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Abstract 

 Vehicle safety is an important aspect of modern transportation, 

aiming to protect passengers and reduce the risk of injury in the event of 

an accident. Technological advancements in recent years have resulted in 

the creation of Advanced Driver Assistance Systems (ADAS), which 

improve vehicle safety. An important function of the ADAS system is to 

identify blind spots in automobiles, and areas around the vehicle that are 

not visible to the driver. These blind spots pose significant risks and can 

lead to accidents, particularly while changing lanes. 

This work will address the problem of blind spots because current 

detection solutions often rely on external sensors and complex 

infrastructure, such as radar, Light Detection and Ranging (LIDAR), or 

image classification, but with expensive processors and cameras, which 

limits their widespread adoption, especially in budget-constrained markets. 

 The proposed model will use a combination of computer vision and 

advanced computing techniques to detect vehicles in blind spot areas in 

real-time. A lightweight Convolutional Neural Network (CNN) model is 

deployed on an embedded device, a small computer built into a larger 

system to do a specific job such as a microcontroller, to process real-time 

photo captures from embedded cameras. The CNN model analyses the 

captured frames and identifies the motorcycle close to the host vehicle. 

This study compares the performance of lite algorithms that are suitable 

for embedded devices, including Single Shot Detector- Feature Pyramid 

Network (SSD FPN-Lite), You Only Look Once (YOLO), and Fast Objects 

More Objects (FOMO). 

Two datasets were used, consisting of three-wheeled motorcycles, 

which are currently contributing to accidents in Iraq due to their small size 
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and limited blind spot visibility. The first dataset was collected from 

Karbala city center. The images were taken at different angles, dimensions, 

and times. The second is a Kaggle dataset to cover other shapes of vehicles 

in different countries. 

The proposed system is successfully implemented for the first time 

for the our knowledge-on the limited resources (Arduino Nano 33BLE) and 

the board Portenta H7. The best results have been gained using DL FOMO 

model implemented on Portenta H7. Finally, the highest test accuracy 

96.55% and the best inference time was achieved in time up to 30 

milliseconds which helps to run the proposed blind spot system in real time.
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Chapter One 

Introduction 

 

1.1 Vehicle safety 

Vehicle safety is critically important, because it can save lives, stop 

injuries, and lower the financial and social costs linked to traffic accidents. 

A major source of death worldwide, road traffic accidents can be avoided 

in many cases by putting in place efficient safety features in cars. Road 

accidents not only result in fatalities but also in a great deal of injuries, 

from mild to serious. Through their protection during collisions, vehicle 

safety features reduce the possibility and severity of injuries to occupants 

[1].With regard to long-term disability, medical costs, and rehabilitation 

expenditures, this has major public health ramifications.  

Healthcare systems and society at large can bear less of the load by 

enhancing automotive safety. Economic losses from traffic accidents are 

also high and include medical bills, property damage, lost output, and legal 

fees [2]. By reducing or eliminating accidents, improving vehicle safety 

helps to offset these expenses. In addition, aspects of vehicles that improve 

consumer confidence in automotive products. Safety-first manufacturers 

show their dedication to the welfare of their customers, which boosts brand 

loyalty and competitiveness in the market. For cars, governments and 

regulatory bodies impose safety rules and regulations to guarantee they 

satisfy the minimal safety standards [3]. Safer roads and communities 

benefit society as a whole by lowering the amount of accidents and the 

related human and financial losses [4]. Technologies in materials science, 

engineering, and automotive design are advanced in part because of the 

quest of vehicle safety. These advancements advance technology generally 

and add to safety as well. All things considered, car safety is a complex 
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problem that affects people personally [5], in communities, and in society 

at large. Working together, stakeholders can save lives, stop injuries, and 

make roads safer for everyone by giving safety top priority in vehicle 

design, manufacture, and regulation. 

 

1.2 Blind Spot  

    In the context of vehicles, the word "blind spot" refers to the areas 

surrounding the vehicle that are not directly visible to the driver, either 

through the mirrors or by turning their head [6]. The blind areas might 

differ based on the vehicle's design, size, and configuration. Blind spots 

usually encompass the areas directly behind the vehicle (rear blind spot) 

and the sides of the vehicle, especially towards the rear (side blind spots). 

Blind spots present a safety hazard by potentially concealing other 

vehicles, pedestrians, bicycles, or obstructions. This significantly raises the 

chances of accidents, especially when making lane changes, merging, or 

executing turning manoeuvres [7].  

 The "2022 Road Traffic Injuries" study by the World Health 

Organisation reveals that over 50% of fatalities resulting from traffic 

crashes involve vulnerable individuals, including pedestrians, cyclists, and 

motorcyclists [8]. The blind area of vehicles remains a significant 

contributing factor in many collisions. Despite the recent introduction of 

modern safety systems that include costly technology such as Lidar or 

high-resolution cameras, it remains challenging to identify susceptible 

individuals, especially when the line of sight is blocked. 
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Figure.1.1 Blind spot [9] 

1.3 Literature Review: Methods for Addressing Blind Spots 

in Vehicles 

Blind spots in vehicles pose a significant safety concern, increasing 

the risk of accidents, particularly during lane changes, merging, or turning 

maneuvers. Over the years, researchers and automotive engineers have 

developed various methods to mitigate this problem and improve driver 

awareness of their surroundings. This literature review addresses the 

effectiveness of different approaches used to address blind spots in 

vehicles. 

Bin-Feng Lin et al,. 2012 [10] presented a blind zone vehicle 

detection system to help drivers make safe lane changing decisions. The 

paper proposes a vision-based system to detect sedan vehicles in the blind 

spot zone during lane changes, using partial features and multiple machine 

learning models. The correct detection is determined by comparing the 

overlapping area between the filmed video and the system result. One of 

the limitations of this study is that it cannot detect when OverlapRatio 

occurs between vehicles, and the system cannot work in real time. 
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Din-Chang Tseng, et al,.2014[11]  Proposed a lane change assistance 

system by mounting two cameras beneath the side mirrors of the host car. 

These cameras would record back side view photos in order to detect 

approaching vehicles. The suggested system has four stages: estimate of 

weather adaption threshold values, optical flow detection, static feature 

identification, and detection decision. The suggested system has the 

capability to identify adjacent cars that are travelling at varying speeds 

morever, the proposed system can also adapt to different weather 

conditions and environmental situations. The results showed a detection 

rate of 96%. However, the limits of this work were not done in real time in 

addition to the use of cameras with high resources. 

Kiefer, et al,. 2017 [12]  provide another common solution is the use 

of blind spot mirrors, which are additional convex mirrors mounted on the 

side mirrors to provide a wider field of view. Research suggests that blind 

spot mirrors effectively enhance visibility and reduce blind spot-related 

accidents .However, some drivers may find them challenging to adjust 

correctly or may experience distortion in the reflected image. 

Zhao et al,.2019 [13]  proposed in their Paper that an advanced deep 

learning technique using cameras is suggested for blind spot detection in 

Advanced Driver Assistance Systems (ADAS), to substitute the 

conventional radar-based approach. The process includes shifting blind 

spot detection to an image classification assignment and creating an 

effective neural network utilizing deep learning architectures. The 

objective is to get fast processing speed and minimal computational 

complexity for real-time embedded devices. Two deep learning models, 

YOLOv7 and Faster RCNN, were trained on a specifically gathered dataset 

to identify road characteristics. The models attained mean Average 

Precision (mAP) ratings of 87.20% and 75.64%, respectively. However 
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this work was done using Nvidia Quadro p6000 hardware, which is 

considered high in cost and resources. 

Adnan, Z., et al. 2020 [14] presented a method that use an ultrasonic 

sensor to identify blind spots and employs automatic steering to manage 

the car's path. The ultrasonic sensor measures the time difference and 

calculates the distance to an impediment when it is detected in the blind 

region. Although ultrasonic sensors are efficient in detecting immobile 

things within their designated range, their ability to detect moving objects 

may vary. When it is crucial to accurately detect moving objects, it may be 

necessary to utilize additional sensors or algorithms to enhance precision 

and dependability. In addition, if both objects are rapidly approaching or 

receding from the ultrasonic sensor, the estimated distance may be 

imprecise as a result of the Doppler Effect. 

M. Nor., et al. 2020[15] they demonstrated the design and 

development of a Vehicle Blind Spot Detection System (VBDS) using an 

OpenMV M7 with radar sensor.   One of the most important limitations of 

radars is that they cannot detect more than one object at a time, and to 

improve the accuracy of multiple detections, it may require the integration 

of additional hardware or more advanced processing techniques, which can 

increase cost and complexity, in addition to 24 GHz, which may It is less 

accurate in locating small objects with high accuracy, especially in 

crowded environments or when objects are close together. Since 24 GHz 

is a common frequency, there is a possibility of interference with other 

devices operating on the same frequency. Interference can result in 

decreased detection accuracy or loss of signals.  

Negishi et al,.2022 [16] designed and developed a wireless adjustable 

blind spot detection system using Lidar .The system starts by detecting the 
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presence of a vehicle in the blind spot area. Once the vehicle is detected, 

the Lidar sensor sends a signal to the microcontroller. In addition, data is 

transmitted wirelessly from the Arduino microcontroller to the BLiM 

application, where the alert appears. Data is transferred to the mobile 

device via the Bluetooth module HC-05. The system's reliance on a Lidar 

sensor to detect vehicles may be affected by environmental factors and may 

result in false alerts or missed detections. Wireless transfer of data to the 

BLiM app via Bluetooth may also cause delays, affecting system 

responsiveness. 

Wang, et al. 2022[17] A blind spot detection system was developed 

using numerous recognition techniques to enable automatic monitoring of 

blind spots inside a person's field of vision. The inspection system 

comprises a stationary depth camera, together with associated applications 

and operating stations. The design consists of three distinct modules: an 

object detection module, a blind spot analysis module, and an attention 

module. Nevertheless, the effectiveness of this work relies on the use of a 

costly camera and has not yet been tested in real-world conditions to 

determine its accuracy and effectiveness. It is important to note that this 

system solely identifies people and does not have the capability to detect 

vehicles.  

Kim et al, 2023 [18] developed a radar blind spot detection system 

using frequency-modulated continuous wave (FMCW) technology to 

enhance driving safety. The study utilises specific methodologies to design 

antennas for the BSD radar system that operate between the frequencies 

ranges of 77 GHz and 79 GHz. The paper outlines the fundamental 

technologies of the Blind Spot Detection (BSD) radar system, including 

the signal processing and tracking algorithms. Additionally, it discusses the 

architecture of the BSD radar system.. However, it possesses specific 
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vulnerabilities that necessitate careful consideration. These factors 

encompass range and Doppler uncertainty in situations involving several 

targets, as well as vulnerability to interference. 

Pourhasan Nezhad., et al.  2023 [19]. Their proposition entails an 

efficient blind spot warning system that operates with a single camera 

sensor on each side. The work comprises two components. Begin by doing 

a thorough examination of the categorization of hazardous and secure 

circumstances in a dynamic setting with items in motion. Furthermore, in 

order to differentiate between dangerous circumstances and secure 

environments, we implement a state-of-the-art (SOTA) object detector that 

has been previously trained. This detector is capable of monitoring cars in 

consecutive frames and subsequently calculating the distances of the 

tracked vehicles with an average margin of error of 6%. Furthermore, the 

suggested system employs the relative velocity of vehicles to alert drivers 

of hazardous circumstances, as well as to identify items located in areas 

that are not easily visible. This classification procedure does not occur in 

real time. 

Table1.1 Compare between related researches on blind spot 

Paper 

ID 

Method 

Techniques 
Hardware 

Affected 

by 

climate 

Limitation 

[10] 
partial 

features 

Side-mounted 

camera 

  Cannot detect when OverlapRatio 

occurs between vehicles. 

 The system cannot work in real 

time 

[11] 

Motion 

features and 

static 

features 

Two cameras are 

mounted under side 

mirrors 

 

 

This work was not implemented in real 

time, and high-cost resources were used. In 

addition, this system is an image 
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classification system that cannot determine 

the type of vehicle. 

Paper 

ID 

Method 

Techniques 
Hardware 

Affected 

by 

climate 

Limitation 

[12] 
convex 

mirrors 
 

 Some drivers may encounter difficulties in 

properly adjusting them or may perceive 

distortion in the reflected image. 

[13] 

 

DL model 

and Fully 

Connected 

Network 

Camera-Based 

Blind Spot 

Detection and 

Nvidia Quadro 

p6000 

 

 

 

 

 

 

 

 Nvidia Quadro P6000 are high-end 

graphics cards. It needs a power 

source, a motherboard to connect 

to, drivers and appropriate 

programs to work, and therefore it 

needs a computer system to 

operate, so this system cannot be 

generalized because it is 

impractical. 

 Works with image classification 

system 

[14] 
Ultrasonic 

Sensor 

Arduino and an 

ultrasonic sensor 

 

 

 

 

 

 

 It typically has a limited range of a 

few meters . 

 It struggles with detecting soft, 

porous, or angled surfaces, and 

their performance can be hindered 

by interference from other sensors. 

 Ultrasonic sensor generally has 

lower resolution and accuracy, 

slower response times, and a blind 

zone close to the sensor. 

[15] 
Radar 

Sensors 

24 GHz Radar 

Sensors with 

OpenMV M7 

        24 GHz may be less accurate in locating 

small objects with high accuracy, 
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especially in crowded environments or 

when objects are close together. Since 24 

GHz is a common frequency, interference 

with other devices operating on the same 

frequency is likely. Interference can result 

in decreased detection accuracy or loss of 

signals. 

Paper 

ID 

Method 

Techniques 
Hardware 

Affected 

by 

climate 

Limitation 

[16] 

 

Multi-

LIDAR 

network. 

Lidar sensor 

 

 

 Surface reflectivity: Dark or non-

reflective surfaces can be difficult 

to detect accurately because they 

reflect less laser light. 

 Range limitations: Effective range 

is limited and can be affected by 

laser power and target reflectivity. 

 Power consumption: LiDAR 

systems can consume a lot of 

power and therefore require a 

battery. 

 Interference: Multiple LiDAR 

systems operating in close 

proximity can interfere with each 

other, causing inaccurate readings. 

[17] 
DL modal 

(YOLOv3) 
Depth Camera D455 

 

 

this system is not integrated with the 

vehicle itself, but instead it is an external 

device installed on street poles to notify the 

driver of the presence of people in the 

blind area. The system is prohibitively 

costly if it aims to be universally useful. 
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Paper 

ID 

Method 

Techniques 
Hardware 

Affected 

by 

climate 

Limitation 

[18] 

 

Frequency 

Modulated 

Continuous 

Wave 

(FMCW) 

radar 

technology 

Blind Spot 

Detection BSD 

radar system 

 

 

 

 

 

 Accuracy limitations: The most 

important limitation of radar is the 

inability of the radar to distinguish 

between two objects that are very 

close to each other in terms of 

range, angle, or speed. 

 Ghost targets and multipath: 

Inaccurate readings can result from 

multipath effects, when the radar 

signal travels several ways to the 

target and back, or from reflections 

from buildings or other large 

objects that create phantom targets 

(ghost targets). 

 Doppler blindness: Targets moving 

perpendicular to the radar beam can 

be a problem for radar systems. 

