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Abstract

This thesis addresses the need for safer, faster, and more consistent inspection of

wooden utility poles in electrical distribution networks. Manual inspections are

costly, labour-intensive, and potentially hazardous, while automated inspection

from street-level imagery must cope with background clutter, occlusion, variable

lighting, small warning signs, and visually ambiguous wooden poles that may

resemble trees or other vertical structures. To address these challenges, this

thesis develops and evaluates a deep learning pipeline for automated utility pole

detection, warning-sign detection, pole segmentation, and image-plane lean-angle

estimation using Google Street View (GSV) imagery.

The thesis makes three main contributions. First, it curates the OHL-UK

dataset, comprising 4,570 annotated GSV images with bounding boxes, segmen-

tation masks, and lean-angle annotations for wooden utility poles and attached

electrical warning signs. Second, it benchmarks established object-detection mod-

els, including RetinaNet, You Only Look Once version 3 Tiny (YOLOv3-Tiny),

Faster Region-based Convolutional Neural Network (Faster R-CNN), and Detec-

tion Transformer (DETR). The DETR-based approach achieved mean average

precision (mAP ) values of 90.43% for pole detection and 88.26% for warning-sign

detection. Third, it extends the DETR-based framework with segmentation ca-

pability, enabling pole masks to be used for image-plane lean-angle estimation.

On the test set, lean angle was estimated for 1,367 out of 1,433 true-positive

poles, with a mean absolute error of 1.01◦.

Together, these contributions demonstrate a scalable framework for auto-

mated visual assessment of wooden utility poles and provide a reusable dataset

and benchmark for future research in electrical infrastructure monitoring.



Contents

List of Figures iv

List of Tables ix

List of Abbreviations xii

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.4 Organisation of the Thesis . . . . . . . . . . . . . . . . . . . . . . 6

2 Literature Review 8

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Current Approaches . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Assisted Visual Inspection of OHLs . . . . . . . . . . . . . . . . . 19

2.4 Computer Vision-based Navigation and Inspection Systems . . . . 22

2.4.1 Limitations in Computer Vision Inspection Methods . . . . 24

2.5 Deep Learning for the Automatic Visual Inspection of OHLs . . . 25

2.5.1 Key Components of Deep Learning and Convolutional Neu-

ral Networks . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.5.2 The Detection Transformer (DETR) Model . . . . . . . . . 33

i



Contents

2.5.3 Challenges of Deep Learning in the Visual Inspection of OHLs 41

2.5.4 Present Work in Utility Pole Detection Using Deep Learning 45

2.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3 Deep Learning for Identifying and Assessing Utility Poles and

Attached Warning Signs 54

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.2.1 Image Collection . . . . . . . . . . . . . . . . . . . . . . . 56

3.2.2 Dataset Annotation Procedure . . . . . . . . . . . . . . . . 57

3.2.3 Training-Validation Split . . . . . . . . . . . . . . . . . . . 58

3.2.4 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . 60

3.3 Hardware and Software . . . . . . . . . . . . . . . . . . . . . . . . 63

3.3.1 Computational-Cost Comparison . . . . . . . . . . . . . . 63

3.4 Benchmarking Deep Learning Models for Pole Detection . . . . . 65

3.4.1 Common Experimental Setup . . . . . . . . . . . . . . . . 66

3.4.2 RetinaNet . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.4.3 YOLO v3-Tiny . . . . . . . . . . . . . . . . . . . . . . . . 75

3.4.4 Faster R-CNN . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.5 DETR Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.5.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . 83

3.5.2 Utility Pole Detection . . . . . . . . . . . . . . . . . . . . 86

3.5.3 Warning Sign Detection . . . . . . . . . . . . . . . . . . . 93

3.5.4 Further Analysis . . . . . . . . . . . . . . . . . . . . . . . 96

3.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

4 Lean Angle Estimation of Utility Poles 118

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

4.2 Dataset Preparation . . . . . . . . . . . . . . . . . . . . . . . . . 120

ii



Contents

4.3 Segmentation Model . . . . . . . . . . . . . . . . . . . . . . . . . 123

4.3.1 Segmentation Model Fine-tuning . . . . . . . . . . . . . . 127

4.4 Utility Pole Lean Angle Estimation . . . . . . . . . . . . . . . . . 132

4.4.1 Testing and Results . . . . . . . . . . . . . . . . . . . . . . 136

4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

5 Conclusion 144

5.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

5.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

References 148

Appendices 163

A RetinaNet 163

A.1 Ablation Study Plots . . . . . . . . . . . . . . . . . . . . . . . . . 163

A.2 Cross-Validation Plots . . . . . . . . . . . . . . . . . . . . . . . . 166

B Yolo v3-Tiny 169

B.1 Ablation Study Plots . . . . . . . . . . . . . . . . . . . . . . . . . 170

B.2 Cross-Validation Plots . . . . . . . . . . . . . . . . . . . . . . . . 172

C Faster RCNN 175

C.1 Ablation Study Plots . . . . . . . . . . . . . . . . . . . . . . . . . 176

C.2 Cross-Validation Plots . . . . . . . . . . . . . . . . . . . . . . . . 178

D DETR 181

D.1 Cross-Validation Plots . . . . . . . . . . . . . . . . . . . . . . . . 181

E Code 184

E.1 GSV Image Retrieval - From Section 3.2 . . . . . . . . . . . . . . 184

iii



List of Figures

2.1 Map of ENA Electricity Distribution Network Operators with the

DNO key included alongside the map [23]. . . . . . . . . . . . . . 9

2.2 Visual Inspection overview. . . . . . . . . . . . . . . . . . . . . . 10

2.3 Conductor corrosion (left) and broken inner conductors (right) [37]. 14

2.4 (UK Power Networks) Woodpecker damage (left), Pole rot (right). 14

2.5 Visualisation of a 2D convolution operation. A 3 × 3 kernel is

applied to a local patch of the input matrix, and the resulting

activation is stored in the corresponding location of the output

feature map. Highlighted cells show the active receptive field and

the contributing kernel weights. . . . . . . . . . . . . . . . . . . . 27

2.6 Illustration of 2x2 Max Pooling and Average Pooling (stride 2)

applied to a 4x4 input matrix. . . . . . . . . . . . . . . . . . . . . 28

2.7 Augmentations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.8 Generalised Intersection Over Union (GIoU). . . . . . . . . . . . . 33

2.9 DETR Architecture [68]. . . . . . . . . . . . . . . . . . . . . . . . 34

2.10 Input Image Decomposed into Three Channels. . . . . . . . . . . 35

2.11 Feature Extraction Using ResNet-50 Backbone. . . . . . . . . . . 35

2.12 DETR Input Sequence Prepared for the Transformer. . . . . . . . 36

2.13 Multi-Head Self-Attention in DETR’s Encoder. . . . . . . . . . . 38

2.14 Decoder Architecture in DETR. . . . . . . . . . . . . . . . . . . . 39

iv



List of Figures

2.15 Graphical examples of deep-learning visual-inspection challenges

encountered in utility-pole imagery. . . . . . . . . . . . . . . . . . 42

3.1 Examples of a Wooden Utility Pole and a Danger of Death Sign. . 56

3.2 Transformations. . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.3 Same-HPC median GPU inference latency for the trained OHL-

UK models evaluated on the held-out test split where the trained-

model runtime supported the measurement. . . . . . . . . . . . . 65

3.4 Effect of reducing the training-data proportion on representative

YOLOv8 detection performance. . . . . . . . . . . . . . . . . . . . 70

3.5 Representative DETR utility-pole detection outcomes on the held-

out test split, including a correct detection, a low-IoU detection,

a false positive, and a false negative. Green boxes show ground

truth and red boxes show predictions. . . . . . . . . . . . . . . . . 89

3.6 F1 score as a function of IoU threshold for the utility-pole detectors

on the held-out test split. . . . . . . . . . . . . . . . . . . . . . . . 92

3.7 F1 score as a function of IoU threshold for DETR warning-sign

detection on the held-out test split. . . . . . . . . . . . . . . . . . 97

3.8 Representative DETR warning-sign detection outcomes. . . . . . . 98

3.9 Pole and Signs F1 Score. . . . . . . . . . . . . . . . . . . . . . . . 99

3.10 Poles: TP, FP and FN at Confidence 0.8 versus IoUs. . . . . . . . 100

3.11 True Positives against Pole Widths and Heights. . . . . . . . . . . 102

3.12 Distribution of Pole Sizes per IoU Value. . . . . . . . . . . . . . . 102

3.13 Examples of False Positive Categories. . . . . . . . . . . . . . . . 104

3.14 False Positive Poles Examples. . . . . . . . . . . . . . . . . . . . . 105

3.15 Signs: TP, FP and FN at Confidence 0.8 versus IoUs. . . . . . . . 106

3.16 True Positives against Sign Widths and Heights. . . . . . . . . . . 108

3.17 Distribution of Sign Sizes per IoU Value. . . . . . . . . . . . . . . 109

v



List of Figures

3.18 Examples of Sign False Positive Categories. . . . . . . . . . . . . . 111

3.19 Boxplot for False Negative Sign Sizes. . . . . . . . . . . . . . . . . 113

3.20 Signs ground-truth heat map with false negatives marked using

high-contrast red crosses. . . . . . . . . . . . . . . . . . . . . . . . 114

3.21 Pole size threshold on signs with false negatives marked using high-

contrast red crosses. . . . . . . . . . . . . . . . . . . . . . . . . . 115

4.1 Ground-Truth Lean Angle Estimation Process. . . . . . . . . . . . 121

4.2 Illustration of the Panoptic Head [68]. . . . . . . . . . . . . . . . . 124

4.3 Validation loss, mask AP, and mask recall across the segmentation

epoch sweep. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

4.4 Lean-angle error for the segmentation epoch sweep. Angle errors

are reported where predicted masks matched ground-truth pole

masks at IoU ≥ 0.50. . . . . . . . . . . . . . . . . . . . . . . . . . 129

4.5 Distribution of matched-instance mask IoU and Dice scores for the

trained YOLOv8 segmentation model on the OHL-UK test split. . 131

4.6 Effect of reducing the training-data proportion on YOLOv8 seg-

mentation performance. . . . . . . . . . . . . . . . . . . . . . . . 131

4.7 Effect of reducing the training-data proportion on YOLOv8 seg-

mentation lean-angle error. . . . . . . . . . . . . . . . . . . . . . . 132

4.8 Segmentation Image. . . . . . . . . . . . . . . . . . . . . . . . . . 133

4.9 Segmentation Image Superimposed. . . . . . . . . . . . . . . . . . 133

4.10 Segmentation Image Superimposed on Original Image. . . . . . . 133

4.11 Left Pole. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

4.12 Right Pole. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

4.13 Individual Poles After Otsu Thresholding. . . . . . . . . . . . . . 134

4.14 Image with Predictions. . . . . . . . . . . . . . . . . . . . . . . . 134

4.15 Small Pole No Mask. . . . . . . . . . . . . . . . . . . . . . . . . . 134

vi



List of Figures

4.16 Right Mask. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

4.17 Example of Predictions with Empty Mask. . . . . . . . . . . . . . 134

4.18 Angle Estimation Using Best Fit Line. . . . . . . . . . . . . . . . 135

4.19 Angle Estimation Using Segmentations. . . . . . . . . . . . . . . . 136

4.20 Distribution of DETR segmentation lean-angle errors on the thesis

test set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

4.21 Highest-error DETR segmentation lean-angle examples. Green in-

dicates the ground truth and red indicates the prediction. . . . . . 140

4.22 Comparison between the OHL-UK lean-angle distribution and the

angle-bin distribution reported by Alam et al. [17]. . . . . . . . . 142

A.1 Training and validation losses and mAP for 1 × 10−3 . . . . . . . 163

A.2 Training and validation losses and mAP for 1 × 10−4 . . . . . . . 164

A.3 Training and validation losses and mAP for 1 × 10−5 . . . . . . . 164

A.4 Training and validation losses and mAP for 1 × 10−6 . . . . . . . 165

A.5 Training and validation losses and mAP for 1 × 10−7 . . . . . . . 165

A.6 Training and validation losses and mAP for Fold 0 . . . . . . . . . 166

A.7 Training and validation losses and mAP for Fold 1 . . . . . . . . . 166

A.8 Training and validation losses and mAP for Fold 2 . . . . . . . . . 167

A.9 Training and validation losses and mAP for Fold 3 . . . . . . . . . 167

A.10 Training and validation losses and mAP for Fold 4 . . . . . . . . . 168

B.1 Training losses and mAP for 1 × 10−3 . . . . . . . . . . . . . . . . 170

B.2 Training losses and mAP for 1 × 10−4 . . . . . . . . . . . . . . . . 170

B.3 Training losses and mAP for 1 × 10−5 . . . . . . . . . . . . . . . . 171

B.4 Training losses and mAP for 1 × 10−6 . . . . . . . . . . . . . . . . 171

B.5 Training losses and mAP for 1 × 10−7 . . . . . . . . . . . . . . . . 172

B.6 Training and validation losses and mAP for Fold 0 . . . . . . . . . 172

B.7 Training and validation losses and mAP for Fold 1 . . . . . . . . . 173

vii



List of Figures

B.8 Training and validation losses and mAP for Fold 2 . . . . . . . . . 173

B.9 Training and validation losses and mAP for Fold 3 . . . . . . . . . 174

B.10 Training and validation losses and mAP for Fold 4 . . . . . . . . . 174

C.1 Training losses and mAP for 1 × 10−3 . . . . . . . . . . . . . . . . 176

C.2 Training losses and mAP for 1 × 10−4 . . . . . . . . . . . . . . . . 176

C.3 Training losses and mAP for 1 × 10−5 . . . . . . . . . . . . . . . . 177

C.4 Training losses and mAP for 1 × 10−6 . . . . . . . . . . . . . . . . 177

C.5 Training losses and mAP for 1 × 10−7 . . . . . . . . . . . . . . . . 178

C.6 Training loss and mAP for Faster RCNN Fold 0 . . . . . . . . . . 178

C.7 Training loss and mAP for Faster RCNN Fold 1 . . . . . . . . . . 179

C.8 Training loss and mAP for Faster RCNN Fold 2 . . . . . . . . . . 179

C.9 Training loss and mAP for Faster RCNN Fold 3 . . . . . . . . . . 180

C.10 Training loss and mAP for Faster RCNN Fold 4 . . . . . . . . . . 180

D.1 Training loss and mAP for DETR Fold 1 . . . . . . . . . . . . . . 181

D.2 Training loss and mAP for DETR Fold 2 . . . . . . . . . . . . . . 182

D.3 Training loss and mAP for DETR Fold 3 . . . . . . . . . . . . . . 182

D.4 Training loss and mAP for DETR Fold 4 . . . . . . . . . . . . . . 183

D.5 Training loss and mAP for DETR Fold 5 . . . . . . . . . . . . . . 183

viii



List of Tables

2.1 Factors that might influence inspector performance [3]. . . . . . . 17

2.2 Fraction of Successfully Located Video Streams [26]. . . . . . . . . 18

3.1 Dataset Split. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.2 Transformations. . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.3 Computational-cost evidence for trained OHL-UK models. . . . . 64

3.4 Summary of Common Hyperparameters Across All Models. . . . . 66

3.5 Representative YOLOv8 detection sensitivity to reduced training-

data proportions across five folds. Values are mean ± standard

deviation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.6 RetinaNet ablation results on the validation set: maximum mAP

observed at different learning rates. Values are percentages. . . . . 71

3.7 RetinaNet cross-validation results: maximum validation-fold mAP

per fold and corresponding epoch. Values are percentages. . . . . 71

3.8 RetinaNet performance metrics on the held-out test split at dif-

ferent IoU thresholds. Precision, recall, and F1 are reported as

fractions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.9 YOLO v3-Tiny ablation results on the validation set: maximum

mAP observed at different learning rates. Values are percentages. 75

3.10 YOLO v3-Tiny cross-validation results: maximum validation-fold

mAP per fold and corresponding epoch. Values are percentages. . 76

ix



List of Tables

3.11 YOLO v3-Tiny performance metrics on the held-out test split at

different IoU thresholds. Precision, recall, and F1 are reported as

fractions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

3.12 Faster R-CNN ablation results on the validation set: maximum

mAP observed at different learning rates. Values are percentages. 80

3.13 Faster R-CNN cross-validation results: maximum validation-fold

mAP per fold and corresponding epoch. Values are percentages. . 81

3.14 Faster R-CNN performance metrics on the held-out test split at

different IoU thresholds. Precision, recall, and F1 are reported as

fractions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.15 Summary of Ablation Study Results: Hyperparameter Tuning and

Model Performance Metrics. . . . . . . . . . . . . . . . . . . . . . 85

3.16 Evaluation Results. . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3.17 DETR utility-pole performance metrics on the held-out test split

at different IoU thresholds. Precision, recall, and F1 are reported

as fractions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

3.18 Warning Signs Evaluation Results. . . . . . . . . . . . . . . . . . 94

3.19 DETR warning-sign performance metrics on the held-out test split

at different IoU thresholds. Precision, recall, and F1 are reported

as fractions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

3.20 Utility-pole true-positive counts by IoU threshold. . . . . . . . . . 101

3.21 Pole IoU Correlation Coefficients. . . . . . . . . . . . . . . . . . . 101

3.22 Utility-pole false-positive counts by IoU threshold. . . . . . . . . . 103

3.23 False Positive Categories. . . . . . . . . . . . . . . . . . . . . . . . 104

3.24 False Positive Poles Breakdown. . . . . . . . . . . . . . . . . . . . 104

3.25 Warning-sign true-positive counts by IoU threshold. . . . . . . . . 107

3.26 Sign IoU Correlation Coefficients. . . . . . . . . . . . . . . . . . . 108

3.27 Warning-sign false-positive counts by IoU threshold. . . . . . . . . 110

x



List of Tables

3.28 Signs False Positive Categories. . . . . . . . . . . . . . . . . . . . 110

3.29 Warning-sign false-negative counts by IoU threshold. . . . . . . . 113

4.1 Standalone segmentation metrics. . . . . . . . . . . . . . . . . . . 128

4.2 Segmentation epoch-ablation results for validation loss, mask qual-

ity, and lean-angle error. . . . . . . . . . . . . . . . . . . . . . . . 128

4.3 Standalone instance-mask metrics for the trained YOLOv8 seg-

mentation model on the OHL-UK test split. . . . . . . . . . . . . 130

4.4 YOLOv8 segmentation sensitivity to reduced training-data pro-

portions across five folds. Values are mean ± standard deviation. 130

4.5 DETR segmentation lean-angle summary on the thesis test set. . 137

4.6 Pole Lean Angle Error. . . . . . . . . . . . . . . . . . . . . . . . . 138

4.7 Breakdown of Top Pole Angle Error Count. . . . . . . . . . . . . 138

4.8 Dataset accessibility and comparison basis for lean-angle evaluation.141

xi



List of Abbreviations

Abbreviation Meaning

AP Average Precision

API Application Programming Interface

AUC Area Under the Curve

BMVC British Machine Vision Conference

CC BY Creative Commons Attribution

CE Cross-Entropy

CIGRE International Council on Large Electric Systems

CNN Convolutional Neural Network

COCO Common Objects in Context

CPU Central Processing Unit

CR Condition Rating

CSV Comma-Separated Values

DETR Detection Transformer

DINO-DETR DETR with Improved deNoising anchOr boxes

DGPS Differential Global Positioning System

DNO Distribution Network Operator

DPN Deep Parsing Network

DRA Dynamic Range Adjustment

DSP Digital Signal Processing

xii



List of Abbreviations

ELEVA Electric power Line Exploration using Aerial Vehicle

ENA Energy Networks Association

ESQCR Electrical Safety, Quality and Continuity Regulations

FCN Fully Convolutional Network

FL Focal Loss

FN False Negative

FLOPs Floating-Point Operations

FOV Field of View

FP False Positive

FPN Feature Pyramid Network

GFLOPs Giga Floating-Point Operations

GIoU Generalised Intersection over Union

GIS Geographic Information System

GPS Global Positioning System

GPU Graphics Processing Unit

GSV Google Street View

GT Ground Truth

HI Health Index

HOG Histogram of Oriented Gradients

HPC High-Performance Computing

HV High Voltage

ID Identifier

IEEE Institute of Electrical and Electronics Engineers

IET Institution of Engineering and Technology

ILSVRC ImageNet Large Scale Visual Recognition Challenge

IoU Intersection over Union

JSON JavaScript Object Notation

kV kilovolt

xiii



List of Abbreviations

L1 Least Absolute Deviations norm

LOB Line of Bearing

LTI Lost Time Incident

MAE Mean Absolute Error

mAP mean Average Precision

MB Megabytes

MLP Multi-Layer Perceptron

MV Medium Voltage

OHL Overhead Line

ORB Oriented FAST and Rotated BRIEF

PASCAL VOC Pattern Analysis, Statistical Modelling and Computa-

tional Learning Visual Object Classes

PCNN Pulse Coupled Neural Network

PPE Personal Protective Equipment

PSO Particle Swarm Optimisation

R-CNN Region-based Convolutional Neural Network

R-FCN Region-based Fully Convolutional Network

RGB Red-Green-Blue

SDK Software Development Kit

SSH Secure Shell

SSD Single Shot Detector

SVM Support Vector Machine

TP True Positive

UAV Unmanned Aerial Vehicle

UK United Kingdom

UKPN UK Power Networks

UPC Utility Poles with Crossarms

URL Uniform Resource Locator

xiv



List of Abbreviations

VGG Visual Geometry Group

VIA VGG Image Annotator

YOLO You Only Look Once

xv



Chapter 1

Introduction

Utility poles are an essential part of the infrastructure used to support power dis-

tribution systems, telecommunications, and other critical public services. These

poles are subject to environmental stressors such as wind, rain, and material de-

cay, which can cause them to lean or deteriorate over time. The lifespan of wooden

utility poles in the UK depends on several factors, including the type of treat-

ment, environmental conditions, and maintenance practices. Creosoted poles, for

instance, are widely used and have an estimated lifespan ranging from 30 to 60

years [1]. Other poles, treated with preservatives since 2005, may have a shorter

expected lifespan of 15 to 20 years due to changes in preservation methods [2]. If

left unchecked, leaning or decaying utility poles pose serious hazards, potentially

leading to service interruptions, accidents, or catastrophic failures. Regular in-

spection and maintenance of utility poles are therefore crucial for ensuring the

stability and safety of the electrical grid [3].

Providing customers with a reliable supply of electricity is an expensive un-

dertaking for power companies. Inspection and maintenance activities cost, on

average, £53.5 million annually [4]. However, these costs are necessary to prolong

the lifespan of equipment and reduce the rate of faults, which can cost power com-

panies more than £130 million annually in repairs, fines, and compensation [5].
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In the UK, for instance, customers are eligible for compensation of £70 if ad-

verse weather causes a power outage lasting more than 24 hours, with additional

compensation awarded for every 12-hour period thereafter [5].

The importance of regular inspection was underscored by the impact of Storm

Arwen in November 2021. The storm left 59,101 homes in the UK without power

for more than 48 hours, and 3,032 homes were without power for a week or more,

with some waiting as long as 11 days to be reconnected [6]. This resulted in £24.5

million in compensation payouts. Most of the faults were caused by trees falling

on lines, snapped wooden poles, and lines severed by ice accumulation. This

event highlighted the critical role that inspection activities play in identifying

vulnerable equipment, such as excessively leaning poles, before they fail and cause

costly disruptions.

Traditional methods of inspecting utility poles involve manual labour, where

inspectors travel on foot to visually examine each pole for structural defects,

lean angles, and signs of decay. These inspections are time-consuming, labour-

intensive, and prone to human error. Inspectors often face hazardous conditions,

such as navigating uneven or slippery terrain, carrying heavy equipment, and

working in proximity to high-voltage lines, which pose significant risks to their

safety. On average, twelve members of the public are seriously injured or killed

each year due to contact with overhead lines, with haulage and construction

workers particularly at risk [7]. Furthermore, slips, trips, and falls account for 37%

of workplace injuries in the UK [8]. The repetitive nature of these inspections,

combined with the dangers involved, makes this task not only hazardous but also

inefficient.

Recent advances in computer vision and deep learning have presented oppor-

tunities to automate the detection and assessment of utility poles, potentially re-

ducing the time and cost of manual inspections. By leveraging data from sources

like Google Street View [9], automated systems can identify and assess utility
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poles more efficiently. However, current automated methods still face challenges,

particularly when it comes to estimating lean angles accurately in complex envi-

ronments. Factors such as road gradients and background clutter often introduce

errors into lean angle estimations, making current solutions unreliable in many

real-world scenarios [10, 11]. This research aims to address these limitations by

developing a novel deep learning based framework that can more accurately detect

utility poles and estimate their lean angles, even in challenging conditions.

1.1 Motivation

The accurate estimation of the lean angle of utility poles is essential for main-

taining the structural integrity and safety of electrical infrastructure. Lean angles

that deviate significantly from the vertical may indicate potential failures or weak-

nesses in the poles, leading to service interruptions, property damage, and safety

hazards [3]. Regular inspections are necessary to mitigate these risks, particu-

larly as the increasing demand for reliable electricity in both urban and rural

areas places greater strain on power distribution systems.

Despite advances in automated inspection methods, significant challenges re-

main. Existing deep learning techniques, such as YOLO v3-tiny [12] and Reti-

naNet [13], perform well in detecting utility poles but often fail to account for

complex environmental factors, such as background occlusions or varying con-

textual features. These factors can skew lean angle estimations, especially when

poles are located in areas with uneven terrain or when part of the pole is obscured

by trees or buildings [10,11]. Additionally, current methods do not integrate crit-

ical inspection data, such as the presence of warning signs, which are legally

required in many regions for safety reasons. The lack of integration of these im-

portant elements reduces the overall reliability and comprehensiveness of existing

automated systems.
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The motivation for this research is to develop a more accurate and efficient

system for pole detection and lean angle estimation that addresses the short-

comings of existing methods. By focusing on detecting both poles and attached

warning signs, this work seeks to fill the gaps left by current approaches and

improve the overall reliability of automated pole inspection systems.

