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ABSTRACT 

 

Risk factors of road accidents are increasing around the modern world. It is also applicable 

to Bangladesh. To reduce road accidents we proposed a system that detects objects on the 

road. We can implement this system using the available pre-trained model. Unfortunately, 

most available pre-trained models cannot detect Bangladeshi vehicles shapes and patterns. 

Thus, Our approach is to make a custom dataset and model from scratch. Based on this 

dataset and model irregular-shaped vehicles that are available in Bangladesh can be detected. 

To achieve our proposed method, we have collected Bangladeshi Vehicles Dataset 

containing 248 images. Based on this dataset a custom model has been built. We tested 

another 82 images which are distinct from the dataset to verify the accuracy of the custom 

model. We got a roughly 65 percent accuracy rate to detect these native vehicles varying the 

range from 91 - 37 percent. Thus, this system can be implemented as a road collision 

avoidance system in developing countries like Bangladesh. 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction 

Human existence has gotten more pleasant and effortless as new technologies emerge in 

several fields of research. The advancement of embedded technology in the automobile 

sector makes human life safer and more convenient. Over the years, the general public, 

governments, and the automobile industry have all been interested in automotive safety. 

Vehicle accidents are one of the biggest disasters that can strike at any moment and in any 

location. According to statistics from the World Health Organization (WHO), road deaths 

are the leading cause of death worldwide. Annually, over 1.2 million people die on the 

world's roadways, 20% of them are killed or injured as a result of aggressive driving or poor 

road conditions [1]. Almost everyone owns a car nowadays, raising the number of vehicles 

on the road and raising the number of accidents and road collisions each year [2]. Accidents 

are typically caused by the following factors: 

1) A complicated and unpredictable road environment. 

2) Excessive speeding of vehicles. 

3) Driving while intoxicated. 

4) Driver distractions. 

5) Avoiding safety equipment such as Seat Belts and Helmets. 

Numerous technologies are being created to assist drivers, and these technologies should 

provide drivers with a safer environment with a monitoring system, however owing to 

infrastructure costs, almost all of these technologies are only accessible in luxury 

automobiles. Ileri, K, et al. developed In 2016, a set of lane identification algorithms and a 

distance evaluation method were created to recognize lanes and measure distances for a 

driving automobile [2]. Alpar et al. proposed the Corona method in 2016 [3]. To avoid a 

forward accident, this approach might differentiate the vehicle's brake light from those other 

light sources. Prior, in 2015, Garethiya et al proposed a predictive vehicle collision 

avoidance system using Raspberry Pi and ultra-sonic sensors [4]. A team of researchers at 

the University of British Columbia (UBC) in Canada has developed a new technique for 
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detecting vehicles and estimating inter-vehicle distances. In 2017, Huang et al published a 

paper on how to use cameras to detect vehicles and their distance from each other using a 

single lens [5]. To reduce traffic accidents and the loss of human life, an accident alarm 

system is proposed. This is an automatic system that does not require any human 

involvement to fulfill its tasks. The system should be secure, accurate, simple, and 

inexpensive. This type of technology may be installed in any vehicle to assure the driver’s 

driving safety as well as the rider’s walking safety. This thesis describes the objects detection 

such as vehicles and pedestrians using Machine Learning Library (MLL) and OpenCV, by 

following this process vehicles can detect obstacles and it reduces accidents. 

 

1.2 Background 

In computer vision systems, object recognition is essential. Video surveillance [6], medical 

image processing [7], and robotic control [8] are just a few of the uses. Background removal, 

temporal differentiation, support vector machine, optical flow, contour fitting [9], and 

Kalman filtering are some of the approaches that may be used for this. Besides the 

approaches mentioned above, Convolutional Neural Networks (CNN) is the most modern 

development to object identification. Breakthroughs in image categorization began when 

Alex [10] Deep convolutional neural networks (DNN) were used to win the 2012 ImageNet 

competition. In the ImageNet [11] competition, they trained a Deep CNN to recognize 1.2 

million high-resolution pictures with over 1,000 classifications. They outperformed earlier 

state-of-the-art models in terms of accuracy. As a result, several academics became 

interested in developing a unique method for developing efficient deep convolutional neural 

networks. In publication [12], To tackle object detection with minimum training examples, 

the authors developed a low-shot transmission detection method employing a configurable 

deep learning model and a regulated transfer learning framework. For object detection, 

another study [13] presented a gating network and a range decision-making network. The 

regional identification network tells you where to look for locations to learn attributes from. 

The gatting network, on the other hand, functions as a feature generator that modifies feature 

maps locally. For visual detection and tracking [14], convolutional neural networks were 

utilized. They constructed an ad hoc huge dataset comprising positive and negative instances 
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of framed objects from the ImageNet database and used Alex Net [10] architecture to 

identify the most promising patch. Active learning is another way of detecting objects [15]. 

This is a category of image classification techniques that search for the most useful examples 

to include in a training set. Finally, based on form and color sequence comparison, artificial 

neural networks were employed to detect things. 

 

1.3 Motivation 

Image/vision innovation is also implemented for detection, tracking and safety [16]. It is the 

most difficult duty since quick processing is required to inform the driver as soon as feasible. 

Every frame in which a pedestrian appears must be detected  [17]. However, the system based 

on image/vision technology has certain disadvantages. The system breaks down in several 

unfavorable weather conditions, such as smog, severe and intense wet conditions. When 

attempting to distinguish between shadows and pedestrians, the system occasionally 

generates an error. The system necessitates high-resolution cameras, and implementing such 

a system is a challenging undertaking since it creates errors owing to vehicle dampening and 

vibrations. Ultrasonic sensors and radar sensors have recently been employed in vehicle 

obstacle detection systems [18],[19]. Because of its extended detectable range and greater 

reliability, the driver monitoring assistance system employs RADAR [20]. LiDAR sensors 

[21],[22] are used to scan road borders. Also, they are used for detecting any types of 

obstructions, and a safe vehicle path is created by them. Obstructions and road limits are 

detected using downward-facing LiDAR sensors. Moreover, such a system consumes more 

energy and is, therefore, more costly to set up. Thus,  Radar systems are the best solution for 

detecting obstacles. 

 

1.4 Why do We need this system? 

As previously said, this automatic braking technology is in high demand to boost life-saving 

efforts. 
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• A significant benefit is the cost problem. It is rather inexpensive. So many of these 

may be used anywhere they are needed. 

• It protects those in need of rescue and can detect impediments in its path. 

 

1.5 The Objective of the Thesis 

Our work has various objectives, which are as follows: 

• To make a custom model for Bangladeshi roads & vehicles using RCNN. 

• Training the custom model using Tensorflow machine learning library. 

• To verify the accuracy of our trained custom model. 

 

1.6 Advantages of the object and pedestrian identification 

• Object detection enables us to identify and locate the objects in an image or video. 

• It can be used to determine and monitor the object and pedestrian’s precise positions. 

• Also, this detection allows us to precisely classify and label them using this type of 

identification and localization. 

• It may be used to count objects and pedestrians in an environment such as a road 

also. 

• Object and pedestrian detection can be used to reduce road collisions. 

• It can be also used for managing the road traffic system. 

 

1.7 Thesis Outline 

We discussed and divided our thesis in six chapters, and the following are the outlines of our 

report: 

• The first chapter is the introduction. This introduction part of this system has been 

covered in this chapter. 

• The second chapter provides a survey of the literature, and some past work those are 

relating to this system is reviewed. 
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• The third chapter described the methodology and the technique of the approach, 

which includes the way of developing the entire system as well as the essential flow 

charts, block diagrams and programming techniques. 

• The fourth chapter is all about simulation techniques. How this system can be 

simulated is discussed in this chapter. 