 

[19] 

 

DL modal 

 

 

High resolution 

single camera sensor 

on each side 

 

 

Despite the efficiency of the work, it is 

difficult to implement and disseminate it in 

practice because it was implemented by 

taking a video using the side cameras and 

then processing it using algorithms on the 

computer. 
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1.4 The goal of the proposed system 

After providing an overview of the key systems utilized in identifying 

blind spots in recent years, we aim to address the deficiencies of earlier 

research in this area, such as the problem of real-time detection and the 

inability to detect small or overlapping vehicles. . The goal of this thesis is 

to develop an effective and efficient blind spot detection system tailored 

for resource-constrained devices using Tiny Machine Learning (TinyML). 

This approach aims to improve vehicle safety through real-time blind spot 

detection, providing an affordable and scalable alternative to more 

resource-intensive traditional systems. Also to design and implement cost-

effect system based on DL algorithm and limited resources hardware. 

Additionally, the implemented system has reliable detection score to be 

trusted in real time environment.   

1.5 Thesis objective 

 The system design will prioritize accuracy, responsiveness, and 

minimal computational requirements to ensure optimal performance on 

limited hardware. Below are the most important detailed points that show 

the importance of this study: 

1. Use object detection algorithms implemented on 

microcontrollers, prioritizing efficiency and affordability with 

focus on the TinyML implementation framework  

2. Design, development and evaluation of a low-cost blind spot 

detection system for vehicles. 

3. Investigating the feasibility of identifying the type of vehicles on 

the driver's side to enhance situational awareness. 
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4. Compare the cost and efficiency of the developed system with 

existing blind spot detection systems to evaluate its 

competitiveness and affordability. 

 

1.6 Thesis Layout 

This thesis consists of five chapters. Chapter one provides a 

comprehensive background on vehicle safety, specifically addressing blind 

spots in vehicles, in addition to an overview of literature review that 

focused on the same problem. The remaining chapters are structured as 

follows: 

Chapter Two in this chapter an introduction of computer vision, its 

subfields, and its connection to deep learning is given. It describes the 

fundamental ideas of tinyML, together with its advantages in terms of 

hardware and software. Furthermore covered in this chapter are the ideas 

behind object detection and the TinyML-adapted methods employed in this 

thesis 

Chapter Three explains the methodology used to detect blind spots. 

It describes the research design, the hardware used, data collection 

methods, and all the steps that enable the model to achieve the objectives. 

Chapter Four the results were presented and the performance of the 

models was discussed on each algorithm used, in addition to comparing the 

model with other systems. 

Chapter Five summarizes the contributions of this work and suggests 

future research paths for enhancing vehicle safety, therefore closing the 

thesis. Finally reference and appendix.
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Chapter Two 

Theoretical Background  

2.1 Introduction 

In an era where technology is revolutionizing every facet of our 

lives, the realm of transportation stands at the forefront of innovation. As 

vehicles become increasingly autonomous and connected, the pursuit of 

safer roads has become an imperative. From advanced driver assistance 

systems to autonomous vehicles, the integration of artificial intelligence 

(AI) and machine learning has paved the way for unprecedented 

enhancements in vehicle safety. This chapter is separated into two parts, 

where the first part shows computer vision and its types, especially object 

detection. While the second part explains the meaning of the Tiny Machine 

Learning and all its related software and hardware. 

 

2.2 Computer vision 

In this thesis, blind spots in vehicles will be detected using deep 

learning algorithms to detect objects, which is considered one of the 

applications of computer vision. Therefore, it is necessary to know the 

concept of computer vision and where it begins.  

Machine Learning is a subfield of artificial intelligence (AI) that 

focuses on the development of algorithms and techniques that allow 

computers to learn from and make predictions or decisions based on data, 

without being explicitly programmed to perform specific tasks. In other 

words, the goal of machine learning is to enable computers to learn from 

experience (data) and improve their performance over time. It includes 

supervised learning, unsupervised learning, and reinforcement learning. In 

supervised learning, algorithms learn from labeled data to make predictions 
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or decisions. Unsupervised learning involves discovering patterns and 

structures in unlabeled data. Reinforcement learning focuses on learning 

optimal actions based on feedback from the environment [20].  

Though deep learning is a subfield of machine learning that 

specialises on building and training multi-layer artificial neural networks 

to extract knowledge from input. Deep learning aims to simplify the 

process by which computers may learn and comprehend complicated 

patterns or representations straight from unprocessed data without the 

requirement for feature extraction by hand [21]. 

In this thesis, "Computer Vision," term is also crucial since it deals 

with helping computers to perceive and comprehend visual data from the 

actual environment. It entails work like object detection, image 

segmentation, facial recognition, and video activity recognition. Computer 

vision algorithms interpret visual stimuli and extract relevant information 

from pictures or movies [22]. Figure 2.1 shows the relationship between 

these terms, Machine learning and deep learning are two subsets of 

artificial intelligence (AI), which deals with teaching computers to learn 

from data and make predictions or decisions.  The section highlighted in 

the contrasting color represents the focus of our work, which involves the 

application of deep learning techniques in the field of computer vision. 

Figure 2.1. The relationship between machine learning, deep 

learning and computer vision 
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Computer vision is a field within artificial intelligence that focuses 

on enabling computers to interpret and understand visual information from 

the real world. In other words, machine learning and deep learning provide 

the tools and techniques necessary for computers to learn from visual data 

and deep learning [23]. Performing tasks in computer vision. They 

complement each other to enable the development of advanced vision 

systems capable of understanding and interpreting images and videos. 

2.3 Different between Traditional Computer Vision workflow 

and deep learning workflow 

Previously images are analyzed to extract as many features as 

possible. These features are then used to create a definition, known as a 

bag-of-words, for each object class. During the deployment phase, these 

definitions are queried within other images. If a substantial proportion of 

the characteristics present in one bag-of-words are also found in another 

image, the image is categorized as containing the particular object (e.g. 

chair, horse, etc.).  

The challenge with this conventional method lies in the need to 

determine the crucial qualities in every individual image. As the quantity 

of classes to categorize grows, the process of extracting features gets 

increasingly burdensome. The determination of which traits most 

accurately characterize various classes of objects is reliant upon the 

discernment of the Computer Vision (CV) engineer and an extensive 

process of experimentation and refinement. Furthermore, each feature 

definition requires the control of several parameters, all of which the 

computer vision engineer has to carefully modify. While end-to-end 

learning, which is essentially given to the machine as a collection of photos 

annotated with the classes of objects found in each image, was presented 
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by deep learning [24]. On the given data, a deep learning model is 

developed, enabling neural networks to recognise the underlying patterns 

in image classes and pinpoint the most prominent and descriptive 

characteristics for every distinct object class. It is well acknowledged that 

Deep Neural Networks (DNNs) outperform standard methods, albeit they 

come with trade-offs in terms of computational demands and training 

duration. Due to the advancements in computer vision, the workflow of CV 

engineers has seen significant changes.  

The traditional practice of manually extracting features has been 

replaced by the use of deep learning architectures, requiring engineers to 

possess knowledge and competence in iterating through these complex 

models as depicted in Figure 2.2. 

 

Figure 2.2 (a) Traditional Computer Vision workflow vs. (b) Deep 

Learning workflow. Figure from [25]. 

2.4 Convolutional Neural Network (CNN) 

 Convolutional Neural Networks (CNNs) enhance prediction 

accuracy by leveraging large datasets and computational power, expanding 

the limits of what was achievable previously intractable problems are 
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currently being resolved with superhuman precision. Classification of 

images is a prime illustration of this. Since its resurgence in 2012 [26] by 

Krizhevsky, Sutskever, and Hinton, DL has dominated the field due to its 

significantly superior performance in comparison to conventional methods. 

A significant increase in the capacity to recognize objects can be 

attributed to the development of CNNs, which has had a significant impact 

on the area of CV in recent years and is responsible for the development of 

CNNs [27]. This surge in development has been made possible by an 

increase in the amount of data that is accessible for training neural 

networks as well as an increase in the amount of computing power that is 

available. Both of these factors have contributed to the growth of neural 

networks.  

 2.4.1 CNNs Layers: 

1. Convolutional Layer: is the core building block of a Convolutional 

Neural Network (CNN). It is designed to automatically and adaptively 

learn spatial hierarchies of features from input images. The components of 

the Convolutional Layer is Filters/Kernels: 

 Definition: A filter, also known as a kernel, is a small matrix of weights 

used to extract features from the input image [28]. 

 Operation: The filter slides over the input image (or previous layer's 

output) and performs element-wise multiplications followed by 

summation. This process is known as convolution. 

 Output: The result of the convolution operation is a feature map (or 

activation map), which highlights the presence of certain features in the 

input. 
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2. Activation Layer (ReLU):  The ReLU (Rectified Linear Unit) layer is 

an essential component of many neural networks, particularly 

Convolutional Neural Networks (CNNs) [29]. It introduces non-linearity 

into the network, enabling it to learn complex patterns and relationships.  

Neural networks without non-linear activation functions can only model 

linear relationships, regardless of their depth. By applying ReLU, the 

network can model complex, non-linear relationships.  

The ReLU function is defined as : 

ReLU(x) =max (0, x)       (2.1) 

This means that if the input x is positive, it returns x; otherwise, it returns 

0. 

3. Pooling Layer: is a fundamental component of Convolutional Neural 

Networks (CNNs) that performs a form of reducing the spatial dimensions 

of the input feature maps. This helps to achieve spatial invariance and 

reduces the computational complexity of the network, as well as the risk of 

overfitting. Also it helps the network recognize features regardless of their 

location in the input image. The most common types of pooling layers is: 

 Max Pooling: selects the maximum value from each patch of the 

feature map, capturing the most prominent features such as edges or 

corners and making the network robust to small translations. 

 Average Pooling: calculates the average value within each patch, 

retaining more contextual information and providing a smoother 

representation of the input. 

4. Fully Connected layers (Dense): are critical in neural networks, 

especially for tasks requiring high-level reasoning. They are used 

extensively in both the middle and final stages of networks, transforming 
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the learned features from convolutional and pooling layers into the final 

output, such as class scores. The input to a fully connected layer is typically 

a flattened vector of features from the previous layer, whether it be a 

convolutional, pooling, or another fully connected layer. The layer 

performs a linear transformation on the input vector using its weights and 

biases. The transformation can be expressed as: 

           y=Wx+b        (2.2) 

Where:  𝑦 is the output vector, is the weight matrix, 𝑥 is the input vector,  

is the bias vector. 

 5. Batch Normalization (BN): is a technique used in neural networks to 

improve training speed, stability, and performance. It normalizes the 

activations of each layer to have a consistent distribution, which helps 

mitigate issues related to internal covariate shift. 

 

 

Figure 2.3 Building blocks of a CNNs [30] 
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2.4.2 Hyperparameter of CNNs 

 Batch Size 

The context of machine learning, particularly deep learning, and the 

"batch size" refers to the number of training examples utilized in one 

iteration of training. When training a neural network, you don't typically 

feed the entire dataset into the network at once, especially if the dataset is 

large. Instead, you divide the dataset into smaller batches, and each batch 

is passed through the network one at a time. The network computes the 

gradients of the loss function with respect to the parameters (weights and 

biases) using these examples, and then updates the parameters accordingly 

[31]. 

 Learning rate 

This is the most important hyperparameter because it can greatly 

change the accuracy of the model. In general, a small learning rate takes a 

very long time to converge, while a large learning rate may perform well 

at the beginning, but does not converge as a result of overshooting [32]. 

The use of learning rates varied across research (e.g. 0.01, 0.0001, 0.001, 

etc.) 

 Epoch 

 Within a neural network, a period signifies a comprehensive 

learning iteration for a given training data set. The number of epochs is 

being augmented, and the learning process for the identical training data 

set is also reiterated. The findings indicate that increasing the number of 

epochs leads to a higher prediction accuracy [33]. This is observed through 

the neural network's field loss, which quantifies the absolute inaccuracy 

between the model's output value and the actual value of the real-world 
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data. Choosing the number of epochs is not solely based on accuracy, but 

also on minimising the loss value. 

2.5 Tasks of computer vision 

Deep learning has revolutionized the field of computer vision, 

enabling machines to understand and interpret visual data with remarkable 

accuracy and efficiency [34] .Main three fundamental tasks within 

computer vision that have seen significant advancements through deep 

learning are Object Detection, Image Classification, and Image 

Segmentation [35] ,as shown in table 2.1 and Figure 2.4. 

 Deep learning has propelled these tasks to new heights of 

performance and applicability, enabling a wide range of real-world 

applications from autonomous vehicles to medical diagnosis [36]. 

Continuous research and development in deep learning algorithms and 

architectures continue to push the boundaries of what's possible in 

computer vision. 

 

Figure 2.4 different between image classification and object 

detection and segmentation [37] 
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Table2.1 Comparison between types of computer vision 

Aspect Object Detection Image 

Classification 

Image 

Segmentation 

Task 

Description 

Identify and localize 

objects within an 

image or video frame. 

Assign labels or 

categories to entire 

images. 

Divide images into 

semantically 

meaningful regions 

or segments. 

Objective Detect and localize 

multiple objects, often 

with bounding boxes. 

Determine the main 

category or class of 

the entire image. 

Assign a class 

label to each pixel 

in the image, 

outlining object 

boundaries. 

Output Multiple bounding 

boxes around detected 

objects, with 

associated labels. 

Single label or 

category 

representing the 

predominant 

content of the 

image. 

Pixel-wise 

segmentation mask 

indicating the class 

of each pixel. 

Complexity Higher complexity due 

to the need to locate 

and classify multiple 

objects 

simultaneously. 

Moderate 

complexity, 

focusing on overall 

content analysis. 

High complexity, 

requiring detailed 

pixel-level 

predictions. 

Applications Autonomous vehicles, 

surveillance systems, 

object tracking. 

Image search 

engines, content 

filtering, quality 

control in 

manufacturing. 

Medical imaging, 

autonomous 

robotics, scene 

understanding. 
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Aspect Object Detection Image 

Classification 

Image 

Segmentation 

Notable 

Techniques 

Region-based CNNs 

(R-CNN), You Only 

Look Once (YOLO), 

Single Shot Multibox 

Detector (SSD). 

Convolutional 

Neural Networks 

(CNNs), transfer 

learning, fine-

tuning. 

Fully 

Convolutional 

Networks (FCNs), 

U-Net, Mask R-

CNN. 

 

In computer vision tasks, precision metrics are crucial for evaluating 

the performance of deep learning models in tasks like object detection, 

image classification, semantic segmentation, and more. Here's an 

introduction to some of the most important precision metrics used in 

computer vision deep learning: 

 

1. Validation Set 

In deep learning, a validation set is an essential component used to 

evaluate a learned model with data that it was not exposed to during 

training. It stops overfitting and helps assess how well the model 

generalizes. Typically, the validation set is used all during training to assess 

the model's performance on fresh data and, if necessary, modify hyper 

parameters or early stopping conditions. The relationship between the 

training set, validation set, and the overall dataset can be mathematically 

represented by the following equations [38]. 

                         
𝑫 = 𝑫train ∪ 𝑫val 

𝑫train ∩ 𝑫val = ∅
                        (2.3) 
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Where D represents the entire dataset, 𝐷train is the training set, 𝐷val  

is the validation set, ∪ Denotes the union of sets, ∩ Denotes the intersection 

of sets and ∅ Represents the empty set. 

2. Inference Time 

Inference time, as used in deep learning discussions, refers to the 

duration required for a machine learning model to process new data and 

provide a forecast [39]. Complexity of the model, available computing 

resources, and processing power of the devices are a few of the factors 

influencing this important component of real-time applications.  The 

duration of time a model needs to go from receiving input samples to 

receiving an output forecast is known as inference time. It has a 

mathematical representation as: 

Inference Time= 𝑻end − 𝑻start              (2.4) 

Where 𝑇start  is the start time of inference and 𝑇end  is the end time of 

inference. 