1.2 Objectives

This thesis aims to:

• Develop a state-of-the-art deep learning model for the detection of utility

poles and their attached warning signs from publicly and readily accessible

images, such as those available through Google Street View. This model will

be benchmarked against existing utility pole detection methods, including

RetinaNet, YOLO v3-tiny, and Faster RCNN [10,11,14–17].

• Enhance the accuracy of lean angle estimation by leveraging precise seg-

mentation to address factors such as occlusions, background clutter, and

multiple pole components, overcoming limitations of models that rely on

coarse bounding box detection or multi-stage pipelines [10,11,14,15,17].

• Automate the process of detecting and estimating lean angles to improve

the efficiency, accuracy, and safety of electrical infrastructure maintenance

while reducing human error and associated costs.

1.3 Contributions

The novel contributions of this thesis include:

• Curation and public release of the OHL-UK dataset for utility

pole analysis. OHL-UK is a domain-specific corpus of 4,570 Google
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Street View images (640×640 pixels) containing 6,773 annotated wooden

utility poles and 1,805 electrical warning signs. Each instance is labelled

with COCO-format bounding boxes, polygonal segmentation masks, and

per-pole lean-angle annotations, and the data are organised into stratified

train/validation/test splits (Section 3.2, Table 3.1). The dataset, together

with the trained detection and segmentation models, is openly available

via the University of Strathclyde PURE research data repository under a

CC BY 4.0 licence [18], providing the first publicly shareable GSV corpus

of wooden poles without crossarms for this application domain. A peer-

reviewed conference paper based on this dataset and the associated DETR-

based detection and lean-angle estimation framework has been accepted for

publication at the 36th British Machine Vision Conference (BMVC 2025)

[19].

• Development of a deep learning-based methodology for the de-

tection and segmentation of utility poles and their warning signs.

Traditional methods of utility pole detection often suffer from inaccura-

cies due to environmental occlusion and the blending of poles with their

surroundings, such as trees and buildings [20]. In Chapter 3 of this the-

sis, a deep learning model using Detection Transformer (DETR) is intro-

duced, designed specifically for challenging image environments like Google

Street View. Unlike previous models, which primarily focus on poles with

crossarms, this work successfully detects straight wooden poles without

crossarms—a more challenging task due to their visual similarity to tree

trunks. Furthermore, the model identifies attached warning signs, which

are critical for ensuring safety compliance. By training on a robust dataset,

the DETR model outperforms existing approaches like YOLO v3-tiny and

RetinaNet, achieving a 13-point improvement in detection accuracy.
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• Development of a novel lean angle estimation model for utility

poles. The object detection model described in Chapter 3 is extended

in Chapter 4 to perform utility pole segmentation, enabling lean angle es-

timation. This approach improves upon existing methods by generating

higher-quality segmentation masks, which lead to more accurate measure-

ments.

Previous approaches, such as those by Zhu et al. [10] and Alam et al. [17],

relied on SegNet for segmentation and applied the Hough Transform to

estimate lean angles. Although promising, their models were evaluated on

small datasets and struggled in accuracy when tested on larger image sets.

Similarly, Kim et al. [11] used AlexNet with edge detection techniques, but

low-resolution images from Google Street View hindered the accuracy, with

75% of angle errors being less than 1 degree.

In contrast, the method presented in this thesis, described in Chapter 4, re-

fines pole segmentation using advanced deep learning techniques, providing

a solid baseline for lean angle estimation without relying on filtering tech-

niques that often introduce noise. This method addresses challenges such

as background occlusions, varying lighting and weather conditions, and dif-

ferences in pole materials and colours. By focusing on improved image

segmentation and processing, this approach overcomes limitations in exist-

ing methods and provides more reliable lean angle estimates for real-world

conditions.

1.4 Organisation of the Thesis

This thesis is organised as follows:

• Chapter 2 reports a comprehensive literature review of existing methods
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for utility pole detection and lean-angle estimation, including manual in-

spection techniques, early automated systems, and the role of deep learning

in modern approaches. The chapter also discusses the gaps in the literature

that this research then addresses.

• Chapter 3 presents the development and evaluation of a custom deep

learning model for utility pole detection, focusing on identifying poles in

challenging environments, such as those found in Google Street View. This

chapter also discusses the dataset collated for this purpose, which includes

labelled Google Street View images collected at specific geographic coordi-

nates provided by UK Power Networks. Each location was captured through

a 360-degree sweep to ensure a high likelihood of including the utility pole,

addressing issues of occlusion and out-of-frame objects.

• Chapter 4 describes the extension of the utility pole detection model for

precise segmentation, enabling improved lean angle estimation and fault de-

tection. This chapter focuses on enhancing segmentation quality and accu-

racy, addressing limitations of previous methods, and improving robustness

to environmental challenges such as occlusions and lighting conditions.

• Chapter 5 concludes the research with a discussion of the results, limita-

tions, and potential future directions for improving automated utility pole

inspections and maintenance.
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Literature Review

2.1 Introduction

Overhead lines (OHLs) transport electrical energy across a power system. In

Great Britain, OHLs operate at either 400kV or 275kV across the transmission

network and 132/33/11kV across the distribution network [21]. Modern society

is becoming increasingly dependent upon a stable and reliable source of electrical

energy, where power outages are a major concern for power network operators

and their customers and result in huge financial losses. In order to detect de-

fects in OHLs as early as possible and to plan for appropriate maintenance to

be carried out, power networks are inspected regularly. In the UK and Ireland,

the electricity distribution network is operated by fourteen licenced Distribution

Network Operators (DNOs), where each operator is responsible for distribution

services in a particular geographical area. The fourteen DNOs are owned by six

different groups [22], namely Electricity North West Limited, Northern Power-

grid, Scottish and Southern Energy, ScottishPower Energy Networks, UK Power

Networks and National Grid Electricity Distribution [22]. A map of the Dis-

tribution Network Operators and their operating regions, as represented by the

Energy Networks Association (ENA), is shown in Figure 2.1, with the DNO key
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included alongside the map. Each of the DNOs have a legal, moral and ethical

duty to maintain all of their equipment for the duration of its intended use. This

is to ensure that customers receive the best quality of service from their networks

and to ensure that equipment is operating in a safe manner. To uphold these

commitments, assets must be inspected regularly such that preventative mainte-

nance or asset replacement can be implemented where needed. All of the DNOs

implement visual inspection techniques of their network assets; in this context,

this research focuses on the visual inspection of wooden poles in OHLs.

Map key

No. Network operator

1 Scottish and Southern Elec-
tricity Networks

2 SP Energy Networks
3 Northern Ireland Electricity

Networks
4 Electricity North West
5 Northern Powergrid
6 SP Energy Networks
7 National Grid Electricity

Distribution
8 UK Power Networks
9 Scottish and Southern Elec-

tricity Networks
10 ESB Networks

Figure 2.1: Map of ENA Electricity Distribution Network Operators with the
DNO key included alongside the map [23].

The methods used in visual inspection of OHLs can be categorised into man-

ual and automated techniques, which are shown in Figure 2.2. Manual techniques

include foot / vehicle patrols and aerial surveying. Automated approaches use

robots to carry out the visual inspection and involve Unmanned Aerial Vehicles
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(UAVs) and / or climbing robots. This research considers the visual inspection

of OHLs, which can be a hazardous and problematic task for human inspectors.

Each year people are killed or seriously injured when coming into contact with

OHLs. Common causes of injuries or fatalities include equipment touching the

lines (e.g. scaffolding, ladders), vehicles coming into contact with the lines (e.g.

cranes, combine harvesters) and through human work activities (e.g. loading,

stacking) and people working near the lines e.g. when carrying out line inspec-

tions.

Visual Inspection

Manual

Foot-Patrol / Vehicle Aerial e.g. Helicopter

Automatic

UAV Climbing Robot

Figure 2.2: Visual Inspection overview.

As mentioned in the GS6 Guidance Note ‘Avoiding Dangers from Overhead

Lines’ [24], one of the biggest problems is that people do not tend to notice

the power lines, especially when fatigued or when bad weather makes the lines

difficult to see. The very nature of a foot patrol also has health and safety

implications for the inspector, where uneven or wet ground can account for slips,

trips and falls leading to Lost Time Incidents (LTIs). Also, the fact that inspectors

may be carrying heavy equipment can make them unstable and prone to back

injuries. As previously mentioned, human visual inspection of OHLs can also be

problematic in that some areas of the transmission and distribution networks can

spread over hundreds and thousands of kilometres and can be installed in locations

inapproachable to humans e.g. a dam on a river or a power grid in a thick forest;

this can lead to some parts of the power network being inspected less often than

others. Also, the visual inspections carried out by humans are subjective, for

example due to lighting conditions, mood and visual acuity. In an effort to reduce
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LTIs, improve visual inspection speed and save money for consumers, partially

automating the visual inspections of OHLs has been attempted using for example

UAVs [25] [26] and crawling robots [27]. In an effort to remove the human from

the visual inspection loop altogether, achieving a fully autonomous, cost effective,

high-performance, state-of-the-art visual inspection system is the ultimate goal.

2.2 Current Approaches

The visual inspection of OHLs are typically carried out by personnel on the

ground or in the air. In the former, this is done by foot patrols or within vehicles.

In the latter this is done from helicopters or aeroplanes. Whatever method of

inspection is chosen, safety is of the utmost importance. As such, several regula-

tions are in place to ensure the safety of persons, livestock and property [28] and

to provide a quality of service to the end user. These regulations are as follows:

1. The Electricity at Work Regulations 1989 [29];

2. The Electrical Safety, Quality and Continuity Regulations (ESQCR) [30];

3. BS 7671:2018 - Requirements for Electrical Installations. IET Wiring Reg-

ulations [28].

Visual inspection criteria must meet the requirements of the aforementioned

standards and regulations and may also include recommendations, guidelines and

best practices from well-known technical organisations such as the Institute of

Electrical and Electronic Engineers (IEEE) [31], engineering institutions such as

the Institution of Engineering and Technology (IET) [32] and other reputable or-

ganisations such as the Energy Networks Association (ENA) [33] and the French

organisation, the International Council on Large Electric Systems (Conseil Inter-

national des Grands Réseaux Électriques) (CIGRE) [34]. Part V of the ESQCR

sets mandatory requirements for OHLs in which there are five categories:

11



Chapter 2. Literature Review

1. General restriction on the use of overhead lines;

2. Minimum height of overhead lines, wires and cables;

3. Position, insulation and protection of overhead lines;

4. Precautions against access and warnings of dangers;

5. Fitting of insulators to stay wires.

However, the ESQCR gives no guidance on the frequency or method of in-

spection of OHLs. OHLs are regularly inspected in order to obtain the latest

information about its condition and its immediate surroundings, especially the

growth of trees and other vegetation. Inspections should identify any damaged

conductors, insulators, fittings and structures [35] and problems with vegetation

such as overgrowing, hiding of warning signs or encroachment onto the line. Other

things to consider are loose timber, landslides, washouts and anything that may

potentially cause damage to the line or support [35].

Foot patrols as a method of protection, usually involves one or two inspectors

who walk along a specified route performing a visual inspection from ground

level [36]. In urban or congested industrial areas, foot patrols are favoured over

aerial methods of inspection due to restrictions in height of flight [35]. Foot patrol

inspections can be highly accurate but only for line equipment that can be seen

well from the ground. The nature of the work and ground to cover means that

visual inspections can be slow, tedious, monotonous and subjective, so that even

larger defects can sometimes be overlooked [27].

Helicopter-assisted inspections are another common method of visual inspection.

The pilot flies the helicopter whilst a camera operator takes images of the con-

ductors, insulators, poles, stays and objects below the lines etc. Helicopters have

the advantage of gaining access to remote locations and can cover large areas

quickly and with ease, where an efficiency of up to 300 km per day can be easily

12



Chapter 2. Literature Review

covered [35]. The advantage of helicopter patrols is that the inspector can look

down on the lines instead of up towards the bright sky and the support fasten-

ings at the top of towers and wooden poles can easily be identified and inspected;

this would be more difficult to do with a foot patrol [35]. Although they have

a high operational cost [27], helicopters provide a cost-effective solution due to

the number of assets they can cover across the network in a much shorter time

than foot patrol methods [36]. Regardless of the inspection method used, safety

of the inspectors, public and livestock is of the utmost importance. Transmission

and Distribution network operators will have their own procedures and Personal

Protective Equipment (PPE) that should comply to the regulations mentioned

previously and be suitable for the job at hand. There is no standard or regula-

tion which specifies an inspection checklist for OHLs, however common defects

are found on conductors, fittings, insulators, supports and foundations [37]. A

description of the categories followed by some examples are presented below.

Conductors: The conductors transport electrical energy across the distribu-

tion network at high voltages, until they are stepped down to suitable voltage

levels for consumers. Observable conductor defects include: fallen or sagging

conductors, broken, twisted, or clashed (touching) conductors, corrosion, joint

defects, and weather damage (e.g. wind, lightning, etc.). Typical examples of

such defects are illustrated in Figure 2.3.

Wooden Pole: The wooden pole supports conductors that operate at distri-

bution level voltages i.e. 33kV, 11kV and below. Being a natural material, wood

is susceptible to a variety of defects, the more detectable ones include: wood-

pecker damage, rotting, broken / Damaged Pole. Examples of these defects are

shown in Figure 2.4.

Supports: The supports, for example the stay wires in wooden pole OHLs,

are responsible for keeping the pole upright and in a stable position. The supports

are typically made from steel and some of their observable defects are: reduction
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Figure 2.3: Conductor corrosion (left) and broken inner conductors (right) [37].

Figure 2.4: (UK Power Networks) Woodpecker damage (left), Pole rot (right).

in tension, corrosion, snapped / broken wires.

Insulators: The overhead line insulators electrically separate the conductors

from the tower / pole structure and support the weight of the conductors. In-

sulators are commonly made from porcelain but are also available in glass and

composite materials. The common observable defects found in insulators are:

porcelain, corrosion, erosion of the glass and pin, premature ageing or internal

manufacturing defects in composite materials.

Vegetation: Many OHLs are situated in and around plant life such as trees

and bushes. Vegetation can pose a problem for OHLs and customers as excessive

growth could hide warning signs such as ‘Danger of Death’, occlude the OHL al-

together and falling trees could damage the OHL and disrupt power to customers.
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Observable problems caused by vegetation include: pushing conductors together,

signs of burning / burnt vegetation, fallen trees on lines.

Security: In many cases where high voltage equipment operates close to

the public, security measures are taken to protect the public from harm and

to protect the asset from vandals. Examples of security measures are fences,

guards and lockable gates. Detecting a compromise in security may suggest that

the protected equipment has been tampered with. Observable compromises in

security include: broken security fences, open gates, damaged guards.

Clearance Distances: Clearance distances refer to the mandatory minimum

height of OHLs, wires and cables as set out in the ESQCR [30]. With respect to

clearance distances, defects can be observed by measuring the clearance distances

and comparing them against the minimum standard.

From a visual inspection point of view, inspectors are given an inspection

schedule containing a check sheet that is used to verify that the OHLs are in

visually good condition. As part of the visual inspection process, high resolution

photographs are taken of suspected damaged/ failed/ non-conforming parts to

provide evidence of the potential defect. The photographs are then examined by

a team of experienced engineers to assess the condition of the OHL [36]. Each in-

spected item is then given a Health Index (HI) and/or Condition Rating (CR) [38]

with CR levels 1 to 4 indicating a condition from ‘as new’ to ’extremely poor’.

Not only are visual inspections of OHLs time consuming but they are quite labo-

rious for the inspectors. Some studies [3] [39] have shown that the performance of

human visual inspection is influenced by several factors and can be broken down

into four main categories, namely subject factors, physical and environmental

factors, task factors and organisational factors. Table 2.1 has been reproduced

from [3] and highlights the factors that might influence a human inspector. From

the same paper [3], four factors from Table 2.1 were considered as being the most

significant in determining inspection accuracy as they have been validated in in-
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dustrial tasks; these factors were: Visual acuity, Lighting, Inspection time and

Feedback. It can be appreciated that due to the many factors that can influence

a visual inspector, the accuracy and performance between different inspectors in-

specting the same object can vary greatly and hence repeatability of results even

with the same inspector can differ.

To overcome the aforementioned disadvantages in manual visual inspection,

an automated process would be more accurate, less expensive and at least as fast

as helicopter-assisted inspections [27]. Early attempts to automate the visual

inspection of OHLs using helicopters [26] tried to address the issue of repeated

sightline adjustment of the camera operator, whilst also realising the many ad-

vantages of autonomous inspection as descried previously. One of the tasks which

can introduce a source of error into the visual inspection process is that of man-

ual sightline adjustment. A camera operator is responsible for visually locating

an asset and trying to focus the camera on it. Camera operators can become

disorientated as they try to stabilise the camera quickly. This behaviour could

result in the asset being lost from the operators field of view or getting confused

as to which asset was in focus where assets look similar. Manual adjustment of

the sightline is not practical and an automated approach could alleviate some of

the factors that might influence an inspectors performance and therefore reduce

operator stress whilst improving the inspection speed and accuracy. Three objec-

tives were defined in [26] to bring an automated solution for sightline adjustment

into realisation:

• Quickly localise the pole within the camera’s Field of View (FOV).

• Identify the location of the pole within the image, relative to the camera’s

FOV.

• Track the pole continuously as the helicopter moves.
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Table 2.1: Factors that might influence inspector performance [3].

Subject Factors Task Factors continued

Visual acuity Paced vs unpaced
Static Direction of movement
Dynamic Viewing area
Peripheral Shape of viewing area
Colour vision Density of items
Eye Movement Spatial distribution of items
Scanning strategies Fault probability
Age Fault mix
Experience Fault conspicuity
Personality Organisational Factors
Gender Number of inspectors
Intelligence Briefing/instructions
Physical and Environmental Factors Feedback
Lighting Feedforward
General Training
Surround luminance Selection
Lighting for colour Standards
Aids Time-on-task
Magnification Rest pauses
Overlays Shift
Viewing screen Sleep deprivation
Closed-circuit TV Social factors
Partitioning of display General
Automatic scanner Isolation of inspectors
Background noise Working in pairs
Music-while-you-work Effects on sampling schemes
Workplace design Motivation

Task Factors Incentives
Inspection time Product price information
Stationary Job rotation
Conveyor paced
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The initial position of the pole was located and brought into the cameras FOV

using a Differential Global Positioning System (DGPS) which measures the heli-

copters position using satellites. The camera operator selects the location of the

pole from the Geographic Information System (GIS). A transformation is then

applied to the pole location and used to extract the angles required to position

the camera directly at the pole. Once the camera has been focused onto the pole

location, image processing techniques are used identify the pole location within

the image. The coordinates of the pole within the image are then used in a closed

loop system to automatically fix the position of the camera onto the pole and fol-

low it smoothly, regardless of the helicopters movements. In order to identify the

pole within an image, an image processing technique known as feature extraction

was used to identify the main characteristics of the pole and to use these to locate

poles within the images. Examples of pole features are the vertically straight par-

allel lines of the pole and ’blob’ like shapes of insulators. These features are used

to identify a pole within an image and to disambiguate them from similar looking

objects such as trees and fences etc. The tracking algorithm was implemented

on a scaled laboratory test rig on three video sequences of varying quality, good,

moderate and poor. In each sequence the reported success rate in detecting the

horizontal position and top of the pole is given in Table 2.2.

Table 2.2: Fraction of Successfully Located Video Streams [26].

Video Sequence Horizontal Position Top of Pole

Good 95% 92%
Moderate 88% 65%

Poor 75% 66%

However, Jones et al. [26] demonstrated that pole recognition did not work

well when the background was cluttered. At the time of that study, the Digital

Signal Processing (DSP) unit used in the experimental system could only achieve

processing rates of 2–8 images per second, which was too slow for practical use.
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Jones et al. [26] therefore suggested that multiple DSP units could be used to

increase processing speeds to approximately 20–25 images per second.

In an effort to achieve better inspection results than traditional foot patrols

or helicopter-assisted inspections whilst also aiming towards developing an au-

tonomous visual inspection system, mobile robots was seen as one such option.

Mobile robots [27] can be categorised into two types, a flying robot that flies

above the power lines and a climbing robot that travels along the conductors

known as UAVs and Rolling on Wires Robots (RWRs) respectively [40].

2.3 Assisted Visual Inspection of OHLs

Using UAVs for the visual inspection of OHLs has some similarities with au-

tomated helicopter inspections. In particular, both methods suffer from the

technical problems of camera stabilisation, pole tracking and automatic defect

detection [27]. As described in [27] a project known as the Electric power Line

Exploration using Aerial Vehicle (ELEVA) [41] aimed to develop a UAV which

would fly alongside a powerline being guided by a stereo computer vision system.

Szeliski [42] describes stereo matching as the process of taking two or more im-

ages and estimating a 3D model of the scene by finding matching pixels in the

images and converting their 2D positions into 3D depths. ELEVA developed a

control system that controlled the UAVs position using inertial sensors and a 3D

computer vision system that used power transmission line images to calculate

the trajectory of a UAV. The computer vision system needed to detect the cable

and also determine the position of the cable relative to the helicopter. These

were done using the vector-gradient Hough transform and stereo vision respec-

tively. The Hough transform is a well-known edge detection technique which

can not only detect lines but also other arbitrary shapes such as circles or el-

lipses [43], [44]. In [20] a three-stage algorithm was developed to allow a UAV to
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be able to automatically detect and completely extract power lines from aerial

images that contain complex and varying natural surroundings. The focus of the

algorithm was to minimise the number of missed-detection of line segments. The

three stages of the algorithm were the isolation of power lines in various light

conditions, select a candidate set of edges from which power lines have to be

detected and the final stage worked to detect ‘stripes’ in an image matrix that

corresponded to power lines.

Adaptive thresholding was used to isolate the power lines from the back-

ground. The algorithm used a different threshold for every pixel in each frame

according to the pixel intensity in the neighbourhood. The algorithm used a blur

function to determine the neighbourhood intensity as well as a Gaussian kernel

to calculate the weighted mean function in a 3 x 3 neighbourhood to filter more

background whilst keeping the power lines. A morphological erosion operator was

used to retain the edges of a foreground region, especially straight-line segments.

Finally, robust heuristics were used on pixel intensities to detect stripes in the

image that corresponded to power lines. The algorithm was tested on real out-

door video footage of a 320-meter coverage of a power grid using a UAV. At least

a few lines were detected in each of the frames for which the initial length is a

minimum of 17 pixels, which is more than the minimum required length of 1.44

pixels for overhead detection in video monitoring [20]. There was also a reported

0% missed detection rate when it came to important line segments.

An alternative to using UAVs to perform visual inspections of OHLs is to

use climbing robots, which are able to climb along the conductor of an OHL

and overcome obstacles along its inspection route. Obstacle crossing, however,

is one of the main challenges in climbing-robot design. The main advantage of

the climbing robot is its close proximity to the line, which can support greater

inspection accuracy and higher-quality image acquisition when compared with

images obtained from foot-patrol, helicopter, and UAV inspection techniques.
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Goncalves et al. [45] presented a review of mobile inspection units and proposed

a hybrid system combining the advantages of a UAV and a climbing robot. The

climbing robot is completely modular in that its main component parts can be

disconnected and transported by the UAV. The UAV transport module is the

docking station for the UAV where it is transported across the line. Following

behind it are the modules of the climbing robot. Once an obstacle is identified,

the UAV carries each module of the robot across it and back onto the line to re-

sume its function. Modules of different types can be designed for inspection and

maintenance tasks. The authors argued that this concept could provide a com-

plete solution to inspection and maintenance and allow obstacles to be overcome.

However, the work was theoretical in nature, with the design and construction

of the proposed system left for future work. Due to their close proximity to the

power line, climbing robots are susceptible to electromagnetic interference and

potential damage to sensitive electronic components. Hence, adequate shielding

is required to protect the robot from strong electric and magnetic fields.

With regards to visual inspection, one of the most important areas of research

with climbing robots is the automatic detection of an obstacle on a conductor and

determining its position. The work in [27] summarises several projects which im-

plemented computer vision to automatically detect obstacles on the conductor

where [46] was able to determine the types of obstacles directly from images.

Once an object was believed to be detected, it was represented by simple shapes,

an ellipse for a suspension insulator string, two circles left and right of the con-

ductor for a strain insulator string. Once the object was detected, its position

was determined using stereo vision. The method was applied to a real power con-

ductor where a 7% error was achieved. In [47] stereo vision was used to extract

the position and distance between the robot claws and the line. The algorithm

used was able to process 480 x 320 images in near real-time which enabled the

extraction of the 3D positions of the conductors.
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2.4 Computer Vision-based Navigation and In-

spection Systems

Generally speaking, computer vision for power line detection / tracking has con-

sisted of six stages [48]. First is the enhancement of the input images to remove

noise. Second is the removal of backgrounds, third is the use of edge detectors

(such as the Canny edge detector) to produce edge maps. Fourth is the detection

of straight lines from the edge maps using for example, the Hough transform.

Fifth is the use of clustering algorithms for example K-means to eliminate spu-

rious lines and to detect power lines. The sixth and final step is to track the

detected power lines using visual tracking methods such as using Kalman filters

and fuzzy logic. In [49], a knowledge-based approach to automatically detect

power lines was proposed. A Pulse Coupled Neural Network (PCNN) filter was

used to remove unnecessary information from an image where a Hough transform

was then applied to detect straight lines in the filtered image. K-means clustering

was then used to differentiate between power lines and other mistakable objects.

Li et al. [49] concluded that an experiment on image data captured from a UAV

demonstrated that the proposed method was effective in automatic power line

detection. In [50] a strategy for detecting and tracking electric towers during

aerial inspections was presented. Machine learning was used to automatically

detect the tower whilst computer vision techniques were used to track the tower.

A two-class Multi-Layer Perceptron (MLP) was trained to detect and classify

the background of the towers based on Histogram of Oriented Gradients (HOG)

features. The network was then applied as a sliding window detector. Tower

tracking was implemented by using the Hierarchical Multi-Parametric and Multi-

Resolution Inverse Compositional algorithms. The performance of the power line

inspection system was tested under very difficult conditions that included vari-

ous types of towers and backgrounds including varying degrees of poor-quality
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images, some of which contained strong motion blur. Recalling that the system

consisted of a tower detection stage and a tower tracking stage, the performance

of these were investigated individually and then as a combination on High Volt-

age (HV) and Medium Voltage (MV) towers. When applied to HV towers, the

detection stage was able to detect the position of the towers in 83% of the total

frames. The combined detection + tracking stages detected towers in 87% of the

total frames. When the system was applied to MV towers, the detection stage

only managed to detect the position of the towers in 52% of the total frames.

