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Summary  

Product condition evaluation determines whether a component is in good condition, safe to 

use, and compliant with quality standards. This process prevents failures, ensures safety, and 

supports operational efficiency. As a result, condition evaluation technologies are increasingly 

used across industrial sectors like manufacturing and construction, where reliability and 

precision are essential. 

This thesis investigates advanced multi-sensor vision systems that combine 3D, RGB, and 

near-infrared (NIR) imaging to automate the inspection of industrial components. Two case 

studies were conducted: recycled e-bike battery housings and scaffolding pipes. These 

contrasting use cases reflect structured electronics in controlled recycling settings versus 

safety-critical infrastructure in construction environments. The first case established a baseline 

in a predictable domain, while the second tested system robustness under harsher, less 

structured conditions. 

For e-bike battery inspection, the growing need for sustainable recyclingðgiven over 200,000 

tonnes of lithium-ion batteries expected to be processed annually in Europe by 2030ðmakes 

manual inspection increasingly unscalable. To address this, an automated pipeline was 

developed using eight multi-view RGB-D scans per module. Background removal and point 

cloud registration were performed using deep learning and classical geometry, achieving a 

root mean square error (RMSE) of 0.0384 mm in 0.124 seconds. YOLOv11 was trained to 

detect missing screws with a mAP@0.5 of 0.963. A complementary anomaly scoring algorithm 

supports downstream steps such as robotic reassembly. 

The pipeline was then extended to scaffolding pipe inspectionðrepresenting a less structured, 

high-risk scenario. The global construction sector is projected to reach $17.05 trillion by 2025, 

with 65% of workers operating on scaffolding and fall-related incidents comprising 38.4% of 

fatalities. Manual defect detection for issues like rust, bent pipes, or mortar stains is slow and 

error-prone. A conveyor-mounted setup was built using calibrated RGB+NIR and 3D line-scan 

cameras with halogen lighting and a custom GUI interface. Sixteen pipes were rotated and 

scanned, yielding 64 RGB and 64 NIR images. These were expanded to 1455 training samples 

using an adapted Slice Aided Hyper Inference (SAHI) algorithm. 

Evaluation showed the RGB-only YOLOv11 model achieved a mAP@0.5 of 0.970, while the 

RGB+NIR version slightly improved to 0.982ðdemonstrating that multi-modal fusion 

enhances detection of subtle defects such as mortar stains. However, when detections were 

passed to SAM2 for segmentation, over-segmentation limited further gains. 
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This work lays the foundation for intelligent, scalable inspection systems adaptable to different 

domains. One critical question explored is whether it is necessary to invest heavily in training 

task-specific models, or whether comparable results can be achieved using zero-shot 

techniques like open-world object detection (OWOD), which eliminate the need for retraining. 

This thesis examines that question while demonstrating a modular, transferable framework for 

real-world inspection challenges across diverse use cases. 

Keywords : Automated registration, optimized illumination, multimodal defect detection and 

segmentation, Zero-shot object detection, YOLOv11, Segment Anything Model, Industrial 

vision inspection
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1 INTRODUCTION 

1.1 Motivation  

Product condition refers to the measurable state of an itemôs physical, functional, and aesthetic 

integrity, including factors such as wear, damage, corrosion, and structural degradation. 

Accurate condition assessment ensures that components continue to perform as intended, 

meet safety requirements, and remain economically viable for reuse or rental. 

The need for reliable condition assessment becomes critical when products are subjected to 

repeated use in harsh environments. Without precise evaluation, undetected defects can lead 

to operational failures, increased maintenance costs, and severe safety risks. This is 

particularly true in industries where equipment longevity and user safety are paramount. 

 The construction industry presents a particularly representative case for condition assessment 

challenges. Driven by cost efficiency and project flexibility considerations, this sector has 

widely adopted rental models for heavy equipment such as scaffolding pipes. This shift 

introduces the critical challenge of accurately assessing and managing the condition of 

scaffolding components between rentals. Scaffolding pipes, subjected to rigorous use in 

construction environments, experience significant wear and tear, corrosion, and structural 

degradation, which pose safety risks if undetected or improperly evaluated. Consequently, 

ensuring the reliability and safety of these components through precise and objective condition 

assessment is paramount. 

To validate the universality of the assessment methodology, this study selects two distinct 

categories of objectsðconstruction equipment and consumer products as comparative cases.  

Currently, scaffolding pipe condition evaluation predominantly relies on manual visual 

inspections by trained personnel. This subjective approach introduces several limitations, 

including inconsistent quality assessments, human error, and inefficiencies resulting from 

labour-intensive processes (Construction Industry Institute, 2023).  Besides, the e-bike battery 

housing serves as a representative consumer product case, where plastic components are 

prone to defects such as cracks and missing screws (parts) during outdoor use. Although their 

failure modes differ from construction materials, these components similarly require high-

precision defect detectionðmaking them an ideal testbed for verifying the adaptability of the 

assessment method across different materials and defect types.Recent advancements in 

sensor technology, non-destructive testing (NDT), and machine vision systems present 

opportunities to significantly enhance the accuracy, consistency, and efficiency of condition 

assessments. These technological solutions have successfully demonstrated their potential in 
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related fields, such as defect detection in manufacturing and infrastructure monitoring, yet their 

application within the scaffolding rental and e-bike battery domain remains underexplored 

(Chen et al., 2021). 

To bridge this gap, this thesis introduces a hybrid inspection pipeline and evaluates it through 

two industrial case studies. Each case study is designed to activate different functional aspects 

of the methodology, illustrating both its versatility and its practical relevance. 

The first case study revisits e-bike battery housings, leveraging a high-resolution RGB-D 

dataset collected in an earlier project. This scenario enables a full demonstration of the 

pipelineôs capabilities, including 3D point-cloud alignment for geometric inspection and 2D 

defect localisation using machine vision techniques. 

The second case study focuses on scaffolding pipes, directly addressing the construction 

rental context. Here, the primary concerns are surface-level defects such as corrosion and 

mortar stains, aligning closely with real-world inspection needs in the scaffolding industry. 

The inclusion of two distinct case studies serves a dual purpose: 

1. Demonstrating versatility ï showcasing how the proposed pipeline adapts to different 

object types, defect modalities, and inspection goals. 

2. Highlighting trade-offs ï illustrating how varying sensor configurations (e.g., RGB vs. 

RGB-D) impact detection accuracy, performance, and feasibility in industrial settings. 

Together, these case studies provide a comprehensive validation of the scope of the thesis for 

laying down a foundational concept of product condition evaluation. 
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1.2 Introduction  

1.2.1 Case-study instantiation: datasets and branch utilisation  

To ground the hybrid pipeline in concrete industrial scenarios, the thesis evaluates it on two 

different datasets. Each dataset activates a specific subset of the pipelineôs functionality, 

thereby illustrating both the breadth of the framework and the tradeȤoffs that arise when sensor 

modalities are added or withheld. Detailed acquisition protocols and annotation statistics are 

deferred to Chapter 3.4; here the intention is simply to map each dataset to the branch or 

branches it exercises. 

1.2.1.1 Bike -battery housings  

The first case study uses a highȤresolution dataset collected during an earlier masterôs 

project. A sixȤaxis robot positions a dualȤmode sensor head around each eȤbike battery casing, 

capturing eight canonical viewpoints that jointly provide full surface coverage. For every 

viewpoint the sensor outputs an RGB image and a registered depth map, yielding a paired 

RGBȤD representation. Because both photometric appearance and geometric integrity are 

available, the dataset enables a complete demonstration of the pipeline: Branch A performs 

3ȤD pointȤcloud alignment against a non-defect point cloud of the same item, while Branch B 

handles 2ȤD defect localisation and segmentation. Within Branch B a further experiment 

contrasts a purely RGBȤtrained YOLOv11 detector with an earlyȤfusion variant that ingests the 

full RGBȤD tensor. For the purpose of this thesis the primary defect of interest is the presence 

or absence of screws, taken as a proxy for assembly completeness and ingressȤprotection 

reliability. 

1.2.1.2 Scaffolding pipes  

The second case study introduces a dataset collected specifically for the present work. Steel 

pipes travel beneath a prismȤbased lineȤscan camera mounted on a conveyor, generating 

continuous scroll images that contain both visibleȤlight and nearȤinfraȤred 

channels. Unfortunately, depth capture was postponed, so only the RGBȤNIR pair is 

available. Consequently, the evaluation on this dataset invokes Branch B exclusively: OWLȤV2 

followed by SAM furnishes a zeroȤshot baseline, and a YOLOv11 detector fineȤtuned on the 

same imagery offers a supervised comparison. The immediate inspection target is mortar or 

cement residue on the pipe surface, a fault that impedes coupler tightening and therefore 

compromises scaffold stability. Rust and dent detection remain on the research agenda but lie 

outside the annotated scope of this thesis. Branch A is deferred until stable depth hardware 

can be reȤintegrated; the software hooks required for a future 3ȤD extension are, however, 

already present. 
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1.2.1.3 Rationale for dual instantiation  

Juxtaposing these two case studies serves three analytic purposes. First, it demonstrates the 

portability of the pipeline across markedly different production contexts: an electronics housing 

manipulated by a stationary robot versus tubular steel transported on a moving conveyor. The 

second part tests the prompt able zero-shot detector in an unseen domainðthe scaffolding 

pipesðafter initial development on the battery casings, thereby providing a realistic measure 

of generalisation. Third, it establishes an empirical basis for discussing when geometryȤbased 

inspection offers added value over spectral based segmentation alone. The ability to toggle 

Branch A on or off according to sensor availability is itself a testament to the modularity claimed 

in Ä3.1.2.  
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1.3 Research Question  

The research investigates how to build an automated inspection system that employs multi-

modal imaging and machine learning for detecting and segmenting industrial components, 

particularly scaffolding pipes and e-bike batteries, while prioritizing safety and precision. This 

study aims to tackle both the technical barriers and operational challenges related to data 

source alignment and processing, which are essential for achieving precise visual assessment. 

A central question guiding this effort is:  

Can traditional computer vision techniques and deep learning methods be effectively combined 

to develop a robust registration system for processing diverse image types, including 3D and 

RGB data? 

This question explores whether integrating the geometric precision of conventional approaches 

with the learning capabilities of neural networks through a hybrid method can lead to the 

accurate spatial alignment required for downstream tasks such as defect classification and 

segmentation. 

The research also analyses how multi-modal data fusion influences the overall performance 

of machine learning models. By integrating RGB data with Near-Infrared (NIR) and depth 

(RGB-D) imaging, the system aims to capture richer surface information that improves defect 

visibility across various material types and lighting conditions. This leads to the second major 

research question: 

 Can the fusion of multi-modal inputs, such as RGB+NIR or RGB-D, significantly enhance the 

performance of machine learning models in both defect detection and segmentation tasks? 

The study evaluates whether such multi-source data inputs result in more accurate and reliable 

model outputs, particularly when identifying complex and subtle defects such as rust, bent 

pipes, or mortar stains. 

Finally, the research considers the cost and complexity associated with training highly 

specialized models, and whether more scalable alternatives could offer similar performance. 

To this end, it poses the third key question:  

Is it necessary to invest significant time, resources, and effort into building and training task-

specific models, or can comparable performance be achieved using emerging zero-shot 

techniques such as open-world object detection (OWOD), which eliminate the need for custom 

training? 

This question evaluates the practicality and efficiency of new, general-purpose detection 

methods when applied in real-world industrial inspection scenarios, where reducing 

development time and operational cost is critical. 
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By investigating these three interconnected research questions, the study aims to develop 

intelligent, multi-modal inspection systems capable of both detecting and segmenting defects.

  

 

 

 

 

 

 

 

 

 

 

  



 

 

7 

 

1.4 Contributions  

Industrial inspection systems must be modular enough to accept new sensors or algorithms 

yet fast enough for shop-floor decision-making. This thesis delivers a generic framework that 

meets both aims: a single acquisition, processing and visualisation stack that can be re-

configured for very different products and sensing modalities. The bike-battery (robot-mounted 

RGB-D) and scaffolding-pipe (conveyor-based RGB + NIR) case studies serve only as proofs 

of concept; the underlying architecture is agnostic to object shape, size or spectral band. The 

work contributes five main deliverables: 

1. Modular multi -sensor inspection platform : A hardwareïsoftware skeleton was 

designed and calibrated to accept heterogeneous imagersðranging from stereo RGB-

D rigs on a six-axis robot to RGB + NIR line-scan cameras on a conveyorðwhile 

keeping a unified timing, calibration and data-exchange protocol. This makes later 

swaps (e.g. LiDAR, thermal IR) a matter of configuration rather than redesign. 

2. Custom GUI for high -resolution pipe dataset acquisition : A real-time operator 

interface was developed for conveyor-based capture, allowing the user to control 

speed, exposure, and run duration. The GUI produces audit-ready scroll images in both 

RGB and NIR, aligned by design. 

3. Multi -channel image slicing tool : A lightweight adaptation of the SAHI library was 

developed to slice large multi-channel scroll images (å 2 448 Ĭ 42 000 px) into 1 455 

overlapping crops. The tool preserves channel alignment and prepares the dataset for 

multi-modal training and evaluation. 

4. Unified real -time processing pipeline with visual feedback : Zero-shot detection 

(OWLv2 + SAM 2.1), supervised fallback (YOLOv11 + SAM 2.1) and 3-D ICP-based 

anomaly mapping are orchestrated by a single controller that streams results to a live 

GUI, allowing operators to adjust confidence thresholds and view masks in real time. 

5. Systematic experimental comparison of sensing and learning choices : Extensive 

tests contrast (i) zero-shot versus supervised detection, (ii) RGB versus RGB + Depth 

on bike batteries, (iii) RGB versus RGB + NIR on pipes, and (iv) five ICP variants for 3-

D alignment. Metrics include mAP, Dice, recall, RMSE and runtime, all reproducible on 

an RTX 3090 within a 24 GB VRAM budget. 

Together these contributions provide a reusable platform, a novel dataset, a complete real-

time pipeline and a rigorously benchmarked evidence base for future industrial inspection 

research.
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2 LITERATURE STUDY 

2.1 Introduction to Machine Vision for Industrial Inspection  

Modern industrial automation depends on machine vision as its essential foundation which 

enables systems to duplicate human visual inspection abilities for multiple manufacturing 

operations. The combination of cameras with sensors and lighting and intelligent image 

processing software enables real-time visual data interpretation from production lines. Machine 

vision systems (MVS) provide non-contact high-speed inspection with high accuracy and 

repeatability because it operates independently of human limitations such as fatigue and 

inconsistency and human errors. 

MVS demonstrates its ability to work with multiple materials and surface finishes as well as 

different product geometries and can be tailored to meet different industrial requirements. 

The core pipeline or operational workflow of Machine Vision Systems (MVS) remains 

consistent across different industrial and non-industrial domains (Golnabi & Asadpour, 2007). 

The system workflow starts with data collection and ends with decision-making through several 

critical stages. 

1. Image Acquisition: The process begins with capturing visual data. The system acquires 

digital images of real-world objects through cameras or sensors which convert physical 

scenes into data for system processing. 

2. Image Preprocessing: The unprocessed images show imperfections that need correction. 

The system applies preprocessing methods which include noise reduction and geometric 

corrections together with contrast enhancement and colour normalization to improve image 

quality before moving forward. 

3. Feature Extraction: The system identifies and extracts essential features or patterns from 

the enhanced image which are important for the task. Machine learning algorithms receive 

these features as input to achieve accurate classification and detection or analysis 

outcomes. 

4. Decision-Making: The system uses extracted features to make decisions about object 

conformity to desired criteria during its final stage. The system generates feedback through 

defect counts and object classification and pass/fail results and alerts which enable 

operators and automated systems to take corrective action when needed. 

Machine vision has progressed beyond quality control functions to become a fundamental 

driver of smart manufacturing as industries adopt Industry 4.0 principles. The combination of 
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artificial intelligence and machine learning with machine vision enables real-time decision-

making and predictive maintenance and continuous process optimization (¢ēnar et al., 2020). 

The evolving nature of machine vision demonstrates its expanding role as both an inspection 

tool and a strategic component in data-driven production systems connected through 

networks. 

The basic operation of machine vision systems stays consistent, but every application requires 

unique system design because no single design works for all cases. The implementation needs 

to be customized for each operational context by considering defect size and nature along with 

environmental factors and processing speed needs and object dimensions and system 

integration requirements with larger automation systems (Steger et al., 2018). Vision systems 

require extensive customization throughout their entire pipeline starting from image acquisition 

through decision-making to fulfil specific requirements of each application. 

2.1.1 Image Acquisition  

The acquisition of images stands as the essential foundation for any machine vision pipeline. 

The current emphasis on AI and deep learning techniques does not change the fact that high-

quality input images remain essential because poor image quality makes advanced algorithms 

useless (Steger et al., 2018). The performance of any vision-based system depends directly 

on the visual data quality because poor image input produces unreliable results regardless of 

algorithm complexity. 

2.1.1.1 Illumin ation & lighting  

Machine vision systems heavily depend on illumination because it determines both the visibility 

of essential features and the elimination of unwanted image artifacts. The effective use of 

lighting technology improves both the feature contrast and surface anomaly visibility and 

minimizes shadow effects and glare and uneven illumination that hide important details (Z. Ren 

et al., 2022). The development of a reliable inspection system requires complete control over 

lighting conditions because uncontrolled illumination sources create system variability which 

decreases inspection accuracy. The detection of small defects in low-contrast situations 

requires precise optimization of lighting systems. The enhanced visibility of small irregularities 

through proper lighting allows traditional and AI-based image processing algorithms to identify 

defects more accurately and consistently (Schraml & Notni, 2024). The fundamental 

understanding of light behaviour through reflection and refraction and absorption and 

scattering effects on various materials and surfaces is essential. 

2.1.1.2 Fundamentals of Light -Material Interaction  

When electromagnetic radiation strikes a material surface, its energy is partitioned among four 

primary pathwaysðreflection, absorption, transmission, and scatteringðwhose proportions 
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are governed by the materialôs complex refractive index, surface morphology, and the incident 

wavelength. Smooth, metallic surfaces favour specular reflection, preserving the angle of 

incidence and often dominating the return signal, whereas rough or dielectric surfaces exhibit 

diffuse reflection and volumetric subsurface scattering that blur directional cues yet encode 

micro-geometric detail. Absorbed photons excite electronic or vibrational states, producing 

diagnostic spectral signatures; transmitted photons may emerge refracted, phase-shifted, or 

wavelength-filtered according to BeerïLambert attenuation. Because different materials 

modulate these pathways differently at distinct wavelengths, tailoring illumination and sensing 

beyond the visible band (e.g., near-infrared or ultraviolet) can reveal otherwise hidden 

contrastsðan asset that multispectral vision systems exploit to boost defect visibility under 

varied inspection conditions. 

2.2 Foundational Concepts in Computer Vision Tasks  

Rapid advances in computer vision stem from three core problem formulations that build upon 

one another in complexity: image classification, object detection, and image segmentation. 

Clarifying these concepts provides the groundwork for understanding later architectural 

choices and evaluation strategies. 

 

Figure 2-a: Three core formulations in computer vision  
(Image Segmentation Detailed Overview [Updated 2024] , n.d.)  

 

2.2.1 Image Classification  

The process of image classification identifies a single dominant label which represents the 

main semantic meaning of an image such as "cat," "traffic sign" or "human." The traditional 

image classification methods depended on manually designed features including gradients 

and key points. Modern approaches employ deep neural networks that automatically learn 

hierarchical feature representations from raw pixel data. The evaluation of performance relies 
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on two main metrics which are top 1 and top 5 accuracy. The top 1 accuracy evaluates the 

model's ability to predict the correct label when the model shows its highest confidence, but 

the top 5 accuracy evaluates the model's ability to place the correct label among its top five 

most confident predictions. Image classification models function as basic components which 

enable multiple downstream applications including object detection and segmentation and 

medical diagnostic systems. The learned feature encoders from these models serve as 

essential components for transfer learning because they allow adaptation to new tasks with 

minimal available data. 

