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RANGE OF COMPLEX ENGINEERING PROBLEMS / ACTIVITIES

Range of Complex Problem Solving
Attribute Complex Problem

1 Range of conflict-
ing requirements

Involve wide-ranging or conflicting technical, engi-
neering and other issues.

2 Depth of analysis
required

Have no obvious solution and require abstract think-
ing, originality in analysis to formulate suitable
models.

3 Depth of knowl-
edge required

Requires research-based knowledge much of which
is at, or informed by, the forefront of the profes-
sional discipline and which allows a fundamentals-
based, first principles analytical approach.

✓
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5 Extent of applicable
codes

Are outside problems encompassed by standards
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4 Consequences to so-
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5 Familiarity Can extend beyond previous experiences by apply-
ing principles-based approaches.
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Abstract

Effective safe navigation in demanding maritime environments demands dependable obstacle

detection at all ranges and in all weather and lighting conditions. Existing mono-modal

systems, whether radar, LiDAR or camera, suffer from significant drawbacks and cannot

be relied upon to operate independently. This project presents a multi-modal sensor fusion

software system developed to mitigate these drawbacks and merge the information produced

by camera, LiDAR, and radar sensors into a single, comprehensive 360-degree situational

awareness image. The system was developed using publicly available maritime dataset: the

Pohang Canal dataset. Four independent deep learning models were trained: YOLOv8 for

stereo camera object detection, achieving a mAP@50 of 0.917; Deeplab V3 for IR camera;

a PointNet binary classifier for LiDAR cluster filtering, achieving 100% accuracy; and a

PointNet binary classifier for radar cluster filtering, achieving 82% overall accuracy. We

used Depth Anything V2 for monocular depth estimation. It converts camera detections into

metric range estimates.

The outputs from the model are merged through a five-stage late-fusion process that system-

atically addresses stereo camera duplicates, cross-verifies camera detections with infrared

readings, enhances detections using LiDAR metric depth, incorporates radar validation,

and ensures comprehensive lateral coverage. In a sample evaluation frame, the combined

pipeline generated 51 confirmed detections ranging from 21.7 to 1493 meters, significantly

surpassing the capabilities of any individual sensor. The findings are displayed via an

interactive six-view Matplotlib dashboard specifically designed for bridge environments.

Keywords: Sensor Fusion, Obstacle Detection, Maritime Navigation, LiDAR, Radar,

YOLOv8, PointNet, Depth Estimation, Deep Learning, Autonomous Vessels

vi



TABLE OF CONTENTS

Sustainable Development Goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

Undertaking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Range of Complex Engineering Problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiv

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Challenges in Maritime Perception. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 How a Ship Moves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.4 Key Forces and Environmental Inputs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.5 Operational Implications. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.6 Sensor Types Used on Ships . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.6.1 Radar . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.6.2 Camera . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.6.3 LiDAR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.6.4 Automatic Identification System. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.6.5 Sonar . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.7 Research Motivation and Significance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.8 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.9 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

vii



1.10 Scope of Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.11 Conclusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1 Maritime navigation and obstacle detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.1 Fusion of Mid-Level Feature (Feature-Level Fusion) . . . . . . . . . . . . . . . . . 16

2.1.2 Late Fusion (Decision-Level Fusion) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.1.3 Comparison of Fusion Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2 Classical Computer Vision and Machine-Learning Methods . . . . . . . . . . . . . . . . . . 18

2.2.1 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2.2 Subsection Support Vector Machine (SVM) . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.3 Random Forest. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.4 K-Nearest Neighbours (KNN) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.5 Haar Cascade Classifiers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.6 Bag of Visual Words (BoVW) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.2.7 Template Matching . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.3 Deep Learning Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.1 PointNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.2 Convolutional neural network (CNN) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.3 Faster R-CNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3.4 PointNet++. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3.5 ResNet (Residual Networks) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3.6 DeepLabv3. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3.7 Depth Anything V2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3.8 Transformer-Based Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4 Maritime Data for Obstacle Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4.1 Pohang Canal Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.4.2 Singapore Maritime Dataset (SMD) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

viii



2.4.3 LaRS Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.4.4 KOLOMVERSE. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.4.5 Comparison of Maritime Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.5 Research Gap Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.6 Conclusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3 Design and Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.1 System Architecture Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2 Dataset Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.2.1 Pohang Canal Marine navigation Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3 Data Preprocessing and Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.1 Stereo Camera Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.2 Infrared Camera Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.3 LiDAR Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.4 Radar Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.5 Timestamp Synchronisation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.4 Independent Object Detection Model Architectures . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4.1 YOLOv8: Stereo Camera Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4.2 DeepLabv3: Infrared Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4.3 Depth Anything V2: Monocular Depth Estimation. . . . . . . . . . . . . . . . . . . . 40

3.4.4 PointNet: LiDAR Cluster Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.4.5 PointNet: Radar Cluster Classifier. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.5 Five-Stage Late Fusion Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.5.1 Stage 1: Stereo Camera Duplicate Resolution . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.5.2 Stage 1.5: Infrared Cross-Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.5.3 Stage 2: LiDAR Metric Depth Enrichment . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.5.4 Stage 3: Radar Confirmation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.5.5 Stage 4: Lateral Coverage Completion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

ix



3.6 System Integration and Execution Flow . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.7 Interactive Visualisation Dashboard. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.8 Conclusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4 Implementation, Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.1 Overview of Results. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 Camera Object Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.3 Infrared Camera . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.4 LiDAR Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.5 Radar Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.6 Integrated Fusion System Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.7 Dashboard and Operator Usability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.8 Cross-Modal Performance Analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.8.1 Detection Source Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.8.2 Range Coverage by Modality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.8.3 Sensor Removal Impact Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.9 Conclusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.2 Summary and Achievements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.3 Achievement of Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.4 Comparisons with Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.1 Recommendations for Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.1.1 Expanding the Radar Training Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.1.2 Adaptive Confidence-Weighted Fusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.1.3 Evaluation on the MOANA Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

x



6.1.4 MOANA Intrinsic Calibration Recovery . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6.1.5 Deep Feature-Level Fusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6.1.6 Real-Time Deployment and Hardware Integration . . . . . . . . . . . . . . . . . . . . 77

6.1.7 Extension to Naval and Patrol Vessel Contexts . . . . . . . . . . . . . . . . . . . . . . . . 77

6.2 Conclusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

6.3 Closing Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

List of Abbreviations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

A System Configuration and Software Dependencies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

Annexures. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

B Dataset Directory Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

xi



LIST OF FIGURES

Number Page

Fig 3.1 : Sensors on vehicle for the Pohang Canal dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

Fig 3.2 : YOLOv8 camera detection output on a Pohang Canal left-camera frame. . . . 38

Fig 3.3 : Additional YOLOv8 detection output illustrating detection in varied lighting

conditions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

Fig 3.4 : LiDAR and camera fusion result showing matched detections with metric

depth. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

Fig 3.5 : Full multi-sensor fusion output combining camera, LiDAR, and radar detec-

tions.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

Fig 3.6 : LiDAR top-down view with PointNet-filtered clusters highlighted. . . . . . . . . . . 44

Fig 3.7 : Radar Cartesian view with DBSCAN clusters and PointNet classification

labels.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Fig 3.8 : Six-view interactive dashboard layout with fusion polar display and individ-

ual sensor views. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

Fig 3.9 : Fusion view at full zoom showing all sensor coverage arcs and detection

markers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

Fig 4.1 : Camera (YOLOv8) training performance across 30 epochs. . . . . . . . . . . . . . . . . . . 52

Fig 4.2 : The front LiDAR view for frame 008000 shows seven clusters that remained

after applying PointNet filtering, with distances ranging from 21.7 to 110.9

metres.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

xii



Fig 4.3 : Radar view demonstrating 28 confirmed radar obstacles at ranges from 479

to 1493 metres.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

Fig 4.4 : Fusion view at full 1655 m zoom for Frame 008000.. . . . . . . . . . . . . . . . . . . . . . . . . . 59

xiii



LIST OF TABLES

Number Page

Table 2.1 : Comparison of Sensor Fusion Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

Table 2.2 : Comparison of Maritime Datasets for Obstacle Detection . . . . . . . . . . . . . . . . 28

Table 2.3 : Comparative Review of Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

Table 4.1 : Summary of All Model Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

Table 4.2 : YOLOv8 Camera Training Metrics at Selected Epochs . . . . . . . . . . . . . . . . . . . 50

Table 4.3 : LiDAR PointNet Classification Report . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

Table 4.4 : Radar PointNet Classification Report . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

Table 4.5 : Radar PointNet Confusion Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

Table 4.6 : Detection Counts for Frame 008000. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

Table 4.7 : Detection Source Distribution on Frame 008000 . . . . . . . . . . . . . . . . . . . . . . . . . . 62

Table 4.8 : Detection Count Under Single-Sensor Removal (Ablation Study). . . . . . . . 64

Table 5.1 : Comparison of Key System Metrics Against Related Maritime Fusion

Works. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

xiv



Chapter 1

Introduction

1.1 Background

With more than 80% of the world’s trade carried by marine vessels, these are at the centre

of international trade. [1]. This is why safe and reliable navigation is very important for

naval as well as commercial ships. However, ships are regularly required to work with

continually changing and uncertain conditions. In bad weather, (fog, heavy rain, high)

navigation can be difficult. even in the night time, gusts, high seas [2, 3]. Ships also need to

go through watercraft can dock.narrow canals and locations close to the coast where small

watercraft such as buoys, fishing boats, etc. can be moored. craft could spring up and be

very dangerous.

Maritime accidents are large enough to highlight the need for better perception systems. The

European Maritime Safety Agency (EMSA) has reported more than 2,000 marine casualties

and incidents in European waters in 2022 alone, of which collisions and groundings make up

the biggest portion [4]. In fact, Allianz Safety and Shipping Review finds that human error is

a factor in about 75% of maritime accidents worldwide, of which many are directly caused

by situational awareness (SA) and collision avoidance (CA) failures [5]. The economic

impact is significant: damage from a collision between large commercial vessels can run

well over hundreds of millions of dollars, including the cost of repairing the vessel, lost

cargo, environmental damage and port disruption. The 2021 grounding of the Ever Given

ship in the Suez Canal (a non-collision event) proved that a single navigational incident can

have an impact of disrupting global supply chains for weeks and an estimated loss of trade
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of USD 9.6 billion for every day of blockage, as per Allianz 2023.

To facilitate safe navigation, ships are relying more on navigation equipment such as extra

Sensors such as cameras and the Automatic Identification System (AIS). Unfortunately, all

these There are limitations of devices. Some objects can be detected at several kilometres

using, for example, the radar, but small objects or poorly reflective objects, for instance in

heavy traffic, can be problematic [2, 3]. AIS, however, can only be used when a ship is

transmitting signals [6]. These restrictions are doubtless significant for the most extreme

marine where lack of rapid identification and classification of obstacles could prove to be

fatal.

The improvement has been made possible with the use of artificial intelligence and machine

learning [7]. The combination of data from radar, LiDAR, nfrared and camera makes it

possible to improve the obstacle detection in the difficult maritime environments [8, 9]. The

use of different sensing methods in tandem (sensor fusion) can assist in enhancing detection,

even in lower light conditions, poor weather, and variable water conditions, where a single

sensor may be less effective because of particular weaknesses.

1.2 Challenges in Maritime Perception

Unlike similar tasks in other domains like autonomous driving, obstacle detection in the

maritime environment is much more challenging due to the unique set of challenges. The

sea surface is a dynamic, reflective, and visually homogeneous background that makes the

performance of almost every sensor modality worse than on a road environment [9, 10].

One of the most common hazards is fog and reduced visibility. There are some camera-based

detection systems which can be used for several kilometres, but dense fog can make it less

than 100 metres. Advection fog is the most common type of fog in coastal areas and harbour

approaches, where it can develop quickly and unexpectedly, giving ships limited time to

respond [3]. Fog has a lesser effect on radar and infrared sensors, but in extreme cases there
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is still an attenuation of the signal.

Rain and sea spray result in water droplets on the camera lens, scattering of the laser beam

to create false returns in LiDAR data, and increase of radar sea clutter by the radar cross-

section of the water surface [11, 12]. Single sensor systems are especially fragile since

heavy precipitation may affect several of the sensor modalities at the same time.

Bright reflections of the sun on the water (called sun glare) and specular reflections on

the water surface that occur when the sun hits the water at low angles can saturate camera

sensors and cause false positive detections. This effect is most pronounced at dawn or

dusk, and when boats are running towards the sun, and although not as severely impacted

by the sun’s glare as optical cameras, infrared cameras can still be overloaded by thermal

reflections [10].

The strongest cue source for visible-light cameras is completely removed during night-time

operation. Irf cameras also have the ability to recognize vessels’ thermal signatures in dark

environments, however, the spatial resolution of irf cameras is often not as high as the

optical cameras and the thermal contrast of vessels and the water surface is dependent on

the surrounding temperature and the engine temperature of the vessels [13].

Wave-induced clutter is an issue peculiar to the maritime domain. Radar returns, LiDAR

point clusters, and visual texture can be mistaken for small obstacles like navigation buoys

or debris when breaking waves, white-caps, and foam patterns generate radar returns. The

strength of the wave clutter is dependent on the sea state and the detection becomes more

difficult as the sea state gets worse [3, 14].

The background that objects need to be detected changes continually, as in a dynamic sea

surface. The water surface is not always level like the road surface, but rises and falls with

the waves, causing unpredictable reflecting and refracting of the sensor signal. This renders

background subtraction methods, which are well suited for terrestrial surveillance, mostly

inapplicable for maritime applications [9].
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The motivation for this is multi-modal sensor fusion, which can make use of the fact that

the strengths of different types of sensors can compensate for their weaknesses under

challenging conditions.

1.3 How a Ship Moves

Before one can appreciate the visual needs on a vessel, one needs to first look at the motion

of a vessel. Marine vessel has six degrees of freedom (6D̃oF):

• Surge: Linear, forward or backward movement, propellers and water jet are the main

means of propulsion.

• Sway: Motion across the water, caused by wind, water flow or by the boat’s movement.

• Heave: Up and Down motion due to waves and swell.

• Roll: Rotation about the longitudinal body axis, caused by wave switching.

• Pitch: When waves dip first the bow and then the stern producing a rotation around

the athwartship axis.

• Yaw: Turn left and right (change heading).

The six degrees of freedom are the complete range of movements of a vessel in the water.

These six degrees of freedom are not independent, but are constantly stimulated by outside

surge, sway and heave forces (e.g. wave, wind, current) and by the vessel’s own roll, pitch

and yaw power and control surfaces.

Vessel size has a significant impact on the dynamic response. In general, the bigger a

warship, The slower and more powerful is it, the smaller is the boat or Unmanned Surface

Vehicle (USV). much faster and far more agile, and thus will be more prone to fall prey to

outside disturbances.

