Road Condition Monitoring Using IOT &
Analytics

Submitted By
RUTVIK AGRAWAL
22MCECO01

UNIVERSITY

NIRMA

INSTITUTE OF TECHNOLOGY
NAAC ACCREDITED ‘A+ GRADE

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING
INSTITUTE OF TECHNOLOGY
NIRMA UNIVERSITY
AHMEDABAD-382481

May 2024



Road Condition Monitoring Using IOT &
Analytics

Major Project - 11

Submitted in partial fulfillment of the requirements
for the degree of
Master of Technology in Computer Science and Engineering (CSE)

Submitted By
RUTVIK AGRAWAL
(22MCEC01)

Guided By
DR.GAURANG RAWAL

NIRMA

UNIVERSITY

INSTITUTE OF TECHNOLOGY
NAAC ACCREDITED ‘A+ GRADE

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING
INSTITUTE OF TECHNOLOGY
NIRMA UNIVERSITY
AHMEDABAD-382481

May 2024



CERTIFICATE

This is to certify that the Minor Project entitled “Road Condition Monitoring
Using IOT & Analytics” submitted by Rutvik Agrawal (22MCECO1) |

towards the partial fulfillment of the requirements for the degree of Master of

Technology in Information Technology of Nirma University is the record of work

carried out by him/her under my supervision and guidance. In my opinion, the

submitted work has reached a level required for being accepted for examination.

Xl

ar°
Dr. Gautang Rawal

Guide & Associate Professor,

Dept. of Computer Science & Engg.
Institute of Technology,

Nirma University,

Ahmedabad

WM
'y e —

Dr. Madhuri Bhavsar
Head of Department of Computer Science,
Institute of Technology,

Nirma University,
Ahmedabad

s |

Dr. Sudeep Tanwar

Professor,

Dept. of Computer Science & Engg.
Institute of Technology,

Nirma University,
Ahmedabad

@
p
e e
Dr H.im.ax.lshu Soni
Director,
School of Technology,
Nirma University,

Ahmedabad



Statement of Originality

1. Agrawal Rutvik, Roll. No. 22MCECO01, give undertaking that the Ma-
jor Project entitled "Road Condition Monitoring Using IOT & Analytics”
submitted by me, towards the partial fulfillment of the requirements for the degree
of Master of Technology in Computer Science & Engineering of Institute of
Technology, Nirma University, Ahmedabad, contains no material that has heen
awarded for any degree or diploma in any university or school in any territory to
the best of my knowledge. It is the original work carried out by me and I give
assurance that no attempt of plagiarism has been made.It contains no material
that is previously published or written, except where reference has been made. I
understand that in the event of any similarity found subsequently with any pub-
lished work or any dissertation work elsewhere; it will result in severe disciplinary

action.

R

Signature of Student

Date: 9 ) S/Q—"f
Place: 058 PEPT . , TTNO

Endorsed by
Dr. Gaurang Rawal
(Signature of Guide)



CONTENTS

Statement of Originality

ACKNOWLEDGEMENT

LIST OF TABLES

LIST OF FIGURES

Chapter 1 : Introduction
1.1 Motivation & Objectives . . . . . . . . . . .. ...
1.2 Problem Statement . . . . . . . .. ... ... ... ...

Chapter 2 : Literature Review

Chapter 3 : Methodology
3.1 Architecture . . . . . . ...

3.1.1
3.1.2
3.1.3
3.14

YOLOVS . . . .
SSD-MobileNetv2 . . . . . . . ... ...
Faster R-CNN . . . . . .. .. ... .. ... .. ...,
RetinaNet . . . . . ... . ... ... ... ...

3.2 Training Techniques . . . . . . .. . . . . ... ... ... ...,

3.2.1
3.2.2
3.2.3
3.2.4

SSD-MobileNetv2 . . . . . . . . ..
Faster R-CNN . . . . . . . . .
RetinaNet . . . . . . . . . .

3.3 Dataset . . . . .

3.4 Preprocessing . . . . . ...

iii

iv



3.5 Proposed Approach . . . . . . ... ... ... 19

3.5.1 Training Method Workflow . . . . . . ... ... .. ... .. 19
3.5.2 Integrated IOT . . . . . . . . ... 23
3.5.3 Approaches for Performance Retention & Size Reduction . . 26
3.5.4  Comparitive Analysis of Raserry pi 4 with Other H/1w com-
ponents . ... Lo 32
3.6 Model Training . . . . . . . . . ... 35
Chapter 4 : Results & Disscussions 37
4.1 Performance Metrics . . . . . . . . . ... 37
4.1.1 YOLOvVS8 . . . . . o 37
4.1.2 Faster R-CNN . . . . . ... . . 38
4.1.3 SSD-MobileNetV2 . . . . . .. ... 39
4.1.4 RetinaNet . . . . . . ... ... Lo 41
4.2 Results. . . . . . 43
421 YOLOvS . . . . . 43
422 Faster R-CNN . . . . .. ... . 47
4.2.3 SSD-MobileNetV2 . . . .. . ... 50
424 RetinaNet . . . . . . . .. 55
4.2.5 Comparitive Analysis Of Trained Models . . . . . . . . . .. 61
4.2.6 Image Acquisition and Pothole Detection . . . . . . . . . .. 63
4.2.7 Data Storage and Management using Firebase . . . . . . . . 64
4.2.8 Real-Time Visualization in Android Application . . . . . . . 66
Chapter 5 : Conclusion 68
Chapter 6 : Future Work 70

REFERENCES



ACKNOWLEDGEMENT

We would like to express our gratitude to all those who have contributed to the
successful prevention of social engineering attacks using deep learning. First and
foremost, we would like to thank Dr.Gaurang Rawal generously shared their time
and data for our research. Their contribution has been invaluable in helping us
develop a robust deep learning model that can effectively detect and prevent social
engineering attacks. We would also like to extend our appreciation to the technical
experts and advisors who provided us with their guidance and support throughout
the research process. Their insights and recommendations have been instrumental

in the development of our methodology and approach.



ABSTRACT

This project explores pothole identification utilizing innovative approaches in the
dynamic field of smart infrastructure. In order to determine how well state-of-the-
art object detection models—YOLOvS, Faster R-CNN, SSD-MobileNetV2, and
RetinaNet—identify road flaws, the study thoroughly compares them. The inves-
tigation offers a comprehensive answer by smoothly integrating Internet of Things
(IoT) technology, going beyond algorithmic prowess. The combination of these
technologies results in a novel method for seeing identified potholes together with
their exact positions in a mobile application. In addition to improving road mainte-
nance, this smooth integration of cutting-edge computer vision, Internet of Things
connectivity, and intuitive visualization paves the way for an intelligent and par-

ticipatory urban infrastructure paradigm.
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CHAPTER 1

INTRODUCTION

Keywords: YOLOvS, Faster R-CNN, SSD-MobileNetv2, RetinaNet,
Object Detection, Potholes, Vision Based, IOT, Road Conditon Moni-

toring.

In this age, the issues of high quality of efficiency and security in transportation is
a top priority that necessitates more robust approaches. The need for quick and
accurate road hazard identification has been stress by several reasons, for example,
the persisting high rainfall, the deficient road maintenance, and the approaching
threat of natural disasters. These human beings are subjected to such infrastruc-
tures which have deeper sunk midways and have invaded pedestrian areas resulting
in 3800 accidents per year. Such clashes not only pose a threat to the safety of
the pedestrians and drivers, but also entail the high financial expenses that occur

due to the related costs and car breakdown.

These hazards have profound consequences on the damages. To illustrate, the
holes that appear to be of no harm can in reality destroy the tire by acute tearing,
when at the same time when the vehicle rims collide with them they can cause
real harm to the wheel, and very likely they can also have lethal consequences.
Accurate hazard identification and passenger safety as well as the operation of
autonomous vehicles with the intervention of the driver-assisted systems are also

some important concepts that call for consideration in the context of this topic.



Late or incorrect detection of these risks might be the reason of serious accidents,

interrupt the functioning of autonomous driving systems and even lead to crashes.

Vision for the uncomplicated system of detection has an encouraging effect in
meeting this challenge. These systems that employs deep learning models for
capturing the data from the dash cams or the cameras located in the car, are
greatly endowed with the advancement of computer vision. The road dangers
that are detected and classified by the models are perceived through the real-time
interpretation of the photos. This discovery enables the creation of such novel and
efficient detection systems, namely SSD-MobileNetv2, RetinaNet, Faster R-CNN,
and classically YOLOVS.

This experiment investigates the performance of these 4sophisticated deep learning
models in order to see how were they capable of fast and precise recognition of
manholes, sewer covers, and potholes. We seek to evaluate these models in order to
find the best possible and effective road hazard recognition method that is the main

factor of both autonomous driving technology and vehicle safety development.

According to the record, the prevalence of the Internet of Things (IoT) technology
in the road condition monitoring system seems very big. The main idea behind
this is to make it possible to get data which cannot be obtained in real time as of
now. Also, the concept of smart infrastructure which emerged at that time led to
such a belief. The Internet of Things strategy that we recommend is based on the
use of deep learning models to ”see things” in automobiles through onboard dash
cams. This is achieved by simply configuring the system where the drone quickly
captures a take-off picture and logs its current position in any suspected threat
and pass this information to an embedded Raspberry Pi unit inside the vehicle.
Then, the data is sent to the cloud service to be processed and finally to show the

information to a particular app on the map interface.

Furthermore, this combined use of IoT and deep learning models enables the proac-
tive road safety management. The BRT service system is an efficient system that
quickly identifies and reports any possible issues, thus averting risks that pedes-

trians and commuters might encounter. It helps with route planning and provides



open opportunities for LTE and 5G wireless technologies that are involved in au-

tonomous driving.

Through the most powerful deep learning model for hazard detection and depicting
the massive capability of loT-enabled systems, our work is going to change the
road safety and will be the creator of the safer and more effective transportation

systems.

1.1 Motivation & Objectives

Measurement of the aforesaid benefits of the current generation deep learning
models (YOLOvVS, SSD-MobileNetv2, and so forth) that are coupled with the IoT
integration system has been the ultimate aim of this research work. The obvious
requirement of reliable and rapid road risk identification, which is the basis of this
work, is what prompts me to do it. The main goals of this study are to fulfill two

purposes.

It is merely one way of sharing a clear vision of how well proposed deep learning
models would work in terms of real-time hazard detection, accuracy and handling
different categories of road hazards like real-time recognition of varied size and
kinds of road hazards. Fist thing to do here is to thoroughly define each model’s
neural network features. We evaluated both models to enlighten people about the
specific advantages that improve their high efficiency, compared with each other,

so that they may gain a more nuanced grasp of each model’s pros and cons.

Besides, the examination of the characteristics of YOLOvS, SSD-MobileNetv2,
RetinaNet, and Faster R-CNN will be completed in detail. As a second stage,
after YOLOvVS8 performance, the accuracy and speed adaptations will be compared
at the different time points. The project intends to address various aspects by
periodically conducting tests of model progress along with benchmarking and per-
formance which will provide the relative beneficial and effective use of architectural

improvements and threat detection skills.

Moreover, the research will also examine the possible enhancements of the Internet



of Things (IoT) technologies with road condition monitoring systems. A proposed
method of Internet of Things has cameras installed on the cars which run with
the deep learning algorithms to recognize faces and pedestrians. The technology
will take real time photos by itself and then tag each of these objects so as to
warn traffic. You can work with a Raspberry Pi device which will collect data
and process it in-car before it is sent to the cloud. Our method of analysis which
includes both the traffic safety of the deep learning algorithms and the adopting
of an ToT-based system will show how both may push for the mainstreaming of

autonomous driving technology.

In a nutshell, this study is aimed at showing of the both benefits and pitfalls of
YOLOvVS, SSD-MobileNetv2, RetinaNet, and Faster R-CNN for road hazard detec-
tion. The article also strives to analyze the significant consequences of combining
[oT technology with road safety management and monitoring, which could result

in a safer and more efficient transportation system.