However, when the detection and tracking stages were combined, the detection

rate rose to 88%, clearly showing that when used together, detection rates are

improved. Not all the frames that contained towers were detected by the de-

tection stage or the combined stage. Martinez et al. [50] explain that this was

due to the assumptions made about tower position and size when monitoring

the detection and tracking algorithms. That is, the towers in the frames were

smaller or in a different position than assumed and hence the algorithms deemed

the information to be irrelevant. Their reported results show that the majority

of false positives occurred in the MV sequences. The authors attribute this to

poor image quality and the simple structure of the towers, which led to HOG fea-

tures that were not sufficiently discriminative for these tower types. Martinez et

al. [50] concluded that the detection and tracking stages provided a robust strat-

egy for detecting, localising, and tracking towers in very challenging conditions.

Wang and Zhang [51] proposed an insulator recognition system that used Sup-

port Vector Machines (SVMs) trained on features extracted by Gabor filters to

suppress cluttered backgrounds and classify insulator types. Testing the insula-

tor recognition system on 96 different aerial images showed that with background

suppression, the classification failure rate dropped significantly. This is attributed

to the fact that on images without background suppression, the algorithm has

to search across the entire image, looking for insulators. However, in images
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with background suppression, most of the irrelevant information is removed and

the algorithm only needs to search around the areas of the position of the in-

sulator. Wang and Zhang [51] state that without background suppression, the

average computation time was 26.57 seconds, compared with 11.87 seconds with

background suppression, representing a reduction of 53.02%. The disadvantage

of this technique is the training process for the SVM in which the classification

results are sensitive to the choice of training samples. A significant part of the

project itself was finding a good balance between positive and negative training

samples (a common trend with most machine learning algorithms). Wang and

Zhang [51] highlighted the importance of collecting enough positive and negative

training images in various conditions, such as both good and damaged insulators

shown at different angles and lighting conditions. The approaches mentioned so

far with regards to the visual inspection of OHLs using computer vision have not

been well-suited for high-speed, fully autonomous vision-based systems, due to

their slow speed and inaccuracies.

2.4.1 Limitations in Computer Vision Inspection Meth-

ods

Many attempts have been made to develop a fully automated visual inspection

system for OHLs, however none so far have been able to identify a wide range

of faults. Much of the work done so far has been to address specific problems in

navigation and/or inspection with varying degrees of accuracy. Being problem

specific, many of the current projects on automated visual inspection of OHLs do

not generalise well due to, for example, a lack of training data and poor image

quality and is one of the main drawbacks that has prevented a fully autonomous

visual inspection system from being developed. The majority of the current

visual inspection projects rely on hand-crafted feature extractors being created
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to address a particular problem which can be laborious and time consuming

(such as defining and extracting the features of an insulator for example, its

shape, relative size etc). These issues can be addressed by using machine learning

techniques that can learn features, generalise well and provide a greater level

of accuracy. This branch of Machine Learning, known as Deep Learning, uses

representation learning that is a set of methods that allows a machine to take in

raw data and automatically determine the representations needed for detection

or classification [52].

2.5 Deep Learning for the Automatic Visual In-

spection of OHLs

One of the most effective and ground-breaking deep learning techniques is the

Convolutional Neural Network (CNN or ConvNet). ConvNets have the ability to

learn features rather than be fed hand-designed features, which can greatly reduce

the effort in designing solutions for every sub-task in an OHL inspection. CNNs

generalise well and have been used in many advanced visual recognition systems,

such as in medicine for classifying types of lung disease [53], traffic sign detection

[54], and hand gesture recognition [55]. The adaptability of deep learning models

to new input data makes them suitable for other related tasks. In the next section,

the role of deep learning, and particularly the use of CNNs in achieving a fully

autonomous visual inspection system for OHLs, will be addressed.

State-of-the-art deep learning techniques used for object recognition, such as

Faster R-CNN [56], RetinaNet [13], YOLO v3-Tiny [12], and image classification,

such as RESNET [57], can work together to detect, classify, and map OHL com-

ponents. The next step would be to use deep learning semantic segmentation to

extract the component of interest from the image and remove irrelevant back-

ground content. Finally, inspections can be performed on the segmented images
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using, for example, texture analysis and/or vision-based anomaly detection [48].

State of the art deep learning techniques used for object recognition such as Faster

R-CNN [56] and image classification such as RESNET [57] can work together to

detect, classify and map OHL components. The next step would be to use deep

learning semantic segmentation to extract the component of interest from the im-

age and removing the irrelevant background content. Finally, inspections can be

performed on the segmented images using for example, texture analysis and/or

vision based anomaly detection etc [48]. Zhao et al. [58] present a methodology

for inspecting power line insulators using deep learning convolutional networks.

Their approach used a CNN model with a pre-trained multi-patch feature ex-

tractor to represent insulator condition. These features were then used to train

an SVM, which classified each sample into one of six categories: normal, crack,

defect, dust, sky, and tower. Zhao et al. [58] concluded that the pre-trained model

achieved higher classification accuracy than hand-crafted feature-based models,

reporting an mAP of 98.71%.

2.5.1 Key Components of Deep Learning and Convolu-

tional Neural Networks

A CNN comprises several essential components, each playing a vital role in de-

tecting and classifying complex visual patterns. For automated visual inspection

of OHLs, the primary components include convolutional layers, pooling layers,

activation functions, and fully connected layers, all of which enable CNNs to

effectively learn and generalise from visual data.

Convolutional Layers

The convolutional layers are core feature extractors in a CNN. Each convolu-

tional layer applies a set of small filters (kernels) to the input image, sliding them

26



Chapter 2. Literature Review

across spatial dimensions to produce feature maps. These filters detect various

patterns, such as edges or textures in earlier layers and more complex shapes

in deeper layers. Key hyperparameters include the number of filters, filter size,

stride (determining the step size of the filter), and padding (e.g., zero-padding to

maintain spatial dimensions). Convolutional layers are fundamental in capturing

hierarchical feature representations needed for detecting OHL components under

different conditions.

An illustrative example of a convolution operation is shown in Figure 2.5,

where a filter is applied to a local receptive field of the input to produce an

activation in the output feature map.
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2 6 2 4 3 0 3 0
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Figure 2.5: Visualisation of a 2D convolution operation. A 3×3 kernel is applied
to a local patch of the input matrix, and the resulting activation is stored in the
corresponding location of the output feature map. Highlighted cells show the
active receptive field and the contributing kernel weights.

Pooling Layers

Pooling layers reduce the dimensionality of the feature maps, retaining essential

features while minimising computational complexity. Max pooling, which selects

the maximum value within a specified region, and average pooling, which com-

putes the average, are common types. Pooling helps reduce overfitting and adds
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some degree of translation invariance. A typical pooling configuration involves a

2 × 2 window with a stride of 2, as illustrated in Figure 2.6.

10 5 8 12

1 8 100 40

77 44 6 88

20 7 79 23

Input

10 100

77 88

Max Pooling

6 40

37 49

Avg Pooling

Figure 2.6: Illustration of 2x2 Max Pooling and Average Pooling (stride 2) applied
to a 4x4 input matrix.

Activation Functions

Activation functions introduce non-linearity, enabling the network to learn

complex, non-linear patterns. The Rectified Linear Unit (ReLU) is the most

widely used activation function in CNNs [59] due to its computational efficiency

and ability to mitigate the vanishing gradient problem. ReLU is defined as f(x) =

max(0, x), and its variant, Leaky ReLU, introduces a small negative slope for

values of x < 0 to keep inactive neurons responsive. These functions are crucial

for modelling intricate patterns necessary for robust OHL inspection under varied

conditions.

Fully Connected Layers

Fully connected layers are typically found at the end of the network and serve

as the classifier. After the convolutional and pooling layers have extracted spatial

features, the output is flattened into a vector and passed through dense layers.

The final fully connected layer typically applies a softmax activation function for

multi-class classification or a sigmoid function for binary classification, enabling

the network to categorise detected objects.
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Semantic Segmentation

In addition to these core layers, CNNs can incorporate other processes and meth-

ods to further enhance their utility. Semantic segmentation techniques, such

as Fully Convolutional Networks (FCNs) and U-Net [60] architectures, enable

CNNs to perform pixel-wise classification of images, effectively separating rele-

vant components (such as power lines and insulators) from the background. This

process enhances the accuracy of OHL component detection by isolating objects

of interest for further analysis and can help filter out visual noise.

Transfer Learning

Transfer learning allows the CNN to leverage knowledge from pre-trained mod-

els on related tasks to improve performance on new, but similar tasks, even when

labelled data is limited [61]. For OHL inspection, a CNN pre-trained on gen-

eral object detection datasets (e.g., ImageNet) can be fine-tuned with smaller,

domain-specific datasets to achieve high accuracy in detecting OHL components.

Domain adaptation, a subset of transfer learning, specifically adapts the model

to target domains with limited training data by aligning shared feature spaces

between related tasks.

Image Augmentation

Image augmentation techniques generate additional variations of existing data

to overcome limited dataset sizes. Common transformations include rotation,

flipping, contrast and brightness adjustments, which simulate diverse real-world

conditions and improve the model’s robustness by exposing it to a broader range

of input variations [62]. Examples of these augmentations are shown in Figure 2.7.
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Figure 2.7: Augmentations

Evaluation Metrics

To assess the performance of CNNs in object detection tasks, several evaluation

metrics are utilised, including precision, recall, average precision, and the F1

score [63]. These metrics are calculated over a range of Intersection over Union

(IoU) values from 0 to 1.

When presented with an image, the model makes three predictions for each

object it detects:

• Object Class: Identifies the type of object, such as a pole or sign.

• Bounding Box Coordinates: Specifies the coordinates of the bounding

box, describing a rectangular area in the image that contains the predicted

object.

• Confidence Score: Represents the model’s confidence in its prediction,

ranging from zero to one.
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Intersection over Union (IoU) The IoU measures the accuracy of the bound-

ing box predictions. Perfectly aligned bounding boxes have an IoU value of one,

whereas non-overlapping bounding boxes have an IoU value of zero. Each predic-

tion pairs with each ground-truth object, and the IoU calculates their alignment.

A correct prediction, known as a True Positive (TP), occurs when the IoU

value exceeds a threshold. Following popular benchmarks such as COCO [64],

PASCAL VOC [65], and ILSVRC [66], an IoU threshold of 0.5 is commonly used.

If multiple true positives exist for the same object, the one with the highest

IoU value remains, while the remaining predictions become False Positives (FP).

If more than one prediction has the same largest IoU value among a set of pre-

dictions, the one with the greatest confidence score is considered a TP, and the

others are FPs. A false positive also occurs when the model makes a prediction

that does not match any ground-truth object. When the model fails to detect a

ground-truth object, this object is a False Negative (FN).

Precision and Recall Precision and recall are two key performance metrics

that provide measures of the quality and quantity of predictions, respectively.

Precision is the ratio of true positives to the total number of predictions, while

recall is the ratio of true positives to the total number of ground-truth objects.

They are defined as:

Precision =
TP

TP + FP
Recall =

TP

TP + FN
(2.1)

Average Precision Practitioners often use a metric known as average preci-

sion (AP) to summarise the model’s precision across different recall levels. An

algorithm interpolates precision over 101 recall values from 0 to 1, then divides

the area under the resulting precision-recall curve by the number of recall values

to compute the AP [64]:
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AP =
1

N

∑
r∈{0, 1

N−1
,...,1}

Pinterp(r) (2.2)

where N is the number of recall values, r is the recall value, and Pinterp(r) is

the interpolated precision at recall r.

F1 Score The F1 score, also known as the harmonic mean, combines precision

and recall into a single metric. It gives more weight to low values, resulting in a

high score only when both precision and recall are high:

F1 = 2 × Precision × Recall

Precision + Recall
=

TP

TP + FN+FP
2

(2.3)

Generalised Intersection over Union (GIoU)

The Generalised Intersection over Union (GIoU) is an advanced metric

that improves upon the standard IoU by considering the distance between bound-

ing boxes, which is crucial for optimising non-overlapping predictions [67]. It is

defined as:

GIoU = IoU − Ac − U

Ac
(2.4)

where Ac is the area of the smallest convex shape enclosing both the predicted

and ground-truth bounding boxes, and U is the union area of the bounding boxes.
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Figure 2.8: Generalised Intersection Over Union (GIoU).

GIoU helps in situations where the predicted and ground-truth bounding

boxes do not overlap, providing a more informative loss function for training

object detection models.

2.5.2 The Detection Transformer (DETR) Model

The Detection Transformer (DETR) [68] is a novel model that treats object de-

tection as a direct set prediction task, removing the need for traditional region

proposals or anchor boxes. DETR’s design is especially well-suited for detecting

wooden utility poles and warning signs, effectively handling fine-grained disam-

biguation and complex scenes. Its key advantages include:

1. Attention mechanism.

DETR leverages the Transformer’s [69] self-attention to focus contextually

on parts of an image, effectively handling object relationships and variances.

2. CNN Synergy: By integrating CNNs for feature extraction and Trans-

formers for contextual understanding, DETR combines local and global

perspectives.
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3. Simplified Pipeline: By bypassing anchor boxes and region proposals,

DETR greatly streamlines the detection process.

4. Parallelisation: The Transformer enables parallel processing of the entire

image, enhancing both speed and holistic understanding of image content.

By unifying global self-attention with CNN feature extraction, DETR excels

at reasoning about objects in cluttered scenes. The model’s parallel nature also

speeds up training and inference. These advantages are particularly valuable

when distinguishing objects with subtle differences, such as poles vs. tree trunks.

DETR first uses a CNN backbone (e.g. ResNet-50) to extract feature maps from

an input image. These feature maps are passed into a Transformer encoder-

decoder, allowing the model to reason holistically about the image. Unlike earlier

methods, DETR predicts a fixed number of objects in a single pass, thereby

dispensing with anchor boxes and non-maximum suppression (see Figure 2.9).
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Figure 2.9: DETR Architecture [68].
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Feature Extraction An input image of size H×W with three colour channels

(red, green, blue) is passed through a CNN backbone (ResNet-50). The resulting

feature map

f ∈ RC×H×W

is then reduced from C to d channels by a 1 × 1 convolution, forming z0. Fig-

ure 2.10 shows how the input image is broken down into its RGB channels.

W

H

3

Figure 2.10: Input Image Decomposed into Three Channels.

These feature maps are extracted by a ResNet-50 backbone as illustrated in

Figure 2.11.

ResNet-50
Backbone

C

𝑊0

32

𝐻0
32

Input Image Feature Extraction Feature Map

Figure 2.11: Feature Extraction Using ResNet-50 Backbone.

Positional encodings are then added to z0 to retain spatial information, and
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the feature maps are reshaped into a sequence of size d×HW for the Transformer

encoder (Figure 2.12).
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Figure 2.12: DETR Input Sequence Prepared for the Transformer.

Transformer Encoder–Decoder Originally introduced by Vaswani et al. [69],

the Transformer architecture underpins DETR’s ability to capture long-range de-

pendencies. Its encoder and decoder collaborate to generate final object predic-

tions.

Transformers originated in natural language processing [69], but DETR ex-

emplifies their adaptability to computer vision. Key components include:

• Multi-Head Attention:

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)WO,

headi = Attention(QWQ
i , KWK

i , V W V
i ),

where Q,K, V are query, key, and value matrices extracted from the input,

and WQ,WK ,W V ,WO are learned projection parameters.

• Positional Encodings: Since the Transformer is inherently permutation-

invariant, DETR requires explicit position information. For each position

pos in the sequence and each hidden dimension index i,

PE(pos,2i) = sin
( pos

100002i/dmodel

)
, PE(pos,2i+1) = cos

( pos

100002i/dmodel

)
,

36



Chapter 2. Literature Review

where dmodel is the dimension of the Transformer embeddings. These sine

and cosine functions inject a notion of “spatial ordering” in the sequence,

helping the model attend to relative positions in the image. Sine and cosine

encodings are used instead of a single normalised position value because

they provide a bounded, multi-frequency representation of location. This

allows nearby and distant positions to be distinguished across several spatial

scales, while also allowing relative position relationships to be represented

through phase differences. A single normalised coordinate would encode

absolute order only and would provide less information to the self-attention

layers about relative spatial structure.

• Self-attention mechanism:

Attention(Q,K, V ) = softmax
(QK⊤
√
dk

)
V,

where dk is the dimension of the keys K. This defines how each token (or

feature location) attends to all others, allowing DETR to compute correla-

tions across the entire image.

The Transformer encoder uses several self-attention layers and position-wise

feed-forward networks to process the feature sequence z0. It captures dependen-

cies across the image, which is critical for distinguishing visually similar objects

such as poles and tree trunks. Figure 2.13 shows the multi-head self-attention

used in the encoder.
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Figure 2.13: Multi-Head Self-Attention in DETR’s Encoder.

The Transformer decoder receives a set of learned object queries, which inter-

act with encoder outputs via multi-head attention. Processed in parallel, these

queries yield predictions for class labels and bounding boxes (see Figure 2.14).
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Figure 2.14: Decoder Architecture in DETR.

End-to-End Object Detection with DETR DETR formulates detection as

set prediction. A fixed number of objects is predicted in one go, with bipartite

matching (via the Hungarian Algorithm [70]) assigning predictions to ground

truth. This obviates the need for anchor boxes and post-processing steps such as

non-maximum suppression.

To match predicted objects with ground truth objects optimally, DETR em-

ploys the Hungarian Algorithm, which minimises a global cost Lmatch. This cost

includes classification errors and bounding box errors (including the GIoU met-

ric [67]). The optimal matching σ̂ is found by:

σ̂ = arg min
σ∈SN

N∑
i=1

Lmatch

(
yi, ŷσ(i)

)
, (2.5)
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where:

• N is the number of objects,

• yi is the ground truth for the i-th object (including class label ci and bound-

ing box bi),

• ŷσ(i) is the predicted object matched to the i-th ground truth object via

permutation σ.

The matching cost Lmatch is defined as:

Lmatch

(
yi, ŷσ(i)

)
= −1{ci ̸=∅}p̂σ(i)(ci) + 1{ci ̸=∅}Lbox

(
bi, b̂σ(i)

)
, (2.6)

where:

• p̂σ(i)(ci) is the predicted probability of the correct class ci,

• Lbox is a bounding box regression loss function (detailed below),

• 1{ci ̸=∅} is an indicator function that is 1 if the object is not a “no object”

class, and 0 otherwise.

Loss Function DETR’s overall loss combines classification and bounding box

terms, including both L1 and GIoU components, weighted by hyperparameters

(e.g. λGIoU and λL1). For a predicted bounding box b̂i matched to a ground truth

box bσ(i), the bounding box loss is:

Lbox

(
bσ(i), b̂i

)
= λGIoU LGIoU

(
bσ(i), b̂i

)
+ λL1 ∥bσ(i) − b̂i∥1, (2.7)

where:

• bσ(i) is the ground truth bounding box for the i-th object,

• b̂i is the predicted bounding box,
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• LGIoU is the GIoU loss measuring overlap quality,

• ∥·∥1 is the L1 distance,

• λGIoU and λL1 control the relative weighting of each loss term.

Training Strategy

DETR uses a composite loss that combines classification, L1, and GIoU terms,

scaled by hyperparameters (e.g. λbbox = 5 and λGIoU = 2). An AdamW [71]

optimiser with different learning rates for the backbone and Transformer ensures

fine-grained control of model updates. Training loss is monitored per epoch to

guide hyperparameter tuning and mitigate overfitting.

DETR exemplifies the synergy between CNNs and Transformers for object

detection, operating end-to-end without hand-crafted proposals or anchor mech-

anisms. Through global self-attention, DETR excels in detecting objects in chal-

lenging settings, paving the way for further research on Transformer-based meth-

ods in computer vision.

2.5.3 Challenges of Deep Learning in the Visual Inspec-

tion of OHLs

The applications of deep learning in the power industry are fairly recent, and

as such, there are a number of challenges associated with the automatic visual

inspection and assessment of OHLs. One significant challenge is the limited avail-

ability of training data on which to train deep learning models. Furthermore, each

image in the dataset must be labelled so that the network can learn to distin-

guish correct detections from incorrect classifications; this labelling process is

time-consuming. One approach to addressing this limitation is to manually cre-

ate a dataset consisting of positive and negative examples of OHL components,
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as well as other visually similar objects and background features, such as vegeta-

tion, buildings, street furniture, and other vertical structures. These challenges

are illustrated in Figure 2.15, which shows examples of vegetation clutter, small

warning signs, pole-like objects, and partial occlusion in utility-pole imagery.

(a) A narrow wooden pole can blend with
vegetation and other vertical scene struc-
ture.

(b) Warning signs are small objects and
can occupy only a small part of an in-
spection image.

Street Light Road Sign

Chimney Flag (Other)

(c) Pole-like objects such as street lights,
road signs, chimneys, and masts can be
visually ambiguous.

(d) Occlusion, partial visibility, and com-
peting scene content can affect localisa-
tion and segmentation.

Figure 2.15: Graphical examples of deep-learning visual-inspection challenges
encountered in utility-pole imagery.

By including both positive and negative examples in the dataset, the model

can learn not only to recognise OHL components but also to distinguish them from
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other visually similar elements that might appear in inspection images. Positive

examples represent the components of interest, such as insulators, conductors,

and towers, while negative examples include objects that could be misidentified

as OHL components, such as tree branches or structural elements unrelated to the

power lines. This structure helps the model learn more robustly, making it bet-

ter equipped to identify genuine components and ignore irrelevant or distracting

elements.

Once the dataset with positive and negative examples is prepared, it is used

in the training phase of the model. The labelled images are fed through the

network, where each image is processed by the convolutional layers to extract

visual features. During training, the model gradually learns to associate specific

features with either positive or negative labels, effectively building a decision

boundary between OHL components and non-component objects. This enables

the model to classify new, unseen images with greater accuracy by recognising

which features are indicative of an OHL component and which are not.

The positive and negative dataset is particularly useful for developing a model

that can perform well in real-world scenarios where varied and cluttered back-

grounds are common. This approach, combined with additional techniques like

data augmentation, helps improve the model’s ability to generalise and reduces

the likelihood of misclassifications due to irrelevant background elements. In prac-

tice, this means the trained model will be more reliable in detecting and assessing

OHL components, even in complex environments, ultimately enhancing the au-

tomation of the visual inspection process. The problem with manually creating

a data set however is that it is very time consuming, expensive and tedious. This

is due to the fact that a lot of good quality images are needed of each component

and other objects of interest. Also, the images in each class must be of different

shapes, sizes, orientations, lighting conditions such that the deep learning model

can robustly identify the component with ease and generalise. In cases where
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finding examples of objects in different configurations proves difficult, image aug-

mentation software [72] [73] can be used to take in an image and output many

different configurations (flipping, cropping, inverting, rotating etc) of the same

image to greatly expand the dataset. Acquiring thousands of images per class

is a feat in itself. To tackle the problem of having only a small dataset, domain

adaption and transfer learning [74] could be one such approach. Domain adaption

is a method of transfer learning which uses labelled data in one or more source

domains, to learn a classifier for unseen or unlabelled data in a target domain.

Naturally, the two domains must be related so that class labels are meaningful

across both. It then becomes a standard machine learning problem whereby a

model is trained on the images from related tasks and is then fine-tuned for the

target task that has the very few training examples.

Another challenge is the detection of small OHL components and therefore the

detection of any faults associated with them. Many popular object detection ar-

chitectures such as Faster-RCNN [56], R-FCN [75], SSD [76] and YOLO [77] per-

form poorly on detecting very small objects [78]. Also, it has been observed [78]

that the input image resolution can significantly impact detection accuracy. In

fact, decreasing the resolution by a factor of two, consistently lowers accuracy

and inference time by an average of 15.88% and 27.4% respectively. Therefore

the problem of object detectors performing rather poorly at recognising small ob-

jects can be improved by using high resolution input images, which [78] confirms.

Once the small objects have been detected in the high-resolution image, they can

be cropped and used as inputs to fault detection models.

Another challenge is the detection of OHLs and their components in cluttered

backgrounds. Unfortunately, the images captured by UAVs or helicopters can

show the power conductors as very thin lines and components as very small ob-

jects which does not present many features to a deep learning model on which to

learn from. Another factor hindering the detection of OHLs and their components
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is the weather and lighting conditions. Snow for example can cover up a partic-

ular component and the light being too bright or too dull can make an object

completely unidentifiable. Tackling the problem of the powerline showing as a

thin line in images and therefore lacking rich features on which to train an object

detection model, several image processing techniques can be used to enhance the

image, using edge detection such as the Canny edge detector [79], DeepEdge [80]

and DeepCountour [81] and line detection such as using the Hough Transform [44]

and the Radon Transform [82]. Isolating the power lines and removing clustered

backgrounds can be achieved by using techniques such as DPN [83] and Mask R-

CNN [84]. Spurious lines can then be removed using techniques such as K-means

clustering [85] and fuzzy C-means clustering [86].

In some instances, during a visual inspection, a new type of component or

fault could appear which the deep learning network has not encountered before

and is therefore unable to correctly classify it.

2.5.4 Present Work in Utility Pole Detection Using Deep

Learning

Accurate detection and localisation of utility poles is essential for maintaining

and enhancing power distribution networks. Zhang et al. [14] developed an auto-

mated process to detect Utility Poles with Crossarms (UPC) using deep learning

techniques applied to Google Street View images. Their two-stage approach first

leveraged RetinaNet, a deep learning model commonly used in object detection,

which was trained on 2,500 images of UPCs and evaluated on 500 validation im-

ages. The model performed well, achieving an mAP score of 0.78 on a test set

of 500 images with an IoU threshold of 0.3. This lower-than-usual IoU threshold

was necessary due to the complexity of the detection task and the variability of

UPC visibility in the images. In the second stage, Zhang et al. employed a brute-
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force-based line-of-bearing (LOB) technique to estimate the location of the poles

by calculating azimuth angles from multiple images with different viewpoints.

