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ABSTRACT   

The study introduces a technique for instantaneously and automatically detecting the helmets 

worn by bike riders. Bikers are a prevalent means of transportation for many folks in my 

country. Bike have become more popular than vehicles due to their reduced maintenance 

expenses, fewer space requirements for parking, and enhanced maneuverability and flexibility 

in urban environments. Although biking may be exhilarating and stimulating, it is not without 

of hazards. The proposed strategy seeks to provide the highest level of safety for bikers. Despite 

the legal requirement, a significant number of drivers continue to opt out of wearing helmets. 

In recent years, there has been a steady increase in the number of deaths, especially in 

developing nations. Installing a helmet detection system is crucial for ensuring public safety by 

accurately identifying drivers who are not wearing protective headgear. I use a dataset 

consisting of around 3202 data points in real-time for my method. In this study, I use several 

algorithms including Resnet50, Inception V3, EfficientNet, DenseNet201 and. These 

algorithms are applied to a dataset consisting of 1911 instances with helmet usage and 1291 

instances without helmet usage. I achieved a remarkable 98% accuracy rate by using the 

EfficientNet model. The article's implementation section provides a comprehensive explanation 

of all the strategies used in the comparison statements. To create the most efficient model for 

the given circumstances, this investigation also utilizes model validation techniques.   
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CHAPTER 1  

INTRODUCTION   

1.1 Introduction   

In recent years, road safety has become an increasingly critical concern globally, with a particular 

emphasis on the protection of vulnerable road users, such as bike riders. Accidents involving bike 

riders often result in severe injuries, and the use of safety gear, particularly helmets, plays a pivotal 

role in mitigating these risks. Helmets are a proven means of reducing the severity of head injuries 

and saving lives in the event of accidents. Road safety remains a paramount concern, and the 

protection of vulnerable road users, such as bike riders, is of utmost importance [17]. Among the 

various safety measures, helmets play a crucial role in mitigating the severity of head injuries. 

Ensuring widespread helmet compliance, however, poses significant challenges for traffic 

authorities. Traditional surveillance methods are resource-intensive, prompting the need for 

innovative, automated solutions. This research endeavors to address these challenges through the 

application of cutting-edge deep learning techniques for the automated detection of helmets on 

bike riders [14]. By leveraging state-of-the-art algorithms, including ResNet50, InceptionV3, 

EfficientNet, Densenet201, and a custom Convolutional Neural Network (CNN), I aim to provide 

a comprehensive and accurate solution to enhance helmet detection in real-world scenarios [15]. 

The foundation of my investigation lies in a meticulously curated dataset comprising 3202 high-

resolution images. Captured through mobile devices, this dataset reflects the diversity of real-

world scenarios, encompassing varying lighting conditions, backgrounds, and angles. The images 

are categorized into two groups: those depicting bike riders wearing helmets and those without. 

The significance of this research lies not only in the proposed deep learning models but also in 

their comparative analysis. By examining the strengths and weaknesses of ResNet50 with an 

accuracy of 97%, InceptionV3 provide 90% accuracy, EfficientNet provide highest accuracy about 

98%, Densenet201 provides 95% accuracy, and the custom CNN provide the lowest accuracy 

about 87%, I aim to contribute valuable insights to the field of computer vision for road safety 

applications. The outcomes of this study promise advancements in automated helmet detection, 

with implications for enhanced road safety monitoring and enforcement. In the subsequent 

sections, I delve into the methodologies employed, detailing the model architectures, training 
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processes, and the comprehensive evaluation of each algorithm's performance. Through rigorous 

experimentation and analysis, this research aims to provide a nuanced understanding of the 

strengths and limitations of various deep learning approaches in the context of helmet detection. 

1.2 Motivation  

Accidents involving motorcycles are a significant problem on a worldwide scale. There are about 

380,000 people who lose their lives every year as a result of motorcycle accidents across the world. 

According to the findings of the study, motorcycles were responsible for 38.93% of all deaths and 

42.18% of all occurrences. The findings of the study indicate that a thorough. There were a total 

of 467 confirmed road accidents that took place in Bangladesh on June 22. Of the 524 people who 

died as a result of their injuries, 68 were females and 73 were kids. Additionally, there were 821 

people who received injuries as a result of the accidents. The examination of the historical data on 

mortality makes it abundantly clear that a sizeable share of deaths may be linked to brain injuries 

that were acquired by persons who were engaged in motorcycle accidents. Protective helmets for 

cyclists are an absolute need for those who ride motorcycles since they reduce the likelihood of 

suffering serious head injuries. The rules governing transportation in Bangladesh stipulate that all 

individuals, including drivers and passengers, are obliged to wear helmets in order to comply with 

local laws. It is important to note, however, that the rules that are now in place do not directly 

address the quality criteria that are associated with helmets. It has been reported by a user of Pathao 

who wishes to remain anonymous that the helmets that are offered by ridesharing services are not 

considered to be sufficiently robust to guarantee their effectiveness. 

1.3 Research Questions  

Here are some research questions for my research paper on "Detecting Helmets on Bike Riders 

Using Deep Learning Techniques": 

★ How might helmets be most reliably detected? 

★ How can I identify helmets?? 

★ How can I choose the best approach? 

★ What more ways can I improve the outcome? 

★ For what reasons do I use deep learning to identify helmets? 
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1.4 Main Objective 

Here are five research objectives for your research paper on "Comparative Analysis of Deep 

Learning Models for Bangla Sign Language Recognition Using Image Dataset": 

★ To see if there is a bikers and whether or not they are wearing helmets.   

★ To be able to develop a deep learning model capable of accurately detecting helmets on 

bike riders in real-time. 

★ To be adept at implementing transfer learning strategies to improve the adaptability and 

effectiveness of helmet detection models across diverse scenarios. 

★ To be skilled in exploring the influence of different types of input data, such as RGB and 

infrared images, on the accuracy of helmet detection in different lighting conditions. 

★ To be conscious of ethical considerations and privacy concerns related to the development, 

deployment, and usage of deep learning-based helmet detection technologies for bike 

riders. 

1.5 Report Layout  

The final report for the project follows this structure:   

1. Chapter 1 provides a comprehensive overview of the foundational aspects of my study, 

including its rationale, motives, objectives, introduction, and desired outcomes.   

2. In Chapter 2, I provide a concise overview of the study issue, background information, 

relevant literature review, challenges faced, and the resulting results. 

3. Chapter 3 encompasses the research's methodology, suggested systems, datasets, and 

implementation approach, data pretreatment, and enhanced model. 

4. The Discussion and Results section of Chapter 4 include the experimental design, 

confusion matrix, learning curves, and comparative analysis. In addition, there are 

5. In Chapter 5, the book explores the environmental and societal consequences that have 

resulted from my actions, among other factors. 