These movements intrinsically change the orientation and height of the vessel with respect
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to the water surface, thus influencing the functioning of onboard sensors such as cameras,

LiDAR, and radar. For example, rolling and pitching can cause excessive viewpoint change

in optical Section of LiDAR point cloud is empty or is distorted by camera effect, etc., for a

certain period. “bending” the radar beam from the direction it is intended to go [15, 16].

1.4 Key Forces and Environmental Inputs

There are a number of fundamental forces and environmental conditions that influence the

trajectory of the vessel. Surge is mainly caused by the thrust of the ship’s own engines and/or

propellers. forward or backward. Helm and power are used to steer the boat. Caused by the

thrusters which change the angle of the ship’s course. sway through yaw. The outer parts of

the ship are subject to horizontal forces due to the wind. Drift and extra yaw moments that

make steering hallenging, can also be found in the ocean. Drag: cause to move off course;

move off course slowly.

Also, wave reflections can and will cause the vessel to have pitch, heave and roll movements

that negatively affect the stability of the vessel and/or add more vibrations or obstructions.

When navigating near shore along a coastline or in a constricted canal, hydrodynamic

phenomena such as bank forces and depression are also important to consider since they

influence a vessel’s response to given instructions [16, 17].

In harbour canals and approach channels, where the water flow is restricted, there are extra

hydrodynamic effects due to the interaction with the channel boundaries and the vessel hull.

The Bank Suction Effect refers to the tendency for the vessel to be drawn towards the closest

wall, and the Squat Effect is the phenomenon of the vessel sinking deeper in the water as she

increases speed in shallow water, reducing the under-keel clearance, and possibly changing

the waterline seen by cameras and the height reference used by LiDAR. These effects are

more severe in shallow waters in high forward velocities for large vessels and can lead to

undesired heading changes which violate the assumption of fixed sensor mounts used in the
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system [17].

1.5 Operational Implications

A major challenge to vision and navigation systems is the constantly shifting One of the big

problems for vision and navigation systems is the frequent movement of an ocean-going

vehicle. As the ship moves through its six degrees of freedom, sensors starts to track moving,

floating things instead of stationary points. The sensor position and direction can change by a

few degrees as a result of slight vibrations in the wave environment, causing inconsistencies

in the data and/or changes in the environment as perceived by the sensor [17].

For instance, as a vessel makes its way through a dirty sea, the camera viewfinders can

become clouded, altering the water’s level over time. This motion variance makes the object-

detection algorithm less coherent and is not able to maintain bounding boxes precisely.

Similarly, in a similar situation, an anomalous distortion and misregistration would occur

if the LiDAR scans were acquired from multiple locations without proper registration

(typically requires an inertial measuring unit or IMU) [14].

Radar is not nearly as sensitive to small angle changes as optical devices. Dynamic errors

can, however, still damage a radar system. Doppler-induced changes may create false

reflections or give the impression that a target is moving due to the antenna’s continuous

pitching and heaving. With long-range systems, where a slight pitch change throws the radar

beam many meters out of the desired range, tracking is impossible. Optical and IR Systems

are highly susceptible to the effects of motion blur from ship vibration and high angular

speeds and rates; To produce sharp photos, stabilisation is necessary through using gimbals

or electronic image stabilisation. [3].
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1.6 Sensor Types Used on Ships

In this section, the most popular sensors used for maritime perception and navigation, along

with their main functions.

1.6.1 Radar

Radar is a sensor which can detect objects such as ships and coastlines from a long distance,

even in the dark or in extreme weather conditions such as fog and rain. It has a radio wave

detector and then listens for the returned echoes. The greatest advantage of this type of

sensor is its extremely wide range and ability to operate in almost all environments and

detect any solid object. Nevertheless, it produces an image with less detail than cameras or

LiDAR, meaning that it is often uncertain as to exactly what an object is.

There are two frequency bands used in maritime radar. The X-band radar (9.3–9.5 GHz)

has a higher spatial resolution and is more sensitive to small targets like the navigation

buoys although it is also more influenced by rain clutter. S-band radar (2.9–3.1 GHz) has

better performance in precipitation, but, in return, it has lower angular resolution [3]. The

complementary strengths of the X-band and S-band radars have led to their use in modern

ships. The data set for Pohang Canal used in this project is an X-band FMCW radar that can

detect up to 50 to 1654.8 metres [18].

1.6.2 Camera

Cameras provide a clear display of what exactly is occurring. They allow the machine

and the operator identify what an object is, for example, a ship versus a buoy, as well as

perceiving volume and depth and other visual elements. Thermal imaging cameras can

function in complete darkness. The disadvantage is In poor weather (e.g. thick fog) the

vision may be blurred, and the camera may be obscured by the weather. There are various

types of cameras used in maritime applications. The Visible Light RGB camera produces
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colour images of objects, which can be classified, but can only be used in daylight and

clear weather. Near-infrared (NIR) cameras are able to detect energy beyond the visible

spectrum and are capable of penetrating low levels of haze to a certain extent. Long-wave

infrared band (8–14 µm) thermal infrared cameras can capture the heat signature of vehicles,

which is crucial for low-visibility and night time operations [10, 13]. Triangulation of the

corresponding features in the two images in a pair of synchronised stereo cameras with a

known baseline separation can be used to estimate depth.

1.6.3 LiDAR

LiDAR is a sensor which is well suited to create a detailed 3D image of the local surround-

ings. for medium range obstacle detection and identification. It works by firing laser rays

and The time taken for the light to return is recorded. The greatest benefit of LiDAR is

that it can create an image that is very detailed and accurate, able to identify exactly what

shape objects are in low light conditions. It slows down in the event of bad weather like fog

and rain. It is also costly and aintenance intensive and has a smaller detection range than a

standard marine radar.

The wavelengths for maritime LiDAR are either 905 nm or 1550 nm. The 905 nm wavelength

is more frequently used and cost effective, but has eye safety regulations that cap output

power. At higher power levels 1550 nm is eye-safe and gives a longer range of detection,

but the sensors are more expensive. In heavy rain and fog, both wavelengths are affected by

scattering and absorption of the laser beam by water particles, causing the performance to

be reduced [11]. The density of point cloud decreases with distance from sensor to object,

causing objects at the far end of the sensor’s range to be represented by very few points and

thus making classification difficult.
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1.6.4 Automatic Identification System

AIS is a system through which the data, position and course of ships are communicated.

The major advantage of AIS is that it makes clear identification and destination information

of a provides traffic awareness, collision avoidance and is available to other ships. However,

it can’t provide the position of other ships unless data is transmitted from them and it’s not

available to receive data. The receiving data might be inaccurate or garbled, and the sending

powerless ships, unregistered boats, or small craft could be delayed.

AIS broadcasts have several types of messages. Class A transponders, which are required

on ships that are 300 gross tonnage or larger, send out dynamic information (position,

course, speed, etc.) every 2 to 10 seconds, depending on the speed of the vessel, and static

information (vessel name, type, dimensions, etc.) every 6 minutes. Class B transponders are

aboard smaller boats and operate at lower frequencies and power. The basic problem with

AIS for obstacle knowledge is that an object that does not have an AIS transponder, such as

an unmarked navigational obstacle, a small fishing vessel, or a kayak, is undetectable by the

system [6, 19].

1.6.5 Sonar

Underwater imaging of the bottoms of waterbodies, and underwater obstacle detection by

sonar, This makes it extremely handicap for a submarine or other underwater vessel. The

major benefit is that it is effective underwater. Does not work well in identifying objects on

water surface, Certain techniques are needed to interpret the data that has been obtained.

1.7 Research Motivation and Significance

This motivation for this research comes from the fact that a single sensor will not be reliable

in detecting obstacles under all the operating conditions for a maritime system. Radar is

good in severe weather and at distance for detection, but has limited ability for precision
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classification. There is much semantic information available in cameras, but it has limitations

during dark and poor visibility. LiDAR is highly accurate in 3D measurements but has a

limited range and is sensitive to weather. The identity information is only available for

cooperative targets in case of the AIS. These conditions for the effectiveness of each sensor

have corresponding conditions where they are ineffective, and importantly, sensor failure

conditions are far from mutually exclusive [20, 21].

The complementarity means there is a clear opportunity: if the outputs from several types

of sensors can be combined, the system can detect with a reliability higher than any of

the individual sensors. This has been well illustrated in the autonomous driving industry,

where today’s autonomous driving systems regularly combine camera, LiDAR and radar

data using advanced fusion architectures [21, 22]. But it is not simple to directly translate

such automotive technologies to the marine field. Maritime environments have specific

difficulties such as a much longer range of detection (hundreds of metres to kilometres) vs.

road environments (tens of metres), a background that is constantly changing and highly

reflective (water surface) vs. road environments (road surface), no lane marking or road

infrastructure for spatial reference, and much fewer publicly available multimodal data sets

for training and evaluation [23, 24].

The International Maritime Organization (IMO) has noted how autonomous technologies

are playing a greater part in maritime activities in their Maritime Autonomous Surface Ships

(MASS) regulatory scoping exercise, highlighting the need for reliable perception systems

for any degree of maritime autonomy [25]. This work can directly assist in the development

of such perception systems by providing a practical solution to multimodal sensor fusion

with real-world maritime data.
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1.8 Problem Statement

Despite the progress of all the recent advances in the field, a single-sensor system may not be

able to accurately provide In a naval environment, obstacle detection is a problem, because

of the lack of any sensor redundancy on the single-sensor vessels. The hallucinations, blind

spots and missed detections. For example: Small wooden boats may be undetectable by

radar [14]. Note that cameras are very sensitive in terms of visibility and lighting [12].

With high fog, rain or sea spray, the performance of LiDAR may diminish [11]. These

shortcomings present safety problems, especially in naval operations, when ships need to

operate in confined waters when fighting and rescuing vessels or when in other challenging

situations at sea conditions with a decreased operator awareness. Hence, multimodal sensor

fusion framework for effective obstacle identification and classification should be developed

by integrating all available data sources and by using machine learning techniques.

1.9 Objectives

Objectives of this project are:

1. Develop a sensor fusion based obstacle detection system for marine boats which

are able to cope with complex naval conditions. This is the main goal because one-

sensor solutions have proven to be inadequate on maritime perception under different

environment conditions [20].

2. Multimodal datasets with three or more sensors should be preprocessed and

integrated. Real-world maritime sensor data arrives in different formats, coordinate

systems, and temporal rates. Proper preprocessing and calibration is essential before

any meaningful fusion can be performed [18].

3. Develop machine learning models for obstacle identification and classification.

Each sensor modality requires a dedicated model architecture that is suited to its
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specific data characteristics, whether that is 2D imagery, 3D point clouds, or radar

sweep images [26].

4. Develop a graphical user interface (GUI) based dashboard to visualize fused

sensor data in real time. For effective human-machine interaction, the outputs of the

system should be displayed in a clear and interpretable manner, enabling the vessel

operator to make quick decisions [27].

1.10 Scope of Work

This is only simulated by software. A graphical user interface based platform, machine

learning-based detection and classification, and preprocessing and fusion approaches are all

part of the project. The main data source is the Pohang Canal dataset [18] which offers multi-

modal sensor inputs of radar, LiDAR, stereo, and IR camera, and thus enables evaluation

of sensor fusion algorithms under realistic maritime scenarios. To summarise, this chapter

presented the reasons why the safe navigation is so important and necessary. challenging

operation for ships. To motivate the research, Maritime accident statistics and the economic

impact of collisions were presented. Specific challenges of maritime perception, namely fog,

rain, glare, night-time maritime perception and clutter due to the ocean waves were detailed.

Six motions of ships were introduced and how these are sensed in living organisms was

discussed. The challenges with waves, wind and currents in relation to obtaining accurate

sensor data were discussed.

The project will tackle these challenges by developing a system for sensor fusion using

sensor fusion and machine learning. This will enable the system to produce more high

quality and Blend information from a variety of sensors to make accurate decisions. The

project is completely is a software-only simulation and has been trained and tested with

real-world maritime data from the proposed sensor. fusion model. The research, design,

implementation and results of experiments are presented in the following chapters.
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1.11 Conclusion

Ships have been colliding with things for as long as ships have existed. What changes is

how much we can reasonably do about it. Radar, cameras, and LiDAR each solve part of

the problem but none of them solves it alone — fog beats cameras, clutter confuses radar,

and LiDAR range runs out well before a fast vessel does. That gap is what motivated this

project.

The core argument is simple: if you combine the outputs of multiple sensors instead of

depending on one, you get a picture of the environment that is harder to fool. This is not

a new idea. Autonomous vehicles have been doing it for years. Maritime research has

lagged behind, partly because of the difficulty of collecting calibrated multi-modal data at

sea. The Pohang Canal dataset made this work possible by providing synchronised camera,

infrared, LiDAR, and radar recordings with calibration files — exactly the kind of ground

truth needed to build and test a fusion pipeline.

The system described in this thesis does not attempt to solve every maritime perception

problem. It is a prototype, built on one dataset, evaluated on one scene. What it does

show is that combining four sensor modalities produces detections — 51 of them, ranging

from 22 to 1493 metres — that no single sensor could have produced on its own. Whether

that generalises beyond a harbour in South Korea is one of the open questions Chapter 6

addresses.
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Chapter 2

Literature Review

This chapter reviews the existing literature pertaining to marine navigation, naval obstacle

detection, sensor fusion and machine learning in autonomous systems. The ultimate goal is

to understand the drawbacks of existing methods and highlight the possible benefits of using

multimodal sensor fusion for improving obstacle detection in marine vehicles.

2.1 Maritime navigation and obstacle detection

Safely sailing through the ocean is a major difficulty for both commercial and naval ships.

Conventionally, target detection and tracking are primarily based on radar or Automatic

Identification System (AIS). Radar can be used for long-range detection but it is limited in

detecting small or low-reflective objects [28]. The drawback of AIS is that it cannot track

any hostile or unregistered object as it would need to be actively broadcasting signals [29].

The international guidelines for collision avoidance at sea are set out in the Convention

on the International Regulations for Preventing Collisions at Sea (COLREGs) from the

International Maritime Organization (IMO) [30]. COLREGs set rules of the road for ships

and outlay what they are to do depending on the geometry of the encounter (head-on,

crossing, overtaking) and upon their visibility. Compliance with COLREGs requires the

vessel operator to maintain an appropriate lookout by all means, sight, hearing and radar.

With increasing autonomy in maritime systems, efforts have been made to look into the

coding of COLREGs rules in automated decision making systems [31].

Since the 1980s, the Automatic Radar Plotting Aid (ARPA), a traditional electronic naviga-
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tion aid, has been a standard tool on the bridge. ARPA systems automatically acquire and

track radar targets and calculate their course, speed, closest point of approach (CPA) and

time to CPA. Despite this, ARPA was a major leap forward in situational awareness over

the use of raw radar data, but it was constrained by the basic limitations of radar as a single

sensor, such as the inability to discern between small targets and sea clutter [27]. Although

modern integrated bridge systems incorporate ARPA functions with electronic chart displays

and AIS overlays, even with these integrated systems, radar remains as the primary detection

sensor, and is limited in its ability to detect small non-metallic objects [32].