3. Test accuracy 

In deep learning, test accuracy is a model's performance evaluation 

on a specific test dataset. Normally, it is assessed by comparing the test 

dataset's ground truth labels with the model's predictions. Evaluation of the 

model's capacity to accurately categorise or forecast the intended outputs 

for the supplied inputs is the aim. Given that it offers information on the 

model's performance and dependability, test accuracy is a crucial 

parameter in deep learning. It facilitates the understanding of academics 

and practitioners of how well the model generalises to unknown data and 

can be used to compare numerous models or evaluate the effectiveness of 

different testing techniques [40]. 
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By dividing the number of correct predictions by the total number of 

predictions, the mathematical formula for determining the accuracy of a 

test can be achieved. 

  𝑻𝒆𝒔𝒕 𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑪𝒐𝒓𝒓𝒆𝒄𝒕 𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔

𝑻𝒐𝒕𝒂𝒍 𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑻𝒆𝒔𝒕 𝑰𝒏𝒔𝒕𝒂𝒏𝒄𝒆𝒔
× 𝟏𝟎𝟎%        (2.5) 

 Where Number of Correct Predictions" refers to the number of 

instances in the test set that are correctly classified by the model and Total 

Number of Test Instances" is the total number of instances in the test set. 

2.6 Object Detection 

Object detection is a crucial task in the field of computer vision [41]. 

Computer vision primarily entails the recognition of several objects inside 

an image or a video frame. A typical pipeline consists of the acquisition, 

preparation, analysis, and evaluation of the data [42]. Object detection 

introduces an additional level of intricacy by not only recognizing items 

within an image or video but also precisely determining their location using 

bounding boxes (shown Figure 2.5) [43]. The bounding boxes function as 

rectangular boundaries that encompass the things of interest. Intelligent 

systems can gain a comprehensive understanding of their visual 

environment and make informed decisions and take appropriate actions by 

utilizing object detection, similar to how humans view the world [44]. This 

feature enables a diverse array of uses, including autonomous driving, 

surveillance systems, augmented reality, and robotics. 

 Deep neural networks have revolutionized object detection tasks, 

leading to significant progress and enhanced capabilities. Deep neural 

networks, in contrast to traditional methods that depend on manually 

designed features and shallow learning models, allow for end-to-end 
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learning [45]. This means that the networks can automatically extract 

features from raw pixel data. The shift in paradigm has resulted in notable 

enhancements in accuracy, as deep architectures have the ability to record 

complex patterns and variances in the appearance of objects across various 

scales, positions, and environmental conditions. Furthermore, deep neural 

networks have exceptional versatility and adjustability, enabling them to 

be trained on extensive datasets that include a wide range of object 

categories and scenarios. 

 

Figure 2.5 object detection in streets [46] 

2.7 Performance Evaluation parameters 

2.7.1 Confusion matrix 

In object detection, a confusion matrix is a useful tool for evaluating 

the performance of a model. It shows the relationship between the ground 

truth (actual values) and the model's predictions [47]. While a confusion 

matrix in classification typically has a fixed structure with rows 

representing actual classes and columns representing predicted classes, in 
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object detection, it’s slightly more complex due to the nature of multiple 

objects and possible overlapping detections. 

 

Here's a basic breakdown of how the confusion matrix components 

apply to object detection: 

1. True Positives (TP): The number of correctly detected objects, 

where the detected bounding box matches the ground truth box 

(usually defined by an Intersection over Union (IoU) threshold, often 

0.5 or higher). 

2. False Positives (FP): The number of detected objects that do 

not match any ground truth box (e.g., wrong detections or 

duplicates). 

3. False Negatives (FN): The number of ground truth objects that 

were missed by the model (no detected box matches the ground truth 

box). 

4. True Negatives (TN): In object detection, true negatives are 

less commonly discussed because the focus is on the presence and 

localization of objects rather than the absence of objects. 

 

 

 

 

 Predicted: Positive Predicted: Negative 

Actual: Positive True Positive (TP) False Negative (FN) 

Actual: Negative False Positive (FP) True Negative (TN) 
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2.7.2 Intersection over Union (IoU)  

The IoU metric quantitatively measures the similarity between two 

bounding boxes and is commonly employed to evaluate the accuracy of 

object detection algorithms. IoU is computed by dividing the area of 

overlap between the ground truth and the anticipated bounding boxes by 

the area of union of these boxes. 

 

Figure 2.6 The Intersection over Union (IoU) is computed by 

dividing the overlapping area between the bounding boxes by the union 

area [48] 

As shown in figure 2.6, the region of intersection is the specific area 

where an object detection algorithm accurately finds an object that 

precisely matches the ground truth box. This specific choice is commonly 

referred to as true positives (TP). The denominator's union area merges the 

detection outcomes and subsequently deducts the true positives. This is 

done to avoid duplicating the counting of those things. The objects spotted 

in the blue zone are false positives generated by the model. These are 

referred to as false positives (FP). The system failed to detect the objects 

within the orange region, which should have been identified based on the 

ground truth box. The term used to refer to these missed pixels is "false 

negatives" (FN). A perfect prediction is denoted by an Intersection over 

Union (IoU) value of 1, indicating that the anticipated bounding box 

precisely matches the ground truth bounding box. Therefore, the values of 
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FP, TP , and FN are all zero. On the other hand, when the IoU value is zero, 

it indicates that the prediction is erroneous because there is no overlap 

between the predicted bounding boxes and the actual bounding boxes, 

shown Figure 2.7. The given expression can be assessed as the subsequent 

equation: 

                                               𝑰𝑶𝑼 =
𝑻𝑷

𝑻𝑷+𝑭𝑷+𝑭𝑵
              (2.6) 

 

Figure 2.7 How to display intersection over union (IoU) values for 

object detection [49] 

2.7.3 Average Precision (AP)  

When evaluating a model's ability to forecast the behaviour of a 

certain class of objects, the average precision (AP) metric is employed. Our 

first stop will be at precision so that we can better understand average 

precision. The ratio of correctly predicted positive instances (TP) to the 

total number of positive instances (TP + FP) is what the term "precision" 

means when discussing the accuracy of the model's predictions. These 

considerations lead to the following conclusions: 

                                                𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
𝑻𝑷

𝑻𝑷+𝑭𝑷
         (2.7) 

When calculating average precision, it is important to take into 

account the precision values at various degrees of recall. Recall, on the 
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other hand, is a measurement that determines the proportion of all real 

positive instances (true positives) in the dataset that correspond to the 

proportion of correctly predicted positive instances. It reveals the extent to 

which the model is able to locate all instances of positive outcomes.  

                                  𝑹𝒆𝒄𝒂𝒍𝒍 =
𝑻𝑷

𝑻𝑷+𝑭𝑵
                 (2.8) 

Average Precision (AP) is the area under the precision-recall curve. It is 

calculated by taking the simple average of the maximum precision values 

at each recall level. 

𝑨𝑷 = ∑ (𝑹𝒏𝒏 − 𝑹𝒏−𝟏)𝑷𝒏         (2.9) 

where  𝑷𝒏 and 𝑹𝒏 are  the precision and recall at step n. 

2.7.4 Mean Average Precision (mAP) 

 The accuracy with which a model predicts a certain object class is 

expressed by the mean average precision (mAP) measure. The mAP 

computes the average precision for every class and then averages these 

values for all classes [50]. It offers a single summary score that represents 

how well the model performed overall across several classifications.  

𝒎𝑨𝑷 =
𝟏

𝑵
∑ 𝑨𝑷𝒊

𝑵
𝒊=𝟏                       (2.10) 

Where 𝑁is the total number of classes or categories and 𝐴𝑃𝑖 is the 

Average Precision (AP) for each class or category 𝑖. 

2.7.5 F1 score 

The F1 score is the harmonic mean of precision and recall. 

Mathematically, it is calculated as: 

F1=
𝑻𝑵+𝑻𝑷

𝑻𝑵+𝑭𝑵+𝑭𝑷+𝑻𝑷
             (2.11) 
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2.8 Machine learning framework for embedded system 

(TinyML) 

 

Figure 2.8 Definition of TinyML  

Tiny Machine Learning (TinyML) enables cognitive functionalities 

on low-resource IoT devices, specifically Microcontroller units. To refer 

to machine learning applications that utilize compact models for very 

efficient inference with minimal energy consumption [51]. TinyML is an 

emerging topic that focuses on implementing machine learning algorithms, 

such as object detection and classification, specifically for microcontrollers 

(MCUs). The goal is to leverage the large number of MCUs available to do 

machine learning tasks at the extreme edge, as shown in Figure 2.8, with 

the help of interfacing systems like sensors.  Most microcontrollers 

(MCUs) operate within the milliwatt power range, which means that an 

MCU with similar power consumption levels can run on a coin cell battery 

for more than a year [52].  

TinyML will enable the development of innovative services and 

applications at the edge, relying on distributed edge inference and 

autonomous decision-making instead of server computation [53]. 

Specifically, the origins of TinyML may be traced back to the emergence 

of Edge ML, which refers to the practice of deploying machine learning 

models directly on edge devices, such as IoT devices, microcontrollers, and 

other embedded systems, rather than relying on centralized cloud servers. 
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This approach leverages local computation and storage capabilities, 

enabling real-time data processing and decision-making closer to where the 

data is generated [54]. However, while TinyML offers several advantages, 

it also comes with certain limitations. Table 2.2 outlines the advantages 

and disadvantages of TinyML to provide a comprehensive overview of its 

strengths and challenges:  

Table 2.2 Advantages and disadvantages of TinyML 

Advantages Disadvantages 

Extremely low power usage, suitable for 

battery-operated devices 

Limited processing power due to energy 

constraints 

Real-time processing with minimal 

latency as computation occurs on the 

edge 

Limited computational capabilities for 

complex tasks 

Enables deployment of AI models on a 

wide range of small, low-cost devices 

Challenging to deploy complex models 

that require significant memory and 

processing 

Data processing occurs locally on the 

device, enhancing privacy and security 

Limited resources may lead to 

compromises in data handling and 

storage 

Can operate without constant internet 

connection, suitable for remote locations 

May lack the ability to access large 

datasets or perform cloud-based updates 

 

While TinyML presents immense potential, it also faces several 

challenges that must be addressed to fully realize its capabilities: 

a. Model Optimization: There is still a substantial obstacle to 

overcome in the form of the development of highly efficient models that 

are capable of completing difficult tasks with low resources [55]. The 

importance of conducting additional research into architecture design and 

model compression methodologies cannot be overstated.  
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b. Hardware Limitations: TinyML is still in its infancy compared 

to the development of dedicated hardware accelerators that are low-power. 

The advancement of TinyML capabilities will be extremely dependent on 

the continuation of innovation in hardware design. 

c. Energy Efficiency: Managing the amount of electricity that is 

consumed by gadgets is becoming even more important as technologies 

continue to advance. Building machine learning algorithms and hardware 

that are efficient with energy will be essential to TinyML's success in the 

long run.  

Table2.3 compares three machine learning platforms: CloudML, 

MobileML, and TinyML. CloudML involves deploying machine learning 

models on powerful cloud servers using GPUs like Nvidia Volta, offering 

high performance and scalability for complex tasks, but at high costs ($9K) 

and power consumption (250W). MobileML refers to running models on 

mobile devices using mobile CPUs, balancing performance and portability 

for real-time tasks like image recognition, with moderate costs ($750) and 

power usage (~8W). TinyML deploys models on microcontrollers (e.g., 

Arm4, Arm7) with extremely low power (0.1-0.3W) and cost ($3-$8), ideal 

for simple, energy-efficient AI applications at the edge. 

Table 2.3 Comparison of hardware for CloudML, MobileML and 

TinyML [56] 

Platform Architecture Memory Storage Power Price 

CloudML 

Nvidia V100 

GPU 

Nvidia Volta 

HBM 

16GB 

SSD/Disk 

TB∼PB 
250W $9K 



Chapter Two                           Theoretical Background 

 
 

36 
 

MobileML 

Cell Phone 

CPU 

Mobile CPU 

DRAM 

4GB 

Flash 

64GB 

∼8W ∼$750 

Platform Architecture Memory Storage Power Price 

TinyML 

 

 

MCU 

Arm4 

Arm7 

Arm7+ Arm4 

 

SRAM 

128KB 

320KB 

521KB 

eFlash 

0.5MB 

1MB 

2MB 

 

0.1W 

0.3W 

0.3W 

 

$3 

$5 

$8 

 

 2.9 Software 

In TinyML software refers to the lightweight, specialized programs 

and frameworks designed to run machine learning models on 

microcontrollers and low-power edge devices. This software includes 

optimized machine learning libraries (e.g., TensorFlow Lite for 

Microcontrollers, MicroPython, and an online platform for TinyML) 

2.9.1 TensorFlow 

TensorFlow is a comprehensive and powerful framework that 

supports a wide range of machine learning and deep learning applications, 

making it a popular choice among developers and researchers. TensorFlow 

is an open-source machine learning framework developed by Google.  

Here are some features of TensorFlow: 

 Application: TensorFlow can be used for a variety of tasks, from 

training models for image recognition and natural language processing to 
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deploying models on different platforms, including mobile devices and 

cloud infrastructure [57]. 

 Ecosystem: TensorFlow has a rich ecosystem that includes libraries 

for data preprocessing, model building, and deployment. Some notable 

components are TensorFlow Lite (for mobile and embedded devices), 

TensorFlow.js (for running models in the browser) [58]. 

 Keras Integration: TensorFlow integrates with Keras, a high-level 

neural networks API, which makes it easier to build and train deep learning 

models with a user-friendly interface. 

Overall, TensorFlow is a versatile tool for anyone looking to develop 

and deploy machine learning models. 

2.9.2 TensorFlow Lite 

A Google-developed software framework called TensorFlow Lite 

(TFL) allows machine learning models to be run on edge devices including 

mobile devices and microcontrollers. Lite ML applications fit it well 

because of its lightweight and efficient design. This is why TFL was 

created especially to support edge-based machine learning. As so, a wide 

range of effective algorithms can be carried out on peripheral devices with 

limited resources, such as microcontrollers, cellphones, and other circuits 

[59]. Without requiring a continuous internet connection or depending on 

cloud-based services, it allows jobs like image categorization, object 

identification, and natural language processing to be completed directly on 

the device.  

TFL is a framework made expressly to do machine learning on 

embedded devices with few kilobytes of memory. Both Android and 
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smartphones as well as embedded Linux and microcontrollers are among 

the many platforms with which the program is compatible. 

Figure 2.9 shows the process of deploying a machine learning model 

on a microcontroller using TensorFlow Lite for Microcontrollers. First, a 

model is trained using TensorFlow and then converted into a lightweight 

TensorFlow Lite (.tflite) format, optimized for low-resource environments. 

This .tflite model is further converted into a C array to be integrated into a 

microcontroller's firmware. The microcontroller uses this model to perform 

real-time inference on incoming data, allowing for low-latency and energy-

efficient machine learning at the edge without needing cloud connectivity. 

 

Figure2.9 TensorFlow Lite and it Framework [60] 

2.9.3 MicroPython 

MicroPython is a small embedded systems and microcontroller-

compatible open-source programming language and software 

implementation. The goal behind MicroPython was to offer a high-level 

programming language for quick development, prototyping, and 

deployment on tiny devices. By offering a language as familiar and user-

friendly as Python, MicroPython sought to make this process easier. 
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Furthermore supported are a large number of microcontrollers from 

different manufacturers, including Raspberry Pi Pico, Arduino, 

ESP8266/ESP32, STM32 boards, and more [61]. It offers a script mode for 

executing standalone applications together with an interactive shell for 

real-time experimentation and debugging. MicroPython has been 

continuously improved upon and developed since its inception [62]. 