2.2.2 Object Detection  

Object detection goes beyond classification by identifying all relevant instances in images while 

assigning each detected object to its corresponding category. Modern detectors use a single 

fully trainable pipeline to predict both bounding boxes and class scores which enables both 

real-time edge device inference and high-precision offline analytics. The performance of object 

detection systems is typically evaluated through mean Average Precision (mAP) which 

considers multiple intersection-over-union thresholds across datasets that contain images with 

diverse scales and aspect ratios and different levels of occlusion. The current research focuses 

on solving open-set recognition problems and handling long-tailed distributions and domain 

shift robustness because these factors significantly impact safety-critical deployment 

scenarios. 

2.2.3 Image Segmentation  

Image segmentation requires assigning specific categories to individual pixels in images which 

produces more detailed visual understanding than classification or detection methods. 

Segmentation produces detailed predictions which show the exact boundaries and positions 

of objects and regions instead of using bounding boxes or assigning single image labels. 

Applications that need spatial precision such as medical imaging and autonomous driving and 

industrial inspection require pixel-level understanding. Modern segmentation models strive to 

achieve precise boundary detection while maintaining an understanding of the entire image 

context through hierarchical features and multiscale information. 
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2.3 Types of Image Segmentation  

Image segmentation can be divided into three main typesðsemantic, instance, and panoptic 

segmentation. These are briefly outlined below. 

 

 

Figure 2-b: Types of image segmentation (Image Segmentation , n.d.)  

2.3.1 Semantic Segmentation  

The process of semantic segmentation assigns one semantic class to each pixel across the 

entire image. All pixels that belong to the same category receive the same label which means 

objects of the same type cannot be distinguished from each other. The goal of this process 

involves generating a detailed categorical map which identifies the specific object type at each 

pixel location. The output typically consists of a label image that uses predefined class indices. 

The method delivers robust global context which proves most beneficial for applications 

requiring spatial class extent over object identification such as drivable area detection and 

medical organ segmentation. The main weakness of this approach lies in its inability to 
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distinguish between multiple occurrences of the same class because overlapping or occluded 

objects become one region. 

2.3.2 Instance Segmentation  

Instance segmentation extends semantic segmentation by performing both class and object-

level separation. The method assigns each pixel both class information and instance 

identification so it can determine which specific object exists at a particular pixel location. The 

output consists of either a stack of binary masks or a label image that contains all (class, 

instance ID) pairs. The ability to distinguish between multiple objects of the same category 

makes this technique essential for counting, tracking and interaction analysis but the increased 

representation leads to higher annotation expenses and more complex models. The system 

ignores amorphous background regions such as sky or road unless they receive explicit 

inclusion in the label set. 

2.3.3 Panoptic Segmentation  

Panoptic segmentation combines the previous two tasks by generating one unified map that 

assigns semantic labels to each pixel and instance identifiers when needed. The system 

assigns unique (class, instanceȤID) pairs to countable ñthingsò including cars and people but 

uses (class, ID = 0) tuples for uncountable ñstuffò categories like grass and sky. The goal is to 

create a complete scene description which both covers all pixels and maintains object 

separation. 
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2.4 Traditional Point Cloud Processing for Geometric Analysis   

The detailed geometric surface representations of object surfaces in 3D point clouds make 

them suitable for detecting defects such as dents, warping, or dimensional deviations in 

industrial inspection. The traditional point cloud processing methods rely on geometric 

approaches which have been widely applied for model alignment and structural feature 

extraction and scanned object comparison against CAD models and ground truth data (Z. Liu 

et al., 2023).  

2.4.1 Stages  

The structured pipeline of traditional point cloud processing includes several sequential stages 

which lead to accurate geometric analysis and defect detection. The process starts with data 

acquisition followed by preprocessing then registration and surface reconstruction and finally 

geometric comparison. 

1. Data Acquisition: Data acquisition in 3D applications happens through LiDAR and 

structured light scanners and stereo cameras depending on application requirements 

and desired resolution levels. Industrial settings mostly use laser scanners because 

they deliver accurate results and function well under different lighting conditions 

(Pomerleau et al., 2015). 

2. Preprocessing: Point clouds obtained from acquisition contain various types of 

problems including noise elements as well as superfluous data and irregularities. 

Statistical outlier removal and voxel grid downsampling and normal estimation 

functions operate during preprocessing to improve data quality while reducing 

computational demands (Rusu & Cousins, 2011). The correct estimation of surface 

normals remains essential for executing both surface fitting operations and curvature 

analysis procedures. 

3. Registration: The process of registration brings together various scans into one unified 

coordinate frame system. The Iterative Closest Point (ICP) algorithm and feature-based 

methods serve as common techniques to align scanned data with reference CAD 

models or other point clouds (Besl & McKay, 1992). The accuracy of registration plays 

a crucial role for detecting shape deviations and monitoring manufacturing changes in 

manufactured components. 

4. Surface Reconstruction: Some workflows implement surface reconstruction techniques 

such as Poisson reconstruction or Delaunay triangulation for generating meshes and 

volumetric representations. The methods convert unprocessed point data into 

continuous surface models which enable curvature evaluation and visual examination 

and geometric processing capabilities (Kazhdan et al., 2006). 
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5. Geometric Comparison and Defect Detection: The last process requires the 

examination of processed scan data against digital reference or ideal geometry which 

is usually a CAD model. The evaluation of distance maps and color-coded error 

visualization helps identify features like dents and warping as well as cracks and 

dimension shifts (Sabri et al., 2016). 

The sequence of these operations creates a complete system to utilize point cloud information 

in industrial inspection tasks requiring high precision. Traditional methods based on 

deterministic geometry maintain their strong position by supporting the integration of deep 

learning algorithms for advanced defect interpretation systems. 

2.4.2 Optimization -Based Registration and Comparison Techniques  

Unlike traditional alignment methods that depend on basic point correspondences, 

optimization-based techniques improve registration accuracy by iteratively minimizing error 

metrics like root mean square error (RMSE) and point-to-plane distances (Besl & McKay, 

1992). Once the alignment is complete, pointwise or surface-based deviation maps are 

generated, enabling detailed analysis of local anomalies and global geometric discrepancies 

(Kazhdan et al., 2006). 

Small inconsistencies can signal critical production faults or material fatigue, making accurate 

comparison techniques essential (Sabri et al., 2016). The optimization-based registration 

paradigm not only enhances robustness and accuracy but also supports scalable computation, 

making it suitable for both offline metrology workflows and real-time quality control systems 

(Pomerleau et al., 2015). 

2.4.2.1 ICP-based  

 

Figure 2-c: Iterative closest point protocol (Jaykumaran, 2025)  
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The Iterative Closest Point (ICP) algorithm stands as one of the fundamental methods for rigid 

3D point cloud registration which works best when dealing with datasets of the same object or 

scene acquired from different angles. The algorithm was introduced (Besl & McKay, 1992) 

because of its simple design and successful performance in cases where an initial pose 

estimate exists. 

 The algorithm functions through an iterative optimization process that refines the alignment 

between a source and a target point cloud by minimizing the Euclidean distance between 

corresponding points. Each iteration of ICP comprises two fundamental steps: 

1. Correspondence Estimation: In this phase, for each point in the source point cloud, the 

algorithm identifies the closest corresponding point in the target cloud based on spatial 

proximity. This nearest-neighbor search is critical for establishing reliable point 

correspondences and typically relies on spatial indexing structures such as k-d trees 

for computational efficiency (Muja & Lowe, 2009). 

2. Transformation Estimation: After establishing correspondences, the algorithm 

determines the rigid transformation including rotation and translation that produces the 

smallest total alignment error. The optimisation problem is solved through least-

squares methods which use either singular value decomposition (SVD) or quaternion-

based approaches. 

The algorithm performs these two steps repeatedly until it reaches convergence through 

either a specified iteration limit or an error change threshold. Researchers have developed 

ICP variants which enhance performance when dealing with noisy data and outliers and 

partial overlaps through point-to-plane ICP and robust error metrics (Rusinkiewicz & Levoy, 

2001). The algorithm stands as a core method in 3D vision because it achieves accurate 

results with reasonable computational costs although it faces challenges from improper 

initialization and getting stuck in local optima. 

2.4.2.2 DCP-based  

The Deep Closest Point (DCP)-based methods implement learning-based optimization 

techniques into traditional point cloud registration systems. The ICP iterative algorithm differs 

from DCP because it uses attention mechanisms and neural feature embeddings to create 

correspondences between two point sets (Y. Wang & Solomon, 2019). The integration of deep 

learning into geometric processing enables these methods to achieve better resistance against 

noise and partial occlusions and initial misalignments. The network predicts transformations 

by minimizing a geometric loss function that uses PointNet or DGCNN architectures to learn 

global and local features from point correspondences. 
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2.4.3 Other Traditional 3D Techniques  

In addition to registration-based comparison, several traditional geometric techniques are used 

for surface analysis and shape understanding. The surface fitting approach uses B-splines and 

least-squares minimization to create smooth surfaces from discrete point cloud samples which 

benefits reverse engineering and profile analysis (Hoppe et al., 1992). 

The RANSAC-based method (Random Sample Consensus) serves as a popular approach for 

detecting geometric primitives such as planes, cylinders and spheres in noisy point cloud data. 

The method uses iterative point sampling to create model parameter hypotheses before 

checking which points match the model within specified tolerance limits (Schnabel et al., 2007). 

RANSAC techniques excel at segmenting objects and recognizing parts and detecting flat 

panels and cylindrical rods which frequently appear in industrial assemblies. 

2.4.4 Limitations  

The widespread application of traditional point cloud processing methods faces multiple 

significant limitations. Real-world scanning data contains frequent noise and outliers because 

of reflections and surface inconsistencies and occlusions which make these methods highly 

sensitive to these issues. The presence of imperfections in data results in substandard normal 

estimation and incorrect registration and unstable surface reconstruction (Rusu & Cousins, 

2011). The processing of large-scale or high-resolution point clouds becomes computationally 

demanding for these methods. The ICP and RANSAC iterative algorithms need to perform 

extensive correspondence checks and model hypothesis evaluations which results in longer 

processing times. 

Traditional methods fail to understand the semantic meaning of objects and scenes. The 

methods function based on geometric data without context which creates difficulties for 

distinguishing between significant defects and acceptable variations. The limitation becomes 

most apparent in complex inspection scenarios which require human-level interpretation or 

categorical recognition (Charles et al., 2017). Machine learning models and deep neural 

networks need to be integrated to address these gaps because they can detect both semantic 

features and geometric properties. 
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2.5 Traditional Image Segmentation Methods (Pre -Deep Learning)  

After exploring traditional 3D point cloud methods, the focus shifts back to 2D image data, 

which continues to play a central role within the pipeline. The simplicity and accessibility of this 

modality make it still widely prevalent in industrial inspection tasks. Traditional image 

segmentation techniques function directly on pixel intensities, edges and regions to effectively 

partition images into analysable segments before deep learning methods became popular. The 

methods established basic principles for contemporary vision systems, yet they face their own 

set of difficulties and limitations (Q. Huang et al., 2023). The following section examines 

traditional segmentation approaches. 

2.5.1 Intensity -Based Methods  

Thresholding is one of the earliest and most straightforward approaches. It partitions an image 

into foreground and background based on a predefined intensity value or adaptive criteria. 

Otsu's method, an influential early method for thresholding, was proposed (Otsu, 1979), which 

uses minimum intra-class intensity variance to distinguish between foreground and 

background. The authors presented an alternative threshold selection method through 

histogram concavity analysis which built upon their initial work (Rosenfeld & De La Torre, 

1983). Thresholding techniques commonly use Histogram Analysis as a complementary 

method. The analysis of intensity distribution peaks and valleys helps identify object 

boundaries. Intensity-based methods show limitations when dealing with images that have 

extreme illumination variations or insufficient intensity differences between objects and 

backgrounds. 

 

Figure 2-d: Otsu thresholding  (3.3.9.7. Otsu Thresholding ð Scipy Lecture Notes , n.d.)  
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2.5.2 Edge-Based Methods  

The identification of intensity discontinuities which often represent object boundaries depends 

on edge detection techniques that use gradient operators such as the one in (Sobel, 1970). 

The methods create edge maps through pixel intensity changes detection but require extra 

processing to form meaningful edge segments. Active Contours known as Snakes emerged 

as a segmentation accuracy improvement method when Kass, Witkin, and Terzopoulos 

introduced them in 1988 (Kass et al., 1988). The method uses energy-minimizing curves which 

receive internal forces for smoothness control and external forces from image gradients. Active 

contours demonstrate excellent performance in boundary detection for noisy and incomplete 

edge conditions, but their performance depends on proper initialization, and they may get stuck 

in local minima during optimization. 

 

 

 

Figure 2-e: Sobel edge detection (Figure 10 , n.d.)  

 

 

2.5.3 Region -Based Methods  

The Region Growing method starts with seed points which then expand into neighbouring 

pixels that meet specific homogeneity criteria including intensity similarity or texture features 

(Adams & Bischof, 1994). The method maintains spatial relationships between pixels which 

produces segmented regions that remain both connected and logical. The Split-and-Merge 

algorithm (Horowitz & Pavlidis, 1976) starts by dividing images into quadrants through 

recursive splitting until each subregion fulfils the uniformity condition. The algorithm merges 

subregions when they demonstrate comparable features. The Split-and-Merge hierarchical 
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segmentation method provides better flexibility than basic global thresholding techniques yet 

faces challenges when processing images with complex textures and irregular structures. 

 

Figure 2-f: Region (seed) Growing Segmentation  (Alaa, n.d.)  

 

2.5.4 Other Approaches  

The Watershed Algorithm treats an image's intensity surface as if it were a topographic map 

through which it identifies catchment basins using watersheds (Vincent & Soille, 1991). The 

method generates complete basin boundaries but requires proper marker control or region-

merging heuristics to prevent over-segmentation of images. The clustering technique (k-

means) performs unsupervised classification through pixel intensity or colour features to group 

pixels with matching characteristics. The technique works well for basic image scenes but 

tends to split objects when lighting conditions are non-uniform or when textures are present. 

Mathematical Morphology (Serra & Cressie, 1982) employs set-theoretic operations (erosion, 

dilation, opening, closing) to enhance shapes and eliminate noise while extracting meaningful 

structures. The technique shows its best results when applied to images with binary or near-

binary content. Binary large object (BLOB) Detection methods identify areas with uniform 

intensity or texture patterns through scale-space analysis. The Difference of Gaussians in the 

scale-invariant feature transform (SIFT) pipeline (Lowe, 2004) detects interest points by 

identifying "blobs" that differ from the background. The methods demonstrate strong 

capabilities for specific feature-extraction operations, yet they may not be appropriate for 

complete image segmentation tasks. 

2.5.5 Limitations  

These methods maintain their historical significance yet encounter multiple significant 

obstacles. The combination of multiple surface attributes with unclear boundaries in complex 

scenes leads simple intensity- or edge-based measures to produce inaccurate segmentations. 

Threshold- or region-based methods become less robust when lighting changes occur 
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because these methods depend on specific conditions. The methods depend on local cues 

including intensity histograms and edges, but they do not possess strong semantic 

understanding or complete scene descriptions. The methods tend to produce either excessive 

segmentation or incorrect boundary establishment. The automation of these methods 

becomes more difficult because active contours and region growing require manual 

initialization and parameter adjustments such as seeds and thresholds which reduces their 

robustness across different datasets. The limitations led to the development of data-driven 

deep learning-based approaches which use extensive annotated data to discover strong 

segmentation features that are discussed in following sections. 
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2.6 Deep Learning for Image Segmentation: The Convolutional Era  

Machine learning has developed deep learning as its transformative subset which enables 

automatic learning of hierarchical data representations during the last ten years. Deep learning 

models which include neural networks with multiple layers can automatically discover complex 

patterns from raw inputs without needing hand-designed features. The new paradigm has 

brought substantial progress to natural language processing and speech recognition and 

particularly to computer vision (Goodfellow et al., 2016). The combination of large-scale 

datasets with powerful GPUs has enabled visual perception systems to reach human-level 

accuracy in multiple tasks. Deep learning introduced a revolutionary change to image 

segmentation by addressing multiple problems which traditional segmentation methods faced. 

CNNs achieved unprecedented segmentation accuracies through large, annotated datasets 

and computational advances which established a foundation for better and more reliable 

computer vision implementations. 

2.6.1 Early CNN Approaches  

The initial CNN methods operated through patch-based classification by splitting images into 

separate patches which each received independent CNN computation. The first deep network 

architectures emerged with AlexNet (Krizhevsky et al., 2012) before VGGNet (Simonyan & 

Zisserman, 2015) further developed these networks. The effectiveness of these techniques 

came with the drawback of redundant patch overlaps and challenges in utilizing advanced 

image relationships. A breakthrough was achieved with Fully Convolutional Networks (FCNs) 

by (Shelhamer et al., 2017), which revolutionized segmentation by making end-to-end pixel-

level prediction possible. The previously patch-based methods were replaced by FCNs which 

used fully convolutional layers to process images of any size thus reducing both redundancy 

and computational costs. The model produced dense pixel-wise predictions which became the 

foundation for subsequent segmentation advancements. 

 

Figure 2-g: FCN workflow (ó(PDF) Comparison of Fully Convolutional Networks (FCN) and U-Net 
for Road Segmentation from High Resolution Imageriesô, 2025) 
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2.6.2 Encoder -Decoder Architectures  

The focus shifted to encoder-decoder architectures after researchers encountered resolution 

loss problems due to pooling operations in CNNs. The U-Net architecture (Ronneberger et al., 

2015) stands out as a notable example which was initially developed for biomedical imaging 

tasks. The explicit connections between encoder and decoder phases in U-Net enabled the 

preservation of spatial details at high levels which resulted in better segmentation accuracy. 

The architecture gained widespread adoption beyond biomedical applications to become a 

fundamental component for segmentation tasks in various domains. SegNet (Badrinarayanan 

et al., 2017) implemented encoder-stage pooling indices to control upsample operations which 

resulted in improved decoder efficiency and real-time segmentation speed. 

 

Figure 2-h: U-Net Architecture (U-Net - an Overview | ScienceDirect Topics , n.d.)  

2.6.3 Enhancing Context and Resolution  

The development of encoder-decoder architectures led researchers to concentrate on 

improving contextual understanding while preserving spatial information. The DeepLab series 

introduced atrous convolution to increase receptive field size without adding many parameters 

before incorporating Atrous Spatial Pyramid Pooling (ASPP) for enhancing deep multi-scale 

context understanding (L.-C. Chen et al., 2018). PSPNet introduced global scene perception 

through pyramid pooling of contextual features across different scales of granularity (Zhao et 

al., 2017a). High-Resolution Networks advanced this concept by maintaining high-resolution 

representations throughout the network through parallel multi-scale pathways for precise 

localization (Sun et al., 2019). 
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Figure 2-i: Atrous spatial pyramid pooling (ó(PDF) A Deep Neural Network for Oil Spill Semantic 
Segmentation in Sar Imagesô, 2025) 

 

 

 

Figure 2-j: PSPNet workflow (Zhao et al., 2017b)  

 

2.6.4 Instance Segmentation Advances  

The instance segmentation concept and object detection and pixel-level segmentation merged 

into one unified architecture through subsequent innovation. Mask R-CNN (He, Gkioxari, et 

al., 2020) built upon the effective Faster R-CNN (S. Ren et al., 2017) detection model by adding 

a segmentation mask branch which enabled the detection and segmentation of multiple object 

instances at once. The breakthrough established new instance segmentation benchmarks 

which transformed both research and real-world applications. 
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Figure 2-k: The Mask -RCNN framework  (He et al., 2018)  

 

 

2.6.5  The YOLO Framework for Real -Time Object Detection  

2.6.5.1 Concept  

YOLO reframes object detection as a single-stage regression problem: an image is fed through 

one convolutional backbone, and in a single forward pass the network simultaneously predicts 

bounding-box coordinates and class probabilities across a dense grid. Eliminating the region-

proposal stage that characterises two-stage detectors (e.g., Faster R-CNN) yields inference 

latencies measured in milliseconds, making YOLO a natural fit for high-throughput industrial 

inspection lines where every frame must be analysed in real time. 

