
 

1. Gathering and downloading the US License Plates and Helmet Detection datasets from 
Kaggle. 

2. Pre-processing the images in respective datasets. 
3. Splitting the datasets into test and train datasets. 
4. Training the models using YOLOv3 and Haar Cascade Classifier algorithms with 

training datasets. 
5. Testing the models using the test datasets and recording the detection results. 
6. Calculating the accuracy of the models in detecting the helmets and license plates of 

motorcycles. 
7. Analyzing the results of the implemented model.  

 

4.1.1 Working Environment 
 

This project specifies the used laptop specifications and complete environment setup 
versions and configurations below. All specified specifications are updated versions as of 
now. So, while doing this experimentation process, technical configurations faced no 
problems. 
 

1. Windows 11 64-bit operating system. 
2. AMD RYZEN 9 5800H with NVidia GeForce RTX 3060/ Intel Core i5-9300H CPU 

8.00 GB RAM that runs at 2667MHz. 
3. Python V-3.9.0, “Python is an open-source programming language [30]”. It is a multi-

paradigm programming language and the best suitable language for both machine 
learning and deep learning. 

4. Anaconda V-4.12.0, “Anaconda is one of many open-source platforms for huge data 
analysis, scientific computing and predictive analytics that make open-source 
programming languages (R, Python) easier to use. On the Anaconda platform, the 
environmental research community can utilize either the R or Python computer 
languages to analyze data science challenges [31].” 

5. Cascade-Trainer-GUI: it is a graphical user interface which is used to train, test and 
improve the cascade classifier models.  

6. LabelImg is an open-source tool, used for labelling the images such as height, width, 
and centre of point for an image using graphs. 

7. Google Colab is a free source in which any python code can be written and executed 
through the browser which runs online. 
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For implementation, some packages and libraries are used from the Python programming 
language and applied in an anaconda environment. The packages are explained as follows: 

 
•  OpenCV-python V-4.1.1.26 is a machine learning software library that is built for 
providing computer vision applications and it is an open-source library [32].  
•  Lxml V-4.8.0 is a python library and it permits the simple control of HTML and XML 
files.   
•  Tqdm is a python library used for making the progress bars and meters. 
•  TensorFlow is an open-source and free software platform for machine learning and 
artificial intelligence [33]. TensorFlow API is used for detecting objects. 
•  Absl-py is used as a repository for building python applications by using python 
libraries.  
•  EasyDict is a python library that permits attributes to dictionary values. 
•  Matplotlib V-3.5.2 is a python library that is used for making statistical mapping plots 
like graphs, pie charts, and so on.  
•  Pillow is the python imaging library. It provides the python interpreter image processing 
features.  
•  Pytesseract is an object character recognition tool. That detects the characters from the 
object by using the python 
 

 

4.1.2 Data Overview 
 
Helmet Detection and US License Plates datasets are considered for this experimentation 
process. These datasets are collected from Kaggle [29]. The Helmet Detection [34] dataset 
includes 764 images. For helmet detection, the total images are divided into two classes. Here 
the two classes refer to with helmet and without a helmet. In this dataset, the images are already 
annotated with the bounding box annotations. And they are provided in the PASCAL VOC 
format. This dataset is 410.22 MB which contains 1528 files that include 764 ‘.png’ files and 
764 ‘.xml’ format files. The US License Plates [35] dataset is also collected from Kaggle. Here 
the data is taken from two sources, they are Wikipedia and plateshack.com, some license plates 
are from the early 1900s. Because the dataset is small and also has intra-class variability, it is 
suitable for testing unusual loss functions along with data augmentation techniques. Here the 
data is provided in test.csv and train.csv format. This dataset is comprised of 3.15 GB which 
contains 4464 files. 

 

4.1.3 Data Preprocessing 
 
Data preprocessing is a crucial step before training the model. The datasets that are collected 
and downloaded in the previous step are now extracted and all the images in the dataset are 
brought into one format. If any unusual format is found then they are converted to the usual 
format. Here ‘.png’ and ‘.jpg’ format is taken for training the Haar Cascade Classifier model.  
For the YOLOv3 ‘.txt’ format is preferred. Here by using the LabelImg tool, the images are all 
labelled with height, width and centre of the point of the images and the values are all stored in 
a ‘.txt’ file for YOLOv3 as shown in figure 7. Now the datasets are categorized into two classes. 
First, categorize the Helmet Detection dataset into two classes i.e., a person with a helmet and 
a person without a helmet. Similarly, categorize the US License Plates dataset into a motorcycle 
with a license plate and a motorcycle without a license plate. Then the data is split into 80% as 
a training dataset and 20% as a testing dataset. For the training of the Haar Cascade Classifier, 
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we need a lot of positive and negative images. So, the images in the training dataset are 
separated into positive and negative images for the classifier. 