• The fifth chapter is titled as result and discussion. and it discusses the outcome and 

objective verification of our system. 

• The sixth Chapter contains a conclusion and recommendations for further study. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Introduction 

Road accidents have been one of the most severe problems in today's world, and the majority 

of them are the result of carelessness and stupidity on the part of drivers. Drivers must be 

alert of a number of elements, such as vehicle direction and velocity, passing automobiles, 

vehicle placement, and potentially harmful or unusual objects ahead. People have been 

exploring and investigating ways to construct a driving-assistance system in order to increase 

driving safety. If a driver assistance system could collect information about the surrounding 

environment in advance, it would significantly lessen the stress of driving for drivers while 

also making driving safer and easier. Advanced driver assistance systems (ADAS) are 

technologies designed to automate car systems for improved safety and driving performance. 

Safety precautions are intended to prevent crashes and accidents by providing technologies 

that warn the driver of possible hazards or by installing safeguards and taking control of the 

vehicle. Object tracking has a direct influence on driver safety, and damage may be quickly 

caused owing to their ignorance. Vehicle detection has been examined using a variety of 

sensors including RADAR, Li-DAR, sensor fusion, and monochromatic vision. Vision-

based vehicle detection approaches have become a trendy topic in the field of research 

because of their availability, low-cost, high-performance cameras and practical computer 

vision technology. 

 

2.2 Review of previous work 

We looked at various existing works involving human detection, object detection, Model 

training and machine learning related works, automated braking vehicles, rescue vehicles, 

various monitoring vehicles and so on. The following sections will provide an in-depth 

analysis of the related works. 
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2.2.1 Previous works 

Collision Avoidance System (CAS) is a vehicle safety system that is meant to minimize the 

likelihood and severity of an accident. These approaches have progressed from simple 

systems to cognitive computing that is now being utilized and researched. To detect an 

impending accident, they employ electrical circuitry in conjunction with distance sensors 

and, occasionally, video sensors. Once detected, these systems can alert the driver of an 

impending accident or act autonomously by applying the brakes without any human input  

[23]. 

The method employs two ranged sensors, one for the forward end and another one for the 

backward end. When a minimum distance separation is achieved, it detects obstructions. 

However, the system is restricted to detecting obstructions and emitting warning signals; no 

countermeasures are automatically activated to prevent crashes.  

In addition, [4] makes use of the Raspberry Pi a widely used microcomputer and an 

ultrasonic sensor detecting potential to estimate the distance between moving and fixed 

objects. The sensors are installed to detect obstacles in front of the vehicle as well as 

obstacles in the vehicle's blind area. There is no anti-collision mechanism in the system. 

 

2.2.2 The Haar cascade technique is used to identify vehicles 

The road detection method is a difficult system to implement since there are several types of 

road incidents. The method is used to determine the best drivable area of the roadways. This 

method is used to find the road surface and display the vehicle's drivable zone. The HSV 

algorithm is used to recognize roads. A digital picture is divided into numerous parts known 

as super-pixels. The provided image is transformed into a super-pixel image then partitioned. 

Each pixel is colored to the user's preference. The partitioned pixels are separated, and the 

required pixel is used as an input to the HSV color space. The appropriate pixel color is 

retrieved, and the road in the image is identified [24]. 
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2.2.3 FPGA-based Automatic Reverse Braking System 

The suggested auto-braking system is made up of obstacle sensors installed in the automobile 

that identify the obstruction's reversing route and transmit a signal to the FPGA. Its output 

of the object sensor is analog, but the FPGA wants data in digital form, therefore we need a 

circuit called the Sensing circuit. The sensing circuit will transform analog information into 

a digital format. That is, the analog output of the sensor will be converted to digital and sent 

to the FPGA. As a sensing circuit, ADC is utilized. The behavior of the FPGA is defined by 

VHDL, which works as a controller logic and is created with the help of FSM, which will 

detect the object based on the digital input and take appropriate action. Switching circuits, 

such as tail lights or LEDs, supply the output. In practice, the final output is linked to a 

mechanical device, which is linked to the vehicle's braking system, which is in charge of 

applying brakes, giving rise to the idea of automated breaking  [25]. 

 

2.2.4 Obstacle detection using the infrared sensor 

Earlier research on obstacle detection involved the use of infrared sensors [26], which have 

been widely utilized as sensing devices for avoiding obstacles. Because an infrared sensor 

has nonlinear behavior and the main notion is based on reflection from a moving object, it 

causes inaccuracy in the estimated distance. As a result, these sensors were untrustworthy 

for accurate readings. As a result, these sensors are only appropriate for measuring small 

distances up to 25 cm. 

 

2.2.5 Several sophisticated technologies facilitate braking 

The first law of motion, by Sir Isaac Newton, gave birth to the creation of an automobile's 

braking system because an automotive vehicle requires not only a power source but also an 

effective braking system, since the more the horsepower, the greater the brake force 

necessary to stop or de-accelerate that vehicle. This concept sparked several studies in the 

subject of braking, resulting in its evolution, which allows us to choose an appropriate brake 

system based on our needs today. A brake system is a collection of numerous couplings and 
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equipment designed in such a way that they convert the vehicle's kinetic energy into thermal 

energy, which then slows or stops the vehicle. The frictional pressure formed by the 

frictional contact between the brake shoe and the moving drum or disc of the braking system 

converts kinetic strength to thermal strength. 

 

2.2.5.1 Autonomous Emergency Braking (AEB) system 

It is also an automated streetcar safety process that enables sensors for monitoring the 

closeness of cars in front of it and recognizes instances in which the velocity vector and 

range between both the host and intended vehicles indicate that an accident is imminent. In 

such a case, emergency brakes can be automatically deployed to avoid or at least reduce the 

impact of a collision. According to recent research, if all automobiles were equipped with 

the technology, it could have reduced crashes by up to 27 percent and saved up to 8,000 lives 

each year [27]. 

 

2.2.5.2 Anti-lock braking system (ABS) 

ABS is an automobile safety system that enables a vehicle's wheels to retain torque 

multiplication contact with the ground in response to driver inputs when braking, keeping 

control of the vehicle and avoiding uncontrolled sliding. It's a computerized system that 

employs the cutoff and frequency braking techniques utilized by advanced users with older 

brake systems. It does it significantly more quickly and with effective coordination than a 

person could. ABS [27] improves vehicle handling and shortens stopping distances on dry 

and slick roads. Anti-lock braking performance is one of the most essential factors 

influencing vehicle safety. Fig. 2.1 depicts the Anti-Lock Braking System (ABS). Stopping 

distance is a critical measure for assessing a road vehicle's overall braking ability. The 

following are the primary parameters that influence brake stopping distance:  

1. The vehicle's weight. 

2. The vehicle's speed. 

3. Road adhesion coefficient. 
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Fig. 2.1: Anti-Lock Braking System (ABS). 

 

2.2.5.3 Electronic Brake Force Distribution (EBD) 

EBD helps cars to stop at short ranges by dispersing braking force based on the vehicle's 

weight distribution [28]. Each tire of an automobile has a distinct load due to the uneven 

distribution of weight. Vehicle dynamics also influence the strain that a tire must handle. 

When braking on a horizontal plane, the vehicle's weight changes from the back to the front. 

When braking into a turn, on the other hand, the pressure transfers outside in accordance to 

the turning. The more pressure a wheel can support, the better its grip will be and the greater 

braking power it will have. The EBD makes use of this physical reality. The EBD changes 

the proportion of front brake forces on the left and right to enhance the stopping effect. In 

Fig. 2.2 we can see that the front wheels take a majority portion of force than the back 

wheels. Wheel velocities are monitored closely, and if tire slide owing to low pressures is 

observed, deceleration power on heavier laden tires is intensified. EBD is an upgrade over 

ABS in that it employs the same elements as ABS and hence requires just a change in the 

algorithm to generate an EBD braking system. 
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Fig. 2.2: EBD applies extra braking force to front wheels. 