2.6.5.2 Condensed History  

The YOLO family began strictly as a detection-only framework and has since expanded to 

support additional prediction heads, including segmentation in its latest generations. YOLOv1 

(2016) introduced a coarse grid-cell formulation for fast bounding-box regression. YOLOv3 

(2018) added anchor boxes and multi-scale feature fusion, substantially boosting small-object 

recall. The v5/6 generation (2020ï21) adopted a CSPDarknet backbone and more aggressive 

data augmentation, matching the accuracy of heavier detectors while remaining lightweight. 

YOLOv8 (2023) was the first release to include native mask and pose heads, integrating 

segmentation into the single-stage paradigm. The v10/11 generation (2024) further advanced 

the architecture: YOLOv10 introduced NMS-free training with dual label assignment for end-

to-end detection, while YOLOv11 incorporated C3K2 blocks for efficient feature representation, 

SPFF modules for enhanced small-object detection via multi-scale pooling, and C2PSA blocks 
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with spatial attentionðcollectively achieving higher accuracy and faster inference across 

diverse tasks. 

2.6.5.3 MultiȤHead Versatility  

Modern YOLO implementations expose a modular prediction head architecture. A 

boundingȤbox head delivers classic object detection; an optional segmentation head outputs 

instance masks; a classification head supports wholeȤimage labelling; and specialised 

extensions add pose/keyȤpoint or monocularȤdepth estimation streams. All heads share the 

same backbone and neck, allowing a single model to serve multiple inspection objectives 

without duplicating feature extraction. 
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2.7 Deep Learning for Image Segmentation: Transformer Revolution  

The field of image segmentation has remained dominated by CNNs for nearly ten years, but 

their fundamental design limitations became apparent when tasks needed deeper 

understanding of global context. The main weakness of CNNs was their limited local receptive 

field because convolutional layers process information through fixed-size windows which made 

it difficult to capture long-distance dependencies without using multiple layers or creative 

dilation schemes. The translation invariance and locality inductive biases of CNNs help certain 

tasks but they limit both flexibility and generalization capabilities. Vision Transformers (ViTs) 

provided a new option. The transformer architecture emerged from the original paper "Attention 

Is All You Need" (Vaswani et al., n.d.) which was first developed for language processing. The 

self-attention mechanism in these models enables the computation of global relationships 

between all input elements. The transformer architecture which powers modern large language 

models (LLMs) including GPT and Gemini uses the same fundamental mechanisms to process 

sequential text data. The attention mechanism achieved significant performance 

improvements when applied to vision tasks for both classification and segmentation. 

2.7.1 Vision Transformer (ViT)  

The first Vision Transformer (ViT) model introduced a major breakthrough (Dosovitskiy et al., 

2020). Unlike traditional convolutional methods, ViT divides an image into non-overlapping 

patches (e.g., 16x16) which are then flattened and treated as tokens in a standard transformer 

encoder. With sufficient data (e.g., JFT-300M) and compute, ViT outperformed state-of-the-art 

CNNs on benchmarks such as ImageNet. Nevertheless, its quadratic attention scaling and 

limited data efficiency made it less suitable for smaller datasets or high-resolution inputs 

without adaptation. 

The Detection Transformer (DETR) (Carion et al., 2020) pioneered the application of pure self-

attention mechanisms to object detection by formulating the task as a set-prediction problem, 

removing the need for components like anchor generation and non-maximum suppression. By 

demonstrating competitive performance in end-to-end bounding-box and class prediction, 

DETR provided a powerful template for transformer-based dense-prediction and directly 

inspired segmentation architectures that followed. 



 

29 

 

 

 

Figure 2-l: Vision Transformer architecture (Dosovitskiy et al., 2021b)  

2.7.2 Adapting Transformers for Segmentation  

The first attempts to use transformer global modelling capabilities for segmentation involved 

researchers applying ViTs to dense prediction tasks. The first attempt at this was SETR (Zheng 

et al., 2021a) which redefined segmentation as a sequence-to-sequence task by replacing the 

CNN encoder with a transformer and then a decoder that up sampled and reshaped the output. 

Although a pioneering effort, SETR had difficulty retaining spatial detail. Segmenter (Strudel 

et al., 2021) built on this method by using a ViT backbone and a mask transformer head for 

optimizing global context representation while maintaining segmentation fidelity. These 

methods proved that transformers could be effective segmentation backbones but came with 

the necessity for structural breakthroughs in addressing computations and resolution. 
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Figure 2-m: SETR workflow (Zheng et al., 2021b)  

. 

2.7.3 Hierarchical and Efficient Vision Transformers  

Many hierarchical and hybrid transformer models were developed to reduce the computational 

cost and improve scalability. The Swin Transformer (Z. Liu et al., 2021)proposed a new method 

based on shifted windows for efficient local attention computation that facilitated the model 

upscaling to higher-resolution images. Swin's hierarchical feature maps made it especially 

suitable for segmentation and detection. 

The Pyramid Vision Transformer (W. Wang et al., 2021) presented a pyramid framework with 

spatial-reduction attention for simplifying the model while giving rise to multi-scale feature 

extraction like that of CNNs. 

LeViT (Graham et al., 2021) followed a different approach with the design of a more lightweight 

hybrid model that mixed convolutional early stages with attention blocks. The combination of 

these created rapid inference with competitive accuracy, which made them better suited for 

edge devices. 
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2.8 Foundation Models and Zero -Shot Segmentation  

2.8.1 The Concept of Foundation Models in Vision  

The main purpose of foundation models is to train large neural networks on extensive datasets 

for developing general-purpose representations which can transfer between different 

applications (Bommasani et al., 2022). The machine learning field has undergone a significant 

transformation because foundation models function as versatile backbones which enable 

direct application or fine-tuning for numerous vision tasks (Khan et al., 2022). The ability to use 

foundation models has decreased the need for task-specific labelled datasets that previously 

needed to train separate models for each application (Radford et al., 2021). The outstanding 

success of foundation models in natural language processing through GPT architecture has 

motivated researchers to develop similar advancements in computer vision (Brown et al., 

2020). The cross-domain influence has resulted in transformative performance improvements 

which enable zero-shot inference capabilities for models; which is to perform tasks and 

recognize categories without requiring extra training (Radford et al., 2021). 

2.8.2 Self -Supervised Learning (SSL)  

Self-supervised learning (SSL) serves as a fundamental method in computer vision because 

it provides scalable alternatives to supervised methods through model training on unlabeled 

data to learn meaningful visual representations. SSL trains models to recognize semantic 

structure and spatial relationships and visual patterns through pretext tasks which are 

automatically generated from intrinsic data properties (Jing & Tian, 2021). The techniques of 

contrastive learning (T. Chen et al., 2020; He, Fan, et al., 2020) and masked image modeling 

(He et al., 2022) show that models can match or outperform supervised counterparts especially 

when labels are scarce. The progress in vision foundation models has become essential for 

reducing annotation requirements while enabling zero-shot and transfer learning across 

multiple downstream tasks. 

The Masked Autoencoder (MAE) represents a key example of self-supervised learning (SSL) 

which enables foundation models to discover meaningful representations from unlabeled data 

through inherent patterns and structures without manual labels. The Masked Autoencoder 

(MAE) serves as a key component in ConvNeXt V2 (Woo et al., 2023) because it helps models 

predict missing parts of input images. The reconstruction process forces the model to 

understand visual content as a whole which leads to strong feature learning without needing 

explicit supervision. The Segment Anything Model (Kirillov et al., 2023) and its successors 

SAM2 (Ravi et al., 2024a) and SAM2.1 implement SSL principles at scale through training on 

extensive segmentation datasets including SA-1B and its expanded versions. 
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 The models use prompt-based mask prediction to enable adaptable segmentation across 

various prompts. These approaches learn from data through label-efficient methods which 

decreases human annotation costs while reaching performance levels equivalent to fully 

supervised methods. 

 

Figure 2-n: MAE workflow (He et al., 2021)  

 

2.8.3 Vision -Language Models (VLMs)  

The visionïlanguage models CLIP (Radford et al., 2021) and ALIGN (Jia et al., 2021) learn a 

common embedding space through training on extensive imageïtext pair datasets where 

similar visual and textual meanings result in close spatial positions. The models use this joint 

space during inference to perform open-vocabulary zero-shot classification by determining the 

alignment quality between images and image regions and natural language class names. The 

method allows task-independent fine-tuning and enables classification across numerous 

concepts without requiring specific training. The strong dependence on the prompt set 

emerges because of this approach because categories outside the prompt list remain 

unidentified. Standard VLM architectures generate predictions only at the image level without 

object localization or segmentation capabilities. Researchers have recently combined VLM-

derived embeddings with specialized localization and segmentation heads to create object 

detectors and segmenters which maintain open-vocabulary generalization from the visionï

language backbone. 
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2.8.4 Open-World Recognition and Detection (OWOD)  

The Open-World Object Detection (OWOD) system combines three essential detection 

functions into one system. 

1. Recognition of known objects: Accurately detecting and classifying objects from a 

predefined set of categories. 

2. Identification of unknown objects: Distinguishing previously unseen objects at inference 

time without misclassifying them as one of the known categories. 

3. Incremental learning: Integrating newly discovered classes over time without erasing 

or degrading previously learned knowledge (i.e., avoiding catastrophic forgetting). 

The Open-World Recognition (ORE) framework introduced this task according to (Joseph et 

al., 2021). Early OWOD models used visual features to identify unknown objects, but these 

models did not possess semantic understanding or descriptive flexibility. 

Open-vocabulary detection systems now use vision-language model (VLM) features to 

overcome the limitations of previous systems. OWL-ViT (Minderer et al., 2022), Detic (X. Zhou 

et al., 2022), RegionCLIP (Zhong et al., 2022) and Grounding DINO (S. Liu et al., 2024) are 

models that enable region-level grounding based on arbitrary textual queries.  OWLv2 

(Minderer et al., ), the successor of OWL-ViT, achieves zero-shot object localization and 

classification through its Vision Transformer (ViT) backbone which combines with CLIP-style 

text embeddings during a single forward pass. 

The models demonstrate superior performance in text-based flexible object detection, yet they 

do not achieve full OWOD functionality because they do not include mechanisms for adapting 

to newly labelled classes. The open-vocabulary detection system provides a solid base for 

OWOD yet achieving the full open-world protocol demands the implementation of continual 

learning approaches. 
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2.8.5 The Segment Anything Model (SAM)  

 

Figure 2-o: SAM workflow (Ravi et al., 2024b)  

 

2.8.5.1 Architecture, SA -1B dataset, prompt engineering (points, boxes, text).  

The introduction of the Segment Anything Model (SAM) serves as a major breakthrough for 

zero-shot segmentation through its highly flexible and promptable architecture (Kirillov et al., 

2023). The core functionality of SAM uses transformer-based processing which divides into 

two separate image and user prompt streams. The image encoder which uses Vision 

Transformer (ViT) processes input images once to produce dense embeddings that contain 

extensive visual information. The prompt encoder transforms user inputs such as points and 

bounding boxes and textual descriptions into a unified format which matches the model 

requirements. The mask decoder receives the encoded visual and prompt information from 

separate streams to generate the final segmentation mask. The modular structure of SAM 

enables it to share image features between different prompts which improves both speed and 

interactive segmentation flexibility. 

The large-scale pretraining of SAM on the SA-1B dataset which contains more than one billion 

high-quality segmentation masks from diverse image domains enables its powerful 

capabilities. 

The flexible nature of SAM stems from its prompt-based interaction capabilities. Users can 

steer segmentation through three different prompt categories including point prompts for exact 

region control and bounding box prompts for fast object segmentation and text prompts for 

semantic-based segmentation. The prompt engineering framework of SAM establishes it as a 

versatile tool which can handle a wide range of applications from interactive image editing to 

automated scene analysis. 



 

35 

 

 

2.8.5.2 Capabilities: Zero -Shot  segmentation  performance  

SAM has demonstrated state-of-the-art performance in zero-shot segmentation across a wide 

range of tasks, exhibiting exceptional generalization to scenarios that differ significantly from 

its training conditions. Unlike traditional segmentation models that require extensive task-

specific fine-tuning and annotated data, SAM leverages its large-scale pretraining and prompt-

based inference architecture to generate high-quality segmentation masks without additional 

supervision. This capability is particularly advantageous in domains where labeled data is 

scarce, costly, or difficult to acquire, such as medical imaging (Z. Huang et al., 2023).  

Empirical evaluations show that SAM achieves competitive, and in some cases superior, 

segmentation performance compared to fully supervised models tailored to specific tasks. Its 

robustness in zero-shot settings underscores its practical utility, allowing for the rapid 

deployment of segmentation solutions in new environments without the typical overhead of 

data collection and model retraining (Kirillov et al., 2023; X. Li et al., 2023).  

2.8.5.3 SAM 2 and SAM 2.1  

SAM 2 (Ravi et al., 2024a, p. 2) replaces the original image-only pipeline with a unified 

transformer that segments both images and videos, adds a streaming-memory module for 

temporal consistency, and achieves ~6× faster image inference while requiring roughly one-

third the user interactions for comparable quality.  

The subsequent SAM 2.1 checkpoints sharpen accuracy on small, visually similar and partially 

occluded objects through richer augmentations, longer training sequences and refined 

positional encodings, and they ship with an open-source developer suite (training + demo 

code) that makes task-specific fine-tuning straightforward. 

2.8.5.4 Known Limitations  

The generalization power of SAM remains strong, but the model demonstrates significant 

weaknesses when dealing with highly specialized or unseen domains. The geospatial mapping 

tasks present a challenge to SAM because the model fails to segment ice-wedge polygons 

and thaw slumps due to the large domain difference between its general training data and the 

target domain (W. Li et al., 2024). 

The zero-shot capability of SAM does not automatically transfer to tasks that have different 

structures or fine-grained visual variations. The applications of industrial defect detection and 

medical imaging face challenges because accuracy stands as a critical requirement. The 

quality of user-provided prompts represents a major challenge for SAM because it depends on 

these inputs to function. The model produces substandard segmentations when users provide 

unclear or imprecise prompts because it remains highly responsive to the wording of input 
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prompts. The segmentation process of SAM lacks the ability to create semantic labels for its 

output segments which reduces its effectiveness in classification-based applications. 

The limitations of SAM can be addressed through the use of outside detectors or specific fine-

tuning for particular fields when operating in complex industrial environments. 
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2.9 Leveraging Multi -Modal Data (RGB + NIR)  

The three visible RGB channels in inspection systems detect only a restricted set of optical 

material characteristics. The addition of near-infrared (NIR) imaging to standard systems which 

uses silicon-based sensors from 700 nm to 1,000 nm and InGaAs arrays up to 1,700 nm 

enables the detection of molecular vibrations and moisture absorption and subsurface 

scattering (Argirusis et al., 2025). Standard cameras cannot detect these spectral cues which 

reveal early-stage or subtle material anomalies that would otherwise remain undetected. The 

combination of effective NIR data fusion with traditional RGB imagery produces a substantially 

enhanced feature set which improves automated inspection capabilities. (Zhang & Zhu, 2023). 

 

Figure 2-p: Examples of RGB + NIR images and annotations in the dataset  (J. Luo et al., 2025)  

2.9.1 Motivation behind using multi -modal data  

Human beings perceive colour through three channels yet convolutional and transformer-

based networks operate without these biological limitations. Standard 3D RGB data becomes 

more informative when neural networks receive additional wavelength information which 

results in better decisions and improved outcomes.  

The combination of RGB and NIR data offers three main advantages. First, NIR light 

penetrates deeper than visible light through paints, lacquers, and thin polymer coatings, 

enabling the detection of latent damage before any visual changes appear. Second, the unique 

reflectance properties in the NIR spectrum help distinguish between materials that appear 

similar in RGB, allowing more accurate classification based on spectral signatures and surface 

texture. Third, NIR reflectance remains more stable under varying lighting conditions, 

Red rectangular box (a): example of canker annotation; purple rectangular box (b): example of pest 

annotation; green rectangular box: example of crack annotation (c); yellow rectangular box (d): 

example of melanose annotation; blue rectangular box (a,c,d): example of navel annotation; and 

black rectangular box (b): example of peduncle annotation. 
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improving detection performance in challenging environments such as nighttime, fog, or low-

angle sunlight. 

Because absorption in NIR arises from overtone and combination bands of fundamental 

molecular vibrations, small changes in chemistry or porosity alter a surfaceôs reflectance curve. 

Portable spectrometers have long exploited this fact for in-field agro-food analysis, measuring 

moisture, sugar and fat without destructive sampling (dos Santos et al., 2013). This can detect 

unwanted things in food before they are visible with visible light. For pipeline inspection, oxide 

layers, under-film corrosion or trapped moisture pockets generate analogous spectral 

deviations that RGB cannot register until damage is advanced. 

2.9.2 Multi -Modal Fusion Strategies  

A vision backbone can incorporate a fourth near-infrared (NIR) channel through three 

fundamental architectural methods. The early fusion method combines NIR data with RGB 

channels through concatenation to enable a single network that learns cross-modal features 

from the start. Real-time systems implement this method because it maintains simplicity and 

causes minimal disruption to the system architecture. The intermediate fusion method divides 

RGB and NIR data between separate branches for multiple layers before uniting their feature 

representations through methods like feature concatenation and gated convolutions and cross-

modal attention. The RGB and NIR modalities operate independently in late fusion methods 

which combine their outputs through weighted averaging or voting of logits or segmentation 

masks. The strategy demonstrates excellent resistance in automotive night vision applications 

because NIR detectors function as supplements to RGB pipelines (Y. Luo & Luo, 2023). 

The current generation of deep learning frameworks enable these fusion methods through 

small adjustments to their architecture. The addition of a fourth modality in convolutional 

networks requires increasing the input channel count from three to four while Vision 

Transformers need a patch embedding projection modification to support the new modality. 

Advanced hybrid architectures use squeeze-and-excitation and global response normalization 

layers to dynamically adjust RGB and NIR input contributions because modern hardware 

provides memory efficiency. The intermediate fusion method produces the most significant 

improvements in mAP and IoU metrics, but early fusion remains suitable for environments 

where latency and power consumption and model size are essential factors. Vision systems 

gain extended sensory capabilities through NIR data integration which enables earlier and 

more reliable defect detection and classification beyond what visible-spectrum imaging can 

achieve. 
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2.10  Evaluation Metrics for Detection and Segmentation  

2.10.1 3-D Geometry Metrics  

The evaluation of detection accuracy, segmentation quality, and registration performance in 

3D systems relies on several fundamental geometric metrics. The fundamental metric between 

two points in space is Euclidean distance which serves as the basis for multiple complex 

calculations.  

Ὠ ȿȿὴ ήȿȿ ὼ ὼ ώ ώ ᾀ ᾀ  

Where: 

¶  ▬░ is a point in the defective cloud 

¶ ▲░ is its closest neighbour in the reference cloud 

¶ Ὠ is the deviation at point  

The Root Mean Square Error (RMSE) functions as a standard registration accuracy metric as 

it determines the average squared distance between matching points from two point clouds.  

