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1 Introduction

1.1 Purpose of the Configuration Manual

This configuration manual offers a clear guide for setting up and running the road damage
detection system created for this research project. The system employs YOLOv8 for
object detection and a Vision Transformer (ViT) for classifying image patches based on
the RDD2022 dataset. This manual aims to ensure that all results can be reproduced by
outlining the necessary environment, software installations, dataset preparation, model
training process, and evaluation methods.

1.2 Scope of the Document
This manual includes:
e Installation of the required deep learning libraries

Configuration of the project environment

e Preprocessing of the RDD2022 dataset, including annotation conversion and clean-
ing

Training of YOLOvVS8 for bounding box detection

Cropping detections and training of ViT for classification

e Evaluation setup for both models
The document does not discuss theoretical background, model architecture details, or in-

depth research analysis. Those topics are addressed in other chapters of the dissertation.

1.3 Target Audience

This document is meant for:
e ML and Al researchers replicating the study
e Academic examiners assessing the project
e Practitioners implementing road inspection models

e Students learning about object detection workflows
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1.4 System Overview

The system evaluates two different deep learning approaches:

e YOLOVS, a modern anchor-free object detector that identifies road damage and
generates bounding boxes

e Vision Transformer (ViT), an attention-based classifier that sorts cropped damage
regions into one of five classes in the RDD2022 dataset

The RDD2022 dataset is the main dataset used. It includes 47,420 images from six
countries with annotations for:

e Alligator crack

e Longitudinal crack
e Transverse crack

e Pothole

e Other damage

Evaluation metrics consist of mAP@50, mAP@50-95, accuracy, recall, and confusion
matrices.

2 System prerequisites

Certain hardware and software requirements must be met for implementation to be suc-
cessful. These specifications guarantee effective training and reliable experiment replica-
tion.

2.1 Hardware Needs

The system was created on a non-GPU computer to mimic low-resource environments
found in the real world.

Hardware Employed in this Project: Device: 2024 13-inch Apple MacBook Air Pro-
cessor: Apple M3 CPU RAM (memory): 16 GB SSD with 256 GB of disk space



MacBook Air

13-inch, M3, 2024

Chip Apple M3

Memory 16 GB
Serial number H3D3W2TL5W

macOS Sequoia 15.1

More Info...

Figure 1: Basic Specification Requirements

This hardware configuration was sufficient for:
e YOLOv8 CPU-based training (50 epochs)
e ViT training on cropped images (5 epochs)

e Dataset preprocessing and augmentation

2.2 Software Requirements

The following software and libraries are required to run the complete pipeline:
Operating System

e macOS Sonoma / Sequoia (Apple Silicon optimised)
Programming Environment
e Python 3.12.7

Core Libraries
Tools

e Jupyter Notebook
e VSCode (optional)

e Kaggle account (optional, for dataset download)



Library Version Purpose

PyTorch 2.9.1 (CPU) | Deep learning backend
Ultralytics YOLO 8.3.228 YOLOVS training and inference
Transformers 4.x Vision Transformer model
NumPy 1.26.x Numerical processing

OpenCV 4.10.x Image loading & resizing
Matplotlib 3.7.x Visualisation

Seaborn 0.12.x Confusion matrices

Pandas 2.2.x Data handling

2.3 Network Requirements

An internet connection is required for:
e Downloading the RDD2022 dataset
e Pulling Ultralytics, PyTorch, or Transformers libraries
e Storing notebooks or results in cloud repositories (optional)

Once installed, all experiments can be run fully offline.

3 Installation Instructions

3.1 Prerequisites

Before installation, ensure the following: macOS 13+ installed, Python 3.12 installed,
pip updated to latest version, and Sufficient disk space ( 20 GB recommended for dataset
+ results)

3.2 Installation Steps

Step 1: Create a virtual environment

python3 -m venv rdd_env
source rdd_env/bin/activate

Step 2: Install torch for Apple Silicon (CPU support)

pip install torch torchvision torchaudio

Step 3: Install Ultralytics YOLOv8

pip install ultralytics==8.3.228

Step 4: Install remaining libraries

pip install opencv-python pandas matplotlib seaborn transformers numpy

Step 5: Verify installations



import torch

import ultralytics

import cv2

import transformers

print ("Environment ready!")

import
import
import
import

print("Environment ready!")

[101] v 0.0s

Environment ready!