1.2 Problem Statement

In the past, pothole detection methods were usually based on either manual in-
spections or sensor-based systems, both of which had severe limitations when it
came to real-time responsiveness, accuracy, and scalability. Manual inspections
of go beyond them being laborious and subjective fact being why they are less
fit for covering huge road networks in a short time. Even though sensor-based
systems are largely operationally effective, they are excessively expensive to put in
place and maintain and the performance of these systems will be based on many
environmental situations. Moreover, when we add up the aspect of driverless cars,
the current pothole detection computer vision systems are often too slow and in-

accurate for real-time use.

YOLOY7, as an earlier model, and YOLO5, as a recent deep learning model per-
formance comparison to surmount these issues. Each of these tools offering their
individual limitations. For instance, YOLOv5 may not add to the robustness

which is crucial for various types of environmental condition and YOLOv7 may



happen to work less ideally and efficiently than the most recent versions concerning
this matter. These limitations make a clear and comparative study of the pothole
identification performance of the state-of-the-art deep learning models such as
YOLOvS, SSD-MobileNetv2, Faster R-CNN, and RetinaNet necessary.

Moreover, there remains an opportunity in terms of coming up with a way of
mapping the existing technologies, such as with the assuming an identifying role
of the Internet of Things (IoT). The purpose of our investigation is to fill the
mentioned gap related to the integration of deep learning and IoT technologies,
unlike past projects which might have paid no attention towards IoT framework.
This integration intends to enhance the speed and accuracy of pothole detection
while at the same time, it will be the first system that will revolutionise the real-
time road hazard monitoring and reporting. The goal is to employ IoT technology
in order to circumvent the shortcomings of the preceding deep learning systems as
well as traditional methodologies. The focus on road maintenance will be on the
maimtenance and damage caused by the road will reduce and increases in road

safety at a higher rate.



CHAPTER 2

LITERATURE REVIEW

The latest potholes detection methods are based on technological advances, and
each one gives us a different way of knowing the state of the road surface. This
research looks at three different approaches: displacement V-LBS, 2D and 3D
Stereo Vision-based and 3D vision based. In Vibration Based technique, flaws are
found on the vehicle surface with the data which is got from vehicle vibrations
and sensor. However, the 2D Laser-Based technique scans the road’s surface with
a laser to detect potholes. Through the use of Stereo imaging in 3 dimensions
that portrays the road’s surface, the 3D Stereo Vision Instruction improves the
credibility of pothole detection. In addition, the 3D Vision Based method applies
advanced vision technology to produce highly complex maps with furthermore,
accurate location of defects such as potholes. In the rest of the chapter, I will
discuss in more depth the different parts that relate to the subtleties of the pothole
detection processes that use methodologies based on vibration, 2D laser, 3D stereo

vision, and 3D vision.
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Refrence | Method Data Distress Type Accuracy | Pros Cons
&
Precision
[1] | Responses of vehicles to the neural | Accelerometer | Road Roughness 1% | Neural network excels in road profile reconstruction, | Serics parallel framework needs true road pro-
network for classification from the achieving high correlations and practical value. files,
physical model. limiting application in real-world scenarios,
[2] | SVM, HMM, ResNet, KNN accelerometer, | Paved/unpaved 94% | Automation add Toad chall T Thmor- ient details on smartphones and vehicles;
and DTW. gyro- Road Leste; ResNet excels in classification, while KNN- | lacks context for evaluation criteria; oversimpli-
scope,  GPS | classification, DTW/SVM outperform in anomaly detection. fies
and pothole, bump behavioral assumptions.
compass using | Anomaly
Smart- detection on
phone paved roads.
[3] | Wireless Sensor Network, SVM GPS,  Ac- | Speed Bumps, 7576V | Framework enhances road surface monitoring While improving detection, further exploration of
celerometer, | Path holes using smartphone sensors, incorporating gyro- ML classifiers and pre-processing filters is needed
Gyroscope scope for improved accuracy. for speed bump detection.
4] | TINIMS, SVM, ResNet GPR, IMUs, | Drainage, Gravel 80.607 | Highlights need for cost-effective gravel road Timited assessmont methods, igh cost, and
Vibration & | thickness, Rutting, suggests me operational complexity of laser profilometer.
Temprautre | Potholes, Dust for holistic distress dete
Sensor
5] | M2M communications, V2I com- | Accelerometer, | Rough Road, 86.007 | Low deployment cost, valuable for drivers and The proposed system lacks clarity on functional-
12V r, | Bumps, Potholes authorities; uses open source packages. ity,
Compass, GPS scalability, privacy, and reliability, with unspeci-
fied
technical requirements.
[6] | Quadratic Discrimmant Analysis, | Smartphone | Potholes 92307 | Successtul prototype for real-time road quality Tts complexity may pose technical mplementa-
AdaBoost classifier, Naive Bayes, | accelerometer assessment with cloud-based data transfer and tion
Random Forest, Linear Discrimi- mobile alerts. and scalability challenges for future appli
nant
Analysis, Gradient Boosting and
Decision Trees.
[7] | K-Means Clustering Axlc-Based | Paved Road & 88.207 | Automatic road defect detection system improves | Addressing challenges in accuracy consistency,
Algorithm Acceleration, | Potholes safety, accuracy validated with ABA method. scalability, and GPS reliance requires comprehen-
GPS sive
i and testing.
[ ] | Artificial Neural Network (ANN) | Accelerometer, | Smooth Road, 7% | The system is cost-eflective, utilizes smartphones | Limited information on potential challenges,
Classification Model Gyroscope Speed Bump, for road surface classification, and achieves high scalability, and real-world applicability.

Rumble Strip

accuracy (0.97).

Table 2.1: Vibration Based



Refrence | Method Data Distress Type Accuracy | Pros Cons
[9] | Grid-Based approach 3D laser scanner | Road Roughness 95% | Accurate 3D point-cloud points. Costly, short range of detection.
[10] | Kalman filter, Large neighborhood | INMUs,  GPS, | Paved/unpaved | 91.20% | Privacy-preserving RCoM scheme with source | Challenge for the cloud server in distinguishing
search algorithm Radar, Roads. authentication enhances road condition mon- | road
LiDAR itoring conditions due to ciphertext format & limited
efficiency and security. comparative evaluation with related techniques.
[12] | Multi-window median filtering, Laser Scanner Transversal & | - Economical and accurate laser-based dis Challenges in handling uneven surfaces and laser
Template matching method, long- detection with advanced image processing. | pattern shifting due to vibrations.
Laser line deformation detection tudinal  cracks
approach and
potholes
Table 2.2: 2D Laser Based
Refrecne | Method Data Distress | Accuracy | Pros Cons
Type
[11] | 3D Stereo Vision, Stereo Camera | Potholes 89% | reduced time consumption through camera | Timing consumption varies with image size, limited
Camera Calibration calibra- detection range requiring advance notice for
Surface Fitting tion in advance. potholes.
[13] | 3D Stereo Vision 3D Images Potholes 93% | Automated 3D reconstruction reduces manual | Limited coverage due to the use of four cameras for a
eff- 4-meter wide pavement and overlapping pixel
orts in pavement maintenance relations may pose challenges in certain road condi-
tions.

Table 2.3: 3D Stereo Vision Based




Refrence | Method Data Distress Type | Accuracy | Pros Cons
&
Precision
[14] | Fasrer R-CNN, | Images using | Linear Crack, 75% | Achieved high recalls and precisions, Limited focus on rare types of damage not
YOLO, R-FCN, | Smartphones | Alligator demonstrating effectiveness for road well-represented in the dataset.
MobileNet Crack, damage detection.
Pothole, Bump
[15] | ResNet50- Thermal Im- | Potholes 85.00% | Novel thermal-based pothole detection, Limited metric details, potential model
RetinaNet ages high precision (91.15%), real-world app- complexity, lack of dataset specifics and
licability emphasized. comparative analysis.
[16] | R-CNN, YOLO | Images using | Potholes 81% | Addresses unique pothole detection chal- | Potential drawbacks include the complex-
Smartphones lenges, ity of real-
enhances precision, envisions real-time time implementation in vehicles and
implementation with GPS integration. reliance on
GPS for pothole location tracking.
[17] | U-Net Segmen- | Images(RTK),| Strips, Pot- 97.08% | Provides an efficient deep learning mode | Trained and evaluated on a limited
tation IMUs, GPR | holes, for 12 dataset, the
Bumps, Man classes segmented on the road surface. model’s generalization to diverse road con-
Holes ditions is
uncertain.
[18] | Multi Ridge | Images Cracks 80% | VPADS offers low-cost pavement distress | Limited to preliminary screening, poten-
Filter screening, tial challenges
leveraging consumer-grade video cameras | in diverse road conditions, and depen-
for dency on user-
efficient rural road evaluation. generated data.
[19] | Deep learning, | Images from | Cracks 87% | Successful deep transfer learning for pave- | Challenges in distinguishing cracks from
NN, RF, ERT, | the ment crack joints,
SVM, LR FHWA/LTPP detection, robust to surface variations potential improvement through increased
database training
samples.
[20] | YOLOvS Images Potholes 82.50% | Successful deployment of YOLOv5n6 for | Minor errors in detecting non-pothole ob-
real-time jects, im-
pothole detection with distance estima- | ments needed for night-time and long-
tion. distance
detection.
[21] | Corner Images Potholes 83% | Efficient road irregularity detection using | Limited evaluation of other potential fea-
Detection- advanced ture selection
Harris, HOG, feature selection methods like Histogram | techniques and their comparative perfor-
Feature of Gradients mance.
Selection and FAST.
[22] | YOLOV4, Images Potholes 90% | Offers a cost-effective, efficient, and accu- | Optimization is required for different road
YOLOv7 rate solution conditions
for pothole detection and tracking. and potential improvements in object de-
tection
algorithms.
[23] | YOLOV3, Google  Im- | Water-logged 74.10% | Enhances pothole detection accuracy and | The absence of GPS integration in surveil-
YOLOv4, ages & provides lance
Image dry potholes precise dimension estimates. vehicles
processing-
based triangu-
lar
similarity mea-
sure
[24] | YOLOV5, Shuf- | Images cap- | Potholes 93% | Improved YOLOv5s with GhostNet en- | Algorithm modifications might require
fleNet, tured hances road thorough
MobileNet, from  smart- pothole detection accuracy and reduces | validation for robustness in diverse road
GhostNet phone complexity. conditions.
[25] | SSD- Images Paved Road 85% | YOLOv4 is chosen for pothole detection | YOLOvV5, though high mAP, shows
MobileNetv2 & Potholes accuracy, limitations;
YOLO while Tiny-YOLOv4 offers real-time de- | proposed GPS integration enhances
tection. location accuracy.
[26] | SSD- Images Potholes 94% | YOLOV4 achieves high precision and recall | SSD-TensorFlow lags in mAP and speed
TensorFlow, for robust
YOLOv3,v4 real-time pothole detection.

Table 2.4:

2D Vision Based




CHAPTER 3

METHODOLOGY

3.1 Architecture

3.1.1 YOLOVS

YOLOvVS8 design includes new and ingenious methods that aim to get better de-
tections on mobile phones. the design must be user friendly and easy to handle
even though the high speed and efficiency are retained. Despite the fact that it
is heavily modified from, it still retains a human touch. YOLOvS, the program is

very advanced and has made a few substantial modifications.

1. CSPDarknet53 Feature Extractor: CSP- this enables YOLOvVS to learn
the most useful features from the data which is delimited by YOLOvS’s fea-
ture extractor that is CSP-Darknet53, a sophisticated monitoring technology
for Darknets, made up of Darknet architectural variations. SiLU activation
functions,this is the car packed with cars, brands, and brands of people, who
are the batch normalization, and convolutional layers, they make up this
component. No-Besides, YOLOvVS8 enhances feature extraction by replacing
a 3x3 convolution with a DenseNet-inspired tably, YOLOv8 improves fea-
ture extraction by substituting a 3x3 convolu-To add humanness, a lower
dimensional layer, the six by six version for the original 6x6 convolutional

layer has been created.