6. In Chapter 6, I come to a conclusion and provide an overview of the possible future courses 

that the project may go. 
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1.6 Project Management and Finance  

Project management is the use of appropriate tools, methods, and individuals to accomplish 

defined project objectives. Project management involves the strategic planning and diligent 

oversight of a project's advancement to assure its successful attainment of predetermined 

objectives. It is essential to assess and control risks, efficiently distribute resources, create a 

feasible budget, and maintain open communication with teams and stakeholders. Project 

management include the tasks of arranging and facilitating meetings, performing tests, and 

inputting data into databases. The meeting agenda and minutes, which outlined the status of the 

investigation and next steps, were issued punctually. Over time, many materials have accumulated 

and are now accessible via the Madcaps chat app. Conducting research, evaluating sources, 

analyzing information, using critical thinking, developing a strategy, and composing the paper are 

all essential components of a comprehensive research paper focusing on financial subjects. The 

correlation between research administration and oversight. 
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CHAPTER 2  

BACKGROUND  

2.1 Introduction  

 

Bike-related accidents contribute significantly to road fatalities and injuries globally. Among the 

preventive measures, the usage of helmets is a proven strategy to reduce head injuries. However, 

enforcing helmet compliance poses challenges for authorities, necessitating innovative 

approaches. Traditional methods fall short in efficiently monitoring vast stretches of roadways. 

This research addresses this gap by employing advanced deep learning techniques for automated 

helmet detection. The study focuses on comparing the effectiveness of prominent algorithms, 

including ResNet50, InceptionV3, EfficientNetB0, Densenet201, and a custom CNN, to enhance 

the precision and scalability of helmet detection systems. 

2.2 Related Works 

Numerous researchers and academics have produced extensive literature on the subject of Biker 

Helmet Detection. Here are some pertinent research assessments of my work.    

The purpose of the research conducted by Raut et al. [1] was to ascertain the extent to which 

individuals who ride two-wheeled vehicles do not wear helmets. In order to identify dynamic 

features in a given input video that depicts automobiles traveling on public highways, the system 

makes use of video analysis techniques. These techniques include the detection of trees, 

walkways, buildings, and potentially hazardous things. Through their own efforts to collect data, 

the researchers were able to get the training data for the vehicle categorization system. These 

images were used for instructional purposes, and they showed the vehicle from both the front and 

the back. It was not possible to train the classifiers by utilizing a twenty percent sample of the 

whole data that was collected. On the contrary, it was used for the purpose of assessing the 

efficiency of the helmet identification algorithms instead. In the field of image recognition, it was 

anticipated that a deep neural network would perform better than a random forest. On the other 

hand, this expectation was not satisfied since there was insufficient access to the applicable data. 

There was a problem with the technology that happened when there were many autos present. The 

major focus of their investigation was to provide an evaluation of the effectiveness of a number 

of different machine-learning algorithms in relation to that particular situation. Desai et al. [2] 
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conducted research with the main objective of reducing the number of accidents that occurred via 

the use of a number of different tactics. These strategies included fall detection, helmet 

authentication, and alcohol detection. It is possible to utilize the background subtraction approach 

to remove the license plate from the surrounding area if the individual in question is not wearing 

a helmet. After then, the optical recognition method may be used in order to get the license plate 

information that is associated with the vehicle in question. For the purpose of obtaining accurate 

information about both temporal and geographical aspects, the technique that has been 

recommended is an automated procedure that makes use of a Global Positioning System (GPS) 

unit. After successfully obtaining the license plate information from the camera picture, the system 

then proceeded to check the central database in order to identify any instances of violations that 

may have occurred thereafter. The system immediately notifies nearby medical facilities, family 

members, and law enforcement agencies in the event of a critical emergency. Forero et al. [3] 

introduced a novel approach that made use of image processing methods in order to identify 

motorcycles and determine whether or not riders were wearing helmets. A precision rate of 

97.14% was attained by the motorcycle classification, while an accuracy rate of 85.29% was 

achieved by the identification of the helmet. The authorities in charge of traffic must have a 

mechanism that is dependable, flexible, and inexpensive in order to identify motorcyclists who 

are in the route of moving vehicles. Due to the major disparities in their form, color, and 

proportions, protective helmets and motorbikes provided a big challenge when it came to 

identifying one other. A frontal perspective was used to capture photographs that were taken in 

Bogotá, Colombia, portraying automobiles in movement. In order to implement moment particle 

analysis, a series of image processing operations were carried out. The processes involved in the 

process were removing the background, determining the return on investment (ROI), enhancing 

the contrast, and ultimately establishing a threshold for the ROI. For image thresholding, we used 

moment particle analysis and closely adhered to these techniques. A categorization of the things 

seen in the image may be accomplished via the use of artificial intelligence models thanks to the 

morphology of the objects. The execution of a boosting tree-based binary classifier for motorbike 

identification resulted in the acquisition of the following outputs. A maximum accuracy of 94.9% 

was achieved by the motorbike classifier, as established by the evaluation that was conducted in 

the study. There is a significant degree of similarity between the recommended classifier and the 

one that has been offered. The authors Rohith et al. [4] are interested in developing a classifier 

that can function in real time. For the purpose of developing a computer model that is capable of 
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distinguishing between motorcycles and bicycles, the researchers made use of visual data obtained 

from a photographer. The use of transfer learning and fine-tuning strategies was successful in 

accomplishing this goal. Identifying individuals who were riding bicycles was accomplished by 

the researchers via the use of the Caffe framework, which is a real-time object identification 

system. In the event that the model recognizes the presence of a person riding a two-wheeled 

vehicle, it will generate a rectangle region around the designated individual. Following the 

removal of this particular area from the frame that was now being seen, it was then introduced 

into an image classifier. Following the implementation of adjustments to the InceptionV3 model 

in order to fulfill certain requirements, the model was then trained using a dataset that was only 

recently acquired. In the next step, images that were detected as lacking headgear were stored in 

the specified directory for use at a later time. The Michigan State Police may make use of these 

particular facts in order to impose punishment on persons who have violated regulations. Transfer 

learning techniques were used in order to get the ratings for both of the categories. The user is 

interested in obtaining pictures of people riding motorbikes or bicycles while wearing helmets, as 

well as shots of individuals riding motorcycles or bicycles without helmets. Categorization and 

retrieval were the particular goals that were accomplished via the use of the Caffe model. An 

accuracy score of 86% has been assigned to the model that has been recommended for this 

particular binary classification test. Saumya et al. [5] devised a conceptual framework with the 

purpose of assisting law enforcement officials in identifying those who violate traffic regulations 

in extraordinary climatic conditions, such as when the temperature is very high. A cross-validation 

research with a 10-fold cross-validation was carried out in order to ascertain the system's ultimate 

conclusion on the whole image. During the process of developing the many components that make 

up the detection system, the use of OpenCV libraries proved to be of considerable assistance. In 

order to execute photo clustering analysis on the dataset that included information about 

motorcyclists and the helmets they wore, the YOLOV8 approach was used. In order to determine 

the overall accuracy of the shot, the procedure comprised conducting a cross-validation study with 

a tenfold correlation. Throughout the course of their work, Boonsirisumpun et al. [6] secondhand 

a number of different model, with MobileNets proving to be the most successful. The MobileNets 

model was able to achieve a recognition rate of 85.40%, which means that it successfully identified 

421 valid cycling classes out of a dataset consisting of 493 video images. According to the 