Such angles were calculated with an image-centred approach, taking into account

the pixel offset from the image centre to estimate angles. This method allowed

the model to estimate pole locations with a 10-metre accuracy on average, across

a test set of 500 images. By automating both pole detection and localisation,

this approach demonstrated significant time-saving advantages over traditional,

labour-intensive surveys, while maintaining sufficient accuracy for practical ap-

plications in urban planning and utility management.

Expanding on this work, Zhang et al. [16] introduced a new approach that

aimed to improve the detection of smaller, critical components of utility poles,

particularly pole caps. These small components protect the poles from environ-

mental damage, and their detection is essential for assessing the poles’ overall

condition. The authors developed a three-stage process. First, a Faster R-CNN

model was used to detect utility poles in images. Then, a two-stage zoom-in

detection method focused on detecting the pole cap, which involved cropping the

top part of the pole image, where the cap is typically located. The challenge

of class imbalance—since there are far more examples of poles with intact caps

than missing caps—was addressed through negative sample resampling and re-

weighting [87] [88]. This ensured that the model could better handle the rare

instances of missing caps. Their model achieved an mAP score of 0.796, demon-

strating high accuracy in detecting small objects like pole caps, despite the in-

herent difficulty of the task. Furthermore, the authors incorporated oversampling

and transfer learning to enhance the model’s performance, allowing it to gener-

alise better with limited data. This work highlighted the importance of using

advanced techniques such as zoom-in detection and class re-weighting to improve

detection accuracy for small objects in utility pole inspections, showcasing the

potential of deep learning to address complex, real-world inspection tasks.
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Meanwhile, Park et al. [15] took utility pole inspection a step further by

mounting a pole detection model on a vehicle equipped with multiple cameras.

Their system used two stereo cameras in the front and six lateral cameras mounted

on the sides of the vehicle, which enabled the capture of high-resolution images

of poles, transformers, switches, and insulators as the vehicle moved through

urban and rural areas. Their YOLO v3-tiny object detection model was trained

on 1,384 images and validated on 73 images to detect utility poles and related

equipment. Additionally, stereo cameras enabled the 3D localisation of poles by

using ORB descriptors to match keypoints between the detected bounding boxes

of objects. By triangulating these keypoints and integrating GPS data, the system

could accurately geolocate utility poles in real-world coordinates. This method

offered an innovative way to automate the visual inspection of power distribution

infrastructure, reducing the time and labour required for manual inspections.

The authors also implemented a dynamic adjustment of the tilt angle of lateral

cameras to ensure that images captured were optimally aligned with the poles.

The proposed system achieved high accuracy in detecting poles and associated

equipment, with an mAP of 75.75% for utility poles, which further supports its

practicality in automating routine inspections of power distribution networks.

Zhu et al. [10] explored the use of UAVs for automatically measuring the in-

clination angle of utility poles, which is crucial for assessing pole stability. Tradi-

tionally, measuring the inclination angle required manual effort, which was time-

consuming and hazardous for workers. Zhu et al. employed UAVs to capture

high-resolution images of poles and then applied a segmentation model (Seg-

Net) [89] to extract the poles from the background. The extracted poles were

processed using the Hough Transform, which fitted a line through the pole’s sil-

houette, allowing for the calculation of its inclination angle. The authors trained

their segmentation model on the CamVid dataset [90], adapted to segment utility

poles, and applied it to their own dataset of 64 images. The system performed
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well, with 80.95% of the angle errors being less than one degree when compared

to ground truth measurements. This precise calculation of lean angles is critical

for identifying poles that are at risk of failure, as there is not a universally defined

maximum permissible lean angle for utility poles. The acceptable degree of lean

depends on various factors, including the pole’s design, the load it supports, and

environmental conditions. Even a slight lean can indicate underlying issues such

as soil erosion or structural weakness, which may compromise the pole’s integrity.

However, the limited size of the dataset used in this study suggests the need for

further testing on larger datasets to validate the model’s robustness. Despite this

limitation, the work demonstrated the effectiveness of UAVs combined with deep

learning techniques in automating the assessment of pole conditions, particularly

in hazardous environments where manual inspection would be risky.

In another significant development, Alam et al. [17] proposed a method to

predict the future resilience of utility poles using a combination of UAV-based

imagery, computer vision, and machine learning. Their approach involved cap-

turing images of utility poles with UAVs and analysing the inclination angle of

the poles to assess their stability. To predict potential pole failure, Alam et al.

applied bending moment theory, which calculates the forces exerted on poles by

wind and gravity. The bending moment, along with the inclination angle, was

then used as input to an Support Vector Machine classifier, which categorised

poles into three resilience levels: resilient, moderately resilient, and non-resilient.

This classification system was tested on 173 poles in Beaumont, Texas, where the

method achieved a classification accuracy of 98.27%, proving highly effective in

identifying poles at risk of failure. The proposed system provides utility compa-

nies with a powerful tool for preventive maintenance, reducing the likelihood of

power outages caused by pole failure during extreme weather conditions. How-

ever, the authors noted that factors such as soil conditions and pole material

ageing were not considered in this study, suggesting areas for future research to

48



Chapter 2. Literature Review

further enhance the system’s predictive capabilities.

Kim et al. [11] addressed the vulnerability of wooden utility poles to ex-

treme weather events by developing a large-scale, visual-data-driven method to

assess pole conditions. Using Google Street View images, the authors proposed

a method for calculating the lean angle of utility poles and integrating this in-

formation into a 3D virtual city model. The model was used to simulate the

structural stability of poles under varying wind conditions, providing a risk as-

sessment framework for power distribution infrastructure. Kim et al. tested their

method on a dataset of utility poles in Houston and Bryan, Texas, and found

that the lean angle of poles was a key indicator of their vulnerability. They used

computer vision techniques such as edge detection and the Hough Transform to

analyse the pole images and calculate their leaning angles. The study demon-

strated that poles with significant leaning were at higher risk of failure during

high wind events, and the model could be used to prioritise poles for maintenance

before extreme weather struck. Although some poles were difficult to assess due to

occlusions in the images, the study showed strong potential for using visual data

in predictive maintenance and disaster planning for power distribution systems.

Stefenon et al. [91] explored the application of deep learning models, particu-

larly the Inception v3 [92] architecture, to improve the detection and classification

of defects in rural electrical distribution networks. Their focus was on identifying

faults such as missing insulator components or contamination, which can lead

to malfunctions in the distribution system. The authors developed a dataset of

240 photographs taken during field inspections and used it to train their model,

which was evaluated using several performance metrics. The Inception v3 model

achieved an accuracy of 91.67%, outperforming traditional models like VGG-16

and ResNet50 in both precision and recall. Additionally, the authors implemented

image pre-processing techniques such as edge detection to reduce the impact of

background noise on classification accuracy. By comparing their method with
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other segmentation techniques, the authors found that Sobel and Canny edge

detection produced the best results. This study highlighted the potential of deep

learning to revolutionise the inspection process for rural power distribution net-

works, offering more efficient and accurate detection of structural defects and

thereby facilitating preventive maintenance efforts.

Chen et al. [93] focused on improving the recognition and localisation of util-

ity poles in aerial images, which is a significant challenge in China’s efforts to

construct a smart grid. They proposed an image enhancement algorithm based

on CNNs to tackle the issues of backlight and chaotic pole distribution in Google

Earth images. The algorithm, DRA-Retinex, decomposed backlit images into re-

flectance and light maps, preserving critical details while enhancing image quality.

The authors further applied particle swarm optimisation (PSO) to optimise CNN

parameters, improving the model’s accuracy and performance. Their method was

tested against other recent algorithms and outperformed them in both subjective

and objective evaluations, achieving high classification accuracy on datasets such

as CIFAR10 and CIFAR100. This research demonstrated the potential of combin-

ing image enhancement with deep learning to improve the localisation of utility

poles in complex environments, contributing to more efficient planning and de-

ployment of power infrastructure in China’s smart grid projects.

Dong et al. [94] tackled the problem of achieving accurate long-term locali-

sation of mobile autonomous systems in urban environments, where utility poles

serve as key landmarks for navigation. Their approach used range images gener-

ated from LiDAR scans to extract poles from the environment. They proposed a

geometry-based pole extractor that leveraged the spherical projection of LiDAR

point clouds to detect poles based on their geometric properties. The detected

poles were then used as pseudo labels to train a deep learning network for online

pole segmentation. Dong et al. demonstrated that their method outperformed

baseline techniques in terms of both accuracy and runtime, achieving more reliable
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pole extraction and better localisation performance. The results were validated

using publicly available datasets, and the authors released their implementation

to encourage further research in this area. By developing a lightweight, efficient

method for pole extraction, this work represents a significant advancement in the

field of autonomous navigation and urban infrastructure management.

Lastly, Manninen et al. [95] introduced a multi-stage deep learning network for

the automated assessment of transmission towers using fly-by images. The pro-

posed method used high-resolution aerial images to detect defects in transmission

infrastructure, including insulators and concrete poles. The multi-stage approach

included recursive region of interest extraction and ensemble modelling, which al-

lowed the system to process large images efficiently without downsampling. Three

state-of-the-art object detection networks—YOLOv5, EfficientDet, and Center-

Net—were used in the detection pipeline. The authors evaluated the system’s

performance across three levels: tower detection, component disaggregation, and

defect detection. The results showed that the ensemble method improved both

precision and recall for detecting defects, with the system achieving more than

80% precision and 90% recall. Despite some challenges in detecting minor defects,

the method demonstrated substantial potential for automating the inspection of

transmission lines, offering a cost-effective alternative to traditional methods and

enabling more frequent and detailed inspections of power distribution infrastruc-

ture.

2.6 Summary

This literature review has examined the various methods employed for the identi-

fication and assessment of utility poles, ranging from manual inspections to early

automated systems and modern deep learning approaches. While traditional

inspection techniques such as foot patrols and helicopter surveys have been ef-
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fective to some degree, they are labour-intensive, time-consuming, and prone to

human error. Automated systems, including those leveraging UAVs, have demon-

strated potential in improving efficiency, but they are often limited by high costs,

difficult-to-access areas, and technical challenges, such as stabilising cameras and

navigating obstacles.

The review has also explored the application of deep learning models for utility

pole detection and lean angle estimation. Convolutional Neural Networks, such as

YOLO and RetinaNet, have become the cornerstone of modern object detection,

showing improvements in accuracy and speed. However, these methods still face

limitations when dealing with environmental factors like background occlusion,

and the low-resolution images typical of real-world datasets. Current models

also tend to overlook critical safety features, such as attached warning signs,

which are legally required for compliance but are rarely integrated into detection

systems. Additionally, existing methods often rely on edge detection and filtering

techniques that introduce noise, reducing their accuracy in complex environments.

A key shortcoming identified in the literature is the lack of comprehensive

models that integrate environmental factors into lean angle estimations. Lean

angles are crucial for assessing the structural integrity of utility poles, but current

techniques often produce inaccurate estimates due to their failure to account for

terrain-related variations. Additionally, models trained on small, static datasets

have been shown to struggle when scaled up to more diverse and real-world data,

highlighting the need for more robust training sets and methods.

This thesis seeks to address these gaps by introducing a deep learning-based

framework for utility pole detection and lean angle estimation. By incorporating

advanced segmentation techniques, this research aims to enhance the accuracy

and reliability of pole lean angle estimations in real-world conditions. Further-

more, by focusing on the detection of both poles and their attached warning signs,

the proposed system offers a more comprehensive and legally compliant approach
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to utility pole inspections. The novel contributions of this work promise to im-

prove the efficiency, accuracy, and safety of electrical infrastructure maintenance,

overcoming the limitations identified in the existing literature.
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Deep Learning for Identifying

and Assessing Utility Poles and

Attached Warning Signs

3.1 Introduction

The accurate identification and assessment of utility poles, particularly those

with attached warning signs, are critical for maintaining the safety and integrity

of power distribution networks. Utility poles that exhibit structural weaknesses or

carry compromised warning signs can pose significant risks, potentially leading to

power outages or safety hazards. Traditionally, these assessments have relied on

manual inspections, a process that is both time-consuming and prone to human

error. The emergence of deep learning technologies provides an opportunity to

automate this process, enhancing both efficiency and accuracy.

Before introducing a novel deep learning approach, this chapter presents a

thorough benchmarking of existing utility pole detection models, specifically Reti-

naNet [13], Faster R-CNN [56], and YOLO v3-Tiny [12]. These models, which
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have been documented extensively in prior research [14–16], were rigorously repli-

cated for this study, with careful adherence to the original configurations and hy-

perparameters detailed by their respective authors. The benchmarking involved

training, validating, and testing these models on the dataset used in this research

to enable a fair comparison with the novel DETR model. This systematic evalua-

tion provides critical insights into the relative performance of established models

and sets the stage for understanding the advantages of the DETR model proposed

in this research.

Following this benchmarking, the chapter introduces the Detection Trans-

former (DETR), a cutting-edge deep learning architecture that integrates CNNs

with Transformer models. The DETR model is applied to detect utility poles and

evaluate the condition of attached warning signs across a large dataset provided

by UK Power Networks (UKPN). This dataset, consisting of over 670,000 geo-

graphic coordinates, was meticulously processed to extract images from Google

Street View, resulting in a curated dataset of 4,570 annotated images for training

and evaluation.

The DETR model was benchmarked against the previously mentioned object

detection models, with the objective of achieving superior accuracy and com-

putational efficiency. The findings revealed that the DETR model significantly

outperformed its counterparts, achieving an mAP of 89.35%, even when working

with the lower-quality images typically provided by Google Street View. This

performance highlights DETR’s robustness in handling complex visual environ-

ments, making it a powerful tool for automating utility pole inspections. In

particular, this chapter presents the curated UKPN–Google Street View dataset

in Section 3.2, which underpins all subsequent benchmarking and experiments.
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3.2 Dataset

3.2.1 Image Collection

Before training the machine learning model, two key steps were undertaken: data

collection and preparation. The dataset, provided by UKPN, comprised a CSV

file containing over 670,000 geographic coordinates of utility poles. A Python

script was purposely developed to query Google Street View [96] for each coor-

dinate and download four images—each at a 90-degree heading (0, 90, 180, and

270)—with a resolution of 640×640 pixels. Capturing images at these four orien-

tations maximised the chance that each pole would appear in at least one view,

even if it was obscured or out of frame in the others.

An example of a wooden utility pole used in this study is shown in Figure 3.1a,

while a sample of the “Danger of Death” safety sign associated with these poles

is shown in Figure 3.1b.

(a) Wooden Utility Pole. (b) Danger of Death Sign.

Figure 3.1: Examples of a Wooden Utility Pole and a Danger of Death Sign.

The Python code used to automate this image collection process is provided

in Appendix E.1. It reads each set of coordinates from the CSV file and uses the

Google Street View Static API to download and save four images per location,
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named according to their latitude, longitude, and heading.

3.2.2 Dataset Annotation Procedure

The initial list of over 670,000 geographic coordinates did not yield a usable

training image for every candidate location or heading. Each coordinate could

produce up to four Google Street View images, but many candidate views either

did not contain a visible wooden utility pole, contained a pole that was too

occluded for reliable annotation, or did not contain an attached warning sign. The

final dataset of 4,570 annotated images is therefore a manually curated subset of

the candidate imagery rather than an exhaustive annotation of every coordinate

and heading.

Label annotation is pivotal for the deep learning model’s performance in iden-

tifying and assessing the utility poles. Annotations were made using VGG Image

Annotator (VIA) version 2.0.8 [97]. For the detection experiments, axis-aligned

bounding boxes were drawn around each visible wooden utility pole and warning

sign. Figure 3.1 provides examples of the two target object classes used during

annotation.

Each bounding box is defined by four values and stored in a JavaScript Object

Notation (JSON) file. The structure of the JSON file includes the image ID, the

object ID, the category ID (e.g., 0 for utility poles and 1 for warning signs), and

the bounding box coordinates. In the COCO annotation convention used here,

bbox is the short name for bounding box. The bounding box coordinates are

represented as:

{

"image_id": 917,

"id": 1484,

"category_id": 0,
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"bbox": [475.0, 0.0, 14.0, 90.0],

"iscrowd": 0,

}

In this format, the bbox array contains four values: [x, y, width, height],

where:

• x: The x-coordinate of the top-left corner of the bounding box.

• y: The y-coordinate of the top-left corner of the bounding box.

• width: The width of the bounding box.

• height: The height of the bounding box.

The bounding boxes are axis-aligned. Therefore, when an object is visibly

tilted or when an image is rotated during augmentation, the recorded bounding

box is the smallest upright rectangle that encloses the object rather than a rotated

rectangle. This convention is compatible with the COCO-style object-detection

pipeline, but it can cause neighbouring or rotated objects to have substantially

overlapping bounding boxes. Such cases were retained as separate object in-

stances in the annotation file, with each instance identified by its own object

ID and category. During evaluation, predictions are matched to ground-truth

instances using the IoU-based matching procedure described in Section 2.5.1;

however, heavily overlapping boxes remain a known source of ambiguity and are

considered when interpreting localisation errors.

3.2.3 Training-Validation Split

For model training and evaluation, the dataset was partitioned into training,

validation, and test subsets using image-level splitting, adhering to an 80:20 split

ratio as suggested by [98]. Specifically, 20% of the images were allocated for
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testing, while the remaining 80% of the images were further divided into training

and validation sets using the same 80:20 ratio. All object annotations belonging

to a given image were kept in the same split. This image-level partition avoids

leakage between objects from the same image, although images captured from

nearby coordinates or different headings may still share similar environmental

context. To enhance the robustness of these sets, stratified cross-validation was

employed [99].

Cross-validation is a widely used model evaluation technique in machine learn-

ing and deep learning. It involves splitting the dataset into multiple folds and

repeatedly training and validating the model on different subsets to evaluate its

generalisation ability. In k-fold cross-validation, the dataset is divided into k

folds, where k-1 folds are used for training, and the remaining fold is used for

validation. This process is repeated k times, with each fold being used once as

a validation set. The final model performance is often averaged over the k runs.

Cross-validation helps in reducing overfitting and ensures the model’s robustness

on unseen data.

Stratified cross-validation is a variant of cross-validation that is particularly

useful when dealing with imbalanced datasets. It ensures that each fold of the

dataset has approximately the same proportion of each class as the original

dataset. In this study, the dataset consists of two classes: wooden utility poles

and warning signs. Since there are more images of wooden utility poles com-

pared to warning signs, stratified cross-validation was used to ensure that each

fold contains a balanced representation of both classes. This prevents the model

from becoming biased towards the majority class (utility poles) and improves its

performance on the minority class (warning signs).

By using stratified cross-validation, the model was trained and validated on

folds that maintained the same class proportions as the overall dataset, which

is particularly important in scenarios where accurate detection of both classes is
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critical. In this context, accurate detection of warning signs is just as important

as detecting the utility poles, as the safety signs carry crucial information.

Details regarding the dataset split are elaborated in Table 3.1.

Table 3.1: Dataset Split.

Split Main Ratio Sub Ratio
Objects

Images
Poles Signs

Train
80

80 4,269 1,008 2,920

Valid 20 1,068 250 730

Test 20 1,490 552 920

Total 100 6,773 1,805 4,570

3.2.4 Data Augmentation

Data augmentation [100] was a key technique employed to artificially enhance

the diversity of the dataset and improve the model’s generalisation performance.

Various image transformations were applied, each designed to modify the images

in ways that introduce useful variations without compromising the integrity of the

original features of the wooden utility poles and safety signs. These transforma-

tions helped the model become more robust to different viewing angles, lighting

conditions, and minor occlusions in real-world scenarios.

In this research, the selection of image transformations was inspired by the

work of Cubuk et al. [101] and Mounsaveng et al. [102]. These studies identified

effective augmentations for the Imagenet dataset [66], which was also used for

the pre-training of the DETR model employed in this study. The augmentations,

detailed in Table 3.2, include equalisation, rotation, colour jitter, and horizontal

flip. These were chosen due to their demonstrated success in enhancing model

performance.

The default set of four transformations included Random Horizontal Flip,

60



Chapter 3. Deep Learning for Identifying and Assessing Utility Poles and
Attached Warning Signs

Random Resize (to a maximum of 1333 pixels), Random Size Crop, and Random

Resize (fixed). In addition, other transformations such as Colour Jitter, Equalise,

and Rotation were incorporated to further diversify the training data. Table 3.2

summarises each transformation and its effect on the images.

Table 3.2: Transformations.

Transformation Effect

Random Horizontal Flip Randomly flips an image along the vertical axis with
a given probability.

Random Resize Randomly resizes an image with a given set of dimen-
sions.

Random Size Crop Crops the image to a random size and aspect ratio.
Colour Jitter Randomly changes the brightness, contrast, satura-

tion, and hue of an image.
Equalise Equalises the image histogram.
Rotate Rotates the image by a given angle in either direction.

Figure 3.2 demonstrates the visual effects of these transformations. Each

image shows a different transformation applied to a sample utility pole image,

illustrating how the dataset is augmented to increase variability and model ro-

bustness.
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Figure 3.2: Transformations.

The Random Horizontal Flip transformation flips the image along its verti-

cal axis with a given probability, helping the model learn invariance to left-right

orientations. Random Resize and Random Size Crop transformations vary the

image dimensions and aspect ratios, ensuring that the model can handle utility

poles that appear at different scales and sizes. Colour Jitter alters brightness,

contrast, saturation, and hue, simulating different lighting conditions. Equalisa-

tion adjusts the image histogram, distributing pixel intensity values more evenly,

while Rotation introduces variability by rotating the image at random angles,

ensuring robustness against different camera orientations.
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3.3 Hardware and Software

The experiments were conducted using ARCHIE-WeSt [103], the Lenovo high-

performance computing (HPC) facility at the University of Strathclyde. It is

designed to support multi-disciplinary research, particularly in engineering and

physical sciences, while also extending its capabilities to other fields and industrial

collaborations.

For this project, access to the supercomputer was achieved via SSH, utilising

one of the graphics processing unit (GPU) nodes equipped with an NVIDIA A100

40 GB GPU.

The software environment was configured with the NVIDIA SDK version 21.3,

Python 3.9.7, and the deep learning libraries PyTorch, TorchVision, and Keras.

This setup provided a robust and flexible platform for running the experiments

and conducting data analysis.

The combination of ARCHIE-WeSt’s powerful hardware capabilities and the

advanced software stack allowed for efficient handling of computationally intensive

tasks, ensuring reliable and reproducible results.

3.3.1 Computational-Cost Comparison

In addition to detection accuracy, the models were compared in terms of com-

putational cost using the trained model checkpoints, training records, and same-

HPC inference measurements where the trained-model runtime supported the

measurement. Table 3.3 reports the number of trainable parameters, estimated

floating-point operations (FLOPs) for a 640 × 640 input where supported by the

runtime, recorded training time, per-image central processing unit (CPU), HPC,

and GPU inference latency, and GPU memory. The training time corresponds to

the documented wall-clock training duration for the final trained model configu-

ration. The GPU latency values were measured on the OHL-UK test split in the
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same HPC environment to provide a consistent comparison of deployment cost.

Table 3.3: Computational-cost evidence for the trained OHL-UK models. Parameters
are in millions, floating-point operations (FLOPs) are reported as giga floating-point
operations (GFLOPs), training time is in hours, latency is in ms/image, and GPU
memory is in megabytes (MB).

Model Task Params GF Train CPU HPC GPU

DETR Object

detection

41.61 77.4 19.9 – 44.0 539.0

DINO-DETR Object

detection

43.99 – 6.6 – – 638.0

Faster R-CNN Object

detection

136.67 – 22.1 – 29.1 38242.0

RetinaNet Object

detection

55.50 – 24.6 – 56.5 38242.0

YOLOv3-Tiny Object

detection

8.68 13.1 2.7 103.3 49.9 0.0

YOLOv8 Object

detection

9.84 23.6 0.6 299.7 9.2 210.1

DETR Segmentation 42.94 224.9 10.9 – 42.3 4658.0

YOLOv8 Segmentation 10.49 35.1 0.4 409.4 10.6 258.7

Note: HPC latency and GPU memory were measured on the same HPC test environ-

ment where the trained-model runtime supported the measurement. DINO-DETR denotes

DETR with Improved deNoising anchOr boxes; its GPU-memory value is taken from the

training record because the same-HPC inference runtime used for timing did not support a

compatible memory measurement. Dashes indicate unsupported measurements.

Figure 3.3 visualises the same-HPC GPU latency component of Table 3.3,

making the deployment speed trade-off easier to compare across models.

The results show the expected trade-off between model complexity and run-

time. The fastest measured GPU inference is given by YOLOv8 for both the
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Figure 3.3: Same-HPC median GPU inference latency for the trained OHL-UK
models evaluated on the held-out test split where the trained-model runtime
supported the measurement.

detection and segmentation checkpoints, while DETR offers stronger pole and

warning-sign accuracy at a higher inference cost. The legacy Faster R-CNN and

RetinaNet checkpoints require substantially more GPU memory in the evaluated

runtime, whereas YOLOv3-Tiny is lightweight but less accurate on this dataset.

These cost measurements provide practical deployment context for the accuracy

comparisons in the following sections.

3.4 Benchmarking Deep Learning Models

for Pole Detection

This section presents the outcomes derived from utility pole detection models

documented in literature [14–16]. An exhaustive replication of these models has

been undertaken, adhering meticulously to the specifications detailed in the re-

spective publications. This includes the replication of hyperparameters, image

transformations, and other pertinent methodologies as presented by the original

authors. Subsequently, the models were trained, validated, and tested on the
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dataset utilised in this study. Such a methodological approach ensures a rigorous

and equitable comparison between the performances of the previously established

models and the novel DETR model introduced in this research.

3.4.1 Common Experimental Setup

This section details the key experimental factors—such as ablation study, cross-

validation, and test set evaluation—that are consistently applied to all models

studied.

Dataset and Hyperparameters

All experiments were conducted on a curated dataset comprising wooden utility

poles in various real-world conditions. A total of 2,920 images were used for train-

ing, with 730 images set aside for validation. A separate test set of 920 images was

reserved for final evaluation. The exact image augmentation techniques, training

duration, and other hyperparameters were matched to the original studies where

possible, ensuring a fair comparison.

Table 3.4 summarises the primary hyperparameters, which were the same for

all models unless otherwise specified.