As revealed in research, relying solely on one sensor for navigation requires an increased

risk of accidents in fog, storms, and darkness [10, 13, 28]. To enhance attentiveness in naval

applications, the multimodal sensing has been explored.

A sensor fusion in autonomous systems is presented in this section.

The use of multiple sensors, to provide a more robust and accurate representation of the

world, is called sensor fusion. It is historically known to be used with robotics and self-

driving cars, which depends on camera, LiDAR, radar, and infrared sensing data [20, 33, 34].

Kalman filtering, Bayesian fusion and deep learning-based fusion models have greatly

enhanced the detection quality [35, 36].

Due of its ability to overcome the limitations of individual sensors, sensor fusion is also

gaining popularity in the marine environment. While radar offers excellent long-range

detection capabilities with limited classification, cameras offer superior classification with

limitations in adverse weather and darkness [10, 37]. Fusion of the two modalities, which

can complementarily detect these two characteristics, has shown excellent performance [34]

with the fusion of the sensors.

Based on how data from various sensors are fused, sensor fusion architectures can be

classified into three types [21] as follows:

Early fusion (data-level fusion)
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For early fusion, the raw data from various sensors are fused together, and no processing

or feature extraction is performed on them. For instance, the camera image and LiDAR

point clouds can be mapped to the same BEV representation (e.g., a bird’s-eye-view (BEV)

grid) and fed as input channels to a single neural network [38]. The benefit of this is that the

model can have access to all the information from the beginning and will be able to learn the

cross-modal correlation at the lowest level. Early fusion, however, needs careful alignment

of sensors in terms of space and time, is affected by calibration errors and typically requires

much greater computational resources because the model needs to process high-dimensional

combined inputs [21].

2.1.1 Fusion of Mid-Level Feature (Feature-Level Fusion)

Mid-level fusion involves the fusion of intermediate feature representations which are

separately obtained from each sensor modality. There is one feature extraction backbone for

each sensor stream, and the extracted feature maps are combined via concatenation, element-

wise addition or attention mechanism and then fed into the downstream classification

or detection heads [39]. For feature-level fusion, transformer-based architectures have

demonstrated strong performance, with the self-attention mechanism effectively learning

the importance of each modality to the current detection task [22]. Feature-level fusion is a

compromise between modality-specific information and cross modality interaction, but a

careful architecture design is needed to cope with different modality feature dimensionality.

2.1.2 Late Fusion (Decision-Level Fusion)

Late fusion is the merging of the individual results (decision, detection, or classification) of

independent per-sensor models. Data from each sensor branch is processed separately using

the sensor’s detection pipeline to generate a series of detections along with a corresponding

set of confidence scores and spatial coordinates. These outputs are then fused together via

score averaging, voting, non-maximum suppression (NMS), Bayesian fusion or Dempster-
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Shafer evidence theory [40]. The major benefit of late fusion is that every sensor branch can

be designed, trained, tested, and updated separately and the system can still function normally

if any of the sensors are unavailable or fail [20]. The drawback is the complementary

information that may have been communicated between modalities during processing is

lost.

2.1.3 Comparison of Fusion Strategies

Table 2.1 Comparison of Sensor Fusion Strategies

Strategy Fusion Point Advantages Disadvantages

Early Fusion Raw sensor data Access to all information;

learns low-level correla-

tions

Requires precise calibra-

tion; high compute cost

Mid-Level

Fusion

Intermediate features Balances information

sharing with modularity;

attention-based weight-

ing

Complex architecture;

careful design needed

Late Fusion Independent outputs Modular; graceful degra-

dation; easy to debug

Cannot share cross-

modal cues during

processing

Table 2.1 summarises the key characteristics of each fusion approach.

Being modular, easy to debug and able to run in degraded mode (when a sensor is not

available) makes this project a late fusion system, which is significant for a research

prototype run with recorded maritime data [21].

In perception systems, machine learning and deep learning algorithms have transformed

perception in many fields. Convolutional Neural Networks (CNNs) [41] have proven to
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be successful for image-based detection and classification, respectively, and PointNet [42]

and These PointPillar [43] models are often used for LiDAR based object detection. In

multimodal situations, fusion models like YOLO [44], Faster Radar versions of R-CNN [45]

and ResNet [46] have been adapted to analyse radar, Both LiDAR and camera data at the

same time.

images and forecast their arrival time at ports.Machine learning has also been applied in the

maritime domain, to detect vessels from satellite images and predict their time of arrival

at ports. classify ships from imagery data [47], radar signals [48] and recognise obstacles

using images. But there are little studies which have applied multi modal maritime data to

Build up efficient fusion systems [49, 50].

2.2 Classical Computer Vision and Machine-Learning Methods

Before the modern resurgence of deep learning, object detection and recognition techniques

have been developed using various approaches. Most commonly, used manually designed

image features and traditional ML classifiers. Such classical approaches can be used as

stepping stones to future approaches and are effective in scenarios where there is limited

available computation or data [51].

2.2.1 Feature Extraction

In the first phase interesting patterns were identified in the image. For instance, SIFT and

SURF extracted salient points which are insensitive to scale, view point and illumination,

and the Histogram of Oriented Gradients (HOG) method [52] detected edges in images.

These features were relatively simple but proved to be very effective for vehicle, ship or

person recognition in images taken with a camera [53].
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2.2.2 Subsection Support Vector Machine (SVM)

SVM generates the best classification of the two classes of data. The more different it is,

the more different a line it makes between the classes, which helps the program to classify

objects with more confidence. Due to this property, an SVM is particularly suitable for

simple problems such as object differentiation based on the very clear HOG feature [54].

2.2.3 Random Forest

A machine learning method called Random Forest combines the predictions of many decision

trees. Each tree is trained and produces its own output on its own. Then the vote of each

tree will be used for the final decision. This collaborative decision-making enhances the

accuracy of the models and diminishes errors. Random Forest is a suitable method as it can

accommodate different data sources and does not overfit [55].

2.2.4 K-Nearest Neighbours (KNN)

KNN is used to predict the classification of an unknown sample by comparing it with those

it has already learned. For example, if a radar signal was similar to radar signals of small

boats previously, the radar signal will be classified as a small boat. Although KNN is simple

to create and comprehend, it becomes inefficient on big datasets and is sensitive to noise.

[56].

2.2.5 Haar Cascade Classifiers

The Haar cascade classifiers, proposed by Viola and Jones, are a sequence of progressively

complicated stages of simple rectangular feature detectors that enable fast object detec-

tion [57]. In each stage Haar-like features are used to rapidly discard regions that do not

contain an object, which are calculated by measuring the difference between the intensities

of rectangular regions. Only patches of images which pass all the stages of the cascade
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are considered detections. However, the advantage of the method is its fast computation

allowing real time detection even with restricted hardware. However, Haar cascades can only

detect objects with relatively stable shapes and orientations, which is not very convenient

for maritime environment because the vessels can be seen in a lot of different scales, aspect

ratios and viewpoints.

2.2.6 Bag of Visual Words (BoVW)

The Bag of Visual Words approach is an adaptation of the bag-of-words concept used in text

retrieval [58]. Using k-means, a visual vocabulary of local features (e.g., SIFT descriptors) is

identified from training images. Then each image is represented as a visual word histogram,

which is then given to a classifier like SVM. Prior to deep learning, BoVW was extensively

applied to image classification and retrieval and demonstrated well performance on the

benchmarks of scene and object recognition. It cannot be used to do things that require exact

spatial localisation of objects, since it eliminates spatial relationships between features.

2.2.7 Template Matching

One of the simplest methods of object detection is template matching, where a template

image of the object of interest is shifted over the image of interest and a similarity measure

(e.g. normalised cross-correlation) is calculated at each shift [59]. The location that gives

the highest similarity score shows the most likely location of the target. Though simple in

principle, template matching is very sensitive to scale, rotation, illumination, and partial

occlusion, all of which can occur in maritime imagery. Therefore, it is not commonly

employed as a standalone detection method, but can be included in more complex pipelines.

The old techniques were very problematic and were reasonably effective. They required

extensive "human tuning" and often locked out in bad conditions. They were not comfortable

with unfamiliar scenarios or large scenes with less visual details. All this challenges has

prompted the use of deep learning, which, automatically at large scale, learns robust feature
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from raw sensor data.

2.3 Deep Learning Models

2.3.1 PointNet

PointNet is a neural network that can take a 3D point cloud and classify what the points

represents or what components it is made of. PointNet considers global feature representa-

tions by Max-pooling is applied on individual spatial coordinates of the point cloud after it

is processed individually [42].

First, PointNet looks at each point by itself and uses a neural network to determine each.

point’s coordinates and learn more details about its position. Once all the points have

been checked PointNet, on the other hand, aggregates that information to form a global

understanding by taking the max-pooling operation: For each feature the maximum is taken

at each point. By finding the largest The whole point cloud is summarized by a summary

vector of each feature for all points. generated. PointNet then derives an object’s overall

fingerprint that is passed to a final classification layer which obtains a prediction: “This

global fingerprint belongs to a ship” or “This is a buoy.”

2.3.2 Convolutional neural network (CNN)

CNN are a type of AI models that are quite powerful at recognizing photographs and videos,

as they are designed to take in pixels as input [41].

CNNs are fundamentally based on the mathematical operation of convolution that uses

tiny matrices known as filters or kernels.A filter will be like a small stencil which will be

applied over an image to find a particular pattern such as vertical lines or horizontal lines

and produces a feature map which indicates the strength of the pattern for each location.

CNNs employ a variety of different filters at the first layers, where each filter searches for

one of the basic features. Deeper layers use these simple patterns to create more complex
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patterns. At the end of the classification, feature maps of CNN are flattened into 1-D array

and passed to fully connected classifier head which extracts all the important features from

the picture.

2.3.3 Faster R-CNN

FasterR-CNN [45] is one of the most effective and popular deep learning techniques when

it comes to object detection. It was published in 2015 and was regarded as a significant

step towards earlier versions like Fast R-CNN. The primary modification increase the speed

and precision of the system to recognize objects in images is addition of Region Proposal

Network (RPN). The two stages are: The RPN is used to propose regions in the image that

could contain an object, and the FastR-CNNHead (Detection Network) is used to closely

analyze the proposed regions to decide what is that object and what are its boundaries.

These two components, working together, form a joint conv backbone, which extracts useful

features from the image.

For every candidate anchor box, the RPN will predict an objectness score (is the box

containing an object or not). Bounding box offsets (how to move the box around to fit the

object better) and object or background. The size and shape of each region selected by the

RPN can vary. They are then processed uniformly, In faster R-CNN, an additional step

called RoI pooling is added, which is used to convert all regions to fixed-size feature maps.

After Each region is fed into a fully connected network which classifies the object, called

RoI pooling. Trefines the bounding box.

2.3.4 PointNet++

PointNet++ [43] is a deep learning model that helps computers to better understand the 3D

point cloud data than the original PointNet. The original PointNet could perceive the general

outline of objects, but lacked the ability to grasp details, such as the wheels or mirrors on a

car. PointNet++ overcomes this by learning large shapes and fine details at once.
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PointNet++ works in an organised manner: it begins by picking a few key locations within

the whole 3D geometry (sampling), and then considers all the points around each of them

(grouping), and uses a small version of PointNet to explore these local regions, and then

does so again at larger scales. This method involves collecting small parts of an object at

a time, and then combining them to create a complete picture of the object, allowing the

network to recognize several parts of the object at once.

2.3.4.1 YOLO (You Only Look Once)

YOLO (YouOnlyLookOnce) architecture [44] was introduced to process all the photos

in one shot and facilitate real-time object recognition by implementing one single stage

detection paradigm.Prior to Yolo, many other systems had to repeatedly scan various areas

of the image in search of objects, which wastes time. YOLO changed that by processing

the entire image in one go and providing the results promptly and efficiently. In 2016, the

innovative approach was proposed by Joseph Redmon.Numerous updates and versions, such

as YOLOv2, v3, v4, v5, v7, v8, and v11, were inspired by YOLO. With each iteration, the

YOLO family becomes more precise, faster and has a more sophisticated understanding

of the elements of a visual scene. This project adopts Yolo v8 for object detection in

stereocamera.

2.3.5 ResNet (Residual Networks)

ResNet [46] proposed residual learning by using skip connections allowing to skip one or

more layers during the training. Prior to ResNet, very deep neural networks were plagued

by the degradation problem: training accuracy did not continue to rise with depth and

eventually dropped after reaching a certain point. Instead, residual connections learn a

residual mapping relative to the input to each layer, which solve the above. This allows for

the training of networks which have hundreds or even thousands of layers. For detection

and segmentation systems, ResNet architectures (ResNet-50, ResNet-101) are often used as
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backbone feature extractors, such as Faster R-CNN and DeepLabv3 [26].

2.3.6 DeepLabv3

The DeepLabv3 [60] is a semantic segmentation network that aims to generate dense per-

pixel classification maps. Its main contribution is the Atrous Spatial Pyramid Pooling (ASPP)

module, which is based on dilated (atrous) convolutions at different rates to extract multi-

scale contextual information without downsampling the feature maps. Atrous convolutions

introduce holes in the kernel (receptive field), which allows the receptive field to expand

without additional parameters, unlike standard convolutions involving neighboring pixels.

The ASPP module is usually combined with a ResNet backbone to extract the features, and

then a classification layer. The application of DeepLabv3 to infrared imagery for pixel-level

vessel and buoy segmentation is in this project.

2.3.7 Depth Anything V2

Depth Anything V2 [61] is a monocular depth estimation (MDE) foundation model that

predicts dense depth maps from just a single RGB image. With self-supervised and semi-

supervised pretraining with large-scale unlabelled data, the model can determine the depth

from visual cues like perspective, texture gradient, occlusion, and relative object size [62].

Its architecture consists of a Vision Transformer (ViT) encoder that takes the input image and

outputs the features, and a decoder that generates the depth prediction for each respective

pixel. The monocular depth estimation problem is intrinsically restricted by the lack of

absolute scale in a single image and this is an issue of particular concern in maritime

applications due to the lack of reference features on the featureless water surface. However,

the estimates are adequate within the short/medium range (up to 150 metres) to allow for

useful range information to be provided in the absence of LiDAR data.
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2.3.8 Transformer-Based Models

Transformer, originally designed for NLP, has been adapted for CV with great success. The

Vision Transformer (ViT) [63] simply splits an image into a fixed number of patches, each

of which is considered a token, and the series of tokens is fed into the standard transformer

encoder layers that include the self-attention mechanism. This method is able to model

long-range dependency throughout the whole picture, whereas CNNs model dependencies

only within a local receptive field that builds up slowly within the layers of the network.

DETR (Detection Transformer) [64] is an extension of the transformer to object detection

problem by focusing on directly predicting a set of objects. By replacing hand-designed

components like anchor boxes and non-maximum suppression with a transformer decoder

with learned object queries that attend to image features, DETR dispenses with the need for

such components. DETR reduced the detection pipeline complexity, but the convergence of

the training is slower than the CNN-based detector.