2-3%
ρ

ὔ
ȿȿὴ ήȿȿ 

Where, 

¶ ὔ = total number of matched point pairs 

¶ ὴ= point iii in the source (defective) point cloud 

¶ ή= corresponding point in the target (reference) point cloud 

¶ ȿȿ▬░ ▲░ȿȿ= Euclidean distance between the two points 

The fitness score evaluates alignment quality through its calculation of inlier correspondences 

which represent points within a specified distance threshold relative to the total source points 

(Q.-Y. Zhou et al., 2018)  

&ÉÔÎÅÓÓ
ȿ#ÏÒÒÅÓÐÏÎÄÅÎÃÅÓ ×ÉÔÈ ÄÉÓÔÁÎÃÅὨÍÁØȿ

ȿ4ÏÔÁÌ ÐÏÉÎÔÓ ÉÎ ÓÏÕÒÃÅ ÐÏÉÎÔ ÃÌÏÕÄȿ
 

The fundamental metrics establish a base for assessing 3D vision systems and serve as critical 

indicators to measure how well models represent real-world geometric data. 
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2.10.2 Pixel -Level Metrics  

PixelȤwise correspondence between a predicted mask ὖ and its ground truth Ὃ is quantified 

first by IntersectionȤoverȤUnion (IoU), also known as the Jaccard Index: 

╘▫╤╟ȟ╖   
ȿ╟᷊╖ȿ

ȿ╟᷾╖ȿ
  

This statistic, standardised by (Everingham et al., 2010), penalises both overȤ and 

underȤsegmentation and is averaged across classes to yield mean IoU (mIoU). 

Because IoU can become overly harsh when the positive class occupies only a minute fraction 

of the image, a second measure is reported, the Dice Coefficient (Dice, 1945): 

╓░╬▄╟ȟ╖   
ȿ╟᷊╖ȿ

ȿ╟ȿ ȿ╖ȿ
  

The Dice Coefficient increases the weight of true-positive pixels and is therefore less sensitive 

to severe class imbalanceðan advantage when corrosion speckles cover less than one 

percent of the frame. Its utility in such scenarios has contributed to its widespread adoption, 

notably in fields like medical imaging where precise segmentation of small structures is critical 

(Milletari et al., 2016). 

A third statistic, Pixel Accuracy (PA), provides a coarse overall indication of labelling 

correctness, often noted in early influential works on semantic segmentation (Shelhamer et al., 

2017). Although PA can be dominated by large background regions, it quickly exposes gross 

prediction failures. 

╟═   
Π╬▫►►▄╬◄■◐ ■╪╫▄■▄▀ ▬░●▄■▼

Π◄▫◄╪■ ▬░●▄■▼
  

 

2.10.3 Object/Instance -Level Metrics  

InstanceȤlevel performance begins with Precision and Recall, defined as 

╟►▄╬░▼░▫▪  
╣╟

╣╟ ╕╟
  

╡▄╬╪■■  
╣╟

╣╟ ╕╝
  

where Ὕὖ, Ὂὖ, and Ὂὔ denote true positives, false positives and false negatives, respectively.  

As the confidence threshold varies, these two quantities trace a PrecisionïRecall curve; the 

area under that curve is the Average Precision (AP), 

ὃὖ  ὴὶ Ὠὶ  ὶ ὶ  ὴ ὶȢ 
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In this expression, ὴὶ denotes the precision at recall level ὶ, ὶ  and ὶ  are successive 

sampled recall values, and  ὴ ὶ is the interpolated precision at recall threshold ὶ .  

 

MS-COCO (Lin et al., 2014) evaluates AP at ten IoU thresholds from 0.50 to 0.95 and averages 

the resulting values to produce mAP@[0.5:0.95]; the legacy PASCAL VOC protocol reports 

only the single threshold mAP@[0.5]. This single threshold is still the most reported in object 

detection. Additionally, COCO distinguishes between bounding-box mAPðwhich measures 

detection quality via box IoUðand mask mAPðwhich measures instance segmentation 

quality via mask IoU. So, these metrics can be applied to both object detection and 

segmentation tasks. 

When a single scalar is required at a fixed operating point, the F1 score offers a concise 

summary: 

╕    
╟►▄╬░▼░▫▪ ╡▄╬╪■■

╟►▄╬░▼░▫▪╡▄╬╪■■
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2.11  Summary and Research Gap  

Industrial inspection has progressed from rule-based 2-D/3-D techniquesðthresholding, 

watershed, ICPðto deep CNNs and, more recently, Vision-Transformerïbased foundation 

models such as SAM and OWL-ViT. These promptable models extend coverage to unseen 

classes without retraining, while task-specific networks like YOLOv11 still deliver top accuracy 

when labelled data are available. 

Current systems, however, rarely unite flexibility, precision, and modality breadth: RGB-only 

inputs overlook spectral or depth cues, and any single model struggles with both obvious and 

subtle defect modes. Our thesis therefore advances a hybrid strategy: (i) enrich image capture 

with additional spectral and range channels to expose defects that are harder to see; (ii) keep 

ICP at the core for deviations best described by geometry; and (iii) run two complementary 

detectorsð a zero-shot, prompt-driven foundation model for rapid class expansion and a 

supervised YOLO alternative when annotations permit. This combination targets the 

outstanding need for an adaptable, high-accuracy pipeline that can be deployed with minimal 

re-engineering across varied defect scenarios. 
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3 MATERIALS & METHODS 

3.1 Imaging  & Acquisition Hardware  

 

 

 

 

 

 

 

 

 

 

 

 

 

3.1.1 Hardware setup capturing e-bike battery  

The initial development of our inspection pipeline was carried out on the highȤresolution eȤbike 

battery dataset collected in previous years. To ensure reproducibility and facilitate subsequent 

transfer to the scaffolding-pipe dataset, the original acquisition setup and its operating 

parameters are briefly summarised below. 

 

 

 

 

 

 

 

RGB-X 

Figure 3-a: Overview of pipeline starting from image acquisition to software pipeline  
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The acquisition platform integrated two industrial camerasðMech Eye Pro S and Mech Eye 

LSR Sðwhich were secured rigidly to the Stäubli TX2-60 six-axis robot flange. The fixed stereo 

baseline and handïeye transformation consistency throughout the sequence were achieved 

through this configuration. 

 

Figure 3-c: Mech-Eye Pro -S: Field of view  (PRO S-GL and PRO M -GL, n.d.)  

Figure 3-b: e-bike battery dataset setup with soft box  
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Figure 3-d: Mech-Eye LSR-S: Field of view  (LSR S-GL, n.d.)  

A Python script operated the robot to execute a pre-programmed trajectory which started at 

the true top-down position. The robot performed two 180° circular motions which rotated about 

its body-fixed X-axis and Y-axis while stopping at 5° intervals. The eight canonical viewpoints 

per battery cycle provided complete line-of-sight coverage for all external surfaces including 

screw heads and electrical contacts. 

The illumination system consisted of two Aputure Light Storm 600d Pro LED fixtures which 

produced uniform glare-free light. The fixtures were placed at a height of 1.2 m above the 

sample plane while being directed at ±35° off-axis and operating at 50% power output. The 

high CRI daylight spectrum of these lights reduced color variations in RGB frames while 

reducing specular reflection artefacts in the depth sensor. 

The Mech Eye Viewer ñcalibò wizard was used to perform camera calibration before starting 

data collection. The software processed multi-view checkerboard images to obtain full intrinsic 

matrices and distortion coefficients as well as the robot-relative handïeye transformation. The 

final reprojection error stayed below 0.2 pixels throughout the process which allowed sub-

millimetre alignment between RGB and depth channels. 

The acquisition process generated three data streams simultaneously from each camera 

system: 

a) a 24-bit RGB image (.png, 4016 Ĭ 3036 px, via on-sensor upsampling) 

b) a single-channel depth map (.tiff, 2048 Ĭ 1536 px) 

c) a textured point cloud (.ply) 
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The LSR S depth sensor operated with dual exposure times of 88 ms and 24 ms to detect dark 

ABS battery casings. The exposure time for reflective aluminium casings was reduced to 60 ms 

and 24 ms and the RGB exposure time was reduced to 8 ms to prevent blooming. The depth 

sensing range was limited to 0.10ï1.00 m to match the operational space of the robot. 

 

Table 3-1: Summary hardware setup ï e-bike battery  

Component / setting Value 

Robot Stªubli TX2Ȥ60, 6 DOF 

Cameras (RGBȤD) MechȤEye ProȤS (1920 × 1200 RGB, 0.1 mm @ 1 m) & 

MechȤEye LSRȤS (2048 ×1536 depth, 1 mm @ 1.5 m) 

Viewpoint trajectory TopȤdown + two 180 ° arcs (X & Y axes) sampled every 

30 ° ӛ 8 views 

Illumination 2 × Aputure 600d Pro LEDs, 50 % power, 35 ° offȤaxis, 

heightӇ1.2 m 

Exposure settings 
(LSRȤS) 

Black ABS: 3D 88 ms + 24 ms, 2D 20 ms  

Depth range 0.10т1.00 m 

Captured modalities RGB (.png, 4016 × 3036), depth (.tiff, 2048 × 1536), 

textured point cloud (.ply) 
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3.1.2 Hardware setup capturing scaffolding pipe  

The imaging setup consisted of a conveyor system with a vision box mounted overhead, 

designed to capture both visual and structural features of scaffolding pipes as they moved 

beneath.  

 

 

 

 

 

 

 

 

 

 

 

Figure 3-e: (a) SW-4000Q-10GE 4-CMOS prism -based line scan camera (b) C5-2040cs 3D sensor  

(a) (b) 
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Two cameras were used in the configuration: a SW-4000Q-10GE 4-CMOS prism-based line 

scan camera capable of RGB and Near-Infrared (NIR) imaging, and a C5-2040(-4M*)-GigE 

sensor responsible for acquiring 3D line-scan data for geometric profiling. 

To determine the optimal lighting setup for NIR imaging, the spectral response of the 

SW-4000Q-10GE camera was first analysed. The response curve showed its highest relative 

sensitivity of 0.6 at 800 nm thus making this wavelength the most suitable for achieving the 

best signal quality. Halogen parking lamps were selected as an initial prototyping solution due 

to their broad spectral emission, which includes 800 nm, and their significantly lower cost 

compared to industrial NIR line lights.  

Figure 3-f: Pipe image capturing setup  

Conveyor 

Halogen lamps 

3D camera 

RGB + NIR camera 
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Figure 3-g: RGB+NIR camera spectral response  

A lux meter smartphone application measured the illumination patterns on the conveyor belt 

while manual measurements of light intensity were taken at different angles. The physical light 

intensity measurements received software validation through the image acquisition system 

which recorded per-frame statistics about minimum and maximum and average NIR pixel 

intensities to detect illumination irregularities in acquired data. The results from these two 

methods were used to make sequential adjustments to the position and direction of the lamps. 

Multiple test runs showed that positioning the halogen light beam at 40° relative to the sample 

surface produced the highest NIR reflectance while minimizing shadows and glare. The 

metallic and coated pipe surfaces likely exhibit specular reflection characteristics which follow 

a combination of Lambertian and specular reflectance models. 

This angle may be empirically modelled using a simplified reflection relation: 

Ὅʃ ὍẗÃÏÓʃ ʃÏÐÔ 

¶ I(ɗ): observed intensity at angle ɗ 

¶ IϚ: peak intensity 

¶ ɗ : empirically determined optimal angle (å 40°) 

¶ n: controls the spread of the intensity falloff 

The lighting was adjusted prior to calibrating other imaging parameters that influence scan 

quality, particularly those affecting motion blur. Motion blur occurs because of the relative 

movement between the object and the camera during exposure time and can be calculated 

as: 

ὄ ὺẗὸÅØÐ 

¶ ὄ is the blur length (e.g., in mm or pixels) 
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¶ ὺ is the conveyor belt speed (m/s) 

¶ ὸÅØÐ is the exposure time (s) 

It was observed that even small increases in conveyor speed significantly amplified motion blur 

at longer exposure times. Therefore, optimal acquisition required joint tuning of: 

¶ Conveyor speed 

¶ Exposure time 

¶ Gain settings (to compensate for shorter exposures) 

¶ Camera acquisition rate 

Controlled tests were conducted across varying speeds and exposure settings to map out safe 

operating regions that preserved visual clarity without overexposure or loss of frame 

sharpness. 
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3.2 Datasets  & Capture Pipelines  

3.2.1 E-bike battery capture pipeline  

The e-bike-battery dataset used in this study was inherited from an earlier masterôs thesis; only 

a concise recap is given here, as the full hardware specifications appear in § 3.3.2. Data were 

acquired with a Stäubli TX2-60 robot carrying co-aligned Mech-Eye Pro-S and Mech-Eye LSR-

S RGB-D cameras. A Python control script positioned the robot at eight fixed poses per battery: 

an initial true top-down view followed by the remaining cardinal and diagonal directions. This 

ensured that every external face, screw head and electrical contact was imaged at least once. 

At each pose the cameras simultaneously recorded a 24-bit RGB frame, a registered depth 

map and a textured point cloud. Illumination came from two high-CRI LED panels mounted 

above the sample plane (see Fig. 3.3 b); exposure and integration settings were adjusted per 

battery colour to avoid saturation on reflective aluminium housings. 

Intrinsic calibration of both camerasðand depth-to-colour alignment via the vendorôs calib 

routineðwas performed offline. The final dataset comprises å 1 100 RGB-D image sets (å 137 

physical batteries at eight views each) together with their point clouds. Labels inherited from 

the original project mark screw presence/absence and surface-defect regions. These multi-

view, multi-modal assets provide the raw input for both Branch A (3-D geometric alignment) 

and Branch B (2-D defect localisation and segmentation); the train/validation/test partitioning 

is detailed later in § 3.7.2. 

 

Figure 3-h: Graphical representation of capture viewpoints for e-bike battery dataset  (MATHEW 
& CHHABRA, n.d.)  
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3.2.2 E-bike battery capture examples  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) (b) 

Figure 3-i: (a) RGB images of various e -bike batteries  (b) corresponding single channel depth images  
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3.2.3 Pipe capture pipeline  

 

Figure 3-j: Pipe dataset capturing workflow  
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3.2.3.1 Automated frame acquisition  

 

Figure 3-k: Pipe dataset creator GUI  

Once the operator confirms conveyor speed and capture duration on the python frontȤend 

library Tkinter, the application spawns two child processes. The first streams RGB and NIR 

frames from a dualȤwavelength lineȤscan sensor; the second is reserved for depth capture but 

remains inactive for the pipe study. Each slice pair is pushed into shared memory; once the 

timer expires, the parent process stacks the slices vertically into two full-height mosaics. One 

RGB and one NIR. Because both bands share the same prism optics, the mosaics are 

inherently pixel-aligned and need no post-hoc registration. 

3.2.3.2 Line -Scan Assembly and Archival  

The stitched RGB and NIR images are saved as PNG files named Full_Resolution_RGB.png 

and Full_Resolution_NIR.png in a runȤspecific output folder. If the operator disables saving, 

the images remain in memory for immediate cropping; if saving is enabled, the mosaics provide 

a verifiable audit trail for data provenance. No external metadata files are generated at this 

stage because geometric information is implicit in pixel coordinates. 

3.2.3.3 Object Segmentation and Cropping  

Following assembly, pipe segments are isolated using the extract_objects_from_linescan() 

routine. This method partitions the image into overlapping horizontal segments to manage 

memory and computational load. A composite binary mask is generated for each segment by 
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combining three complementary cues: HSV colour thresholds tuned to typical pipe surface 

characteristics, pixel intensity deviation from the black conveyor background, and dilated 

Canny edges to enhance low-contrast boundaries. The resulting mask is refined using 

morphological closing and opening operations. Contours with an area exceeding 5 000 px² are 

retained. Bounding boxes that are vertically proximate (less than 100 pixels apart) and 

horizontally overlapping are merged to avoid redundant crops. The final bounding boxes are 

padded by 20 pixels on all sides and applied to both RGB and NIR scrolls to produce aligned 

modality pairs. 

3.2.3.4 Crop Storage and Pairing  

Crops are saved as lossless PNG files into rgb_crops and nir_crops subȤfolders, with a 

common stem object_<timestamp>_<idx>_{rgb|nir}.png. For visual sanity checks a 

sideȤbyȤside composite is written to paired_crops. The routine also exports a binary mask 

montage and a boundingȤbox overlay of the full mosaic, supporting qualitative inspection 

during dataset curation. 

3.2.3.5 Dataset Statistics  

A typical 30-second acquisition at a conveyor speed of 0.5 m sϖ¹ yields scroll images 

approximately 2 448 × 42 000 pixels in size. In total, seven such runs were performed, resulting 

in 45 paired RGBïNIR samples. Although only 16 physical pipes were available for capture, 

each was recorded multiple times by rotating it between acquisitions. Pipes equipped with 

flanges allowed for four distinct and stable orientations, other pipes supported only two. This 

rotational augmentation enabled a broader sampling of surface conditions and significantly 

expanded the dataset. Each paired sample has either a ñshort lengthò with a length between 

50 cm and 100 cm or has a ñmedium lengthò with a length between 100 cm and 160 cm. 

ClassȤbalance metrics and train/validation/test partitioning are presented later in Ä3.7.2. 
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3.2.4 Pipe capture examples  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-l presents high -resolution images (to ~700 Ĭ 5000 pixels) of captured scaffolding 
pipes. Pipes (a) and (b) are clean, while (c) and (d) exhibit substantial mortar residue along 
their length.  
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3.3 Overview  

3.3.1 Proposed hybrid pipeline: architecture and guiding principles  

 

 

 

The proposed inspection framework in this thesis operates as a modular system which accepts 

different sensor configurations through a uniform processing architecture. The system accepts 

various hardware configurations including RGB-D cameras used in e-bike battery inspection 

and RGB + NIR cameras used in pipe inspection which feed into a single processing pipeline. 

The processing stages of background removal and detection and segmentation and evaluation 

maintain a unified structure despite the different image acquisition hardware systems. 

The framework contains two main visual analysis branches. The first branch uses task-specific 

trained models for detection and segmentation through supervised learning. The OWLv2 

generates region proposals while SAM 2.1 produces segmentation masks in the second 
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OWOD pipeline which operates without prior knowledge of new objects. The two branches use 

identical datasets for processing and share the same evaluation metrics for RGB and NIR 

inputs to ensure consistent performance assessment. 

The e-bike battery use case includes a dedicated 3D processing branch. The system executes 

geometric registration and anomaly detection through an evaluation module which uses shape-

based metrics. The framework maintains a unified structure that enables flexible extension for 

industrial inspection applications across different settings. 

3.3.1.1 BranchלA ï 3-D geometric analysis  

 

 

Figure 3-m: Branch A of the developed software pipeline  

The proposed inspection framework includes Branch A which conducts 3D geometric analysis 

for applications requiring exact shape and structural conformity. The e-bike battery inspection 

utilizes a dual Mech-Mind RGB-D camera setup to capture RGB imagery and dense 3D point 

clouds of battery units. 

The first step involves background removal through HSV-based rule thresholds to classify 

images as either black or coloured battery representations. The classification result determines 

whether Otsu's method or adaptive thresholding will be used for segmentation followed by 

morphological refinement to clean the resulting mask. The refined mask receives projection 

onto the 3D point cloud through known camera intrinsics and extrinsics to extract only the 

relevant 3D surface data. 

The filtered point cloud requires two registration stages. The first step involves applying a 

transformation matrix to achieve a basic alignment between the scan data and its reference 
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model. The ICP algorithm performs fine-grained alignment refinement through point-to-point 

and point-to-plane variants. The alignment quality and geometric accuracy are evaluated 

through RMSE and mean distance and standard deviation and maximum deviation 

calculations before and after refinement.  

Following registration, the system performs anomaly detection via differential alignment. The 

system uses a registered "good" battery point cloud as reference to align with a registered 

defective battery point cloud through an additional ICP refinement step. The system analyses 

the residual differences between two-point clouds to produce an anomaly detection map which 

shows areas of geometric mismatch. The maps function to detect missing screws by showing 

localized voids or geometric deviations relative to the reference model. The maps provide 

interpretable outputs which enable operators or automated systems to detect structural 

incompleteness or omissions with high spatial precision for maintaining mechanical integrity in 

battery assemblies. 

