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Abstract 

AI-powered visual inspection is increasingly used in manufacturing quality control, yet 

its practical implementation in small and medium-sized enterprises raises questions about 

data availability, production scale, and the internal expertise needed to sustain such 

systems. This thesis investigates how a data-centric AI vision system can be implemented 

in a resource-constrained manufacturing context, where labelled defect data, specialist AI 

knowledge, computing resources, implementation time, and long-term maintenance 

capacity are limited, using Skandia Elevator as the industrial case company. 

The study builds on a longer collaboration between the University of Skövde and Skandia 

Elevator, where previous work established parts of the physical inspection infrastructure 

and an initial proof-of-concept system. The present project focuses on three connected 

aspects of implementation: sustainable knowledge transfer to company personnel, the 

trade-off between model quality and inference speed, and the suitability of anomaly-

detection model candidates for temperature-sensor image inspection. The project 

therefore treats the AI system not only as a technical artefact, but also as an organisational 

learning process that must be understandable, maintainable, and useful after the thesis 

project ends. 

This thesis explains how data-centric AI can be implemented in a manufacturing SME 

context. The findings show that model performance depends not only on the algorithm, 

but also on data quality, user understanding, and organisational ownership. In resource-

constrained settings, systematic work with data collection, labelling, retraining, and 

knowledge transfer may be more important than using the most complex algorithm. The 

study provides practical guidance for manufacturing companies that want to introduce 

AI-based visual inspection while maintaining local competence and long-term system 

ownership. 

 

Keywords: Data-centric AI; visual inspection; manufacturing SMEs; quality control; 

anomaly detection; inference speed; knowledge transfer; design science research; 

Skandia Elevator. 
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1 Introduction 

AI-based visual inspection has become an important direction in manufacturing 

quality control because it can support more consistent inspection, reduce 

dependence on manual judgement, and help identify defects that are difficult to 

detect through traditional rule-based methods. However, much of the existing 

research and many commercial examples assume conditions that are not always 

present in small and medium-sized manufacturing enterprises. Manufacturing 

SMEs often operate with smaller datasets, lower defect frequencies, greater 

product variation, limited internal AI expertise, and fewer resources for long-

term system maintenance. These conditions make AI implementation not only a 

technical challenge, but also an organisational and knowledge-transfer 

challenge. 

This thesis addresses that challenge through an industrial case study at Skandia 

Elevator, a Swedish manufacturing company. The company context is relevant 

because parts of the quality-control process rely on manual visual inspection in 

assembly-related work, while other areas of the production environment may 

already contain established automated quality systems. The scope of this project 

is therefore deliberately limited: it does not attempt to describe or automate the 

company’s entire quality-control process. Instead, it investigates how an AI 

vision approach can be developed, evaluated, and explained within a specific 

inspection context connected to temperature-sensor image inspection. 

The project builds on earlier collaboration between Skandia Elevator and the 

University of Skövde. Previous work provided a foundation through physical 

inspection infrastructure, an initial interface, and early proof-of-concept 

exploration. The present thesis extends that foundation by focusing on the 

relationship between technical model performance, data-centric development, 

and sustainable knowledge transfer. In this sense, the project is not only about 

whether an AI model can classify or detect defects, but also about whether the 

resulting system can be understood, maintained, and further developed by people 

in the manufacturing organisation. 

To make the overall project scope clear, the thesis is structured around three 

connected layers. First, the industrial layer concerns the real manufacturing 

context and the temperature-sensor inspection task at Skandia Elevator. Second, 
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the technical AI layer concerns data collection, preprocessing, model training, 

inference-speed evaluation, and comparison of anomaly-detection model 

candidates for the industrial inspection task. Third, the knowledge-transfer layer 

concerns how core AI concepts are explained to non-specialists through a 

simplified Happy/Sad image-classification exercise before being related back to 

the industrial inspection system. Figure 1.1 summarises these layers and shows 

how the parts of the project relate to one another. 

 
Figure 1.1 Overall project scope and relationship between the industrial layer, 

technical AI layer, and knowledge-transfer layer 

 

1.1 Research Gap  

Existing research on AI-powered visual inspection in manufacturing has 

produced strong technical results in industrial defect detection (Czimmermann 

et al., 2020; Wang et al., 2018), anomaly-detection methods operating with 

minimal labelled data (Bergmann et al., 2019), and data-centric approaches 

showing that data quality and labelling practices are central to reliable AI 

systems (Ng, 2021; Sambasivan et al., 2021). Benchmark-based anomaly-

detection research also shows that visual anomaly-detection methods can 

identify defects with limited defective training examples, especially in controlled 

datasets such as MVTec AD (Bergmann et al., 2019; Ruff et al., 2021; Roth et 

al., 2022). Data-centric AI research further shows that model performance 
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depends not only on algorithm choice, but also on label quality, data preparation, 

and the reliability of the data pipeline (Ng, 2021; Sambasivan et al., 2021). 