 
The training datasets that are preprocessed are now used to train the models in the next 

stage. Figure 6 and figure 7 show the sample images before preprocessing and after 
preprocessing. 

 
Figure 6: Sample images of datasets before preprocessing 

 
 
 

Figure 7: Sample images of datasets after preprocessing 
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4.1.4 Training the model 
 
At first, the dataset which is split into train and test datasets in the previous stage is taken for 
training the algorithms. 
 

Training of the YOLOv3 algorithm is done using darknet, an open-source neural 
network training platform. The Darknet is set up using OpenCV, which is useful for viewing 
and detecting pictures without storing them. The data should be pre-processed for object 
detection before training; the data can be in any of these formats ‘.txt’ or ‘.xml’, however for 
YOLOv3 ‘.txt’ format should be utilized. The dataset should be divided into two files they are 
train.txt and test.txt, these files contain the images of helmets and license plates of motorcycles 
for training the model and another for testing the model. 

 
Training of the Haar cascade classifier is done using the Cascade Trainer GUI tool 

[36]. Here, we have created a folder named haar cascade for training the Haar classifier. All the 
positive and negative images that are processed and split into a trained dataset and test dataset 
in the data preprocessing step are now used to train the classifier. A lot of positive images i.e., 
images of helmets and license plates of motorcycles are placed in the ‘p’ folder. Similarly, a lot 
of negative images of the helmets and license plates are placed in the ‘n’ folder. Now, open the 
Cascade Trainer GUI tool and browse the haar cascade folder path in the Train tab. In the 
Common tab set the number of stages to 20. The Cascade and Boost tabs are set accordingly. 
Now press the start button, which is located at the bottom, allowing us to start training the 
Cascade Classifier. After the training gets completed, a new folder named ‘cascade.xml’ is 
created in the haar cascade folder which is the actual cascade classifier. 
 

4.1.5 Performance Metrics 
 
The performance of the algorithms is measured using accuracy. Accuracy (A) is defined as the 
number of cases with helmets, and license plates detected correctly (T1), the number of cases 
without helmets and license plates detected correctly (T2), the number of cases with helmets, 
and license plates wrongly detected by the algorithm (T3), and the number of cases without 
helmets, license plates wrongly detected (T4) by the algorithm [37]. 
 

                    T1 + T2 
  A = 
             T1 + T2 + T3 + T4 

 

4.1.6 Testing the model 
 
The test data set which is prepared in the previous stage is now used for testing the trained Haar 
Cascade model and YOLOv3 models. The test datasets are now sent as input to the YOLOv3 
model and the results of detection are noted. For testing the classifier, open the Test tab in the 
Cascade Trainer GUI tool and browse the cascade classifier i.e., the ‘cascade.xml’ file. In the 
input section, browse the test dataset and set the output type, and click on the start button to 
start the test. The detection results of the cascade model are recorded for the test dataset. Here 
for the YOLOv3 model, we have to set up the virtual repository in the Google Colab and here 
everything is done in cache memory. For the Haar classifier, we get the output by running the 
command “python objectDetector.py” in the command prompt. 
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The detection results are all shown in the tables below, and the accuracy of the two 
models is calculated and recorded. The results are analyzed and the best, most efficient 
algorithm for detecting the helmets, and license plates of motorcycles is noted.   
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5 RESULTS  
 
The results of the experiment performed with the preprocessed datasets of Helmets and License 
Plates with the algorithms are recorded and described in the following section. 

5.1 Results of the YOLOv3 model 
 
The YOLOv3 model that is trained using the train datasets of Helmets and License plates is 
tested using the test datasets. The detection results of the YOLOv3 model are shown in figure 
8.  
 

 
 

Figure 8: Results of the YOLOv3 model 
 
 

The detections of helmets from the images using the trained YOLOv3 model are 
represented in the confusion matrix along with the actual values. Figure 9 represents the 
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confusion matrix of the YOLOv3 algorithm for Helmet Detection and figure 10 represents the 
confusion matrix for License plate detection. 