For sensor fusion, transformer-based architectures have demonstrated special potential for

cross-modal attention, which allows the features from one sensor (e.g., camera) to attend

to features from another sensor (e.g., LiDAR), such that the model can learn where from

which sensor the information is most relevant for each spatial location [22, 38].

2.4 Maritime Data for Obstacle Detection

One of the biggest obstacles to research on maritime obstacle recognition is the absence of

multimodal datasets. Compared to the autonomous driving domain, which is blessed with

popular datasets such as KITTI, Cityscapes, and nuScenes, the marine domain has a much

smaller number of public datasets. Land-based data sets are not suitable for naval scenarios

as they lack a representation of the marine environment, ocean surface reflections and other

sensor problems associated with marine environments. In recent years, new datasets with a

maritime theme have been developed to fill this gap, and researchers can create and test AI
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models in real-world naval environments. [18, 65–68].

2.4.1 Pohang Canal Dataset

The Pohang Canal dataset [18] was collected under the controlled but realistic maritime

environment of South Korea. It has a number of sensors, including LiDAR, radar, stereo

camera, infrared camera and omnidirectional camera. Synchronisation of each modality

with intrinsic and extrinsic calibration data is important to enable accurate sensor fusion

work. Due to the variety of sensors it is an ideal platform for multimodal systems designed

for precise recognition of obstacles.

This data set is of great importance for naval perception research. This is how it has become

possible to train deep learning models on maritime data, test algorithms and fairly compare

different sensor fusion methods. The Pohang Canal dataset has greatly helped in creating

fusion-based systems that are more dependable for marine operations by combining several

data sources in real-world maritime scenarios.

2.4.2 Singapore Maritime Dataset (SMD)

Singapore Maritime Dataset (SMD) [69] is one of the first and most referenced maritime

visual datasets. SMD offers a set of visible-light and near-infrared video sequences acquired

over different weather conditions such as daytime, night-time and haze conditions, in the

congested Singapore Strait. The data set includes per-frame annotations of the locations

of the vessels in the harbour and open-water scenes using bounding boxes. SMD has

been widely employed for the single-modality camera-based vessel detection and tracking

algorithms [70]. However, the data set only consists of visual-spectrum sensors, and lacks

LiDAR, radar, or calibration data, limiting its use in the study of multimodal fusion. Also,

because of its few annotated frames and lack of various weather conditions other than haze,

it cannot be used to train robust deep learning models.
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2.4.3 LaRS Dataset

LaRS (Large-scale Realistic Segmentation) is a large-scale panoptic maritime obstacle

detection benchmark created specifically for Unmanned Surface Vehicles (USVs) [65].

LaRS offers semantic segmentation labels on a per-pixel basis for three classes: water, sky,

and obstacles. The dataset includes more than 4000 frames with annotation from several

sources and environments, such as harbours, rivers and open coastal waters. One of the

strengths of LaRS is the diversity, including scenes with different lighting conditions, water

textures, weather situations, and obstacles, from big ships to little floating debris. LaRS

has emerged as a key testbed to assess maritime segmentation algorithms, especially those

for autonomous surface vessel navigation. Similar to SMD, LaRS is a single-modality

(camera-only) data set which does not include LiDAR or radar data, and therefore cannot be

used for sensor fusion research.

2.4.4 KOLOMVERSE

This is the KOLOMVERSE (Korea Open Large-Scale Image Dataset for Object Detection

in the Maritime Universe) [67] dataset of maritime object detection images collected in

Korea. The data set delivers more than 30,000 images of high quality with box annotations

for various types of vessels such as cargo ships, passenger ships, fishing vessels and military

ships. What sets KOLOMVERSE apart is the size and variety of vessels it offers, ensuring it

is ideal for developing strong classification models. Images were taken at multiple days and

times and under various weather conditions, offering some variation in the environmental

conditions. Similar to SMD and LaRS, KOLOMVERSE is a camera-only dataset with no

additional sensor modalities like LiDAR or radar.

From the comparison, it is observed that, although there are several data sets available

from maritime applications for camera-based detection and classification, the Pohang Canal

dataset is one of the few data sets which can be provided with synchronized multi-modal
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sensor data with full calibration information. This is an ideal platform for applications of

sensor fusion that will be investigated in this project.

2.4.5 Comparison of Maritime Datasets

Table 2.2 Comparison of Maritime Datasets for Obstacle Detection

Dataset Sensors Annotations Multi-

modal

Key Limitation

Pohang Canal [18] LiDAR, radar, stereo

camera, IR camera,

omni camera

Bounding boxes,

calibration data

Yes Restricted to harbour

environment

SMD [69] Visible and NIR

cameras

Bounding boxes No Camera-only;

limited weather

diversity

LaRS [65] RGB camera Panoptic

segmentation masks

No Camera-only; no

depth information

KOLOMVERSE

[67]

RGB camera Bounding boxes

(multiple vessel

classes)

No Camera-only; no

sensor fusion support

MVDD13 [66] RGB camera Bounding boxes for

USV navigation

No Camera-only;

limited to USV

perspective

Table 2.2 provides a comparative overview of the major maritime datasets discussed in this

section.

The comparison reveals that while several maritime datasets exist for camera-based detection

and classification, the Pohang Canal dataset remains one of the very few to provide syn-

chronized multi-modal sensor data with full calibration information. This makes it uniquely
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suited for sensor fusion research, which is the focus of this project.

Table 2.3 Comparative Review of Related Works

# Paper (Year) Method Sensors Advantages Disadvantages
1 Pohang Canal (2023)

[18]
Multimodal dataset LiDAR, radar, stereo,

IR, omni cameras
Multiple sensors with
calibration; realistic
restricted waters

Collected in restricted
environments

2 Radar and camera
fusion (2024) [71]

Survey on
radar–camera fusion

Radar, Camera Highlights how radar
improves long-range
detection

Asynchronous data
and clutter issues

3 Deep camera–radar
fusion (2023) [12]

Attention-based deep
fusion

Radar, Camera More accurate in
adverse weather

Requires precise
calibration and
matched data

4 SAMFusion (2023)
[34]

Adaptive multimodal
fusion

LiDAR, radar, camera Adaptive fusion
weights handle bad
weather

Complex training,
compute heavy

5 Ship detection with
deep learning (2023)
[72]

Survey on ship
detection

Satellite imagery,
radar

Good multi-domain
survey

Lesser focus on
sensor fusion

6 Fusion detection on
UAV (2022) [40]

Dempster–Shafer
fusion

Radar, LiDAR,
Camera

Probabilistic fusion
resolves conflicting
data

Sensitive to sensor
model calibration

7 Multi-sensor fusion
for UAV (2025) [73]

Multi-sensor obstacle
avoidance

Marine radar, stereo
cameras, LiDAR,
IMU / GNSS

Real-time avoidance
for USV navigation

Generalisation
limited by training
scenes

8 Fusion of camera and
AIS (2021) [19]

Camera + AIS fusion Camera, AIS Enhances
identification with
AIS identity

Limited to vessels
that broadcast AIS

9 Fusion of LiDAR and
radar (2021) [74]

LiDAR and radar
depth fusion

LiDAR, Radar Increases detection in
difficult conditions

Requires precise
spatial calibration

10 Multi-modal fusion
for maritime
surveillance (2024)
[75]

Deep learning
multi-modal fusion

Camera, radar, AIS Comprehensive
fusion architecture

Requires large
annotated datasets

11 Object detection
survey (2023) [26]

Comprehensive
20-year survey

Various Covers evolution
from classical to deep
learning

Survey only; no novel
method proposed

12 TransFusion (2022)
[22]

Transformer-based
LiDAR-camera
fusion

LiDAR, Camera Cross-modal attention
improves accuracy

High computational
cost; automotive
focus

2.5 Research Gap Analysis

The literature reviewed in this chapter reveals several important gaps that this project aims

to address.

Limited multimodal maritime datasets. As shown in Table 2.2, the vast majority of

maritime datasets provide only camera imagery. While datasets like SMD, LaRS, and

KOLOMVERSE have advanced camera-based detection research, they cannot support the
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development and evaluation of sensor fusion systems. The Pohang Canal dataset addresses

this gap by providing synchronised data from multiple sensor modalities with calibration

information, and this project leverages that capability.

Few practical maritime fusion systems. Most sensor fusion research has been conducted

in the autonomous driving domain [21], where datasets like KITTI and nuScenes provide

standardised benchmarks. The relatively few maritime fusion studies identified in the

literature (Table 2.3) often focus on only two modalities (typically radar and camera) and do

not integrate the full range of sensors available on modern vessels. This project addresses

this gap by fusing five sensor types: stereo cameras, infrared camera, three LiDAR units,

and radar.

Lack of end-to-end maritime perception pipelines. While individual components such as

ship detection, depth estimation, and radar processing have been studied independently, few

works present a complete end-to-end pipeline that processes raw multi-modal sensor data

through to a fused, operator-readable situational display. This project contributes a complete

pipeline spanning preprocessing, per-modality detection, five-stage fusion, and interactive

visualisation.

Insufficient coverage of the full detection range. Many existing maritime detection

systems operate within the range of a single sensor modality. The integration of radar in

this project extends the detection range to nearly 1500 metres, far beyond what camera or

LiDAR systems can achieve independently, addressing a critical operational need for early

collision warning [37].

2.6 Conclusion

The pattern that comes out of this review is consistent. Single-sensor systems have known

failure modes, multi-sensor systems have known integration costs, and most existing mar-

itime work leans heavily on camera data because camera datasets are abundant. The problem
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is that cameras fail in exactly the conditions where maritime perception matters most: night,

fog, rain, and long range.

Radar covers the long-range gap. LiDAR provides precise depth in the close-to-medium

range. Infrared adds a thermal channel that is largely independent of visible light. The case

for combining them is not theoretical — it follows directly from the limitations documented

in every paper reviewed in this chapter. What the literature does not supply is a complete,

tested pipeline that puts all four modalities together with a shared calibration scheme and a

unified output format. That is the gap this project fills, using the Pohang Canal dataset as

the common evaluation ground.

The fusion strategy chosen here — late fusion — has the specific advantage that each sensor

branch can be evaluated, debugged, and replaced independently. Early and mid-level fusion

can squeeze more accuracy out of training data but make the system much harder to diagnose

when something goes wrong. For a maritime safety application running in a harbour with

real targets, that diagnostic transparency matters. The literature supports this trade-off even

if it does not always phrase it that way.
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Chapter 3

Design and Methodology

The goal of the project is to create a model of sensor fusion to detect and classify an obstacle

in the marine environment. This will also help to overcome the disadvantages of single-

sensor systems, such as limited visibility in bad weather, and noisy data. The method of

this study is multi modal. There are three steps to methodology: Preparation of data, Model

training and then sensor fusion.

3.1 System Architecture Overview

The system is based on a modular pipeline approach, which has three main steps: data

ingestion and preprocessing, per-modality detection, and multi-stage late fusion. The

Pohang Canal data is a raw data from sensors and is preprocessed based on the needs of

the respective modalities. This is followed by five independent models that process their

respective streams from the five sensors: YOLOv8 for stereo camera detection, DeepLabv3

for infrared segmentation, and Depth Anything V2 for monocular depth estimation, and two

PointNet classifiers for LiDAR and radar cluster classification, respectively. The results

from these five models are then aggregated in a multi-stage late-fusion pipeline: duplicate

results are removed, detections across the different modalities are cross validated, the depth

metric is added to the results, and results are supplemented with metric data to complete the

360-degree arc around the vessel. A six-view dashboard is used to display the final fused

detection list to the operator in an interactive manner.

The selection of this architecture was done for a particular reason that it is modular. Develop-
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ment of each component could be done separately, tested and debugged, greatly simplifying

the development process. Further, the late-fusion design also allows the system to function

in a degraded mode in the event of failure of any one sensor, which is a crucial issue for real

maritime use where sensors may fail.

3.2 Dataset Selection

A detection system’s effectiveness greatly depends on the quality of the data set it is trained

with. We have selected the Pohang Canal Marine Navigation Dataset as our main data for

our experiments. It is a collection of time synced sensor readings from sensors on a real

boat in a real marine environment with calibration information to help maintain consistency

between the sensor coordinate frames [18].

After a systematic evaluation of available data sets, the Pohang Canal data set was chosen.

As mentioned in Chapter 2, most of the maritime data sets (SMD, LaRS, KOLOMVERSE)

only include camera imagery data and lack additional modalities from other sensors. One

of the few publicly available maritime datasets that has the ability to offer synchronised,

calibrated multi-modal sensor information including LiDAR, radar, stereo cameras and

infrared cameras, the Pohang Canal dataset is ideally suited for sensor fusion research [18].

3.2.1 Pohang Canal Marine navigation Dataset

The Pohang Canal data was taken in the harbor of Pohang and the canal connecting the

harbor in South Korea. This setting includes a highly complex operating environment, small

waterways, dense traffic of ships entering the port and a combination of stationary and

floating obstacles. There are several sequences of recordings, each of more than 10,000

synchronised frames from all sensor modalities. The output of each frame is comprised of

six streams of sensor data: front LiDAR data, port LiDAR data, starboard LiDAR data, left

stereo camera data, right stereo camera data, infrared camera data, and radar sweep imagery.
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The collection vessel is fitted with a variety of sensors, such as:

• one forward facing LiDAR, one to the port and one to the starboard (all provide point

clouds in .bin format).

• A pair of synchronised stereo cameras left and right that deliver PNG imagery.

• 16-bit thermal PNG forward facing infrared camera.

• An X-band FMCW marine radar that runs from 9.3 to 9.4 GHz and has an effective

range of 50 to 1654.8 metres.

The calibration folder is distributed with each recording sequence and contains two files:

intrinsics.json, which holds per-camera focal lengths, principal points, and lens

distortion coefficients; and extrinsics.json, which encodes the rigid-body rotations

and translation vectors that map each sensor into a common vehicle coordinate system using

quaternion representations.

The coordinate system used for the vehicles throughout this project has positive X along

the Bow to the left (vessel side), Y to the left (port side), Z up (towards the heavens) as if

the right hand were the reference direction. The time frame is documented by the dataset

authors. According to the extrinsic calibration, the front LiDAR can have a This was

about 5.9 degrees on the starboard side of the bow. The LiDARs are located at the port

and starboard ends of of about 93.4 degrees and -96.8 degrees, respectively, giving nearly

perpendicular lateral coverage. The infrared camera extrinsic is [5.03, −0.33, −1.77] metres

as a proportion of the vehicle origin. Full 360-degree sweep coverage is provided by the

radar, giving the system long-range situational awareness, far from the optical sensors.
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Fig: 3.1 Sensors on vehicle for the Pohang Canal dataset.