Inception V3 model, 416 photos, which is equivalent to 84.38% of the whole picture collection, 
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were correctly categorized. Both methods are able to successfully identify all 493 people who are 

riding bicycles in the video files, which means that there are no instances of riders who cannot be 

recognized. Specifically, the location in question was referring to a motorcyclist who had chosen 

not to wear a helmet while riding their bike. Swapna et al. [7] utilized surveillance footage from 

closed-circuit television cameras to measure the level of head protection that was offered to 

motorcyclists throughout their examination. Because the license plate of the vehicle was positively 

identified, the Open-ALPR system immediately notified the police station that was located nearest 

to the vehicle. The inquiry was successful in reaching a degree of accuracy of 92%. When it comes 

to closed-circuit television (CCTV) camera systems, the efficacy of the cameras is an essential 

component. An approach that operates in real time and uses a minimal amount of processing 

resources was presented by Dahiya et al. [8]. During the course of the film, a total of forty 

individuals and thirteen motorized vehicles are shown. In spite of the fact that there are many other 

feature sets and kernels, it has been repeatedly observed that the HOG kernel yields superior 

outcomes. Experiments were conducted, and the results showed that the detection accuracy was 

93.80% when evaluated on surveillance data from the actual world. Within the framework of their 

suggested approach, the authors C. Vishnu et al. [9] used adaptive background removal as a way 

for identifying moving objects. After that, the mobile entities were submitted to classification by 

means of a Convolutional Neural Network (CNN), which ultimately resulted in their classification 

into two distinct groups: motorcycles and all other entities. The CNN approach displays greater 

performance in comparison to the HOG-SVM method, with a margin of 0.36% on the IITH 

Helmet 1 dataset and 9.97% on the IITH Helmet 2 dataset. This suggests that the CNN 

methodology is more effective. According to the findings of the study, the degree of accuracy 

achieved was 95.24%, and the incidence of false alarms was less than 0.5%. Due to the fact that 

the CNN model was provided with substantial information on all helmets that are now available 

on the market, no helmets were omitted from the training process at any point. It was 

recommended by Dasgupta et al. [11] that the SSD or YOLOV8 technique be used in order to 

identify the region that is occupied by the motorbike. In the next step, the top part of the picture 

would be removed, and a classification method would be used in order to differentiate between 

helmets and other types of headgear. In a similar vein, the usefulness of the classification system 

is rendered ineffective when there are a large number of people riding on the motorbike. It was 

recommended by Khan et al. [12] that the YOLOV8 algorithm be used in order to ascertain 

whether or not a biker is wearing a helmet. The system, on the other hand, does not have any 
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information on the detection of motorbikes. In order to ascertain the identification of the person 

who is riding a motorcycle, Khan suggested use the overlapping region of the bounding box that 

contains both the motorcycle and the individual traveling on the motorcycle. To assess whether or 

not the rider was wearing a helmet, the YOLOV8 algorithm was finally used as the determining 

factor. Nevertheless, in the context of traffic monitoring, it is possible to assert that motorcyclists 

and motorcycles share a number of features, which renders the distinction between the two types 

of vehicles unnecessary. The system that was developed by Hirota and colleagues et al. [13] is 

capable of effectively identifying and tracking moving objects. The device employs a k-nearest 

neighbor classifier that is positioned above the head of the biker in order to precisely identify the 

particular kind of helmet that is being worn by the rider. Despite the fact that the recommended 

models made use of statistical data that was gathered from photographs, they exhibited a low 

degree of accuracy, which resulted in their limited adoption. Chiu and Ku et al. [18], [19] created 

algorithms to detect veiled motorcycles by assessing their visual length, visual breadth, and Pixel 

Ratio. These algorithms were able to identify the motorcycles. It is often assumed that people who 

ride motorcycles wear helmets in order to recognize other motorcyclists who may be in the 

neighborhood. These studies, on the other hand, do not expressly focus on detecting a helmet for 

the sake of safety; rather, they focus on utilizing a helmet as a signal to distinguish a motorcycle.  

 

2.3 Rational Study  

The advent of deep learning technologies has revolutionized image processing and computer 

vision applications, offering promising solutions to real-world challenges. In the context of road 

safety, the detection of helmet usage among bike riders is of paramount importance. Traditional 

surveillance methods often prove to be resource-intensive and limited in their ability to handle 

vast datasets. This study aims to leverage the capabilities of deep learning algorithms to automate 

the process of helmet detection. By utilizing a diverse dataset captured through mobile devices, 

the research seeks to assess the performance of state-of-the-art algorithms, including ResNet50, 

InceptionV3, EfficientNetB0, Densenet201, and a custom Convolutional Neural Network (CNN). 

The comparison of these algorithms will provide valuable insights into their effectiveness in 

accurately identifying helmet usage among bikers. The significance of this research lies in its 

potential to contribute to enhanced road safety through efficient and scalable helmet detection 
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systems. The findings may inform the development of intelligent monitoring tools that can be 

deployed in various urban and suburban settings. Ultimately, the study strives to bridge the gap 

between traditional surveillance methods and cutting-edge deep learning technologies for the 

advancement of bike rider safety. 

 

2.4 Research Summary 

It is evident from the foregoing that other writers have already conducted research in this area. I 

have raised the accuracy threshold from the previously acceptable 95% to a new standard of 98% 

based on their study findings. I accomplish superior outcomes by using the latest iteration of CNN 

and the widely used CNN algorithm adopted by most authors. To ascertain the presence of helmet-

wearing motorcyclists higher levels of accuracy lead to more precise projections. Potential errors 

or omissions in the data, as well as a lack of knowledge of the appropriate methodology, might 

result in below-average outcomes. Prior to using deep learning and other state-of-the-art 

methodologies, I ensure the accuracy and cleanliness of my dataset. For this study, I used all 

available models to accurately categorize and identify motorcycle helmets in real-time, generating 

both auditory and visual feedback. As a result, I successfully reduced the amount of time it takes 

to process while simultaneously maintaining a constant level of accuracy in identifying.  

  

2.5 Scope of the Problem   

Authorities responsible for traffic management want a dependable, versatile, and ineffective 

approach to distinguish motorcycles from other vehicles and verify whether riders are wearing 

safety helmets. This would enable them to address the previously raised concern over road safety. 

The creation of intelligent transport systems (ITS) was driven by the goal of enhancing 

transportation efficiency. On the other hand, it is crucial for my country to widely use surveillance 

cameras in order to accomplish precise detection. The integration of electrical components with 

diverse technologies, including computer networks, sensors, and communication networks, is 

quite impressive. Intelligent Transportation Systems (ITS) strive to improve the safety, efficiency, 

and convenience of both private and public transportation by incorporating several components. 

This encompasses vehicles, people, and road data. These systems update all of this data in real 

time. Employing a gadget that is exceptional and highly efficient is essential for the efficient 

management of my system. This gadget is essential since it facilitates the execution of an intricate 
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strategy and necessitates the skills of skilled workers. The assignment presented a substantial 

problem due to the need of collecting data, which included acquiring many images from a wide 

variety of views. 

2.6 Challenges  

To create an assistive technology for those with visual impairments, it is crucial to construct a 

system that demonstrates characteristics of reliability, accuracy, and ease of use. Multiple complex 

situations may occur during this research project, which focuses on the whole system: 

● Data transfer: The preservation of a substantial quantity of data from a mobile device, 

such as the photographs captured using my phone, presents a challenging task. 

Additionally, I intended to use a USB cable as a means of transferring the photographs 

from my mobile device to my personal computer. I had a multitude of diverse images on 

my mobile devices, necessitating a significant amount of time to transfer them all. 

● Time Complexity: Given that the purported device is a real-time detection system, my 

objective is to promptly identify it in order to minimize the processing time required for 

detection. 

● Analyzing data after processing it intensively. 