10



2. C2f Module (Cross-Stage Partial Bottleneck): To make the process
of getting to work as easy as possible, we need to perfect the technology
as well as have a simple system for getting to work. this new system not
only blends the contextual data with the high-level features, but the C2f
can also be found in the YOLOvVS8 combining these two aspects, resulting
in a more robust and accurate system. module. Merging the outputs of
the bottleneck blocks, which are made up of two layers, helps to create a
more complex and detailed representation of the data. 3x3 convolutions with
residual connections—that’s how the doing is so easy. The ultimate objective

of this architectural adjustment is to get better feature representation.

3. Detection Head:YOLOVS has eliminated the pre-defined anchor boxes and
introduced the direct object center prediction which results in a fully anchor-

free detection technique. The head of detection consists of:

¢ Independent Branches:YOLOv8 employs a decoupled head architec-
ture, handling tasks related to objectness, classification, and regression
through distinct branches. The detection accuracy is improved overall

by this design.

e Activation Functions: The output layer’s objectness score uses the
sigmoid activation function to indicate the likelihood that an object will
be inside a bounding box. YOLOv8 employs the softmax function for
class probabilities, which shows the chance of an object falling into each

class.

e Loss Functions: For bounding box regression and binary cross-entropy
for classification, YOLOv8 uses the CloU (Complete Intersection over
Union) and DFL (Dynamic Focal Loss) loss functions. For tiny objects

in particular, these loss functions significantly improve object detection.

4. YOLOvVS8-Seg Model: Both an object detection component and a semantic
segmentation model known as YOLOv8-Seg are features of YOLOvVS. As its
primary feature extractor, CSPDarknet53 is used with the C2f module in

11



this model. Because it has two segmentation heads that predict semantic
segmentation masks, it may be tailored for a variety of computer vision
tasks.

3.1.2 SSD-MobileNetv2

The SSD-MobileNetv2 architecture combines the reliable feature extraction ca-
pabilities of MobileNetv2 with the Single Shot Multibox Detector (SSD). For a

detailed explanation, see this:

1. Feature Extractor (MobileNetv2):MobileNetv2 uses inverted residuals
with linear bottlenecks to enable efficient feature extraction. Depthwise sep-
arable convolutions are well suited for real-time applications on resource-

constrained devices because they reduce computational complexity.

2. Multi-scale Feature Maps: Feature maps from many layers at various
resolutions are used by SSD-MobileNetv2 to capture objects at various scales.
This makes it possible for the model to manage both big and tiny objects
efficiently.

3. Default Boxes (Anchors): For a wide range of object forms and sizes,
SSD-MobileNetv2 predicts bounding box offsets and class scores by using

default boxes at various scales and aspect ratios.

4. Convolutional Predictors: A particular scale and aspect ratio are linked
to each predictor in SSD-MobileNetv2, which helps the model identify ob-
jects in a variety of dimensions. Predicting class probabilities and optimizing
bounding box placements are the responsibilities of the convolutional pre-

dictors.

5. Non-maximum Suppression (NMS): Through the use of non-maximum
suppression in post-processing, redundant bounding box predictions are re-

moved, preserving just the most reliable detections.
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3.1.3 Faster R-CNN

Faster Region-based Convolutional Network (Faster R-CNN) is a two-stage object

detection model:

1. Backbone (e.g., ResNet): Faster R-CNN usually extracts features using
a strong backbone such as ResNet. The vanishing gradient issue is lessened

during training with the usage of residual connections.

2. Region Proposal Network (RPN): Through the process of sliding a
tiny network over the feature map, the RPN creates region proposals. The
proposal generating process is facilitated by the anchors, which are defined

at various scales and aspect ratios.

3. Rol Pooling and Classification: The RPN proposes Regions of Interest
(Rols), which are then subjected to Rol pooling in order to guarantee fixed-
size feature maps. Then, bounding box regression and classification are

performed using these characteristics.

4. Classifier and Bounding Box Regressor: The bounding box regressor
fine-tunes the coordinates of the suggested boxes while the classifier forecasts

class probabilities. This two-step procedure improves precision.

3.1.4 RetinaNet

RetinaNet is well-known for applying a focused loss to solve the problem of object

detection with an unbalanced class distribution:

1. Feature Pyramid Network (FPN): By merging fine-grained data from
shallower layers with high-level semantic information from deeper levels,
RetinaNet’s FPN creates a feature pyramid. The multi-scale object detection

is aided by its pyramidal configuration.

2. Anchor Boxes: Anchor boxes are used by RetinaNet at various aspect
ratios and scales.When figuring out bounding box coordinates and whether

an object is in a certain area, these anchors serve as standards.
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3. Focal Loss:One important feature of RetinaNet is its focus loss. It addresses
the issue of class imbalance by focusing the model on challenging cases by
assigning greater weights to samples that are challenging to classify during

training.

4. Classification and Regression Heads: While the classification head em-
ploys a sigmoid activation function to predict class probabilities, the regres-
sion head adjusts bounding box coordinates. These heads work together to

facilitate accurate object location and classification.

3.2 Training Techniques

3.2.1 YOLOvS8

Mosaic augmentation is one of the progressive training approaches used by YOLOvS
to maximise model performance. YOLOvVS8 employs a novel technique called mo-
saic augmentation, which it deliberately applies during training to seamlessly blend
four images together. With this approach, the model is encouraged to comprehend
item contexts from a variety of locations and backgrounds, which promotes robust

learning.

To minimise any potential loss in performance, YOLOvVS cleverly disables mosaic
augmentation during the final ten training epochs. This tactical strategy ensures
that the model gains more features without adding unnecessary complexity in later

training stages.

3.2.2 SSD-MobileNetv2

To enhance SSD-MobileNetv2’s performance in object detection tasks, it utilises

several key training strategies:

1. Hard Negative Mining: SSD-MobileNetv2 heavily mines negative inputs
during training to ensure the model learns to handle complicated situations

well. This means providing data for which the model cannot correctly classify
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priority.

2. Data Augmentation: Rotation, random cropping, and brightness modifi-
cations are some of the techniques utilised to enhance the training dataset.
This enhances the model’s ability to generalise to different contexts and

broadens the diversity of the data.

3. Aspect Ratio Handling: SSD-MobileNetv2 gently balances variations in
object aspect ratio by employing anchor boxes with varying aspect ratios.

The model is therefore more able to adapt to items of different shapes.

3.2.3 Faster R-CNN

Through the use of sophisticated training methods, Faster R-CNN improves object

detection performance:

1. Region Proposal Network (RPN): With the two-stage architecture of
Faster R-CNN, region proposal creation may be efficiently completed. Fur-
ther stages of the process can focus on accurate localization and classification

because the RPN makes it simpler to identify potential object regions.

2. Fine-tuning Pre-trained Models: Using huge datasets, faster R-CNN
frequently makes use of pre-trained models. Optimizing the model for partic-
ular object identification tasks improves performance by honing the model’s

comprehension of the target domain.

3. Online Hard Example Mining (OHEM): To rank difficult samples,
Faster R-CNN incorporates OHEM during training. This method dynami-
cally modifies the weights given to various samples, giving greater weight to

those that enhance the model.

3.2.4 RetinalNet

RetinaNet uses sophisticated training techniques to overcome object detection dif-

ficulties:
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1. Focal Loss: The focused loss of RetinaNet is essential for managing un-
balanced datasets. By giving harder-to-classify examples higher weights, it
directs the model’s attention toward these difficult cases and keeps well-

classified samples from dominating the sample.

2. Feature Pyramid Network (FPIN): Multi-scale feature extraction is made
possible by RetinaNet’s FPN architecture. This improves the model’s overall

performance by strengthening its capacity to identify items of different sizes.

3. Balanced Sampling: To solve class imbalance, RetinaNet uses balanced
sampling in its training. By doing this, biased learning is avoided by ensuring

that the model is exposed to an equal representation of various classes.

YOLOvS8, SSD-MobileNetv2, Faster R-CNN, and RetinaNet improve their ver-
satility and resilience in many object identification circumstances by integrating
these sophisticated training methods. The meticulous combination of augmenta-
tion, fine-tuning, and loss modulation enables them to tackle challenging real-world

1ssues.

3.3 Dataset

The dataset for the pothole detection is gained from the ”Pothole Detection”
dataset, which is a part of the Intel Unnati Training Programme [16], in the
Roboflow Universe, and this dataset is used as a component of the pothole detec-
tion training course in the Roboflow Universe. People also put together a graphic
presentation, with pictures that are explained and labeled by individuals, as a
part of this dataset, which is used to classify sewer covers, manholes, and pot-
holes. Having a diverse set of data, the model turns stronger and, therefore, the
chances of misclassification are minimized, which, in turn, increases the likelihood
of correctly classifying the data. The pictures in this dataset were taken in different
lighting conditions, at different angles, and in numerous different contexts, which
humanized the whole process of the getting the data like cropping and editing the

images that were taken.
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Classes

Manhole Pothole Sewer Cover

Figure 3.1: Divided into Classes

The Indian Driving Dataset is the next step that lets the model be trained with im-
ages from the driver’s dashboard camera, thus, paving the way for a more realistic
learning of the road environment. Also, the dataset includes images of water-filled
potholes, thus making sure that the model is familiar with various situations and
increasing its solidness. The dataset consists of 3,770 images in total, broken down
into three sets: 2,46 images for testing, 491 images for validation, and 3,033 images
for the training set have been humanized because they are placed in the lives of

people and taken with them wherever they go.
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Figure 3.2: Dataset Divion
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The processes that allow pothole identification are made simpler by this carefully
chosen dataset which, in turn, adds to our understanding of urban infrastructure
issues. The model is like a chameleon; it adapts to different situations and has
multiple perspectives to provide a comprehensive approach to the real-world sce-
narios. This is such a powerful tool for pothole identification and related scientific
applications that it makes you feel like you are a part of discovering the secrets of
the world.

Besides, the kind of information that is used to find potholes is really very different
for each pothole type, and it talks about all sorts of potholes, including the linear,
cretar, and water-logged ones. The fact that the dataset has such a wide range is
something that makes it stand out as a unique feature. This feature is what makes
the dataset so useful and useful in its own way. The water-logged potholes, the
rain potholes, the cretar potholes, and the linear potholes ensure that the model
can handle weather-related obstacles, and the addition of these features makes the
model’s classification for different types of pothole structures more accurate and
specific. The wide variety of pothole types is not only significant for the fact of
representing the reality but also for the fact of training the algorithm to classify
accurately the various pothole characteristics. Thus, the dataset’s ability to rec-
ognize these subtle details emphasizes its effectiveness and puts it in a separate

category as a useful tool for improving pothole detection skills.

Linear Pothole

Water-logged Crater Pothole

Figure 3.3: Varities of Potholes

3.4 Preprocessing

The dataset underwent a number of preprocessing methods to increase the robust-
ness of our model. Resizing wasn’t necessary because every input image had the

same uniform size of 640 x 640 pixels. Nevertheless, to equalize pixel values over
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the full image collection, min-max normalization was used. A number of prepro-
cessing techniques were used in an effort to increase the quantity and diversity of
the dataset; these proved especially helpful in light of the inherent unpredictability

of weather, camera mounting arrangements, and picture quality.
Five distinct types of modifications were incorporated

1. Image Flip: To accommodate potholes with varying forms and orientations,

horizontal flipping was used.

2. Image Scaling: To accommodate a range of pothole diameters, the model

underwent image scaling.

3. Motion Blurring: To train the model for photos with motion blur and

low quality, a blur effect was added.

4. Color Manipulation: RGB modification, also known as color manipula-
tion, made it easier for the model to adapt to different lighting situations,

such direct sunshine or dim ambient light at night.

5. Fog Addition: To improve the model’s resilience in misty situations, fog
was added to the photos.

Five new photos were produced from the original by applying these augmentations
to each image one by one. Through this he raised the size of the training set to
10,613 photos. Besides, the model becomes more adaptable to a greater range
of situations due to the various preprocessing techniques. Plus, the problem of

weather, camera setups, and image quality changes is also solved.