 
 
Here the accuracy of the helmet detection is calculated using the formula mentioned in the 

4.1.5 section.  
                             T1 + T2 
  Accuracy = 
                  T1 + T2 + T3 + T4 
 
                               83 + 55 
  Accuracy = 
                          83 + 55 + 7 + 5 

 
 

  Accuracy =   0.92 
 

The accuracy obtained for helmet detection using the YOLOv3 model is 92%. 

 
Figure 9: Confusion matrix of YOLOv3 algorithm for Helmet Detection 

 
 
 
Similarly, the accuracy for the license plate using the YOLOv3 model is as follows:  

                             T1 + T2 
  Accuracy = 
                  T1 + T2 + T3 + T4 
 
                               60 + 45 
  Accuracy = 
                          60 + 45 + 15 + 30 

 
  Accuracy =   0.90 
 

The accuracy obtained for License Plates detection using the YOLOv3 model is 90%. 
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Figure 10: Confusion matrix of YOLOv3 algorithm for License plate Detection 
 
 

    Figure 11 and figure 12 represent the accuracy graphs plotted for the results when Train 
and Test datasets are given for the YOLOv3 model. 
 

 
Figure 11: Accuracy of the YOLOv3 model for Helmet Detection 
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Figure 12: Accuracy of the YOLOv3 model for License Plate Detection 

 
 

5.2 Results of the Haar Cascade Classifier model 
 
The Haar Cascade Classifier model is also trained using the training datasets of Helmets and 
License plates, then the model is tested using the test datasets. The detection results of the Haar 
Cascade Classifier model are shown in figure 13 and figure 14. 
 

 
 

Figure 13: Results of Haar Cascade Classifier-1 
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Figure 14: Results of Haar Cascade Classifier-2 

 
 
The detections of helmets from the images taken from the datasets using the trained Haar 

Cascade Classifier model are represented in the confusion matrix along with their real values. 
Figure 15 represents the confusion matrix of the Haar Cascade Classifier for Helmet Detection 
and figure 16 represents the confusion matrix for the License Plate detection of motorcycles. 

 
Here the accuracy of the helmet detection is calculated using the same formula mentioned 

in the 4.1.5 section.  
                             T1 + T2 
  Accuracy = 
                  T1 + T2 + T3 + T4 
 
 
                               77 + 52 
  Accuracy = 
                          77 + 52 + 9 + 12 

 
  Accuracy =   0.86 
 

The accuracy obtained for helmet detection using the Haar Cascade Classifier model is 
86%. 
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Figure 15: Confusion matrix of Haar Cascade Classifier for Helmet Detection 

 
 

Similarly, the accuracy for the License Plates using the Haar Cascade Classifier model is 
as follows:  

                             T1 + T2 
  Accuracy = 
                  T1 + T2 + T3 + T4 
 
                               126 + 5 
  Accuracy = 
                          126 + 5 + 9 + 10 

 
  Accuracy =   0.87 
 

The accuracy obtained for License Plates detection using the YOLOv3 model is 87%. 
 

 
Figure 16: Confusion matrix of Haar Cascade Classifier for License plate Detection 
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    Figure 17 and figure 18 represent the accuracy graphs plotted for the results when train 
and test datasets are given for the Haar Cascade Classifier model. 
 
 

 
Figure 18: Accuracy of the Haar Cascade Classifier model for License Plates 

 

Figure 17: Accuracy of the Haar Cascade Classifier model for Helmet Detection 
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5.3  Comparing the results of the Haar Cascade Classifier 
model and the YOLOv3 model 
 
 

Based on the results obtained from the detection of Helmets and license plates, the accuracy is 
calculated for each model. Table 1 represents the accuracy obtained for each trained model 
when test data is given to test the models. 

 

Trained models  Accuracy obtained 

 
YOLOv3 model for Helmet Detection 

 
92% 

YOLOv3 model for License Plate Detection 90% 

Haar Cascade Classifier model for Helmet 
Detection 

86% 

Haar Cascade Classifier model for License 
Plate Detection 

87% 

 
Table 1: Comparison of accuracy results 

 
From the experiment performed the accuracy obtained for the models is plotted using the 

line graph which is represented in figure 19. 

 
Figure 19: Comparison of results of accuracy of the two models 
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6 ANALYSIS AND DISCUSSION 
 
RESEARCH QUESTION: 

Which algorithm is efficient in detecting the helmets and license plates of motorcycles 
among the YOLOv3 and Haar Cascade Classifier algorithms? 
 