Today, MicroPython is widely used in various applications such as 

Internet of Things (IoT) devices, robotics projects, home automation 

systems, sensor networks, educational platforms, and more. Its simplicity 

and versatility make it an attractive choice for developers looking to work 

with microcontrollers without sacrificing ease-of-use or power [63] . 

2.9.4  Online Platform For TinyML 

An online platform for TinyML is a cloud-based service that 

simplifies the development, training, optimization, and deployment of 

machine learning models on microcontrollers and low-power edge devices. 

These platforms provide tools for training models on various datasets, 

optimizing them for minimal memory and power usage through techniques 

like quantization, and converting them into formats suitable for 

microcontrollers, such as TensorFlow Lite . They also offer features for 

data collection, model management, and integration with a wide range of 

hardware,Such as  Edge Impulse platform ,which is a service that simplifies 

the process of generating TinyML models that are specifically targeted for 

edge devices since it streamlines the process.  
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2.10 Hardware 

 TinyML focuses on deploying machine learning models on small, 

resource-constrained devices, balancing computational power, energy 

efficiency, and size constraint [64]. 

Microcontrollers (MCUs) are small, low-power integrated circuits 

that perform basic computing tasks and execute lightweight ML models. 

Examples include ARM Cortex-M series (e.g., STM32, Nordic nRF) and 

ESP32. Microprocessors (MPUs) are more powerful than MCUs and 

handle more complex models or multitasking, with examples like ARM 

Cortex-A series and Intel Atom. Field-Programmable Gate Arrays 

(FPGAs) are customizable integrated circuits used for hardware 

acceleration of ML tasks, such as Xilinx Zynq and Intel FPGA [65]. 

Low-power sensors, such as accelerometers and temperature 

sensors, provide data for ML models and enable smart applications. 

Memory constraints, including SRAM, Flash, limit the size and complexity 

of deployable models, making efficient memory management crucial [66], 

shown Table 2.4. Lastly, power management is essential for battery-

operated devices, necessitating careful design to ensure efficient energy 

usage. 

Overall, TinyML hardware advances continue to expand the 

possibilities for running sophisticated ML models on small, energy-

efficient devices.  
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Table2.4 Difference between Flash memory and RAM memory 

Aspect Flash Memory RAM (Random Access 

Memory) 

Volatility Non-volatile: Retains data even 

when power is off 

Volatile: Loses data when 

power is turned off 

Purpose Stores program code (firmware) 

and static data 

Temporarily stores data and 

program instructions 

Persistence Retains data long-term Stores data temporarily during 

program execution 

Access Speed Generally slower access speed 

compared to RAM 

Faster access speed compared to 

flash memory 

Capacity Typically larger capacity 

compared to RAM 

Typically smaller capacity 

compared to flash memory 

Usage Examples Storing program code, 

configuration data 

Storing variables, data 

structures during execution 

Optimization Often requires efficient 

programming practices 

Memory management is crucial 

for efficient operation 

Power 

Consumption 

Consumes less power compared 

to RAM 

Consumes more power due to 

constant refresh operations 

 

Overall, embedded devices play a crucial role in enabling 

automation, connectivity, and intelligence in various industries by 

providing dedicated functionality in a compact form factor. Also, object 

detection on embedded devices requires a careful balance between 

accuracy and resource efficiency to enable real-time performance within 

the limitations of the hardware. These are most used types of embedded 

devices that are used in TinyML application: 
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2.10.1 Raspberry Pi 

The Raspberry Pi, depicted in figure 2.12, is an affordable single-

board computer (SBC) created by the Raspberry Pi Foundation 

(raspberrypi.org). The three variants, commonly referred to as 'Raspberry 

Pi's', are built on a system-on-a-chip architecture. Each model includes an 

integrated CPU and GPU, on-board memory, and a power input of 5 V DC. 

Additionally, all models are equipped with a connector specifically 

designed for connecting a dedicated camera. They also feature a set of 

general-purpose input/output (GPIO) pins that enable communication with 

various electrical components, such as LEDs, buttons, servos, motors, 

power relays, and an extensive selection of sensors. Hardware attached on 

top (HAT) refers to specialized expansion boards that can be connected to 

the GPIO pins [67].  

Raspberry Pi, depending on the model, consumes between 2.5W to 

7W of power. For example, the Raspberry Pi 4 Model B has a 64-bit quad-

core ARM Cortex-A72 processor running at 1.5GHz and offers up to 8GB 

of RAM. It supports high-speed data transfer with USB 3.0 and Gigabit 

Ethernet. Storage is managed via a microSD card, which can support 

capacities up to 1TB. Overall, the Raspberry Pi is a compact, energy-

efficient computer suitable for a range of applications, from simple tasks 

to more demanding workloads like light computing and multitasking [68]. 

 

Figure 2.10 Raspberry Pi [69] 
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2.10.2 Arduino 

Arduino is a customized microcontroller that is open-source and 

designed for physical computing. It operates on a single board. The 

Arduino board possesses an exceptional processing capability of up to 16 

MHz, which may vary based on the specific board being used.  Arduino 

made significant progress by introducing a user-friendly integrated 

development environment (IDE) and standardized hardware. Arduino will 

come in handy for controlling motors, LEDs, or interfacing sensors [70]. 

There are a huge variety of Arduino boards, all with different capabilities, 

as shown in Table 2.5. Additionally, Arduino's platform is widely used in 

education, making it an ideal tool for introducing students to computer 

vision concepts. Moreover, the rapid prototyping capabilities of Arduino 

facilitate quick iteration and development cycles, fostering innovation in 

computer vision across domains such as robotics, IoT, and automation.  

Table 2.5 Some devices that can detect objects and support 

TinyML 

Hardware Processor 
CPU 

Clock 

Flash  

Memory 

SRAM 

Size 

Power Organization 

Alif 

Ensemble 

E7 

Cortex-M55 

with Ethos-U55 

microNPUs 

400MHz 4MB 4MB 

1.71- 

3.6V 

Alif 

Semiconductor 

Arduino 

Nicla 

Vision 

Dual Ann 

Cortex M7ZM4 

M7: 

480MHz 

and 

M4: 

240MHz 

2MB 1MB 

3.7V Li-

po 

battery 

Arduino 
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2.11 Overview of Object Detection Algorithms 

Object detection is a key area of computer vision that involves 

identifying and locating objects within an image or video by providing both 

the class label and the bounding box coordinates for each object [71]. 

Object detection algorithms can be broadly categorized into two main 

types: two-stage detectors and one-stage detectors [72]. Each type has its 

strengths and weaknesses in terms of accuracy, speed, and computational 

requirements, which determines their suitability for real-time applications. 

Two-stage detectors, such as R-CNN (Region-Based Convolutional 

Neural Networks), Fast R-CNN, Faster R-CNN, and Mask R-CNN, work 

by first generating region proposals that are likely to contain objects and 

then classifying these proposals and refining the bounding boxes. These 

methods are highly accurate due to their two-step approach, but they are 

Seeed 

Grove 

Vision AI 

Module 

Hi max 

HX6537-A 

 

400MHz 

 

2MB 

 

2MB 

 

5V 

 

Seed Studio 

 

Portenta 

H7 

Lite 

Dual Cortex 

M7+M4 

M7: 

480MHz 

and 

M4: 

240MHz 

16MB 8MB 

3.7V 

 

Arduino 

 

Nano 33 

BLE 

Nordic 

nRF52840 

Cortex-M4F 

M4 

 64 MHz 

1MB 256KB 3.3V 

Arduino 
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relatively slow because they require separate steps for region proposal and 

classification [73]. 

One-stage detectors, such as YOLO (You Only Look Once), SSD 

(Single Shot MultiBox Detector), and RetinaNet, perform object 

localization and classification in a single pass through the network, making 

them significantly faster and more suitable for real-time applications [74]. 

2.11.1 YOLO (You Only Look Once) 

YOLO represents a singular approach to object detection, swiftly 

analyzing entire images via a neural network to yield immediate forecasts 

regarding bounding boxes and class likelihoods. This methodology strikes 

an optimal balance between accuracy and speed, rendering it well-suited 

for applications requiring instantaneous responsiveness [75]. 

 YOLOv5 is one-stage object detection algorithm known for its 

speed and accuracy. It builds on the YOLO family of models, which are 

designed for real-time object detection tasks. YOLOv5 offers a good 

balance between computational efficiency and detection performance, 

making it highly suitable for real-time applications such as video. The 

YOLOv5 architecture comprises three essential components: backbone, 

neck, and head, which collectively enable accurate and dense predictions, 

as depicted in the Figure2.11. The backbone refers to a network that has 

been trained in advance to extract detailed and meaningful features from 

images. This process decreases the spatial resolution of the image while 

simultaneously enhancing the resolution of the features (channels). The 

second model is the neck model, which is employed to extract the unique 

pyramids. This model exhibits strong generalization capabilities among 

objects of varying sizes and scales. Ultimately, the head model is employed 

to execute the concluding stage procedures. The anchor boxes are utilized 
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on the feature maps to generate the ultimate output, which includes classes, 

topicality scores, and bounding boxes. [70]. 

 

Figure 2.11 YOLO5 Architecture [76] 

2.11.2 MobileNetV2 

MobileNetV2 architecture was introduced and significantly 

improved upon the original MobileNet architecture as has been rigorously 

designed for low-power, low-latency operations for mobile and edge 

devices. Lightweight design, low memory footprint, real-time inference 

capabilities, compatibility with TinyML frameworks, versatility, and the 

balance between accuracy and efficiency make it a suitable choice for 

deployment in TinyML applications, especially on microcontrollers and 

other resource-constrained devices.[77]. Figure 2.12 displays that in 

MobileNetV2, there are two types of blocks. One is a Inverted Residual 

Block with step 1. The other is a Standard Convolutional block with step 2 

to reduce the size to make it suitable for running on low-resource devices.  

a. In blocks with stride = 1, the input starts and goes through a 1×1 

convolution layer with ReLU6, which increases the number of channels. 

The output goes through a 3×3 depthwise convolution layer with ReLU6. 

Then, the output goes through a 1×1 convolution layer without Linear, 

which reduces the number of channels to the original number. Finally, the 
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output is added to the original input using fast add. The final output is the 

sum of the original input and the output of the sequential operations as 

follows: 

F(X) = 𝐹𝑆hortcut(X) +Fi(X)         (2.12) 

Where 𝐹𝑆hortcut(X) is the original input and Fi(X) is the output of the 

sequential operations.          

In blocks with stride = 2: it reduces spatial dimensions which helps 

reduce computational cost and increase efficiency. The spatial dimensions 

of the final output are smaller than the spatial dimensions of the original 

input. The original input cannot be added to the final output directly 

because the dimensions are different, making the addition impossible 

without modification. 

  

Figure 2.12 MobileNetV2 architecture where Stride block 1 Inverted 

Residual Block and Stride block 2 Standard Convolutional Block  
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 Depthwise Separable Convolution 

Depthwise separable convolutions are a key component of MobileNetV2, 

helping to make it efficient and lightweight .Its decompose a standard 

convolution into two separate layers: 

1. Depthwise Convolution: 

 Applies a single convolutional filter per input channel (input 

depth). 

 Each filter is applied independently to each channel. 

 This reduces the computational complexity significantly 

compared to standard convolutions. 

2. Pointwise Convolution: 

 Uses 1×1 convolutions to combine the outputs of the 

depthwise convolution. 

 This step effectively merges the output channels from the 

depthwise convolution, increasing the depth of the feature 

maps. 

 Comparative between Standard Convolution and Depthwise Separable 

Convolution Mathematically 

For a standard convolutional layer, the computational cost is given by: 

 𝑐𝑜𝑠𝑡𝑠𝑡𝑎𝑛𝑑𝑒𝑟𝑑 = 𝐾2 ∗ 𝐶𝑖𝑛 ∗ 𝐶𝑜𝑢𝑡 ∗  𝐻 ∗  𝑊          (2.13)  

Where K is the kernel size , 𝐶𝑖𝑛 the number of input channels, 𝐶𝑜𝑢𝑡 the 

number of output channels, H the height of the feature map and Wwidth of 

the feature map. 

Depthwise separable convolutions split this into two operations: depthwise 

convolution and pointwise convolution. 
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1. Depthwise Convolution: 

o Applies a single filter per input channel. 

o The computational cost is: 

𝑐𝑜𝑠𝑡Depthwise = 𝐾2 ∗ 𝐶𝑖𝑛 ∗  𝐻 ∗  𝑊                    (2.14)  

2. Pointwise Convolution: 

 Applies a 1×1 convolution to combine the outputs of the depthwise 

convolution. 

 The computational cost is: 

𝑐𝑜𝑠𝑡Pointwise = 1 ∗ 1 ∗ 𝐶𝑖𝑛 ∗  𝐶𝑜𝑢𝑡 ∗  𝐻 ∗  𝑊     (2.15)  

𝑐𝑜𝑠𝑡Pointwise = 𝐶𝑖𝑛  ∗  𝐶𝑜𝑢𝑡  ∗  𝐻 ∗  𝑊      (2.16)  

The total computational cost of a depthwise separable convolution is the 

sum of the two operations: 

𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙 = 𝑐𝑜𝑠𝑡Pointwise + 𝑐𝑜𝑠𝑡Depthwise                  (2.17) 

In summary, Standard Convolution applies each filter to all input channels, 

resulting in high computational cost and many parameters, making it less 

efficient [78]. Depthwise Separable Convolution splits into depthwise and 

pointwise convolutions, significantly reducing computational cost and 

parameter count, making it more efficient and ideal for lightweight models. 

Here are some types of networks that are included in MobileNetV2: 

1. MobileNetV2 Single Shot Detector- Feature Pyramid Network 

(SSD FPN-Lite) 

The FPN Lite module is employed to integrate the outputs of the 

MobileNetv2 and SSD layers, hence enhancing the accuracy of object 
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detection by including contextual information and merging data from 

various scales [79]. This model utilizes the Feature Pyramid Network 

(FPN) to extract features from the input image, while employing the 

ResNet50 Convolutional Neural Network (CNN) as the underlying 

network, as shown in Figure 2.13 MobileNetV2 SSD FPN-Lite is a 

lightweight object detection architecture designed for efficiency on mobile 

and edge devices.                        

It uses the MobileNetV2 backbone, which consists of layers such as 

Inverted Residual Blocks and depthwise separable convolutions to reduce 

computational complexity while maintaining accuracy. Layers like 

Conv2D and Bottleneck layers extract multi-scale features. The FPN-Lite 

(Feature Pyramid Network Lite) component includes layers like 1x1 

Convolutions and 3x3 Convolutions to merge higher-level semantic 

features with lower-level spatial details, enhancing multi-scale feature 

representation. The SSD Detection Head comprises Convolutional layers 

for predicting bounding box offsets and class scores, Classification layers, 

and Regression layers to handle various object scales and shapes. This 

combination of layers allows MobileNetV2 SSD FPN-Lite to achieve a 

good balance of speed and accuracy, making it ideal for real-time 

applications on resource-constrained devices [80]. 