3.5 Proposed Approach

3.5.1 Training Method Workflow

In the complicated world of object detection, where sets and models tango in

a harmonious dance of applications and learning, our project is a data-driven
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Figure 3.4: Workflow of Data Training

adventure. Three carefully selected subsets of the dataset, a mosaic of images, are
needed to develop our models’ understanding: You are performing two main tasks
when you are cutting up the data into sections. The first is training, the second
is validation and the third is the testing set; it is like solving a puzzle where the
first piece is the training set, the second piece is the validation set, and the third
piece is the testing set. By employing a Data YAML File as a faithful scribe, we
make sure that everything is in order, and that the investigation is done in a neat
and musical way. Our models—YOLOv8, SSD-MobileNetv2, Faster R-CNN, and
RetinaNet—all come into play during the training process and this is the most
efficient way of designing, which is a bit like a symphony as these models each fit

into the Training Set’s intricate fabric. After the training, the adventure is not
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over yet. The journey continues with a performance evaluation, an analysis of
the results, and finally a capstone event where you get tested on the whole thing.
Our process is portrayed in this story and it comprises of the different aspects like
dataset navigation, model learning and real world application. Each model has its
own unique feature which is shown in the story and finally the whole process is

achieved.

The dataset trip starts with meticulous and detailed planning, which is similar
to the way humans organize and plan for a big event. The dataset, which is
a complex visual tapestry, is painstakingly split into three cohorts: The Viable
Validation Set, the Conscientious Testing Set, and the Conscientious Training Set.
Each set in the world of technology and social media has a unique role in shaping

the knowledge of our models.

This trip is made interesting and productive by the Data YAML File, a wise guide
that shows the dataset’s content. By carefully documenting the photo tracks,
comments, and subtleties, it is guaranteed to be a stress-free and well-structured

exploring experience.

The dataset and instructions are given to YOLOvS, SSD-MobileNetv2, Faster
R-CNN, and RetinaNet, who are just getting ready to start their training, find
themselves at this stage of the program. The model acts like an eager student
and goes through the Training Set till it is done with it. The dance sets in when
the models march across this scene, scrutinizing every detail of the set and the

pictures and their descriptions.

The models are closely monitored as they fine tune their skills by going through
performance evaluations. The metrics that are employed in the process of under-
standing how the models perform on the Validation Set are Accuracy, Precision,
and Recall. Performance indicators are the narrators, they are the ones which

reveal the pros and cons of the models.

Along with facts, the journey includes stories told by loss curves. These graphs

illustrate the models’ evolution over epochs and their path to mastery. The graceful
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descent of these curves shows how well a model may learn without succumbing to

the attractive pull of overfitting.

In addition to the figures, a visual analysis is done. The visual palette consists of
sample predictions, precision-recall curves, and confusion matrices. This qualita-
tive analysis deepens our comprehension by revealing how effectively the models

capture the nuances of the dataset.

The models will be taken to the Testing Set, the best test, in the exciting conclu-
sion. This experiment is a test-like situation in which the models demonstrate their
ability to deal with the unpredictability of new, untested data. It is a framework

for them to evaluate their abilities.

The last episode of each model reveals its ultimate product, the Output Image. The
principal of the prediction is shown in a great graphic representation. It becomes a
canvas capturing the evolution of the models from training to the usage, a moment

in time which is a key milestone in the model’s development.

Models Integration

1. YOLOvVS - The Swift Maestro: YOLOVS is the vital and the whole pack-
age, leader the training of the assistant on the dataset is a perfect harmonious
music. It indicates its adaptability when considered on the Validation Set.
The power of its application in real life is proven by the great test on the
Testing Set and the Output Image is a perfect image of how it understood
the test.

2. SSD-MobileNetv2 - The Multitasking Virtuoso: SSD-MobileNetv2
puts on its multitasking hat in a parallel performance. Its training on the
dataset results in a sophisticated performance in concurrent object catego-
rization and localization. Its abilities are harmonized by the Validation Set
review, and it can demonstrate its mettle in real-world situations on the
dedicated Testing Set. The output image opens up as a recognized object

canvas.
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3. Faster R-CNN - The Meticulous Investigator: It’s Faster R-CNN’s
turn on stage, with its painstaking research. While it is being trained, it
meticulously goes over the dataset. The Validation Set evaluation process
exposes its accuracy through inspection. The output image, which functions

as its testing set, showcases its object-detecting capabilities.

4. RetinaNet - The Adept One-Stage Wonder: Here it is: RetinaNet,
the deft one-stage wonder. Training on the dataset shows how effective it
is in one-stage object detection. The Validation Set serves as a benchmark,
and the Testing Set functions as a testing field. The resultant image acts as

concrete evidence of the accuracy of the object detecting system.

3.5.2 Integrated IOT
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Figure 3.5: Integration of IOT

Data Capture: Our IoT road starts with the data capture process, a vital stage
where the different sensors are busy collecting real-time data involving accelerom-

eters, microphones, and cameras. The influx of the data is received and streamed
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by the Raspberry Pi, which at the same time, serves as the central hub. This stage
is at the top of the layer of the workflow.

Data processing: Once the raw data reaches the Raspberry Pi, it goes through
a transformation process called data processing. The Raspberry Pi interprets
the raw sensory inputs by taking on the role of a digital translator. It expertly
pulls complex properties, such edges, corners, and color, from camera data. The
cognitive preprocessing that takes place in this step prepares the ground for further

analysis and detection.

Pre-Processing: The traits which have been retrieved are now similar to a
palette of artistic materials and the next step is the pre-processing. Thus, the
next step is to normalize the data, removing the outliers, and scaling the data to
a certain range, which is like an artist painting on the canvas. After the char-
acteristics have been improved, they are ready to be used for the next phases of

examination.

Detection: The emphasis in this task is then given to detection which can be de-
scribed as a fascinating performance where the pre-processed features are brought
to the fore. Here, the Raspberry Pi employs a learned model, which is a master
at pattern recognition to locate and recognize objects or events in the data. The
model, which has been trained on a certain task before, assigns the likelihood

ratings to the identified elements, thus, it gives a layer of quantitative insight.

Store Detected Frame with Location: The Raspberry Pi carries out the
archiving process, where it stores the spatial coordinates of the recognized frame.
The historical documents constitute a vital archive, as they allow to track objects
or events in time and provide for the retrospective analysis. The contextual data’s

keeping contributes to the dataset’s historical manifest.

Visualize in Maps: A map that correctly shows the recognized frame’s position
can be a better tool for the spatial experience. This spatial picture provides the
follow and understanding of items or the occurrences across several locations, too,

the geographical picture is useful. Maps are generally a better guide to vision
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awareness.

Android App Integration: Besides the hardware, the story also describes the
way the user interacts with the device. The location of the identifying frame gets
to an Android application, which gets the user a friendly interface for viewing and
testing. This link improves the usability and accessibility of the information given
by the IoT system hence, making it available to everyone hence, the people of the

internet are provided with the same opportunities.

Cloud Integration: The foundational frame slides towards the sky and presents
of the new views with its positioning. The cloud environment is so big that the data
after being stored then is processed in more detail and analyzed. This connection
of additional levels of knowledge, potential, and scalability, makes the IoT system
more resilient and flexible by enabling more possibilities, and thus the IoT system

becomes more of a modular one.

Sends Detected Frame with its Location: Going back to the beginning,
the trained model gets the spatial coordinates of the observed frame that the
Raspberry Pi provides. The model starts adapting to the incoming input thus,
this recurring loop for generation of its understanding continues to evolve, hence,
the learning component of the IoT system and the system itself are simultaneously

benefiting from each other.

Trained Model Reemerges: The trained model comes back to life in a cyclical
return, new weights from the iterative learning loop being given to it. Through
its information gathered, the model is ready to detect and understand objects or
occurrences in new, unviewed data. This endless loop of events has ensured that
the model is able to adapt to the ever-changing minute facets of the Internet of
Things.
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3.5.3 Approaches for Performance Retention & Size Re-

duction

Optimizing deep learning models becomes crucial when aiming to implement effec-
tive pothole detection algorithms on resource-constrained IoT sensors in real-time
applications. We investigate a range of approaches designed to strike a com-
promise between two important goals: maintaining the accuracy of the model’s
performance and reducing its size to allow for easy incorporation into Internet of
Things settings. We use a variety of approaches in all of our models, including
Yolov8, Faster R-CNN, SSD-MobileNetV2, and RetinaNet. Every technique, from
quantization and knowledge distillation to model pruning, layer fusion, and more,
is painstakingly developed to guarantee that our pothole detection models are not
only highly precise but also optimally optimized for use in practical Internet of
Things applications. This coordinated effort highlights the adaptability of our ap-
proaches and foresees the particular difficulties brought about by the convergence

of deep learning, IoT, and the vital mission of pothole detection.

let’s take a closer look at the specific strategy for size reduction and performance
retention for each of the four models: Yolov8, Faster R-CNN, SSD-MobileNetV2,
and RetinaNet.

1. YOLOvS8
e Perfromance Retention
— Quantization

Justification: The process of quantization entails lowering the weights
and activations of the model’s precision. Converting 32-bit floating-

point numbers to 8-bit integers is one example.

Implementation: To compress the model without sacrificing its pot-
hole detection accuracy, use quantization techniques like Tensor-

Flow’s post-training quantization.
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Model Performance Retention Size Reduction
Quantization: Reduce precision | Model Pruning: Identify and re-
YOLOVS of parameters move less important connections

Knowledge Distillation: Train a
smaller model

Layer Fusion: Optimize network
architecture by combining layers

Faster R-CNN

Transfer Learning: Pre-train on a
large dataset

Ensemble Learning:  Combine
predictions from multiple models

Model Quantization: Reduce pre-
cision of parameters

Compressed Anchor Boxes: Opti-
mize anchor box configuration

SSD-MobileNetV2

Data Augmentation: Augment
training dataset

Feature Fusion: Combine infor-
mation from different layers

Depthwise Separable Convolu-
tions: Use in MobileNetV2 back-
bone

Pruned Fully Connected Layers:
Identify and prune less crucial
connections

RetinalNet

Focal Loss: Use focal loss to pri-
oritize hard-to-detect potholes

Multi-Scale Feature
Capture pothole
different resolutions

Pyramid:
features at

Feature Map Downsampling: Ad-
just downsampling rate of feature
maps

Dynamic Anchor Pruning: Dy-
namically prune anchor boxes
based on contributions

Table 3.1: Approaches for Performance Retention and Size Reduction in Pothole

Detection Models

— Knowledge Distillation

Justification: Using both ground truth labels and soft probabilities

from the teacher, a smaller model (student) is trained to imitate
the predictions of YOLOVS (teacher).

Implementation: Creating a small neural network and train it using

YOLOvVS guidance, making sure the resulting distilled model keeps

the essential data for detecting potholes.

e size Reduction

— Model Pruning
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Justification: In order to minimize the amount of parameters, prun-
ing entails locating and eliminating neurons or connections that are

not as significant in YOLOVS.

Implementation: To reduce superfluous connections while main-
taining pothole detection accuracy, we use the pruning strategies of-

fered by packages such as TensorFlow Model Optimization Toolkit.
— Layer Fusion

Justification: By combining some layers, we can optimize the net-
work architecture and lower computational complexity and, in turn,

model size.

Implementation: We carefully examined the model architecture and
intelligently combine layers. This can entail combining specific con-

volutional layers in order to optimize the network.
2. Faster R-CNN
e Performance Retention
— Transfer Learning

Justification: To take advantage of transfer learning, we first pre-
train Faster R-CNN on a variety of datasets, such as COCO, which

gives it a comprehensive understanding of object detection.

Implementation: To make sure the model maintains its ability to
identify potholes, it is then adjusted using a smaller, task-specific

dataset that focuses on pothole identification.
— Ensemble Learning

Justification: We use ensemble learning to train several Faster R-

CNN models with different configurations in order to improve over-
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all performance.

Implementation: We generate an ensemble of models whose predic-
tions are pooled to increase the model’s accuracy by experimenting
with anchor box sizes, feature map resolutions, and training hyper-

parameters.
e Size Reduction
— Model Quantization

Justification: We can reduce the precision of the Faster R-CNN by

assigning shorter bit lengths to its parameters.

Implementation: By leveraging TensorFlow’s quantization features,
the model is compressed without sacrificing its ability to detect

potholes.
— Compressed Anchor Boxes

Justification: In order to optimise performance, we decrease the
number of bounding box predictions by changing the anchor box
configuration that Faster R-CNN uses.