 

2.3 Computer Vision 

Computer vision is a subject of investigation that focuses on assisting computers in decoding 

high-level data from electronic images and movies [29]. It discusses methods for gathering, 

organizing, and analyzing high-level data in order to synthesize symbolic data. Pattern 

recognition and reinforcement learning are aided by artificial intelligence, which is a part of 

computer vision. In the medical sciences, industry, and the military, computer vision has a 

wide range of uses. Computer vision is being used in autonomous automobiles, which is a 

recent application field. In the independent sections of tasks, vision is provided in a variety 

of ways. Some systems employ web cameras, but others prefer IP cameras, which are ready 

to use and require just placement. It is unusual to see a Raspberry Pi being used to provide 

computer vision given its processing capabilities. We've gone through some of the work that 

combines computer vision and image processing. In general, real-time image processing is 

a complicated operation that necessitates a significant amount of computing power. Making 

the Raspberry Pi competent at processing real-time pictures and videos and delivering 

computer vision, on the other hand, make the system cost-effective [30]. The Raspberry Pi 

is utilized for educational reasons, with students being required to create a system that 

includes a raspberry pi and image processing technology. The unique elements of this work 

that make it stand out are its energy-saving and low-cost configuration. The version they 

utilized is not disclosed, even though Model B is referenced in the report. Image processing 

languages include Octave and Python. For the pupils, they created a raspberry pi-centric 

microcomputer and a digital signal processing study. Various methods are used to detect the 
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driver's sleepiness [31]. Several of them are steering pattern monitoring, which mainly uses 

input from an electric operated steering system, vehicle position in lane observing, which 

employs a lane monitoring camera, and driver face monitoring [32], which employs 

computer vision to detect the driver's face using an external USB camera or a built -in camera. 

Body sensors are employed in physiological measuring systems to monitor the activity of 

body components [33]. This one demonstrates the usage of RPI in surveillance and 

monitoring systems in conjunction with computer vision [34]. A tracking system and motion 

detection are part of the surveillance progression. With the help of the Raspberry Pi, Simple 

CV is utilized to offer computer vision. It aids in the detection of motion. This causes lights 

to turn on to guarantee that the movement is captured, as well as the camera's footage to be 

streamed online. There is a mention of the MPJG streamer to help with feed streaming. There 

is no mention of the type of camera utilized. 

 

2.3.1 Machine learning 

Machine learning is a growing field of computational algorithms that aim to simulate 

intelligence by learning from its surroundings. They are regarded as the workhorses in the 

new era of so-called big data. Recognition systems, computer vision, aerospace engineering, 

finance, entertainment, and computational biology, as well as biological and medicinal 

applications, have all successfully employed machine learning techniques. In advanced 

stages of local illness, electromagnetic radiation (radiation therapy) is utilized to treat more 

than half of cancer patients and is the major treatment approach. Radiation therapy is a 

complicated set of actions that not only cover the time between consultation and treatment, 

but also go above and beyond to ensure that patients have received the specified amount of 

radiation and are reacting appropriately. The sophistication of these procedures can vary and 

may involve multiple phases of sophisticated human-machine interactions and decision-

making, which would naturally welcome the use of machine learning algorithms to enhance 

and digitalize these processes, such as radioactivity physical quality control, contouring and 

therapeutic interventions planning, image-guided radiation therapy, breathing motion 

management, treatment response model construction, and outcome prediction. Machine 

learning algorithms' capacity to learn from the present environment and adapt to already 
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experienced tasks should lead to improvements in radiation safety and efficacy, as well as 

improved outcomes [35]. 

 

2.3.2 OpenCV 

OpenCV is a free and open-source library for visual recognition tasks such as video and 

image processing. OpenCV was created with a significant emphasis on real-time 

applications and computational performance in mind. If the proper IPP library runtime is 

installed, OpenCV will utilize it automatically. OpenCV’s main goal is to provide 

straightforward visual recognition, classification, labeling, identification approach that helps 

engineer to build sophisticated systems. Machine Learning Library (MLL) is highly useful 

and integrated for computer vision (CV) related works. 

 

2.4 Related Works 

Vehicle detection and vehicle light detection research may be separated into two categories: 

sensor-based detection methods and vision-based detection approaches. Vehicle light 

detection may be seen as a vehicle detection method to some extent. 

A common way for vehicle detection is to employ sensors such as laser beams, millimeter-

wave radar systems or optoelectronic devices. The first two are referred to as active sensors, 

whereas optical sensors are referred to as passive sensors [36]. While active sensors have 

yielded encouraging results, there are significant disadvantages, including poor scanning 

speed and low spatial resolution. A significant issue is the expensive expense of a laser or 

radar. When compared to active sensors, the optical sensor provides a cost advantage of 

70%. Optical sensors may be used to monitor cars, detect lanes, and identify objects. Certain 

complex circumstances are difficult to manage with optical sensors, such as lighting 

changes, complex outside settings, and crowded backgrounds [37]. Vehicle detection using 

visual techniques is a difficult challenge. Many studies on vehicle detection have been 

conducted. In article [38], for example, HOG characteristics were employed for vehicle 

detection. To accomplish vehicle detection, several characteristics including rectangle 
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features and a Gabor filter, were provided [39]. To detect automobiles, researchers exploited 

shadow qualities of a specific region of interest, such as Histogram equalization and entropy. 

Because the car in front does not always appear in the default zone of interest in a dynamic 

environment, this approach has the problem of not explaining how the zones of interest are 

set in the input frame. 

 

2.5 Worldwide research on Vision-based intelligent vehicle 

Many public-funded and private institutions throughout the world have launched numerous 

initiatives with the eventual objective of creating autonomous cars, including a large number 

of research units working together. These efforts have resulted in several prototypes and 

solutions based on a variety of methods [40]. The PROMETHEUS program was a forerunner 

in this field in Europe (Program for European Traffic with Highest Efficiency and 

Unprecedented Safety). More than 13 automakers and many research institutes from 19 

European countries were involved in the project. Several prototype vehicles and systems 

(VaM0Rs, VITA, VaMP, MOB-LAB, and GOLD) were developed as a result of this 

research. Despite the fact that the first attempts to develop intelligent automobiles were made 

in Japan in the 1970s, significant research activity in Europe began in the late 1980s and 

early 1990s. By working on the "Personal Vehicle System" project, MITI, Nissan, and 

Fujitsu became pioneers in this industry [41]. The Advanced Cruise-Assist Highway System 

Research Association (AHSRA) was formed in 1996 by vehicle manufacturers and a 

significant number of research institutions [40]. 

 

2.6 Human Detection 

There is an abundance of human-detection methods. We studied a few research papers to get 

ideas. [42] It is a system in which they develop a wireless sensor network capable of 

detecting human falls. This procedure is complicated. Because we intend to detect a human 

in an area where a human cannot go, As a result, the human detection mechanism must be 

compact and simple to connect with the Raspberry Pi. [43] Some people use the radar sensor 

to detect humans. The working principle and procedure are excellent. However, we are 
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unable to locate this radar sensor in Bangladesh. As a result, we must skip the radar sensor 

section. [44] Another method of person detection is the use of an RGBD camera. However, 

adopting the strategy necessitates the implementation of CNNs (Convolutional Neural 

Networks). As a result, the working procedures will become more complex, and managing 

a camera will be extremely difficult for us [45]. The usage of passive infrared (PIR) sensors 

is quite beneficial. Because the sensor is widely available, inexpensive, and simple to locate. 