Table 3.4: Summary of Common Hyperparameters Across All Models.

Hyperparameter Value

Batch size 1
Epoch count 200
Image augmentations Horizontal flip (p=0.5)
Learning rate range (ablation) 1× 10−3 to 1× 10−7

Cross-validation folds 5

The batch size was fixed at 1 for the replicated RetinaNet, YOLO v3-Tiny, and

Faster R-CNN benchmarks. This setting preserved the published training pro-

tocols as closely as possible and avoided memory-pressure differences across the
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legacy implementations, particularly for the larger two-stage and dense-detector

models. A separate batch-size ablation was not performed because the aim of

this benchmark was to compare the replicated detectors under matched litera-

ture settings while varying only the learning-rate schedule and cross-validation

split.

Ablation Study

An ablation study was performed to explore how different learning rates affect

model performance, while keeping other parameters (Table 3.4) fixed. The pri-

mary goal was to identify the optimal learning rate for each model under near-

identical settings to the original research. By varying the learning rate in the

range [1 × 10−3, 1 × 10−7] and monitoring the diagnostic outputs produced by

each training workflow, including training optimisation loss, validation loss when

logged by the workflow, and validation-set mAP, the analysis identified the rate

that maximised detection performance. Learning-rate selection was based on

validation-set mAP because mAP directly measures object-detection quality by

combining classification and localisation performance. Validation loss was used

diagnostically where the training workflow produced a separate validation-loss

trace, but it was not used as the primary selection criterion because the loss terms

and scales are not directly comparable across RetinaNet, YOLO v3-Tiny, Faster

R-CNN, and DETR. The corresponding plots are included in Appendices A.1–

C.1, with separate plots for RetinaNet, YOLO v3-Tiny, and Faster R-CNN (see

sections A.1, B.1, and C.1 respectively). These plots show training optimisation

loss, validation loss where logged by the workflow, and mAP on the y-axis against

epochs on the x-axis, with a separate curve provided for each learning rate setting.
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Cross-Validation

Each model was subjected to a 5-fold cross-validation. In each fold, the model

was trained and validated on a distinct partition of the dataset, allowing for a

rigorous assessment of model robustness. The mAP values reported for the cross-

validation tables are validation-fold metrics, not final held-out test-set metrics.

Key metrics, including logged optimisation losses, validation-loss traces where

produced by the training workflow, validation-fold mAP, and epochs to peak per-

formance, were recorded. The mean and standard deviation of the mAP across

folds provide an overview of each model’s consistency. The corresponding cross-

validation plots are included in Appendices A.2–C.2, with separate sections for

RetinaNet, YOLO v3-Tiny, and Faster R-CNN (see Sections A.2, B.2, and C.2,

respectively). These plots show training optimisation loss, validation loss where

logged by the workflow, and validation mAP against epochs for each fold, us-

ing the optimum learning rate identified during the ablation study. For Faster

R-CNN, the diagnostic output from the training workflow recorded the train-

ing optimisation loss and validation mAP used for model selection, but did not

include a separate validation-loss curve in the same output format; validation per-

formance is therefore reported through validation mAP and fold-summary tables

rather than by an additional loss trace.

Evaluation on the Test Set

After completing cross-validation, the best-performing model configuration from

each method was evaluated on a test set of 920 images containing 1,490 wooden

utility poles (previously unseen by the model). For IoU values ranging from 0 to 1,

the number of True Positives (TP), False Positives (FP), and False Negatives (FN)

were recorded, alongside precision, recall, and the F1 score. At an IoU threshold

of 0, a prediction is counted as a TP only if it is assigned to an unmatched ground-
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truth object of the correct class under the confidence-ranked matching procedure;

the threshold does not require spatial overlap, but duplicate predictions for the

same object are still counted as FPs. This threshold therefore measures coarse

object presence rather than localisation quality. The analysis across higher IoU

thresholds offers insights into each model’s sensitivity (recall), precision, and

localisation performance under increasingly stringent overlap requirements.

A training-data sensitivity analysis was also carried out to assess how de-

tector performance changes when the available training data is reduced. This

analysis is reported for YOLOv8 as a representative retrainable detector because

its training workflow allowed the same five-fold reduced-data experiment to be

repeated consistently. The earlier RetinaNet, YOLOv3-Tiny, Faster R-CNN, and

DETR benchmark results remain on the fixed train/validation/test split so that

their comparison stays aligned with the replicated literature protocols. For the

YOLOv8 experiment, detection models were trained across five folds using 50%,

60%, and 80% of the training data under a consistent evaluation protocol. The

results in Table 3.5 and Figure 3.4 show that performance degrades only modestly

as the training proportion is reduced, although the full 80% training setting still

provides the strongest average performance.

Table 3.5: Representative YOLOv8 detection sensitivity to reduced training-data pro-
portions across five folds. Values are mean ± standard deviation.

Training data mAP@0.50:0.95 AP@0.50 F1

50% 49.86 ± 2.04 89.38 ± 2.49 84.49 ± 1.74
60% 50.72 ± 1.89 89.99 ± 3.11 84.89 ± 1.65
80% 51.50 ± 2.07 90.72 ± 2.86 85.32 ± 2.22

3.4.2 RetinaNet

In their study Using Deep Learning To Identify Utility Poles with Crossarms [14],

Zhang et al. addressed the automation of utility equipment mapping through deep
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Figure 3.4: Effect of reducing the training-data proportion on representative
YOLOv8 detection performance.

learning. They chose RetinaNet for its proficiency in detecting objects across

diverse scales and for its focal loss function, which is designed to address class

imbalance, a prevalent challenge in object detection. Their choice was driven by

the need for a robust model capable of accurately identifying UPC in varying and

complex urban landscapes, as captured in Google Street View images.

Ablation Study Results

Table 3.6 and the accompanying discussion present the outcome of applying the

ablation study procedure (Section 3.4.1) to RetinaNet specifically. The batch

size, epoch count, and other hyperparameters remained as in Table 3.4.

From Table 3.6, a learning rate of 1× 10−5 yields the highest mAP (26.00%),

confirming it as the optimal choice for subsequent cross-validation.
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Table 3.6: RetinaNet ablation results on the validation set: maximum mAP observed
at different learning rates. Values are percentages.

Learning Rate Max mAP (%) Epoch of Max mAP

1× 10−3 0.00 – (No Learning)
1× 10−4 17.00 25
1× 10−5 26.00 48
1× 10−6 14.00 42
1× 10−7 0.00 – (No Learning)

Cross-Validation Performance

With 1×10−5 determined as the best learning rate, RetinaNet was trained across

each of the five data folds. Table 3.7 summarises the maximum mAP and the

corresponding epoch for each fold.

Table 3.7: RetinaNet cross-validation results: maximum validation-fold mAP per fold
and corresponding epoch. Values are percentages.

Fold Max mAP (%) Epoch

0 23.00 8
1 24.00 9
2 22.00 6
3 22.00 10
4 22.00 12

Mean 23.00 9
Std Dev 1.00 2.24

The results indicate that the average mAP achieved prior to overfitting across

the five folds stands at 23.00%. This consistency is underscored by a low stan-

dard deviation of 1.00 percentage point, suggesting minimal variation and a re-

liable performance metric across different folds. The optimal mAP was typically

attained by the 9th epoch on average, although this exhibited slightly more vari-

ability, as reflected by a standard deviation of 2.24. This indicates a moderate

spread in the number of epochs needed to reach the peak mAP across the different

cross-validation folds. The plots of the model performance are in Section A.2.
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Comparison with Original RetinaNet Results

The original authors trained RetinaNet on a dataset of 2,500 images, achieving an

mAP of 78.00% at an IoU threshold of 0.3 [14]. While this performance appears

high, it benefits from a relatively lenient IoU threshold. A lower IoU threshold

permits detections with less overlap with the ground truth to be classified as

correct, inflating the mAP score. An IoU of 0.3, in particular, may not sufficiently

penalise misaligned predictions, potentially leading to an overestimation of the

model’s precision in practical applications.

In contrast, when RetinaNet was applied to the dataset curated in this work

—comprising 2,920 training images and 730 validation images—it achieved a

maximum mAP of 23.00% under a more stringent IoU threshold of 0.5. This

threshold is widely adopted in object detection as it provides a more balanced

evaluation of recall and precision, ensuring that only detections with a high degree

of overlap with the ground truth are considered as correct.

A key difference between the datasets lies in the structural features of the

utility poles. In the original dataset, the presence of crossarms provides a dis-

tinctive feature that enhances the model’s ability to detect poles. These hori-

zontal structures create a clear silhouette, making the poles easier to distinguish

against varying backgrounds. In computer vision, prominent and consistent ob-

ject features aid model learning and generalisation, improving detection accuracy.

Conversely, the poles in the dataset curated in this work lack crossarms, making

detection more challenging. Without these defining features, utility poles can

resemble other vertical structures, such as tree trunks, increasing false positives

and reducing precision. This lack of distinctiveness requires the model to rely

on more subtle visual cues, which is particularly challenging under a stricter IoU

threshold.

The larger dataset size introduces both advantages and challenges. A broader

dataset provides greater variability, which can improve generalisation by exposing
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the model to diverse instances of utility poles. However, increased variability also

means more complex backgrounds and scenarios, which may make detection less

robust. The interplay between dataset complexity and detection performance

must therefore be considered when evaluating model effectiveness.

This comparative analysis highlights that while mAP is a critical metric for

assessing object detection models, its interpretation must be contextualised with

the IoU threshold and dataset characteristics. A higher mAP does not neces-

sarily imply superior performance, particularly if evaluated under a lenient IoU

threshold. Additionally, dataset-specific attributes, such as object distinctiveness

and variability, significantly impact detection performance. These factors under-

score the importance of rigorous evaluation protocols to facilitate fair comparisons

across different studies.

Evaluating on the Test Set

The RetinaNet model was evaluated on a dataset of 1,490 unseen wooden utility

poles. Performance was assessed across IoU thresholds ranging from 0 to 1,

with TP, FP, FN, precision, recall, and the F1 score recorded, as summarised in

Table 3.8.

At an IoU threshold of 0, RetinaNet successfully detects 704 utility poles,

corresponding to 47.2% of the dataset. However, this comes at the cost of 532

false positives and 786 false negatives, indicating that while the model is relatively

permissive in classifying objects as poles, its recall remains below 50%.

As the IoU threshold increases, the model becomes more precise but at the

expense of recall. By an IoU of 0.5, the number of correctly detected poles

drops to 469, while false negatives rise to 1,021. This trend suggests that the

model’s localisation accuracy is limited; stricter thresholds cause it to reject many

detections that are only slightly misaligned with the ground truth.

A significant trade-off between precision and recall is observed. At lower IoU
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Table 3.8: RetinaNet performance metrics on the held-out test split at different IoU
thresholds. Precision, recall, and F1 are reported as fractions.

IoU TP FP FN Precision Recall F1

0 704 532 786 0.57 0.47 0.52
0.1 653 583 837 0.53 0.44 0.48
0.2 641 595 849 0.52 0.43 0.47
0.3 615 621 875 0.50 0.41 0.45
0.4 560 676 930 0.45 0.38 0.41
0.5 469 767 1,021 0.38 0.31 0.34
0.6 339 897 1,151 0.27 0.23 0.25
0.7 220 1,016 1,270 0.18 0.15 0.16
0.8 113 1,123 1,377 0.09 0.08 0.08
0.9 32 1,204 1,458 0.03 0.02 0.02
1 0 1,236 1,490 0.00 0.00 0.00

thresholds, the model prioritises recall by accepting more detections, including

a substantial number of false positives. As the threshold increases, RetinaNet

becomes more conservative, rejecting imperfect matches, leading to a sharp rise

in false negatives.

The F1 score, which balances precision and recall, reflects this trade-off, start-

ing at 0.52 for IoU 0 and dropping to 0.34 at IoU 0.5. Beyond this, the model’s

ability to correctly classify poles deteriorates rapidly, with an F1 score of nearly

zero with an IoU of 1, indicating it cannot achieve perfect localisation.

From a real-world perspective, these results highlight potential limitations of

RetinaNet in utility pole detection. High false negative rates, where the model

fails to detect a significant number of poles, present a critical issue in applica-

tions requiring high recall, such as safety monitoring in infrastructure networks.

Similarly, high false positive rates at lower thresholds suggest that the model

sometimes detects poles where none exist, which could be problematic in clut-

tered environments, such as those with trees and other vertical structures.

The significant decline in F1 score at higher IoU thresholds indicates that Reti-

naNet struggles with precise localisation. This performance degradation suggests
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that the model may not be well suited for applications requiring strict locali-

sation accuracy. The inability to balance precision and recall effectively signals

the need for potential improvements, such as enhanced feature extraction, data

augmentation, or alternative detection architectures.

Although RetinaNet detects some utility poles at lower IoU thresholds, its

overall performance is constrained by its high false negative rate and declining

F1 score at stricter thresholds. These findings suggest that further refinement

or alternative detection models may be necessary for precise and comprehensive

utility pole detection.

3.4.3 YOLO v3-Tiny

The next model from the literature to be benchmarked was YOLO v3-Tiny, recog-

nised for its capability to balance rapid processing with robust detection accuracy.

Park et al. [104] demonstrated its real-time performance, making it particularly

suited to the dynamic and demanding milieu of electric power distribution sys-

tems, where timely detection of equipment and potential anomalies is paramount.

Ablation Study Results

Table 3.9 and the accompanying discussion present the outcome of applying the

ablation study procedure (Section 3.4.1) to YOLO v3-Tiny specifically. The batch

size, epoch count, and other hyperparameters remained as in Table 3.4.

Table 3.9: YOLO v3-Tiny ablation results on the validation set: maximum mAP ob-
served at different learning rates. Values are percentages.

Learning Rate Max mAP (%) Epoch of Max mAP

1× 10−3 77.00 18
1× 10−4 77.00 49
1× 10−5 73.00 181
1× 10−6 46.00 169
1× 10−7 12.00 160
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From Table 3.9, the highest mAP (77.00%) appears at two learning rates,

1 × 10−3 and 1 × 10−4. However, a learning rate of 1 × 10−3 converges much

more quickly (epoch 18), making it preferable for efficient training. Notably,

beyond roughly 27 epochs, further training yields diminishing returns in terms of

improved mAP. Therefore, a learning rate of 1 × 10−3 and a training duration of

around 27 epochs were chosen for subsequent experiments.

Cross-Validation Performance

With 1×10−3 established as the optimal learning rate, YOLO v3-Tiny was trained

and validated using five-fold cross-validation. Table 3.10 summarises the highest

mAP achieved for each fold, alongside the epoch at which it was attained.

Table 3.10: YOLO v3-Tiny cross-validation results: maximum validation-fold mAP per
fold and corresponding epoch. Values are percentages.

Fold Max mAP (%) Epoch

0 76.00 10
1 78.00 19
2 78.00 16
3 77.00 9
4 78.00 9

Mean 77.00 12
Std Dev 1.00 4

The mean mAP across the five folds is 77.00%, with a small standard devia-

tion of 1.00 percentage point, indicating a high level of consistency in detection

performance. This suggests that YOLO v3-Tiny is robust to slight variations in

the training data partitioning, reinforcing its stability across different subsets of

the dataset.

On average, the highest mAP is reached around the 12th epoch, though there

is some variability (Std Dev = 4), implying that the optimal convergence point

differs between folds. This variability may be influenced by the specific distribu-

tion of objects within each fold, suggesting that while the model reliably learns
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relevant features, training dynamics can vary slightly depending on data compo-

sition.

The consistency observed in the mAP values is crucial for practical appli-

cations, as it indicates that YOLO v3-Tiny maintains a stable level of perfor-

mance regardless of dataset segmentation. Such stability is particularly valuable

when deploying the model in real-world environments where data distributions

may shift. Additionally, the observed variation in epoch convergence times high-

lights an area for further optimisation, potentially through adaptive learning rate

scheduling to ensure more efficient training across different folds.

In conclusion, the cross-validation results confirm YOLO v3-Tiny’s efficacy

and reliability in object detection. The low standard deviation in mAP values

demonstrates strong generalisation ability, while the variability in epoch conver-

gence suggests opportunities for fine-tuning training strategies. These findings

establish YOLO v3-Tiny as a viable candidate for real-world deployment, where

consistent detection performance across diverse conditions is essential.

Comparison with Original YOLO v3-Tiny Results

Park et al. [104] trained YOLO v3-Tiny on 1,384 images and used 73 images

for validation, achieving a maximum mAP of 75.60% at an IoU threshold of 0.5

after 20 epochs. Their dataset included utility poles equipped with crossarms,

which create a distinct horizontal silhouette. In contrast, the dataset curated for

this work does not feature crossarms, making pole detection more challenging.

Nevertheless, YOLO v3-Tiny here achieved a mean mAP of 77.00% across five

folds, converging on average at epoch 12.

The presence of crossarms in Park et al.’s data likely streamlined detection by

providing an additional visual cue. That YOLO v3-Tiny performed comparably

or slightly better with a more difficult dataset (i.e. no crossarms) underscores

the model’s robustness and capacity to generalise effectively, even under more

77



Chapter 3. Deep Learning for Identifying and Assessing Utility Poles and
Attached Warning Signs

stringent conditions.

Evaluating on the Test Set

The final YOLO v3-Tiny model configuration was evaluated on a dataset of 1,490

unseen wooden utility poles. Table 3.11 presents the model’s performance at

different IoU thresholds.

Table 3.11: YOLO v3-Tiny performance metrics on the held-out test split at different
IoU thresholds. Precision, recall, and F1 are reported as fractions.

IoU TP FP FN Precision Recall F1

0 842 221 648 0.79 0.57 0.66
0.1 839 224 651 0.79 0.56 0.66
0.2 837 226 653 0.79 0.56 0.66
0.3 819 244 671 0.77 0.55 0.64
0.4 792 271 698 0.75 0.53 0.62
0.5 753 310 737 0.71 0.51 0.59
0.6 654 409 836 0.62 0.44 0.51
0.7 472 591 1,018 0.44 0.32 0.37
0.8 247 816 1,243 0.23 0.17 0.19
0.9 55 1,008 1,435 0.05 0.04 0.04
1 1 1,062 1,489 0.00 0.00 0.00

At lower IoU thresholds (0–0.2), the model correctly detects over half of the

utility poles, with approximately 840 true positives and an F1 score of 0.66.

However, the presence of 648 false negatives at IoU 0 highlights that a substan-

tial fraction of poles remain undetected. This suggests that while the model is

relatively lenient in classifying objects as poles, it still struggles with complete

coverage.

As the IoU threshold increases, the number of true positives declines sharply,

indicating that the model becomes more conservative in its detections. By an

IoU of 0.5, the number of true positives drops to 753, while false negatives rise

to 737. This trade-off suggests that the model’s ability to generalise detections

weakens when more precise localisation is required.
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The F1 score, which reflects the balance between precision and recall, follows a

downward trend as the IoU threshold increases. While YOLO v3-Tiny maintains

an F1 score above 0.6 up to an IoU of 0.4, it drops to 0.37 at IoU 0.7 and

approaches zero at an IoU of 1. This highlights the model’s decreasing recall

at higher thresholds, as stricter localisation criteria cause many detections to be

excluded.

From a practical standpoint, YOLO v3-Tiny demonstrates strong performance

in scenarios that prioritise detection speed and moderate localisation accuracy.

The model’s ability to detect objects at lower IoU thresholds makes it well suited

for applications requiring rapid identification of utility poles without a stringent

need for high-overlap precision. However, its sharp decline in recall at higher IoU

values suggests limitations in tasks where accurate localisation is critical, such as

structural inspections or fine-grained object recognition.

The high number of false negatives at increasing IoU thresholds suggests that

the model may struggle with distinguishing poles from similar vertical struc-

tures, such as trees or background elements. This limitation could potentially be

mitigated through enhanced feature extraction techniques or improved training

strategies, such as incorporating additional contextual information in the dataset.

In conclusion, YOLO v3-Tiny provides a balance between detection efficiency

and accuracy, excelling in rapid object detection but facing challenges in scenarios

requiring strict localisation. The model’s consistent performance at moderate IoU

thresholds supports its viability for real-time applications, while its declining F1

score at higher IoU levels highlights areas for potential refinement. Future work

could explore architectural improvements or alternative training methodologies

to enhance detection robustness, particularly in high-precision applications.
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3.4.4 Faster R-CNN

Faster R-CNN is renowned for its two-stage detection mechanism, striking a bal-

ance between accuracy and computational cost. Liu et al. [16] showcased its

capability in identifying small objects within highly imbalanced datasets, achiev-

ing a notable mAP of 79.60%. Such results highlight the model’s flexibility in

specialised tasks, such as detecting pole caps in electric power distribution sys-

tems.

Ablation Study Results

Table 3.12 and the discussion below summarise the outcome of applying the

ablation study procedure (Section 3.4.1) to Faster R-CNN specifically. The batch

size, epoch count (200), and other hyperparameters remained as presented in

Table 3.4, while the learning rate was varied from 1 × 10−3 to 1 × 10−7.

Table 3.12: Faster R-CNN ablation results on the validation set: maximum mAP
observed at different learning rates. Values are percentages.

Learning Rate Max mAP (%) Epoch of Max mAP

1× 10−3 65.11 41
1× 10−4 61.98 89
1× 10−5 58.64 143
1× 10−6 43.50 196
1× 10−7 18.38 198

From Table 3.12, the best overall performance (mAP = 65.11%) arises at a

learning rate of 1×10−3, converging around epoch 41. Lower rates, such as 1×10−4

or 1×10−5, also lead to feasible mAP values, but require more epochs to converge

and still do not surpass 65.11%. At very small rates (1 × 10−6 and 1 × 10−7),

training becomes less effective, plateauing at modest mAP levels. Consequently,

1×10−3 was deemed optimal for subsequent experiments, with little gain observed

beyond approximately 50 epochs.
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Cross-Validation Performance

With the learning rate of 1 × 10−3 and a maximum training length of about

50 epochs selected from the ablation results, Faster R-CNN was trained using a

5-fold cross-validation scheme. Table 3.13 presents the maximum mAP in each

fold, along with the epoch at which it was attained.

Table 3.13: Faster R-CNN cross-validation results: maximum validation-fold mAP per
fold and corresponding epoch. Values are percentages.

Fold Max mAP (%) Epoch

0 64.55 9
1 63.17 24
2 59.29 15
3 62.81 34
4 69.25 41

Mean 63.82 24
Std Dev 3.22 11

Across the five folds, the mean maximum mAP is 63.82%, with a standard

deviation of 3.22 percentage points. This result suggests moderately consistent

performance, although some variation is apparent (for instance, Fold 4 achieves

69.25%, whereas Fold 2 settles at 59.29%). The model converges around epoch

24 on average (Std Dev = 11), indicating that although 50 epochs are available,

most folds do not require the entire range to reach peak mAP.

Comparison with Original Faster R-CNN Results

Liu et al. [16] reported a high mAP of 79.60% when applying Faster R-CNN to

pole cap detection in a highly imbalanced dataset. The poles in that dataset

often featured crossarms and other distinct components, making them visually

distinctive. By contrast, in the dataset used in this research, poles lack such

features, leading to greater ambiguity (e.g. confusing poles with tree trunks).

Despite this increased difficulty, the mean mAP achieved in the present study’s
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cross-validation (63.82%) demonstrates robust detection. The best fold perfor-

mance (69.25%) underscores the model’s capacity to adapt, though the average

remains lower than in Liu et al. due to the subtle nature of the target objects.

Test Set Evaluation

The final configuration of Faster R-CNN was then tested on 1,490 unseen wooden

utility poles. Table 3.14 presents the model’s performance at different IoU thresh-

olds.

Table 3.14: Faster R-CNN performance metrics on the held-out test split at different
IoU thresholds. Precision, recall, and F1 are reported as fractions.

IoU TP FP FN Precision Recall F1

0 1,324 230 166 0.85 0.89 0.87
0.1 1,309 245 181 0.84 0.88 0.86
0.2 1,280 274 210 0.82 0.86 0.84
0.3 1,241 313 249 0.80 0.83 0.82
0.4 1,149 405 341 0.74 0.77 0.75
0.5 994 560 496 0.64 0.67 0.65
0.6 718 836 772 0.46 0.48 0.47
0.7 462 1,092 1,028 0.30 0.31 0.30
0.8 204 1,350 1,286 0.13 0.14 0.13
0.9 58 1,496 1,432 0.04 0.04 0.04
1 3 1,551 1,487 0.00 0.00 0.00

At the lowest IoU threshold (0), Faster R-CNN correctly identifies most poles

(TP = 1,324) with an F1 score of 0.87. However, as the threshold tightens, the

number of True Positives drops, reflecting the model’s challenge in producing

perfectly aligned bounding boxes. At the standard IoU of 0.5, the model retains

994 TP and achieves an F1 of 0.65. By IoU = 1.0, the overlap criterion is so

strict that only 3 poles are detected correctly.

Faster R-CNN achieves a reliable balance of accuracy and speed, perform-

ing best at a learning rate of 1 × 10−3 within approximately 50 epochs. Cross-

validation mAPs average around 63.82, while test set performance remains strong

82



Chapter 3. Deep Learning for Identifying and Assessing Utility Poles and
Attached Warning Signs

at lower IoU thresholds but diminishes significantly at higher ones. Compared

with studies where objects carry more distinct features (e.g. crossarms), the model

faces greater difficulty here, yet still demonstrates versatility and robustness.

These results offer valuable insights for practitioners seeking a dependable two-

stage detection framework in contexts where object definition may be subtle or

ambiguous.

3.5 DETR Model

This chapter focuses on the implementation and evaluation of the DETR model

[105] for the task of detecting wooden utility poles and warning signs. Building on

the discussion provided in Section 2.5.2, where the DETR model’s architecture,

training strategies, and loss functions were examined, this section provides a

detailed account of how the model was adapted and fine-tuned for the target

classes.

In contrast to previous research, which has primarily focused on utility pole

detection, this study treats utility poles and warning signs as separate classes.

This distinction allows for a more precise comparison of the results with those

reported in earlier studies. The chapter includes an ablation study to optimise

hyperparameters, an evaluation of performance across cross-validation folds and

test sets, and a comparison with other state-of-the-art object detection models.

These evaluations provide insights into the model’s effectiveness and potential for

practical applications.