3.3.1.2 BranchלB ï 2-D zero-shot defect localisation and segmentation  

 

Figure 3-n: Branch B of the developed software pipeline  

Branch B of the inspection framework performs 2D defect localisation and segmentation using 

zero-shot and supervised learning techniques. This branch is applied in the e-bike battery 

inspection case and is designed to identify and segment surface-level defects, such as missing 

screws. 
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The core pipeline begins with a high-resolution RGB image of the part under test, passed to 

OWLv2, an open-world visionïlanguage model that uses text prompts (e.g., ñmissing screwò) 

to detect potential defect regions in a zero-shot fashion. Trained on large-scale imageïcaption 

datasets, OWLv2 requires no additional fine-tuning to detect novel defect types, making it ideal 

for flexible deployment in dynamic inspection environments. 

OWLv2 often produces redundant or overlapping bounding boxes, which are refined through 

a two-step post-processing pipeline: 

1. Weighted Box Fusion merges correlated boxes into consensus regions. 

2. Per-class Non-Maximum Suppression removes any residual duplicates. 

The cleaned bounding boxes are passed to SAM 2.1 (Segment Anything Model), which reuses 

a cached image embedding to generate pixel-accurate segmentation masks in real time. 

These masks are further filtered by shape, retaining only circular masks, based on the 

geometric prior that screws appear circular in the inspection view. 

To benchmark zero-shot performance, Branch B includes an additional configuration. All 

supervised models of the yolov11 family are trained using the complete labelled dataset. All 

models are evaluated on the same RGB test set using consistent metrics to ensure a fair 

comparison. 

This pipeline is extended to RGB + Depth input for the e-bike battery dataset. The depth 

channel is concatenated with RGB via an early-fusion strategy, requiring only minor changes 

to the modelôs input layer. The same SAM 2.1 module is reused for all cases, ensuring that 

segmentation differences are attributable to detection quality and input modality rather than 

segmentation design. 

While the full detection and segmentation pipeline is applied only to the e-bike battery case, 

the pipe inspection task uses Branch B in a classification-only configuration. Here, the model 

determines whether a pipe region contains a defect or not, based on either RGB or fused RGB 

+ NIR input. 

Branch B, therefore, offers a structured framework for exploring the trade-offs between 

supervision levels, input modalities, and inference capabilities, especially in contexts where 

data annotation is costly or impractical. 

3.3.1.3 Guiding design principles  

The entire architecture depends on four fundamental principles. The use of text- and box-

prompted models enables promptability and rapid adaptation while preventing the need for 

expensive relabelling when the defect definition changes. The second principle uses sensor 

fusion to combine RGB for color and texture information with NIR for chemical contrast 

enhancement and depth for geometric encoding. The system maintains scalability through 
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loose module connections which enable OWLv2 to replace Grounding DINO and ICP to 

replace feature-based registration without requiring extensive code modifications. The 

experimental design includes comparative validation through the use of the identical pipeline 

on two different datasets to show that the approach works across different products rather than 

being limited to a specific product. 

The inspection strategy achieves balance through the combination of geometric and 

photometric branches. The unified software platform enables real-time operation and easy 

product transition for both Branch A's metric shape analysis and Branch B's flexible 

appearance-based segmentation. 
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3.4 Pre-processing  & Data Augmentation  

 Before any learning stage, each dataset passes through a light pre-processing pipeline. For 

the bike-battery images this is limited to background removal. The dataset is already large 

enough that no further augmentation is required. For the pipe images a similar background-

removal logic applies, but the small sample count makes extra augmentation essential. 

Classical 2D transforms were therefore incorporated, along with the multi-channel image 

slicing described in § 3.5.2. 

3.4.1 Background Removal & Classical Augmentations  

¶ Bike batteries RGB frames are classified in HSV space to distinguish black from 

coloured casings. Black batteries undergo Otsu thresholding; coloured ones use 

adaptive thresholding. Both masks are refined morphologically and then projected onto 

the depth map to excise non-battery points (details in § 3.9). 

¶ Scaffolding pipes ð Each image is segmented by combining HSV thresholds, intensity 

deviation from the conveyor background, and dilated Canny edges; small artefacts are 

removed with closing/opening. After masking, standard photometric augmentations 

(random HSV jitter, horizontal flip, scale 0.5ï1.5) are applied during YOLO training 

exactly as listed in Table 3-2. 

3.4.2 Four -Channel Image Slicing (Custom SAHI Adaptation)  

3.4.2.1 Motivation  

The scaffolding-pipe dataset contained only 45 paired RGB + NIR scroll images, insufficient 

for robust YOLOv11 training. Off-the-shelf SAHI could not help because it is hard-wired to 3-

channel RGB. To expand the data volume while preserving spectral information, a lightweight 

slicer was created to cut each 4-channel TIFF into overlapping 640 × 640 windows (50 % stride 

in both axes). 

3.4.2.2 Implementation snapshot  

The slicing script loads each 4-channel TIFF using the tifffile library, which supports multi-page 

and multi-channel formats without loss of metadata. A fixed 640 Ĭ 640 pixel sliding window is 

computed across each scroll image, using a 50 % overlap in both horizontal and vertical 

directions. For each window position, a crop is extracted that preserves all four channels 

(RGB + NIR) and saved to disk as a new TIFF file. This layout ensures compatibility with early-

fusion YOLO models and allows the auxiliary NIR channel to remain fully aligned with the RGB 

input. The slicing function supports both channel-last and channel-first formats and writes tiles 

with filenames that retain traceability to their parent image and window index. 
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COCO annotations are processed in parallel with the slicing. Each slice is paired with the 

subset of annotations whose bounding boxes or segmentation polygons intersect the crop 

region. Bounding boxes are clipped to the slice boundaries, and segmentation polygons are 

trimmed using shapely to avoid shape distortion. After clipping, any annotation whose retained 

visible area is less than 10 % of the original is discarded to prevent label noise. Unlike SAHI, 

which uses object-oriented abstractions (e.g., CocoAnnotation, SliceImageResult), this script 

modifies COCO dictionaries directly using functional logic. This method can be extended to 

data that add even more channels than the 4 channels used in this research. 

3.4.2.3 Dataset gain  

Slicing turned the 45 longer images into 1455 tiles, of which 375 carry at least one valid 

annotation. The tiles were repartitioned with exactly the same 60 / 20 / 20 trainïvalïtest ratios 

used elsewhere, ensuring statistical consistency with the original dataset before training the 

detectors described in § 3.7. 
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3.5 Point -Cloud Registration  & 3-D Analysis ( E-bike battery ) 

3.5.1 End to end point cloud registration  

For point cloud registration, the point clouds are first organised into a designated folder: 

ƊƄƄ Good/ 

ƅ   ƊƄƄ PLY 

ƅ   ƊƄƄ RGB 

ƅ   ƈƄƄ Registered 

ƈƄƄ Missing/ 

    ƊƄƄ PLY 

    ƊƄƄ RGB 

    ƈƄƄ Registered 

Once this step is completed, the process proceeds to the implementation phase of the point 

cloud registration algorithm.  

To enable efficient and accurate multi-viewpoint cloud registration, a comprehensive pipeline 

is implemented that integrates deep learningïbased segmentation, geometric filtering, and 

optimized alignment techniques. 

The initial step involves assigning each unprocessed 3D point cloud data to its matching RGB 

image. The ISNetDIS (Dichotomous image segmentation) (Qin et al., 2022) deep 

segmentation model produces binary segmentation results to identify battery objects from 

other background elements. The GPU executes the segmentation process at half-precision 

inference levels to achieve maximum performance. The following mask processing includes 

morphological operations to remove noise and close small holes before creating an object 

boundary. A pinhole camera model allows 3D cloud points to be projected onto 2D image 

space for further processing. The filtering process maintains only points that project inside the 

segmented area which results in an object-centric point cloud that reduces data volume and 

enhances relevance. 
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(a) 

(b) 

(c) 

Figure 3-o: (a) Raw RGB image of e -bike battery (b) Filtered RGB 
image using DIS (c) Binary mask  
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The following stage starts the registration process by selecting a fixed reference point cloud 

from the filtered results. The remaining clouds receive their initial alignment through predefined 

4×4 transformation matrices that incorporate sensor pose information. The matrices enable 

the achievement of a basic alignment between point clouds within a common coordinate 

framework. The ICP algorithm executes fine alignment procedures. Two ICP methods exist for 

optimization: The first uses relaxed convergence criteria for speed optimization and the second 

method uses CUDA acceleration for fast convergence on dense point clouds. The chosen 

method for alignment depends on RMSE values and fitness scores as well as execution time 

measurements. A registration approach through Fast Global Registration (FGR) using FPFH 

features becomes active when both ICP methods fail to produce acceptable outcomes. All 

view-specific processing tasks including filtering and registration occur simultaneously to 

decrease the total execution time and enhance hardware performance. The registration 

process completes by uniting all filtered and registered point clouds into one unified model. 

Once registration is complete and the results have been saved in their respective folders, these 

outputs are used to generate the anomaly map. A voxel down sampling operation serves as 

an optional step which optimizes storage and visualization capabilities while maintaining 

geometric accuracy in the final output. 

3.5.2 Anomaly Map  

The workflow includes point cloud preprocessing, registration, distance-based deviation 

analysis, percentile-driven anomaly segmentation, and screw-focused visualization. For each 

point cloud, spatial dimensions are calculated, and normal are estimated using a radius-based 

hybrid search. The search radius ὶ is used for estimating normals is dynamically scaled based 

on the size of the input point cloud. It is computed as a fixed proportion (5%) of the largest 

axis-aligned bounding box dimension of the point cloud. The formula is: 

ὶ πȢπυÍÁØὼÍÁØ ὼÍÉÎȟ ώÍÁØ ώÍÉÎȟ ᾀÍÁØ ᾀÍÉÎ 

Where, 

¶ ὼÍÁØ  and ὼÍÉÎ are the maximum and minimum coordinates along the X-axis , 

¶ ώÍÁØ and ώÍÉÎ are the maximum and minimum coordinates along the Y-axis , 

¶ ᾀÍÁØ and ᾀÍÉÎ are the maximum and minimum coordinates along the Z-axis , 

 

The defective cloud is aligned with the reference using a multi-scale Iterative Closest Point 

(ICP) algorithm. A coarse-to-fine strategy is adopted, starting with a larger correspondence 

threshold and reducing it progressively to refine the transformation. ICP computes the rigid 
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transformation Ὕ that minimizes the squared Euclidean distances between corresponding 

points in the two clouds: 

Ὕ ὥὶὫάὭὲ ᴁὴ Ὕ ήᴁ 

Here, ὴand ή  represent the matched points in the reference and defective clouds, 

respectively. To evaluate registration performance, two metrics are used: fitness , defined as 

&ÉÔÎÅÓÓ
ȿ#ÏÒÒÅÓÐÏÎÄÅÎÃÅÓ ×ÉÔÈ ÄÉÓÔÁÎÃÅὨÍÁØȿ

ȿ4ÏÔÁÌ ÐÏÉÎÔÓ ÉÎ ÓÏÕÒÃÅ ÐÏÉÎÔ ÃÌÏÕÄȿ
 

and RMSE (Root Mean Square Error) , calculated as 

2-3%
ρ

ὔ
ȿȿὴ ήȿȿ 

Where, 

¶ ὔ = total number of matched point pairs 

¶ ὴ= point iii in the source (defective) point cloud 

¶ ή= corresponding point in the target (reference) point cloud 

¶ ȿȿ▬░ ▲░ȿȿ= Euclidean distance between the two points 

High fitness (close to 1) and low RMSE confirm accurate alignment. Following registration, the 

method computes point-wise deviations by measuring the Euclidean distance between each 

point in the test cloud and its nearest neighbour in the reference: 

Ὠ ȿȿ▬░ ▲░ȿȿ ὼ ὼ ώ ώ ᾀ ᾀ  

Where: 

¶  ▬░ is a point in the defective cloud 

¶ ▲░ is its closest neighbour in the reference cloud 

¶ Ὠ is the deviation at point  
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3.6 OWOD + SAM Zero -Shot Detector  

3.6.1 OWLv2 configuration and text -prompts  

To enable zero-shot object detection within the product condition evaluation pipeline, the 

OWLv2 model (google/owlv2-base-patch16-ensemble) was utilized. This model supports 

open-world detection by linking visual inputs with text-based queries using a vision-language 

transformer. The Owlv2Processor was used to preprocess both the images and the natural 

language prompts, while Owlv2ForObjectDetection performed the detection. 

In this implementation, each input imageðwas processed with the prompt ["a metallic screw"] 

for the e-bike battery dataset and ["mortar"] for the scaffolding pipes. This guided OWLv2 to 

focus only on relevant object categories without requiring explicit training on the dataset, 

thereby enabling flexible and scalable defect detection across varied scenarios. 

3.6.2 Bounding -box to SAM -prompt conversion  

Once the zero-shot detector has delivered its bounding boxes, the pipeline first guarantees 

that every box is expressed in absolute pixel coordinates. If the detector supplies another 

format, the coordinates are rescaled internally so that ὼ values refer to image columns and ώ 

values to rows. Each box is then padded by a small marginðabout three percent of the larger 

image dimensionðto provide SAM 2.1 with a little contextual information beyond the object 

boundary; the expanded rectangle is finally clamped to the image frame. 

The padded rectangle is forwarded to SAM 2.1 as a box prompt, and the box centre can be 

sent as a single positive point when extra spatial guidance is beneficial. All prompts belonging 

to the same image are batched so that SAM2ImagePredictor processes every object in one 

forward pass. SAM 2.1 can return several candidate masks per prompt together with stability 

scores. Masks scoring below 0.90 are rejected immediately; if multiple masks survive, the one 

covering the largest number of pixels is kept. The outcome is a single, high-confidence binary 

mask for each detection, already aligned with the original image grid and traceable back to its 

source box. 

3.6.3 Post -processing of SAM masks  

The binary masks that emerge from SAM-2 can now follow eitherðor bothðof two parallel 

post-processing paths. 

On the export path, each mask is translated into COCOôs polygon format by tracing its outer 

contour with OpenCV and flattening the coordinates into the list structure mandated by the 

standard; contours below a minimum area threshold are discarded so they do not pollute the 

dataset. The corresponding bounding box is re-expressed as [ὼ, ώ, width, height], the pixel 

area is measured directly from the mask, and a category ID is retrieved from the prompt-to-
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label table (e.g. ñmetallic screwò or ñmortarò). These elements-polygon, box, area, category 

and the detectorôs confidence are then written to a COCO-compliant JSON file. 

On the visualisation path, the same masks and bounding boxes are blended onto the original 

image, or written out as single-channel PNGs, to provide an immediate qualitative check on 

segmentation quality. No additional geometry processing is needed because both paths 

consume the same intermediate data structures. Either route can be activated independently: 

one might generate only the overlaid images for quick sanity checks, only the COCO file for 

benchmarking and training, or both when a complete record is desired.  
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3.7 Supervised Trained Detector - YOLO Fine -Tuned 

3.7.1 Motivation Reiteration  

Although the primary detection pathway leverages open-world capabilities for maximum 

flexibility, preliminary experiments revealed a precision drop on the very domain-specific 

images of the bike batteries. To guarantee reliable mask generation in cases where the open-

world detector fails to capture more subtle defects, a lightweight, fully supervised fallback is 

deployed: a YOLOv11-based model fine-tuned on a labelled dataset specific to the application. 

The choice is pragmaticðprevious sections (Ä 3.1 and Ä 3.2) already outlined the motivation, 

but briefly, YOLO offers rapid convergence, mature training code, and real-time inference, and 

is relatively easy to train. 

3.7.2 Dataset Splits  

ḿḣḣ images/  
ḥ   ḿḣḣ train - 550 images  
ḥ   ḿḣḣ test - 100 images  
ḥ   ḷḣḣ val - 270 images (strictly unused until final evaluation)  
ḷḣḣ labels/  
    ḿḣḣ train - 550 labels   
    ḿḣḣ test - 100 labels  
    ḷḣḣ val - 270 labels (strictly unused until final evaluation)  

¶ Training set: 550 images  

¶ Validation set: 100 images   

¶ Test set: 270 images (strictly unused until final evaluation) 

 

The dataset contains multiple battery types, colours, and viewing perspectives, which have 

been evenly distributed across the three splits (train/val/test) in proportion to their respective 

sizes. Each subset contains a comparable number of detectable screws, which are the primary 

labelling target. The annotations are in standard YOLO bounding box format (<class> 

<x_center> <y_center> <width> <height> in relative coordinates). These were obtained by 

converting segmentation masksðoriginally provided in YOLO segmentation format (<class> 

<x1> <y1> <x2> <y2> ... <xn> <yn> for polygon points)ðinto bounding boxes. 

3.7.3 Training recipe  e-bike battery  

All five YOLOv11 variants (n, s, m, l, x) were trained to assess the trade-off between model 

complexity and accuracy. Both the RGB and RGBD models were initialized with no pre-trained 

weights. 
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Table 3-2: Training hyperparameters  

Parameter Value Rationale 

Base weights yolov11{n,s,m,l,x}.pt Evaluate across 
lightweight to large 
models 

Epochs 
125 (early-stop patience = 15) 

Stable convergence 
across variants 

Batch size 
16 

Balanced across 
GPU RAM limits 
(adjusted if needed) 

Optimizer 
SGD, momentum 0.937, weight decay 5 Ĭ 10ϖ 

Default YOLO 
optimizer 

LR schedule 
One-cycle, max LR 0.01 

Effective for fast 
convergence 

Augmentations Mosaic 0.7, random HSV, horizontal flip 0.5, 
scale 0.5-1.5 

Improve 
generalization 
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3.8 Multi channel  Fusion Implementation  

For both industrial scenarios, scaffolding-pipe inspection and bike-battery quality control, each 

YOLOv11 variant was trained twice: once in the canonical three-channel configuration and 

once with an expanded four-channel front end that ingests either an additional NIR or depth 

plane. 

3.8.1 Early  Fusion Layer Modification  

The Ultralytics fork used in §3.6 was patched to support an arbitrary number of input channels 

(cf. pull request ultralytics/ultralytics #20223). Concretely, the first convolution of each 

backbone variantðn, s, m, l, and xðwas reȤparameterised from C_in = 3 to C_in = 4 while 

preserving the original kernel spatial dimensions and output width. This microscopic alteration 

adds exactly one extra kernel slice per output feature map; parameter counts rise by <0.03 % 

and the theoretical GFLOPs budget by Ò0.2 % (YOLOv11Ȥn: +144 params, 0.0 GFLOPs; 

YOLOv11Ȥx: +864 params, +0.2 GFLOPs). All subsequent layers remain byteȤforȤbyte identical 

to their RGB counterparts, safeguarding architectural comparability. 

Ultralytics initialises convolution weights according to its default HeȤstyle (Kaiming) scheme. 

Because no preȤtrained fourȤchannel checkpoints exist, models start from scratch: the three 

legacy kernel slices receive random values drawn from the same distribution as the new fourth 

slice. During preliminary trials the additional channel caused slower early convergence but had 

negligible effect on final accuracy once training reached steady state. 

The dataloader was upgraded in concert with the backbone patch. It now decodes multiȤpage 

TIFF files and assembles a fourȤchannel tensor on the fly, leaving the augmentation pipeline 

unchanged except for adding support for this multi-channel adaptation. Every geometric 

transform applied to the RGB stack is applied identically to the auxiliary slice; colourȤspace 

jitters (HSV) naturally affect only the visible channels. 

3.8.2 Dataset Configurations  

To ensure applesȤtoȤapples evaluation, the train/validation/test splits defined in §3.6.2 were 

retained verbatim. Each original JPEG/PNG image of each pipe was paired with an auxiliary 

modality captured simultaneously by the same physical sensor module. The vendor SDKs 

deliver intrinsically registered output, so no postȤhoc alignment was required. 