Figure 2: Ready to use Environment

4 Dataset Setup and Preprocessing

4.1 Download RDD2022

The RDD2022 dataset was downloaded from the official Road Damage Dataset (RDD)
repository. Link: https://www.kaggle.com/datasets/aliabdelmenam /rdd-2022

[ Folder Structure

rdd2022/
——train/
| F——images/
| L——labels/
——val/
| F——images/
| L——labels/
——test/
| F——images/

| L——labels/

Figure 3: RDD2022 Dataset Folder Structure

4.2 Convert Annotations to YOLO Format

RDD2022 provides annotations in Pascal VOC XML format. YOLO requires annotations
in the format:



class x_center y_center width height

All values are normalised to the range [0, 1].
A custom Python script was used to:

e Parse XML files
e Fix incorrect annotations (duplicate bounding boxes, negative coordinates)

e Output cleaned YOLO .txt label files

CLASSES: ['alligator crack', 'longitudinal crack', 'other corruption', ‘pothole', 'transverse crack']
Total images in train/img: 33269

[train] annotated images: 16670, boxes: 39742

[vall annotated images: 4151, boxes: 9977

Final dirs:

- rdd2022-DatasetNinja/yolo_rdd/images/train => 16670 images
rdd2022-DatasetNinja/yolo_rdd/images/val => 4151 images

- rdd2022-DatasetNinja/yolo_rdd/labels/train => 16670 labels

- rdd2022-DatasetNinja/yolo_rdd/labels/val => 4151 labels

Bad label files: @

Saved YAML to: rdd2@22-DatasetNinja/rdd.yaml
names :
: alligator crack
: longitudinal crack
: other corruption
: pothole
: transverse crack
train: /Users/ahadshaikh/Desktop/codebase project/rdd2022-DatasetNinja/yolo rdd/images/train
val: /Users/ahadshaikh/Desktop/codebase project/rdd2022-DatasetNinja/yolo rdd/images/val

Figure 4: Annotation Conversion Script Output

4.3 Build Final YOLO Dataset Structure

The final dataset directory was organised as follows:

yolo_rdd/
images/train
images/val
labels/train
labels/val
rdd.yaml

v yolo_rdd
v images
> train
> val

v labels

> train

Figure 5: Built Final Dataset Structure



5 Model Training

5.1 YOLOvVS Training

Training configuration
e Epochs: 50
e Image size: 640

Batch size: 16

Device: CPU

e Optimiser: SGD

Run training:

Loss: Default YOLOvVS loss

from ultralytics import YOLO
model = YOLO("yolov8n.pt")

model.train(data="rdd.yaml", epochs=50,
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Figure 6: YOLOv8 Training Output Logs

5.2 VIiT Training

YOLO detections were used to generate cropped images with the following directory

structure:

crops/
alligator/
longitudinal/



transverse/
pothole/
other/

Training configuration:
e Epochs: 5

e Optimiser: Adam

e Patch size: 16

e Input size: 224x224

Epoch 1/5

Train loss: 0.9896, acc: 0.6137
Vval loss: 0.8226, acc: 0.6819
@ Saved new best model (val_acc=0.6819)

Epoch 2/5
Train loss: 0.7727, acc: 0.7027
Val loss: 0.7714, acc: 0.7056
@ Saved new best model (val_acc=0.7056)

Epoch 3/5

Train loss: 0.6677, acc: 0
val loss: 0.7645, acc:

Epoch 4/5

Train loss: 0.5899, acc: 0.7771

Val loss: 0.7600, acc: 0.7148

@ Saved new best model (val_acc=0.7148)
Epoch 5/5

Train loss: 0.4835, acc: 0.8156

val loss: 0.8626, acc: 0.6821
Best val acc: 0.714765906362545

Figure 7: VaiT Training Output Logs

6 Running the Models

After all steps are completed:
e YOLOvVS detects road damage and outputs bounding boxes.

e Cropped detections are classified using ViT.
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Figure 8: YOLOv8 Training Example



Pred: alligator crack (0.56)

Figure 9: ViT Training Example

7 Results Overview

YOLOv8 mAP@50 and mAP@50-95 Curves
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Figure 10: YOLOv8 mAP@50 amd mAP@50-96 Curves
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Figure 11: V3T Confusion Matrix
YOLOv8 Training and Validation Losses
—— Train Box Loss
351 ~—— Train Class Loss
—— Train DFL Loss
— Val Box Loss
—— Val Class Loss
3.01 —— Val DFL Loss
ERER
2.0
¥
1.5 A — e ——————
0 10 20 30 0 50
Epoch

Figure 12: Training Validation losses
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Overall Performance: YOLO vs ViT
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Figure 13: YOLOwv8 vs ViT Accuracy

YOLOv8 Validation Metrics per Epoch
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Figure 14: Validation Metrics Per Epoch
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