  

 

Figure 2.13 MobileNetV2 SSD FPN-Lite Architecture [81] 
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2. FOMO (Faster Objects, More Objects) 

FOMO is a lightweight object detection algorithm designed 

specifically for efficient object detection on edge devices with limited 

computational resources. FOMO is particularly well-suited for deployment 

on devices with have restricted computing capabilities, such as mobile 

phones, Internet of Things devices, and embedded systems. In these 

contexts, the ability to quickly and accurately identify objects is of utmost 

importance.  

The adaptability of this technology will offer advantages to 

applications such as object detection, scene comprehension, and 

monitoring [82].  It addresses the need for efficient and scalable object 

detection solutions that can handle large-scale datasets and real-time 

processing requirements. The system can monitor numerous objects 

simultaneously in real time with significantly lower processing power and 

memory use than MobileNet SSD or YOLOv5.The system integrates an 

image feature extractor, often a shortened portion of MobileNet-V2, with 

a fully convolutional classifier to approach object detection as object 

classification across a grid, executed simultaneously, as shown in Figure 

2.14. FOMO's primary design choices prioritize object identification based 

on item position rather than object size. Classical bounding boxes are no 

longer necessary based on this fact. A detection relying on object centroids 

is sufficient. It is important to maintain interoperability with other models, 

thus the training picture input continues to utilize bounding boxes. 
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Figure2.14 FOMO Architecture [83] 

When FOMO first began to design, one of its main objectives was 

to implement object detection on microcontrollers, which frequently have 

very little RAM and flash. The tiniest FOMO version (96x96 grayscale 

input, MobileNetV2 0.05 alpha) operates on a Cortex-M4F at 80MHz with 

~10 fps and <100KB RAM. Additionally, the entire MobileNet network is 

not used for FOMO, it is cut off near the top so you only use a portion of 

it. FOMO utilizes MobileNetV2 as the foundational model for its trunk and 

typically reduces the spatial dimensions from input to output by 1/8th (e.g., 

a 96x96 input yields a 12x12 output), as shown in Figure 2.15. MobileNet 

is truncated at the intermediate layer block_6_expand_relu. Modifying the 

cut point will lead to a varied spatial reduction. For instance, cutting at a 

higher position like block_3_expand_relu will result in FOMO only 

reducing the spatial dimensions by 1/4 (e.g. a 96x96 input will provide a 

24x24 output). 

There is also an important parameter in this algorithm which is 

Alpha, in the FOMO method refers to the scaling factor that regulates the 

network's breadth, which influences the number of channels in each layer 

about the infrastructure. Alpha 0.1 is setting alpha to 0.1 further reduces 

the number of channels in each layer of the MobileNetV2 network. With 

alpha 0.1, each layer will have just 10% of the channels as opposed to the 
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basic architecture [84]. Alpha 0.1 produces a highly lightweight network 

design, drastically lowering computational overhead and memory use. 

However, this significant drop in network width may result in a bigger loss 

of accuracy than utilizing a higher alpha value.  When alpha is set to 0.35, 

each layer in the network will have fewer channels than if alpha was set to 

0.5. This minimizes the network's computational cost and memory 

footprint, making it even more lightweight. However, selecting a lower 

alpha value may result in a bigger drop in accuracy when compared to the 

standard MobileNetV2 architecture. 

 

  

Figure 2.15 Explain how the FOMO algorithm works [85] 

 Understanding Heatmaps in FOMO 

Heatmaps in FOMO provide a simplified and efficient way to detect 

objects by highlighting regions where objects are likely present(shown 

Figure 2.16). This solution utilizes the decreased computing burden and 

memory demands, rendering it well-suited for implementation on 

microcontrollers and other devices with limited resources [86]. Heatmaps 

enable FOMO to achieve practical object detection in scenarios where 

traditional methods would be too demanding. 
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 Heatmap Generation 

1-Feature Extraction: The backbone network (a lightweight CNN) 

processes the input image and extracts important features. These 

features are passed through subsequent layers to produce a lower-

resolution feature map. 

2-Heatmap Creation:  

i. The feature map is processed by a series of convolutional layers to 

generate a heatmap. Each pixel in this heatmap corresponds to a 

specific region in the input image [87]. 

ii. The value of each pixel in the heatmap represents the confidence 

score or probability that an object is present at that location. Higher 

values indicate a higher likelihood of an object's presence. 

 Interpreting Heatmaps 

i. Visual Representation: Heatmaps can be visualized as 

images where the intensity or color of each pixel indicates the 

confidence level of object presence.  

ii. Localization: The heatmap provides an approximate location 

of objects. Instead of bounding boxes, the peak (highest value) 

regions in the heatmap indicate where objects are likely to be 

located. 

 

 Advantages of Using Heatmaps 

i. Simplicity: The model complexity is much decreased by 

emphasizing the existence and approximate position of items 

rather than exact bounding boxes. Deploying on 

microcontrollers with little memory and processing capacity 

requires this simplicity. 
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ii. Efficiency: Heatmaps are more efficient and appropriate for 

real-time applications on limited devices since they require 

less calculations than bounding box prediction. 

iii. Resource Optimization: Further lowering the memory and 

processing needs are heatmaps' decreased size with relation to 

the original input image. This improvement makes FOMO 

operate effectively on devices with extremely few resources. 

 Post-Processing of Heatmaps 

i. Thresholding: After generating the heatmap, a threshold can 

be applied to filter out low-confidence detections. Only pixels 

with values above a certain threshold are considered potential 

object locations [88]. 

ii. Non-Maximum Suppression (NMS): it can be used to make 

sure that just the most certain detections are retained. NMS 

keeps just the peak (highest confidence) values in close 

proximity, therefore suppressing overlapping detections. 

 

Figure 2.16 Heatmap generation of FOMO algorithm  
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2.12 Types of training according to the size of the data 

2.12.1 Active Learning 

In machine learning, active learning is a method applied when it is 

either time-consuming or impossible to obtain huge volumes of precisely 

labelled data. Still, an active learning method can be applied to train a 

model. The procedure begins with training a model on a little dataset. 

Subsequently, the model can be applied to gather fresh data and assist in 

choosing new records that it believes to be most promising [89]. After this, 

the model can be retrained on a bigger dataset and the recommended 

records can be tagged by a domain expert. An active learning algorithm 

allows a model to be quickly installed and then actively upgraded while in 

use. Figure 2.17 shows the whole active learning system. 

 

Figure 2.17 Active learning process [90] 
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2.12.2 Transfer learning 

Transfer learning is a machine learning technique where a model 

trained on one task is reused or adapted for another related task. Instead of 

training a model from scratch, transfer learning leverages knowledge 

gained from solving one problem to improve performance on a different, 

but related, problem [91].  In other word, transfer learning is a powerful 

technique that accelerates the training process and improves the 

performance of machine learning models by transferring knowledge from 

one task to another. It is widely used in various domains to leverage the 

benefits of pre-existing models and adapt them to new tasks with minimal 

effort. 

A common phenomena observed in deep learning networks trained 

on images is that in the initial layers of the network, the model attempts to 

learn low-level properties such as edge detection, colour recognition, and 

fluctuations in intensities. These features do not seem to be exclusive to a 

single dataset or task, as they may be applied to any form of image 

processing, whether it is for spotting a lion or an automobile [92]. In both 

instances, it is necessary to identify these fundamental characteristics. 

These traits are present irrespective of the specific cost function or image 

dataset. Therefore, acquiring knowledge of these characteristics in the 

context of lion detection can also be used to other tasks, such as human 

detection. 

 Here are some key points about transfer learning: 

 Pre-trained Models: In transfer learning, a pre-trained model is used as 

the starting point for training on a new task. These pre-trained models are 

typically trained on large datasets for general tasks such as image 

classification or natural language understanding [93]. 
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 Fine-tuning: After initializing the model with pre-trained weights, the 

model is fine-tuned on a smaller dataset specific to the new task. Fine-

tuning involves updating the model's parameters using the new dataset 

while retaining the knowledge learned from the pre-trained model [94]. 

 Adaptation: Transfer learning allows models to adapt to new tasks with 

less data and computational resources compared to training from scratch. 

It is particularly useful when the new task has limited labeled data or when 

training from scratch would be prohibitively expensive. Figure 2.18 shows 

the whole transfer learning system. 

 

Figure 2.17 Transfer learning process [94]
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Chapter Three 

Proposed Model 

 3.1 Introduction 

Object detection on embedded system opens new opportunities for 

edge computing and IoT applications. By overcoming the challenges of 

limited resources and leveraging powerful software frameworks, we as 

users can create innovative solutions that bring the power of machine 

learning to the edge, enabling real-time object detection in a wide range of 

scenarios. 

In this work, we will find solutions to the blind spot problem in vehicles 

by taking advantage of embedded devices such as microcontrollers and 

cameras, along with advanced signal processing and machine learning 

algorithms. Blind spot detection systems enhance driver awareness and 

reduce the risk of accidents. 

In this chapter, we will explain the propose system and the steps we 

followed to build the model, in addition to the algorithms used in the 

training process and even transferring the model to the embedded device. 

3.2 Description of the System  

A driver's blind spot is the region that is not visible to them when 

looking through the side and rear mirrors. This thesis has explored the 

innovative application of tiny machine learning (TinyML) in detecting 

blind spots using the Arduino Nano 33 BLE and Arduino Portenta H7 , 

addressing a crucial aspect of automotive safety. By leveraging the power 

of edge computing and compact hardware, we have demonstrated the 

feasibility of deploying intelligent blind spot detection systems in resource-

constrained environments such as three wheels motorcycle with accuracy 

in real-time. We will provide a comprehensive description of the model in 

terms of hardware and framework. 
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 3.2.1 Hardware  

 Below is a general description of the devices used:  

1. Arduino Nano 33 BLE 

The main challenge in this work was to implement the model on this 

type of Arduino (as shown Figure 3.1) due to its limited capabilities and 

resources  as shown in tabel 3.1. Since there are various boards, a clear 

distinction is needed. Nano33 BLE Sense is Nordic Semiconductors’ 

nRF52840, 32-bit ARMCortex-M4 CPU running at 64MHz Equipped with 

1MB (nRF52840) CPU Flash Memory. It can be used in a variety of ways, 

including ML (Machine Learning). As the name of the Nano 33 BLE Sense 

board suggests, BLE is stands for Bluetooth Low Energits specifications 

are shown in the following table: 

Table 3.1 Specification of Arduino Nano 33 BLE[95] 

Specification Details 

Microcontroller Nordic nRF52840 Cortex-M4F 

Operating Voltage 3.3V 

Digital I/O Pins 14 (including 6 PWM outputs) 

Analog Input Pins 8 (8-bit resolution) 

Flash Memory 1MB  

SRAM 256KB 

Clock Speed 64MHz 

Wireless 

Communication 
Bluetooth Low Energy (BLE) 

USB Interface Micro USB 

Dimensions 45mm x 18mm 

Weight 5g 
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2. Arduino Portenta H7  

The Arduino Portenta H7(Figure 3.1) is a powerful board featuring dual-

core ARM Cortex-M7 and Cortex-M4 architecture, making it suitable for 

a wide range of applications including machine vision tasks. With 

advanced computing capabilities and comprehensive I/O options, it 

brilliantly meets high-end computing applications. The following table 

shows the device specifications: 

Table 3.2: Specification of Arduino Portenta H7 [96] 

Specification Details 

Microcontroller STM32H747XI dual-core Cortex-M7 @ 480 

MHz, Cortex-M4 @ 240 MHz 

Operating Voltage 3.3V 

Digital I/O Pins 39 

Analog Input Pins 16 

Flash Memory 16 MB  

SRAM 2 MB 

Clock Speed 480 MHz (Cortex-M7), 240 MHz (Cortex-M4) 

Wireless 

Communication 

Wi-Fi 802.11 a/b/g/n/ac, Bluetooth 5.1 

USB Interface USB-C (host and device) 

Dimensions 63.5mm x 25mm 

Weight Approximately 14g 
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Figure3.1 A- Arduino Portenta H7 with vision shield and  B- Arduino 

Nano 33 BLE with ov7675 camera 

The Vision Shield for Portenta H7 is an integrated solution designed 

for computer vision tasks, featuring Himax HM01B0 image sensor and ST 

VL53L0X ToF ranging sensor. It connects directly to the Portenta H7, 

simplifying integration, and is compatible with Arduino IDE for ease of 

programming. In contrast, the OV7675 Camera Module is a stand-alone 

module requiring interfacing with microcontrollers such as Arduino nano 

33 BLE , offering basic image capture capabilities with its OV7675 CMOS 

sensor.  

3.2.2 Software 

 In this work, we utilized an online platform called Edge Impulse to 

develop and deploy machine learning models on edge devices. Edge 

Impulse provides an accessible and comprehensive environment for 

building, training, and optimizing machine learning models specifically 
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tailored for edge applications. The platform simplifies the process of data 

acquisition, feature extraction, model training, and deployment, making it 

particularly suitable for rapid prototyping and real-time inferencing on 

low-power devices. 

To enhance the performance of our object detection model, we 

employed Transfer Learning, a powerful technique that leverages pre-

trained models on large datasets to fine-tune and adapt them to specific 

tasks with smaller, domain-specific datasets. Transfer learning 

significantly reduces the time and computational resources required for 

training, while also improving model accuracy and robustness by using 

learned features from well-established architectures.   

3.3 Proposed System 

Figure 3.2 show typical workflow for deploying a machine learning 

model on an embedded device. It starts with data collection and data 

preprocessing, followed by model selection and training. The next steps 

involve model optimization and quantization to ensure efficiency on 

resource-constrained devices, leading to deployment to the embedded 

device. Finally, the process includes evaluation of the model's performance 

and device inference for real-time decision-making. 

 

Figure 3.2 Proposed Framework 
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3.3.1 Dataset 

 Two types of data were used in this work: 

a) Kaggle (Figure 3.3) dataset was used.  

 Image size and resolution: Image size refers to the dimensions of an 

image in pixels, usually represented as width x height. In this data type 

the image was 640 pixels wide and 480 pixels high, indicating a 

resolution of 640 x 480 pixels. Higher resolution images contain more 

detail but may require more processing power and storage. 

 Object Dimensions: When describing an object within an image, we 

can specify its dimensions in relation to the size of the image. If we detect 

the vehicle in the image, for example, we describe its dimensions as 

occupying approximately 1/4 of the image's width and 1/5 of its height. 

This gives an idea of the size of the object within the image. The size of 

objects relative to the image dimensions can greatly affect object detection 

algorithms. Larger objects may be easier to detect, especially if they take 

up a large portion of the image. However, smaller objects or objects with 

lower contrast relative to the background may be difficult to accurately 

detect. 