3.5.1 Implementation

The DETR model was trained on two distinct classes, namely wooden utility

poles and warning signs. The ablation study for the DETR model was an exten-

sive investigation aimed at optimising the model’s hyperparameters to enhance
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detection accuracy for wooden utility poles and warning signs. This comprehen-

sive study involved a systematic variation of several key parameters, beginning

with the learning rate. The learning rates tested included 0.0001, 1.00×10−5, and

1.00 × 10−6, with the model being trained for 300 epochs at each rate, maintain-

ing a fixed batch size of 4. The Adam optimisation algorithm was employed for

training, and a range of weight decay values—0.0001, 1×10−4, 1×10−3, 1×10−1,

and 1 × 10−5—were explored to assess their impact on the model’s performance.

Regularisation techniques were also a focal point of the study, particularly the

use of dropout to prevent overfitting. The dropout rate was varied from its de-

fault value of 0.1 to 0.2. Furthermore, the study incorporated a variety of data

augmentation techniques to ensure model robustness, including default transfor-

mations such as Random Horizontal Flip, Random Resize (up to 1,333 pixels),

Random Size Crop, and Random Resize (fixed). Additional transformations like

Colour Jitter, Equalise, and Rotation were tested to evaluate their effects on the

model’s performance.

The mAP for each configuration was meticulously recorded, with the highest

performing settings selected for further experiments. On average, each model

configuration in the ablation study required approximately 34 hours of training.

The results of the ablation study are presented in Table 3.15. The greatest mAP

achieved in the study was 90.46%, with specific class performances of 90.90%

for utility poles and 90.03% for warning signs, observed at 102 epochs. Con-

sequently, the hyperparameters selected for subsequent training and evaluations

were a learning rate of 1 × 10−5, and the combination of transforms A, B, C, D,

E, F, I, shown in Table 3.15).
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Table 3.15: Summary of Ablation Study Results: Hyperparameter
Tuning and Model Performance Metrics.

LR TFMS
Best mAP Values (%)

Epoch

Poles Signs Mean

1E-4 Default 80.61 74.65 77.63 55

1E-05 Default 88.13 87.96 88.05 37

1E-06 Default 87.44 87.06 87.25 43

1E-05 F,I 90.14 89.75 89.94 91

1E-05 C,F,I 89.65 88.06 88.85 119

1E-05 C,E,F,I 90.17 87.38 88.77 131

1E-05 A,B,C,D,E,F,I 90.9 90.03 90.46 102

1E-05 A,B,C,D,F,H 90.3 89.85 90.08 92

1E-05 A,C,D,F,G 88.62 81.47 85.04 92

1E-05 A,B,C,D,E,F,J 89.88 89.79 89.83 96

1E-05 A,B,C,D,E,F,I,K 89.56 88.09 89.92 101

Note: A = Random Horizontal Flip, B = Colour Jitter, C = Equalise, D = Random Resize,

E = Random Size Crop, F = Rotation, G = Weight Decay 1e-1, H = Weight Decay 1e-3,

I = Weight Decay 1e-4, J = Weight Decay 1e-4, K = Dropout (0.2).

The selected DETR configuration combines a moderate learning rate with

geometric and photometric augmentation. The learning rate of 1 × 10−5 pro-

vided a stable compromise between convergence and overfitting, while the se-

lected transforms expose the detector to horizontal viewpoint changes, colour

variation, contrast differences, scale changes, crops, and rotations that are com-

mon in Google Street View imagery. The weight decay term further regularises

the transformer and backbone parameters, which is important given the compar-

atively high model capacity. The corresponding DETR cross-validation plots are

provided in Appendix D, Figures D.1–D.5.
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3.5.2 Utility Pole Detection

The evaluation results for the DETR model across the five cross-validation folds,

as presented in Table 3.16, demonstrate a high level of accuracy and consistency

in detecting wooden utility poles. The model achieved an mAP of 90.43% across

the folds, with a low standard deviation of 0.61, highlighting its robustness and

reliability in varying data subsets.

Examining the epochs required to achieve the highest precision for each fold

reveals some variability, with epoch counts ranging from 74 to 102 and a mean

of 90.60. The relatively high standard deviation in epochs (10.95) indicates some

sensitivity in training duration, which may be attributed to differences in data

complexity or convergence patterns across folds.

The results underscore the model’s effectiveness in maintaining a balance be-

tween precision and recall, evidenced by the consistently high mAP across folds.

This level of performance positions DETR as a strong candidate for deployment

in practical scenarios involving utility pole detection, despite the computational

demands associated with its training.

Table 3.16 presents the model’s evaluation results for each fold of data.

Table 3.16: Evaluation Results.

Fold Poles mAP (%) Epoch

1 91.35 82
2 90.90 102
3 89.75 101
4 89.85 74
5 90.31 94

Mean 90.43 90.60
Std Dev 0.61 10.95

The DETR model was evaluated on 1,490 wooden utility poles. These were

utility poles that the model has not seen before. For IoU values ranging from

0 to 1, the number of True Positives, False Positives, False Negatives, precision,
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recall, and F1 score were recorded as shown in Table 3.17.

Table 3.17: DETR utility-pole performance metrics on the held-out test
split at different IoU thresholds. Precision, recall, and F1 are reported as

fractions.

IoU TP FP FN Precision Recall F1

0 1,433 86 57 0.94 0.96 0.95
0.1 1,431 88 59 0.94 0.96 0.95
0.2 1,428 91 62 0.94 0.96 0.95
0.3 1,398 121 92 0.92 0.94 0.93
0.4 1,344 175 146 0.88 0.90 0.89
0.5 1,295 224 195 0.85 0.87 0.86
0.6 1,214 305 276 0.80 0.81 0.81
0.7 1,041 478 449 0.69 0.70 0.69
0.8 746 773 744 0.49 0.50 0.50
0.9 330 1,189 1,160 0.22 0.22 0.22
1 24 1,495 1,466 0.02 0.02 0.02

The DETR model was evaluated on a test set consisting of 1,490 utility poles,

offering a comprehensive view of its detection capabilities. The performance

metrics, presented in Table 3.17, underscore the model’s efficacy across varying

IoU thresholds.

At lower IoU thresholds (0 to 0.2), the model achieved an impressive F1 score

of 0.95, with TPs slightly decreasing from 1,433 to 1,428 as the IoU threshold

increased. This high level of performance indicates the model’s robust detection

capabilities with a significant rate of correct classifications, even with minimal

bounding box overlap.

As the IoU threshold increased to 0.5, which is often considered a balanced

threshold for object detection tasks, the model maintained a strong performance,

with 1,295 TP and an F1 score of 0.86. This demonstrates the DETR model’s

effectiveness in maintaining a high precision-recall balance, even as the criterion

for detection accuracy becomes more stringent.

However, at higher IoU thresholds (0.7 to 1), there is a marked decline in

model performance. Specifically, at an IoU of 1, the model identified only 24
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TPs, with a significant increase in FPs to 1,495 and FNs to 1,466, resulting in a

low F1 score of 0.02. This dramatic decrease indicates the model’s challenge in

achieving perfect alignment with ground truth at high precision levels, a common

issue in object detection models.

Overall, the DETR model exhibits strong performance at lower IoU thresh-

olds, with diminishing accuracy at higher thresholds. This trend highlights the

need for a careful selection of the IoU threshold based on the specific requirements

of utility pole detection tasks. Figure 3.5 provides representative examples from

the held-out test split, including correctly detected poles, low-IoU predictions,

false positives, and false negatives. These examples show that some low-IoU pre-

dictions still correspond to visually plausible pole detections, particularly where

the predicted bounding box captures only part of a pole or where the annotation

boundary is narrow.

Comparison with Previous Work

Training and Validation The comprehensive analysis of the four state-of-the-

art object detection models, namely DETR, YOLO v3-Tiny, Faster R-CNN, and

RetinaNet, reveals insightful disparities and strengths in their performance on

the task of wooden utility pole detection. The dataset, meticulously partitioned

into training and validation sets comprising 5,269 and 1,068 poles across 2,920

and 730 images respectively, served as the benchmark for assessing each model’s

efficacy.

The comparison should be interpreted as a controlled benchmark on the same

thesis dataset rather than a perfectly like-for-like reproduction of every design

choice in the original papers. RetinaNet, YOLO v3-Tiny, and Faster R-CNN

were replicated as closely as possible from their published settings, whereas the

DETR model was developed and tuned more extensively for the OHL-UK pole

and warning-sign task. This difference is important when interpreting the scale of
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Figure 3.5: Representative DETR utility-pole detection outcomes on the held-out
test split, including a correct detection, a low-IoU detection, a false positive, and
a false negative. Green boxes show ground truth and red boxes show predictions.
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the DETR improvement: the benchmark demonstrates the achieved performance

of the final thesis pipeline, while the legacy models provide strong replicated

baselines rather than fully re-optimised alternatives.

DETR emerged as the most proficient model, boasting a superior mAP of

90.43%, coupled with a minimal standard deviation of 0.61, denoting not only

high precision in pole detection but also remarkable consistency across different

data folds. However, this high accuracy comes with a trade-off in terms of training

epochs, in that on average, it takes about 90 epochs to converge, which suggests

a longer training duration compared to its counterparts.

YOLO v3-Tiny, though lagging behind DETR with an average mAP of

77.00%, showcased a low standard deviation of 1.00 percentage point, reflect-

ing a highly consistent performance across the dataset. Moreover, the model’s

swift convergence, evident from the average epoch of 12, highlights its efficiency

in reaching optimal performance swiftly, albeit at a lower accuracy threshold.

This rapid convergence, especially in comparison to DETR, can be attributed to

its fully convolutional architecture, which forgoes the computationally expensive

global reasoning and self-attention mechanisms inherent in DETR’s transformer-

based design. YOLO v3-Tiny simplifies the detection pipeline with anchor-based

predictions and avoids the iterative query refinement and bipartite matching loss

used by DETR. While DETR leverages these features for superior accuracy and

context awareness, YOLO v3-Tiny’s lightweight and computationally efficient de-

sign makes it better suited for scenarios prioritising speed over precision.

Faster R-CNN presented a dichotomy of results, with a mean maximum

mAP of 63.82%, the lowest among the models, juxtaposed with a higher standard

deviation of 3.22. This indicates a less consistent performance, compounded by

a moderate average epoch count of 24, which underscores a slower learning pace

relative to YOLO v3-Tiny and RetinaNet.

RetinaNet registered a notably low mAP of 23.00%, despite its rapid con-

90



Chapter 3. Deep Learning for Identifying and Assessing Utility Poles and
Attached Warning Signs

vergence, mirrored in an average epoch count of 9. The consistency of its per-

formance, however, is underlined by a low standard deviation of 1.00 percentage

point, suggesting that while the model is reliable across different subsets, its

efficacy in accurately detecting utility poles is considerably lower than its coun-

terparts.

In summary, while each model exhibits unique attributes in terms of conver-

gence speed and performance consistency, DETR unequivocally stands out as

the superior model in this comparative study, with respect to the training data.

Test Set Results: DETR demonstrates consistently high performance, with

TP counts commencing at 1,433 at IoU 0 and diminishing to 24 at IoU 1. The

model maintains robust F1 scores, consistently at 0.9 up to an IoU of 0.5, denoting

a strong balance between precision and recall at lower thresholds. However, the

increase in FP and FN at higher thresholds indicates a decrease in detection

accuracy under stringent conditions.

Conversely, YOLO v3-Tiny initiates with moderate TP counts of 842 at IoU

0, sharply declining to 1 at IoU 1. F1 scores for YOLO v3-Tiny start at 0.66 but

exhibit a significant reduction as the IoU threshold intensifies, alongside substan-

tial increases in FP and FN. This pattern highlights the model’s difficulties in

maintaining precision and recall, particularly at higher IoU thresholds.

Faster R-CNN exhibits commendable TP counts, notably higher than those

of YOLO v3-Tiny and RetinaNet, initiating at 1,324 at IoU 0 and concluding at

3 at IoU 1. F1 scores begin at 0.87 but demonstrate a declining trend as the IoU

threshold escalates, paralleled by rising FP and FN counts. This suggests that

while Faster R-CNN achieves high precision and recall at lower IoU thresholds,

its performance diminishes more rapidly than DETR as the threshold becomes

more stringent.

RetinaNet records the lowest TP counts and F1 scores among the models, with

TP starting at 704 at IoU 0 and reducing to 0 at IoU 1. F1 scores for RetinaNet
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commence at 0.52 and consistently decrease with increasing IoU thresholds. The

high numbers of FP and FN underscore pronounced challenges in the model’s

object detection accuracy and localisation precision.

In summary, DETR emerges as the leading model, maintaining high precision

and recall across a wide range of IoU thresholds. Its performance, as quantified

by F1 scores, is notably superior, especially at more stringent IoU thresholds.

Although Faster R-CNN exhibits potential at lower IoU thresholds, its perfor-

mance wanes more markedly than that of DETR as the threshold increases.

YOLO v3-Tiny and RetinaNet, despite some efficacy in certain scenarios, dis-

play considerable limitations, particularly at higher IoU thresholds. Figure 3.6

summarises this behaviour by plotting F1 score as a function of IoU threshold

for the utility-pole detectors using the TP, FP, and FN counts reported in the

test-set tables.
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Figure 3.6: F1 score as a function of IoU threshold for the utility-pole detectors
on the held-out test split.

The comprehensive assessment of DETR, YOLO v3-Tiny, Faster R-CNN, and

RetinaNet across training, validation, and test sets elucidates their distinct per-
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formance dynamics in the task of wooden utility pole detection.

DETR distinguishes itself as the leading model, demonstrating superior pre-

cision and recall. This is evidenced by its high mAP, consistent F1 scores across

a spectrum of IoU thresholds, and robust TP counts. The model’s intricate

architecture, however, necessitates longer training epochs, indicative of a com-

prehensive learning process.

In contrast, YOLO v3-Tiny, while exhibiting notable consistency in perfor-

mance, falls short in overall detection accuracy. Its challenges in maintaining

precision and recall, particularly at higher IoU thresholds, are manifested in its

moderate TP counts and declining F1 scores.

Faster R-CNN, with commendable TP counts and initial F1 scores, exhibits

a performance decline at stricter IoU thresholds. The dichotomy of its results,

characterised by a lower mean maximum mAP and higher standard deviation,

places it behind DETR in terms of overall efficacy.

RetinaNet, despite its rapid training convergence, registers the lowest TP

counts, F1 scores, and mAP, highlighting pronounced challenges in object detec-

tion accuracy and localisation precision.

3.5.3 Warning Sign Detection

Training on Cross-Validation Folds

Table 3.18 provides a detailed analysis of the DETR model’s performance on

the warning sign class, assessed through a five-fold cross-validation approach.

This rigorous evaluation method ensures a comprehensive understanding of the

model’s generalisation capabilities.

In each fold, the model demonstrates consistent proficiency in recognising

warning signs, as indicated by the high mAP values. Specifically, the mAP values

fluctuate narrowly around the high 80s, implying that the model reliably detects
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Table 3.18: Warning Signs Evaluation Results.

Fold Warning Signs mAP (%) Epoch

1 87.61 82
2 90.03 102
3 89.61 101
4 87.75 74
5 86.32 94

Mean 88.26 90.60
Std Dev 1.37 10.95

and classifies warning signs across different subsets of the data. The peak mAP

recorded is 90.03 in the second fold, signifying an exemplary performance in that

specific partition of the dataset.

The ’Epoch’ column reflects the model’s learning progression, revealing the

epoch at which the maximum mAP was attained for each fold. It is noteworthy

that the optimal performance is achieved at varying epochs, ranging from as early

as epoch 74 in the fourth fold to as late as epoch 102 in the second fold. This

variation suggests that while the model consistently reaches high precision, the

convergence rate can differ depending on the specific data subset it is trained on.

The mean (denoted by x̄) of the mAP across all folds stands at 88.26%, indi-

cating a strong overall performance. However, the standard deviation (denoted by

σ) of 1.37 percentage points in the mAP signifies some variability in the model’s

precision across different folds. This variability is relatively small, underscoring

the model’s robustness but also hinting at potential room for optimisation in

certain folds.

Similarly, the mean epoch number of 90.60, coupled with a standard devi-

ation of 10.95, underscores the model’s varied learning pace across folds. This

variability in convergence epochs may prompt a closer examination of the train-

ing dynamics or the consideration of early stopping criteria to optimise training

efficiency.

In conclusion, the table encapsulates a strong and stable performance of the
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DETR model on the warning sign class, with indications of consistent precision

and insightful nuances in the model’s learning behaviour across different cross-

validation folds.

Evaluation on the Test Set

Table 3.19 provides a comprehensive evaluation of the DETR model’s perfor-

mance in detecting warning signs within a test set of 552 instances. At the lowest

IoU thresholds (0.0 to 0.2), the model attains an F1 score of 0.99, signifying its

high sensitivity in identifying warning signs. These thresholds are less strict, fo-

cusing more on the model’s ability to detect the presence of warning signs rather

than the precision of the bounding box placement.

Table 3.19: DETR warning-sign performance metrics on the held-out test split at
different IoU thresholds. Precision, recall, and F1 are reported as fractions.

IoU TP FP FN Precision Recall F1

0.0 542 5 10 0.99 0.98 0.99

0.1 542 5 10 0.99 0.98 0.99

0.2 542 5 10 0.99 0.98 0.99

0.3 541 6 11 0.99 0.98 0.98

0.4 541 6 11 0.99 0.98 0.98

0.5 537 10 15 0.98 0.97 0.98

0.6 511 36 41 0.93 0.93 0.93

0.7 416 131 136 0.76 0.75 0.76

0.8 225 322 327 0.41 0.41 0.41

0.9 51 496 501 0.09 0.09 0.09

1.0 0 547 552 0.00 0.00 0.00

A critical observation is the model’s performance at an IoU threshold of 0.5,

a standard benchmark in object detection tasks. The model exhibits a com-
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mendable F1 score of 0.98, indicating its proficiency in accurately localising and

classifying warning signs even under more stringent criteria for a correct detec-

tion.

However, the model’s performance declines notably as the IoU threshold in-

creases beyond 0.5. At an IoU of 0.7, the F1 score drops to 0.76, and it further

decreases to 0.41 at an IoU of 0.8. This trend illustrates the model’s challenge

in maintaining high precision and recall as the criteria for a correct detection

become more rigorous, requiring a closer alignment between the predicted and

ground-truth bounding boxes.

The most stringent scenario, an IoU of 1.0, sees the model unable to correctly

identify any warning signs, as indicated by the F1 score of 0.00. This result is not

unexpected, given the practical challenges of achieving a perfect overlap between

the predicted and actual bounding boxes.

In conclusion, the DETR model demonstrates robust performance in detecting

warning signs, particularly at lower IoU thresholds, where the emphasis is on

detection sensitivity. The model’s ability to maintain high accuracy at an IoU

of 0.5 is particularly noteworthy. Nonetheless, the diminishing performance at

higher IoU thresholds suggests potential avenues for enhancing the precision of

the model’s bounding box predictions, thereby improving its overall efficacy in

practical applications. Figure 3.7 visualises the same trend as an F1-versus-IoU

curve, while Figure 3.8 provides qualitative examples of warning-sign detections

on the held-out test split.

3.5.4 Further Analysis

Given that the DETR model excels in the detection of utility poles and demon-

strates strong performance in identifying warning signs, this section delves further

into the test results. It meticulously examines the influence of pole sizes on the

quality of predictions, and formulates recommendations for the application of this
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Figure 3.7: F1 score as a function of IoU threshold for DETR warning-sign de-
tection on the held-out test split.

model in real-world scenarios.

This section is intended as a complementary diagnostic analysis rather than

a repeat of the preceding benchmark tables. The earlier tables report headline

mAP, precision, recall, and F1 values, whereas the following figures and tables

decompose the same held-out DETR predictions by confidence threshold, IoU

threshold, object size, false-positive category, and false-negative distribution. Re-

taining these views helps explain why the headline scores behave as they do and

supports the later deployment recommendations.

The optimal confidence threshold produces a curve with the greatest Area

Under the Curve (AUC). As a result, with an AUC of 36.68, the optimal confi-

dence threshold for the class of utility poles is 0.9. The warning sign class has a

maximum AUC of 38.02 and occurs at two confidence levels, 0.7 and 0.8. Since

0.8 is the larger confidence value, it is the confidence threshold for warning signs.

For a confidence value of 0.8, the utility pole class produced an AUC of 36.45.

This is a small difference of 0.23 for a confidence threshold of 0.9. Therefore,

both the utility pole and the warning sign classes have a confidence threshold set

to 0.8, without a significant impact on performance.
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Figure 3.8: Representative DETR warning-sign detection outcomes on the held-
out test split, including a correct detection, a low-IoU detection, a false positive,
and a false negative. Green boxes show ground truth and red boxes show predic-
tions.
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Figure 3.9: Pole and Signs F1 Score.

Utility Pole Detection Analysis

As the IoU threshold increases, the predicted bounding boxes must align more

precisely with the ground-truth bounding boxes, in order to be considered a true

positive. As a result, increasing the IoU threshold decreases the number of true

positives. Conversely, increasing the IoU threshold increases the number of false

positives and negatives. Figure 3.10 illustrate this behaviour for the utility pole

class.

The performance of the model in detecting utility poles is detailed in Table

3.20, with a particular emphasis on True Positive detections. In this table, the

percentage row reports the number of TPs as a percentage of the 1,490 ground-

truth utility poles in the test set. The model exhibits a remarkable detection rate,

identifying 96.17% of the poles in the test set at an IoU value of 0.0. This high

level of detection accuracy gradually declines as the IoU threshold is increased,

a common trend in object detection tasks, where higher IoU values denote more

stringent criteria for classifying a detection as a True Positive.

Notably, even at an IoU threshold of 0.4, the model successfully detects 90.20%

99



Chapter 3. Deep Learning for Identifying and Assessing Utility Poles and
Attached Warning Signs

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
IoU

0

200

400

600

800

1000

1200

1400

Co
un

ts

1433 1431 1428
1398

1344
1295

1214

1041

746

330

24
86 88 91

121
175

224

305

478

773

1189

1495

57 59 62
92

146
195

276

449

744

1160

1466

 Utility Poles: TP, FP & FN at Confidence > 0.8 versus IoUs
Legend

TP
FP
FN

Figure 3.10: Poles: TP, FP and FN at Confidence 0.8 versus IoUs.

of the poles, implying that the predictions are generally in good alignment with

the actual locations of the poles. The detection rate remains robust, staying above

80% up to an IoU of 0.6, which is indicative of the model’s effective performance

in accurately locating poles with a reasonable level of precision.

However, there is a significant decline in the detection rate as the IoU threshold

further increases. At an IoU of 0.7, the model detects fewer than 70% of the

poles, and this percentage sharply falls to just over 50% at an IoU of 0.8. The

performance at the highest IoU values of 0.9 and 1.0 is markedly lower, with only

22.15% and 1.61% of poles detected, respectively. These figures suggest that while

the model is highly proficient at detecting poles with moderate spatial accuracy,

its capability to precisely match the exact location, as required at higher IoU

levels, is somewhat limited.

Further analysis of the test data, using the standard correlation coefficient,
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Table 3.20: Utility-pole true-positive counts by IoU threshold.

IoU 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

TPs 1,433 1,431 1,428 1,398 1,344 1,295 1,214 1,041 746 330 24
% 96.17 96.04 95.84 93.83 90.20 86.91 81.48 69.87 50.07 22.15 1.61

revealed notable linear relationships between the IoU values and the physical

dimensions of the poles, as detailed in Table 3.21.

Table 3.21: Pole IoU Correlation Coefficients.

Metric Correlation

GT Widths 0.66
GT Area 0.51

GT Heights 0.50

The correlation coefficients provide insightful observations. Pole widths, with

a correlation coefficient of 0.66, exhibit the strongest impact on IoU values. This

suggests that wider poles are more likely to be accurately detected and aligned

with the ground-truth data. Following this, pole areas and heights also show pos-

itive correlations with IoU values, with coefficients of 0.51 and 0.50 respectively.

These findings align with the expectation that larger poles, offering more distinct

and discernible features, are easier to detect and assess accurately.

Figure 3.11 visually demonstrates these relationships. It illustrates the sizes

of each detected pole, with emphasis on their respective IoU values. The figure

corroborates the findings presented in Table 3.21, vividly highlighting the positive

correlation between the size of the poles and their IoU values. The visual evidence

thus reinforces the conclusion that larger poles, due to their more prominent

features, are associated with higher IoU values in the model’s detections.

Figure 3.12 shows the distribution of pole sizes for the true positives, grouped

by their IoU value. As shown, both the IoU value and the number of detected

poles increase as the pole width increases. Likewise, both the IoU value and the
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Figure 3.11: True Positives against Pole Widths and Heights.

number of detected poles increase as the pole height increases, but to a lesser

degree.
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The FPs identified by the model across various IoU values are detailed in Table

3.22. In this table, the percentage row reports the FP count as a percentage of

the total number of predictions considered at that threshold, not as a percentage

of the ground-truth pole count. This analysis provides a nuanced understanding

of the model’s precision in detecting utility poles.

Table 3.22: Utility-pole false-positive counts by IoU threshold.

IoU 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

FPs 86 88 91 121 175 224 305 478 773 1,189 1,495
% 5.66 5.79 5.99 7.97 11.52 14.75 20.08 31.47 50.89 78.27 98.42

The data reveals that the proportion of false positives varies notably with

the IoU threshold. At lower IoU values (0.0 to 0.2), the FP rate is relatively

modest, staying below 6%. This suggests that the model has a lower tendency to

incorrectly identify objects as utility poles under less stringent detection criteria.

However, as the IoU value increases, there is a significant rise in the FP rate.

Notably, at an IoU of 0.7, the FP rate exceeds 30%, and it escalates further

at higher IoU values, reaching nearly 51% at 0.8 and escalating to 98.42% at

the maximum IoU of 1.0. This steep increase indicates a substantial number of

false detections at higher precision levels, suggesting that the model might be

overly sensitive or prone to misidentifying objects as poles under strict alignment

conditions.

With only 5.77% of the predictions identified as false positives, these have

been categorised into five distinct groups, as outlined in Table 3.23. Figure 3.13

provides visual examples of each category.