All three-channel samples continue to reside on disk as ordinary RGB images. Their 

multispectral twins are stored as single four-channel TIFF files. The dataloader automatically 

falls back to the RGB asset when only three channels are requested. 
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3.8.3 Training Protocol Parity  

Except for the enlarged input tensor, every hyperȤparameter mirrors the recipe in §3.7.3: 

125 epochs with earlyȤstopping patience 15, oneȤcycle learning rate (max 0.01), SGD 

optimiser (momentum 0.937, weightȤdecay 5Ĭ10ϖ), batch size 16, and the same 

augmentation suite (Mosaic 0.7, random HSV, horizontal flip 0.5, scale 0.5ï1.5). Holding the 

schedule constant isolates the effect of the extra modality on both learning dynamics and 

endȤpoint accuracy. Empirically the fourȤchannel models required roughly 10ï15 additional 

epochs to converge, consistent with their random initialisation, but no adjustment to the 

earlyȤstopping criterion was necessary in practice. 

The resulting model zooðten detectors per dataset, spanning five capacities and two different 

input modalitiesðforms the basis for the experiments. 
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3.9 Design Decisions & Rationale  

The preceding sections have described what the hybrid inspection pipeline does. This part 

explains why each constituent block was chosen. The overarching design brief was to achieve 

a practicable equilibrium between three sometimesȤcompeting objectives: (i) high defectï

detection accuracy, (ii) adaptability to new product types or sensing modalities, and (iii) 

feasibility within the limited time available for completing this thesis. Because the thesis itself 

is bounded by a fixed completion date, every architectural decision also had to respect the 

practical limits of implementation effort. 

The logic that connects candidate methods to final selections therefore pivots on a fourȤway 

tradeȤoffðaccuracy, runtime, practical engineering effort, and the calendar time available for 

thesis work. Whenever quantitative evidence clearly discriminates between alternatives, 

accuracy is prioritised; in cases where performance margins are narrow, preference is given 

to methods that satisfy processing demands while maintaining reasonable implementation 

speed. The discussion that follows proceeds stage by stage through the pipeline, justifying 

each major choice in turn and noting the principal alternatives that were rejected. A 

consolidated overview appears at the end of the chapter (Table 3-3). 

3.9.1 OpenȤWorld Detection  

The first component of Branch B (Ä 3.1.2.2) must localise previously unseen defect classes 

from a single textual description or boundingȤbox cue. This requirement arises from the need 

for adaptability to different objects or defect types with minimal or no relabelling and training 

effort. Three state-of-the-art, largeȤscale models were evaluated on both the scaffoldingȤpipe 

and bikeȤbattery validation sets: 

¶ Grounding DINO (SWIN/ViT backbone) 

¶ Qwen 2.5 VL  

¶ OWLȤViT (CLIP with ViT backbone) 

Each model was prompted with an identical defect vocabulary and its predictions were 

inspected qualitatively and quantitatively. Despite Grounding DINOôs strong COCO scores, 

OWLȤViT delivered the highest recall on domainȤshifted imagery, especially for the 

lowȤcontrast mortar residues on steel pipes, while maintaining a VRAM footprint that fits 

comfortably on the target RTX 3090. The same conclusion was made for Qwen 2.5 VL. 

OWLȤViT was therefore selected as the zeroȤshot detector. At equal confidence thresholds it 

retrieved a higher proportion of true defects than either competitor yet incurred similar or lower 

computational cost and required no auxiliary captioning pipeline. 
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3.9.2 Supervised Detector Fallback  

While zeroȤshot detection minimises annotation overhead, early trials revealed a 

nonȤnegligible missȤrate on more subtle defects. An optional supervised detector is therefore 

retained as a fallback, trained on the limited but carefully curated datasets described in Ä3.3. 

For this purpose, Transformer based networks were excluded because they need a lot of 

training data. The shortlist that was considered comprised out of the following models: 

¶ DETR (ResNetȤ101 backbone) 

¶ Faster RȤCNN (ResNetȤ101 backbone) 

¶ YOLOv11 

The decisive criteria were (i) robust convergence on fewer than 700 labelled images, (ii) 

inference throughput compatible with realȤtime preview on an RTX 3090, and (iii) ease of 

extension to fourȤchannel input (RGB + Depth or RGB + NIR) and (iv) ease of development due 

to time constraints. 

DETR is sensitive to class imbalance and needs a lot of data or heavy augmentation. 

Faster RȤCNN is option but is an outdated technology.  

YOLOv11 was ultimately chosen. The Ultralytics implementation converged quickly, is 

relatively easy to train and implement on a limited dataset and sustained > 30 FPS in 

singleȤbatch inference. Furthermore, it is adaptable to 4 channel input within the timeframe of 

the thesis. YOLOv11 thus best satisfied the combined constraints of dataset size, engineering 

effort, and inference speed. 

3.9.3 Segmentation Engine 

The mask generator that follows the detectors in Branch B must deliver pixelȤaccurate 

boundaries for any region highlighted by a bounding box yet remain agnostic to the precise 

detector that supplies the prompt. Four candidates were considered: 

¶ Mask RȤCNN (ResNetȤ101 backbone) 

¶ DETRȤSeg (Deformable attention head) 

¶ YOLOv11Ȥseg (prototype Ultralytics branch) 

¶ Segment Anything Model 2.1 Hiera Large  

Evaluation centred on three axes. Prompt flexibility mattered most, because the detector may 

change over the projectôs lifespan; only SAM 2.1 accepts boxes, points and optional text 

without retraining. Its independence from the detector guarantees that a future switch from 

OWLȤViT to, say, Grounding DINO or future state of the art OWOD models, requires no change 

downstream. Finally, zeroȤshot accuracy is known to be impressively accurate for SAM 2.1. 

Mask RȤCNN, DETRȤSeg and YOLOv11Ȥseg would have been viable had the project relied 
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solely on supervised detectors, but their need for classȤspecific fineȤtuning conflicts with the 

zeroȤshot philosophy that underpins the pipeline. SAM 2.1 was therefore adopted as the 

universal segmentation engine. 

3.9.4 SensorȤFusion Strategy  

Both case studies exploit a fourth modality in addition, RGBðdepth for bike batteries and 

nearȤinfraȤred for scaffolding pipes (Ä3.8). Three architectural options were considered: 

¶ Early fusion Concatenate the auxiliary channel to RGB and train a single backbone. 

¶ Intermediate fusion Maintain dual branches and merge via crossȤattention. 

¶ Late fusion Run modalityȤspecific detectors and ensemble their logits or bounding 

boxes. 

Intermediate fusion promised the highest ceiling on accuracy, but it needs a lot of modifications, 

which is time-consuming and not flexible for different structure since every time the structure 

file should be modified. Late fusion, although conceptually appealing, would have increased 

inference cost significantly and is more complex to implement than early fusion. 

Early fusion was therefore selected. A oneȤline kernel patch allowed YOLOv11 to ingest four 

channels; the resulting networks incurred < 0.2 % extra GFLOPs and no material memory 

penalty yet could get us insights into the potential benefits of adding extra modalities into a 

model originally designed for three channels. IntermediateȤfusion prototypes remain a future 

avenue once more development time becomes available. 

3.9.5 Annotation & Labelling Environment 

A modest but critical element of the workflow is the tool used to annotate the supervised subset 

(Ä 3.7). Numerous platforms existðLabel Studio (HumanSignal/Label-Studio, 2019/2025), 

CVAT (CVAT.ai Corporation, 2018/2023), SuperAnnotate (SuperAnnotate | Centralize Data 

Ops for Multimodal AI), among othersðbut the project team already had extensive experience 

with XȤAnyLabeling (W. Wang, 2023/2025). 

XȤAnyLabeling provides an intuitive interface, integrates SAMȤbased autoȤlabelling to 

accelerate polygon creation, and exports directly to both COCO and YOLO formats required 

downstream. Given the tight project schedule, the incremental benefit of evaluating and 

migrating to yet another labelling suite did not justify the effort or risk. XȤAnyLabeling thus 

remained the default environment, satisfying all functional needs while allowing the team to 

concentrate on model development rather than tooling. 

3.9.6 Hardware and Performance Constraints 

All architectural choices described above were ultimately bounded by the physical resources 

that could be secured for the project. Training and inference both ran on an NVIDIA RTX 3090 
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with 24 GB of GDDR6X memory. The card represents a pragmatic middle ground: it delivers 

ample tensorȤcore throughput for mixedȤprecision training yet remains widely available and 

therefore indicative of what an industrial integrator might procure offȤtheȤshelf. All memory 

budgets, batch sizes, and model variants discussed in previous sections were validated on this 

hardware; heavier backbones or attention mechanisms that exceeded the 24 GB ceiling were 

ruled out. 

Illumination was governed by similar pragmatism. The RGB capture relied on an industrial LED 

bar already installed on the acquisition rig documented in Ä 3.3.1 and inherited from earlier 

masterôs thesis work. For the NIR channel a dedicated, narrowȤband source would have been 

ideal to complement, yet leadȤtimes conflicted with the thesis schedule. Standard halogen 

floodȤlights were therefore adopted: their filament spectrum provides substantial energy 

around the NIR spectrum, they are inexpensive, and electrical regulation is straightforward.  

The decision to retain the dualȤwavelength RGBȤNIR lineȤscan camera from the earlier 

prototype followed the same logic. Its reuse avoided a new round of calibration and integration 

while still delivering the spatial resolution required for fine mortar detection. No material 

performance benefit was predicted from purchasing a newer model because this is a good 

performing RGB NIR camera, so the available hardware was leveraged asȤis. 
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3.9.7 Consolidated Overview Table 

Table 3-3: Design Decisions overview  

Pipeline 
Component  

Selected Method  Rationale for Selection  Alternatives 
Considered & Rejected  

Open-World 
Detection 

OWLv2 (ViT 
backbone + CLIP) 

Best zero-shot recall on 
domain-shifted defects; 
handles low-contrast 
cases well; fits in VRAM; 
no need for captioning 
pipeline 

Grounding DINO (strong 
COCO scores but lower 
recall on shifted 
domains), Qwen 2.5 VL 
(strong, but similar as 
with grounding DINO) 

Supervised 
Fallback 

YOLOv11 Fast convergence on 
limited data (<700 
images); >30 FPS 
inference; 4-channel 
adaptation; feasible under 
tight timeline 

DETR (data-hungry, 
class imbalance 
sensitive), Faster R-CNN 
(outdated), YOLO-head 
on ConvNeXt V2 (too 
time-consuming to 
implement) 

Segmentation 
Engine 

SAM 2.1 Hiera 
Larga 

Supports box, point, and 
text prompts; detector-
agnostic; top-tier zero-
shot segmentation 
performance 

Mask R-CNN, DETR-
Seg, YOLOv11-seg (all 
require class-specific 
training, not suitable for 
zero-shot pipeline) 

Sensor Fusion 
Strategy 

Early Fusion 
(channel 
concatenation) 

Simple kernel patch 
enables 4-channel input; 
low computational 
overhead; viable within 
time constraints 

Intermediate Fusion 
(more accurate but time-
consuming to 
implement), Late Fusion 
(high inference cost, 
harder to maintain) 

Annotation 
Environment 

X-AnyLabeling Fast SAM-based 
annotation; exports to 
COCO & YOLO; 
familiarity; no migration 
effort 

Label Studio, CVAT, 
SuperAnnotate 
(functionally solid but no 
time to migrate or 
evaluate new toolchains) 

Hardware 
Constraints 

RTX 3090 + 
industrial lighting 
& existing line-
scan camera 

RTX 3090 balances 
power and accessibility; 
avoids exceeding 24 GB 
limit; existing lighting and 
dual-band camera reused 
to save time and ensure 
compatibility 

Heavier backbones and 
new cameras were 
excluded due to VRAM 
limits and setup lead-
times 
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3.10  Visualisation  & Operator Feedback  GUI 

 

 

Figure 3-p: Real time pipe defect detection system GUI  
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A reliable inspection pipeline must culminate in a humanȤreadable interface that presents 

algorithmic results with sufficient clarity for rapid decisionȤmaking on the factory floor. The 

present section therefore documents a live visualisation module that accompanies the 

scaffoldingȤpipe detector introduced in Ä3.6. The implementation operationalises the zeroȤshot 

OWOD + SAM workflow in an operatorȤfacing tool and fixes the performance envelope within 

which in the later result section will evaluate accuracy and throughput. 

3.10.1 Software  Architecture  and Data Flow  

The visualisation module is an event-driven Python application that bridges the zero-shot 

detector (Ä 3.6) with a Tkinter / PySide6 GUI. RGB + NIR frames enter a shared-memory 

queue; a background thread pulls them at a configurable stride, feeds the RGB plane to 

OWLv2, applies weighted-box fusion and class-wise NMS, then pushes a JSON message 

(box, label, confidence) back to the GUI thread. The interface overlays each box on the live 

stream with a defect-specific colour (blue = mortar, red = rust, orange =bent) and prints the 

class tag plus confidence. A slider beneath the viewport exposes the global confidence 

threshold Ű, with adjustments reflected on the next frame. Because inference and rendering 

live in separate threads, latency is bounded by GPU throughputð9ï11 FPS at 1920 Ĭ 1200, 

or ~24 FPS when down-sampled to 1280 Ĭ 800 on the evaluation workstation. Persistence and 

PLC hooks are stubbed out in this prototype to keep the focus on real-time operator feedback. 

3.10.2 Overlay Rendering and Visual Cues  

Every incoming frame passes through the OWLȤViT branch of the zeroȤshot pipeline. When 

detections exceed the userȤdefined confidence threshold Ű the system superȤimposes an 

axisȤaligned bounding box and textual class label onto the live video. To maximise perceptual 

separation between defect categories, the overlay adopts a fixed qualitative colour palette: 

blue for surface corrosion, green for indentation, and red for puncture. The absence of masks 

aligns the display with operator expectations formed by legacy 2ȤD CCD systems and avoids 

occluding visual texture cues that experts rely upon. 

A slim status bar beneath the viewport indicates frame index, realȤtime FPS, and the current 

value of Ű. If no detections are present the bar is rendered in neutral grey; when a defect is 

flagged it switches to the colour of the highestȤconfidence box, offering peripheral awareness 

even when the operator is focused elsewhere. 

3.10.3 Interactive Threshold Adjustment  

Domain experience shows that defect appearance varies with surface finish, lighting, and 

production batch. Rather than hardȤcoding Ű, the GUI exposes a horizontal slider that updates 

the global threshold at onceðno pipeline restart is required. Parameter changes are reflected 

on the next frame, enabling the operator to calibrate sensitivity during the first seconds of a 
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shift and to compensate for diurnal lighting drift. In future work the slider could be tied to an 

adaptive confidence predictor, but manual control was favoured for transparency during the 

userȤacceptance phase. 

3.10.4 Two-Dimensional Bounding -Box Detection  

The visualisation module is written in Python with PySide6 bindings to Qt 6. OpenCV handles 

camera capture and basic drawing primitives, while the OWLȤViT inference thread 

communicates via a threadȤsafe queue to decouple GUI refresh from model latency. With a 

YOLOv11Ȥn baseline for comparison, the OWLȤViT branch sustains 9ï11 FPS on the 

workstationôs RTX 3090 when processing a resolution of 1280Ĭ800. No image or overlay data 

have persisted in the current build; hooks are, however, in place for optional recording to disk 

should traceability become a requirement. 

3.10.5 Two-Dimensional Bounding -Box Detection  

Although the present thesis evaluates the interface in a singleȤcamera setting, the software 

architecture already abstracts the video source and could therefore accommodate the 

multispectral fusion models of Ä3.8 or a depthȤaugmented viewpoint. Likewise, an auditȤtrail 

database and an operatorȤfeedback widgetðwhere false positives/negatives could be tagged 

for incremental retrainingðare envisaged for subsequent iterations. 

3.10.6 Hardware and Performance Constraints  

All architectural choices described above were ultimately bounded by the physical resources 

that could be secured for the project. Training and inference both ran on a workstation 

equipped with an NVIDIA RTX 3090 (24 GB GDDR6X), an Intel Core i7-13700KF CPU, and 

64 GB of system RAM. The graphics card represents a pragmatic middle ground: it delivers 

ample tensor-core throughput for mixed-precision training yet remains widely available and 

therefore indicative of what an industrial integrator might procure off-the-shelf. All memory 

budgets, batch sizes, and model variants discussed in previous sections were validated on this 

hardware; heavier backbones or attention mechanisms that exceeded the 24 GB ceiling were 

ruled out. 

Illumination was governed by similar pragmatism. The RGB capture relied on an industrial LED 

bar already installed on the acquisition rig documented in § 3.3.1 and inherited from prior work 

(see [Pablo thesis]). For the NIR channel a dedicated, narrow-band source would have been 

ideal, yet lead-times conflicted with the thesis schedule. Standard halogen floodlights were 

therefore adopted: their filament spectrum provides substantial energy around the NIR region, 

they are inexpensive, and electrical regulation is straightforward. 

The decision to retain the dual-wavelength RGB-NIR line-scan camera from the earlier 

prototype followed the same logic. Its reuse avoided a new round of calibration and integration 
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while still delivering the spatial resolution required for fine mortar detection. No material 

performance benefit was predicted from purchasing a newer model, so the available hardware 

was leveraged as-is. 
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3.11 Evaluation Protocol  

This section explains in detail how performance is quantified for every stage of the proposed 

pipeline. The numerical outcomes are presented in Chapter 4; this section defines the test 

conditions, metrics, and comparison axes to ensure unambiguous reproducibility of the 

evaluation. 

3.11.1 Two-Dimensional Bounding -Box Detection  

Bounding-box performance is evaluated with the COCO detection protocol. 

The most widely reported scalar in computer-vision benchmarks is the Average Precision at 

an IoU threshold of 0.5 (mAP@0.5). For a single class c, it is the area under the precisionï

recall curve at that threshold: 

ὃὖπȢυ  ὴ ὶȟπȢυ Ὠὶ  ὶ ὶ  ὴ ȟὶȟπȢυȢ 

To obtain a dataset-level score, AP values are averaged over all classes: 

άὃὖͽπȢυ  
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For a threshold-agnostic perspective, the mean Average Precision is also reported as the 

average over the ten COCO thresholds from 0.50 to 0.95 in steps of 0.05 (mAP@[0.5:0.95]): 
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Finally, Recall is reported as Recall at IoU 0.5 measures completeness: 

╡▄╬╪■■Ȣ   
╣╟ Ȣ

╣╟ Ȣ ╕╝ Ȣ
  

To assess the influence of input modality, each metric is computed for the two variants per 

dataset: RGB-only and fused input (RGB + NIR for scaffolding pipes, RGB + depth for bike 

batteries). Additionally, for each modality, the zero-shot detection pipeline is compared with its 

supervised alternative. This setup allows for a structured comparison of model supervision 

level and input information content, independently across both datasets. 

 

3.11.2 Segmentation Masks Generated by SAM  

Segmentation accuracy is measured with the COCO instance-segmentation protocol. 

Consistent with detection, the primary scalar reported is mAP@0.5ðthe average precision of 

mask predictions at an IoU threshold of 0.5. This is the figure that still dominates leaderboard 

mailto:mAP@[0.5:0.95
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summaries in computer vision. For a threshold-agnostic view, mAP@ [0.5:0.95] is also 

reported, computed over the same set of ten IoU thresholds used for bounding boxes. In 

essence, mAP for masks evaluates how well the predicted and ground-truth shapes match at 

the pixel level, while bounding box mAP compares the enclosing rectangles. 

All underlying quantitiesðIoU, precision, recall, AP and their class-averaged means are 

defined exactly as in the previous section, but then for the area of the masks instead of the 

area of the bounding boxes. 