Implementation: A smaller set that minimises unnecessary predic-
tions and effectively fills in gaps is selected by experimenting with

anchor box sizes and ratios.
3. SSD-MobileNetv2
e Performance Retention
— Data Augmentation

Justification: We include several adjustments to the training dataset,
such as rotation and scaling, to enhance the model’s ability to gen-

eralise across a range of pothole conditions.
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Implementation: Data augmentation tools are provided by frame-
works like TensorFlow or PyTorch in order to increase the number

of training samples and improve performance.
— Feature Fusion

Justification: Feature fusion approaches combine input from many
network layers to enhance the model’s understanding of pothole

properties.

Implementation: A comprehensive representation of potholes of dif-

ferent sizes is ensured by applying feature fusion at many scales.
e Size Reduction
— Depthwise Separable Convolutions

Justification: The MobileNetV2 backbone employs depthwise sep-
arable convolutions to maximize computational performance while

minimizing the number of parameters.

Implementation: To retain accuracy while increasing computing
efficiency, the MobileNetV2 backbone is configured to use depthwise

separable convolutions.
— Pruned Fully Connected Layers

Justification: We identify and remove fully connected layers in SSD-
MobileNetV2 that contribute less to pothole identification in order

to further minimize the size of the model.

Implementation: To provide a more compact model without com-
promising detection performance, pruning techniques are used to

remove less important links.

4. RetinaNet
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e Performance Retention
— Focal Loss

Justification: To ensure that the model maintains accuracy in iden-
tifying subtle pothole characteristics during training, we use focus

loss in RetinaNet to prioritize hard-to-detect potholes.

Implementation: Include the focus loss function in training to draw

attention to difficult cases.
— Multi-Scale Feature Pyramid

Justification: To improve accuracy across a range of pothole sizes,
we employ a multi-scale feature pyramid to capture pothole features

at multiple resolutions.

Implementation: To improve RetinaNet’s capacity to identify pot-
holes on a range of spatial scales, we apply feature pyramid net-

works.
e Size Reduction
— Feature Map Downsampling

Justification: RetinaNet feature map downsampling rates can be

adjusted to lessen the computational burden on the model.

Implementation: Balance downsampling for efficiency with precise

pothole detection by optimizing the network design.
— Dynamic Anchor Pruning

Justification: During training, dynamically prune anchor boxes ac-

cording to how well they contribute to detection accuracy.

Implementation: We create a adaptive pruning system to find and
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eliminate superfluous anchor boxes, resulting in a more condensed

model that can be deployed in real time.

3.5.4 Comparitive Analysis of Raserry pi 4 with Other

H/1w components

1. Raspberry Pi 4 vs. Raspberry Pi 3
e Proccesing Power:

Raspberry Pi 4: The quad-core Cortex-A72 CPU of the Raspberry Pi 4
has more computing capability than the Cortex-A53 in the Raspberry
Pi 3.

Rasberry Pi 3: Restricted by the Cortex-Ab3 processor’s lower power.
e RAM:

Raspberry Pi 4: With up to 8 GB of RAM, the Raspberry Pi 4 allows

for more simultaneous work.
Raspberry Pi 3: RAM capacity is restricted to 1 or 2 GB.
e Connectivity:

The Raspberry Pi 4: It has USB 3.0 and Gigabit Ethernet support,

which increases data transfer speeds.
Raspberry Pi 3: only supports 10/100 Ethernet and USB 2.0.
e GPU:

The Raspberry Pi 4 has better GPU performance than the Raspberry
Pi 3.

e Justification:
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Because of its enhanced GPU, RAM, processing power, and connectiv-
ity options, the Raspberry Pi 4 is a better choice for demanding tasks
including real-time picture processing and data transfer in pothole de-

tection.
2. Raspberry Pi 4 vs. Lower-end Single-board Computers (SBCs):
e Processing Power:
Raspberry Pi 4: Typically features a more potent processor.

Lower-end SBCs: These SBCs may have slower or less powerful proces-

sors.
e Community Support:

The Raspberry Pi 4: It has a sizable and vibrant community that offers

a wealth of knowledge and troubleshooting techniques.
Lower-end SBCs: Might not have a strong community behind them.
e Justification:

A more stable and well-documented ecosystem is facilitated by the
Raspberry Pi 4’s widespread adoption and strong community support.
This makes it a more dependable option for the pothole detection
project since it guarantees a more seamless development process, sim-

pler problem solving, and access to a wide range of third-party solutions.
3. Raspberry Pi 4 vs. Microcontrollers (e.g., Arduino Uno):
e Processing Power:

Raspberry Pi 4: Significantly greater computing power than microcon-

trollers is available with the Raspberry Pi 4.

Arduino Uno: Processing power is limited.
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e Real-time Processing:
Raspberry Pi 4: Has potential limits but can manage jobs in real time.

Arduino Uno: Real-time applications are well suited for the Arduino

Uno.
e Justification:

Despite being very good at real-time tasks, microcontrollers like the
Arduino Uno lack the computing capability to execute intricate im-
age processing and data transmission tasks. Pothole detection requires
processing power, but other Internet of Things applications require flex-

ibility, which is why the Raspberry Pi 4 strikes a balance.
Overall Justification for Choosing Raspberry Pi 4:
1. Performance and Versatility:

The Raspberry Pi 4 offers reliable data transmission and efficient real-time
image processing thanks to its enhanced processing power, RAM, and net-

working capabilities.
2. Community Support and Ecosystem:

By offering resources, support, and a wide range of compatible third-party
solutions, the sizable Raspberry Pi community enhances the project’s scala-
bility and stability.

3. Cost-Effectiveness:

The outstanding value for money of the Raspberry Pi 4 makes it a great
choice for Internet of Things applications and pothole detection when as-

sessing the trade-offs between price and capabilities.
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3.6 Model Training

The aim of training object identification models like RetinaNet-50, SSD-Mobilenetv2,
and Faster R-CNN is to enable them to detect objects, with high accuracy, even in
the most complex real-world images. A training program which has been planned
and thought out in detail to guide these models in the process of visual compre-

hension is the one required for this journey.

The main units of the training process are the epochs. These can be seen as
the cycles of learning in which a model learns what to do from the dataset it
encounters. The model, over time, becomes progressively better at determining

the size, shape, and location of an object with each epoch.

Though we want our model to learn everything at a time, we should not give it
too much information at once; hence, the data sets will be divided into batches,
which are smaller, manageable chunks of data. Almost every batch comprises a few
visuals that make it easier for the audience to grasp the information that a certain
model presents. The research showed that 16 was the idea of the right trade-off
between effectiveness and efficiency for the learning pattern which is consistent

without stressing the computational abilities of a model.

Though it is important to have data, it is not enough to just view it. Adam the
optimizer comes into the situation at this time. Through the continuous updating
of the model’s parameters according to the gradients obtained during the training,
he puts the model into the best learning paths. Through the usage of Adam, our
models are able to proceed in the learning environment quicker, causing them to

reach the learning level faster.

Let’s now examine the specifics of our training configuration, focusing on the

important hyperparameters as shown in table 3.2:

We meticulously arrange these training segments to optimize the performance of
our object detection models. Put another way, as epochs, batches, and optimiza-

tion stages go on, our models become more proficient, allowing them to accurately
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Hyperparameters | Value
Epochs 250
Batch Size 16
Optimizer Adam

Table 3.2: Training Hyperparametrs

handle real-world circumstances.
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CHAPTER 4

RESULTS & DISSCUSSIONS

4.1 Performance Metrics

4.1.1 YOLOvS8

’ Class \ mAP@O0.5 ‘

Overall 0.914
Drain Hole 0.979
Pothole 0.877
Sewer Cover 0.886

Table 4.1: Class-wise mAP values at confidence threshold 0.5 of YOLOvVS

The efficacy of the YOLOv8 model in object recognition across several categories
is demonstrated by a close inspection of class-wise mean Average Precision (mAP)
values at a confidence level of 0.5 in the comprehensive evaluation of the model’s
performance as shown in table 4.1 & figure 4.1. The model’s comprehensive capac-
ity to detect and recognise objects in the dataset was evidenced by its exceptional
overall mAP of 0.89. With a very high mAP of 0.914, the YOLOvS8 showed ex-
ceptional skill in identifying Drain Holes, proving its exceptional accuracy and
precision in identifying this specific class. The model showed subtle skills while
retaining a good performance across multiple classes, with mAPs of 0.877 for pot-

holes and 0.886 for sewer covers. The YOLOvS is a good choice for applications
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Figure 4.1: PR Curve of YOLOvV8

requiring a high degree of accuracy across a range of object classes because of
these class-specific mAP values, which demonstrate how versatile and efficient it
is at tackling a variety of object recognition challenges. The model’s sophisticated
comprehension of spatial relationships was clearly enhanced by the rigorous train-
ing procedure, which included 30 epochs with a batch size of 16 and employed the
Adam optimizer. This led to the reported improved detection performance across

various item categories.

4.1.2 Faster R-CNN

’ Class \ mAP@O0.5 ‘

Overall 0.865
Drain Hole 0.981
Pothole 0.849
Sewer Cover 0.824

Table 4.2: Class-wise mAP values at confidence threshold 0.5 of Faster R-CNN

The performance of a Faster R-CNN model in the class-wise average Precision
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mAP values is presented through the evaluation at an confidence threshold of 0.5.
These metrics are the reflections of the model’s ability in recognizing objects on
different categories. The model has reached a mAP of 0.865, which shows that
it has not achieved a perfect result 0.865 is the rating given to this and it’s the

saying of the great performance in object detection tasks.

Besides, the Faster R-CNN model was exhibited to be remarkable in the detection
of Drain Holes, with an high mAP score of 0.981. This, in turn, casts the model’s
powerful ability to accurately identify objects belongings to this particular class in
the shadow. Moreover, the model received the positive results in another categories
too, it got the mAP values of 0.849 for the potholes is not a bad idea, but 0 for

this one is definitely not a good one 0.824 for drain covers.

The ability of a Faster R-CNN model to handle different object recognition prob-
lems is shown by the consention of class-specific mAP values. Its benefits, such as
the possibility of maintaining a high level of accuracy for different object classes
makes it a suitable choice for applications that demand reliable object detection

facilities.

The model’s phenomenal detection performance is due to a strict training regimen
it had, which consisted of 250 epochs with a batch size of 16 and the use of Adam
optimizer. This kind of training made the model to have a better knowledge of
the spatial relationships in the dataset, which in turn, led to its top performance

in object detection in different categories.

4.1.3 SSD-MobileNetV2

’ Class \ mAP@O0.5 ‘

Overall 0.818
Drain Hole 0.909
Pothole 0.761
Sewer Cover 0.782

Table 4.3: Class-wise mAP values at confidence threshold 0.5 of
SSD-MobileNetV2
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Figure 4.2: PR Curve of Faster R-CNN

One can observe the performance of the SSD-MobileNetV2 model from the class-
wise mean Average Precision (mAP) values of the model detected at confidence
threshold 0.5. The mean Average Precision (mAP) scores simply quantify how

well a model is able to recognize objects of the given class.

As can be seen above in table, the SSD-MobileNetV2 model is doing quite well
for detecting all different classes, and obtains an overall mAP of 0.818 which
in comparison is quite a significant number, showing that the SSD-MobileNetV2
model can identify objects of different classes quite well. Another good example of
performance from this model is that for detecting objects of class Drain Holes, it
gets an mAP of 0.909. It also shows good results in detecting objects of potholes
and sewer covers as well, and for both cases, it is able to achieve an mAP of 0.761

and 0.782, respectively.

Furthermore, the model is consistently performing well for detecting objects of
different classes, and it is quite reliable in terms of object detection. The fact

that can maintain good performance in detecting objects from different classes
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Figure 4.3: PR Curve of SSD-MobileNetV2

means that it might effectively be used in a real-time application needing the
object detection of high accuracy. The SSD-MobileNetV2 model is quite capable

of achieving good results and one the main reasons could be its training.