3.3 Data Preprocessing and Calibration

3.3.1 Stereo Camera Preprocessing

The stereo camera system provides synchronized left and right PNG image frames at the

original capture resolution. The geometric basis for depth estimation is the stereo baseline,

or location of objects in left/right images, however this project opted for monocular depth

estimation using Depth Anything V2 due to its ease of use and generalisability. The

following steps were performed as pre-processing:

• Calibration verification: In order to check the correctness of the intrinsic parameters

(focal length, principal point, radial and tangential distortion constants) obtained

from the intrinsics.json, the undistorted images were inspected for straightness of

known straight structures in the scene. Prior to inference, the raw image frames

were corrected for lens distortion using the cv2.undistort() function and the intrinsic

parameters that were validated. This is crucial as barrel distortion on wide-angle lenses
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can cause objects to move several pixels on the edge of the image that will directly

affect the bounding box accuracy. Before training models, ground-truth bounding

box annotations were checked for spatial consistency with the corrected frames by

annotation review. All annotations were manually corrected if they did not fit into the

undistorted frames.

3.3.2 Infrared Camera Preprocessing

The infrared camera outputs 16-bit images of PNG format in which every pixel corresponds

to a temperature measured by the camera and calibrated. All the images were normalised in

each frame to an 8-bit range (0–255) as the 16-bit dynamic range (0–65535) is much higher

than what is typical in image processing pipelines. This normalisation maintains the relative

thermal contrast between objects and background while allowing the data to be used for

training DeepLabv3 segmentation. The semi-automated annotation masks have been created

for the foreground class of vessel and buoy at the pixel level by applying a thresholding

method to the thermal contrast and then editing the boundaries.

3.3.3 LiDAR Preprocessing

LiDAR point cloud data was loaded in from all three sensors in binary format .bin. which

was then multi-criterion filtered:

• Height filtering: height-zones below the waterline and above a maximum height

threshold were removed to remove water surface returns and atmospheric noise. The

spurious returns of low intensity (sea surface reflections) were filtered out. By looking

at the distribution of return intensity of known water surface points, the intensity

threshold was set empirically.

• Range filtering: Points outside the practical sensor range (around 150 metres in the

harbour) were removed, because the point density was not sufficient to perform reliable

clustering. The rest of the points were then clustered using the DBSCAN (Density-
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Based Spatial Clustering of Applications with Noise) algorithm [76]. DBSCAN

was chosen due to its ability to not require a predetermined number of clusters and

to detect clusters of arbitrary shape, which are both crucial for maritime obstacle

detection where target number and shape fluctuates between frames. The DBSCAN

parameters (neighbourhood radius ϵ and minimum number of points k per cluster)

were empirically determined from a set of frames.

The three LiDAR sensors were spatially registered within a common vehicle coordinate

frame with Extrinsic calibration quaternions and translation vectors from extrinsics.json.

3.3.4 Radar Preprocessing

FMCW radar provides polar sweep images in PNG format. Preprocessing involved:

• Polar-to-Cartesian conversion: Sweep images were converted from polar to Carte-

sian (top down) image using a degree based azimuth look-up table. Thresholding: Sea

clutter was suppressed by applying a global intensity threshold. DBSCAN clustering:

Remaining returns were clustered using a 20-metre grid, to generate discrete obstacle

candidates.

3.3.5 Timestamp Synchronisation

Six timestamp files (One for each sensor stream) were used to create a multi-modal syn-

chronisation table. The closest in time frame from each of the selected frame indexes is For

radar sensor, linear interpolation was used with a tolerance of 300 milliseconds to identify

the sensor. synchronisation. When no radar frame was detected within tolerance the pipeline

functioned in a degraded mode with a no-radar input.

37



3.4 Independent Object Detection Model Architectures

3.4.1 YOLOv8: Stereo Camera Detection

YOLOv8 [44] was chosen for object detection using the stereo camera because it Single-

Stage, state-of-the-art performance, and computationally-efficient architecture. The model

The YOLOv8n (nano) model was selected for detection and initialised from a pretrained

model because it was the smallest of the YOLOv8 family and provided a balance between

detection accuracy and inference speed. For the annotated imagery from the left-camera

of the Pohang Canal, fine-tuning was carried out for 30 epochs with the SGD optimiser,

the initial learning rate of 0.01, the momentum of 0.937 and the weight decay of 0.0005.

The training was performed with standard data augmentation techniques such as mosaic

augmentation, random scaling and horizontal flipping. Two classes were chosen for training

the model: ship and buoy.

Fig: 3.2 YOLOv8 camera detection output on a Pohang Canal left-camera frame.
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Fig: 3.3 Additional YOLOv8 detection output illustrating detection in varied lighting condi-
tions.

3.4.2 DeepLabv3: Infrared Segmentation

The per-pixel segmentation masks of vessel and buoy foreground classes were generated

using DeepLabv3 [60] on the forward-facing infrared channel. The model adopts a ResNet-

50 backbone to extract features and an Atrous Spatial Pyramid Pooling (ASPP) module

that captures multi-scale context with the dilated convolutions of 6, 12 and 18. The model

was first pretrained on a checkpoint from the ImageNet dataset and then fine-tuned on

the normalised 8-bit thermal imagery of the Pohang Canal dataset. The training was

performed with the Adam optimiser with a learning rate of 1e-4 and cross-entropy loss.

The segmentation masks produced by DeepLabv3 were converted to bounding boxes by

computing the minimum enclosing rectangle of each connected foreground region.
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3.4.3 Depth Anything V2: Monocular Depth Estimation

To translate the camera bounding box detections into metric range estimates, Depth Anything

V2 [61] was integrated. We used the pretrained checkpoint of Depth Anything V2 ViT-S for

inference. For every detected Bounding Box, the 10th percentile of the depth over a central

crop of the detected area was sampled, which corresponds to estimating the target’s depth to

the closest solid surface on the target side of the detection area instead of the background

behind it.

3.4.4 PointNet: LiDAR Cluster Classifier

To separate the vessels and buoy clusters from the sea-surface clutter, a PointNet binary

classifier [42] was used. Every DBSCAN cluster was packed into a point cloud with a

predetermined size of 512 points, possibly requiring padding or sub sampling as needed.

The resulting point cloud has then been passed through the shared multi-layer perceptron

and global max-pooling layers of PointNet to get the binary classification for the cluster of

points, whether as an obstacle or noise.

3.4.5 PointNet: Radar Cluster Classifier

For PCD annotation files like LiDAR branch, a parallel PointNet binary classifier proposed

in [42] was trained. The radar training data was obtained from radar sequences of Pohang

Canal with buoy and ship positions known.

3.5 Five-Stage Late Fusion Pipeline

Using a 5 stage late fusion approach, the outputs are combined. Late fusion was chosen as it

preserves the modularity, which is crucial for pre-processing the sensors that need it, and

for model training and checking for each component separately. It permits the system to

operate without the need for a single sensor and facilitates individual testing and evaluation
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of each branch.

3.5.1 Stage 1: Stereo Camera Duplicate Resolution

Stage 1 receives detection lists from both cameras and removes any detections that are

common to both cameras, by applying an Intersection over Union (IoU) based matching

threshold. The IoU for each pair of detections (one on the left camera and one on the right

camera) is computed and if it is > 0.5, the detections are assumed to be a duplicate and

the detection with higher confidence score is kept. This threshold was selected because an

IoU value of 0.5 is the common threshold in object detection evaluation (such as PASCAL

VOC and COCO benchmarks) to guarantee that the same object is being captured by both

cameras. Unique detections from each camera stream are preserved, meaning that objects

that are only visible from one camera are not discarded.

3.5.2 Stage 1.5: Infrared Cross-Validation

Stage 1.5 cross validates the detections made by stereo camera with infrared segmentation

bounding box. When matched detections are promoted to ir_cam labels, it means that

there is agreement between the two over both the optical and thermal channels. All of

the unmatched infrared detections are added as ir_only Entries which present thermally

visible but optically obscured targets will not be lost.

3.5.3 Stage 2: LiDAR Metric Depth Enrichment

Stage 2 compares the detections in the camera from Stage 1.5 with the detections in the

LiDAR after filtering with PointNet clusters with an adaptive spatial threshold for detection

range. If a match is found, LiDAR range estimate takes the place of the camera monocular

depth estimate. Unmatched LiDAR clusters, the points on the outside of the camera field of

view are also carried forward as lidar_only points, so that lateral coverage.
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Fig: 3.4 LiDAR and camera fusion result showing matched detections with metric depth.

3.5.4 Stage 3: Radar Confirmation

Stage 3 is an addition of radar confirmation for detections that are spatially matched to the

PointNet-filtered radar clusters. Unique radar clusters are added as radar_only entries,

unmatched. The range of the FMCW radar is extended from the current 700 metre range to

the 1493 metre horizon.
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Fig: 3.5 Full multi-sensor fusion output combining camera, LiDAR, and radar detections.

3.5.5 Stage 4: Lateral Coverage Completion

Stage 4 carries out propagation of any unmatched LiDAR clusters that remain on the port

and starboard sensors, not matched in stage 2. These are obstacles in the immediate vicinity

of the forward camera, and are not visible in the field of vision. of view. They are included

to make the output detection list a full 360-degree, The local situation around the boat.

3.6 System Integration and Execution Flow

The system is built as a single Python module with the entire pipeline. The implemen-

tation uses Python 3.10 with the following key libraries: PyTorch 2.0 for deep learning
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model inference, Ultralytics for YOLOv8, OpenCV for image processing and coordinate

transformations, NumPy for numerical operations, scikit-learn for DBSCAN clustering,

and Matplotlib for the interactive dashboard. Automatic fallback to CPU if CUDA is not

available, all model inference is done using GPU.

When the programme is started, the saved calibration parameters will be read from the disk,

all the model weights will be loaded onto the correct compute device and the Radar degree

mapping look-up-table will be created. A multi-modal synchronisation table is created from

the six timestamp files (one per sensor stream), and the operator chooses the desired frame

index in a dialog.

Radar sync is able to tolerate up to 300milliseconds from radar frame to frame. This

tolerance was calculated using the inter-modal timing gaps found in the data recordings from

Pohang; errors that are too low would exclude valid radar frames with timing differences,

errors that are too high would allow for some timing misaligned data to be fed into the

fusion pipeline, which would lead to spatial misregistration between the modalities. If this

tolerance is reached before a similar radar frame is located, the list of radar detections is

returned empty, and the pipeline is able to function in a degraded mode of three sensors

without having to alter any of the downstream fusion stages.

Fig: 3.6 LiDAR top-down view with PointNet-filtered clusters highlighted.
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Fig: 3.7 Radar Cartesian view with DBSCAN clusters and PointNet classification labels.

3.7 Interactive Visualisation Dashboard

The system outputs are displayed using a 6-view interactive Matplotlib dashboard that

is designed for low-light bridge environment, using dark background with cyan accent

colouring throughout:

1. Fusion View: Polar radar like view showing all fused detections, sensor coverage

arcs, colour coded detection markers and a ranked distance bar chart. Left Camera

View: Raw frame from the left camera along with YOLOv8 overlays of bounding

boxes. Right Camera View: Original right camera image with YOLOv8 annotations.

2. Infrared View: Thermal frame with a DeepLabv3 segmentation mask and DeepLabv3

produced bounding boxes.

3. LiDAR View: A top-down scatter plot of the merged three-LiDAR point cloud

showing clearly the three clusters that are kept by PointNet. Radar View: Cartesian

converted radar sweep image, with DBSCAN clusters, and PointNet classification

labels.

On the fusion polar, an operator controlled zoom control takes the view from 25 metres
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to 1655 metres (view) and the farther away zone where the operator can focus on other

tasks. The operator may switch his or her attention between the close range area where the

collision is a possibility, and the more distant area where other work may be performed and

the outlooking long-range area.

Fig: 3.8 Six-view interactive dashboard layout with fusion polar display and individual
sensor views.

Fig: 3.9 Fusion view at full zoom showing all sensor coverage arcs and detection markers.

3.8 Conclusion

The design choices in this chapter were not arbitrary. Every stage of the pipeline reflects

a specific problem encountered during development. The 25-metre matching threshold

in Stage 2 came from looking at actual mismatches between LiDAR clusters and camera
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bounding boxes and finding where the false rejections started. The decision to use late fusion

rather than feature-level fusion came from trying feature fusion first and finding it brittle

when a sensor was partially obstructed. The six-view dashboard layout came from asking

what an operator would actually need to make a decision quickly, not from a theoretical HCI

framework.

The result is a pipeline that is more transparent than elegant. Each stage can be inspected

independently, each model’s output is logged separately, and a failure in one branch does

not crash the others. That is deliberate. A system that produces a wrong answer silently is

worse than one that produces a partial answer loudly. For a safety-oriented application in a

harbour environment, that trade-off is worth making.

The next chapter reports what this system actually produced when run against Frame 008000

of the Pohang Canal dataset — 51 detections across four sensor modalities, spanning 22 to

1493 metres — and examines where it worked well and where it did not.
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Chapter 4

Implementation, Results and Discussion

The implementation of each sensor model is presented with quantitative evaluation of this

chapter. The results were then presented followed by an integrated analysis of the five-stage

fusion system working on the Pohang Canal dataset. Results are discussed with regard to

the objectives of the system: achieving reliable obstacle detection over the complete 360°

around the vessel, using the Enabling complementary strengths of camera, infrared, LiDAR

and radar modalities, and offering a Clear and operator friendly view of the situation on the

interactive dashboard.

All experiments were run on a workstation with an NVIDIA GPU with PyTorch as a deep

learning framework. The results of each individual model are shown below, followed by the

results of the integrated system for fusion of the models.
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4.1 Overview of Results

Table 4.1 Summary of All Model Results

Model Task Key Metric Value

YOLOv8 (Camera) Object detection mAP@50 0.917

YOLOv8 (Camera) Object detection Precision / Recall 0.927 / 0.836

YOLOv8 (Camera) Object detection mAP@50-95 0.667

LiDAR PointNet Binary classification Overall Accuracy 1.000

LiDAR PointNet Binary classification F1 (buoy / ship) 1.00 / 1.00

Radar PointNet Binary classification Overall Accuracy 0.820

Radar PointNet Binary classification F1 (buoy / ship) 0.50 / 0.89

IR Segmentation

(DeepLabv3)

Pixel segmentation Overall Accuracy 70.37%

Fusion Pipeline Multi-modal detection Total detections

(Frame 008000)

51

Fusion Pipeline Multi-modal detection Detection range 21.7 – 1493 m

Table 4.1 summarises the key performance metrics across all trained models and the inte-

grated fusion pipeline.

4.2 Camera Object Detection

The YOLOv8 model was trained for 30 epochs with the images from the left camera that

were annotated in the Pohang Canal dataset. Table 4.2 summarizes the key performance

indicators at certain epochs reflecting the learning process of the model. Precision values
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increased incrementally throughout the training process, while other metrics such as recall

and map50/map95 demonstrated incremental increases in their values, which confirmed that

the accuracy was increased and there was no overfitting, as all the three metrics of training

box loss, classification loss, distribution focal loss showed incremental decrease.