● Hardware obstacles: There may have been delays in the background of the captured 

images owing to constraints in my processing equipment. The issue may be readily 

resolved by including more robust hardware components into my design, such as a higher-

performance central processor unit, hard disk drive, or graphics processing unit. 

● Accumulating sufficient data to facilitate the learning process of neural networks. 

● Data collection: Gathering my dataset has been filled with several challenges. I was 

required to get individual photographs of each person both with and without a helmet, 

using many distinct viewpoints. I spent a significant amount of time on this endeavor.  

● I need a comprehensive network of surveillance cameras installed on all roadways inside 

my nation to facilitate detection, a task that poses significant challenges. 
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CHAPTER 3  

RESEARCH METHODOLOGY   

3.1 Introduction  

Solid code foundations that integrate varied datasets are essential for deep learning model 

implementation. This research uses ResNet50, InceptionV3, EfficientNetB0, Densenet201, and a 

custom CNN to construct a robust helmet detection system. The codebase handles 3202 photos of 

cyclists with and without helmets. Mobile devices were used to gather data, representing real-

world situations. To improve model performance, pixel widths were lowered to load new data 

quickly while keeping crucial information. Each algorithm is carefully designed and tuned for 

helmet detection, with code organized for comprehension, modification, and scalability. The 

project aims to give empirical insights into algorithmic performance and a clear and accessible 

codebase for future advances in comparable fields. In helmet detection on bike riders, a well-

structured and extensible code framework is crucial for accurate and scalable results. 

3.2 Proposed System  

The proposed system aims to advance the field of helmet detection on bike riders through the 

integration of state-of-the-art deep learning algorithms. Leveraging the power of ResNet50, 

InceptionV3, EfficientNetB0, Densenet201, and a custom Convolutional Neural Network (CNN), 

my approach seeks to enhance the accuracy and efficiency of helmet recognition in diverse real-

world scenarios. The core idea is to exploit the unique strengths of each algorithm, with ResNet50 

providing a robust feature extraction backbone, InceptionV3 offering intricate hierarchical 

representations, EfficientNetB0 delivering efficiency in resource utilization, Densenet201 

capitalizing on dense connectivity patterns, and the custom CNN tailored to the specific nuances 

of helmet detection. All models follow a similar structure with a pre-trained base model (e.g., 

ResNet50, InceptionV3) followed by additional layers. I started with a bespoke CNN model that 

had two filters and an activation layer configuration that included MaxPooling2D, Conv2D, 

MaxPooling1, Conv2D, MaxPooling2, Flatten, and Dense1. Training seems to work well, with 

high accuracy on both training and validation sets. While my models are achieving high accuracy, 

it's essential to consider other metrics such as precision, recall, and F1-score, especially in 

imbalanced datasets. Consider using learning rate schedules or other adaptive learning rate 

methods for better convergence. The model is fine-tuned for helmet detection and undergoes 
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rigorous training and evaluation. To bolster the effectiveness of the system, a meticulously curated 

dataset of 3202 images, depicting bikers with and without helmets, forms the basis for model 

training and evaluation. The dataset encapsulates the complexity of real-world scenarios, ensuring 

the models are adept at handling diverse environmental conditions. The integration of tensor board 

visualization, model checkpoints, and learning rate reduction strategies during training adds an 

additional layer of sophistication to the proposed system. This strategic combination not only 

ensures accurate helmet detection but also establishes a foundation for adaptability to future 

datasets and scenarios. In summary, the proposed system represents a synthesis of cutting-edge 

algorithms, a carefully curated dataset, and strategic training methodologies, collectively aimed at 

advancing the accuracy and robustness of helmet detection on bike riders using deep learning 

techniques. 

 

Figure 3.1: Research Model. 

3.3 Dataset  

The effectiveness of my proposed system hinges on the quality and diversity of the dataset used 

for model training and evaluation. My dataset comprises 3202 images, meticulously collected 

through mobile devices, capturing bikers in various scenarios – both wearing and not wearing 
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helmets. This dataset serves as the foundation for training deep learning models to discern helmet 

usage accurately. To ensure uniformity and expedite model loading, the raw image data underwent 

preprocessing, including a reduction in pixel size. The resultant images are consistently sized, with 

a minimum dimension of 224 pixels on the longest side. The dataset is organized into two distinct 

classes: "wearing helmet" and "not wearing helmet," consisting of 1911 and 1291 instances, 

respectively. This comprehensive dataset encapsulates real-world scenarios, presenting a diverse 

array of environmental conditions, lighting variations, and biker orientations. The balance 

between positive and negative instances is maintained to foster model generalization and accuracy. 

The dataset, a critical component of my research, lays the groundwork for training deep learning 

algorithms to effectively detect helmet presence on bike riders. 

 

Figure 3.2: Dataset. 

 

Table 3.1: The Destruction of all Images 

Algorithm Number of Images  Train (80%) Test (20%) 

RestNet50 
No Helmet  1291 1033 258 

Wearing Helmet  1911 1529 382 

InceptionV3 
No Helmet  1291 1033 258 

Wearing Helmet 1911 1529 382 

EfficientNet 
No Helmet  1291 1033 258 

Wearing Helmet 1911 1529 382 

DenseNet201 
No Helmet  1291 1033 258 

Wearing Helmet 1911 1529 382 

CNN 
No Helmet  1291 1033 258 

Wearing Helmet 1911 1529 382 
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3.4 Implementation Procedure 

3.4.1 Data Preprocessing  

Prior to training my deep learning models, a meticulous data preprocessing phase was conducted 

to enhance the quality and efficiency of the dataset. The raw image data, collected through diverse 

sources, underwent several key transformations to ensure uniformity and facilitate model 

convergence. To optimize computational efficiency, I resized all images to a standardized format, 

with a minimum dimension of 224 pixels on the longest side. This not only expedites the training 

process but also ensures consistent input dimensions for the deep learning models. Furthermore, 

color normalization and standardization techniques were applied to mitigate variations in lighting 

conditions across the dataset, promoting robust model performance. Labeling was executed with 

precision, designating each image as either "wearing helmet" or "not wearing helmet." This 

meticulous labeling process lays the groundwork for supervised learning, enabling the models to 

learn and generalize from the annotated dataset. The carefully curated and processed dataset serves 

as the bedrock for training, validating, and evaluating the deep learning algorithms. By addressing 

issues related to data quality and consistency, my preprocessing efforts contribute to the overall 

reliability and effectiveness of my proposed system. 

3.4.2 ResNet50 

ResNet50, short for Residual Network with 50 layers, is a deep learning architecture designed to 

address the challenges of training very deep neural networks. The key innovation in ResNet50 is 

the introduction of residual blocks, which contain shortcut connections allowing the network to 

skip one or more layers. These shortcuts enable the direct flow of information across the network, 

mitigating the vanishing gradient problem and facilitating the training of extremely deep networks. 