The functioning procedure of passive infrared (PIR) sensors is particularly useful since they 

sense human temperature. As a result, locating the human is much simpler. 

 

2.7 Avoiding Obstacles 

Many people avoid barriers in a variety of ways. [46] They are employing a touch sensor 

capable of detecting motion as well as a few other things. They are utilizing a six-

dimensional force/torque sensor to detect the collision, which can sense the torque of the 

robot. Researchers are employing a fuzzy logic-based system with sensors [47]. Where they 

use the sensor to determine the position of the thing. Another method for detecting avoidance 

is using non-uniform rational B-splines (NURBS). [48] By employing this, they also find 

the correct path from source to destination. [49] Ultrasonic sensors are extremely handy for 

avoiding obstacles. This sensor sends a wave on one side and receives it on the other. A 

hardware platform chapter describes the ultrasonic sensor's operation. [50] It employs a 

Kinect distance sensor, which costs approximately 10,000 Tk, for obstacle avoidance. Robo 

avoids the same problem by employing ultrasonic sensors, which cost 400 Tk for three 

sensors. In comparison, our system is significantly more practical. Furthermore, it is 

incapable of detecting humans at all. Furthermore, it may be used to detect vehicles, animals, 

and other objects. On the contrary, ours can be used in any outdoor rescue effort to detect 

impediments. 
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2.8 HOG Detection 

Fig. 2.3 depicts an object detection flow diagram using the original HOG technique [51]. 

 

 

Fig. 2.3: Original HOG algorithm flowchart. 

 

Real-time object detection is becoming increasingly important in a range of fields, including 

monitoring, transportation systems, and robots. Because it is immune to light changes and 

achieves great analytical accuracy in recognizing objects with varied textures, the 

Histograms of Oriented Gradients (HOG) [51] approach is frequently employed in object 

identification systems. 

With a lot of computing work, newer high-performance general-purpose computers can 

detect things in real time. The processor, however, uses a great deal of power and is hence 

inappropriate for mobile devices with short battery life. As a result, to broaden the range of 

applications, a high-performance, low-power HOG extracting features machine is expected. 

Fig. 2.4 depicts the image resolution vs frame rate for multiple published HOG hardware 

descriptions. Zhang et al. [52] proposed employing GPGPU for efficient object detection. 

For real-time applications, some FPGA implementations [53]–[57], and an FPGA-GPU 

architecture [58] have been proposed. Cao et al. [59] achieved the best performance of any 

FPGA implementation when compared to other implementations. This study, on the other 

hand, focuses on stop-sign identification in particular. HOG features can be applied to a wide 

range of applications. As a result, next-generation HOG feature extraction processors must 

be more expandable and perform better. 
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Fig. 2.4: Previous work of HOG feature extraction processor's [52]. 

 

2.9 YOLO as a Real-Time Object Detection System 

Object detection is a more sophisticated kind of image classification in which a neural 

network predicts items in an image and highlights them with bounding boxes. Object 

recognition is the process of recognizing and localizing items in an image that belong to 

predefined classes. In Fig. 2.5 shows different stages detectors. 

Object detection in two stages, 

The usage of techniques that divide the object detection problem statement into two phases 

is referred to as two-stage object detection. 

1. Recognizing potential object zones. 

2. Diverging the image into object classes in certain places. 
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Fig. 2.5: Detectors with one or two stages. 

 

Popular two-step algorithms, such as Fast-RCNN and Faster-RCNN, often employ a Region 

Proposal Network, which suggests regions of interest that may contain objects. 

 

2.9.1 YOLO vs. other detectors 

In addition to increased prediction accuracy and a better intersection of the union (when 

compared to real-time object detectors) in bounding boxes, YOLO has the apparent 

advantage of speed. YOLO is a much quicker algorithm than its competitors, reaching speeds 

of up to 45 frames per second [60]. 

Here's how YOLO actually works in practice in Fig. 2.6. 
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Fig. 2.6: Single object detection. 

 

YOLO executes all of its predictions using a single fully connected layer, whereas Faster 

RCNN uses the Neural Network Approach to uncover prospective feature points and then 

separately detect those sections. 

As a result, methods that employ Region Proposal Networks must run several iterations for 

the same picture, whereas YOLO simply needs one. 

 

2.9.2 YOLO constraints 

Although YOLO (You Only Look Once) appears to be the greatest technique for solving 

object detection problems, it has significant limitations. Because each grid can detect only 

one object, YOLO fails to recognize and separate small objects in photos that appear in 
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groups. Small objects that occur in groups, such as a line of ants, are so difficult for YOLO 

to identify and localize. YOLO also has lesser accuracy when compared to significantly 

slower object identification techniques such as Fast RCNN. 

 

2.9.3 How does YOLO perform? 

In YOLO, the image is divided into N grids, some of which contain an nxn equivalent  

segment, using the YOLO approach. Each of the N grids is in charge of identifying and 

finding the element it holds. The parameters of the bounding box in respect to its cell 

parameters, as well as the component name and the likelihood that the object is present in 

the cells, are predicted by these grids. This approach saves time and effort by handling both 

cell detection and recognition from an image, but it results in a huge number of duplicate 

predictions since numerous cells forecast the same item with various bounding box forecasts 

[60]. To address this issue, YOLO employs non-maximum possible suppression. 

 

 

 

Fig. 2.7: Multiple object detection. 
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When not maximally suppressed, YOLO suppresses all connected components with 

decreasing confidence intervals. YOLO does this by assessing the posterior distribution 

associated with each option and selecting the one with the best chance. After that, the 

bounding boxes with the largest intersection with the high probability structuring element 

are suppressed. This technique is done until the boundary boxes that are wanted are achieved. 

 

2.10 Convolution Neural Network (CNN) 

A CNN, or Convolutional Neural Network, is a deep learning neural network that analyzes 

ordered arrays of data like photos. Convolutional neural networks are widely employed in 

computer vision and have advanced to the state-of-the-art in a variety of visual imaging 

applications, including localization and natural language processing for text categorization. 

Lines, gradients, circles, and even eyes and faces are among the patterns that convolutional 

neural networks excel at identifying in input pictures. Convolutional neural networks are 

extremely useful for computer vision because of this. Convolutional neural networks, unlike 

previous computer vision algorithms, can operate immediately on a raw image and do not 

require any preparation. A convolutional neural network is a feed-forward neural network 

with up to 20 or 30 layers. The strength of a convolutional neural network comes from a 

unique sort of layer called the convolutional layer. Multiple convolutional layers are placed 

on top of one another in convolutional neural networks, each capable of recognizing 

increasingly complex structures. Handwritten digits can be recognized with three or four 

convolutional layers, while human faces can be distinguished with 25 layers [61]. 

A convolutional neural network's use of convolutional layers mimics the organization of the 

human visual cortex, in which a series of layers processes an input image and identifies ever 

more complicated features. 

 

2.11 Global status report on road safety issued by World Health Organization (WHO) 

The rate of road deaths has climbed to 1.35 million yearly, according to the World Health 

Organization's (WHO) 2018 Global Status Report on Road Safety, published in December 
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2018. Vehicle accidents are the biggest cause of morbidity and mortality among those aged 

5 to 29. Walkers, bicyclists, and motorbikes endure a disproportionately large amount of the 

cost, especially in underdeveloped nations. The cost of movement, according to the analysis, 

is too expensive, especially considering the availability of established options. To fulfill any 

future global target and preserve lives, drastic action is required to put these safeguards in 

place [62]. In Fig. 2.8 we can see the death factor distribution according to the continents. 