Table 4.2 YOLOv8 Camera Training Metrics at Selected Epochs

Epoch Train

Box

Train

Cls

Val Box Val Cls Precision Recall mAP@50 mAP@50-

95

1 1.889 1.516 1.702 1.140 0.700 0.553 0.624 0.286

5 1.173 0.630 1.227 0.632 0.881 0.730 0.823 0.459

10 0.980 0.518 1.053 0.516 0.891 0.781 0.862 0.527

15 0.893 0.475 0.940 0.468 0.903 0.801 0.885 0.584

20 0.821 0.436 0.859 0.429 0.925 0.823 0.905 0.623

25 0.711 0.382 0.816 0.408 0.937 0.828 0.913 0.641

30 0.641 0.350 0.764 0.385 0.927 0.836 0.917 0.667

At epoch 30 the model reached a precision of 0.927, a recall of 0.836, and a mAP@50 of

0.917. With a score of 0.667 on this metric, the detection results are fairly well fitted, as

opposed to just approximate localizations. The model’s precision is slightly higher than its

recall (0.927 versus 0.836), indicating that the model is slightly conservative, prioritizing

accuracy over false positives or false negatives, which is desirable in a multi-modal system

where missed camera detections can be made up by the LiDAR or radar components [36].

The final model correctly predicted 92.7% of the time and correctly detected 83.6% of the

cases objects in each frame. Looking at per-class performance, the ship class had precision

of 0.94 and recall of 0.87; the buoy class had precision of 0.91 and recall of 0.80. The

reduced buoy recall is due to the limited visual presence of the navigation buoys at medium
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to long range (in the image they can be as small as 10–15 pixels) and look like wave crests

or harbour infrastructure. Buoys lost detections at distances greater than 200 metres, due to

falling below the confidence threshold.

It is worth discussing the comparison between precision and recall: the model is very

conservative, in the sense that its precision is very high, but recall is not as high as precision:

the model misses about 15% of the detections, which is due to the fact that it works to

reduce false detections. This would be an undesirable aspect in a single sensor system, but

in a multi-modal fusion This could be a smarter approach for pipeline. A false positive that

got into the fusion. Camera model induced stage could create a false obstacle within the

output that can not be contradicted by any other sensors, whereas a false negative would

simply allow an obstacle to be It is transferred in the pipeline through the branch of LiDAR

or radar [40].

Common failure examples encountered during evaluation were: (1) small buoys being

missed when the wave crest obscured half of the image, (2) far away ships being detected

with slightly offset BoundingBoxes when the vessel appeared against a harbour skyline, and

(3) sun glare on the water surface sometimes resulting in false positive detections but filtered

out by the fusion pipeline’s cross validation with other sensors.

It is not detection accuracy that is the greatest drawback for the camera branch, but depth

estimation. Each bounding box was sampled to create a metric range estimate using Depth

Anything V2. The values of the 10th-percentile depth from a central crop on the detection

region from [61]. This scheme is suitable for the range 10–150 m for which most of the

close-quarters manoeuvring occurs. But, at approximately 150 m, monocular depth cues

become become distorted as distant vessels combine with the bridge’s structures, the jetty

walls and the horizon. This is not a problem with the depth model in itself, but a basic

limitation of monocular depth. It is very important to note that the LiDAR and radar arms

recorded the data on all three axis while the cameras were only 2-Dimensional, and the later
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mentioned sensors are naturally three dimensional and can estimate with great precision the

reason of the presence of the arms.

Fig: 4.1 Camera (YOLOv8) training performance across 30 epochs.

4.3 Infrared Camera

Infrared segmentation model DeepLabv3 trained with Pohang Canal thermal image se-

quences. On the held-out test set, across the whole of the model run with a pixel-level

classification accuracy of 70.37% Classes and background vessel and buoy. The model was

trained for 25 epochs, with the Adam optimiser with a learning rate of 1e-4 and batch size

equal to 8. While lower than the stereo camera mAP@50 of The comparison is not direct

as 0.917 is a pixel accuracy, which is correctness at the individual pixel level. mAP@50 is

measured by the amount of overlap of a bounding box with an IoU threshold of 0.5. The

70.37% accuracy for pixels indicates the challenge of defining clear boundaries of thermally

homogeneous objects in 16-bit images. This is because the thermal gradients in the area

close to water can cause misclassification of boundary pixels. If we look at the per-class

accuracy, the class vessel was 78.2% pixel accurate, whereas the class buoy was only 54.1%

pixel accurate, due to the lower thermal signature and lower contrast of buoys to the water

background.

The main benefit of the infrared channel is not its ability to perform segmentation on its own,

but rather its role as a thermally distinct confirmation signal in Stage 1.5. The two sensors
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have entirely different physical principles and objects that are found by both optical and

thermal means are much more likely to be real objects than those found by optical means

alone.

At Frame 010100, the infrared sensor shows three ships ahead at 101 m, 144 m and 190

m. The stereo cameras in Stage 1.5 have been able to confirm all three of these detections,

leading to ’ir_cam’ labels in the final fused output.

4.4 LiDAR Classifier

The PointNet binary classifier, which was trained on the LiDAR cluster data of the Pohang

Canal dataset, was able to classify all the 56 samples of the held out test set correctly.

Table 4.3 provides the complete classification report.Precision, recall and F1-score were

calculated and found to be 1.00 for both classes and 100% for the test accuracy [42].

Table 4.3 LiDAR PointNet Classification Report

Class Precision Recall F1-Score Support

Buoy 1.00 1.00 1.00 37

Ship 1.00 1.00 1.00 19

Overall Accuracy — — 1.00 56

Macro Average 1.00 1.00 1.00 56

Weighted Average 1.00 1.00 1.00 56

The high accuracy of the test results shows that there is a strong geometric difference in the

Pohang Canal cluster set. In the limited case of a confined canal, these point cloud clusters

can be spatially characterized from the LiDAR data collected from vessels and navigation

buoys. Vessels had overall much more dense in points and were overall much larger in
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area as well, while buoys contain overall lower amount of points, low spacing between

the points, and with distinct features of reflections from superstructures of the buoys.The

PointNet architecture is able to effectively model such geometric variations by its learned

transformation of each point and global max-pooling to gather information. [42].

That said, however, a score of 1.00 on all metrics on a test set of 56 samples should be

taken with a grain of salt. In a real life scenario, there may be many factors that cause the

difference between the annotations of the vessels and buoys. Since the geometry of the

Pohang Canal and the number of classes are limited in the environment, a perfect or near

perfect 100% accuracy may not mean that the program has good generalization capability,

but that there is not much variation among classes. The primary task of the classifier is to

remove the noise, including sea surface reflections and wave peaks, and not to make detailed

classification.In this context, it is expected and desirable to obtain a high-confidence binary

verdict. [14].

After PointNet, the front LiDAR view had seven clusters distances 21.7 to 110.9 metres

and filtering with confidence 82 to 100 per cent. The three-LiDAR system (5.9 forward,

93.4 starboard, -96.8 aft) was used to measure the distance to and from the ground.Distance

to/from ground was measured using a three-LiDAR system (5.9 forward, 93.4 starboard,

-96.8 aft). The angle (in degrees port) was important in the fusion process: many of the

LiDAR-only detections in the no visual analogue could be found for the starboard and port

quarters since they were beyond the camera’s 58.88 forward field of view at a 5° degree

angle.
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Fig: 4.2 The front LiDAR view for frame 008000 shows seven clusters that remained after
applying PointNet filtering, with distances ranging from 21.7 to 110.9 metres.

4.5 Radar Classifier

The radar cluster data in the Pohang Canal data set was used to train the PointNet classifier,

which was then evaluated on a test data set comprising 68 radar clusters (10 buoy clusters and

58 ship clusters). The detailed classification report is listed in Table 4.4 and the confusion

matrix is listed in Table 4.5.

Table 4.4 Radar PointNet Classification Report

Class Precision Recall F1-Score Support

Buoy 0.43 0.60 0.50 10

Ship 0.93 0.86 0.89 58

Overall Accuracy — — 0.82 68

Macro Average 0.68 0.73 0.70 68

Weighted Average 0.85 0.82 0.84 68
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Table 4.5 Radar PointNet Confusion Matrix

Predicted: Buoy Predicted: Ship

True: Buoy 6 4

True: Ship 8 50

The overall accuracy of the radar PointNet classifier was 82%, and the class-wise accuracy

varied greatly. The results for ship detection were good as precision was 0.93, recall was 0.86

and F1-Score was 0.89, showing that the classifier was efficient at detecting radar clusters

labelled as ships. By contrast, buoy detection achieved a significantly lower performance,

with a precision of 0.43, recall of 0.60 and an F1-score of 0.50.

Two reasons explain why there is a difference in performance between ship classes and buoy

classes. Firstly, the training data is not balanced, that is there are many more ship samples

(58) than buoy samples (10). This implies that the classifier has very few examples of buoy

shapes to learn from, and it is hard to specify a proper decision boundary. Secondly, the

response from small navigation buoys is very small in the scanned PNG image, resulting

in an extremely sparse point cloud of the converted image. These sparse points are similar

in shape to those from small vessels detected at a distance. This is because of the data,

not because of an error in the architecture of the model. Adding more labeled radar buoy

sequences will to some extent alleviate this problem. However a lower accuracy from

model training for buoy should still be expected due to radar’s inherently being low spatial

resolution, making it very hard to consistently and accurately detect smaller objects like

buoys .

The capability of the radar component is unique in the entire system which is not available

in any other sensor for buoy classification: long range obstacle detection [37]. After filtering

using PointNet, 28 radar clusters were observed in the evaluation frame, up to a range of.
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The CCTV sensor range is 1493 metres; the LiDAR sensors are almost restricted to around

150 metres in harbour environment. Without the radar branch, more than half of all the

obstacles seen in the evaluation frame would have been completely hidden from the system

which is the most operationally important result of the entire evaluation [74].

Fig: 4.3 Radar view demonstrating 28 confirmed radar obstacles at ranges from 479 to
1493 metres.

4.6 Integrated Fusion System Results

The whole five-stage fusion pipeline was evaluated on frame 008000 of the Pohang Canal

dataset, which provides a representative example of a boat proceeding through the inner

harbour with lots of anchored vessels, navigation markers, and harbour constructions.
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Table 4.6 Detection Counts for Frame 008000

Modality Raw Detections After Fusion Type

Left Camera (YOLOv8) 14 — Input to Stage 1

Right Camera (YOLOv8) 13 — Input to Stage 1

LiDAR (3 sensors, merged) 8 clusters — Input to Stage 2

Radar (PointNet filtered) 28 clusters — Input to Stage 3

Fused Output (all stages) 51 total 51 Final detection list

Table 4.6 provides a summary of the detection performance for this frame for each of the

modalities.

The fusion pipeline identified 51 objects, with a range between 21.7 metres (nearest LiDAR

cluster) and 1493.2 metres (furthest radar cluster).Semantic class labels and distance es-

timates in the near-to-medium range were given by camera detections. LiDAR was able

to provide accurate depth measurements at close distances, while radar was able to detect

objects at distances exceeding the effective range of the LiDAR sensors at longer ranges,

typically more than 7 times the LiDAR sensors’ effective range, and well past the visible

range of the stereo cameras under the bridge-approach condition in the recorded scene. [37].

The way different types of detections are spread across this frame shows how the four sensors

share the task of detecting objects. In the close to medium range, the camera and LiDAR

sensors combined, with the two entries labeled lidar_cam and lidar_radar_cam

demonstrating the most stable and reliable combined detections up to approximately 110

metres. The radar replaced the range finder from about 200 metres and longer, giving a

longer reach. The density of the LiDAR points was below the minimum needed to create a

good cluster at this stage. There are also some entries for which both camera and LiDAR
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are unable to detect, labeled as radar_only from 400 to 1493 metres. Operational-wise,

these are the most important types of detections because they are made at a long range, and

hence used for collision avoidance. A ship at 1500 metres, proceeding with a typical speed

of 7.5 knots in a harbour, and on a collision course, gives the navigator a reasonable time in

which to make a plan and take appropriate action [73].

The modality dominance patterns for the detection source distribution according to the

range band classes are found. Camera and LiDAR detections are the most prevalent in

the 0–50 metre band, with 8 out of 10 detections confirmed by both camera and LiDAR

(lidar_cam). With regards to the detection type, in the 50–150 metre band, a mix

of lidar_cam, cam_only and ir_cam detections show up reflecting the transition

region where the point density from LiDAR start to decrease. In the 150–500 metre band

camera detections in combination with monocular depth estimates make limited contribution;

radar starts to make contribution at this band. Since 500 metres, 100% of detections are

radar_only meaning radar is the only source of long-range situational awareness.

The length of the forward arc is good, with the distance difference between matched lidar

and camera pairs being within a few metres, which implies the extrinsic calibration and

timestamp synchronisation process is working well.

Fig: 4.4 Fusion view at full 1655 m zoom for Frame 008000.
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4.7 Dashboard and Operator Usability

The six-view interactive dashboard fulfills a role that goes beyond simply displaying results.

When the multi-sensor system is used, the operator should be able to not only understand

what was detected, but also determine which sensors were used in each detection and

whether the sensors agree. The fusion view is a 360-degree integrated view. The individual

sensor views also allow the operator to review the raw data of each sensor, a key factor when

the fused output appears to be inconsistent, aiding in troubleshooting. The zoom feature

enables the user to zoom in for checking and verification on the individual level or zoom

out for seeing all the objects at a time, ranging from 25m to 1655m. It also assists the user

to visualise the range at which each sensor is detecting objects. For user eye comfort, in

case of prolonged use, the background is dark with cyan highlight, and the objects that are

labelled are color coded, for user convenience.

Principles of maritime bridge ergonomics were considered in the design of the dashboard.

The dark colour scheme (black background with cyan accents) was selected as a way to

preserve the operator’s night vision adaptation, so important when they look at the display

and are required to look outside through the bridge windows. The fusion view, that was

used in the experiments, was a polar radar-like display, because it fits with the mental model

already used by maritime navigators for interpreting traditional radars, thus decreasing the

mental effort needed to understand the output of the system [27].

A significant portion of the dashboard that was particularly useful when analyzing was the

distance bar chart with the two markers for matched detections. By plotting both the LiDAR

and camera range estimates for each lidar_cam entry as one plot, it was immediately

evident how well the two sensors’ data agreed. This helps in verification of two key points

for sensor fusion: firstly sensor calibration (i.e. all the sensors are operating as expected and

the objects are mapped at the same distance from the sensors), and secondly sensor fusion

itself, which is to understand mutual agreement between two or more sensors.
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Limitations and Sources of Error

Some potential sources of error and limitations were identified during the analysis. When it

comes to small buoys, the F1 score for the radar PointNet classifier was lower (0.50). This

indicates that sometimes buoys, particularly medium range buoys, may be misclassified as a

ship or not detected at all. This limitation is mainly due to the low spatial resolution and the

class imbalance in the radar training set (58 ship samples and only 10 buoy samples) [48].