 The presence of more than one vehicle in the image was also taken 

into consideration, as well as the event that the vehicles overlapped with 

each other and the colors of the vehicles had different backgrounds. 
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Figure 3.3 Sample of Kaggle dataset 

b)  Live images were collected Video data captured in Karbala, Iraq, 

provides a vivid depiction of urban life, characterized by busy streets, 

diverse vehicles, and many colors (Figure 3.4). Segmenting the video into 

images reveals the complexities of the scene, including overlapping 

vehicles and the challenge of distinguishing between different colors. We 

captured images at different times of day and night, as well as at different 

angles, and mounted the camera on the vehicle’s side mirror to obtain data 

where the three-wheeled vehicle was actually in the blind spot area.  
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Figure 3.4 Dataset collected from the streets of Iraq 

Although the number of data is small, we only train the last layer of the 

network layer because we are using a previously trained network. This 

process is called transfer learning.  

i.Data Splitting  

 Data sets are then typically divided into three main sub-sets: training, 

validation, and test sets. Each subgroup serves a specific purpose in 

developing and evaluating machine learning models. The types are as 

follows:  

a) Training Set 

The training set, which is the largest part of the dataset, is dedicated to 

training the ML model and in this work it amounts to 80% of the total data 

used, shown figure 3.5. It includes labeled examples used to teach the 

model basic patterns and relationships within the data. Ensuring that the 

training set represents the overall distribution of the data is critical for the 

model to effectively learn generalizable patterns. 
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Figure 3.5 Ratio of training data to test data 

b) Test Set 

Test Set is a completely independent subset of the dataset, merely 

serves to assess the completed performance of the trained model. It serves 

as a proxy for real-world model performance on new, unseen data. Keeping 

the test set separate from the training and validation sets ensures an 

unbiased assessment of the model's generalization ability. Once the model 

is trained and fine-tuned using training and validation sets. To give an idea 

of practical effectiveness, the performance is evaluated by applying the 

model to the test set. In this work, its percentage was 20% of the total data, 

as shown in the Figure 3.5. 

c) Validation Set 

Validation Set is a smaller subset of the dataset only 15% of training 

set, serves the purpose of tuning hyperparameters and evaluating training 

model performance. It acts as an independent evaluation set, assessing 

how well the model generalizes to unseen data and helping prevent 

overfitting. Hyperparameters like learning rate, regularization strength, or 

network architecture are adjusted based on the model's performance on 

the validation set. 

ii. Labeling 

 To keep the data interoperability with other models, labelling the data 

is required before to beginning a neural network training. While the 

detection technique will involve marking the centers of the objects it 
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wishes to detect, the bounding boxes will be used as input for training the 

image. Following that, all of the data is categorized and the labels which 

are displayed in Figure 3.6 are given the name "Tuktuk."  

 

Figure 3.6 Labeling proses  

3.3.2 Data preprocessing 

a) Image resizing: it involves resizing the collected images to a uniform 

resolution suitable for model training and inference while balancing 

computational efficiency and information preservation. We trained the 

model on several sizes starting from 70*70 to 360*360 to get the best 

results. 

b) Image color selection: In this part, the appropriate image color is also 

chosen according to the capabilities of the device used, whether 

Grayscale or RGB (shown Table 3.4). The choice between grayscale 

and RGB images can have a significant impact on memory usage, 

particularly in the context of machine learning models where memory 
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resources may be limited, such as on edge devices or embedded 

systems.  

Table 3.3 Differences between RGB and Grayscale 

Aspect RGB Grayscale 

Color Model Uses three primary colors 

(Red, Green, Blue) 

Uses a single channel 

representing intensity 

Components Consists of three 

channels (R, G, B) 

Consists of a single 

channel 

Color Depth Each channel typically 

has 8 bits (0-255) 

Each pixel typically has 

8 bits (0-255) 

Memory Usage Requires more memory 

due to multiple channels 

Requires less memory 

compared to RGB 

Computational 

Efficiency 

More computationally 

intensive due to multiple 

channels 

More computationally 

efficient due to single 

channel 

 

c) Feature explorer: The Visual Features Explorer can be employed to 

quickly identify outliers or improperly classified data. The latter 

facilitates the recognition of unclassified data. The data explorer first 

endeavours to extract the suitable characteristics from the data by 

analysing the signals and integrating them into a neural network. 

Subsequently, it utilises a dimensionality reduction mechanism to 

convert these characteristics into a two-dimensional domain. This 

provides a thorough overview of the entire dataset in a single glance.  

This visualization efficiently assesses the degree of separation in the 

data. In this case, the Feature Explorer displays data points that differ 

greatly from the main cluster in the dataset. This implies the potential for 

misnaming of data. 
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 Figure 3.7 displays a portion of the dataset utilized in the study, 

whereas (Figure3.7 A) presents the data obtained from the collected 

dataset. The quantity of image in the dataset will have a significant impact. 

Despite the presence of outliers, the explorer determined that they were 

acceptable after conducting a thorough examination. The variation in this 

dispersion is probably caused by the diverse composition of the 

background. Derived from (Figure3.7 B), a subset of the Kaggel dataset. 

Based on the graphic, our initial expectation is that the combined data will 

yield superior results compared to the Kaggel data. The rationale behind 

this is that the photographs he gathered exhibit a higher degree of 

similarity and consistency, as they originate from comparable streets and 

surroundings, in contrast to Kaggel's dataset.  

 

 

A                                                     B 

 

 

 

 

  

                                                                                

Figure 3.7 Feature explorer (A) Kaggle Dataset  (B) Collected Dataset 

 

3.3.3 Improvement model and Training 

Train a machine learning model using pre-processed data. Edge 

Impulse provides tools for building and training different types of models. 

Three algorithms were used in this work and compared between them to 

find out the best algorithm that matches the capabilities of the 

microcontroller. Different TinyML algorithms such as YOLOv5, 
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MobileNetV2 SSD FPN-Lite, and FOMO for object detection tasks, taking 

into account the complexity and accuracy of the model. 

1- FOMO: This model utilises MobileNetV2 (alpha 0.1) to detect objects 

and segment a picture into a grid, distinguishing between the background 

and objects of interest. The purpose of these models is to have a size of less 

than 100KB and be capable of accepting grayscale or RGB input at any 

resolution. The FOMO object detection model developed by Edge Impulse 

is highly efficient in accurately categorising things and has a little 

computational footprint, making it suitable for running on microcontrollers 

(MCUs). 

Input layer ( 9,216 features) for the capabilities of the Arduino Nano33 

BLE include image size of 96*96 and grayscale. In contrast, the Input layer 

(307,200 features) has the capabilities of the Arduino Portenta H7, 

represented by an image size of 320 * 320 and RGB. 

  

 FOMO Architecture  

Table3.4 outlining the FOMO model architecture tailored for an input 

image size of 96x96, detailing the key layers and their functions: 

Table 3.4 FOMO architecture tailored for an input image size of 96x96 

Layer Type Description Parameters Output 

Shape 

Input Layer Accepts the input 

image 

Image size: 96x96x3 (96, 96, 3) 

Convolutional 

Layer 

Initial feature 

extraction 

Filters: 32, Kernel: 

3x3, Stride: 2, 

Padding: Same 

(48, 48, 32) 

Batch 

Normalization 

Normalizes the 

output of the 

previous layer 

- (48, 48, 32) 

ReLU Activation Applies ReLU 

activation function 

- (48, 48, 32) 

Depthwise 

Separable 

Convolution 

Reduces 

computational 

complexity 

Filters: 64, Kernel: 

3x3, Stride: 2, 

Padding: Same 

(24, 24, 64) 
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Layer Type Description Parameters Output 

Shape 

Batch 

Normalization 

Normalizes the 

output of the 

previous layer 

- (24, 24, 64) 

ReLU Activation Applies ReLU 

activation function 

- (24, 24, 64) 

Convolutional 

Layer 

Further feature 

extraction 

Filters: 128, Kernel: 

3x3, Stride: 2, 

Padding: Same 

(12, 12, 

128) 

Batch 

Normalization 

Normalizes the 

output of the 

previous layer 

- (12, 12, 

128) 

ReLU Activation Applies ReLU 

activation function 

- (12, 12, 

128) 

Depthwise 

Separable 

Convolution 

Reduces 

computational 

complexity 

Filters: 256, Kernel: 

3x3, Stride: 2, 

Padding: Same 

(6, 6, 256) 

Batch 

Normalization 

Normalizes the 

output of the 

previous layer 

- (6, 6, 256) 

ReLU Activation Applies ReLU 

activation function 

- (6, 6, 256) 

Convolutional 

Layer 

Produces the final 

feature map 

Filters: 512, Kernel: 

3x3, Stride: 1, 

Padding: Same 

(6, 6, 512) 

Batch 

Normalization 

Normalizes the 

output of the 

previous layer 

- (6, 6, 512) 

ReLU Activation Applies ReLU 

activation function 

- (6, 6, 512) 

Convolutional 

Layer (Heatmap) 

Generates heatmaps 

for object presence 

detection 

Filters: Number of 

classes, Kernel: 1x1, 

Stride: 1, Padding: 

Same 

(6, 6, 

Number of 

Classes) 

Softmax Layer Converts logits into 

probabilities for 

classification. 

- (6, 6, 

Number of 

Classes) 

 

i. Input Layer: Receives the input image, resized to 96x96 pixels with 

3 color channels. 

ii. Convolutional Layers: The initial convolutional layer extracts 

basic features, followed by depthwise separable convolutions to 



Chapter Three                                          Proposed System 

74 
 

reduce computational complexity while maintaining feature 

extraction. 

iii. Batch Normalization: normalizes outputs of convolutional layers 

to stabilize and accelerate training. 

iv. ReLU Activation: Introduces non-linearity, enabling the network to 

learn complex patterns. 

v. Depthwise Separable Convolution: reduces the number of 

parameters and computations, maintaining efficiency while still 

extracting meaningful features. 

vi. Final Convolutional Layer: generates the final feature map for 

heatmap creation. 

vii. Heatmap Layer: A convolutional layer with a number of filters 

equal to the number of classes, predicting heatmaps indicating the 

presence of objects. 

viii. Softmax layer: takes the final output from the previous layer (the 

heatmap generated by the last convolutional layer) and normalizes 

the values into a probability distribution across the number of 

classes. This is typically the last layer in a classification network, 

where each value represents the probability of each class. 

 

2. MobileNetV2 SSD FPN-Lite: The provided model is a pre-trained 

object recognition model that is specifically designed to identify and locate 

a maximum of 10 things within an image. It produces a bounding box for 

each discovered object. The system is capable of accepting an RGB input 

with a resolution of 320x320 pixels. The input layer consists of 307,200 

features. Table 3.5 it is a summary of the layers used to build this algorithm. 
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Table 3.5 MobileNetV2 SSD FPN-Lite architecture tailored for an input 

image size 320*320 

Layer Type Description Parameters Output 

Shape 

Input Layer Accepts input image for 

processing. 

Shape: (Height, 

Width, Channels) 

(320, 320, 3) 

Conv2D Layer Initial convolutional 

layer for feature 

extraction. 

Filters: 32, Kernel: 

3x3, Stride: 2, 

Padding: Same 

(160, 160, 

32) 

Batch 

Normalization 

Normalizes the output of 

the previous layer. 

- (160, 160, 

32) 

ReLU6 

Activation 

Applies ReLU6 

activation function. 

- (160, 160, 

32) 

Inverted 

Residual Block 

(Bottleneck) 

Efficient block for 

feature extraction and 

reducing dimensions. 

Varies (e.g., Filters: 

16, Expansion: 6x, 

Kernel: 3x3) 

Varies (e.g., 

(80, 80, 16)) 

Depthwise 

Separable 

Convolution 

Further feature extraction 

with reduced 

computation. 

Filters: Varies, 

Kernel: 3x3, Stride: 

1, Padding: Same 

Varies (e.g., 

(80, 80, 96)) 

Feature 

Pyramid 

Network (FPN-

Lite) 

Combines multi-scale 

feature maps for better 

detection of objects of 

various sizes. 

Uses 1x1 and 3x3 

convolutions to 

merge feature 

maps. 

Varies (e.g., 

(40, 40, 256)) 

Convolutional 

Layer (SSD 

Head) 

Predicts object locations 

and class probabilities 

from feature maps. 

Filters: Varies, 

Kernel: 3x3, Stride: 

1, Padding: Same 

Varies (e.g., 

(40, 40, 24)) 

Batch 

Normalization 

Normalizes the output of 

the previous SSD head 

layer. 

- Varies (e.g., 

(40, 40, 24)) 

ReLU6 

Activation 

Applies ReLU6 

activation function. 

- Varies (e.g., 

(40, 40, 24)) 

Anchor Box 

Layer 

Generates anchor boxes 

for different scales and 

aspect ratios. 

Configured per 

feature map level. 

Varies 

Classification 

Convolutional 

Layer 

Classifies each anchor 

box as a specific class or 

background. 

Filters: Number of 

Classes x Number 

of Anchors 

Varies (e.g., 

(40, 40, 

8732)) 

Bounding Box 

Regression 

Layer 

Regresses the offsets for 

each anchor box to fit the 

bounding boxes of 

detected objects. 

Filters: 4 x Number 

of Anchors 

Varies (e.g., 

(40, 40, 

8732)) 

Softmax Layer Converts classification 

logits into probabilities 

for object classes. 

- (Number of 

Anchors, 

Number of 

Classes) 
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3- YOLOv5: The transfer learning model utilises the yolov5n.pt weights 

and is capable of handling RGB input at any resolution, albeit it only 

accepts square images. The input layer consists of 76,800 features.  

The YOLOv5 model utilizes Focus, CSP (Cross Stage Partial), SPP 

(Spatial Pyramid Pooling), and PANet (Path Aggregation Network) layers, 

which enhance feature extraction, reduce model size, and improve 

detection accuracy, especially for small and large objects. The detection 

heads in YOLOv5 are responsible for generating object detection outputs 

at different scales, allowing the model to detect objects of varying sizes. 

Table3.6 provides a comprehensive overview of the YOLOv5 architecture, 

capturing the essential layers, their roles, parameters, and output shapes in 

the network. 

Table 3.6 YOLOv5 architecture tailored for an input image size 320*320 

Layer Type Description Parameters Output Shape 

Input Layer Accepts the input image 

for processing. 

Shape: (Height, 

Width, 

Channels) 

(320, 320, 3) 

Focus Layer Slices the input image 

into 4 and concatenates 

them depth-wise to 

enhance small object 

detection. 

Kernel: 3x3, 

Stride: 1, 

Padding: Same 

(160, 160, 32) 

Conv2D Layer Convolutional layer for 

initial feature extraction. 

Filters: 64, 

Kernel: 3x3, 

Stride: 2, 

Padding: Same 

(80, 80, 64) 

Batch 

Normalization 

Normalizes the output of 

the convolutional layer. 

- (80, 80, 64) 

Leaky ReLU 

Activation 

Applies Leaky ReLU 

activation function. 

- (80, 80, 64) 
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Layer Type Description Parameters Output Shape 

CSP (Cross 

Stage Partial) 

Block 

Enhances gradient flow 

and reduces model size 

for deeper layers with 

improved performance. 

Multiple 

Bottleneck 

Blocks, varies 

Varies (e.g., 

(80, 80, 128)) 

SPP (Spatial 

Pyramid 

Pooling) Layer 

Aggregates global 

context with max-pooling 

to improve receptive 

field and object 

localization. 

Kernel: 5x5, 9x9, 

13x13 

(40, 40, 256) 

PANet (Path 

Aggregation 

Network) 

Improves information 

flow for small and large 

objects by fusing low-

level and high-level 

features. 

Concat and 

Upsample Layers 

Varies (e.g., 

(20, 20, 512)) 

Convolutional 

Layer 

Generates feature maps 

for object detection with 

various anchor boxes. 

Filters: 256, 

Kernel: 3x3, 

Stride: 1, 

Padding: Same 

Varies (e.g., 

(20, 20, 256)) 

Batch 

Normalization 

Normalizes the output of 

the previous 

convolutional layer. 

- Varies (e.g., 

(20, 20, 256)) 

Leaky ReLU 

Activation 

Applies Leaky ReLU 

activation function. 

- Varies (e.g., 

(20, 20, 256)) 

Detection Head Generates final bounding 

boxes and class 

probabilities. 

Uses anchors 

specific to 

different scales 

Varies (e.g., 

(10, 10, 3, (5 + 

Number of 

Classes))) 

Anchor Box 

Layer 

Generates anchor boxes 

at different scales for 

object localization and 

bounding box regression. 