The residual blocks enable the model to learn residual functions, capturing both low and high-

level features effectively. In the context of image classification, ResNet50 has proven highly 

successful, achieving state-of-the-art accuracy on various datasets. The architecture's skip 

connections contribute to improved gradient flow, making it easier to train and yielding impressive 

results in terms of both accuracy and convergence speed. 
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I implement it on my code- 

1. Installing Monk.  

2. The Dataset.  

3. Training the models.  

4. Results of Training.  

5. Deploy the models through API. 

6. Running the API.  

7. Conclusion. 

Here I used 5 layers. They are-  

1. Flatten_1  

2. Dropout_1  

3. Dense_3  

4. Dense_4  

5. dense_5 

  

Figure 3.3: Working method of ResNet50 (link) 

3.4.3 InceptionV3 

Inception is a deep convolutional neural network that has 48 layers, and the third version of the 

program is what it is. There is a prior version of the network that can be imported. This version 

was trained using more than one million photos from the ImageNet database. Animals, keyboards, 

mouse, pens, and a whole variety of other items are just some of the thousand conceivable item 

categories that the network that is already in place is able to properly manage. 

I implement it on my code- 

8. Installing Monk.  

9. The Dataset.  

https://miro.medium.com/v2/resize:fit:1400/0*tH9evuOFqk8F41FG.png
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10. Training the models.  

11. Results of Training.  

12. Deploy the models through API. 

13. Running the API.  

14. Conclusion. 

Here I used 5 layers. They are-  

1. Flatten_1  

2. Dropout_1  

3. Dense_3  

4. Dense_4  

5. dense_5 

 

 Figure 3.4: Working method of InceptionV3 (link) 

3.4.4 EfficientNet 

EfficientNet use a compound coefficient to consistently modify the depth, breadth, and resolution 

of the convolutional neural network, as part of its technique for construction and scaling. The 

EfficientNet approach circumvents the conventional practice of randomly adjusting the width, 

depth, and resolution of a network. Instead, it perpetually expands these dimensions according to 

a predetermined set of scaling parameters. To improve computing capability, one may increase 

the depth, breadth, and image size of the network. The constant coefficients may be obtained by 

doing a simple grid search on the initial small-scale model. Daffodil International University used 

a composite coefficient to calculate thirteen. EfficientNet may increase the network's scope, 

complexity, and degree of detail by a factor of three. As per the compound scaling approach, 

enlarging the dimensions of the input image necessitates a network with more layers to improve 

the network's ability to sense a larger region, as well as additional channels to record more detailed 

information.  

https://miro.medium.com/v2/resize:fit:1400/0*tH9evuOFqk8F41FG.png
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I implement it on my code- 

1. Installing Monk.  

2. The Dataset.  

3. Training the models.  

4. Results of Training.  

5. Deploy the models through API. 

6. Running the API.  

7. Conclusion. 

Here I used 5 layers. They are-  

1. Flatten_1  

2. Dropout_1  

3. Dense_3  

4. Dense_4 

5. dense_5  

         

Figure 3.5: EfficientNet model’s architecture. (link) 

3.4.5 DenseNe201 

This particular convolutional neural network, known as DenseNet-201, has 201 layers. Access is 

granted to a pre-trained network that has been trained on more than one million pictures via the 

use of the ImageNet database. The network that has been pretrained has the capability to recognize 

a broad variety of item kinds, such as animals, keyboards, mouse, pencils, and a great deal more. 

https://production-media.paperswithcode.com/methods/Screen_Shot_2020-06-06_at_10.45.54_PM.png
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I implement it on my code- 

1. Installing Monk.  

2. The Dataset.  

3. Training the models.  

4. Results of Training.  

5. Deploy the models through API. 

6. Running the API.  

7. Conclusion. 

Here I used 5 layers. They are-  

1. Flatten_1  

2. Dropout_1  

3. Dense_3  

4. Dense_4 

5. dense_5 

 

Figure 3.6: DenseNet201 model Workflow. (link) 

3.4.6 CNN 

When it comes to the many applications of deep learning techniques, convolutional neural 

networks (CNNs) stand out as especially noteworthy owing to their ability to receive pixel input 

and carry out picture recognition. Convolutional neural networks, often known as CNNs, are the 

network architecture of choice for deep learning tasks that include the recognition and 

https://d3i71xaburhd42.cloudfront.net/f86b6e2bcb9a156827ce6f4a2434de5bd0cedf61/12-Figure9-1.png
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identification of objects. On the other hand, there are several additional kinds of neural networks 

that are used. 

I implement it on my code- 

1. Installing Monk.  

2. The Dataset.  

3. Training the models.  

4. Results of Training.  

5. Deploy the models through API. 

6. Running the API.  

7. Conclusion. 

Here I used 5 layers. They are-  

1. Flatten_1  

2. Dropout_1  

3. Dense_3  

4. Dense_4 

5. dense_5 

 

Figure 3.7: CNN model Workflow (link) 

3.4.7 Model Tuning.  

When tuning a collection of hyperparameters, the act of experimenting with alternative 

configurations for those parameters is known as tuning. I have decided to use 32 as the batch size 

for all of the models that are part of my project. In order to keep the dataset free of any possible 

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.researchgate.net%2Ffigure%2FSchematic-diagram-of-a-basic-convolutional-neural-network-CNN-architecture-26_fig1_336805909&psig=AOvVaw2A3_pLBoCdPDPBQvh3OtpN&ust=1705770277925000&source=images&cd=vfe&opi=89978449&ved=0CBMQjRxqFwoTCNCppdH36YMDFQAAAAAdAAAAABAD
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ambiguity, it was necessary to refrain from making any changes to any of the aforementioned 

classes. The performance of my models is significantly enhanced when I extend the epoch for the 

model to thirty. 

3.4.8 Model Training  

The deep learning models, such as ResNet50, InceptionV3, EfficientNet, DenseNet201, and a 

proprietary Convolutional Neural Network (CNN), underwent intensive training to obtain the 

requisite expertise for helmet identification. The training approach included providing the models 

with a varied dataset consisting of 3202 photos, including both bicyclists wearing helmets and 

riders without wearing helmets. The dataset was partitioned into separate training and testing sets 

in order to assess the models' ability to generalize. During the training process, the models 

continuously modified their internal parameters using an adaptive optimization approach in order 

to minimize the category cross-entropy loss. In order to mitigate overfitting, the use of 

regularization methods, such as dropout layers, was done deliberately and intelligently. The 

training process consisted of 30 epochs, during which the models' development was measured 

using measures such as accuracy and loss. The trained models that were obtained served as the 

basis for the reliable identification of helmets in future examinations. 

 

3.4.9 Experimental Environment  

The evaluation was conducted using a personal computer equipped with a 3.40GHz 4.10GHz 

Intel(R) Core(TM) i5-7500U central processing unit (CPU), a 4GB NVIDIA HD Graphics 630 

graphics processing unit (GPU), 16GB of random access memory (RAM), and Windows 10 as the 

operating system. This business plan utilizes the Google Colab Notebook, which is an open-source 

and cost-free tool for execution. The model was constructed using a fusion of TensorFlow and 

Keras. 
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CHAPTER 4  

RESULTS AND DISCUSSIONS   

4.1 Confusion Matrix  

Within the realm of deep learning, a tool called a confusion matrix is used to present the 

quantities of correct, incorrect, and indeterminate predictions generated by a classifier. It is a 

reliable method for assessing the value of a model and the accuracy of its predictions. The 

perplexing matrix has both rows and columns. The rows correspond to the anticipated 

frequencies of the class, while the columns depict the actual occurrences of the class. Estimates 

are considered legitimate only if they fall precisely on the diagonal of the matrix. Any estimates 

that do not meet this criterion should be ignored. The confusion matrix may serve as the 

foundation for deriving several additional measures. The F1 score, in addition to accuracy and 

precision, is also worth considering. By highlighting the model's limitations, it facilitates 

understanding of the restrictions imposed on its use. 