 

 

Fig. 2.8: Global status report on road safety issued by WHO, 2018 [62]. 

 

2.12 In Bangladesh, a lack of qualified drivers contributes to fatal traffic accidents 

More than half of drivers, according to one road safety organization, do not even have 

licenses. Widespread demonstrations erupted following the deaths of director Tareque 

Masud and ATN News CEO Mishuk Munier in 2011, and college students Abdul Karim 

Rajib and Dia Khanom Mim in 2018. In the month immediately prior to Tareque and 

Mishuk's deaths, 43 students and another person were murdered in Chattograms Mirsarai 

when a pickup truck bringing them back from a football game drove into a wayside pond 
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and collapsed in one of Bangladesh's worst road traffic accidents. Drivers implicated in these 

instances were penalized, and the administration altered regulations to raise punishments for 

drivers engaged in traffic accidents, but public outcry and demonstrations resulted in almost 

no change. After the death of his wife, Jahanara Kanchan, on October 22, 1993, film star 

Ilias Kanchan founded the Nirapad Sarak Chai, or We Want Safe Roads Movement. In 2017 

[63], the government declared it National Road Safety Day. Since then, many programs have 

been organized by government and private organizations to commemorate the day. 

However, despite attempts to improve consciousness, the incidence of traffic deaths has risen 

in recent years. In 2016, 2,463 individuals died in 2,566 road traffic accidents, according to 

the police. The yearly death toll increased to 2,513 in 2017 and 2,635 in 2018. The toll nearly 

quadrupled to 4,138 in 2019. Abrar Hossain, a university graduate, was one of the casualties 

that year, and his murder provoked widespread demonstrations in Dhaka.  

The majority of the collisions happened on highways, and the d rivers in most instances 

escaped. Due to prolonged closures caused by the coronavirus outbreak, the mortality toll 

was lowered to 3,918 in 2020, but it has since climbed to 3,502, or 14 people per day, in the 

first eight months of this year. Trucks and closed vans caused more fatalities than buses in 

2020. In 2021, there were 975 bus accidents recorded, 1,315 car cars covered van incidents 

and 981 motorbike incidents. In Table 2.1 we can see the road accidents rate in Bangladesh 

from the year 2004 to 2008 [64]. Despite the fact that the number of fatalities and injuries 

has steadily increased, no noticeable improvement in terms of transportation security has 

indeed been made. 

 

Table 2.1: Road accidents rate in Bangladesh from 2004 to 2008 [64] 

Year Accidents Fatalities Injured Causalities 

2004 3917 2968 2752 5720 

2005 4949 3187 2754 5941 

2006 3794 3193 2409 5602 

2007 4869 3749 3273 7022 

2008 4427 3765 3284 7049 
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According to the Bangladesh Road Transport Authority (BRTA), there were 4.5 million 

vehicles registered through September of last year, with 51,668 of them being buses. In 

comparison, the amount of people with authentic driver's licenses is about 50% of that. 

According to Nirapad Sarak Chai, there are around 24 lakhs of amateur and unauthorized 

drivers on the roadways, the majority of whom operate buses, lorries, and covered vans. 

According to BRTA figures, slightly more than 30 lakhs of motorcycles will be cataloged 

until 2020, compared to 17 lakhs million motorcycles. Also, around 120,000 motorcycle 

drivers were operating without a license. According to statistics, motorcycles were involved 

in 1,127 traffic accidents in 2020, a 6% rise from the earlier year. While operators have been 

amnestied for the majority of road traffic collisions, very little have been prosecuted. There 

is scarcely anyone who does not want to reduce accidents, yet there is a significant trend 

among vehicle operators to violate road traffic management laws, according to Liton Ershad, 

a Nirapad Sarak Chai official. However, he claims that things are progressively developing 

in this segment. Sufferers of car causalities frequently do not seek judicial action, and even 

when they do, the vast majority of cases are resolved out of court. As evidenced in the cases 

of journalist Mozammel Hossain Montu, who was died in a road collision, and college 

student Rajib Hossain, who lost his hand in a road chase between two vehicles and died, the 

courts frequently grant compensation to the victims. However, retrieving the funds is 

frequently challenging. In cases involving vehicles, for example, the proprietors are 

sometimes slow to compensate, and the matter might drag on for years as a result. According 

to the Road Transport Act (RTA) of 2018 allows accident sufferer or their next relative to 

seek allowance from the "financial aid fund." 

Bangladesh Legal Aid and Services Trust (BLAST) strives to get a legal allowance for road 

accident sufferers. It is a private NGO (Non-Governmental Organization) currently 

operating in nineteen districts of Bangladesh. Sharmin Akhtar, a prominent lawyer, is in 

charge of the organization's legal affairs. She claims that the majority of road accident 

lawsuits are settled out of court because an arrangement is made outside of the legal action 

and procedure between two parties. Thus, people are demotivated to seek judicial steps if 

any road collision incident happens. Again, the delays in getting compensation to annoy 

many litigants, and many sooner or later depart. “As a result, extremely few cases are filed 

following the accidents. High Court hears the majority of compensation cases. This is 
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because the applications are based on a breach of the constitutional right to life [which falls 

under the jurisdiction of the High Court]. As a result, the court evaluates the case and renders 

a decision,” she elaborated [63]. According to Sharmin Akhtar, while allowance could be 

desired under the Road Transport Act (RTA), there is very little chance of acquiring it 

through that channel. 
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CHAPTER 3 

METHODOLOGY 

3.1 Introduction 

The proposed detection system can be achieved by two-way. Each approach has its own 

capability for detecting objects. When both methods are used in conjunction, the detection 

accuracy is improved. In the unlikely event that one fails, the other will step in to fill the 

void. The first one is accomplished via distance measurement hardware, such as an ultrasonic 

sensor or a laser-based distance measurement sensor. We are calling the term "Hard 

Detection" to refer to this technique. Because it is hardware-based, utilizing many types of 

distance measurement sensors. And the second detection approach, on the other hand, is 

entirely based on software technology such as computer vision, machine learning, 

convolutional neural network algorithm. As always, we are calling the term “Soft Detection” 

to refer to the second technique. The latter mentioned technique will be discussed in this 

report. 

 

Fig. 3.1: Detection Method 

 

3.2 Soft Detection 

A dataset and a model are required in order to detect an object. It doesn't matter if it's pre-

trained or constructed from scratch. By using a pre-trained model, it is hard to detect some 

custom datasets and objects which has not been modeled yet. Since Bangladesh has a variety 

Detection Method

Hard Detection (based 
on distance 

measurement sensors)

Soft Detection (based on 
computer vision, machine 

learning, CNN)
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of vehicle patterns, the pre-trained model that is now available is not entirely capable of 

classifying and detecting all of them. Thus, our approach is to be made a custom dataset and 

model for Bangladeshi vehicles. The convolutional neural network technique R-CNN has 

been employed for model training, while Google’s machine learning package “Tensorflow”  

[65] was employed as a data mining tool. Also, we used the OpenCV computer vision library 

as the simulation technique. 

Dataset can be a collection of connected sets of information that is formed of discrete pieces 

yet may be controlled by a computer as a whole. The purpose of this methodology is to 

collect data about Bangladeshi roads and vehicles and to transform it into a usable dataset. 

Here, images and real-time video feed serve as the key components of our customized 

dataset. In order to do this, we compiled images and videos from locations like Muradpur 

and Bahaddarhat in order to get native Bangladeshi automobile shapes and patterns. This 

obtained dataset may be used to train models for vehicle detection, tracking categorization, 

and segmentation using the deep learning technique. The dataset features 248 images of 

various sorts of indigenous Bangladeshi vehicles. The qualities of the dataset have a 

compelling effect on the accuracy of the detection. 
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3.2.1 Soft Detection diagram 

In Fig. 3.2 a detailed diagram is introduced about how this “Soft Detection” technique 

functions. 