The SSD-MobileNetV2 model has been trained with a total number of 250 epochs,
with a batch size of 16 and uses Adam optimizer. The Adam optimizer, as a train-
ing strategy ensures that the model better understands the spatial relationships
that exists with the dataset, and because of that becomes capable of detecting

objects of different classes with relative ease.

4.1.4 RetinalNet

’ Class \ mAP@O0.5 ‘

Overall 0.487
Drain Hole 0.845
Pothole 0.419
Sewer Cover 0.198

Table 4.4: Class-wise mAP values at confidence threshold 0.5 of RetinaNet
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Figure 4.4: PR Curve of RetinaNet

The ResNet-50 model’s performance is further evaluated in Table 3 below using the
class-wise mean Average Precision values for a confidence threshold of 0.5. These
values show how each class was proficient by having a high mAP value and other
related objects. In general, the model performed with an mAP of 0.487, showing
that it is evident in correctly identifying objects. A key power of the ResNet-50
model is that it stood powerful in the Drain Holes class, with mAP values at 0.845.
That is, it was powerful in identifying objects as Drain Holes. It also stood weaker
in potholes with an mAP of 0.419 and the lowest in sewer covers with an mAP of
0.198.

Despite the moderate overall performance of the ResNet-50 model, its high class-
wise accuracy rate highlights the model’s potential usefulness for some applications
that demand high-precision detection capabilities for specific object classes. The
relatively high accuracy of several categories stems from the architectural com-
plexity and the way the model was trained. Hence, although the overall mAP
level is lower than one would expect, it is clear that the ResNet-50 model shows a

high potential for successful performance on pinpointing detection tasks.

42



Confusion Matrix Normalized

Drain Hole

Pothole

Predicted

-0.4

Sewer Cover

-0.2

background

' ' ' ' -0.0
Drain Hole Pothole Sewer Cover background
True

Figure 4.5: Confuion Matrix of YOLOvVS8

4.2 Results

4.2.1 YOLOvS

The adjusted confusion matrix as shown in fig 7?7 for the YOLOv8 model shows
the model’s performance in classifying different objects in a validation dataset in
detail. Every row of the matrix is the real classes of objects, whereas the columns
contain the classes of objects predicted by the model, with the values that are the

normalized percentage of both the classes.
Key Insights from the Confusion Matrix:
1. High Accuracy in Class Predictions:

e Drain Hole: The model has a very important precision of 93% in
detecting Drain Holes which means it shows good learnability for this

category.
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Figure 4.6: Predicted Potholes for YOLOvVS8

e Pothole: Potholes are correctly tagged with a 87% accuracy. Such
high yet accuracy indicates that the model has been training well in
order to identify potholes that might be similar to different features

existing in a well-defined urban setting.

e Sewer Cover: A model that classifies and detects “FAST SEWER
COVER” is predicted 99% of the time, thus confirming its outstanding
ability such that it can classify and detect this object with the precision
of nearly 100

2. Minimal Confusion Between Classes:

e Background Misclassifications: The model has the least confusion
with the background, which being only 0.1%, as well as 0.1% of covers
being confused with class background of the network shows the grade

of discrimination between the background and the class.

As shown in fig 4.6, the test results always maintain high confidence scores which
are above 0.9 (very high) stressing there was a strong certainty in our ability to
detect potholes. YOLOVS greatly shows pothole detecting capability in any type

of road surface as well as different lighting condition. The bounding boxes are
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very close to the detected potholes which means that the algorithm will be able
to localize the potholes accurately. Due to its significance among other advanced
algorithms, YOLOVS is a perfect in identifying the pothole in a moving car where

fast and precise enough detection is a must.

The fig 4.7 showing the training and validation metrics, as well as the model
performance over the epochs, describe the learning process of the YOLOv8 model

and its ability to make decisive improvements in performance throughout time.
Observations from Training and Validation Metrics:
1. Loss Metrics Analysis:

e Box Loss: The graph of ”Val loss” for both dfifashion training and
validation shows very steep descent, indicating that the model is more

and more precise in discovering object contours the more we train.

e Classification Loss: During training and validation, the Classification
Loss decreases, which points out that the model is improving its ability

to correctly classify objects that have been detected.

e DFL Loss: The Red DFL or loss of the Directional Feature Location as
important for the accurate object localization experienced a drop which
indicates the localization capability in that region have significantly

improved.
2. Precision and Recall Dynamics:

(a) Precision: The precision index in the whole training is highly stable
and steady after the first few iterations; the high performance of the

model means the model is reliable in object detection.

(b) Recall: The recall metric also reaches the stable level of high, which
implies that the model always recognizes almost all relevant objects,

thereby reducing the chances of undetected detections.
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Figure 4.7: Results of YOLOvS

3. Mean Average Precision (mAP):

e mAP@O0.5: The mean average precision of intersection to a union(IoU)

at 0.5 the value on the ”stability” axis is high and stable, this means

that the detection performance without missing targets is very good.

e mAP@O0.95: The mAP at a more rigid IoU threshold of 0. 95 cases

have experiencing the increase over time for model accuracy in term of

the high precision to identify of objects.

To forecast, the microstructure analysis of the thorough conclude the confusion

matrix and performance indicators for YOLOvS8 shows perfect results, exception-

ally for above mentioned classes, with fantastic accuracy and low misclassification.

The steady and high performance in both precision and recall throughout the

epochs is another evidence of the model’s robustness and efficacy in real-life appli-

cations. The future research should be working on differentiating the class to the

smallest one that is important especially for the most class with less certainty.
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Figure 4.8: Confusion Matrix of Faster R-CNN

4.2.2 Faster R-CNN

The Faster R-CNN model achieved the following normalized confusion matrix
as shown in fig 4.8. The matrix provided a summarized view of the model’s
performance on multiple object classes constrained in the validation set. More
specifically, the matrix’s rows corresponded to the actual class of an object in an
image, while the columns indicated the predicted class. The matrix cells contained

the proportion of the model’s predictions normalized to ease view and comparison.
Key Insights from the Confusion Matrix:
1. Strong Performance in Distinct Classes:

e Drain Hole: The model tags with Drain Hole class with 88% accu-
rately. This high level of the classification of the drain holes speaks to
the model’s remarkable ability to categorize them without missing any

out and also to classify correct ones out.
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e Background: In the same way, the Background class has a 94% ac-
curacy, this is evidence that the model is good at distinguishing the
background from other classes. This is pivotal for those apps where we

must focus in on our object of interest neglecting all else around it.
2. Challenges in Class Distinction:

e Pothole vs. Sewer Cover: The ambiguity between the models’ ac-
curacies on Pothole and Sewer Cover are not the same, as the model’s
accuracy only on Sewer Covers is 71%. This shows that the model
encounters a problem in distinguishing between these two categories

because they look very similar and it is not easy to tell them apart.
3. Misclassification Issues:

e Potholes Misclassified as Background: The matrix corresponds to
a meaningful event (17%) when the Pavement is classified incorrectly,
into the Background category. This may occur because of sensitivity of
this model toward requirements of image types or similarity of potholes

with the background texture.

e Background Confusion with Other Classes: The classifications
are also wrong when Background is mistaken for Drain Holes and Sewer
Covers, which means that overfitting or inadequate training data for

these particular situations might be the reasons.

As shown in fig 4.9, the model is rather biased to give very high confidence lev-
els close to 1.0,which represents well understanding of the potholes. Though, it
demonstrates slightly larger performance variation in bounded box precision in
comparison to YOLOvVS. The model scores the highest in the recognition of de-
tailed textures, and this is so because it can even detect partially covered or filled
potholes. Since Faster R-CNN is used for applications in which it is necessary to

get into details of imaging by detecting small road damages.

The fig 4.10 showing the training and validation curves at each epoch demonstrate
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Figure 4.9: Predicted Potholes for Faster R-CNN

the extent of learning progress made and where the model has made improvement

during the training period.
Observations from the Training and Validation Metrics:
1. Loss Metrics:

e Box Loss and DFL Loss: Box Loss and DFL Loss: Both metrics are
going down gradually, and this expresses the tendency to interpret the
bounding boxes more and more accurately (Box Loss) and decode the
feature labels (DFL Loss).The lesser-influence of it is a major contribu-
tor to the enhancement of the entire model’s accuracy in localizing and

classifying objects.

e Classification Loss: This is the area where we will see that the train-
ing and validation losses have fallen drastically for the Classification

Loss, which means the model is slowly learning to recognize accurately
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the objects with the help of the data samples we have provided to it.
2. Precision and Recall Trends:

e Fluctuating yet Improving Precision: The Model graph exhibits
deviations from these lines, probably as it learns to differentiate between
the classes, during training. Over the period of time, rising positive

prediction trainings reveals that a more accurate model is being used.

e Increasing Recall: The Recall metric similarly improves, which shows
that the model is becoming more effective at identifying all examples

of each class without missing so many of them.
3. Mean Average Precision (mAP):

e Improvements in mAP Metrics: An increase has been observed in
the above-mentioned indicators for average mean accuracy at 0.5 and
0.95 points of intersection over union (IoU) respectetly with time, tile
after tile. It is worth noting that whether it be high or low which
areas accurately make use of the writings means everything to their

understanding about space in general.

The Faster R-CNN model is seen to have learned effectively and adapted in object
detection tasks, this can be observed from the confusion matrix detailed data and
metric values. It performs well distinguishing different entities within different
category classes; however it struggles when differentiating objects that are alike or
have an ambiguous background.Additional training, which may involve unstruc-
tured data, adjusted dimension criteria or optimized HyperParameters, may make

the model more reliable for practical uses.

4.2.3 SSD-MobileNetV2

The standard ordinary for the SSD-MobileNetV2 module represents a point of
perception to assess of the model classifications across different object classes in a

validation dataset. It is a visual illustration of the actual classes and the predicted
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Figure 4.10: Results of Faster R-CNN
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Figure 4.11: Confusion Matrix of SSD-MobileNetV2

classes by the model and the cell in the matrix shows the normalized proportion

of each prediction as shown in fig 4.11.
Key Insights from the Confusion Matrix:
1. Performance Across Classes:

e Drain Hole: The model successfully localizes drain hole objects with
82% labeling accuracy implying good potential in such objects’ canon-

ical recognition during urban element identification process.

e Background Identification: The model shows finding Background
class labels performance significantly outstanding with twenty points
over the average of 80%; hence, this enables one to ignore all those
boring places in an image but sharpens attention on key objects through

which things become clear for readers.

2. Challenges with Similar Object Classes:
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Figure 4.12: Predicted Potholes for SSD-MobileNetV2

e Pothole and Sewer Cover Distinction: The confusion matrix illus-
trates moderate tolerance for the Pothole class with recognition percent
of 78% and for the Sewer Cover class only 65%. The size of the numbers
hints at a low probability of separating these two car types, perhaps a
caused by the fact that they usually look almost the same on roads in

urban areas.
3. Background Misclassification:

e Misclassifications involving the Background: There are some no-
table cases of misclassifications where the Background was wrongly rec-
ognized as other classes (22% as Pothole and 18% as Sewer Cover) and
vice versa. This demonstrates the possibility of failures in the model’s
capacity of identifying complicated urban objects’ lines of division or

areas of boundaries where there are not clear outlines.

As shown in fig 4.12, the intensifier ‘the model” embraces moderate level of confi-
dence rating which is fluctuating over a wright range that is between 0. 5 and 0.
9. It may be able to spot potholes but the difference in confidence scores also gives
warnings on the lack of precision compared to YOLOvS8 and Faster R-CNN. This

could be the reason why it is so lightweight, thus, it sacrifices some of the accu-
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racy for the sake of speed. SSD-MobileNetV2 works really well for apps which have

limited computational resources where misclassification occurrence is not critical.