ANSWER: 

The research question is answered by the experimental method, mentioned in section 4.1. 
It was done section-wise, YOLOv3 and Haar Cascade algorithms are the algorithms used to 
compare in this thesis. The US License Plates and Helmet Detection from Kaggle are the 
datasets used in this thesis 4.1.2. Datasets are gathered and downloaded. The modes are trained 
using preprocessed datasets. 

 
The datasets are used to train the models. The datasets are split into 80% and 20% for 

training the model and testing the models respectively. The Cascade Trainer GUI tool is used 
to train the Haar Cascade Classifier. The darknet is utilized for training and testing in the 
YOLOv3 model, training and testing of the datasets are separated and mentioned in section 
4.1.4. 

 
The confusion matrix is obtained by testing the models. In the results section, for helmet 

detection figure 9 is the confusion matrix of the YOLOv3 model, and figure 10 is the confusion 
matrix of the Haar Cascade Classifier. For license plate detection, figure 15 is the confusion 
matrix of the Haar Cascade Classifier and figure 16 is the confusion matrix of the YOLOv3 
model. The confusion matrix consists of values of the number of correctly and incorrectly 
classified test cases. True Positive (TP), True Negative (TN), False Negative (FN), and False 
Positive (FP) are the four values shown in the confusion matrix that is already mentioned in the 
background section. Using the confusion matrix, accuracy is calculated. The formula for 
accuracy is already mentioned in the background section.  

 
For helmet detection, 83, 7, 5, and 55 are the values of TP, FN, FP, and TN for the 

confusion matrix of the YOLOv3 model respectively. 77, 9, 12, and 52 are the values of TP, 
FN, FP, and TN for the confusion matrix of the Haar Cascade Classifier. The accuracy of the 
YOLOv3 model is 92% and the accuracy of the Haar Cascade Classifier is 86%. The accuracy 
of YOLOv3 is higher than compared to Haar Cascade Classifier. Hence, the YOLOv3 model 
performs much better than Haar Cascade Classifier for helmet detection based on our 
experiment performed. 

 
For license plate detection, 45, 30, 15, and 60 are the values of TN, FP, FN, and TP for the 

confusion matrix of the YOLOv3 model respectively. 5, 10, 9, and 126 are the values of TN, 
FP, FN, and TP for the confusion matrix of the Haar Cascade Classifier respectively. The 
accuracy of the YOLOv3 model is 90% and the accuracy of the Haar Cascade Classifier is 87%. 
The accuracy of YOLOv3 is higher than compared to Haar Cascade Classifier. Hence, the 
YOLOv3 model performs much better than Haar Cascade Classifier for helmet detection based 
on our experiment performed. 
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7 CONCLUSION AND FUTURE WORK  
 
 
In this thesis, we compared the helmet and license plate detection models using the algorithms 
YOLOv3 and Haar Cascade Classifier. The US License Plate and Helmet Detection datasets 
are used to train the models. Here to compare the two algorithms, a confusion matrix is used 
for better understanding. The confusion matrix represents the detection results of the models of 
helmets and license plates. In addition, using the confusion matrix table of the trained models 
the accuracy is also calculated. Although the algorithms are relatively similar, some variances 
reflect the accuracy and complexity of the trained models. YOLOv3 is more valuable than the 
Haar Cascade. 

 
When compared to the YOLOv3, the Haar Cascade is more complicated. The methods 

take approximately the same amount of time; however, the Haar Cascade has a larger temporal 
complexity and to achieve more accuracy, it requires a lot of positive images. The YOLOv3 
train set is comparable and very simple. The training dataset in the Haar Cascade is different. 
Deep learning relies heavily on the trained set. If we train the model using a greater number of 
images then even Haar Cascade Classifier may also achieve more accuracy. But according to 
our analysis, YOLOv3 is more efficient than the Haar Cascade Classifier. This paper shows 
that YOLOv3 has more characteristics than the Haar Cascade Classifier. 
 

Though the results obtained satisfied the research goal but the research can be 
expanded further. Till now we have detected whether the riders are wearing helmets or not, we 
can implement a similar system which stores the license plate details of the motorcycles. If 
riders do not wear the helmets and use the database details we can send an e-challan or warning 
message to the riders. And also, in our thesis we have limited to only one performance metric 
i.e., accuracy, we can expand this thesis further by including more performance metrics, which 
gives us a more efficient algorithm. 
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