Configured per 

feature map level 

Varies 

Convolutional 

Layer (Final) 

Refines predictions for 

object locations and 

classes for each anchor 

box. 

Filters: Number 

of Classes x 

Number of 

Anchors 

Varies (e.g., 

(10, 10, 

Number of 

Classes x 3)) 
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Table 3.7 is a comparison of YOLOv5, MobileNetV2 SSD FPN-Lite, 

and FOMO algorithms, focusing on their architecture, efficiency, 

suitability for real-time applications, and other characteristics. 

Table 3.7Comparison of YOLOv5, MobileNetV2 SSD FPN-Lite, and 

FOMO algorithms 

Feature YOLOv5 MobileNetV2 SSD 

FPN-Lite 

FOMO 

Architecture Single-stage, 

CNN backbone 

with neck and 

head for 

prediction 

MobileNetV2 CNN, 

SSD for multi-scale 

detection, FPN for 

feature enhancement 

Simplified detection 

using heatmaps 

Speed and 

Accuracy 

High speed and 

good accuracy for 

real-time 

applications 

Good balance of 

speed and accuracy 

for mobile and edge 

devices 

Extremely low latency 

and power 

consumption, suitable 

for highly constrained 

devices 

Model Size Multiple versions 

(s, m, l, x) to suit 

different 

hardware 

capabilities 

Lightweight, ideal 

for mobile and edge 

deployment 

Ultra-compact, 

designed for 

microcontrollers and 

embedded systems 

Target 

Applications 

Real-time object 

detection in 

moderate to high 

resource 

environments 

Mobile and edge 

devices with limited 

computational 

resources 

TinyML applications 

where presence and 

approximate location 

detection is sufficient 

Optimization Process image in 

one forward pass 

for efficiency 

Uses depthwise 

separable 

convolutions for 

efficiency, combines 

multi-scale feature 

maps 

Simplifies object 

detection problem for 

extreme resource 

efficiency 

Deployment Suitable for 

GPUs, powerful 

CPUs, and edge 

devices 

Optimized for 

mobile phones, 

tablets, and edge 

devices 

Designed for 

microcontrollers, IoT 

devices, and 

embedded systems 
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3.3.4 Model Optimization 

 In TinyML, model optimization is paramount due to the stringent 

constraints of resource-constrained edge devices like microcontrollers and 

IoT devices. These models need to be optimized for size, speed, and 

energy efficiency to fit within limited memory and processing power 

while ensuring real-time inference and preserving battery life. Optimized 

models are more robust to noisy environments, scalable for deployment 

across edge devices, and offer enhanced security and privacy protections.  

The Edge Impulse platform offers two optimization models to adapt 

the model for execution on devices with limited resources, such as 

Arduiszno. The "int8" quantum models trade off accuracy for lower 

memory usage and enhanced efficiency, making them ideal for 

deployment on devices with limited resources: "int8" and "float32", 

shown Table3.8. However, unoptimized "float32" models maintain a high 

level of accuracy but necessitate greater memory and processing 

resources. As a result, they 3are better suited for the development and 

training stages where precision is of utmost importance. 

Table 3.8 Model Optimization 

Quantized (int8) Unoptimized (float32) 

Int8 quantization significantly reduces 

model size and memory footprint, 

making it more efficient for 

deployment on resource-constrained 

devices such as microcontrollers. 

Float32 models offer higher accuracy and 

precision compared to quantized models 

but may be less efficient for deployment on 

devices with limited computational 

capabilities. 

Int8 quantization also improves 

inference speed and energy efficiency 

by reducing the computational cost of 

numerical operations. 

Float32 models are commonly used during 

model development and training to achieve 

the highest possible accuracy before 

optimization for deployment. 
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3.3.5 Deployment to embedded devices 

It is time to convert the optimized model to the appropriate format 

compatible with TinyML frameworks after optimizing it and making the 

memory suitable for the capabilities of the device. At this stage, the 

modified model is used on microcontroller or embedded device platforms. 

Arduino Portenta H7 and Arduino nano33 BLE were used in this work.  

We export the trained Edge Impulse model in a format compatible 

with Arduino hardware. The exported model was built into both devices 

using the Arduino IDE. We next combine the TensorFlow Lite and Edge 

Impulse Arduino libraries. After then, the device's flash memory held the 

exported model file. The model's performance on the device should lastly 

be monitored and, if needed, optimized. 

We further alter model structure, adjust hyperparameters, or integrate 

new data to improve model accuracy and efficiency in real-world 

scenarios. These steps let Arduino Nano 33 BLE devices and Arduino 

Portenta H7 devices to deploy machine learning models trained with Edge 

Impulse for a range of embedded and Internet of Things applications. 

 

3.3.6 Evaluation 

 Inference Time Calculation: Edge Impulse enables real-time 

inference on embedded devices, therefore deployment of models 

in resource-constrained settings depends on an understanding of 

inference time. Complexity of the model, hardware platform, and 

any deployment-related optimizations all affect inference time. 

Regarding blind spot detection, the success of the system is 

mostly dependent on its reasoning time. 

 Validation Set Performance: To evaluate the model's post-

training performance, use a validation dataset. Accuracy, 
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precision, recall, F1 score, and other metrics are computed using 

the model's predictions on the validation set in relation to the 

ground truth labels. 

3.3.7 Device Inference 

Testing an object detection model on peripheral devices such as the 

Arduino Nano 33 BLE or Arduino Portenta H7 (as shown in Figure 3.8) 

involves deploying the trained model on the device and evaluating its 

performance in real-world scenarios. 

  

 

 

                                         

                                         

                                    A                                                B                                                                                                                                                                                               

Figure 3.8 (A.) Arduino Portenta H7 test (B.) Arduino Nano 33 

BLE test 

Flowchart in Figure 3.9 a continuous, real-time loop where a 

microcontroller, integrated with a camera, captures images, processes 

them, and performs object detection to identify three-wheeled vehicles. 

The detection results are marked visually, and the system is designed to 

operate repeatedly, making it suitable for applications like blind spot 

detection. 
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Figure 3.9 flowchart describes the process for a real-time object detection 

system using a microcontroller and camera 
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Chapter Four 

Results and Discussions 

4.1 Introduction 

This chapter provides a thorough examination and assessment of the 

effectiveness of the proposed approach in detecting blind spots in embedded 

vehicles. The process entails a sequence of meticulously planned tests, each 

aimed at assessing various facets of the model's capabilities. The primary 

objective of this chapter is to showcase and evaluate the numerical outcomes 

derived from the model's effectiveness in different benchmarks and 

experimental scenarios. The chapter begins by presenting a thorough 

examination of methodology, a validation dataset, and specific evaluation 

criteria. The chapter subsequently showcases the numerical findings using 

tables and graphs, facilitating a comparative evaluation of the model's 

efficacy in relation to reference models. 

4.2 Performance of lite object detection algorithms 

In order to explore the trade-off between accuracy, inference time, and 

memory, we trained our model on two devices (Arduino Portenta H7 and 

Arduino Nano 33 BLE) each device was trained on different input sizes of 

dataset (shown 3.3.1 in chapter 3), 70 * 70, 96 * 96, 120 * 120, and 320 * 

320. These sizes were chosen so that the model fit the target device. While 

maintaining a reasonable portion of image resolution.  

In this work, YOLOv5, FOMO, and MobileNetV2 SSD FPN-Lite 

algorithms are compared and applied to the two devices used during 

parameter tuning: learning rate = 0.004, validation set size = 20, and batch 

size = 20, as shown in table 4.1 summary of the behavior of the algorithms 

used. The accuracy of the work is important, but the most crucial aspect is 
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the efficient use of RAM and flash memory, ensuring they are compatible 

with the capabilities of the Arduino. 

Table 4.1 General comparison of algorithm behavior on microcontrollers 

used 

 

4.2.1 Single Shot Detector- Feature Pyramid Network (SSD FPN-Lite) 

 After training the data on the SSD algorithm, it showed unacceptable 

results for the two devices, as this algorithm restricts us to an image size of 

320*320 and RGB colors, as it requires a device with higher resources than 

the one that was used. As we note in Table4.2, this algorithm is not 

compatible with the capabilities of the Arduino, whether in terms of memory 

or inference time. The choice of a particular input size to train a model such 

as SSD-FPN (Single-shot Multi-Box Detector with Feature Hierarchical 

Network) with 320 x 320 RGB resolution can be due to the architecture 

design. This size could have been chosen to balance model complexity with 

accuracy and computational efficiency. 

 

 

 

 

Algorithm  Arduino Portinta H7 Arduino Nano 33 

BLE 

SSD FPN-Lite   

YOLOv5   

FOMO   
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Table 4.2 Behavior of the SSD algorithm on the dataset and devices used 

Algorithm Image 

Size 

Image 

color 

Inferencing 

Time(Arduino 

Nano 33ble) 

Inferencing 

Time(Porten

ta H7) 

Flash 

Usage  

Validation 

Set 

Accuracy  

 

Test 

Accuracy 

Kaggle Dataset 

SSD FPN-

Lite 

320x320 RGB 960945 ms 18225ms 11.0MB 81.9% 77.5% 

Collected spot dataset 

SSD FPN-

Lite 

320x320 RGB 953015 ms 17198 ms 11.0MB 71.5% 77.5% 

 

4.2.2 You only look once (YOLOv5) 

 Using YOLOv5 with an Arduino Nano 33 BLE and Portenta H7, 

flash usage is about 1.8MB, as shown in Table 4.3. This flash usage refers 

to the amount of program memory required to store the model and its 

associated code for inference. 

Given this flash usage and inference time results: 

i. Arduino Nano 33 BLE: Due to limited flash memory of 1MB, using 

YOLOv5 on an Arduino Nano 33 BLE it cannot be implemented. 

Flash usage of 1.8MB is very high for this microcontroller, and it can 

be difficult to accommodate both the model and the necessary 

inference code within the available memory. In addition, at the time 

of inference, numbers appeared that were impractical and were not 

useful for detecting blind spots in vehicles. 
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ii. Portenta H7: Using 1.8MB of flash is within the capabilities of the 

Portenta H7, which is a more powerful microcontroller compared to 

the Nano 33 BLE. The Portenta H7 has 16MB available flash memory, 

making it more suitable for running complex models such as 

YOLOv5. This algorithm has the ability to detect during the day and 

night, as shown in the Figure 4.1 and Figure 4.2.  

The size of images directly impacts RAM usage because larger images 

require more memory for storage and processing. When an image is captured 

or loaded, it is temporarily stored in RAM for quick access during 

processing. The amount of memory needed depends on the image's 

resolution (width x height) and the number of channels (e.g., RGB channels 

require 3 bytes per pixel while Grayscale require only 1 bytes per pixel). 

In other words, smaller images have fewer pixels, meaning less data 

needs to be stored in memory. As shown in Table4.3, an image of 320x320 

size will take up more RAM compared to an image of 96x96 size. 

 

Table 4.3 Behavior of the YOlOv5 algorithm on the dataset and devices 

used 

Algorithm Image Size Image 

color 

Inferencing 

Time(Arduin

o Nano 

33ble) 

Inferencing 

Time 

(Portenta 

H7) 

RAM 

Usage 

Flash 

Usage  

Validation 

Set 

Accuracy  

 

Test 

Accuracy 

Kaggle Dataset 

YOLOv5 320x320 RGB 61498 ms 4115 ms 1.3MB 1.8MB 88.0% 58.82% 

YOLOv5 

 

96 x 96 RGB 4028ms 531 ms 222.1KB 1.8MB 63.9% 37.93% 

Collected  dataset 

YOLOv5 320x320 RGB 9297 ms 3668ms 1.3MB 1.8MB 89.0% 75.00% 

YOLOv5 96x96 RGB 8830 ms 433 ms 220.8KB 1.8MB 74.4% 56.25% 
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Figure 4.1 Implementing the YOLOv5 algorithm on an Arduino 

PortentaH7 during Morning-time  

 

Figure 4.2 Real-time results of work using portent H7 with YOLOv5 

algorithm during night-time 
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iii. Mean Average Precision (mAP)  

As shown in Figure 4.3, the mean Average Precision (mAP) of the 

model showed remarkable improvement throughout the training process. 

Initially, the mAP was very low at 0.00969, indicating poor overall 

performance in detecting and localizing objects across different categories. 

However, as training progressed and the model underwent iterative 

adjustments such as enhanced feature extraction, hyperparameter tuning, and 

data augmentation, there was a significant enhancement in its ability to 

accurately detect and localize objects. By the end of the training period, the 

mAP had increased dramatically to 0.796. This substantial improvement 

demonstrated the model's enhanced reliability and suitability for practical 

applications, reflecting a high overall detection quality with relatively low 

rates of false positives and false negatives. 

 

Figure4.3. mAP during Training in YOLOv5 
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iv.  Precision and Recall 

Over the course of training, the precision and recall of the model 

showed significant improvement. As shown in Figure 4.4, the model's 

performance was extremely poor, with a precision of 0.00104 and a 

recall of 0.109. This indicated that almost all positive predictions were 

incorrect, resulting in a very high number of false positives, and the 

model detected only about 10.9% of the actual objects, resulting in a 

high number of false negatives. As training progressed, iterative 

adjustments and optimizations were applied to the model, such as 

enhanced feature extraction, hyperparameter tuning, and data 

augmentation. These efforts gradually improved the model's accuracy 

in predicting positive instances and detecting actual objects. By the 

end of the training period, the precision had increased dramatically to 

0.88, meaning 88% of the model's positive predictions were correct, 

while the recall had improved to 0.89, indicating that the model was 

now detecting 89% of the actual objects. This significant enhancement 

in both metrics demonstrated the model's improved reliability and 

suitability for practical applications, reflecting a well-balanced 

performance with relatively low rates of false positives and false 

negatives. 
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Figure 4.4 Precision and Recall during Training in YOLOv5 

 

v. Confusion Matrix 

Table4.4 Confusion Matrix of YOLOv5 algorithm 

 

1. Actual background, predicted background (100%): when the actual 

class was "background", the model correctly predicted it as 

"background" 100% of the time. this means the model perfectly 

identifies instances of "background". 

2. Actual background, predicted Tuktuk (0%): when the actual class was 

"background", the model never incorrectly predicted it as "Tuktuk". 

0
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1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31

 BACKGROUND TUK TUK 

BACKGROUND 100% 0% 

TUK TUK 11.0% 89.0% 



 

92 
 

3. Actual Tuktuk, predicted background (11%): when the actual class 

was "Tuktuk", the model incorrectly predicted it as "background" 11% 

of the time. this indicates that the model sometimes struggles to 

distinguish "Tuktuk" from "background". 

4. Actual Tuktuk, predicted Tuktuk (89%): when the actual class was 

"Tuktuk", the model correctly predicted it as "Tuktuk" 98% of the 

time. 

5. F1 Score: 

-background (1.00): the f1 score for the "background" class is 1.00, 

indicating perfect precision and recall for this class. 

-Tuktuk (0.87): the f1 score for the "Tuktuk" class is 0.87, which 

shows good performance but with more errors compared to the 

"background" class. 