The collection of graphs shown in fig 4.13 is displaying the different training and
validation metrics over epochs indicates how the SSD-MobileNet V2 model is adapt-

ing and improving during the training process.
Observations from Training and Validation Metrics:
1. Loss Metrics Trends:

e Box Loss and DFL Loss: These variables make this graph appear
very unusual and it demonstrates a steep fall, which is especially evident
in both training and validation phases. This situation is illustrative of
the fact that the complexity of the algorithm is directly proportional
to its ability to correctly outline object boundaries and to identify fea-
tures, which are generic features that form the basis for precise object

detection.

e Classification Loss: The Classification Loss is drastically decreasing
both during training and validation, that is a strong indicator that the

model is getting better in the object categorization process.
2. Precision and Recall Improvements:

e Precision and Recall Variability: Although the Overall Precision
chart has certain fluctuations, it mostly demonstrates an upward ten-
dency which indicates that the model is getting more and more precise.
Remembering it also portrays sustained improvement, which means this
model’s increased capacity to identify all the significant things without

missing out on many.
3. Mean Average Precision (mAP):

e mAP@O0.5 and mAP@O0.95 Trends: The mAP graph results shows
very encouraging patterns with 95 IoU thresholds that tilt to the upward
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direction in later epoch more. This might mean that the algorithm is
getting more accurate and more reliable in finding objects under the

strict rule even with one item left.

In a nutshell, the scrutinization of the confusion matrix and performance graphs
for the SSD-MobileNetV2 model points to both its strong points and areas for
improvement. The model presented herein shows good transferability in varient
object category separation and classification even though the model may still en-
counter difficulties with the so-called "lookalike” object classes and complex back-
ground settings. Also forming other improvisations as well, such as addition of
additional extraction layers or learning more diverse examples, might bring some

solutions to these problems, therefore increasing the model production’s quality.

4.2.4 RetinalNet

The RestNet model has a normalized confusion matrix for the validation set which
is very useful to observe how the model performs in classifying different objects in
the validation set. As Shown in fig 4.14, at each entry of the matrix, the true class
represents the objects sitting in the rows and the predicted class is sitting in the
columns, accordingly to the value of the elements in the matrix that indicates the

proportional of each class being correct or misclassified are presented.
Key Insights from the Confusion Matrix:
1. Class-specific Performance:

e Drain Hole: The model marks 73% accuracy each for the class de-
scribed by Drain Hole which is indeed a better result; however, there is
still some space for further training in order to capture subtle charac-

teristics of this class.

e Pothole: Pothole class has a lower accuracy of 51%. This implies
the chances in the model’s performance to identify potholes based on
diverse shapes or their items appearance. It is a possible reason that

the model is unable to distinguish them from other urban features.
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Figure 4.14: Confusion Matrix of RetinaNet

e Sewer Cover: The sewer cover class is classified with 55% efficiency.
This means that the model is not very efficient with other classes espe-

cially, such as holes and backgrounds.
2. Misclassification Rates:

e Background Confusions: It is important to point out that the 40%
of Drain Holes and the 40% of Sewer Covers are misclassified as Back-
ground. The very high rate shows the possible problems with checking
the choice of the threshold or detection of the features that determine

the foreground focus and background blur.

As shown in fig 4.15, RetinaNet with datasets related to potholes gives high ac-
curacy and confidence scores tend to always be close up to 1.0. The boxes are
accurate and placed well within the frames consistently. As for potted-holes, it
can identify the ones that lie under different scenarios and issue considerable posi-

tion information, despite the fact that the road can be roughed. This foundation is
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Figure 4.15: Predicted Potholes for RetinaNet

very useful in situations where failure to discover can lead to severe consequences,

for example in autopilot and highly progressive road tracking systems.

The images of graphs shown in fig 4.16 illustrates different statistics across the
training record of the RestNet model in totality show the process of learning and

in size of accuracy alongside timeframe in which it was achieved.
Observations from Training and Validation Metrics:
1. Loss Metrics Trends:

e Box Loss and DFL Loss: Both metrics show a steady decrease over
the entire training and testing periods indicating that the model’s accu-

racy in bounding box prediction and feature label decoding is improving.

e Classification Loss: The class error ratio decreases generally but

demonstrates variance, especially in case of the validation part. This
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variability could suggest the need for smart tuning or more dependable

training data in the spot where the model could in fact improve.
2. Precision and Recall Dynamics:

e Precision Fluctuations: The precision metric exhibits some fluctu-
ations but it still shows an upward trend which is an indication of the
model’s higher accuracy in its predictions. But the spreading illustrates
that the model likely isn’t able to correctly classify all of the text or

scenario types.

¢ Recall Improvement: The recall metric has a positive slope, signify-
ing gradually increase in the model’s efficiency in identifying instances
of all classes, which reduces the chance of missing real instances of a

class and thus the possibility of false negatives.
3. Mean Average Precision (mAP):

¢ mAP@0.5 and mAP@0.95: Both mAP metrics have a positive trend
and it is more noticeable at the stricter 0. 95 IoU threshold. The
tendency is here drawing a conclusion that the algorithms are becoming
“more and more” successful in finding objects of greater accuracy and

reliability.

Overall, the full coverage of the confusion matrix and accuracy indicators for Rest-
Net is compelling as portrays its capability and doing well in specific situations
but finds it hard to separate particular classes and to the background mayhem.
The challenges in this area can be addressed by the improved model training, the
enhanced feature recognition capabilities, and the possible integration of other con-
textual data which will eventually lead to the increasing of the model’s accuracy

and the wide application of this model in the real world.
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’ Model \ mAP@O0.5 \ Processing Time \ Size of Model ‘

YOLOv8 0.914 8.8 ms 6.3 MB
Faster R-CNN 0.865 136 ms 214 MB
SSD-MobileNetV2 0.818 184 ms 348 MB
RetinaNet 0.487 38 ms 74.8 MB

Table 4.5: Model Performance Metrics

4.2.5 Comparitive Analysis Of Trained Models

The table 4.5 presents a comparative analysis of various object detection models
based on several performance metrics: that are weighted by mean Average Pre-
cision (mAP) at a certain confidence threshold of 0. 5). They should consider
their inference time per processing, the size of the model, as well as their memory

footprint.
1. YOLOvS8

e Performance: YOLOvVS has recorded the highest mAP score of 0.914
detecting objects constitutes a test of its effectiveness. Such high mAP
score highlights that YOLOvVS has very successful outcomes with respect

to correct identification and localized objects.

e Processing Time: YOLOvVS is a model with a comparatively short
processing time of 8. 8 milliseconds per inference. This great capability
for quick processing lends itself as a perfect choice for real-time applica-
tions where there is a need for immediate object detection and decision

making - for instance, video surveillance and autopilot.

e Model Size: Though this blandly-named spacecraft is small with a
size of just 63 megabytes (MB), YOLOVS, is the most efficient memory
usage among all YOLO models. Due to the low footprint, fast installing
and operating without the requirement of special devices is possible on
resource limited devices, and at the same time, there is no difference in

performances.
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2. Faster R-CNN

e Performance: What is noteworthy though, this compared to the high-
est mAP score, Faster R-CNN still yields an excellent result of mAP
equaling to 0.865. This means that the model can recognize objects of

different types correctly, even though not as precisely as YOLOvS.

e Processing Time: Faster R-CNN shows really high inference time per
an instance: 136 msec in contrast to YOLOv8 which takes 34 msec. The
duration of considering a broad amount of data reduces applicability in

real time applications where the speed of inference is highly demanded.

e Model Size: The models larger size of 214 MB is the problem some-
times in deployment, especially on devices with limited storage capacity.
The presence of this larger footprint may impact the availability and

usage of such resources as it deals with deployment agility.
3. SSD-MobileNetV2

e Performance: SSD-MobileNetV2 finds a way of balancing two con-
flicting factors namely performance and resource usage hence, it achieves
an mAP of 0. 818. Nevertheless, the mAP score is a bit lower than that
of YOLOvS8 and Faster R-CNN, which nevertheless means that it is a

quite reasonable accuracy in the object detection tasks.

e Processing Time: SSD-MobileNetV2 consumes 184 ms for inference
on average with a performance of slow speed. YOLOvV8 and Faster
R-CNN take much less time. The lengthened processing time is a limi-
tation that wouldn’t be applicable NN to applications requiring prompt

object detection.

e Model Size: In terms of memory space, SSD-MobileNetV2 requires
348 MB, which is a lot more than YOLOv8. While this significantly im-
proved optimization, it becomes necessary to make a cautious decision

when rolling out to devices which have limited space.
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4. RetinalNet

e Performance: RetinaNet is on a lower level compared to other models,
in terms of mAP score 0.487 is a number that is very different from other
models. Although it is far away from any perfection when talking about
accuracy, it can still demonstrate a decent level of performance in the
field of object detection.

e Processing Time: While its accuracy level is lower, the RetinaNet
Gain compensates for its fast operating time 38 milliseconds per infer-
ence. This fast speed it may be suitable for applications that are more

about the speed than the absolute accuracy.

e Model Size: One of the significant advantages of the RetinaNet model
is that it is only 74 layers (layers) in contraction. In terms of memory
footprint, it requires only 8 KB which is minimal compared to other
machine learning models, making it ideal for device deployment on re-
stricted devices. Smaller impact means that the system can be deployed

in various places and the resources can be used in a more efficient way.

4.2.6 Image Acquisition and Pothole Detection

¢ Real-Time Image Processing: As the vehicle travels, the images are cap-
tured in sequential order and processed in real-time by Raspberry Pi. This
simply put is the employment of a transferable training YOLOvVS algorithm
that analyses the surface of the road and look for anomalies that resemble

the potholes’ features.

e Machine Learning Model: The detection model is YOLOvVS8 which was
trained on a dataset of road images with the location of potholes. The
learning enables the system to fix a pot-hole precisely in the daytime or the
nighttime and under challenging conditions such as changing lights, shadows

and passing bad weather, which eventually, causes the system to react better.

e Detection and Localization: The system pinpoints the position of the
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Figure 4.17: Pothole Detected in Real Time

potential pothole by delineating it with bounding box and gives the confi-
dence score, which evaluates as how likely the pothole detection is, which is
shown in fig 4.17. These scores assist in the decision on the course of action

depending on how severe and certain the detections are.

4.2.7 Data Storage and Management using Firebase

1. Firebase Realtime Database Integration:

¢ Immediate Data Upload: Potholes that are identified together with
their photos and coordinates are sent immediately to firebase’s database
or data cloud which is demonstrated in fig 4.18. Availability of such up-
dates in a timely manner is therefore essential for keeping the database
fresh and relentless, which should result in quick responses to the dis-

covered holes.

e Data Synchronization and Accessibility: This real-time data syn-
chronization ability of the Firebase is what makes the data uploaded

from the vehicle instantly available to all the connected systems and
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Figure 4.18: Firebase Console Screenshot

applications. Thus, the richness of the data is maintained even during

the fast pace of the process and before it can be used to learn and act

upon a decision immediately.

2. Database Structure and Management:

Organized Data Storage: The Firebase database has been con-
structed specifically to store and manage a large number of data points,
including the URLs of the recovered images together with their coordi-
nates on a map (latitude and longitude). This organized data storage
makes it possible to get the information and manage it rapidly, which

also helps to support the complex queries and analytics.

Scalability and Security: Firebase guarantees a scalable system
that can accommodate more data and enlarges its range of areas to be
reached. Besides, the security features which, provides safety of data
and, in particular, geolocation data from unwarranted access keeps user

privacy.
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4.2.8 Real-Time Visualization in Android Application

The use of graphics and other visualization features for instruction, assessment,
and feedback provides a level of detail and continuity not seen with traditional

reading and writing tasks.
1. Application Development and Features:

e Dynamic Data Fetching and Display: The application is developed
so as to pull in the current pothole information from Firebase, and
it then display every block on the map of the captured sites. This
integration ensures that the information shown is always up to date

and precise.

e Interactive Map Interface: The program will utilize Google Maps to
display the particular pinpoints on the map as the locations of potholes.
Users can respond to these pins clicking on it to observe in depth data
including the photo of the pothole and its detections reliability, as shown
in fig 4.19. This is a very practical tool for the road maintenance teams
and for the people who ride the road, since they can see where and how

big these potholes are and also how dangerous they are.
2. User Interface and Accessibility:

e Intuitive Design: Designing an intuitive user interface, the applica-
tion takes the users perspective into consideration allowing for ease of
use and quick access to vital information. This design philosophy helps
to a great extent in enhancing the experience of the overall user and it
becomes easy to use the application in any real mechancis circumsta-

dates.

e Integration with Google Maps: The use of Google Maps for the
mapping functional of the application provides a reliable and familiar
platform for the users and also incorporates powerful geolocation tools

that make the pothole location data more accurate and usable.
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CHAPTER 5

CONCLUSION

The study is one of the most important contributions in the urban infrastructure
maintenance area, which aims to improve the analysis of smart cities through the
processing and grouping of potholes, drain and drains, and sewer cover faults. The
procedure of data collection, model training and real-world deployment has been
a painstaking process of our efforts intended to solve the pressing problems of the

deteriorating urban infrastructure.