 

 

Fig. 3.2: Soft Detection. 

 

3.3 Data Pre-processing 

Data pre-processing has two steps to do. To create a custom dataset, we must first isolate the 

region of interest from the real image. These two steps are Data augmentation and Data 

annotation. Data Pre-processing has a significant role in model training. The detection rate 

of the output model has very much relied on how carefully we processed our data [66]. We 
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primarily collected 248 different types of images from the street of Chittagong, Bangladesh. 

So, we have to generate corresponding config files which are known as XML files. Thus, 

our dataset contains 248 XML files for corresponding images. These XML files contain 

properties of the dataset. 

 

3.3.1 Data augmentation 

In data analysis, it refers to approaches for enhancing the quantity of data by incorporating 

slightly altered copies of previously collected data. As a result, we preserved the original 

image but significantly adjusted it. It creates additional samples for the same image. We 

cropped the same image 3-4 times and stored it for better gaining better accuracy. 

 

3.3.2 Data annotation 

It is the process of categorizing data that is available in a variety of different media, such as 

text, video, or image. Labeled data sets are essential for machine learning in order for 

machines to comprehend the input patterns quickly and clearly. We used the “LabelImg”  

python script to do this. Using this script we separated the region of interest  [67] of each 

image which contains at least one object to detect. Also, this python script helps us to 

generate a corresponding XML file for each image. Combining both images and 

corresponding XML files we are calling it a working dataset for model training. 

 

3.4 Dataset handling 

After making a workable dataset we separated it into two types. The first one is the Training 

Dataset and the second one is the Testing Dataset. In a workable dataset, a training dataset 

is used to build the model. That’s why it has a larger amount of data. On the other hand, the 

test dataset is to validate the model which has been trained using the training dataset. From 

Fig. 3.3 we will have an idea about how a dataset is processed in model training. We can say 

the test dataset is a subgroup of the training dataset. To organize the dataset there are two 

conditions that test dataset need to be fulfilled. 
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1. It is sufficiently large enough to produce statistically significant findings. 

2. It is a representative sample of the entire data set. In other words, avoid selecting a 

test set that is dissimilar or conflicting to the training set. 

 

 

 

Fig. 3.3: Dataset handling 

 

For this proposed model we took a ratio of (8:2) of total data [68]. By this proportion we 

have, 

Training dataset = 248 * 80% 

                            = 199 images 

  Testing dataset = 248 * 20% 

                          = 49 images 

It is obvious that a larger amount of dataset is required to make a custom model. Otherwise, 

detection accuracy is hampered due to poorly handled datasets. We used 248 images of 

different vehicles which we collected from different locations of Chittagong, Bangladesh. In 

Table 3.1 we have an idea about how many images are allocated for each class of objects. 



31 

 

Table 3.1: Image allocation of different classes in the dataset 

Class ID Image Qty. 

Person 31 

BUS 53 

CNG Taxi 37 

Bicycle 26 

Truck 22 

Car 47 

Rickshaw 32 

 

 

3.5 Model Training 

Model training is the elementary part of our system. We cannot detect any object without 

training the model before. Model training means learning a machine a dataset that will give 

the desired output. Because machines cannot think or watch like humans. Suppose, an infant 

has no ability to think like an adult. But day by day that infant has been gained the ability to 

think. For this, that infant needs to be guided or educated. The same case is considered for 

machine learning. The machine needs to be guided or educated to get desired output. We 

can say that this so-called guidance is the “Model”. 

For model training, we used Google Colab as the training environment, OpenCV as the 

computer vision library, RCNN as the convolutional neural network algorithm, and 

Google’s machine learning library Tensorflow as machine learning library. After the model 

training which took roughly 8 hours to complete by using GPU hardware acceleration, we 

got the interference graph file. It is the output file of model training. By using this 

interference graph file we can detect and classify objects. It is worthy to mention that the 

model file cannot detect and classify objects which have not been trained on.  

We test our model on a precision level of 70%. That means if the input object is 70% matched 

with the model file then it will detect the object. Since no model is 100% accurate it cannot 
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be said that our trained model also gets that level of accuracy. We briefly discussed about 

our model accuracy in the result chapter. 

 

3.5.1 Model training hyperparameter 

Machine learning techniques rely heavily on hyperparameters. A hyperparameter is a 

variable whose standard is resolved prior to the start of the machine learning process. The 

standard of other variables, on the other hand, is determined by the model learning process. 

The efficiency and precision of the learning process are affected by algorithm 

hyperparameters. 

Hyperparameters are crucial since they can have a direct influence on the training algorithm's 

performance as well as the performance of the model being trained. Proper hyperparameter 

selection is crucial to the effectiveness of neural network design and has a significant effect 

on the learned model. For example, if the learning rate is very low, the model will miss 

important trends and patterns. If it is set too high, it is probable that collisions will happen. 

So what are the properties and use of hyperparameters in Machine Learning? The answer is 

following: 

• They are used to frequently employed in procedures to improve in the determination 

of model parameters. 

• They are used to frequently fine-tuned for a specific predictive modeling application.  

• They are commonly used to define the Heuristic algorithms. 

• Model cannot be learned directly from the raw data in a traditional model training 

approach and must be specified. 

• They are used to define higher-level model components such as complexities and 

learning capabilities. 

• The developer or engineer needs to define the hyperparameter in order to obtain the 

best outcome. 

In Table 3.2 we can see the hyperparameter and its values that we used to build and train 

this model. 
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Table 3.2: Model training hyperparameters 

Hyperparameter Name Values 

Batch Size 8 

Number of Steps 31 

Iteration per epoch 115 

Decay 0.0006 

Momentum 0.8 

Learning Rate 10-3 
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CHAPTER 4 

SIMULATION 

4.1 Simulation environment 

Google Colab is our primary simulation library. For model training and image processing, it 

needs a higher amount of computational power. Google Colab offers us a free GPU hardware 

acceleration technique. In Fig. 4.1 we can see how the object detection algorithm works. It 

is such a simple algorithm to implement and get the desired output. From the trained model 

as a graph file, we can detect objects according to this algorithm. 

 

 

 

Fig. 4.1: Computer Vision as Object Detection algorithm. 
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Fig. 4.2 and Fig. 4.3 illustrate the simulation of model training. 

 

 

 

 

 

 

 

 

 

 

Fig. 4.2: Simulation environment with code 

 

 

Fig. 4.2: Simulation of model training 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.3: Simulation of model training 
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Fig. 4.4 illustrates the simulation of single image processing. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.4: Simulation of image processing 

 

Fig. 4.5 illustrates the simulation of real-time video processing. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.5: Simulation of real-time video processing 
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Fig. 4.6 also shows us the simulation of real-time video processing. 

 

 

 

 

 

 

 

 

 

 

Fig. 4.6: Simulation of real-time video processing 

 

Fig. 4.7 illustrates the output of the simulation. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.7: Simulation output 
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4.2 Simulation of different objects detection 

Now we can see some different objects which have been taken into account. Here is the list  

of objects on which we tested our simulation. 

1. Pedestrian of road. 

2. Bus. 

3. CNG Taxi. 

4. Rickshaw. 

5. Bicycle. 

6. Car. 

7. Truck. 

 

4.2.1 Pedestrian detection 

The following images of Fig. 4.8 are from simulation output which detects pedestrians and 

classify its class id as a person. 

 

 

 

 

 

 

 

 

 

 

Fig. 4.8: Pedestrian Detection as a person. 
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4.2.2 Bus 

The following images of Fig. 4.9 are from simulation output which detects Bus and classifies 

its class id as also Bus. 