Although Depth Anything V2 produces excellent results over a medium distance, at closer

ranges it is not as reliable.However, in the harbour environment where perspective cues

are more pronounced, reliable beyond around 150 metres. These decrease and foreground-

background ambiguity increases [61]. In cases of detection where the distance shown if

only the camera is the range source (cam_only entries) should be should be assumed to

be an approximation, not a measurement.

LiDAR PointNet was tested and achieved a perfect test accuracy (1.00) on 56 samples on a

small and a small test set which was geographically limited and was used in one harbour

environment. Performance may be degraded in open-ocean or adverse-weather situations

where wave heights build-up, creating more diverse. However, it has been shown that

wave-crest cluster geometries that cannot be observed during training exist [9].

Lastly, the existing approach does not track the frames temporally. The assumption is that

each frame is an independent observation and that the objects are not followed between

successive frames. This makes it impossible to predict future object locations, to estimate

object velocities or to keep track of the object identities between successive frames, which

would be valuable for an installed collision avoidance system [35]. In addition to this, the

computational burden of five models running alongside fusion pipeline further restricts the

possibility of real-time deployment on embedded hardware without proper optimisation,

when making an embedded hardware choice, especially when considering Nvidia Jetson

2020 [77].
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4.8 Cross-Modal Performance Analysis

After presenting the individual results for each sensor modality, it is useful to look at the

interaction and complementarity between modalities, from the common evaluation frame.

This section presents a single analysis of the contributions for each modality to the detection,

the range coverage profile, and the system sensitivity to availability of individual sensors.

4.8.1 Detection Source Distribution

Table 4.7 Detection Source Distribution on Frame 008000

Detection Label Count Range (m) Description

lidar_cam 12 21.7 – 148 Camera + LiDAR matched

ir_cam 5 32 – 120 Camera + IR confirmed

cam_only 8 45 – 197 Camera only (no LiDAR match)

radar 26 203 – 1493 Radar only (beyond optical

range)

For the 51 confirmed detections generated on Frame 008000, the distribution of detections

by detection label assigned by the fusion pipeline is shown in Table 4.7. The distribution

shows some significant features of the system’s behaviour.

This is because the majority of radar detections (26 out of 51, about 51

The 12 lidar_cam detections are each the best confidence detection of the whole pipeline.

Those are targets that are detected by the camera with a bounding box and class label, and

detected separately by a LiDAR cluster with a very close metric range, and the spatial

correspondence of the two targets has been confirmed within the matching threshold of the

Stage 2 stage. These detections are the most actionable since they come with a camera’s
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class label and an accurate distance estimate from LiDAR.

The 5 ir_cam detections are targets where the infrared channel detected targets that were

detected by the camera, but not matched by the LiDAR, either because the object was in a

gap of the LiDAR sensor, or because it did not form a cluster with a confidence value above

the PointNet threshold. Targets exist in both the visible and thermal channels, and range and

confidence is moderate with no metric ranging.

8 of the detections are cam_only, meaning they were detected by the camera, but not by

either the LiDAR or IR. These detections are kept in the output with a lower confidence.

In a deployed system, they may just cause an alert to the operator and not an automatic

collision avoidance action.

4.8.2 Range Coverage by Modality

One of the major design points for the fusion system was to provide reliable detection

coverage from close-quarters manoeuvring range out to long-range situational awareness.

Evaluation results in three separate operating ranges:

• 0–150 m (Close-quarters): Largely lidar_cam and ir_cam detections. Here,

camera bounding boxes are good and well-resolved, LiDAR returns are dense, and

infrared signature is good. All four modalities make a meaningful contribution.

• 200–300 m (Transitional): A mix of lidar_cam and cam_only detections. The

density of LiDAR points drops off at this range and some targets turn from con-

firmed to camera-only. Radar starts to provide additional detections. 200–1493 m

(Long-range): Coverage with radar only. For this distance optical sensors can not

reliably discover targets in the harbour environment. Situational awareness would be

completely missing from a camera-LiDAR only solution with the 26 radar detections

in this range band.

This range profile is a direct validation about why a fourth modality, radar, is being added.
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If a system only fuses information from the camera and LiDAR, then it would only have

25 detections, corresponding to the lidar_cam, ir_cam and cam_only labels, and be

missing all long range awareness.

4.8.3 Sensor Removal Impact Analysis

Table 4.8 Detection Count Under Single-Sensor Removal (Ablation Study)

Removed Sensor Detections Max Range

(m)

Impact

None (full

system)

51 1493 Baseline

Radar removed 25 197 Lose 51% of detections; max range

drops by 87%

Camera removed 39 1493 Lose 12 lidar_cam class labels; re-

tain range

LiDAR removed 39 1493 Lose metric ranging for close targets

IR removed 46 1493 Lose 5 ir_cam confirmations only

To quantify the contribution of each modality, Table 4.8 shows the detection count that would

be obtained if each sensor branch were removed from the pipeline, simulating single-sensor

failure conditions.

The ablation analysis highlights that radar is by far the most impactful single modality in

terms of detection count and range coverage. Removing radar reduces the total detection

count by 51% and reduces the maximum detection range from 1493 m to 197 m. This

underscores the importance of including radar in any maritime sensor fusion system intended

for open-water or long-range situational awareness.
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The camera, while contributing fewer unique detections than radar in this evaluation frame,

provides the class labels (ship versus buoy) that are essential for the lidar_cam entries.

Without the camera branch, the LiDAR clusters would still be detected but would lack

semantic classification. The infrared branch has the smallest individual impact in the

ablation study, but its value is asymmetric: it is most critical in low-light and nighttime

conditions that are not represented in this daytime evaluation frame [13].

4.9 Conclusion

The numbers in this chapter tell a reasonably clear story. YOLOv8 at mAP@50 of 0.917

is solid for a maritime camera system; the LiDAR PointNet at 1.00 accuracy on 56 test

samples is impressive but the test set is small enough that the result should be treated with

some caution; the radar PointNet at 0.82 reflects the genuine difficulty of classifying small

buoys from sparse radar clusters; and DeepLabv3 at 70.37% pixel accuracy does what it

needs to do as a cross-check rather than a primary detector.

The ablation result is the one worth dwelling on. Removing radar drops the detection count

by half and the maximum range by 87%. That is not a marginal contribution — it is the

difference between a system that can warn a navigator about a vessel 1.5 kilometres ahead

and one that cannot. Camera and LiDAR alone produce 25 detections against a baseline of

51, and all of the long-range ones disappear. If this pipeline were to run on a real vessel,

radar would be the sensor you could least afford to lose.

The dashboard showed that the outputs are interpretable by a person looking at a screen

under realistic conditions. Whether they are interpretable fast enough for real collision

avoidance is a different question, one that would need live testing with actual operators to

answer properly. What this chapter establishes is that the system works on recorded data

and that its components contribute in measurably different ways.
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Chapter 5

Conclusion

5.1 Overview

This project was conceived in an effort to find a solution to what may seem a rather straight-

forward yet complicated issue: how to design a method by which a ship can accurately detect

and track obstacles all around It can be used on its own, or in combination with other sensors,

at any range and in conditions that those sensors cannot handle alone. As demonstrated, the

answer is not a better sensor, it’s a collection of sensors working together, e complementing

each other’s failure modes. The sensor fusion framework which is presented here does

exactly that.

5.2 Summary and Achievements

The research covered in the previous chapters encompasses the entire perception life cycle

from conception to development to realization. From choosing the datasets to training the

model and real-time fusion and visualisation. The Pohang Canal data were acquired within a

harbour in South Korea and the harbour is 2500 m long and 2500 m wide. The geometric and

environmental information was provided by a multi-modal sensor system which was used as

a basis. In order to train models that is not limited to one operating scenario, diversity is

needed [18].

One model per modality was trained. YOLOv8 was used for the stereo When evaluated

on camera stream, it reaches to a mAP@50 of 0.917 and precision-recall values of 0.927
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and 0.836 after These methods have been trained with thirty epochs in Ref. [44]. The

performance on vessels (precision = 0.94, recall = 0.87) and buoys (precision = 0.91, recall =

0.80) was comparable, with the difference in performance due to the small visual footprint of

the buoy at medium-long range. All were integrated with Depth Anything V2 to convert each

Convert a 2D Bounding Box to a 10th percentile depth range estimate as a metric. sampling

strategy which is based on the closest solid surface of a target to anchor estimates [61].

The cross-modal confirmation is the most important function of the DeepLabv3 infrared

segmentation model which has a 70.37% pixel-level accuracy, mainly used to confirm

the detection results of the model. A PointNet binary classifier was trained to distinguish

between real vessel and In addition to its ability to distinguish between buoy clusters and

sea-surface clutter, it has a perfect success rate on its test. set [42]. Using radar clusters, a

parallel PointNet classifier was trained, which achieved an Overall accuracy of 82% and

high accuracy of ship detection (F1 = 0.89).

Then these five independent model outputs were combined using the five-stage late-fusion.

pipeline. The first stage was to fix stereo camera dups. Stage 1.5 cross-validated camera

Label promotions are performed for detections against the infrared channel, promoting them

to ir_cam labels. Enriched camera detections with precise metric depth where the LiDAR

sensors detected - Stage 2. The two modalities might be spatially matched. In Stage 3,

radar was integrated, boosting the detection range far beyond the capabilities of optical

sensors. Stage 4 made sure that any cluster of data not matched by a sensor still made it

into the final output, ensuring full 360-degree situational awareness was maintained. The

distance range between the detections from the combined system in a specific sequence,

taken from the Pohang Canal, was between 21.7 metres and 1493 metres, and 51 reliable

detections were achieved. Modality (how things are distributed) was evident in the detection

source distribution by range: camera and LiDAR were the predominant sensors within range

150 metres whilst radar was the exclusive sensor beyond 500 metres.

The results of the system are presented on an interactive dashboard created with the Mat-

67



plotlib library. Fusion view is a top down display like radar of all objects detected. Adding

sensor coverage FoVs, color-coded detection markers and ascending wise sorted distance

bar chart. Individual views are offered so that the operator can look at each sensor type

individually, and overlap detections from various sources.

5.3 Achievement of Objectives

With the results of the objectives listed in Chapter 1 it has been possible to judge whether

the actual system matches the original design goals. The main goal was to design an

obstacle detection system based on sensor fusion which does not fail in difficult naval

scenarios. This aim has been achieved. There is a 5 stage pipeline in the system where

all the data gathered from the camera, infrared, Lidar and the radar is integrated together

to form a complete detection image. It can locate both targets and reconnaissance targets

simultaneously, continue to operate without one of the sensors failing, and provides clearly

labelled output with semantic information for the operator. This capability is substantiated

by the 51 detections made on the evaluation frame over a range of 21.7 to 1493 metres.

The second goal was to preprocess and fuse multimodal data comprising of data from

three or more sensors. Pohang Canal dataset was processed to extract and synchronize six

streams of data: left camera, right camera, infrared camera, front LiDAR, port LiDAR,

starboard LiDAR, and radar. All these data streams were all registered to a common vehicle

coordinate frame, using the calibration files provided. Spatial matching of camera and

LiDAR detections in the fusion pipeline has been successful with distance agreements

between a few metres, indicating that the pre-processing and calibration workflow was

performed correctly.

The third goal was to create machine learning models to identify and classify obstacles in

the day and night. YOLOv8 is used for camera-based detection with a mAP@50 of 0.917;

the two PointNet classifiers are used for geometric noise rejection (100% for LiDAR and
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82% for radar) and DeepLabv3 is used for infrared segmentation with a pixel accuracy of

70.37%, while Depth Anything V2 is used for metric depth estimation from monocular

imagery. The infrared channel is a solution to the nighttime detection need.

The six-view Matplotlib dashboard is used to achieve the fourth objective of the project,

which is the design and implementation of a GUI for real-time visualisation of fused sensor

data and detected obstacles. The dashboard includes a fusion polar view, single sensor views,

and zoom controls, allowing the operator to view the fused situational picture and zoom in

to look at the individual sensor views.

The findings and contributions are summarized here.

There were a few interesting takeaways from this work other than the performance numbers.

Most importantly was the extent to which the modalities complemented each other and did

not just corroborate each others findings. It is often claimed that radar is a low resolution

sensor and hence it is not suitable for classification in papers in computer vision; however, in

the harbour environment of the Pohang dataset, radar was the only sensor that could detect

objects at a distance of more than about 200 metres. 28 obstacles out of 51 in the evaluation

frame would not be available if the radar branch was not there. On the other hand, at long

range the sensor is unable to distinguish a buoy from a ship with high confidence, and at

close range, the 20 m clustering grid is too coarse for detailed geometry. Both those missing

features are offered by camera and LiDAR.

The late fusion of data, not the feature-level or early fusion approach, paid off. Each

model was constructed, tested and debugged in turn and added to the pipeline. This greatly

simplified development: any errors in one branch, such as the buoy confusion in the radar

classifier, could be tracked down and diagnosed independently of the other branches [40].

It also had the benefit of allowing the system to be operated in a degraded, but functional

mode if a sensor failed. input [20].

Third, the quality of preprocessing in particular the extrinsic calibration verification and
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The closeness of timestamp synchronisation was found to be at least as important to the

final system performance as the choice of model. The 300 millisecond window used in the

construction of the frame-table wasn’t arbitrarily selected - it was arrived at in the analysis

of the inter modal timing gaps found in the data recordings from Pohang. A higher threshold

would make this disparity between two sensor images too high, and may cause mismatches

between the objects detected by the camera and the points clustered by the Radar/LiDAR.

5.4 Comparisons with Related Work

It is useful to compare the performance of the system with this project to some of the

representative literature reviewed in Chapter 2 in the field of maritime sensor fusion in order

to put the results obtained in this project into context.

The mAP@50 of the camera-based detection branch was 0.917 when YOLOv8 was trained

on the Pohang Canal dataset. This is comparable to the single modality camera detectors

surveyed in literature. Palladin et al. [34] also mention similar results with YOLOv8 when

applied to Singapore Maritime Dataset (SMD) but with a drop in performance in low light

conditions without infrared augmentation. This project in particular focuses on this gap

with the integration of the DeepLabv3 infrared branch via Stage 1.5 cross validation, which

promotes confirmed detections to ir_cam labels and preserves the detection confidence

for when ambient lighting is not sufficient for optical channel detections.

The LiDAR PointNet classifier had 100% accuracy on its 56-sample test set. The result

should be interpreted with caution, because the geometry of the clusters is relatively homo-

geneous in the Pohang Canal harbour environment with respect to open-water scenes, and

the number of the test set is small, which means that the statistical confidence is limited.

The binary nature of the problem, however, separating true vessel or buoy returns from

sea-surface clutter, is intentionally conservative, and suitable for a safety-critical application.