It also has revealed how four state of the art object detection models - YOLOVS,
Faster R-CNN, SSD-MobileNetV2, and RetinaNet, which have been investigated,
collide in the field of performance features. Whether in the YOLOvS8 or the YOLO
fast, one will notice excellent precision made through mAP (mean Avergae Preci-
sion) of 0. 914. Its efficiency is proved by the fact that it processes information in
8. 8 milliseconds; a well-compact model with the same result. 3 Mb. While other
models such as Faster R-CNN, SSD-MobileNetV2, RetinaNet and many other do
the same thing, but with tiny different performance, all help to develop further to

the deeper comprehension of model capabilities and trade-offs.

Besides, the application of our YOLOvV8 model in the real world to monitor in-
frastructure is an innovative and pioneering way to use technology to improve the
city. This can be achieved by implementation of YOLOvS with Raspberry Pi 4

and camera module which will have the ability to capture the real time images
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of infrastructure defects such as potholes along with exact coordinates of the said
locations on the ground. These captured data are then submitted to Firebase
Cloud, where we have developed an Android application that incorporates these
images on a map. This deployment, not only, illustrates the functional application
of object detection models but also, points to their ability to produce real, positive

results in urban planning and maintenance.
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CHAPTER 6

FUTURE WORK

. Smartphone Integration: Explore the possibility of making our detection
system work directly on smartphones or other devices without the compli-
cation of connecting to the internet. People who use the system could do so
anywhere, without depends on the web or cloud storage as the system could

be carried along.

. Continuous Learning: Consider techniques, by which computer system
will learn and evolve by itself through time. This indicates that it may be
able to improve at detecting potholes and other problems as it sees more

examples, in the same way as people learn from experience.

. Understanding Different Features: As for our system, we need to figure
out the way it can bring into the picture crossing lights, road signs, etc. , not
just potholes. This, in turn, could help the cities do operations control. Then

they would record all kinds of features and plan maintenance efficiently.

. Sharing Data: Develop ways of information exchange for diverse cities and
the agencies to create data on the shape of the road and the infrastructure
problems. This might become a tiny society that teaches and aids car owners

to be safer during summer and winter.

. Predictive Tools: Create devices that check periods of time and places
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where potholes might occur due to conditions of weather or traffic. In this
way, cities could be able to prevent the problems from becoming too big and
take the necessary measures to fix them before they even caught sight of the

problems.

6. Community Involvement: Start the campaign to be in connection with
the people who are reporting and repairing the road problems. Such facilities
may include, for instance, mobile phone apps which make it comfortable for
a person to file a compliant about some potholes they have seen or open
community events where people engage themselves for the sake of solving

problems as a group.

By outlining these processes, the roads can become ones with far fewer accidents

and compliance would be improved for all.

71



1]

[5]

REFERENCES

Adham Mohamed, Mohamed Mostafa M Fouad, Esraa Elhariri, Nashwa El-
Bendary, Hossam M Zawbaa, Mohamed Tahoun, and Aboul Ella Hassanien.
Roadmonitor: An intelligent road surface condition monitoring system. In In-
telligent Systems’ 2014: Proceedings of the 7th IEEFE International Conference
Intelligent Systems 15°2014, September 24-26, 2014, Warsaw, Poland, Volume
2: Tools, Architectures, Systems, Applications, pages 377-387. Springer, 2015.

Frederico Soares Cabral, Mateus Pinto, Fernao ALN Mouzinho, Hidekazu
Fukai, and Satoshi Tamura. An automatic survey system for paved and
unpaved road classification and road anomaly detection using smartphone

sensor. In 2018 IEEFE International Conference on Service Operations and
Logistics, and Informatics (SOLI), pages 65-70. IEEE, 2018.

Nausheen Saeed, Mark Dougherty, Roger G Nyberg, Pascal Rebreyend, and
Diala Jomaa. A review of intelligent methods for unpaved roads condition

assessment. In 2020 15th IEEE conference on industrial electronics and ap-
plications (ICIEA), pages 79-84. IEEE, 2020.

Avik Ghose, Provat Biswas, Chirabrata Bhaumik, Monika Sharma, Arpan
Pal, and Abhinav Jha. Road condition monitoring and alert application: Us-
ing in-vehicle smartphone as internet-connected sensor. In 2012 IEEE inter-

national conference on pervasive computing and communications workshops,
pages 489-491. IEEE, 2012.

Vandana Bassoo, Yogesh Beeharry, R Ramjug-Ballgobin, Mozammeer Deen-



mahomed, and Karan Soin. A low-cost real-time road surface condition mon-
itoring and alert system. In 2022 4th International Conference on Emerg-
ing Trends in FElectrical, Electronic and Communications Engineering (ELE-
COM), pages 1-5. IEEE, 2022.

[6] Ghulam Fiza Mirza, Ali Akbar Shah, Bhawani Shankar Chowdhry, Tanweer
Hussain, and Yahya Sameen Junejo. Road condition monitoring using axle-
based acceleration method and k-means clustering algorithm. In 2021 IFEFE

18th International Conference on Smart Communities: Improving Quality of
Life Using ICT, IoT and AI (HONET), pages 126-131. IEEE, 2021.

[7] Fatjon Seraj, Berend Jan Van Der Zwaag, Arta Dilo, Tamara Luarasi, and
Paul Havinga. Roads: A road pavement monitoring system for anomaly
detection using smart phones. In International Workshop on Modeling Social
Media, pages 128—-146. Springer, 2014.

[8] Harry Magadhlela Ngwangwa, Philippus Stephanus Heyns, Hendrik Ger-
hardus Abraham Breytenbach, and Pieter Schalk Els. Reconstruction of road
defects and road roughness classification using artificial neural networks sim-
ulation and vehicle dynamic responses: Application to experimental data.
Journal of Terramechanics, 53:1-18, 2014.

[9] KT Chang, JR Chang, and JK Liu. Detection of pavement distresses using
3d laser scanning technology. In Computing in civil engineering (2005), pages
1-11. 2005.

[10] Yujue Wang, Yong Ding, Qianhong Wu, Yongzhuang Wei, Bo Qin, and Huiy-
ong Wang. Privacy-preserving cloud-based road condition monitoring with
source authentication in vanets. IEEE Transactions on Information Foren-

sics and Security, 14(7):1779-1790, 2018.

[11] Yaqi Li, Christos Papachristou, and Daniel Weyer. Road pothole detection
system based on stereo vision. In NAECON 2018-IEEE National Aerospace
and FElectronics Conference, pages 292-297. IEEE, 2018.



[12]

[13]

[14]

[16]

[17]

[18]

[19]

X Yu and E Salari. Pavement pothole detection and severity measurement
using laser imaging. In 2011 IEEE International Conference on Electro/In-
formation Technology, pages 1-5. IEEE, 2011.

Zhiqiong Hou, Kelvin CP Wang, and Weiguo Gong. Experimentation of
3d pavement imaging through stereovision. In International Conference on

Transportation Engineering 2007, pages 376-381, 2007.

H Maeda, Y Sekimoto, T Seto, T Kashiyama, and H Omata. Road dam-
age detection using deep neural networks with images captured through a
smartphone. arxiv 2018. arXw preprint arXiv:1801.09454, 2018.

Saksham Gupta, Paras Sharma, Dakshraj Sharma, Varun Gupta, and Nitigya
Sambyal. Detection and localization of potholes in thermal images using deep
neural networks. Multimedia tools and applications, 79:26265-26284, 2020.

J Dharneeshkar, SA Aniruthan, R Karthika, Latha Parameswaran, et al. Deep
learning based detection of potholes in indian roads using yolo. In 2020 in-

ternational conference on inventive computation technologies (ICICT), pages

381-385. IEEE, 2020.

Robet Robet, Zainal Arifin Hasibuan, Mochammad Arief Soeleman, Purwanto
Purwanto, Pulung Nurtantio Andono, and Pujiono Pujiono. Deep learning
model in road surface condition monitoring. In 2022 International Seminar on
Application for Technology of Information and Communication (iSemantic),
pages 204-209. IEEE, 2022.

Wai Yeung Yan and X-X Yuan. A low-cost video-based pavement distress
screening system for low-volume roads. Journal of Intelligent Transportation
Systems, 22(5):376-389, 2018.

Kasthurirangan Gopalakrishnan, Siddhartha K Khaitan, Alok Choudhary,
and Ankit Agrawal. Deep convolutional neural networks with transfer learn-
ing for computer vision-based data-driven pavement distress detection. Con-
struction and building materials, 157:322-330, 2017.



[20]

[21]

22]

[23]

[24]

[26]

Au Yang Her, Weng Kean Yew, Pang Jia Yew, and Melissa Chong Jia
Ying. Real-time pothole detection system on vehicle using improved yolovh
in malaysia. In IECON 2022—48th Annual Conference of the IEEE Industrial
Electronics Society, pages 1-5. IEEE, 2022.

Mohd Omar and Pradeep Kumar. Image features selection based on com-
puter vision techniques to detect potholes for intelligent transport system. In

2021 International Conference on Information Science and Communications

Technologies (ICISCT), pages 1-6. IEEE, 2021.

Sahel Bej, Swarnava Roy, Debjit Daw, Alok Paul, Shubhojit Saha, Satyabrata
Maity, and Nimisha Ghosh. Smartpave: An advanced iot-based system for
real-time pothole detection, tracking, and maintenance. In 2023 International

Conference in Advances in Power, Signal, and Information Technology (AP-
SIT), pages 532-537. IEEE, 2023.

Pranjal A Chitale, Kaustubh Y Kekre, Hrishikesh R Shenai, Ruhina Karani,
and Jay P Gala. Pothole detection and dimension estimation system using
deep learning (yolo) and image processing. In 2020 35th International Con-

ference on Image and Vision Computing New Zealand (IVCNZ), pages 1-6.
IEEE, 2020.

Hongpeng Tian and Miao Zhang. Enhancing road pothole detection algo-
rithm of yolovh. In 2023 8th International Conference on Image, Vision and
Computing (ICIVC), pages 200-205. IEEE, 2023.

Muhammad Haroon Asad, Saran Khaliq, Muhammad Haroon Yousaf,
Muhammad Obaid Ullah, Afaq Ahmad, et al. Pothole detection using deep
learning: A real-time and ai-on-the-edge perspective. Advances in Civil En-
gineering, 2022, 2022.

Anas Al Shaghouri, Rami Alkhatib, and Samir Berjaoui. Real-time pothole
detection using deep learning. arXiv preprint arXiv:2107.06356, 2021.



Road Condition Monitoring Using IOT & Analytics

ORIGINALITY REPORT

3. o T T

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

ar5iv.labs.arxiv.org

Internet Source

(K

www.mdpi.com
Internet Sourcep <1 %
. Nausheen Saeed, Mark Dougherty, Roger G.
3 . <l%
Nyberg, Pascal Rebreyend, Diala Jomaa. "A
Review of Intelligent Methods for Unpaved
Roads Condition Assessment", 2020 15th IEEE
Conference on Industrial Electronics and
Applications (ICIEA), 2020
Publication
link.springer.com
Internet g)urceg <1 %
Submitted to University of Nottingham
Student Paper y g <1 %
E Le Hoang Duong, Huynh Thanh Trung, Pham <1 o
0

Minh Tam, Gwangzeen Ko, Jung Ick Moon, Jun
Jo, Nguyen Quoc Viet Hung. "ODAR: A
Lightweight Object Detection Framework for
Autonomous Driving Robots", 2021 Digital