Moreover, the false positives attributed to poles, totalling 50, are further

broken down into three subcategories as presented in Table 3.24. Illustrative

examples of these subcategories are depicted in Figure 3.14.

In the case of the 33 false positives classified as ’Partially Detected Pole’, only
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Table 3.23: False Positive Categories.

Category Count %

Poles 50 58
Street Lights 18 21
Road Signs 5 6
Chimneys 3 3

Other* 10 12

*Other includes 1 of each: advertising sign, building, flag mast, plants,
roof pole, tree, and unknown.

Street Light Road Sign

Chimney Flag (Other)

Figure 3.13: Examples of False Positive Categories.

Table 3.24: False Positive Poles Breakdown.

Category Count

Partially Detected Pole 33
Poor IoU 14

Disjointed Pole as Single Pole 3
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Small Pole Partially Detected Pole

Poor IoU Disjointed Pole

Figure 3.14: False Positive Poles Examples.

a portion of a pole was detected. For the 14 instances categorised under ’Poor

IoU’, the Intersection over Union value fell below the set threshold. Finally, three

cases were identified as ’Disjointed Pole as Single Pole’, where the image-stitching

process in Google Street View erroneously fragmented a single pole into multiple

parts.

Warning Sign Detection Analysis

Similarly, Figure 3.15 illustrate the behaviour of IoU thresholds on warning sign

detection. Intuitively, the larger the sign, the easier it should be to detect. Sim-

ilarly, the smaller the sign, the harder it should be to detect. The next section

investigates this idea by analysing the true positives and their relationship to the

sign sizes.

The analysis of True Positives in relation to IoU values is a critical metric for

understanding the performance of object detection models. In Table 3.25, the
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Figure 3.15: Signs: TP, FP and FN at Confidence 0.8 versus IoUs.

percentage row reports the TP count as a percentage of the 552 ground-truth

warning signs in the test set. The provided data, as shown in Table 3.25, reflects

the TP count and its corresponding percentage out of a total of 552 ground truths

for various IoU thresholds.

At lower IoU thresholds (0.0 to 0.4), the model exhibits a remarkably high

TP rate, maintaining a consistent count of 542 TPs, equating to 98.19% of the

ground truths. This indicates a strong capability of the model to detect objects

with a broad acceptance margin. As the IoU threshold increases to 0.5, a slight

decrease in TPs is observed (537 TPs, 97.28%), suggesting a minor reduction in

model performance when stricter spatial overlap criteria are applied.

A more significant reduction in TPs is evident as the IoU threshold reaches

0.6 and above. The TP count drops to 511 (92.57%) at 0.6 and continues to

decrease sharply, with only 416 TPs (75.36%) at 0.7 and 225 TPs (40.76%) at 0.8.
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This trend highlights the model’s decreasing effectiveness in accurately localising

objects under stringent overlap conditions.

At extremely high IoU values of 0.9 and 1.0, the TP counts drop drastically to

51 (9.24%) and 0 (0%) respectively. These results indicate a severe limitation in

the model’s ability to produce highly precise bounding boxes that almost perfectly

or completely match the ground truth. The decrease from 98.19% at IoU 0.0

to 0% at IoU 1.0 is therefore not a contradiction in the results. At IoU 0.0,

a correctly classified prediction can be matched to an unmatched ground-truth

warning sign even without requiring spatial overlap, so the value mainly reflects

object-presence detection. At IoU 1.0, the predicted and ground-truth boxes

would have to coincide exactly in position and size, which is an unrealistically

strict requirement for small signs because even a one- or two-pixel boundary

difference reduces the IoU below 1.0.

Table 3.25: Warning-sign true-positive counts by IoU threshold.

IoU 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

TPs 542 542 542 541 541 537 511 416 225 51 0
% 98.19 98.19 98.19 98.01 98.01 97.28 92.57 75.36 40.76 9.24 0

Furthermore, the correlation coefficients presented in Table 3.26 offer addi-

tional insights into the relationship between the ground truth (GT) dimensions

and the IoU performance. The correlation values for GT Width (0.38), GT Height

(0.37), and GT Area (0.36) are moderately positive. This implies a modest but

significant relationship between the size of the ground truth bounding boxes and

the IoU scores achieved. Larger bounding boxes, as indicated by width, height,

and overall area, tend to have a slightly higher IoU score, suggesting that the

model may perform better with larger objects. This correlation, while not strong,

is noteworthy and can inform adjustments to the model or its deployment strat-

egy, particularly in environments where object size variability is a key factor.
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Table 3.26: Sign IoU Correlation Coefficients.

Metric Correlation

GT Width 0.38
GT Height 0.37
GT Area 0.36

Figure 3.16 shows each detected sign by its IoU value against the height and

width of the detected sign and verifies the results of Table 3.26.
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Figure 3.16: True Positives against Sign Widths and Heights.

Figure 3.17, shows the distribution of sign heights and widths for the true

positives, grouped by their IoU value. As expected, the larger the sign sizes, the

greater the IoU value. Similarly, there are more detections in IoU groups that

have larger sign sizes.

The analysis of False Positives in relation to various IoU thresholds provides

essential insights into the specificity of an object detection model. Table 3.27

details the FP count and its corresponding percentage out of a total of 547 sign

predictions at different IoU thresholds.

At the lowest IoU thresholds (0.0 to 0.4), the model demonstrates a low FP

rate, with counts hovering at 5 and 6, translating to 0.91% and 1.10%, respec-
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Figure 3.17: Distribution of Sign Sizes per IoU Value.

tively. This indicates a high specificity, where the model is less prone to falsely

identifying objects as signs at these IoU thresholds. However, it is important to

note that lower IoU thresholds are generally more lenient, potentially allowing

for less precise object localisation to be deemed correct.

A noticeable increase in FPs is observed at the 0.5 IoU threshold, where

the count rises to 10 (1.83%). This increment signifies the model’s decreasing

specificity as the IoU criterion for object detection becomes more stringent.

A substantial increase in the FP rate is evident as the IoU threshold reaches

0.6 and above. The FP count rises sharply to 36 (6.58%) at 0.6, followed by a

more significant escalation to 131 (23.95%) at 0.7 and 322 (58.87%) at 0.8. These

trends highlight a notable decline in the model’s specificity, with a substantial

proportion of detections being falsely identified as signs under stricter spatial

overlap conditions.

At extremely high IoU values of 0.9 and 1.0, the FP counts escalate dramat-

ically to 496 (90.68%) and 547 (100%), respectively. It is essential to recognise
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that achieving near-perfect or perfect overlap with ground truth is exceedingly

challenging for any object detection model. These high IoU thresholds are of-

ten unrealistic in practical applications. Therefore, while the FP rates are high

at these thresholds, it does not necessarily indicate a deficiency in the model.

Rather, it underscores the inherent challenge in achieving extremely high spatial

accuracy in object detection tasks.

In conclusion, the model exhibits strong specificity at lower IoU thresholds,

with an expected reduction in accuracy as the IoU criterion becomes more strin-

gent. The high FP rates at higher IoU values reflect the rigorous and often

impractical standards set by such thresholds rather than the model’s inadequacy.

This analysis suggests that the model performs well within the reasonable expec-

tations of object detection tasks.

Table 3.27: Warning-sign false-positive counts by IoU threshold.

IoU 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

FPs 5 5 5 6 6 10 36 131 322 496 547
% 0.91 0.91 0.91 1.10 1.10 1.83 6.58 23.95 58.87 90.68 100.00

Only 0.9% of the sign predictions made by the model were false positives.

These are grouped into the three categories shown in Table 3.28, Figure 3.18

displays each category.

Table 3.28: Signs False Positive Categories.

Category Count

Possible Sign 3
Yellow Pole Box 1
Yellow Square 1

• Three false positives were yellow squares. The low resolution of the image

made it difficult to determine if they were warning signs.
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• One false positive was a small yellow box attached to the pole.

• The remaining false positive was a yellow square on the pole.

Possible Sign Yellow Pole Box

Yellow Square

Figure 3.18: Examples of Sign False Positive Categories.

An analysis of False Negatives in relation to various IoU thresholds is cru-

cial for understanding the sensitivity of an object detection model. The data

presented in Table 3.29 illustrates the count of False Negatives and their corre-

sponding percentages out of a total of 552 ground-truth signs, across different

IoU thresholds.

At the lower end of the IoU spectrum (0.0 to 0.4), the FN count remains

relatively stable, with only 10 to 11 instances, constituting about 1.81% to 1.99%

of the total ground truths. This low rate of FNs indicates that the model has a
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high detection sensitivity, successfully identifying most of the true objects even

when the spatial overlap criterion is lenient.

As the IoU threshold increases to 0.5, there is a slight increase in FNs to 15,

which is 2.72% of the ground truths. This suggests that as the spatial accuracy

requirement becomes moderately stringent, the model starts to miss a few more

objects, but still maintains a relatively high detection sensitivity.

A notable increase in FNs is observed as the IoU threshold reaches 0.6 and

beyond. The FN count escalates to 41 (7.43%) at an IoU of 0.6, indicating a

decrease in the model’s sensitivity. This trend becomes more pronounced at an

IoU of 0.7, where the FNs increase significantly to 136, accounting for 24.64%

of the ground truths. The model’s sensitivity is substantially reduced at this

threshold, failing to detect a considerable number of true objects.

At higher IoU thresholds of 0.8, 0.9, and 1.0, the model exhibits a substantial

decline in sensitivity. The FN counts rise dramatically to 327 (59.24%), 501

(90.76%), and 552 (100%) respectively. It is important to acknowledge that

achieving high precision in object detection, especially at these thresholds, is

inherently challenging. Particularly at an IoU of 1.0, where perfect overlap is

theoretically required, it is unrealistic to expect any model to align perfectly

with all ground truth instances. Therefore, the high FN rate at this threshold

should not be seen as a failure of the model but rather as an indication of the

extremely stringent and often impractical standards set by such high IoU values.

In conclusion, the model demonstrates high sensitivity at lower IoU thresh-

olds, efficiently detecting most of the true objects. However, as the IoU criterion

becomes more demanding, a reduction in the model’s ability to detect objects

accurately is observed. This trend, particularly at higher IoU values, underscores

the limitations inherent in the pursuit of perfect spatial accuracy in object detec-

tion tasks.

These false negatives had a sign size distribution shown in Figure 3.19. The
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Table 3.29: Warning-sign false-negative counts by IoU threshold.

IoU 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

FNs 10 10 10 11 11 15 41 136 327 501 552
% 1.81 1.81 1.81 1.99 1.99 2.72 7.43 24.64 59.24 90.76 100.00

average missed sign had a width of 13 pixels and a height of 18.5 pixels (ignoring

outliers). Seventy-five percent of the missed signs had a width below 16 pixels

and a height below 22.75 pixels.
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Figure 3.19: Boxplot for False Negative Sign Sizes.

Figure 3.20 shows the false negatives, plotted on top of the heat map of the

true positives. This distribution of ground-truth signs highlights both the missed

and detected signs. The false negatives are marked with high-contrast red crosses

to make the missed cases visible against the heat-map background.

Unlike the poles where low IoU values cluster together, there is no clustering

of IoU values for the signs. Because of this, there are no further recommendations

for pole sizes.

Model predictions are more accurate when the pole sizes have widths greater

than 8 pixels and heights greater than 35 pixels. The thresholds in Figure 3.21

removed one correct sign detection; error counts did not change.
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Figure 3.20: Signs ground-truth heat map with false negatives marked using high-
contrast red crosses.
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Figure 3.21: Pole size threshold on signs with false negatives marked using high-
contrast red crosses.

3.6 Summary

This chapter has presented a comprehensive study on the application of deep

learning models for the detection and assessment of wooden utility poles and

attached warning signs. The research involved the creation of a large and metic-

ulously annotated dataset, leveraging over 670,000 geographic coordinates pro-

vided by UKPN, and the utilisation of images extracted from Google Street View.

A rigorous benchmarking of existing object detection models—RetinaNet, Faster

R-CNN, and YOLO v3-Tiny—was conducted.

The findings from the benchmarking phase revealed that while traditional

models exhibited varying degrees of success, they faced challenges in accurately

detecting utility poles, particularly in the absence of distinctive features like

crossarms. RetinaNet achieved a mAP of 23.00%, and Faster R-CNN reached

an mAP of 63.82%, both demonstrating limitations in handling the complex-
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ity of the dataset. YOLO v3-Tiny performed better, with an mAP of 77.00%,

but still fell short in achieving the high levels of precision required for reliable

automated inspections.

The introduction of the DETR model marked a significant advancement in

this domain. By integrating convolutional neural networks with transformer ar-

chitectures, DETR was able to capture both local and global features of the

images, enabling it to more effectively distinguish utility poles from visually sim-

ilar objects like trees or lampposts. The DETR model achieved an impressive

mAP of 90.43% for utility pole detection and 88.26% for warning sign detection,

outperforming the other models by a substantial margin.

This benchmark should be read as an applied comparison on the thesis dataset:

the DETR pipeline was tuned for OHL-UK, while the legacy detectors were repro-

duced as strong literature baselines rather than exhaustively re-optimised vari-

ants.

The superior performance of the DETR model can be attributed to its end-

to-end training approach and the use of the Hungarian algorithm for direct set

prediction without the need for anchor boxes or non-maximum suppression. This

architecture allowed DETR to handle the complex visual environments presented

in the dataset, demonstrating robustness in detecting objects of varying sizes and

orientations, even in images of lower quality from Google Street View.

Further analysis highlighted the correlation between the size of the utility

poles and the detection accuracy, with larger poles being detected more reliably.

The study also identified and categorised false positives and negatives, providing

insights into areas where the model could be further improved.

In conclusion, this research demonstrates that the DETR model improves

automated utility pole and warning sign detection in challenging Google Street

View imagery. Its application contributes to computer vision practice and offers

the utility sector a scalable route for infrastructure inspection and maintenance.
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The methods and findings provide a foundation for future work on more difficult

scenes, additional infrastructure classes, and real-time deployment.
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Chapter 4

Lean Angle Estimation of Utility

Poles

4.1 Introduction

Utility pole detection and segmentation have become critical tasks in many in-

dustrial applications, particularly for infrastructure monitoring and maintenance.

Accurate detection of utility poles is essential for ensuring structural integrity,

conducting safety assessments, and planning interventions. Segmentation, the

process of delineating the exact boundaries of objects, plays a key role in pro-

viding more detailed and precise analyses compared to simple detection tasks.

Unlike bounding box detection, segmentation provides pixel-level information,

enabling advanced spatial analyses of objects.

Semantic segmentation methods have seen significant advancements with the

introduction of FCNs [106], which revolutionised the field by enabling dense,

pixel-wise predictions. FCNs laid the foundation for subsequent segmentation

approaches by demonstrating that convolutional architectures could be effectively

adapted to produce segmentation masks rather than just classification or bound-

ing boxes. In this context, modern detection frameworks such as DETR (DEtec-
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tion TRansformer) [68] extend their capabilities to include segmentation with-

out requiring architectural modifications. By leveraging the inherent strength of

transformers in object detection, DETR generates segmentation masks alongside

bounding boxes in a unified, end-to-end manner.

This work focuses on applying DETR for the segmentation of wooden utility

poles and their attached warning signs. The pixel-level masks produced by DETR

provide a detailed spatial representation of the poles’ boundaries, which is partic-

ularly valuable for downstream tasks such as lean angle estimation. Lean angle

estimation is an important metric in assessing the physical condition of utility

poles, offering insights into potential structural issues caused by factors such as

wind-related disasters [107]. The angular deflection of utility poles is a recog-

nised indicator of structural resilience and can help power distribution companies

identify poles at risk of failure and plan corrective measures effectively.

Compared to the state-of-the-art approaches reviewed in the literature, the

proposed method using DETR for segmentation offers several key advantages.

Traditional methods such as those presented by Zhang et al. [14] and Liu et

al. [16] primarily rely on bounding box detection followed by localisation or fo-

cused component analysis. While effective for coarse localisation or detection of

smaller pole components, these methods do not provide the detailed boundary

information necessary for precise lean angle estimation. Other approaches, such

as the UAV-based segmentation technique by Zhu et al. [10], rely on classical

segmentation models like SegNet, coupled with post-processing using the Hough

Transform to calculate lean angles. However, the use of DETR removes the need

for such multi-stage pipelines by unifying detection and segmentation in a single

framework, reducing complexity and computational overhead.

Furthermore, vehicle-based methods such as Park et al. [15], which combine

stereo vision and triangulation for 3D pole localisation, are hardware-dependent

and require specialised equipment. In contrast, the DETR-based segmentation
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approach presented here relies solely on high-resolution 2D images, making it

more adaptable for practical deployment in various settings without the need for

additional hardware infrastructure.

The evaluation of DETR’s segmentation performance is conducted using the

specialised dataset introduced in Section 3.2. By utilising segmentation anno-

tations, DETR is fine-tuned to produce high-quality masks of utility poles and

attached warning signs. The results demonstrate that the proposed approach

achieves a higher level of detail and accuracy in segmenting utility poles com-

pared to bounding box-based methods and conventional multi-stage pipelines.

This capability enables robust and precise lean angle estimation, contributing to

improved structural assessments and maintenance planning for utility poles.

4.2 Dataset Preparation

The dataset utilised to advance the DETR model’s capabilities for both detection

and segmentation of wooden utility poles and their warning signs is an extension

of the dataset described in Chapter 3.2. The core structure, including the ge-

ographic coverage, data splits, and five-fold configuration, remains unchanged.

The primary enhancement is the addition of segmentation annotations, which

provide polygonal boundaries for the objects. These additional annotations en-

able a more detailed analysis, facilitating precise segmentation and the subsequent

computation of ground-truth lean angles for structural assessment of the utility

poles.

The ground-truth lean angle is defined as the absolute deviation of the an-

notated pole centreline from the vertical direction in the two-dimensional image

plane. It is estimated using a two-stage process, as illustrated in Figure 4.1.

Segmentation points are first converted into a polygonal boundary, after which

a line of best fit is derived using the OpenCV fit line method. The lean angle is
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then calculated from the fitted line orientation using trigonometric principles and

reported in degrees. This definition measures apparent image-plane lean only; it

does not measure three-dimensional lean towards or away from the camera. No

assumption is made that the Google Street View camera is perfectly horizontal

to the ground. Instead, image vertical is used as a practical proxy for gravity,

meaning that camera roll, road camber, terrain slope, and viewpoint can intro-

duce image-plane angle error.

(a)
Original
Image.

(b)
Convert Segmentation

to Polygon.

(c)
Fit Line

and Estimate Angle.

Figure 4.1: Ground-Truth Lean Angle Estimation Process.

Segmentation annotations are captured within the JSON files as an array of

coordinates, detailing the polygonal boundary of the objects. The structure of

these annotations is expressed in the ‘segmentation‘ field with coordinates paired

sequentially as x and y values: [[x1, y1, x2, y2, ..., xn, yn]]. These

pairs, when connected, form a polygon that accurately outlines the shape of

the utility poles, allowing for precise segmentation.

These segmentation coordinates fulfil a dual purpose. Firstly, they enable the

DETR model to achieve detailed segmentation of the utility poles. Secondly, they

are integral to calculating the ground truth lean angle of the poles. The ground

truth angles are derived through a two-stage process, initially utilising the fit

line method from the OpenCV library to estimate a line of best fit through the
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segmentation points. This method performs a regression analysis, optimising the

line placement to minimise the distances of the points to the line.

The lean angle is computed using trigonometry, specifically the arctangent of

the line’s gradient, which is given by the formula:

θ = arctan

(
rise

run

)
(4.1)

where ”rise” represents the change in the y-coordinate and ”run” indicates the

change in the x-coordinate of the line vector. The ‘angle‘ field in the JSON entry

records this calculated lean angle, providing an essential metric for the poles’

structural analysis.

In this thesis, θ is treated as an image-plane apparent lean angle measured in

degrees relative to the vertical image axis. The fitted line orientation is converted

to the acute deviation from vertical, so the recorded ground-truth angle lies in

the range 0◦ ≤ θ ≤ 90◦, where 0◦ corresponds to a vertical pole in the image

and larger values indicate stronger apparent lean. Prediction error is reported as

absolute angular error against the annotated ground truth:

θError = |θpredicted − θground truth| . (4.2)

For instance, the JSON entry for an object is:

{

"image_id": 917,

"id": 1484,

"category_id": 0,

"segmentation": [[475.0, 0.0, ..., 476.0, 0.0]],

"bbox": [475.0, 0.0, 14.0, 90.0],

"iscrowd": 0,

"angle": 0.67
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}

In this entry, the ‘angle‘ is determined to be 0.67 degrees. This meticulous cal-

culation allows for an intricate examination of the poles, beyond simple detection

and segmentation, laying the groundwork for in-depth structural analysis.

4.3 Segmentation Model

To incorporate segmentation capabilities into the DETR model devised in Chap-

ter 3, attention is placed on the additional layers and training adaptations neces-

sary to segment wooden utility poles. The following explanation builds upon the

technical specifics and advancements presented for DETR.

Architectural Extensions The DETR model, initially developed for object

detection in Chapter 3, is augmented with a segmentation head to facilitate in-

stance segmentation tasks. Inspired by the mask prediction branch in Mask R-

CNN [84], this segmentation head is implemented as a small fully convolutional

network (FCN) appended to the last layer of the transformer’s decoder [68].

The segmentation head processes the features output by the transformer, util-

ising the learned positional encodings and attention mechanisms inherent to the

transformer model.As illustrated in Figure 4.2, the decoder produces a set of

per-object box embeddings that, via multi-head attention over the encoded im-

age features, give rise to attention maps; these attention-weighted features are

then combined with multi-scale ResNet features and refined by a Feature Pyramid

Network (FPN)-style convolutional network to generate the final mask logits [13].

The FPN, originally proposed to handle multi-scale feature extraction in object

detection tasks, processes features at different resolutions and combines them to

preserve fine-grained spatial details while maintaining semantic richness. This

refined feature representation is then used to output pixel-wise mask logits. A
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pixel-wise argmax operation is applied to generate the final binary masks for each

detected object, indicating the presence or absence of the object at each pixel.

M
ulti head attention

Input image
(3 x H x W)

Box embeddings
(d x N)

Encoded image
(d x H/32 x W/32)

Attention maps
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Figure 4.2: Illustration of the Panoptic Head [68].

Loss Functions for Segmentation To supervise the predicted masks against

the ground truth masks, DETR employs a combination of losses, which are defined

as follows:

• Hungarian Loss: The Hungarian loss is primarily used for object detec-

tion and includes:

1. Negative log-likelihood loss for class predictions.

2. A linear combination of the L1 loss and the Generalised Intersection

over Union (GIoU) loss for bounding box regression.

See Section 2.5.2 for more details on the Hungarian Algorithm.

• Dice Loss (F-1 Loss): First introduced in the context of volumetric medi-

cal image segmentation [108], the Dice loss is a differentiable approximation

of the Dice coefficient, defined as:

LDICE(m, m̂) = 1 − 2mσ(m̂) + 1

σ(m̂) + m + 1
, (4.3)

where:
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– m represents the ground truth mask.

– m̂ is the predicted logits.

– σ denotes the sigmoid activation function.

The addition of 1 in both the numerator and denominator ensures numerical

stability. This formulation directly optimises the overlap between predicted

and ground truth masks, making it particularly effective in handling class

imbalance [108].

• Focal Loss: The Focal loss [13] is a variant of the Binary Cross-Entropy

loss that down-weights easy examples and focuses on hard-to-classify pixels.

It is defined as:

CE =

− log(p), if y = 1,

− log(1 − p), otherwise.

(4.4)

Focal Loss introduces the modulating factor (1 − pt)
γ, where pt is the esti-

mated probability for the ground truth class:

pt =

p, if y = 1,

1 − p, otherwise.

(4.5)

Therefore, the Focal Loss is expressed as:

FL(pt) = −αt(1 − pt)
γ log(pt), (4.6)

where:

– αt is a balancing factor to address class imbalance.

– γ > 0 is the focusing parameter that down-weights the loss for well-

classified pixels.
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The total loss function for DETR during the segmentation training phase

combines the Hungarian loss for object detection and the mask-specific losses. It

is defined as:

Ltotal = LHungarian + λDICELDICE + λFocalLFocal, (4.7)

where:

• λDICE and λFocal are hyperparameters that balance the contributions of the

Dice and Focal losses during training.

By combining these loss components, DETR is able to jointly optimise object

detection and segmentation tasks, ensuring spatial accuracy for bounding boxes

and high-quality mask predictions.

Training Procedure for Segmentation To train DETR for segmentation,

the pre-trained object detection model undergoes fine-tuning with the segmen-

tation head using the combined loss functions. The dataset’s annotations, pre-

viously comprised of bounding boxes, are enriched with segmentation masks in

the form of polygons detailed in the JSON files. These masks delineate the exact

outline of the utility poles and any attached warning signs.

The hyperparameters for the segmentation task were kept identical to those

used for the utility pole and warning sign detection model described in Chapter

3. The only adjustment was to the number of epochs, which was set to 10, as

determined through an ablation study.

During fine-tuning, the segmentation head learns to produce high-quality

masks that align with the detected objects’ bounding boxes. The model is trained

using backpropagation, where the gradients from the loss functions are used to

update the weights of both the transformer and the segmentation head. The

training process involves balancing the weights of the different loss components
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to ensure both accurate object detection and precise segmentation.

Inference and Evaluation In the inference phase, DETR generates bounding

boxes and corresponding segmentation masks for the detected utility poles. The

performance is then evaluated using standard metrics such as IoU for the segmen-

tation masks, complementing the object detection metrics discussed in Chapter

3.

In summary, the extension of DETR for segmentation involves the integration

of a mask head, the introduction of additional loss functions suited to segmen-

tation, and fine-tuning the model with enriched annotations. This enables the

model not only to detect but also to segment the utility poles, providing detailed

spatial information essential for analyses such as lean angle estimation.

4.3.1 Segmentation Model Fine-tuning

The segmentation task leveraged the pre-trained DETR model introduced in

Chapter 3, where it was originally trained to detect utility poles and warning

signs. For this task, we fine-tuned the model’s segmentation head while freezing

the detection weights. The fine-tuning focused specifically on refining the model’s

ability to segment utility poles by accurately delineating their shapes and bound-

aries. This was achieved using segmentation annotations in the dataset, which

provided precise polygonal outlines of the poles as arrays of x and y coordinates

stored in JSON files.