4.2.3 Fast Objects More Objects (FOMO) 

While both Arduino Nano 33 BLE and Arduino Portenta H7 can support the 

implementation of the FOMO algorithm, their performance differs 

significantly due to differences in processing power and memory. Arduino 

Nano 33 BLE is suitable for lightweight object detection tasks with modest 

performance requirements, while Arduino PortentaH7 offers higher 

performance and is capable of handling more complex object detection tasks 

with greater accuracy. 
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 Table 4.5 Behavior of the FOMO algorithm on the dataset and devices 

used with Quantized (int8) models 

Algorit

hm 

Image 

Size 

Image 

color 

Inferencing 

Time(Arduino 

Nano 33ble) 

Inferencing 

Time 

(Portenta 

H7) 

RAM 

Usage 

Flash 

Usage 

Validation 

Set 

Accuracy 

 

Test 

Accura

cy 

Kaggle Dataset 

FOMO 96x96 RGB 765 ms 40ms 235.5KB 64.2KB 84.1% 82.35% 

FOMO 96x96 Grayscale 537 ms 38 ms 235.3KB 63.9KB 82.1% 78.57% 

FOMO 70x70 Grayscale 386 ms 30ms 136.5KB 63.7KB 71.7% 64.29% 

Collected  dataset 

FOMO 96x96 RGB 644 ms  41 ms  123.9KB 76.6KB 92.5% 75.86% 

FOMO 96x96 Grayscale 469 ms 36 ms. 123.8KB 76.4KB 91.1% 75.86% 

FOM

O 

320X3

20 

RGB 13048 ms 484 ms 280.6KB 91.5KB 94.6% 96.55% 

FOMO 120X1

20 

RGB 1529 ms 75 ms 182.0KB 76.6KB 91.7% 82.76% 

 

As shown in table4.6, the results indicate that the use of Unoptimized 

(float32) models as opposed to Quantized (int8) models negatively impacts 

RAM usage, flash memory, and inference time. Float32 models use 32-bit 

floating-point representations for weights and activations, which require 

significantly more memory compared to the 8-bit integer (int8) 

representations used in quantized models. This increased memory 

requirement results in higher RAM usage during model inference, as more 

space is needed to store and process the larger floating-point numbers.  

Moreover, the inference time is significantly increased when using 

Unoptimized (float32) models. Float32 computations are more 
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computationally intensive and require more processing power than int8 

computations. This increased computational demand results in slower 

inference times, as the processor takes longer to perform the necessary 

calculations. The combination of higher RAM usage, increased flash 

memory consumption, and slower inference times can be particularly 

challenging for embedded systems and devices with limited resources, 

highlighting the efficiency of quantization in reducing memory demands and 

speeding up inference while maintaining acceptable levels of model 

performance. 

Table 4.6 Behavior of the FOMO algorithm on the dataset and 

devices used with Unoptimized (float32) model 

Algori

thm 

Image 

Size 

Image 

color 

Inferencing 

Time(Arduino 

Nano 33ble) 

Inferencing 

Time 

(Portenta H7) 

RAM Usage Flash 

Usage 

Validation 

Set 

Accuracy 

 

Test 

Accura

cy 

Kaggle Dataset 

FOMO 96x96 Grayscale 6639 ms 120 ms 887.2KB 173.0KB 

 

83.3% 68.75% 

FOMO 120X1

20 

RGB 11208 ms 203 ms 1.3MB 188.7KB 80.9% 75.00% 

FOMO 320X3

20 

RGB 90254 ms 1629 ms 2MB 260.4KB 82% 62.89% 

Collected  dataset 

FOMO 70x70 Grayscale 2095ms. 238ms 240.9KB 166.9KB 92.0% 79.31% 

FOMO 96x96 Grayscale 3904ms 356ms 399.7KB 176.8KB 94.8% 75.86% 

FOMO 96x96 RGB 9733ms 476ms 399.7KB 178.0KB 93.9% 79.31% 

FOMO 320x3

20 

RGB 67594ms 2120ms 1.9MB 235.5KB 97.6% 93.31% 

FOMO 120X1

20 

RGB 11302ms 743ms 1.3MB 182.3KB 93.8% 86.21% 
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i. Arduino Nano 33 BLE 

  The performance of the FOMO algorithm on the Arduino Nano 

33 BLE will be limited by processing capabilities and memory 

limitations. These models sacrifice some accuracy to improve speed 

and are suitable for detecting a limited number of objects in real-time 

applications. According to Table4.5, by training several models with 

different image sizes and colors, we were able to arrive at a model 

suitable for the resources of this device, which is the case in which the 

image size is 70*70 with Grayscale color, as this case showed better 

results, as shown in the Figure 4.5.  

 

Figure 4.5 Real-time results of work using the OV7675 camera with 

FOMO algorithm and image size 70*70 

ii. Arduino Portinta H7 

It offers much higher processing power and memory compared 

to the Arduino Nano 33 BLE, making it suitable for more 

computationally intensive tasks. The FOMO algorithm will benefit 

from the increased processing power and memory available in the 
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Arduino Portenta H7. We applied this algorithm with an image size of 

320x320 and RGB, this model gave the highest test and validation 

accuracy 94.6%,96.55%. This model can handle a larger number of 

objects and more complex scenes compared to those suitable for the 

Arduino Nano 33 BLE (shown Figure 4.6 and 4.7). 

 

Figure 4.6 Real-time results of work using Portinta H7 with FOMO 

algorithm and image size 320*320 

Figure 4.7 Real time result using Arduino IDE 
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Through real-time testing, it was found that the OV7675 camera was 

not able to detect at night, while it gave good results during the day. As for 

the Arduino portent H7 it gave excellent results during the day and night as 

shown in Figure 4.8. 

 

Figure 4.8 Real-time results of work using portent H7 with FOMO 

algorithm during night-time 

iii. Confusion matrix 

Table 4.7 Confusion matrix of FOMO algorithm 

 BACKGROUND TUK TUK 

BACKGROUND 100.0% 0.0% 

TUK TUK 5.4% 94.6% 
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1. Actual background, predicted background (100.0%): this means 

that when the actual class was "background", the model correctly 

predicted it as "background" 100% of the time. 

2. Actual background, predicted Tuktuk (0.0%): this means that when 

the actual class was "background", the model incorrectly predicted 

it as "Tuktuk" 0% of the time (i.e., it never made this mistake). 

3. Actual Tuktuk, predicted background (5.4%): this indicates that 

when the actual class was "tuktuk", the model incorrectly predicted 

it as "background" 8.3% of the time. 

4. actual Tuktuk, predicted Tuktuk (94.6%): this means that when the 

actual class was "Tuktuk", the model correctly predicted it as 

"Tuktuk" 94.6% of the time. 

5. F1 score: 

-Background (1.00): the f1 score for the "background" class is 1.00, 

indicating perfect precision and recall for this class. 

-Tuktuk (0.95): the f1 score for the "Tuktuk" class is 0.95, which is 

still very high, indicating strong performance but with some room for 

improvement. 

In comparison to the Confusion matrix of the YOLOv5 algorithm (shown 

Table 4.4), it was observed that the F1 score of the FOMO algorithm was 

higher. Additionally, the FOMO model demonstrated the ability to predict 

and detect objects more accurately. 

 

iv. Train and Validation Loss 

In the FOMO algorithm, we need this measure because it is the most 

appropriate due to the lack of a square bound in the FOMO output. The 

training and validation loss progression starts from initial values of 0.37719 

and 0.24065, respectively, and reaches final values of 0.01683 and 0.0183 
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(as shown in Figure 4.9). In the initial stage (Epoch 1-5), both training and 

validation losses decrease as the model begins learning from the data, with 

the training loss starting at 0.37719 and the validation loss at 0.24065. 

During early training (Epoch 6-15), the training loss drops to around 0.1 to 

0.15, indicating effective learning, while the validation loss also decreases 

to a similar range, reflecting improved generalization.  

In the mid-training phase (Epoch 16-30), the training loss continues to 

decrease, approaching 0.05 to 0.1, with the validation loss following suit, 

suggesting good model performance on unseen data. During late training 

(Epoch 31-50), the training loss further drops towards the final value of 

0.01683, demonstrating high accuracy, and the validation loss decreases to 

0.0183, indicating sustained good generalization. 

 In the final stage (Epoch 51-100), both losses stabilize around 0.01683 

and 0.0183, respectively, showing that the model has minimized error on the 

training data while maintaining excellent generalization to new data. The 

close final values of training and validation losses suggest the model is well-

regularized and avoids overfitting. 
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Figure 4.9 Train and Validation Loss during Training in FOMO 

 

v. F1 Score / Recall 

The F1 Score and Recall during model training start from an initial 

value of 0 and reach 0.95 (as shown in Figure 4.10). At the beginning of 

training (Epoch 1-5), both metrics start at 0.0, indicating that the model has 

not yet learned to identify positive instances effectively. As training 

progresses through the initial epochs, there is a slight improvement as the 

model begins to learn basic features from the data. During early training 

(Epoch 6-15), the F1 Score and Recall show more noticeable improvements, 

potentially reaching values between 0.2 and 0.4, reflecting the model’s 

growing ability to correctly identify true positives and balance precision and 

recall. 

 In the mid-training phase (Epoch 16-30), both metrics continue to 

increase steadily, moving towards 0.5 to 0.7, as the model refines its ability 

to recognize positive instances and reduce false positives and false negatives.  
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The model is getting close to ideal performance with high recall and 

a good balance between precision and recall as seen by the F1 Score and 

Recall rising further during late training (Epoch 31–50) to values between 

0.7 and 0.85. Both measures peak at 0.95 by the end of training (Epoch 51-

100), showing good model performance with high recall and a good balance 

between accuracy and recall, indicating few false positives and false 

negatives. This increase from 0 to 0.95 demonstrates the model's efficient 

learning and great precision and recall achieved by well generalising to new 

data. 

 

Figure4.10 Describe F1 Score and Recall during Training  

4.3 Comparative analysis  

The proposed strategy reveals several properties that can be effectively 

recorded and used to achieve a system that accurately detects blind spots 

with exceptional accuracy and minimal cost through the use of 

microcontrollers. The benefits compared to alternative approaches are 

illustrated in Table 4.8 provided. This thesis presents a new model that uses 

control units to alert the driver about cars on the sides. In addition, the model 
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has the ability to identify the type of vehicle as part of its object detection 

function. 

This model also outperforms its peers in scientific research that includes 

detecting objects using the tinyML model, both in terms of accuracy and the 

resources used. 

Table 4.8 Comparative analysis of the proposed method 

Paper 

ID 

Method 

Techniques 
Hardware 

Test 

accuracy 

Resources 

and cost 

Real time 

implementatio

n 

[9] 

2012 
partial features 

Side-mounted 

camera 
90% ---  

[10] 

2014 

motion 

features and 

static features 

Two cameras 

are mounted 

under side 

mirrors 

96% ---  

[12] 

2019 

DL model and 

Fully 

Connected 

Network 

Camera-Based 

Blind Spot 

Detection and 

Nvidia 

Quadro p6000 

97.58 % 

 

High 

resources 

and High 

cost 

 

 

 

[13] 

2020 

Ultrasonic 

Sensor 

Arduino and 

an ultrasonic 

sensor 

--- 

Low 

resources 

and cost 

 

 

[14] 

2020 
Radar Sensors 

24 GHz Radar 

Sensors with 

OpenMV M7  

--- 

High 

resources 

and low cost 

 

[15] 

2023 

 

multi-LIDAR 

network. 
Lidar sensor  

93.75% 

(Warning 

accuracy) 

High 

resources 

and medium 

cost 

 

 

[16] 

2022 

DL modal 

(YOLOv3) 

Depth Camera 

D455 
--- 

High 

resources 
 
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Paper 

ID 

Method 

Techniques 
Hardware 

Test 

accuracy 

Resources 

and cost 

Real time 

implementatio

n 

and High 

cost 

[17] 

2023 

 

 

Frequency 

Modulated 

Continuous 

Wave 

(FMCW) radar 

technology 

Blind Spot 

Detection 

BSD radar 

system 

--- 

High 

resources 

and High 

cost 

 

 

 

[18] 

2023 

DL modal 

 

High 

resolution 

single camera 

sensor on each 

side 

97% 

High 

resources 

and High 

cost 

 

Proposed 

method 

DL modal 

(FOMO) 

-1 Arduino 

Nano33 BLE 

and OV7675 

Camera 

2-portentaH7 

with vision 

shield 

96.55% Low 

resources 

and cost 

 

 

 

The cost-effectiveness of our approach is a key strength, as we have 

provided a low-cost solution compared to traditional blind spot detection 

systems that rely on more expensive sensors or GPUs. This affordability 

makes it accessible to a wider range of users, including individuals and 

organizations with financial constraints, without compromising on 

functionality. 
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4.4 Discussion 

In this study, we aimed to develop a blind spot detection system using 

cost-effective hardware, such as microcontrollers. The rationale behind this 

endeavor was to popularize this feature even in budget-conscious markets 

and to create a detection system for three-wheelers due to the numerous 

accidents they cause due to their small size and inability to see into blind 

spots. 

Arduino Nano 33 BLE and Portenta H7 were selected based on their 

small size, low power consumption, and wireless communication 

capabilities, which make them suitable for embedded applications and 

integration into vehicles for blind spot detection purposes. 

To ensure real-time performance on microcontrollers, we chose a 

lightweight object detection algorithm. This algorithm strikes a balance 

between accuracy and computational efficiency, and is optimized to run 

efficiently on the limited computational resources of Arduino 

microcontrollers. We compared three types of algorithms MobileNetV2 SSD 

FPN-Lite, YOLOv5, and FOMO, with the latter being the best algorithm 

suitable for microcontrollers. It gave excellent results on the H7 vehicle, 

where we obtained a test accuracy of 96.55% and validation accuracy 94.6% 

with inference time up to 30 milliseconds. During testing, the blind spot 

detection system showed promising performance, accurately detecting 

objects in the vehicle’s blind spots in real time with a reasoning time of more 

than 30ms. In conclusion, the blind spot detection system developed in this 

study is shown to be an effective and low-cost solution for enhancing vehicle 

safety. By leveraging the capabilities of Arduino microcontrollers and a 

lightweight object detection algorithm, we demonstrated the feasibility of 

implementing such a system using off-the-shelf components. This work 
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contributes to the field of vehicle safety technology and opens up 

possibilities for future research and development in this area.
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Chapter Five 

Conclusions and Future Work 

 

5.1 Conclusions. 

Throughout the creation and completion of the planned project, we have 

gained significant expertise in various domains like programming, 

electronics, measurement, and more. Moreover, the subsequent points are 

deduced: 

1. The system has shown efficacy and efficiency throughout hardware 

setup, data collecting, model creation, optimization, integration with 

microcontrollers, firmware development, and testing. 

2. The system is competitive for blind spot detection because of its 

efficiency and affordability in comparison to other systems. 

3. Situational awareness and general safety are increased when the 

system can determine the kind of car on the driver's side. 

4. More optimization of the system for practical application and 

extension of its capacity to identify other possible road dangers 

could be the main goals of future development.  

5. We concluded that the best object detection algorithm for working 

with microcontrollers is FOMO, and the most effective way to 

reduce the model size to fit within the TinyML framework is 

Quantization )int8(. 
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 5.2 Future Work 

 Search for different types of vehicles so that every vehicle on the 

road is covered. 

  Using embedded devices with greater capabilities and resources 

than those previously used. 

 Improving object recognition in blind spots, including identifying 

pedestrians, cars and other potential hazards. 

 Create an easy-to-use interface that provides blind spot detection 

system drivers with clear and understandable warnings and 

feedback. 

 To improve situational awareness and safety in self-driving cars, 

blind spot detection can be integrated with self-driving vehicle 

technologies. 

 Utilize huge datasets to train the model to assess whether its 

accuracy decreases or remains unaffected. 
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