In Figure 4.1, I show the confusion matrix for the ResNet50 model, which was given in the photos 

I gave it during training. Along the line, the number of right answers is shown. 

 

  
Figure 4.1: The Confusion matrix of ResNet50  
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In Figure 4.2, I show the confusion matrix for the InceptionV3 model, which was given in the 

photos I gave it during training. Along the line, the number of right answers is shown. 

 

 Figure 4.2: The Confusion matrix of InceptionV3 

In Figure 4.3, I show the confusion matrix for the EfficientNet model, which was given in the 

photos I gave it during training. Along the line, the number of right answers is shown.  

 

Figure 4.3: The Confusion matrix of EfficientNet 
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In Figure 4.4, I show the confusion matrix for the DenseNet201 model, which was given in the 

photos I gave it during training. Along the line, the number of right answers is shown.  

 

Figure 4.4: The Confusion matrix of DenseNet201 

In Figure 4.5, I show the confusion matrix for the CNN model, which was given in the photos I 

gave it during training. Along the line, the number of right answers is shown.  

 

Figure 4.5: The Confusion matrix of CNN 
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4.2 Learning Curve  

A simple line called a "learning curve" shows how the success of a model changes as more 

information or experience is gained. In machine learning, learning curves are often used to figure 

out what's wrong with algorithms that get better over time after seeing a training dataset. The 

learning curve picture shows both train and validation accuracy, as well as train and validation 

loss. 

 
Figure 4.6: Learning curve of custom ResNet50 model. 

 

Figure 4.6 displays the accuracy and training/validation loss of ResNet50. The use of blue tones 

in both drawings serves to symbolize an efficacious training procedure and a reduction in the loss 

incurred during training. However, the presence of validation mistakes and losses is visually 

shown by the color orange. At the outset, the training loss exhibits a value of around 0.2105. 

Nevertheless, with the progression of epochs, the loss undergoes a progressive decline. The loss 

value demonstrates stability across several epochs, consistently hovering at about 0.8524. Upon 

first observation, it is evident that the training efficiency exhibited a value of around 0.0428. 

Subsequently, the precision of the model increases with time as further epochs are included. The 

precision stays consistent at around 0.9807 even after a significant number of epochs have 

transpired. However, over the progression of the epochs, the validation loss remains rather stable. 

The first validation accuracy was a mere 0.028, while the range of loss values spans from 0.2105 

to 0.8524. In some cases, the precision of confirmation is enhanced with an increase in the duration 
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of epochs. Lastly, it should be noted that by increasing the number of epochs, the confirmation 

accuracy remains consistent, with the ultimate value converging around 0.9807. 

 

Figure 4.7: Learning curve of custom InceptionV3 model. 

 

The training and validation loss and accuracy of InceptionV3 may be shown in Figure 4.7. The 

use of blue tones in both drawings serves to symbolize an efficacious training procedure and a 

decrease in the loss incurred throughout the training phase. However, orange is used to indicate 

validation problems and losses. At the outset, the training loss seems to be around 0.4102. 

Nevertheless, as the number of epoch’s progresses, the loss exhibits a progressive decline. The 

loss value demonstrates a consistent stability at around 0.8824 during many epochs. Upon first 

observation, it seems that the training efficiency was around 0.0528. Subsequently, the precision 

of the model increases with time as further epochs are included. The level of accuracy stays 

consistently steady at about 0.9909 even after a significant number of epochs have transpired. 

However, with the progression of epochs, the validation loss remains rather stable. The first 

validation accuracy was recorded as 0.0528, while the losses ranged from 0.4020 to 0.8824. In 

some instances, the precision of confirmation is enhanced with an increase in the duration of 

epochs. Ultimately, as the number of epochs rises, the outcome gradually converges around 

0.9909, with the confirmation accuracy remaining consistent. 

. 
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Figure 4.8: Learning curve of custom EfficientNet model. 

 

Figure 4.8 illustrates the accuracy and loss metrics observed throughout the training and validation 

processes for EfficientNet. The use of blue tones in both drawings serves to symbolize an 

efficacious training procedure and a decrease in the loss incurred throughout the training phase. 

However, the presence of validation mistakes and losses is indicated by the color orange. The first 

training phase had a loss value of around 0.4102, which exhibited a progressive decline as the 

number of epochs increased. The loss value demonstrates stability across several epochs, 

consistently oscillating around 0.8622. Upon first examination, the observed training efficacy is 

around 0.0425. Subsequently, the level of precision progressively improves throughout time as 

further epochs are included. The accuracy exhibits a consistent stability of around 0.9517, even 

after a substantial number of epochs have transpired. However, over the progression of the epochs, 

the validation loss remains rather stable. The first validation accuracy was a mere 0.0425, whereas 

the subsequent loss values vary between 0.4102 and 0.8622. In some cases, the precision of 

confirmation is enhanced with an increase in the duration of epochs. Finally, it should be noted 

that when the number of epochs is increased, the outcome approaches a value of 0.9517 in a 

consistent manner, without compromising the precision of confirmation. 
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Figure 4.9: Learning curve of custom DenseNet201 model. 

 

The accuracy and loss of DenseNet201 throughout training and validation are shown in Figure 

4.9. The utilization of blue tones in both examples serves as a visual representation of a proficient 

training procedure and a decline in the loss of training. However, the presence of validation 

mistakes and losses is indicated by the color orange. The observed initial training loss was around 

0.5105, which exhibits a decreasing trend as the number of epoch’s increases. The loss value 

exhibits stability across several epochs, consistently converging around 0.8724. Upon first 

observation, it seems that the training efficiency was around 0.0327. Subsequently, the precision 

of the model increases with time as further epochs are included. The precision stays consistently 

high at around 0.9902 even after a substantial number of epochs have transpired. However, with 

the progression of epochs, the validation loss remains rather stable. The first validation accuracy 

was recorded as 0.0327, while the losses ranged from 0.5105 to 0.8724. In some instances, the 

enhancement in confirmation accuracy may be seen with an increase in the duration of epochs. 

Finally, it should be noted that if the number of epochs is increased, the outcome converges 

towards a value of 0.9902, while the precision of confirmation stays consistent. 
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Figure 4.10: Learning curve of custom CNN model. 

 

Figure 4.10 displays the accuracy and loss values observed throughout the training and validation 

processes of CNN. The use of blue tones in both drawings serves as a visual representation of an 

effective training procedure and a decrease in the loss incurred during training. However, the 

presence of validation mistakes and losses is visually represented by the color orange. Upon first 

observation, it seems that the training loss approximated 0.4309. Nonetheless, as the number of 

epoch’s progresses, the loss exhibits a progressive decline. Upon reaching a certain number of 

epochs, the loss value converges and stabilizes at 0.8928. Upon first observation, it seems that the 

training efficiency was around 0.0528. Subsequently, the precision of the model increases with 

time as further epochs are included. The accuracy exhibits a consistent stability of around 0.9802, 

even after a considerable number of epochs have transpired. However, with the progression of 

epochs, the validation loss remains rather stable. The initial accuracy of the validation was 0.0528, 

whereas the losses ranged from 0.4309 to 0.8929. In some instances, the precision of confirmation 

is enhanced with an increase in the duration of epochs. As the number of epochs rises, the result 

gradually approaches a value of 0.9802, but the confirmation accuracy stays consistent. 
 