3.11.3 Operator -Level Classification on Scaffolding Pipes  

The scaffoldingȤpipe application imposes a further requirement: each mask must be translated 

into an actionable defect category that can be displayed in the maintenance GUI. Although this 

classification task was not initially planned, exploratory experiments with the zero-shot OWOD 

model suggested that investigating defect classification could provide valuable insights.  This 

classifier operates by performing a grounding task using the OWOD model, but instead of 

using the predicted bounding box, it only extracts the textual class label associated with the 

detection. The performance of this classifier is evaluated using precision, recall, and the 

F1Ȥscore, calculated across the entire scaffoldingȤpipe test set. As this classification 

component is specific to the scaffoldingȤpipe context, no equivalent metrics are reported for 

the bikeȤbattery dataset. This added classification label can come in handy for an operator who 

is scanning for specific types of defects. 

3.11.4 Three-Dimensional Anomaly Detection on Bike Batteries  

For the bikeȤbattery useȤcase the ultimate deliverable is a geometric deviation score. The 

reconstructed point cloud of each battery half is rigidly aligned to a reference scan of a non-

defective battery using the Iterative Closest Point algorithm. Following this alignment, the 

rootȤmeanȤsquare distance between corresponding points is computed to quantify the 

magnitude of deformation. The time taken for both the registration and error calculation are 

also measured to provide a realistic estimate of throughput on the chosen hardware. 

3.11.5 Hardware  used for training and inference  

All measurements are obtained on the workstation described in § 3.10.6. Inference is executed 

with a batch size of one and FP16 arithmetic wherever the model supports mixed precision. 

These settings remain identical across detectors, modalities, and datasets so that differences 

in accuracy or runtime can be attributed solely to the algorithmic choices outlined above. 
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4 RESULTS 

4.1 3-D Point -Cloud Registration & Anomaly Scoring : E-Bike  Battery 

Dataset  

4.1.1 3-D Point -Cloud Registration  

Table 4-1: Comparison and benchmarking of different ICP protocols for 3D registration pipeline  

Method RMSE 
(Mean mm) 

Time (Mean) Relative Speed 
(%) 

Success 
Rate (%) 

Benchmark 
Score 

Point-to-Point ICP 
(Fast) 

0.038407546 0.123881531 100 100 59.83359055 

Point-to-Plane ICP 
(CPU) 

0.0383397 1.32867794 9.323668814 100 57.48763107 

Point-to-Plane ICP 
(CUDA+CPU) 

0.0383397 2.284084272 5.423684768 100 56.20423849 

Coloured ICP 0.0383397 3.05574441 4.054054075 100 55.16767125 

Multiscale ICP 
(CUDA) 

0.019469807 14.8887619 0.832047228 100 24.84619153 

 

 

Figure 4-a: Comparison of ICP methods: RMSE and Runtime  
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The registration performance evaluation of ICP-based methods for e-bike battery multi-

viewpoint cloud alignment included benchmarking Fast Point-to-Point ICP and Point-to-Plane 

ICP (CPU and CUDA versions) alongside Coloured ICP and Multiscale ICP (CUDA). The 

evaluation of each method included Root Mean Square Error (RMSE) measurements and 

average processing time results and relative speed assessments and a combined benchmark 

score that evaluated speed and accuracy performance. The Fast Point-to-Point ICP method 

delivered the best performance trade-off by achieving a benchmark score of 59.83 with 0.0384 

mm RMSE and 0.124 seconds processing time which makes it suitable for real-time or high-

throughput operations. The Multiscale ICP with CUDA achieved the lowest RMSE of 0.0195 

but required 14.89 seconds of processing time which made it impractical for scalable 

deployment. The CPU and CUDA versions of Point-to-Plane ICP produced similar accuracy 

results with RMSE values of 0.0383 mm but the CUDA version failed to deliver its expected 

speed benefits because of GPU memory usage and poor data batching practices. The 

Coloured ICP failed to enhance accuracy when applied to industrial scaffolding pipes because 

it relies on RGB information which provides limited benefits for low-texture surfaces. The 

registration performance depended on three critical factors which included voxel size set to 

0.005 m for optimal results, convergence criteria defined by maximum iterations and RMSE 

thresholds and the quality of segmentation masks produced by the DIS deep learning model. 

The masks functioned as essential components for surface object isolation which enhanced 

the reliability of point cloud filtering and alignment operations. The findings demonstrate how 

method selection and hyperparameter optimization enable inspection systems to achieve 

optimal precision-efficiency trade-offs in multi-modal vision-based inspection systems. 

 

 

Figure 4-b: Final registered e -bike battery  
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4.1.2 Anomaly map  

The binary anomaly detection workflow involved a structured six-step pipeline, beginning with 

the loading and preprocessing of two high-resolution point cloudsðone representing the 

defective structure and the other a clean reference. The point clouds contained over 2.2 million 

points each and spanned substantial 3D spatial dimensions. Preprocessing included statistical 

outlier removal to eliminate noise, followed by voxel downsampling at a resolution of 0.003 

mm. This process preserved the full structural integrity of the original scans, with all points 

retained post-down sampling. Surface normals were estimated to support alignment, and the 

point clouds were then registered using a multi-scale Iterative Closest Point (ICP) approach, 

proceeding through decreasing voxel sizes of 0.012, 0.006, and 0.003 mm. The registration 

resulted in a fitness score of 0.9999, indicating nearly perfect correspondence between the 

overlapping regions. Following registration, the system computed point-wise distances 

between the two clouds using a KD-Tree-based accelerated search. This process ran 

efficiently across 220 batches, completing in 18.21 seconds. The resulting distance distribution 

was right-skewed, with a mean of 1.27, median of 0.60, and a maximum deviation of 16.90 

mm. Most of the points (nearly 80%) were within 1.69 mm, while extreme deviations were 

concentrated in a very small proportion of the dataset. Key percentiles further revealed that 

90% of all points were below 3.32 mm, while the 95th and 99th percentiles reached 5.05 and 

8.98 mm, respectively. 

 

 

Figure 4-c: Anomaly map highlighting 6 missing screws  in e-bike battery  
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Figure 4-d: Missing screws  in e-bike battery  close up  

 

To isolate critical anomalies, a 97th percentile threshold of 6.3024 mm was selected. This 

strategy classified only the top 3% of point deviations as anomalous, providing a robust method 

for minimizing false positives while highlighting the most significant structural discrepancies. 

In total, 65,769 anomaly points were flagged, while 2,126,515 points were considered normal, 

maintaining a practical and interpretable anomaly rate of 3.00% 
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4.2 2-D Detection & Segmentation  ð E-Bike  Battery Dataset  

4.2.1 Zero-Shot Baseline ð OWLv2 + SAM 

 

Figure 4-e: PR curve for OWOD e -bike battery pipeline performance  

The PR curve in Figure 4-e shows the zero-shot OWOD model's ability to detect screw 

classification in e-bike battery dataset. COCO-style segmentation metrics evaluated the model 

at an Intersection over Union threshold of 0.50. Precision begins at 1.0 at the beginning of the 

recall spectrum, and the model makes highly accurate predictions under strict confidence 

threshold conditions. However, precision shows a downward trend that becomes severe when 

recall exceeds 0.75. This drop results from the relaxation of the detection threshold to capture 

more true positives, which also increases the number of false positives. Additionally, the recall 

value never reaches 1.0, meaning the model consistently fails to detect all screw instances 

regardless of the confidence level. This behaviour aligns with the limitations of zero-shot 

detection, where the model relies on generic objectless cues and semantic similarity rather 

than class-specific training. 

The qualitative pattern from the PR curve is consistent with the quantitative metrics derived 

from the COCO evaluation. Under the segmentation evaluation, the model achieves an 

Average Precision of 0.519 at IoU = 0.50, which drops to 0.264 at IoU = 0.75, highlighting a 



 

90 

 

 

reduction in localization accuracy under stricter matching.  The mean Average Precision 

across all IoUs (0.50:0.95) for segmentation is 0.260, suggesting moderate detection 

performance. The model performs slightly better on small and medium-sized objects, with 

segmentation AP scores of 0.289 and 0.268, respectively, while the AP for large objects is 

undefined due to the absence of such instances in the dataset. Average Recall (AR) in 

segmentation peaks at 0.485 when the maximum number of detections per image is set to 

100, and small objects achieve a notably high AR of 0.631. 

Bounding box evaluation reveals a similar trend but with slightly weaker results. The model 

attains an AP of 0.505 at IoU = 0.50, yet this falls sharply to 0.069 at IoU = 0.75, and the overall 

bounding box mAP is lower at 0.157. The AR under bounding box evaluation reaches a 

maximum of 0.340 with 100 detections, while small object AR is 0.424. These results suggest 

that the model is more consistent with pixel-level (mask-based) localization than with bounding 

box placement, particularly under high IoU thresholds. The greater segmentation scores may 

reflect the modelôs ability to roughly capture object shapes even when its bounding box 

predictions are less precise. 

In summary, these findings indicate that a zero-shot OWOD model can effectively detect 

unseen industrial parts such as screws, especially when they appear in smaller sizes. 

However, it suffers from rapid precision degradation as recall increases and consistently fails 

to detect all object instances. The lower mAP and AR values in the bounding box evaluation, 

compared to segmentation, underscore the challenges of precise object localization without 

prior class-specific supervision. This emphasizes the broader difficulty of fine-grained object 

detection in zero-shot settings, particularly for small, visually complex, or sparsely annotated 

categories. 
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Figure 4-f: e-bike battery correctly mapped via OWOD model examples  with legend  

Figure 4-g: e-bike battery with OWOD model errors  
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4.2.2 Supervised Baseline ð YOLOv11 (RGB) + SAM  

4.2.2.1 Prediction Examples  
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4.2.2.2 Quantitative Results  

A five-capacity YOLOv11 family (n Ÿ x) was fine-tuned on the bike-battery training split and 

evaluated on the held-out test set. Bounding-box scores at IoU = 0.5 together with the full 

COCO mean-IoU metric, recall, per-image inference latency, and GFLOPS are listed in Table 

4-2. Each detectorôs outputs were forwarded to SAM 2.1 to obtain pixel-level masks; the 

corresponding mask mAP values are summarised in Table 4-3. 

Table 4-2: YOLOv11 Results Screw ï RGB 

Model mAP@0.5 

(box) 

mAP@0.5:0.95 

(box) 

Recall Inference Speed 
(ms) 

GFLOPs 

YOLO11n 0.954 0.732 0.905 2.5 6.3 

YOLO11s 0.957 0.767 0.919 3.3 21.3 

YOLO11m 0.954 0.780 0.909 3.7 67.6 

YOLO11l 0.962 0.779 0.906 4.8 86.6 

YOLO11x 0.963 0.780 0.911 8.4 194.4 

 

Table 4-3: YOLOv11 + SAM Results Screw - RGB 

Model mAP@
0.5 

(mask) 

mAP@0.5
:0.95 

(mask) 

Dice Score Inference Speed 
(ms) 

YOLO11n + SAM2.1 Hiera Large 0.932 0.692 0.916 268.5 

YOLO11s + SAM2.1 Hiera Large 0.935 0.705 0.913 271.3 

YOLO11m + SAM2.1 Hiera Large 0.934 0.847 0.918 273.7 

YOLO11l + SAM2.1 Hiera Large 0.947 0.833 0.921 275.8 

YOLO11x + SAM2.1 Hiera Large 0.947 0.847 0.920 279.4 

 

All five detectors yield near-saturation detection accuracy (mAP@0.5 Ó 0.954). Mask 

performance also remains high: SAM 2.1 converts these boxes into segmentation masks with 

only a modest drop in mAP, achieving up to 0.947 @ 0.5 IoU. The consistency between 

detection and segmentation suggests that screws present strong local texture and shape cues 

that SAM 2.1 can delineate reliably once localised. Per-image inference latency grows with 

model capacity yet remains < 9 ms for detection; the dominant runtime cost stems from the 

fixed-size SAM 2.1 call (~270 ms per image), independent of the YOLO variant. These findings 

establish the RGB-only configuration as a performant baseline against which the depth-

enhanced variant can be compared. 
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4.2.3 Multi channel  Variant ð YOLOv11 (RGB + Depth) + SAM  

4.2.3.1 Prediction Examples  

Since the predictions are visually similar to those shown in 4.2.2.1, this section refers the 

reader to those examples for a representative illustration of the modelôs behaviour. 

4.2.3.2 Quantitative Results  

A four-channel (RGB + Depth) version of the YOLOv11 family (n Ÿ x) was trained with the 

same protocol as in § 3.8 and evaluated on the scaffolding-pipe test set. Bounding-box metrics 

are listed in Table 4-4, followed by mask metrics for the YOLO Ÿ SAM 2.1 pipeline in Table 

4-5. 

Table 4-4: YOLOv11 Results Screw ï RGBD 

Model mAP@0.5 mAP@0.5:0.95 Recall Inference Speed 
(ms) 

GFLOPs 

YOLO11n 0.916 0.656 0.856 2.4 6.3 

YOLO11s 0.918 0.705 0.893 3.1 21.4 

YOLO11m 0.918 0.721 0.887 3.6 67.8 

YOLO11l 0.921 0.706 0.879 4.8 86.7 

YOLO11x 0.922 0.717 0.874 8.1 194.6 

 

Table 4-5: YOLOv11 + SAM Results Screw - RGBD 

Model mAP@
0.5 

mAP@0.5
:0.95 

Dice Score Inference Speed 
(ms) 

YOLO11n + SAM2.1 Hiera Large 0.916 0.701 0.884 268.7 

YOLO11s + SAM2.1 Hiera Large 0.917 0.733 0.896 271.6 

YOLO11m + SAM2.1 Hiera Large 0.916 0.732 0.902 273.9 

YOLO11l + SAM2.1 Hiera Large 0.920 0.729 0.882 276.0 

YOLO11x + SAM2.1 Hiera Large 0.920 0.722 0.900 279.5 

 

Contrary to initial expectations, adding the depth channel did not boost detection accuracy; 

mAP@0.5 drops by roughly 3ï4 pp across capacities compared with the RGB-only baseline. 

This suggests that depth cues contribute little discriminative signal for the small, largely planar 

screw heads visible in the camera frame, and may even introduce convergence noise. SAM 

2.1 mask metrics track the detector scores closely, maintaining å 0.92 mAP@0.5 but offering 

no tangible gain over RGB. These findings align with previous research (C. Zhou et al., 2024) 

where similarly limited benefit when fusing RGB with depth and intensity cues for screw 

detection was observed. In their study, early fusion underperformed compared to RGB-only 
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models, and feature-level fusion required careful alignment mechanisms to surpass baseline 

performance.  

Runtime overhead by adding this fourth channel remains negligible for detection (< 0.3 ms 

difference) and unchanged for SAM 2.1. Overall, the results suggest that in constrained screw 

inspection settings where texture and reflectance cues dominate over depth. A broader 

interpretation of this trend is provided in Ä 4.5. 
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4.3 2-D Detection & Segmentation  ð Scaffolding -Pipe Dataset  

4.3.1 Zero-Shot Baseline ð OWLv2 + SAM 

 

Figure 4-h: PR curve for pipe OWOD pipeline inference  

The zero-shot Open World Object Detection (OWOD) baseline which combines OWLv2 with 

the Segment Anything Model (SAM) was evaluated on the scaffolding pipe dataset for both 

detection and segmentation tasks. The modelôs performance was limited because zero-shot 

methods are difficult to apply to specialized industrial data. 

The model reached a mean Average Precision (mAP) bbox of 0.0357 across multiple 

Intersection over Union (IoU) thresholds for object detection. The AP remained at 0.0357 at 

the standard IoU threshold of 0.50 which shows that relaxing the spatial matching criterion did 

not improve detection results. The AP-IoU curve (Figure X) shows that performance steadily 

declines as the IoU threshold increases, approaching zero beyond 0.75. The model fails to 

detect objects precisely when the spatial boundaries become tighter. 
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Figure 4-i: AP at different IoU thresholds for pipe  

Segmentation performance was also weak. The pixel-level Average Precision segm was 

measured at 0.0235 as shown by the precision-recall curve in Figure Y. The precision starts 

at 1.0 for very high-confidence predictions but drops rapidly as recall increases. The model 

demonstrates high certainty in identifying a few positive instances, yet its recall ability remains 

severely restricted. The threshold relaxation to detect more positive instances leads to a 

significant increase in false positives. 
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4.3.2 Supervised Baseline ð YOLOv11 (RGB) + SAM  

4.3.2.1 Prediction Examples  

 

 

4.3.2.2 Quantitative Results  

A five-capacity YOLOv11 family (n Ÿ x) was fine-tuned on the scaffolding-pipe training split 

and evaluated on the held-out test set. Bounding-box results at the standard COCO threshold 

of IoU = 0.5 are summarised in Table 4-6; the table also lists the full COCO mean-IoU score, 

recall, single-image inference latency, and theoretical GFLOPS. Each detectorôs predictions 

were then forwarded to SAM 2.1 to obtain pixel-level masks; the corresponding mask mAP 

values are reported in Table 4-7. 
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Table 4-6: YOLOv11 Results Mortar - RGB 

Model mAP@0.5 mAP@0.5:0.95 Recall Inference Speed 
(ms) 

GFLOPS 

YOLO11n 0.926 0.683 0.850 1.6 6.3 

YOLO11s 0.953 0.742 0.881 2.7 21.3 

YOLO11m 0.957 0.756 0.830 5.9 67.6 

YOLO11l 0.962 0.796 0.909 8.6 86.6 

YOLO11x 0.970 0.823 0.933 12.8 194.4 

 

Table 4-7: YOLOv11 + SAM Results Mortar - RGB 

Model mAP@0.5 mAP@0.5:0.95 Dice Score Inference Speed 
(ms) 

YOLO11n + SAM 0.593 0.192 0.675 196.6 

YOLO11s + SAM 0.552 0.187 0.660 197.7 

YOLO11m + SAM 0.555 0.199 0.681 200.9 

YOLO11l + SAM 0.536 0.199 0.675 203.6 

YOLO11x + SAM 0.527 0.184 0.681 207.8 

 

A concise inspection of Table 4-6 shows a monotonic gain in mAP@0.5, peaking at 0.970 for 

YOLOv11-x, with inference latency rising proportionally to model size. In contrast, when 

propagated through SAM 2.1 (Table 4-7), mask accuracy drops substantially, with mAP@0.5 

values hovering around 0.55. This discrepancy highlights a limitation of the zero-shot 

segmentation approach: even when bounding boxes closely match the ground truth, SAM 2.1 

may oversegment, extending the predicted mask beyond the actual defect region. An example 

of this overshootðwhere the box has high IoU but the mask deviates significantlyðis provided 

in Figure 4-j. Extended discussion and cross-case interpretation are deferred to § 4.5. 
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Figure 4-j: Ground truth vs predicted result for YOLOv11 model trained on RGB data  

4.3.3 Multispectral Variant ð YOLOv11 (RGB + NIR) + SAM 

4.3.3.1 Prediction Examples  

Since the predictions are visually similar to those shown in Ä 4.2.3.1, this section refers the 

reader to those examples for a representative illustration of the modelôs behaviour. 