 

 

 

 

 

 

 

 

 

Fig. 4.9: Bus with bounding boxes. 

 

4.2.3 CNG Taxi 

The following images of Fig. 4.10 are from simulation output which detects Taxi and 

classifies its class id as a CNG Taxi. 
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Fig. 4.10: CNG Taxi with bounding boxes 

 

4.2.4 Rickshaw 

The following images of Fig. 4.11 are from simulation output which detects Rickshaw and 

classifies its class id as Rickshaw. 
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Fig. 4.11: Rickshaw with bounding boxes. 

 

4.2.5 Bicycle 

The following images of Fig. 4.12 are from simulation output which detects Bicycle and 

classify its class id as Bicycle. 

 

 

 

 

 

 

 

 

Fig. 4.12: Bicycle detection with a person. 
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4.2.6 Car 

The following images of Fig. 4.13 are from simulation output which detects Car and 

classifies its class id as Car. 

 

 

 

 

 

 

Fig. 4.13: Car with bounding boxes. 

 

4.2.7 Truck 

The following images of Fig. 4.14 are from the simulation output which detects Bangladeshi 

Truck and classifies its class id as a truck. 

 

 

 

 

 

 

 

 

Fig. 4.14: Truck with bounding boxes. 
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CHAPTER 5 

RESULT and DISCUSSION 

5.1 Class ID detection 

To verify the accuracy of this proposed system we need to compare it with other available 

pre-trained models. For this purpose, we selected the YOLO model as benchmarking model. 

Now our method is that, If the YOLO model cannot detect the object  then surely our custom 

model has to detect it. Also, it has to classify according to the custom dataset. From Fig. 5.1 

we can see two respective images. The first one was simulated using the YOLO model which 

was detected Bus as Truck. And the second image was simulated using our custom dataset 

and model which detected it as Bus. Thus, we can reach a conclusion that the YOLO model 

either cannot detect an object or failed to classify that object accurately Since it is not trained 

on Bangladeshi vehicle datasets. On the other hand, our custom model detects the object and 

classifies it accurately. 

 

 

 

 

 

 

 

 

 

 

Fig. 5.1: Separately detected objects on YOLO and custom model. 
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5.2 Custom Model accuracy 

To evaluate the accuracy of our trained custom model we tested 82 images of different 

Bangladeshi vehicles. These 82 images are distinct from the images which we used to build 

the model. From Table 5.1 we can observe the detection accuracy of the different classes of 

vehicles and objects. 

Table 5.1: Detection accuracy of Custom Model. 

Class ID Input 

Image 

Qty. 

Detected 

Image 

Qty. 

Undetected 

Image 

Qty. 

Class 

ID 

Error 

Detection 

accuracy 

w/o class 

error (%) 

Detection 

accuracy 

with 

class 

error (%) 

Overall 

accuracy 

(%) 

BUS 19 16 3 2 84% 73% 78% 

CNG 

Taxi 

13 9 4 1 69% 61% 65% 

Car 14 10 4 0 71% 71% 71% 

Rickshaw 16 7 9 2 43% 31% 37% 

Truck 8 6 2 4 75% 25% 50% 

Person 12 11 1 0 91% 91% 91% 

 

Here we can find some interesting results regarding the detection accuracy of our custom 

model. Road pedestrians have the highest detection accuracy which is roughly 91%. So why 

it has a higher amount of accuracy than others? The human body has a distinct shape and 

pattern which can easily differentiate among other vehicles and objects. That’s why it is 

much easier to detect on the road. 

On the other hand, we can see Rickshaw has the lowest amount of detection accuracy among 

other classes. The answer is lying in the dataset pre-processing. As we discussed early that, 

Detection accuracy is dependent on the dataset. So, we can say that the dataset of Rickshaw 

is poorly handled. It is obvious to observe that only the front image of the Rickshaw has 

been detected by our model. But it cannot detect the rear side image of a Rickshaw. Our 
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dataset has only two images of the rear side of a rickshaw. Which is considered a poor 

amount of data given to a model for training. That’s why it has a poor detection accuracy 

among other objects. If we feed enough amount of images from the rear side of the rickshaw 

in the dataset then it can easily detect the rickshaw from its rear side. 

In Fig. 5.2 we can have a closer and more coherent understanding of the accuracy of our 

custom model. 

 

 

Fig. 5.2: Detection accuracy of the custom model. 

 

5.3 Dataset comparison 

There are many datasets that are developed by programmers and engineers are available 

worldwide. These datasets are widely used in computer vision, machine learning 

applications constantly. So, we did a comparative analysis of our dataset among some 

popular datasets which is practiced worldwide in Table 5.2. 
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Table 5.2: Dataset comparison 

Dataset 

Name 

Number of 

Images 

Annotation Number of 

classes 

Number of 

vehicle 

detection 

classes 

Unique 

Vehicle 

classes 

KITTI 7481 3D bounding 

boxes 

 8 5 Tram train 

Waymo 12 Million LiDAR-
based 
bounding 

boxes 

4 2 N/A 

ApolloScape 701 Semantic 
annotation 

32 6 Motorcycle, 
boat, Ship. 

Custom 

Dataset 

248 2D bounding 

boxes 

7 7 Seven 

different 
Bangladeshi 

vehicles 

 

5.4 Advantage of this system 

• It can detect Bangladeshi vehicle pattern which is not accurately recognizable by 

other available models. 

• By using Computer vision and machine learning techniques it has a higher detection 

rate than a typical hardware-based distance measurement system. 

• Custom models can be made for other purposes such as criminal identification, face 

recognition, intelligence gathering, security surveillance, etc. 

• It can classify objects into whether it’s human, animal, vehicle, or obstacle. 

• Opensource technology. So, any model can be extracted based on the desired output. 

 

5.5 Limitations of this system 

• Required a large amount of dataset to build a model. Which is sometimes hard to 

gather. 

• Detection accuracy depends on the amount & properties of the dataset. Poor dataset 

causes poor detection rate. 
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• Needs a feedback system in the vehicle to initiate the braking. This feedback system 

is complex to develop. 

• Has limited range. It cannot detect until it clearly sees the object. 

• Required a large amount of computational power (GPU-based hardware) to train the 

model. 

• Has more complexity than any hardware-based detection system. 

• costlier than hardware-based detection system. 
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CHAPTER 6 

CONCLUSION 

6.1 Conclusion 

From the above discussion, we can reach the conclusion that emerging technology like 

computer vision, machine learning can be used for the betterment of road safety and road 

traffic system. From the simulations, we can say that if this system can implement  in real 

life it will somewhat improve the quality of the road traffic management systems by 

detecting and classifying road objects of developing countries like Bangladesh. 

 

6.2 Future scopes of work 

1. Using a Fuzzy logic controller we can develop an autonomous vehicle. 

2. A feedback system for transmission and engine can be developed for braking 

mechanisms in vehicles. 

3. Model can be trained for any field such as biometric recognition, security, military 

etc. 

4. Model can be used to manage traffic systems on the road.  
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APPENDIX 

 
Source code for model training 

!pip install tensorflow 

import tensorflow as tf 

print(tf.__version__) 

import os 

import glob 

import xml.etree.ElementTree as ET 

import pandas as pd 

!ln -s /content/gdrive/My\ Drive/ /mydrive 

!ls /mydrive 

!git clone --q https://github.com/tensorflow/models.git 

%cd models/research 

!protoc object_detection/protos/*.proto --python_out=. 

!cp object_detection/packages/tf1/setup.py .   

!python -m pip install 

!python object_detection/builders/irfan_model_custom_tf1_test.py 

%cd /mydrive/customTF1/data/ 

!unzip /mydrive/customTF1/images.zip -d . 