4.3 Performance Matrix 

Table 4.1: Performance of ResNet50 

 

ReasNet50 

Accuracy TP + TN/TP + TN + FP+FN 382+236 / 382+236 +16+7 97% 

Precision TP/TP + FP 382/ 382+16 96% 
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Recall TP/TP + FN 382/ 382+7 98% 

Specificity TN/TN + FP 236 / 236 +16 94% 

F1-Score 2TP/2TP + FP + FN 2*382/ 2*382+16+7 97% 

 

Analysis of many performance measures indicates that I had success in decreasing training loss 

and enhancing accuracy (Table 4.1). 
 

Table 4.2: Performance of InceptionV3 

 

InceptionV3 

Accuracy TP + TN/TP + TN + FP+FN 375+211 / 375+211 +41+14 90% 

Precision TP/TP + FP 375/ 375+41 90% 

Recall TP/TP + FN 375/ 375+14 96% 

Specificity TN/TN + FP 211 / 211 +41 84% 

F1-Score 2TP/2TP + FP + FN 2*375/ 2*375+41+14 93% 

 

Analysis of many performance measures indicates that I had success in decreasing training loss 

and enhancing accuracy (Table 4.2). 
 

Table 4.3: Performance of EfficientNet 

 

EfficientNet 

Accuracy TP + TN/TP + TN + FP+FN 380+242 / 380+242 +10+9 98% 

Precision TP/TP + FP 380/ 380+10 97% 

Recall TP/TP + FN 380/ 380+9 98% 

Specificity TN/TN + FP 242 / 242 +10 96% 

F1-Score 2TP/2TP + FP + FN 2*380/ 2*380+10+9 98% 
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Analysis of many performance measures indicates that I had success in decreasing training loss 

and enhancing accuracy (Table 4.3). 

 

Table 4.4: Performance of DenseNet201 

 

DenseNet201 

Accuracy TP + TN/TP + TN + FP+FN 378+231 / 378+231 +21+11 95% 

Precision TP/TP + FP 378/ 378+21 95% 

Recall TP/TP + FN 378/ 378+11 97% 

Specificity TN/TN + FP 231 / 231 +21 92% 

F1-Score 2TP/2TP + FP + FN 2*378/ 2*378+21+11 96% 

 

Analysis of many performance measures indicates that I had success in decreasing training loss 

and enhancing accuracy (Table 4.4). 
 

Table 4.5: Performance of CNN 

 

CNN 

Accuracy TP + TN/TP + TN + FP+FN 374+209 / 374+209 +43+15 87% 

Precision TP/TP + FP 374/ 374+43 90% 

Recall TP/TP + FN 374/ 374+15 96% 

Specificity TN/TN + FP 209 / 209 +43 83% 

F1-Score 2TP/2TP + FP + FN 2*374/ 2*374+43+15 93% 

 

Analysis of many performance measures indicates that I had success in decreasing training loss 

and enhancing accuracy (Table 4.5). 
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4.4 Result 

Table 4.6: Prediction Performance of model’s precision, recall, f1 score, Specificity 
 

Algorithm name Accuracy Precision Recall Specificity F1-Score 

RestNet50 97% 96% 98% 94% 97% 

InceptionV3 90% 90% 96% 84% 93% 

EfficientNet 98% 97% 98% 96% 98% 

DenseNet201 95% 95% 97% 92% 96% 

CNN 87% 90% 96% 83% 93% 

 

In Table 4.6, training my programs consumes 80% of my time, while testing those takes up the 

remaining 20%. The provided table displays a comprehensive overview of the algorithms, 

including their respective f1 scores, accuracy, precision, memory, and specificity. The accuracy 

results for the different models are as follows: CNN - 87%, InceptionV3 - 90%, DenseNet201 - 

95%, Resnet50 - 97%, and EfficientNet - 98%. Among these, EfficientNet achieves the highest 

accuracy of 98%, making it my top performing model. 
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CHAPTER 5  

Impact on Society, Environment, and Sustainability  

 

5.1 Impact on Society 

The use of deep learning techniques for the purpose of identifying whether bike riders are wearing 

helmets has important implications for the health and safety of the general population. The 

possibility of accidents and brain damage is becoming a big concern as the number of individuals 

who prefer to use bicycles as a mode of transportation continues to rise. Using complex methods 

such as ResNet50, InceptionV3, EfficientNet, DenseNet201, and a custom CNN, this research 

provides a substantial contribution to the development of an intelligent and automated system for 

determining whether or not bikers are wearing helmets. This is accomplished by efficiently 

combining these methods. The impact on society is significant, primarily in terms of enhancing 

road safety via the encouragement of behaviors that include the wearing of helmets. It is possible 

to include the automated detection system into traffic surveillance cameras, which would provide 

assistance to law enforcement agencies in the implementation of live monitoring of safety 

compliance. It is also possible that the findings of the research might be used in public awareness 

campaigns to emphasize the relevance of wearing helmets, which could potentially lead to a 

reduction in the number of brain injuries that occur as a consequence of accidents involving 

bicycles. The fundamental purpose of the research is to improve the safety conditions for cyclists 

and to make a contribution to the general improvement of legislation governing road safety. 

5.2 Impact on the Environment 

The adoption of deep learning algorithms for the identification of helmets worn by bike riders has 

important consequences for the environment, even if such impacts are indirect. In light of the fact 

that the study is focused on enhancing road safety and decreasing the number of accidents that are 

associated with riding, the following decrease in the number of accidents may result in favorable 

environmental impacts. In the event that there are fewer accidents, the needs for emergency 

response will be reduced, which will result in a reduction in the carbon footprint that is linked with 

the deployment of emergency vehicles. Furthermore, a decrease in the severity of accidents may 

lead to a reduction in the development of medical waste and the accompanying environmental 

consequences this reduction may have. Through the use of automatic helmet detection, the 
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promotion of safe bicycling behaviors coincides with larger sustainability aims by encouraging 

the development of transportation systems that are responsible and environmentally beneficial. 

Not only does the projected reduction in accidents improve public safety, but it also corresponds 

with worldwide programs that are aimed at developing communities that are ecologically 

sensitive. 

5.3 Sustainability Plan 

The integration of deep learning techniques for helmet detection in bike riders not only contributes 

to road safety but also holds potential for long-term sustainability. To ensure the enduring impact 

of this research, a comprehensive sustainability plan is essential. Firstly, continuous updates and 

improvements to the detection model will be pursued to accommodate advancements in 

technology and maintain high accuracy. Collaborations with relevant stakeholders, such as traffic 

management authorities and bike-sharing programs, will be established to implement the detection 

system on a broader scale. This collaborative approach enhances the scalability and accessibility 

of the technology. In addition, educational initiatives will be undertaken to raise awareness about 

the importance of helmet usage among bike riders. Collaborations with schools, bike rental 

services, and community organizations will be forged to integrate helmet detection technology 

into safety campaigns and training programs. This multi-faceted approach not only enhances the 

sustainability of the research but also fosters a culture of responsible biking practices. 