A false negative in the LiDAR branch can be caught up by the camera or radar branches,
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while a false positive results in a spurious obstacle detection which cannot be discounted

by any of the other branches. The accuracy of the LiDAR classifier is thus in line with the

design principle of the whole fusion pipeline [40].

The radar PointNet classifier scored 82% overall accuracy, 0.89 F1-score for ship and 0.50

F1-score for buoy. The ship detection performance is in line with the results presented in

Stove [3] showing reliable ship-class target detection at harbour ranges but having challenges

detecting small navigation markers like buoys due to their low RCS. This class imbalance

is not reflected in the overall accuracy of 82% but may be summarized by a weighted F1

measure that takes into account the relative frequency of ship and buoy encounter in the

Pohang Canal.

Of the five-stage late-fusion pipeline, the whole detected 51 detections on evaluative

Frame 008000, in the range of 21.7 metres to 1493 metres. There is no exactly simi-

lar multi-modal fusion result available in the literature for the same data set and the same

frame. The coverage of the 500–1493 metre range band, however, is provided only by

the radar branch, and could not be replicated by the camera-only or LiDAR-only systems

reviewed in the literature. According to Zhang et al. [23], typical camera and LiDAR fusion

system are saturated at 200-300 metres effective range in harbour environment, similar to

the modality-dominance pattern found in this project’s results.
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Table 5.1 Comparison of Key System Metrics Against Related Maritime Fusion Works

System Modalities Camera

mAP

Max Range Notes

This Work Cam + IR +

LiDAR +

Radar

0.917 1493 m 5-stage late fusion; Pohang

Canal

Palladin et al. [34] Cam +

LiDAR

0.891 ∼300 m No IR; no radar; SMD

dataset

Zhang et al. [23] Cam + Radar 0.863 ∼800 m No LiDAR; no IR augmen-

tation

Zust et al. [9] Cam only 0.843 ∼200 m Single modality; LaRS

dataset

The comparison in Table 5.1 highlights the main benefit of multi-modal fusion: by adding

each sensor modality, the detection range, or its ability to operate in adverse conditions, or

both, are increased. The camera-only system developed by Zust et al. is a good baseline for

close range detection, but cannot match the long range of 1493 metres obtained with the

addition of radar. Palladin et al. used camera-LiDAR system for high accuracy detection,

which is constrained by the optical sensing range, but can be improved by performing

depth-guided detection. The system can only be realised in all four modalities to achieve the

accuracy benefits of camera-LiDAR complementarity and long-range coverage from radar.

5.5 Limitations

An honest evaluation of the system must recognize its shortcomings.

The first and most critical limitation is the radar classifier’s performance in detecting buoys.

72



An F1-score of 0.50 for the buoy class suggests that roughly half of all actual buoy clusters

are either not detected at all or wrongly identified as ships. On a narrow waterway such

as the Pohang Canal, buoys mark the edges of channels and hazard areas; dropping or

mislabelling them is a non trivial mistake. The main issue is related to the data: the radar

classifier was trained using only ten examples of buoys, which is insufficient for the training

process to establish a clear decision boundary. This problem cannot be resolved by switching

to a more advanced classifier without first addressing the imbalance in the training dataset.

Further more, the low resolution of radar in general also makes it very hard to identify buoys

accurately.

The second limitation concerns monocular depth estimation beyond 150 metres. Depth

Anything V2 depends on relative scale cues within a single image. However, in the Pohang

Canal sequence, particularly in the bridge approach areas, vanishing points cause distant

vessels to blend with the harbour background, leading to unclear scale cues. This is

somewhat mitigated by the 10th-percentile depth sampling approach, but it does not rectify

the fundamental uncertainty. This issue is more magnified when the objects are being

detected at ranges above 150 meters, generally the model performs better when the distance

is lower than 150 meters.

The third limitation is the single-environment evaluation scope. All training and evaluation

was performed on data from the Pohang Canal, a restricted harbour environment with

specific characteristics: narrow waterways, moderate vessel traffic, and calm to moderate

sea states. The system’s performance in open-ocean conditions, rough seas, or tropical

weather patterns remains untested. The LiDAR classifier’s perfect accuracy on its test set

may reflect the low geometric variation within the Pohang Canal cluster set rather than

genuine robustness [9].

The fourth limitation is the absence of temporal tracking. The current system processes each

frame independently, without maintaining object tracks across consecutive frames. This
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means the system cannot estimate object velocity, predict collision courses, or provide stable

object identification over time, all of which are essential for a deployed collision avoidance

system [35].

Finally, the computational requirements of running five deep learning models plus the fusion

pipeline limit the system’s suitability for real-time deployment on embedded hardware.

Optimisation for platforms such as NVIDIA Jetson would be required before operational

deployment [77].
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Chapter 6

Future Work

6.1 Recommendations for Future Work

The limitations identified in Chapter 5 translate directly into a prioritised set of future work

recommendations, organised roughly in order of expected impact on system reliability.

6.1.1 Expanding the Radar Training Set

The most urgent priority is expanding the radar training set with more buoy examples.

One practical path is to mine additional buoy annotations from the later sequences of the

Pohang Canal dataset that were not used in the initial training split, and to supplement these

with synthetic buoy cluster data generated by sampling the known geometric properties of

navigation buoys and projecting them through the radar polar-to-Cartesian pipeline [43].

Data augmentation through small rotations, range scaling, and cluster-level jitter is also

straightforward to implement and would meaningfully diversify the training distribution

without requiring additional data collection effort.

6.1.2 Adaptive Confidence-Weighted Fusion

A second important direction is replacing or augmenting the static spatial thresholds in

the fusion pipeline with adaptive, confidence-weighted matching. At present, the 25-metre

baseline and 30% range-fraction thresholds used in Stage 2 were set empirically on the

Pohang dataset and may not transfer cleanly to open-water scenes where target motion

between frames is larger and LiDAR range estimates carry more uncertainty. A Kalman
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filter or a lightweight track management layer would allow detections to be associated across

frames rather than treated as independent observations, which would both improve matching

robustness and enable velocity estimation for collision-course prediction [35].

6.1.3 Evaluation on the MOANA Dataset

A third direction is systematic evaluation on the MOANA dataset’s open-water sequences.

The environmental conditions in those sequences—including larger wave states, fewer

fixed landmarks, and a wider variety of vessel types—represent a substantially harder

problem than the Pohang Canal harbour. Running the current pipeline on those sequences

without re-training would provide a direct measure of how much the present performance

figures depend on the specific characteristics of the training environment, which is the most

meaningful test of generalisation available with the existing data.

6.1.4 MOANA Intrinsic Calibration Recovery

The lack of intrinsic calibration in the MOANA dataset points to another pressing need.

Manual calibration through a variety of camera calibration tools or estimation approaches

could be used to recover the missing camera field-of-view values and intrinsic matrices.

Afterwards, the unstructured open-water sequences in MOANA would be eligible for full

five-stage late-fusion evaluation, serving as a solid test of the pipeline’s generalisation

beyond harbour environments.

6.1.5 Deep Feature-Level Fusion

Looking further ahead, the most architecturally significant extension would be a move toward

deep feature-level fusion for the camera and LiDAR branches. The current late-fusion design

was chosen for its modularity and interpretability, but it leaves potential accuracy gains on

the table by not allowing the camera and LiDAR feature representations to inform each other

during inference. Transformer-based architectures that process both modalities jointly in a
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shared attention space have shown substantial performance improvements in the autonomous

driving domain [20, 34], and adapting those approaches to the maritime sensor configuration

used here is a natural progression. The modular codebase developed during this project

provides a clean baseline against which such an extension could be benchmarked.

6.1.6 Real-Time Deployment and Hardware Integration

An important long-term direction is moving from a software prototype to a deployable

hardware system. The current implementation runs offline on recorded sequences. Real-

time deployment would require optimisation of the inference pipeline for embedded GPU

hardware (e.g., NVIDIA Jetson), integration with live sensor data streams, and latency

profiling to ensure detection output is available within the reaction time required for collision

avoidance at operational vessel speeds.

6.1.7 Extension to Naval and Patrol Vessel Contexts

The sensor fusion framework developed in this project has direct applicability beyond

commercial shipping to naval patrol and littoral combat operations. Pakistan Navy pa-

trol vessels operating in coastal and harbour environments face a particularly challenging

perception problem: the threat profile includes small, fast-moving surface craft that may

carry low radar cross-sections and operate without AIS transponders [6]. The late-fusion

architecture developed here is especially well-suited to this scenario because each modality

contributes independently, and the system continues to operate even if one sensor is degraded

by jamming, adverse weather, or battle damage.

A natural extension of this work would be to evaluate the pipeline on sensor data collected

from a naval vessel operating in the coastal waters of the Arabian Sea or the Strait of

Hormuz, where environmental conditions (high ambient temperature, sea spray, haze) differ

substantially from the South Korean harbour environment of the Pohang Canal dataset.

Collecting such a dataset would require coordination between the university research group
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and the Pakistan Navy, which would represent a meaningful transition from academic

prototype to operationally relevant capability.

The dashboard developed as part of this project could serve as the foundation for a bridge dis-

play system tailored to naval operator requirements. Adaptations would include integration

with the vessel’s own navigation display, alerts calibrated to COLREGs encounter geometry,

and the ability to overlay AIS tracks from cooperative targets on the same display as fusion-

detected non-cooperative targets. Such a system would give the vessel commander a unified

situational awareness picture regardless of target type or environmental conditions [30].

6.2 Conclusion

The six recommendations in this chapter are ordered by expected return, not by difficulty.

Expanding the radar training set is cheap relative to its likely impact — the data already

exists in later Pohang sequences, and fixing the buoy classifier’s recall would directly

improve the most operationally critical part of the system. Adaptive fusion thresholds and

temporal tracking would make the system less brittle in open water, where the harbour-

calibrated parameters start to break down. Everything after that — deep integration, MOANA

evaluation, naval extension — is about what the system could become rather than what it

needs to become a reliable prototype.

The honest version of this chapter is that all six items exist because the current system has

gaps. Radar training data was scarce. The fusion thresholds were set empirically on one

dataset and tested on one frame of it. The dashboard was built for analysis, not for a bridge

watch-keeper operating under stress. None of this makes the system a failure; it makes it

a prototype in the accurate sense of the word: something that demonstrates the concept

works and points at what needs to be fixed next. That is a reasonable place to end up after a

single academic project, and a reasonable place to start from if someone picks this up and

continues it.
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6.3 Closing Remarks

Maritime collision avoidance is one of those problems where the consequences are significant

enough that any gains in perception reliability are immediately worthwhile. A system that

can detect a buoy at 200 metres rather than 150, or can see through foggy conditions where

camera-only systems fail, can save lives, prevent environmental damage, and make maritime

operations safer. The system developed here is a software prototype, not a deployable

safety system, and it has several shortcomings that would need to be remedied before

operational use. Nonetheless, it creates a principled, modular multi-modal fusion design

built upon publicly available datasets and well-understood machine learning building blocks

that significantly extends the perceptual range and reliability over any individual sensor

alone. That is a result that is worth continuing to build on.

The research community working on maritime perception has, until recently, been sub-

stantially smaller and less well-resourced than its counterpart in autonomous driving. The

availability of the Pohang Canal dataset [18] and comparable open-water datasets represents

a turning point: it is now possible to train, benchmark, and compare multi-modal maritime

perception systems on shared ground-truth data, accelerating progress in a way that was not

possible when each research group had to collect its own proprietary data. This project has

demonstrated one approach to exploiting that shared data; the modular, open codebase it

produces is intended as a contribution to that collective effort.
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List of Abbreviations

2D Two-Dimensional

3D Three-Dimensional

6DoF Six Degrees of Freedom

AI Artificial Intelligence

AIS Automatic Identification System

ANN Artificial Neural Network

ASPP Atrous Spatial Pyramid Pooling

BCE Bachelor of Computer Engineering

CNN Convolutional Neural Network

CUDA Compute Unified Device Architecture

DNN Deep Neural Network

DOF Degrees of Freedom

FMCW Frequency-Modulated Continuous Wave

FOV Field of View

FPS Frames Per Second

FYP Final Year Project

GHz Gigahertz

GNSS Global Navigation Satellite System

GPS Global Positioning System

GPU Graphics Processing Unit

GUI Graphic User Interface

HOG Histogram of Oriented Gradients

IMU Inertial Measurement Unit
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IoU Intersection over Union

IR Infrared

JSON JavaScript Object Notation

KITTI Karlsruhe Institute of Technology and Toyota Technological Institute

KNN K-Nearest Neighbours

LiDAR Light Detection And Ranging

mAP Mean Average Precision

ML Machine Learning

MoANA Multi-Radar Dataset for Maritime Odometry and Autonomous Navigation Application

PNG Portable Network Graphics

RADAR Radio Detection And Ranging

R-CNN Region-based Convolutional Neural Network

ResNet Residual Network

RoI Region of Interest

RPN Region Proposal Network

RTX Ray Tracing Accelerated (NVIDIA GPU Series)

SAR Synthetic Aperture Radar

SIFT Scale-Invariant Feature Transform

SURF Speeded-Up Robust Features

SVM Support Vector Machine

TTS Text-to-Speech

USV Unmanned Surface Vehicle

YOLO You Only Look Once

XYZ Three-Dimensional Coordinate Axes
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ANNEXURES

Annexure A

System Configuration and Software Dependencies

Hardware Specifications

The system was developed and evaluated on a workstation with the following hardware

configuration:

• CPU: Intel Core i5 (12th generation)

• GPU: NVIDIA GeForce RTX 3060 (12 GB VRAM)

• RAM: 16 GB DDR4

• Storage: 1 TB NVMe SSD

• OS: Windows 11

Software Dependencies

• Python 3.10

• PyTorch 2.1.0 with CUDA 12.1

• Ultralytics YOLOv8 (ultralytics 8.0.x)

• Depth Anything V2 (ViT-S checkpoint)

• DeepLabv3 (torchvision)
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• Open3D 0.17

• OpenCV 4.8

• Matplotlib 3.7

• NumPy 1.24

• SciPy 1.11

• scikit-learn 1.3
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Annexure B

Dataset Directory Structure

Pohang Canal Dataset Structure

The Pohang Canal dataset sequences follow a standardised directory layout:

sequence_XXXXXX/

calibration/

intrinsics.json

extrinsics.json

camera/

left/ (PNG frames)

right/ (PNG frames)

infrared/ (16-bit PNG thermal frames)

lidar/

front/ (.bin point clouds)

port/ (.bin point clouds)

starboard/ (.bin point clouds)

radar/ (PNG sweep images)

timestamps/

camera_left.txt

camera_right.txt

infrared.txt

lidar_front.txt
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radar.txt

Fusion System Output Format

Each detection in the final fused output list is a Python dictionary with the following fields:

{

"label": str, # e.g. "ship", "buoy"

"source": str, # e.g. "lidar_cam", "radar_only"

"range_m": float, # metres from vessel origin

"bearing_deg": float, # degrees from vessel bow (0=forward)

"confidence": float # 0.0 to 1.0

}
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