!unzip /mydrive/customTF1/annotations.zip -d . 

!mkdir test_labels train_labels 

!ls annotations/* | sort -R | head -274 | xargs -I{} mv {} test_labels/ 

!ls annotations/* | xargs -I{} mv {} train_labels_1/ 

def xml_to_csv(path): 

  classes_names_1 = [] 

  xml_list_1 = [] 

 

  for xml_file in glob.glob(path + '/*.xml'): 

    tree = ET.parse(xml_file) 

    root = tree.getroot() 

    for member in root.findall('object'): 

      classes_names_1.append(member[0].text) 

      value = (root.find('filename').text  ,        

               int(root.find('size')[0].text), 

               int(root.find('size')[1].text), 

               member[0].text, 

               int(member[4][0].text), 

               int(member[4][1].text), 

               int(member[4][2].text), 

               int(member[4][3].text)) 

      xml_list.append(value) 

  column_name_1 = ['filename', 'width_1', 'height_1', 'class_1', 'xmin', 'ymin', 'xmax', 'ymax'] 

  xml_df = pd.DataFrame(xml_list, columns=column_name)  

  classes_names_object = list(set(classes_names_object)) 

  classes_names.sort() 

  return xml_df, classes_names_object 
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for label_path in ['train_labels_1', 'test_labels_1']: 

  image_path_1 = os.path.join(os.getcwd(), label_path) 

  xml_df, classes = xml_to_csv(label_path) 

  xml_df.to_csv(f'{label_path}.csv', index=None) 

  print(f'converted {label_path} xml to csv.') 

 

label_map_path_1 = os.path.join("label_map_1.pbtxt") 

pbtxt_content_1 = "" 

 

for i, class_name_1 in enumerate(classes): 

    pbtxt_content_1 = ( 

        pbtxt_content_1 

        + "item {{\n    id: {0}\n    name: '{1}'\n}}\n\n".format(i + 1, class_name) 

    ) 

pbtxt_content_1 = pbtxt_content_1.strip() 

with open(label_map_path_1, "w") as f: 

    f.write(pbtxt_content) 

    print('created label_map.pbtxt ') 

!python /mydrive/customTF1/generate_tfrecord.py train_labels.csv  label_map.pbtxt images/ train.record 

!python /mydrive/customTF1/generate_tfrecord.py test_labels.csv  label_map.pbtxt images/ test.record 

!python irfan_model_main.py --

pipeline_conFig._path=/mydrive/customTF1/data/ssd_mobilenet_v2_coco.conFig. --

model_dir=/mydrive/customTF1/training --num_train_steps=200000 --sample_1_of_n_eval_examples=1 --

alsologtostderr 

 

 

Source code for real-time video detection 

import cv2 

import numpy as np 

import matplotlib.pyplot as plt 

from google.colab.patches import cv2_imshow 

from IPython.display import display, Javascript 

from google.colab.output import eval_js 

from base64 import b64decode 

 

def take_photo_1(filename='irfan_photo.jpg', quality=0.8): 

  js = Javascript(''' 

    async function takePhoto(quality) { 

      const div = document.createElement('div'); 

      const capture = document.createElement('button'); 

      capture.textContent = 'Capture'; 

      div.appendChild(capture); 

 

      const video = document.createElement('video'); 

      video.style.display = 'block'; 

      const stream = await navigator.mediaDevices.getUserMedia({video: true}); 

 

      document.body.appendChild(div); 
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      div.appendChild(video); 

      video.srcObject = stream; 

      await video.play(); 

 

       

      google.colab.output.setIframeHeight(document.documentElement.scrollHeight, true); 

 

            await new Promise((resolve) => capture.onclick = resolve); 

 

      const canvas = document.createElement('canvas'); 

      canvas.width = video.videoWidth; 

      canvas.height = video.videoHeight; 

      canvas.getContext('2d').drawImage(video, 0, 0); 

      stream.getVideoTracks()[0].stop(); 

      div.remove(); 

      return canvas.toDataURL('image/jpeg', quality); 

    } 

    ''') 

  display(js) 

  data  = eval_js('takePhoto({})'.format(quality)) 

  binary = b64decode(data.split(',')[1]) 

  with open(filename, 'wb') as f: 

    f.write(binary) 

  return filename 

from IPython.display import Image 

try: 

  filename = take_photo_1() 

  print('Saved to {}'.format(filename)) 

    display(Image(filename)) 

except Exception as err: 

  print(str(err)) 

with open('./object_detection_class_name.txt', 'r') as f: 

   class_names_1 = f.read().split('\n') 

COLORS = np.random.uniform(0, 255, size=(len(class_names), 3)) 

model_custom = cv2.dnn.readNet(model='./bangladesh_custom_model_graph.pb', conFig.='./single_shot_det

ector_DNN.txt', framework='TensorFlow') 

image_1 = cv2.imread("./photo.jpg") 

image_height_1, image_width_1, _ = image.shape 

blob = cv2.dnn.blobFromImage_1(image=image, size=(300, 300), mean=(104, 117, 123), swapRB=True) 

model.setInput(blob) 

output_model = model.forward() 

for detection in output_model[0, 0, :, :]: 

 

   confidence_level = detection[2] 

 

   if confidence_level > .7: 

 

       class_id_1 = detection[1] 
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       class_name_1 = class_names[int(class_id_1)-1] 

       color = COLORS[int(class_id_1)] 

       box_x = detection[3] * image_width 

       box_y = detection[4] * image_height 

       box_width = detection[5] * image_width 

       box_height = detection[6] * image_height 

       cv2.rectangle(image, (int(box_x), int(box_y)), (int(box_width), int(box_height)), color, thickness=8) 

       cv2.putText(image, class_name, (int(box_x), int(box_y - 7)), cv2.FONT_HERSHEY_PLAIN, 4, color, 4

) 

cv2_imshow(image_1) 

cv2.imwrite('image_result.jpg', image_1) 

 

 

Source code for Image detection 

import cv2 

import numpy as np 

import matplotlib.pyplot as plt 

from google.colab.patches import cv2_imshow 

with open('./object_detection_class_name.txt', 'r') as f: 

   class_names_1 = f.read().split('\n') 

COLORS = np.random.uniform(0, 255, size=(len(class_names), 3)) 

model_output = cv2.dnn.readNet(model='./bangladesh_custom_model_graph.pb', conFig.='./single_shot_det

ector_DNN.txt', framework='TensorFlow') 

image_1 = cv2.imread('./IMG_20211114_142331.jpg') 

image_height_1, image_width_1, _ = image.shape 

blob = cv2.dnn.blobFromImage(image_1=image_1, size=(300, 300), mean=(104, 117, 123), swapRB=True) 

model.setInput(blob) 

output_1 = model.forward() 

for detection in output_1[0, 0, :, :]: 

 

   confidence_level = detection[2] 

 

   if confidence_level > .7: 

 

       class_id_1 = detection[1] 

 

       class_name_1 = class_names[int(class_id_1)-1] 

       color = COLORS[int(class_id_1)] 

       box_x_1 = detection[3] * image_width_1 

       box_y_1 = detection[4] * image_height_1 

       box_width_1 = detection[5] * image_width_1 

       box_height_1 = detection[6] * image_height_1 

       cv2.rectangle(image, (int(box_x), int(box_y)), (int(box_width), int(box_height)), color, thickness=9) 

       cv2.putText(image, class_name, (int(box_x), int(box_y - 7)), cv2.FONT_HERSHEY_PLAIN, 7, color, 7

) 

cv2_imshow(image_output) 

cv2.imwrite('image_result.jpg', image_output) 