Furthermore, open-sourcing the trained models and datasets will be considered, allowing the 

broader research community to benefit from and contribute to the ongoing improvement of helmet 

detection algorithms. This transparency fosters a collaborative environment, ensuring the 

longevity and adaptability of the technology in the face of evolving challenges. Lastly, ongoing 

partnerships with environmental organizations will be pursued to measure and assess the 

environmental impact resulting from a reduction in biking-related accidents. This data will provide 

valuable insights into the broader sustainability goals of the research, aligning with global efforts 

to create safer and more eco-friendly transportation ecosystems. Through these measures, the 

sustainability plan ensures that the research not only addresses immediate safety concerns but also 

contributes to a lasting positive impact on society and the environment. 
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5.4 Ethical Aspects 

As I delve into the realm of deep learning applications for helmet detection in bike riders, it is 

imperative to consider the ethical implications associated with the implementation of such 

technology. The primary ethical concern revolves around privacy, as the detection model utilizes 

image data collected from public spaces. To address this, strict adherence to data anonymization 

and privacy regulations will be maintained throughout the research process. Consent will be 

obtained from individuals captured in the dataset, ensuring their rights are respected. Moreover, 

bias mitigation strategies will be implemented to prevent any discriminatory outcomes of the 

detection model. Efforts will be made to ensure equal representation across diverse demographics 

in the dataset, and continuous monitoring of the algorithm's performance will be conducted to 

identify and rectify any biases that may arise. Transparency will be prioritized, and the algorithm's 

decision-making process will be made accessible to the public to foster trust and accountability. 

In addition, the deployment of the helmet detection system will be executed in a manner that 

minimizes unintended consequences. Public awareness campaigns will precede the 

implementation, informing bike riders about the purpose and benefits of the technology. Clear 

signage and communication about the presence of the detection system will be established to 

maintain transparency and inform individuals about the data collection process. The ethical 

considerations extend to the potential misuse of the technology. Safeguards against unauthorized 

access and use of the data will be implemented, and strict protocols will be in place to govern 

access to the detection system. Collaboration with legal and ethical experts will be sought to ensure 

that the implementation aligns with existing regulations and ethical standards. By proactively 

addressing these ethical considerations, this research aims to establish a framework that prioritizes 

the responsible and ethical deployment of deep learning technology for the betterment of road 

safety. The goal is to strike a balance between technological advancement and ethical 

responsibility, fostering a safer and more inclusive environment for all bike riders. 
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CHAPTER 6  

CONCLUSION AND FUTURE WORK   

6.1 Conclusion 

In conclusion, this research marks a significant stride towards enhancing road safety through the 

application of deep learning techniques in helmet detection for bike riders. The comprehensive 

analysis of multiple algorithms, including ResNet50, InceptionV3, EfficientNetB0, DenseNet201, 

and CNN, has provided valuable insights into their respective performances. Each algorithm 

demonstrated varying levels of accuracy and efficiency, with [Algorithm with the highest 

accuracy] emerging as the most proficient in my context. The need for an automated system that 

could differentiate between helmets and quickly notify of any incidents gave rise to this invention. 

Bikers' safety may be guaranteed by using this strategy. In order to make sure everyone stays safe, 

I'd want to have pictures of drivers with and without helmets. First things first, I sort photos of 

people riding bicycles. I obtain the dataset conditionally dependent upon image categorization. 

The frames that don't measure up will be thrown out or ignored. I achieved an impressive accuracy 

of almost 98% using a dataset of 3202 rows and five methods. Throughout the investigation, I 

address the various constraints of the raw dataset I have. There is a limit to the amount of right 

values and a smaller, but still noticeable, restriction to the number of wrong values. The 

commonality makes it impossible to get a better outcome. If I can find a comparable figure, I can 

evaluate the algorithms thoroughly, ensuring that I have a complete understanding of their 

capabilities, which will improve the accuracy. The dataset, meticulously collected from various 

routes, encapsulates real-world scenarios, further enhancing the applicability of the models in 

practical settings. The ethical considerations addressed in this research emphasize the commitment 

to responsible AI deployment. Privacy safeguards, bias mitigation strategies, and transparency 

initiatives have been integral components of the methodology, ensuring the technology's ethical 

implementation. The respect for individual privacy rights and the proactive mitigation of biases 

underscore my dedication to the ethical dimensions of AI. As I envision the practical 

implementation of the proposed system, considerations for societal impact, environmental 

implications, and sustainability plans have been thoroughly outlined. The potential positive impact 

on road safety and accident prevention is substantial, providing a compelling rationale for the 

adoption of this technology. However, the research also recognizes the importance of ethical and 

sustainable practices to prevent unintended consequences. Looking forward, the insights gained 
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from this study pave the way for future research avenues and improvements. Refinements in model 

architectures, data augmentation techniques, and continuous monitoring of algorithmic 

performance will be essential to stay at the forefront of advancements in deep learning for road 

safety applications. In essence, this research lays the foundation for a holistic and responsible 

approach to helmet detection using deep learning, contributing to the broader discourse on AI 

ethics and its role in shaping a safer and more secure future on the roads. As I transition from the 

realms of experimentation to practical implementation, the commitment to ethical principles will 

remain steadfast, ensuring that technological innovation aligns seamlessly with societal welfare 

and ethical standards. 
 

6.2 Future Work  

This research opens avenues for future investigations and enhancements in the domain of 

helmet detection using deep learning techniques. Firstly, a more extensive dataset with diverse 

environmental conditions and a broader range of helmet types could be curated to improve the 

model's adaptability to real-world scenarios. Additionally, exploring advanced data 

augmentation techniques and fine-tuning model hyperparameters may further optimize the 

algorithms' performance. Further research can delve into the dynamic nature of bikers' 

movements and varying angles, aiming to develop models robust enough to handle complex 

scenarios such as partial occlusions and non-standard helmet placements. Investigating the 

feasibility of real-time implementation in edge devices or IOT devices is another promising 

direction, fostering the development of practical, on-the-go helmet detection solutions. Ethical 

considerations and bias mitigation strategies can be refined, taking into account user feedback 

and diverse perspectives. Continuous monitoring and updating of the models to address 

emerging biases and privacy concerns will be essential for responsible AI deployment. 

Collaboration with regulatory bodies and stakeholders can ensure that the technology aligns 

seamlessly with legal frameworks and safety standards. Moreover, incorporating multimodal 

data, such as combining image data with sensor inputs or contextual information, could enhance 

the overall accuracy and reliability of the system. This interdisciplinary approach may lead to 

more comprehensive solutions for helmet detection and contribute to a holistic understanding 

of road safety. As technology evolves, exploration of novel architectures, such as transformer-

based models or ensemble methods, could provide further performance improvements. The 
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integration of explainable AI techniques will enhance model interpretability, fostering trust and 

understanding of the decision-making processes. In conclusion, the future trajectory of research 

in helmet detection using deep learning holds the promise of refining existing models, 

expanding datasets, embracing ethical considerations, and pushing the boundaries of 

technology for a safer and more secure road environment. The continuous collaboration 

between researchers, practitioners, and policymakers will be pivotal in driving innovation and 

ensuring the sustained impact of these advancements. 
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APPENDIX  

Research Reflections:  

 

As I worked on this project, it was hard for me to find problems and situations. I started by 

choosing the best programs out of all of them so that they would work the best. Using machine-

learning and Python, everyone also had to get a deep knowledge of that. I didn't find it as easy as 

I thought it would be to collect and organize such a huge set of data. I finally reached my goal 

after a long time.  

 

For the CSE-499 Project/Internship Capstone course, students will also be required to complete 

this project. 
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