The process was efficient; by running the model for a limited number of

epochs—10 in this case—the segmentation head reached a level of performance

that was sufficient for detecting the boundaries of the poles with high accuracy.

The minimal training time required demonstrates that DETR’s underlying archi-

tecture, when fine-tuned appropriately, can quickly adapt to segmentation tasks

without the need for a lengthy retraining process. This is especially advanta-
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geous for tasks where a pre-trained object detection model already exists and

segmentation is an extension of that detection.

The segmentation evaluation includes a standalone mask-quality assessment

and an epoch-ablation analysis. Table 4.1 summarises the mask metrics, while

Table 4.2 reports the epoch-ablation results. The selected checkpoint at epoch 3

achieved both the best mask AP@0.50 and the lowest matched-angle error in the

sweep, indicating that the early fine-tuning stage was sufficient for the available

segmentation data. Although later epochs can improve individual measures such

as recall, they did not improve the combined mask-quality and lean-angle objec-

tive used for checkpoint selection. Figures 4.3 and 4.4 show the corresponding

mask and angle-error trends. The DETR/DINO terminology in the standalone

mask table denotes the transformer-family segmentation checkpoint used for the

epoch sweep; the YOLOv8 rows document standalone mask quality for the trained

YOLOv8 segmentation checkpoint alongside the DETR-based lean-angle pipeline.

Table 4.1: Standalone segmentation metrics.

Source Mask mAP@0.50:0.95 Mask AP@0.50 Mask recall

Segmentation DETR/DINO epoch sweep 8.60 29.11 18.08
YOLOv8 segmentation five-fold mean 32.76 81.22 –
YOLOv8 segmentation phase-B fold 1 42.98 76.91 67.40

Table 4.2: Segmentation epoch-ablation results for validation loss, mask quality, and
lean-angle error.

Epoch Val. loss Mask mAP@0.50:0.95 Mask AP@0.50 Mask AR@100 Matched masks Angle MAE

1 25.50 7.20 25.30 15.90 803 8.90
2 28.10 5.60 19.00 17.10 800 10.30
3 25.90 8.60 29.10 18.10 795 5.89
4 26.60 8.20 27.70 18.60 824 7.40
5 26.60 6.10 21.40 16.70 835 7.30
6 28.90 7.40 25.20 17.20 813 6.90
7 32.30 3.00 11.50 15.60 797 6.80
8 25.80 6.20 22.20 17.10 814 9.20
9 24.60 6.60 23.30 18.20 835 6.70
10 26.70 5.90 19.60 18.70 825 6.20
11 26.00 8.30 25.80 22.20 828 6.30

The trained YOLOv8 segmentation checkpoint was also evaluated directly on
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Figure 4.3: Validation loss, mask AP, and mask recall across the segmentation
epoch sweep.
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Figure 4.4: Lean-angle error for the segmentation epoch sweep. Angle errors are
reported where predicted masks matched ground-truth pole masks at IoU ≥ 0.50.
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the OHL-UK test split to quantify mask quality independently of the downstream

lean-angle calculation. Table 4.3 reports instance-level IoU, Dice, precision, and

recall, and Figure 4.5 shows the distribution of matched-mask IoU and Dice

values. This confirms that the segmentation component is not evaluated only

indirectly through angle error.

Table 4.3: Standalone instance-mask metrics for the trained YOLOv8 segmentation
model on the OHL-UK test split.

Metric Value

Images evaluated 920
Ground-truth pole masks 1,490
Predicted pole masks 1,458
Matched masks at IoU ≥ 0.5 1,274
Mean mask IoU 0.806
Median mask IoU 0.827
Mean Dice 0.890
Median Dice 0.905
Mean mask precision 0.873
Mean mask recall 0.917
Instance precision at IoU ≥ 0.5 0.874
Instance recall at IoU ≥ 0.5 0.855

The training-data proportion sensitivity experiment was repeated for segmen-

tation. As shown in Table 4.4, the 80% training setting produced the strongest

mean mask F1 and the lowest mean angle error, but the 50% and 60% settings

remained close in angular accuracy. Figures 4.6 and 4.7 show the corresponding

mask-quality and lean-angle trends.

Table 4.4: YOLOv8 segmentation sensitivity to reduced training-data proportions
across five folds. Values are mean ± standard deviation.

Training data Box mAP@0.50:0.95 Mask mAP@0.50:0.95 Mask F1 Mean angle error

50% 46.60 ± 0.87 30.40 ± 4.84 72.06 ± 1.74 1.95 ± 0.64
60% 47.70 ± 1.08 31.97 ± 5.06 73.36 ± 1.20 1.95 ± 0.68
80% 48.61 ± 1.13 31.91 ± 3.98 74.21 ± 2.01 1.92 ± 0.74
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Figure 4.5: Distribution of matched-instance mask IoU and Dice scores for the
trained YOLOv8 segmentation model on the OHL-UK test split.
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tation performance.
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Figure 4.7: Effect of reducing the training-data proportion on YOLOv8 segmen-
tation lean-angle error.

4.4 Utility Pole Lean Angle Estimation

For a given image, the DETR model returns a single segmentation image or

prediction mask. The model employs a transformer-based architecture, consisting

of an encoder and decoder. The encoder processes the input image features, and

the decoder uses learned object queries to attend to these features and predict

the final segmentation masks. The segmentation process involves predicting the

coordinates of the segmentation points, which outline the utility poles.

When superimposed onto the original image, the result is shown in Figure

4.10.
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Segmentation Image. Segmentation Image Superimposed.

Figure 4.10: Segmentation Image Superimposed on Original Image.

The predicted bounding boxes are used as coordinates to crop the segmenta-

tion mask. This is implemented in Python using libraries such as OpenCV and

NumPy. The segmentation image is converted to greyscale and subjected to Otsu

thresholding to convert the image to black and white pixels. The white pixels

represent the segmentations, while the black pixels represent the background.

The thresholding operation can be described mathematically as follows:

Given a greyscale image I, Otsu’s method finds the threshold t that minimizes

the intra-class variance, defined as:

σ2
w(t) = ω1(t)σ

2
1(t) + ω2(t)σ

2
2(t)

where: - ω1(t) and ω2(t) are the probabilities of the two classes separated by

the threshold t, - σ2
1(t) and σ2

2(t) are the variances of these two classes.

The segmentation results are shown in Figure 4.13.
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Left Pole. Right Pole.

Figure 4.13: Individual Poles After Otsu Thresholding.

Small utility pole objects can be detected, but after thresholding, small seg-

mentation masks often disappear. This does not pose a problem since measuring

the angles of distant poles is inherently inaccurate.

As an example, consider Figure 4.17. Two poles and a sign are detected;

however, the pole in the distance is too small to get any mask segmentations

from it, and no angle estimation is provided. The figure shows the original image

with detections and the mask images for each of the two poles, with the small

pole having no mask.

Image with Predictions. Small Pole No Mask. Right Mask.

Figure 4.17: Example of Predictions with Empty Mask.
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For each of the individual masks, the ‘fitLine‘ method from the OpenCV

library is used to plot the line of best fit through the masks. The ‘fitLine‘ function

calculates the optimal line that minimizes the orthogonal distances to all the

segmented points. The mathematical representation of the ‘fitLine‘ method is:

dist(xi, yi) = |axi + byi + c|

where (xi, yi) are the coordinates of the segmented points, and a, b, and c are

the coefficients of the line equation. The function minimizes the sum of these

distances to find the best fit line.

This line is then used to determine the lean angle of the utility pole using the

gradient from the straight-line equation. The lines are clipped to the minimum

and maximum heights of the predicted bounding boxes. In terms of azimuth

and altitude, the gradient of the line provides an azimuth measurement, while

the altitude can be considered in context of the vertical tilt with respect to the

zenith.

An example is shown below in Figure 4.18.

Figure 4.18: Angle Estimation Using Best Fit Line.
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By leveraging segmentation masks and employing the ‘fitLine‘ method, the

lean angle estimation of utility poles is improved, providing a more reliable anal-

ysis for structural assessments.

Figure 4.19 further illustrates the segmentation results used for angle estima-

tion.

Figure 4.19: Angle Estimation Using Segmentations.

4.4.1 Testing and Results

The segmentation model was tested on the same 920 test images that were used

to evaluate the Utility Pole detection model, with the exception that the test

set included polygon information specifically for the wooden utility poles. The

model’s performance was evaluated based on its ability to estimate the lean an-

gles of utility poles, using both ground-truth segmentation points and predicted

segmentation masks. The evaluation focused on the accuracy of these predicted
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angles compared to the ground truth, as detailed in the previous section.

Lean Angle Estimation

The model excelled at estimating the lean angles for 1,367 out of the 1,433 true

positive poles, leaving only 66 small poles without an angle calculation. The

average error between the predicted and ground-truth angles was a mere 1.01

degrees, with a standard deviation of 1.95 degrees. Despite a maximum error

of 37.69 degrees for one pole, the majority of predictions were highly accurate.

Table 4.5 summarises the test-set lean-angle evidence.

Table 4.5: DETR segmentation lean-angle summary on the thesis test set.

Metric Value

Pole detections with predicted angle 1,367
Pole detections without predicted angle 66
Unique images with predicted angle 917
Mean absolute angle error (degrees) 1.013
Standard deviation (degrees) 1.946
Median absolute angle error (degrees) 0.470
Maximum absolute angle error (degrees) 37.690
Mean IoU for angle-evaluable detections 0.729

As detailed in Table 4.6, 98% of the angle predictions had errors within 5 de-

grees, and just 2% of poles exhibited errors greater than 5 degrees. Furthermore,

Table 4.7 shows that 90% of the poles had an angle error within 2 degrees, with

75% of predictions falling within 1 degree of the actual angle.

These results highlight the robustness of the fine-tuned DETR segmentation

model for accurately estimating the lean angles of utility poles, even when com-

pared to prior research.
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Table 4.6: Pole Lean Angle Error.

Angle Error (Degrees) Count

No Predictions 66

0 ≤ θError ≤ 5 1,333

5 < θError ≤ 10 26

10 < θError ≤ 15 3

15 < θError ≤ 20 3

25 < θError ≤ 30 1

30 < θError ≤ 40 1

Table 4.7: Breakdown of Top Pole Angle Error Count.

Angle Error (Degrees) Count

0 ≤ θError ≤ 1 1,002

1 < θError ≤ 2 203

2 < θError ≤ 3 68

3 < θError ≤ 4 35

4 < θError ≤ 5 25

Figure 4.20 confirms that the large-error cases are rare relative to the main

concentration of predictions below 5◦. Figure 4.21 shows representative highest-

error examples. The largest deviations occur where mask quality, occlusion, par-

tial pole visibility, non-standard pole geometry, surface defects, or ambiguity in

the visible pole centreline affects the fitted line. These cases illustrate that the

method is strongest when the visible mask follows a clean, approximately cylindri-

cal pole centreline and less reliable when the pole is fragmented, partly hidden,

damaged, fitted with substantial attachments, non-cylindrical in silhouette, or

viewed under difficult image-plane geometry. This limitation is important for de-
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Figure 4.20: Distribution of DETR segmentation lean-angle errors on the thesis
test set.

ployment because chipped, decayed, bent, or otherwise irregular poles can cause

the fitted line to follow the visible defect boundary rather than the structural

centreline of the pole.

Comparison with Prior Work

A direct same-dataset comparison with the closest prior lean-angle studies could

not be reported because the cited studies do not provide reusable public image

and annotation datasets. The comparison is therefore limited to the information

available from the published papers: dataset scale, data accessibility, imaging

context, and reported lean-angle distributions. This limitation is important be-

cause apparent differences in angle-estimation accuracy can be affected by pole

height in the image, imaging viewpoint, occlusion, and the proportion of near-

vertical poles in the test set. The OHL-UK row in Table 4.8 is included as the
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Figure 4.21: Highest-error DETR segmentation lean-angle examples. Green in-
dicates the ground truth and red indicates the prediction.
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benchmark introduced in this thesis, not as prior work.

Table 4.8: Dataset accessibility and comparison basis for lean-angle evaluation.

Study or bench-

mark

Reported data Direct-comparison status

Zhu et al. [10] 64 UAV images containing 84

utility poles.

No reusable public image or

annotation dataset was iden-

tified, so direct evaluation on

the same images was not pos-

sible.

Alam et al. [17] UAV case study in Beaumont,

Texas, reporting lean-angle cat-

egories for 173 utility poles.

No reusable public image

or annotation dataset was

identified; comparison is re-

stricted to reported angle-bin

distributions.

This thesis: OHL-

UK dataset

920 held-out test images con-

taining 1,490 pole angle an-

notations, with 1,433 true-

positive detections used for

lean-angle evaluation.

Dataset and trained models

are made publicly available,

enabling independent evalua-

tion and reuse.

The OHL-UK test annotations have a mean absolute lean angle of 2.19◦, a

median of 1.58◦, and a maximum of 28.51◦ across 1,490 annotated poles. In angle-

bin terms, 91.54% of annotated poles fall within 0◦–5◦, 6.98% fall within 5◦–10◦,

and 1.48% exceed 10◦. Figure 4.22 compares this distribution with the reported

angle categories in Alam et al. [17]. The OHL-UK evaluation therefore provides

a larger and openly reusable benchmark, but it should not be interpreted as a

direct replication of prior studies on identical imagery.
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Figure 4.22: Comparison between the OHL-UK lean-angle distribution and the
angle-bin distribution reported by Alam et al. [17].

4.5 Summary

This work has successfully extended the DETR model to perform both detection

and precise segmentation of wooden utility poles and their associated warning

signs. By incorporating a segmentation head and fine-tuning the model on a

dataset enriched with pixel-level annotations, the model achieved accurate mask

generation and enabled calculation of important structural metrics such as lean

angle—an essential factor for pole assessment and maintenance.

The lean angle estimation results were particularly strong. The model pro-

vided predictions for 1,367 out of 1,433 poles, with an average error of just 1.01

degrees and a standard deviation of 1.95 degrees. Notably, 98% of angle predic-

tions had errors within 5 degrees, and 90% were within 2 degrees. The evaluation

is larger than the directly comparable published studies and is supported by an

openly reusable dataset and model release, although the absence of public image-

level data from prior studies prevents a direct same-dataset comparison.
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These results demonstrate the robustness and scalability of the fine-tuned

DETR segmentation model for utility pole analysis. The integration of segmen-

tation within the object detection pipeline provides significant advantages, en-

abling detailed spatial understanding and precise structural assessments under

real-world conditions.

More broadly, this study shows that a pre-trained detection model can be

adapted to deliver fine-grained, task-specific measurements such as lean angle

without the need for a bespoke architecture. Evaluating deployment speed and

resource usage in realistic industrial settings is an important direction for future

work.
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Conclusion

This thesis has presented a comprehensive investigation into the application of

deep learning techniques for the detection and assessment of wooden utility poles

and their attached warning signs using publicly available imagery, such as Google

Street View. Motivated by the limitations of traditional inspection methods and

the shortcomings of prior automated systems, this work introduced a robust, end-

to-end pipeline that combines detection and segmentation to support scalable and

reliable infrastructure monitoring.

Three core objectives guided this research: (1) to develop a state-of-the-art

deep learning model for detecting utility poles and their attached warning signs;

(2) to support accurate lean angle estimation through precise segmentation; and

(3) to automate the inspection process in order to improve efficiency, reduce costs,

and enhance safety in electrical infrastructure maintenance.

5.1 Contributions

The contribution of this thesis is applied and methodological rather than the

proposal of a wholly new neural-network architecture. Its novelty lies in curating

and releasing a domain-specific dataset, adapting and benchmarking established
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detection and segmentation models for wooden utility pole inspection, and inte-

grating mask-based image-plane lean-angle estimation into the same inspection

workflow.

To achieve these aims, the thesis introduced a detection and segmentation

system based on the DEtection TRansformer (DETR), a transformer-based archi-

tecture that unifies convolutional and attention mechanisms. The DETR model

was benchmarked against established detectors—YOLO v3-Tiny, RetinaNet, and

Faster R-CNN—on a large, diverse dataset constructed from over 670,000 geo-

graphic coordinates provided by UK Power Networks. DETR significantly out-

performed these models, achieving a mean average precision of 90.43% for utility

pole detection and 88.26% for warning sign detection.

A further contribution of this work is the extension of DETR to include seg-

mentation capabilities, enabling the estimation of pole lean angles directly from

the predicted masks. This segmentation-based approach was applied to 1,433

true positive poles, producing lean angle estimates with an average error of 1.01

degrees and 98% of errors falling within 5 degrees. Relative to previous studies,

this work provides a larger openly documented evaluation and reports the acces-

sibility limitation that prevents direct same-dataset replication of the published

lean-angle methods.

In addition to the model architecture, this thesis contributes a large, high-

quality dataset of utility pole and warning sign annotations tailored to real-world

conditions. Unlike prior work focused on poles with crossarms or drone im-

agery, this dataset includes challenging examples of straight wooden poles without

crossarms, captured from diverse angles and lighting conditions using ground-level

imagery. The inclusion of warning sign detection further improves the legal and

operational relevance of the system.

In summary, this thesis demonstrates that deep learning models—particularly

transformer-based architectures—can be effectively applied to large-scale, real-
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world infrastructure assessment tasks. By integrating detection and segmentation

into a unified framework, the proposed approach offers a scalable, accurate, and

cost-effective alternative to manual or drone-based inspection methods. While

further work is needed to address extreme clutter and urban complexity, the

methods developed here lay a strong foundation for future research and industrial

deployment.

5.2 Future Work

The work presented in this thesis has made significant strides in automating the

detection and assessment of utility poles and their attached warning signs using

advanced deep learning models. While the methods developed have demonstrated

high accuracy in challenging environments such as Google Street View images,

several areas for future research and improvement remain.

One potential avenue for future work is the integration of additional safety-

critical features into the detection pipeline. Although this study focused on iden-

tifying utility poles and attached warning signs, other important elements, such

as insulators, transformers, or crossarms, could be included to create a more

comprehensive system for infrastructure monitoring. Expanding the dataset to

cover a broader range of pole-mounted equipment and refining the model to de-

tect these additional components would provide utility companies with a more

detailed understanding of the overall health of the poles and their associated

systems.

Another area for further research is the application of advanced transfer learn-

ing techniques. By leveraging pre-trained models on related tasks, such as object

detection in street-level imagery, the proposed model could be fine-tuned to detect

previously unseen objects or faults with minimal training data. This approach

would be particularly valuable for detecting rare or emerging issues, such as newly
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introduced warning signs or pole attachments. Investigating one-shot or few-shot

learning techniques would enable the model to quickly adapt to new conditions

without the need for extensive retraining.

In addition to improving the range of detectable features, future work could

also focus on enhancing the robustness of the system in more diverse geographi-

cal and environmental conditions. For instance, rural environments with different

types of poles and terrain present unique challenges that may not be fully ad-

dressed by the current model. By incorporating additional datasets from varying

climates, seasons, and geographic regions, the model could be further generalised

to handle a wider array of real-world conditions.

Finally, a future extension could involve the inclusion of other geospatial data,

such as weather conditions or soil type, which could affect the structural integrity

of utility poles over time. By incorporating these external factors into the anal-

ysis, the system could provide predictive insights that help to identify poles at

higher risk of failure due to environmental factors.

By addressing these avenues of future work, the proposed model can be fur-

ther developed into a more comprehensive, adaptable, and predictive tool for

automating the inspection and maintenance of utility pole infrastructure.

In conclusion, this thesis contributes to automated visual inspection of elec-

trical infrastructure by offering a scalable, cost-effective solution for utility pole

detection and lean angle estimation. The methodologies developed here provide

a foundation upon which future work can build, with the goal of achieving fully

autonomous, intelligent systems for infrastructure management and maintenance.
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Appendix A

RetinaNet

A.1 Ablation Study Plots

Figure A.1: Training and validation losses and mAP against epochs for a learning
rate of 1 × 10−3.
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Appendix A. RetinaNet

Figure A.2: Training and validation losses and mAP against epochs for a learning
rate of 1 × 10−4.

Figure A.3: Training and validation losses and mAP against epochs for a learning
rate of 1 × 10−5.
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Appendix A. RetinaNet

Figure A.4: Training and validation losses and mAP against epochs for a learning
rate of 1 × 10−6.

Figure A.5: Training and validation losses and mAP against epochs for a learning
rate of 1 × 10−7.
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Appendix A. RetinaNet

A.2 Cross-Validation Plots
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Figure A.6: Training and validation losses and mAP against epochs for Fold 0.
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Figure A.7: Training and validation losses and mAP against epochs for Fold 1.
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Figure A.8: Training and validation losses and mAP against epochs for Fold 2.
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Figure A.9: Training and validation losses and mAP against epochs for Fold 3.
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Figure A.10: Training and validation losses and mAP against epochs for Fold 4.
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Appendix B

Yolo v3-Tiny

Plot note: The YOLO v3-Tiny ablation figures report the logged training optimi-

sation loss together with validation mAP. The cross-validation figures reproduce

the loss traces generated during each fold; where the plot axis uses “Average

Loss”, this denotes the optimisation loss recorded during training, while valida-

tion performance is represented by the mAP curve and fold-summary tables.
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Appendix B. Yolo v3-Tiny

B.1 Ablation Study Plots
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Figure B.1: Training losses and mAP against epochs for a learning rate of 1×10−3.
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Figure B.2: Training losses and mAP against epochs for a learning rate of 1×10−4.
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Figure B.3: Training losses and mAP against epochs for a learning rate of 1×10−5.
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Figure B.4: Training losses and mAP against epochs for a learning rate of 1×10−6.
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Figure B.5: Training losses and mAP against epochs for a learning rate of 1×10−7.
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Figure B.6: Training and validation losses and mAP against epochs for Fold 0.
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Figure B.7: Training and validation losses and mAP against epochs for Fold 1.
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Figure B.8: Training and validation losses and mAP against epochs for Fold 2.
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Figure B.9: Training and validation losses and mAP against epochs for Fold 3.
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Figure B.10: Training and validation losses and mAP against epochs for Fold 4.
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Appendix C

Faster RCNN

Plot note: The Faster R-CNN figures report the training optimisation loss gen-

erated during training and the validation mAP used for model selection. A sep-

arate validation-loss curve was not part of the diagnostic output for this training

workflow, so validation performance is reported through the mAP curve and fold-

summary tables rather than by an additional loss trace.
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Appendix C. Faster RCNN

C.1 Ablation Study Plots
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Figure C.1: Training losses and mAP against epochs for a learning rate of 1×10−3.

0 25 50 75 100 125 150 175 200
Epochs

0.03

0.06

0.09

0.12

0.15

0.17

0.20

0.23

0.26

0.29

To
ta

l L
os

s

Total Loss

27.68

31.49

35.30

39.11

42.92

46.73

50.55

54.36

58.17

61.98

m
AP

(89,61.98)

mAP

Figure C.2: Training losses and mAP against epochs for a learning rate of 1×10−4.
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Figure C.3: Training losses and mAP against epochs for a learning rate of 1×10−5.
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Figure C.4: Training losses and mAP against epochs for a learning rate of 1×10−6.
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Figure C.5: Training losses and mAP against epochs for a learning rate of 1×10−7.
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Figure C.6: Training loss and mAP against epochs for Faster RCNN Fold 0.
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Figure C.7: Training loss and mAP against epochs for Faster RCNN Fold 1.
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Figure C.8: Training loss and mAP against epochs for Faster RCNN Fold 2.
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Figure C.9: Training loss and mAP against epochs for Faster RCNN Fold 3.

0 10 20 30 40 50
Epochs

0.07

0.09

0.11

0.13

0.15

0.18

0.20

0.22

0.24

0.26

To
ta

l L
os

s

Total Loss

28.43

32.96

37.50

42.04

46.57

51.11

55.64

60.18

64.72

69.25

m
AP

(41,69.25) mAP

Figure C.10: Training loss and mAP against epochs for Faster RCNN Fold 4.
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DETR

D.1 Cross-Validation Plots

Figure D.1: Training loss and mAP against epochs for DETR Fold 1.
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Figure D.2: Training loss and mAP against epochs for DETR Fold 2.

Figure D.3: Training loss and mAP against epochs for DETR Fold 3.
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Figure D.4: Training loss and mAP against epochs for DETR Fold 4.

Figure D.5: Training loss and mAP against epochs for DETR Fold 5.
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Code

E.1 GSV Image Retrieval - From Section 3.2

Listing E.1: Python script to download Google Street View images at multiple

headings

import googlemaps

import csv

import os

import requests

gmaps = googlemaps.Client(key=’YOUR_API_KEY_HERE’)

def download_street_view_images(lat, lng, location_name, save_directory="images"):

if not os.path.exists(save_directory):

os.makedirs(save_directory)

headings = [0, 90, 180, 270]

for heading in headings:

url = (

"https://maps.googleapis.com/maps/api/streetview"
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f"?size=640x640&location={lat},{lng}"

f"&heading={heading}&fov=90&pitch=0"

f"&key=YOUR_API_KEY_HERE"

)

image_filename = f"{location_name}_{heading}.jpg"

image_path = os.path.join(save_directory, image_filename)

response = requests.get(url)

if response.status_code == 200:

with open(image_path, ’wb’) as file:

file.write(response.content)

print(f"Image saved: {image_path}")

else:

print(f"Failed to download image for heading {heading} at ({lat}, {lng})")

def process_coordinates_csv(csv_file):

with open(csv_file, newline=’’) as file:

reader = csv.DictReader(file)

for row in reader:

lat = row[’latitude’]

lng = row[’longitude’]

location_name = row.get(’name’, f"location_{lat}_{lng}")

download_street_view_images(lat, lng, location_name)

process_coordinates_csv("coordinates.csv")

The function download street view images constructs the appropriate URL

with parameters such as image resolution, field of view (fov), and heading (di-

rection of the camera). The resulting images are stored in a designated folder,

which the script creates if it does not already exist.

Finally, the script’s process coordinates csv function reads the CSV file

containing the coordinates and calls the download function for each location. This

automated process significantly streamlines the collection of imagery, enabling
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efficient preparation of the dataset for training the deep learning model.
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