4.3.3.2 Quantitative Results  

A four-channel (RGB + NIR) version of the YOLOv11 family (n Ÿ x) was trained with the same 

protocol as in § 3.8 and evaluated on the scaffolding-pipe test set. Bounding-box metrics are 

listed in Table 4-8, followed by mask metrics for the YOLO Ÿ SAM 2.1 pipeline in Table 4-9 

Table 4-8: YOLOv11 Results Mortar ï RGB NIR 

Model mAP@0.5 mAP@0.5:0.95 Recall Inference Speed 
(ms) 

GFLOPS 

YOLO11n 0.956 0.769 0.901 1.5 6.3 

YOLO11s 0.975 0.824 0.943 2.7 21.4 

YOLO11m 0.976 0.817 0.928 5.4 67.8 

YOLO11l 0.977 0.841 0.965 6.9 86.7 

YOLO11x 0.982 0.869 0.960 13.1 194.6 
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Table 4-9: YOLOv11 + SAM Results Mortar ï RGB NIR 

Model mAP@0.5 mAP@0.5:0.95 Dice Score Inference Speed 
(ms) 

YOLO11n + SAM 0.573 0.199 0.673 196.5 

YOLO11s + SAM 0.537 0.189 0.674 197.7 

YOLO11m + SAM 0.547 0.190 0.685 200.4 

YOLO11l + SAM 0.550 0.195 0.676 201.9 

YOLO11x + SAM 0.562 0.198 0.692 208.1 

 

A concise inspection of Table 4-8 confirms the familiar monotonic rise in mAP@0.5, now 

topping out at 0.982 for YOLOv11-x. These scores are higher than their RGB-only counterparts 

and a detailed comparison is reserved for § 4.5. When the same detections are propagated to 

SAM 2.1 (Table 4-9), mask accuracy remains in the ~0.55 mAP@0.5 range, mirroring the 

behaviour observed in § 4.3.3.2 and indicating that segmentation accuracy is primarily limited 

by SAM 2.1 itself rather than the quality of the bounding box detections. 
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4.4 Discussion  

This section examines the principal experimental results that appear throughout the thesis by 

linking quantitative performance metrics to methodological choices. The research employed 

both 3D point cloud registration and 2D image-based object detection and segmentation 

pipelines in the two industrial case studies involving e-bike batteries and scaffolding pipes. 

Different testing configurations were evaluated through the combination of standard geometric 

approaches and deep learning algorithms together with RGB and depth and near-infrared 

(NIR) imaging modalities. 

The experimental findings deliver direct answers to all three research questions. The 

combination of deep learning-based segmentation (using DIS) with traditional point cloud 

registration methods (including ICP) produced sub-millimetre alignment precision through 

appropriate voxel sizes and filtering masks. The results demonstrate how precise registration 

systems can be developed through the combination of traditional and modern vision 

techniques. 

The evaluation between zero-shot detection (OWOD) and supervised models (YOLOv11 

variants) revealed different performance characteristics. The potential of OWOD models for 

detecting small objects without training was observed but their spatial accuracy remained 

inconsistent while they struggled in complex industrial scenes especially in the scaffolding pipe 

dataset. Supervised YOLOv11 models delivered strong mAP scores along with dependable 

segmentation results when used with SAM 2.1. 

The analysis of different input modalities demonstrated that RGB+NIR fusion delivered better 

detection precision for texture-similar defects such as mortar. The combination of RGB and 

Depth imaging showed either no improvement or sometimes worse results for identifying flat 

and reflective objects like screws because of signal noise. These findings support earlier 

research findings and demonstrate that choosing suitable input modalities is crucial to enhance 

both contrast and structural information. 

The results show that method choices along with data selection and model structure have a 

direct effect on detection precision and both segmentation quality and registration accuracy. 

The evidence proves that inspection systems can be developed using modular data-efficient 

approaches by merging deep learning with classical techniques and designing input 

approaches for specific inspection requirements. 

4.4.1 3D combination of deep learning and traditional methods  

The thesis began by addressing the first research question about the possibility of merging 

traditional computer vision techniques with deep learning methods to create a strong 
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registration pipeline that works with 3D point clouds and RGB images. The end-to-end 

registration system was developed by integrating DIS (deep learning-based segmentation 

model) with ICP (Iterative Closest Point) algorithms. The DIS model segments RGB images of 

e-bike battery modules into high-quality masks which direct the following point cloud filtering 

and alignment process. The masks function as essential elements for extracting the important 

surface geometry before registration takes place. 

The ICP component of the pipeline operates across multiple scales to refine alignment, and 

the combination of deep learning segmentation with geometric registration yielded highly 

accurate results. The system reached a RMSE of 0.038 mm in 0.123 seconds which proves 

both accuracy and speed. The hybrid approach demonstrates both practicality and scalability 

for industrial inspection applications in real-world scenarios. The Re-DE manufacturing lab is 

developing an application which will contain this pipeline through wrapper classes to enable 

straightforward deployment in production settings. 

The designed anomaly scoring algorithm detects structural deviations by evaluating point-wise 

distance errors following alignment. The algorithm successfully located absent screws in 

battery modules which demonstrates its ability to assist downstream automation processes. 

The exact detection of missing components would allow robotic systems to execute 

autonomous re-screwing operations. The results demonstrate that traditional and deep 

learning methods can produce highly precise real-time solutions for industrial inspection defect 

detection.  

4.4.2 OWOD vs Supervised models  

The assessment between zero-shot and supervised detection systems demonstrates how 

modern vision systems must choose between general applicability and detection precision 

through the comparison of e-bike battery and scaffolding pipe dataset results. The OWLv2 + 

SAM system detection results together with segmentation outcomes reveal specific limitations 

in the model's capabilities under COCO metric evaluation. 

The e-bike battery dataset demonstrated segmentation performance from OWOD at 0.519 

when using IoU=0.50 yet this score decreased to 0.264 at IoU=0.75. The model shows 

successful identification of rough object positions in the results yet fails to achieve precise 

spatial accuracy which represents a standard problem in zero-shot detection. Bounding box 

accuracy revealed a similar decline when the evaluation standard shifted to more stringent IoU 

thresholds. The inherent difficulty of OWOD to detect fine details in objects emerges in screw 

detection because subtle geometric information is essential. The model shows improved 

detection performance for small objects although its ability to generalize semantics indicates 

potential usefulness in limited annotation scenarios and tasks that require unsupervised 

detection. 
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The scaffolding pipe dataset presented a significant performance decrease for OWOD system. 

The model reached 0.0357 mAP at IoU=0.5 and only 0.0235 pixel-level AP for detecting the 

complex industrial components such as rust patches or mortar stains. Natural image training 

data for OWOD models fails to provide sufficient transfer learning abilities when detecting 

domain-specific defects without additional guidance or adaptation. 

The YOLOv11 detectors trained with domain-specific data exceeded OWOD performance by 

a significant margin during both detection and segmentation tasks. All YOLOv11 variants 

obtained near-saturation accuracy at IoU=0.5 in both datasets while achieving mAP@0.5 

scores exceeding 0.96. When using SAM 2.1 for segmentation the detectors produced high-

quality mask predictions that reached dice scores of 0.92 on the e-bike battery dataset and 

0.68 on the pipe dataset. Supervised models show enhanced performance when trained with 

RGB+NIR data in scaffolding contexts. 

The performance difference between OWOD and supervised models reveals a fundamental 

weakness of zero-shot methods in achieving precise localization and domain adaptation. The 

potential of OWOD frameworks remains significant despite their current limitations. OWOD 

frameworks provide valuable advantages through their ability to detect objects without training 

by offering flexible deployment in diverse inspection settings. The enhanced recall of small 

objects together with their shape-level segmentation abilities create possibilities for future 

development. 

4.4.3 RGB vs RGBD  

Figure 4-k compares the five YOLOv11 capacities trained on RGB input (blue) with their 

earlyȤfusion RGB + Depth counterparts (red).  The depthȤenhanced models exhibit consistently 

lower performance across all models.  

Computationally, the depth channel is almost the same: GFLOPS rise by < 0.2 % and 

singleȤimage inference is also similar. The performance penalty is therefore not a resource 

issue but a signalȤtoȤnoise problem. 

The most plausible explanation is noise leakage from the depth channel. The extra plane 

contributes little meaningful geometry but injects considerable pixelȤlevel variance. Sometimes 

the depth map can suggest an absence of the screw but itôs clearly visible on the RGB. When 

concatenated early, this variance forces the first convolutional layer to learn a compromise 

representation, diluting the clear texture cues of the RGBȤonly model. Consequently, the 

network spends capacity reconciling two weakly correlated signals, leading to a lower 

performance ceiling. Previous research (C. Zhou et al., 2024) shows that a naïve RGB + Depth 

+ Intensity concatenation lags behind a plain RGB detector, but that gap reverses when the 

auxiliary branches are realigned and re-weighted with their PAlign fusion module, yielding a 
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modest (~2 mAP-point) boost. Because the screw-head relief in their laptop and HDD datasets 

is typically < 1 mm, depth alone adds limited information; accordingly, the fusion gain is present 

but small. 

Future work can work towards an algorithm that performs intermediate fusion in a way that is 

flexible with respect to input modalitiesðcapable of integrating RGB, depth, NIR, or other 

channels without requiring major architectural changes. This would allow broader applicability 

across multimodal vision tasks. 

 

Figure 4-k: Performance comparison of YOLOv11 with RGB and RGB -D inputs for e -bike 
battery case  

4.4.4 RGB vs RGB NIR  

 Figure 4-l juxtaposes the five YOLOv11 capacities trained on RGB input (blue) with their early-

fusion RGB + NIR counterparts (red). In stark contrast to the modest depth performance drops, 

every model size the multispectral variant yields a consistent gain of å 0.01ï0.03 mAP@0.5, 

with the relative benefit most pronounced for the smallest network (n: +0.03) and tapering off 

toward the x-capacity (+0.012). Crucially, these accuracy lifts are achieved at almost negligible 

computational cost: the additional NIR channel increases GFLOPS by <0.2 % and adds Ò0.3 

ms to single-image inference. 
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The improvement can be attributed to the NIR band accentuating mortar residues that are 

spectrally indistinct from the steel substrate in visible light alone. As model capacity grows, the 

RGB-only detectors partially recover this contrast through deeper feature hierarchies, 

explaining the diminishing incremental gain. It is worth noting that this advantage is confined 

to the detection stage; SAM 2.1 operates on RGB crops only, so no parallel uplift is observed 

in the mask metrics. Future work could explore multi-spectral aware segmentation back-ends 

to capitalise on the richer input. 

 

Figure 4-l: Performance comparison of YOLOv11 with RGB and RGB+NIR inputs  for pipe case  

4.4.5 Preliminary Validation on Crack -Type Defects  

To investigate whether the differential-alignment strategy developed for missing-screw 

detection generalises to other fault types, two artificial cracks were manually introduced into 

the casing of a single e-bike battery module. The first measured approximately 3.50 mm in 

width and 23.55 mm in length, penetrating the full wall thickness of the hollow casing. The 

second was smaller, with dimensions of 1.60 mm width, 21.00 mm length, and 2.40 mm depth. 

The complete Branch A pipeline was subsequently rerun on the modified module. After 

coarseïfine ICP alignment, the residual anomaly map (Figure 4-m) revealed that besides the 

2 missing screws, a concentrated ridge along the crack path, clearly distinguishable from the 

surrounding surface was detected as a deviation. While this single exemplar cannot constitute 
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robust evidence, the successful localisation suggest that the anomaly-mapping approach is 

sensitive to other small defects as well. It therefore provides encouraging evidence that the 

method could be extended to a wider spectrum of geometric defectsðsuch as dents, 

delamination, or excessive wearðprovided that sufficient point-density and calibration fidelity 

are maintained. Systematic validation across a larger defect library remains an important 

avenue for future work. 

 

Figure 4-m: Extra analysis for e -bike battery case with multiple defects  
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4.5 Future work  

While the proposed hybrid pipeline achieved strong results across both use cases, several 

opportunities remain to extend its capabilities. In the 3D inspection branch, the current rough 

alignment step relies on predefined transformation matrices based on robot pose information. 

Although effective, this approach limits flexibility and requires precise calibration. Future work 

could focus on developing a robust and efficient initial alignment method that removes the 

need for manually encoded transformations while maintaining low runtime. This would simplify 

deployment in less structured environments and make the 3D pipeline more adaptable to new 

setups and parts. 

For the zero-shot detection and segmentation branch, further improvements could be made by 

adapting vision-language models with a few labelled examples from the target domain. This 

few-shot adaptation would enhance precision without sacrificing generalisability to unseen 

defect types. In addition, prompt engineering strategies that expand or optimise textual inputs 

could help improve recall in more complex industrial scenes. Finally, extending zero-shot 

segmentation to operate directly on 3D point clouds using deep learning would remove the 

dependency on 2D masks and allow for more semantic interpretation of structural defects. 

Multimodal fusion also presents opportunities for improvement. While the current early-fusion 

approach is efficient, intermediate fusion techniques using cross-attention could more 

effectively combine RGB with auxiliary modalities such as depth or NIR. Developing a model 

that is flexible on its input channels and does this intermediate fusion enables to assign 

dynamic importance to each input. Furthermore, the demonstrated benefit of NIR suggests 

that expanding the spectral range, such as adding ultraviolet (UV), could further improve 

contrast and detection accuracy, especially for low-visibility defects. The current pipeline is 

compatible with such extensions, offering a clear path for future upgrades. 
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5 CONCLUSION 

This thesis presented a general, modular hybrid inspection pipeline uniting classical geometry 

and modern machine vision. Its applicability is demonstrated through two contrasting industrial 

case studiesðe-bike battery housings and scaffolding pipesðshowcasing the frameworkôs 

versatility. Although both branches follow modular design principles, each uses distinct models 

and methods tailored to its task. The pipeline flexibly accommodates sensor inputs (RGB, 

depth, NIR) via early-fusion modifications and a custom multi-channel slicer. Branch A 

combines deep-learning segmentation masks with multi-scale ICP registration for point-cloud 

alignment, while Branch B integrates zero-shot OWLv2 + SAM with a supervised YOLOv11 

fallback for defect localization and segmentation. Key hardware includes conveyor-mounted 

RGB illumination, halogen lamps for NIR, and a prism-based line-scan RGB+NIR camera. 

Training and inference ran on an NVIDIA RTX 3090 with standardized calibration and selected 

hyperparameters for reproducibility and real-time performance. 

Empirical evaluation confirmed the approachôs efficacy. In 3-D inspection, Fast Point-to-Point 

ICP balanced speed (0.124 s post-filtering and rough alignment) and accuracy (RMSE å 0.038 

mm), while a multiscale CUDA variant halved the error at the cost of runtime. The anomaly-

mapping pipeline (voxel downsampling, ICP refinement, KD-Tree scoring) achieved a 0.9999 

fitness score and flagged 3 % of points as deviations, correctly identifying missing screws. In 

2-D, zero-shot OWLv2 + SAM achieved moderate mask performance (mAP@0.5 å 0.52) on 

batteries but failed on pipes; supervised YOLOv11 + SAM reached near-saturation box 

mAP@0.5 (Ó 0.96 on batteries, Ó 0.97 on pipes) and mask mAP@0.5 up to 0.94, all within 

sub-10 ms. While OWLv2 performs well on general data, its precision drops in domain-specific 

tasks, making supervised models essential. Depth inputs offered no benefit and slightly 

degraded screw detection, while NIR improved pipe results by 1ï3 pp at negligible cost. 

We showed that integrating deep-learning segmentation with ICP enables the spatial 

alignment needed for downstream defect analysis. Multi-modal fusion experiments revealed 

that NIR can improve detection by up to 3 pp in low-contrast pipe defects, whereas depth 

added little for planar screw inspection, highlighting the context-dependent value of auxiliary 

modalities. Lastly, while zero-shot OWLv2 + SAM allows out-of-the-box detection, its lower 

precision in specialized scenes confirms the need for supervised YOLOv11 models in industrial 

settings. These findings answer our core research questions and provide a foundation for 

future work in few-shot vision-language adaptation and intermediate-fusion architectures 

integrating spectral bands or 3-D semantics. 
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Appendices  

APPENDIX A: ADDITIONAL LITERATURE IMAGE ACQUISITION  

Understanding Light and Its Interaction with Matter 

To grasp how we capture images, itôs essential first to understand how light makes objects 

visible. We perceive an object when light emitted or reflected by it reaches our eyes. This light 

may originate directly from the object (if itôs self-luminous) or may be reflected from external 

illumination sources (Young & Freedman, 2022). 

 

In physics, light can be interpreted through three fundamental models: the particle model, the 

wave model, and the geometric (ray) model (Figure 1). These models offer distinct but 

complementary ways to explain optical phenomena. For example, wave theory explains 

interference and diffraction; particle theory accounts for quantum behaviors like the 
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photoelectric effect; and ray theory provides practical tools for understanding lenses and 

reflection (Hecht, 2017). 

Itôs important to note that these frameworks are not mutually exclusive. Instead, they are 

applied depending on the phenomenon under study and the level of precision required. This 

interplay of models is often called wave-particle duality, where light exhibits both continuous 

wave-like and discrete particle-like behavior. 

 

The Spectrum of Light 

The electromagnetic spectrum spans an enormous range of wavelengths, from gamma rays 

(shortest) to radio waves (longest), with only a narrow window known as the visible spectrum 

detectable by the human eye (roughly 380ï750 nm) (Pedrotti & Pedrotti, 2019). Different 

wavelengths within this range correspond to different perceived colors, with shorter 

wavelengths appearing bluish and longer ones reddish. 

 

Light also has an intensity component, which can be described in various ways depending on 

context: energy per unit area, number of photons, or power per unit time (Saleh & Teich, 2019). 

These quantities become critical when designing sensors or cameras to optimize for lighting 

conditions. 

 

Measuring Light: Radiometry and Photometry 

Two main frameworks describe light measurement: 

¶ Radiometry quantifies all electromagnetic radiation, independent of human perception, 

using units like watts and joules. 

¶ Photometry adjusts these measurements to account for human visual sensitivity, using 

weighted measures like lumens and lux (CIE, 2018). 

This adjustment matters because human vision does not respond equally to all wavelengths 

ð for example, we are more sensitive to green light under bright conditions (photopic vision) 

and more sensitive to blue light under low-light (scotopic vision) (Figure 2). 
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Mathematically, photometric quantities are derived by weighting radiometric measurements 

with the luminosity function, reflecting the eyeôs spectral response. This provides practical 

measures that align better with how humans actually experience brightness and color (Houser 

& Wei, 2017). 

 

Optical Principles: Lenses, Focus, and Field of View 

A key parameter in image capture is the focal length of a lens, which determines how strongly 

it bends light rays to form an image. This focal length, usually measured in millimeters, defines 

how magnified or wide the field of view will be. 

The field of view (FoV) is inversely related to focal length ð longer focal lengths zoom in on a 

narrow area, while shorter focal lengths capture a broader scene (Jenkins & White, 2001). 

Another critical distance is the working distance: the space between the lens and the object 

required to fit the object fully within the image frame. Working distance depends on focal length, 
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sensor size, and desired image magnification and can be roughly estimated using geometric 

optics formulas. 

 

 

 

Aperture, Depth of Field, and Light Control 

The aperture or opening within the lens controls how much light reaches the sensor. This is 

described by the f-number (f/#), which is the ratio of the lensôs focal length to the aperture 

diameter. 

A lower f-number (wide aperture) allows more light in but produces a shallow depth of field ð 

only a narrow range is sharply in focus. A higher f-number (narrower aperture) reduces light 

intake but extends the depth of field, bringing more of the scene into sharp focus (Ray, 2002). 

In imaging setups, balancing aperture size, exposure time, and illumination is key. Often, 

strong artificial lighting is used to enable small apertures and deep focus, ensuring that even 

fine object details remain crisp. 
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Beyond optics, sensor technology plays a crucial role in image acquisition. Sensors such as 

CCD or CMOS arrays convert incoming light into electrical signals. Key parameters here 

include: 

 

¶ Pixel size: Smaller pixels increase spatial resolution but reduce light sensitivity. 

¶ Dynamic range: The ability to capture both dark and bright areas without losing detail. 

¶ Noise performance: Determines how well the sensor can distinguish signal from 

background noise, critical under low-light conditions (Janesick, 2001). 

Higher resolution sensors can capture more detail, but they also demand careful optical 

matching to avoid over- or undersampling. 

 

 

 

 

 

 

 

 

 



 

127 

 

 

 

 

APPENDIX B: TECHNICAL FILES OF LIGHTS AND CAMERA S 
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