However, these technical results do not fully explain how AI vision systems can 

be implemented in practical manufacturing environments where data 

availability, AI expertise, computing resources, implementation time, and long-

term maintenance capacity may be limited.  

To identify the research gap, a focused narrative literature review was conducted 

using IEEE Xplore, Scopus, ScienceDirect, and Google Scholar. The search used 

combinations of keywords and Boolean operators related to both the technical 

and organisational focus of the thesis. For example, IEEE Xplore was searched 

using the query (“AI vision” OR “visual inspection” OR “visual anomaly 

detection”) AND (manufacturing OR industrial) AND (“AI deployment” OR 

deployment OR implementation OR “knowledge transfer” OR “inference 

speed”), which returned 229 results. The same broad search in Scopus returned 

421 documents. Since ScienceDirect limited the number of Boolean connectors 

in one search field, a simplified search using “visual anomaly detection 

manufacturing AI deployment” was used and returned 3,545 results. Google 

Scholar was also searched using “visual anomaly detection manufacturing AI 

deployment”, which returned about 45,300 results, while the narrower phrase 

search “visual anomaly detection” manufacturing “AI deployment” returned 

about 27 results. The screening prioritised peer-reviewed journal articles, 

conference papers, review studies, and recent work related to AI vision in 

manufacturing, anomaly detection, data-centric AI, inference speed, AI 

deployment, and knowledge transfer. Studies were excluded when they focused 

only on general computer vision without a manufacturing connection, or when 

they discussed AI adoption without linking it to technical implementation. 

 

This gap manifests in several specific ways: 

1. System longevity post-deployment is underexplored: The majority of 

literature focuses on initial deployment metrics, with limited longitudinal 

tracking of system maintenance, adaptation, or attrition following the 

transition to operational phases. 
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2. Organizational knowledge transfer lacks theoretical depth. The mechanisms 

required for non-technical manufacturing personnel to develop 

comprehensive AI literacy beyond rote operational tasks remain under-

theorized and under-studied within the context of system integration. 

3. Inference speed versus model quality trade-offs are underexamined in 

resource-constrained settings. Existing benchmarks often evaluate models 

under controlled conditions or with hardware resources that may not reflect 

the constraints of manufacturing SMEs. However, small-to-medium 

enterprises (SMEs) often face financial, organisational, and technical 

barriers when adopting advanced Industry 4.0 technologies, including AI-

based production systems (Ghobakhloo et al., 2022). Consequently, the 

comparative performance of different anomaly-detection algorithms, 

specifically how their accuracy changes under the inference-latency 

constraints of standard hardware, remains empirically underexplored. 

1.2 Research Questions and Objectives 

This thesis investigates how AI-based visual inspection can be implemented in 

a resource-constrained manufacturing SME context in a way that balances 

technical performance, practical usability, and sustainable knowledge transfer. 

The study is guided by two research questions. 

 

RQ1: Knowledge transfer and organisational ownership: 

How can an AI vision system for manufacturing quality control be implemented 

in a way that supports sustainable knowledge transfer, user understanding, and 

continued ownership by company personnel? 

 

This question focuses on the organisational side of AI implementation. It 

examines whether non-specialist users can understand the purpose of the AI 

workflow, interpret model outputs, and relate simplified AI concepts to the real 

industrial inspection task. 
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RQ2: Model suitability and deployment trade-off: 

Which anomaly-detection model candidate is most suitable for the selected 

temperature-sensor inspection task when model quality, inference speed, 

usability, and maintainability are considered? 

 

This question focuses on the technical deployment conditions. It compares 

anomaly-detection model candidates and considers whether a model that 

performs well in terms of detection quality is also practical for use when 

inference speed, hardware constraints, explainability, retraining effort, and 

company ownership are considered. 

Together, these two questions connect the technical and organisational 

dimensions of the project. The aim is not only to identify a functioning AI model, 

but to evaluate how such a model can become part of a sustainable 

manufacturing quality-control process. 

1.3 Thesis Structure 

This thesis is structured into seven main chapters. Chapter 2 provides the 

background, covering the industrial context, basic AI inspection concepts, and 

knowledge transfer. Chapter 3 reviews the literature on computer vision in 

manufacturing, deep learning, anomaly detection, data-centric AI, deployment 

trade-offs, and knowledge transfer in manufacturing AI adoption. Chapter 4 

explains the research methodology. Chapter 5 presents the implementation and 

experimental results. Chapter 6 discusses the findings in relation to the research 

questions and the literature. Chapter 7 concludes the thesis and presents 

directions for future work. 

2 Background 

This chapter provides the background needed to understand the industrial and 

technical setting of the thesis. It explains why AI-based visual inspection is 

relevant for manufacturing quality control, why implementation can be difficult 

in small and medium-sized manufacturing enterprises, and why data quality and 

knowledge transfer are central to long-term system use. The purpose of the 
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chapter is to define the key concepts used later in the methodology, 

implementation, results, and discussion. 

2.1 Thesis Industrial Context and Inspection Problem 

Manufacturing companies increasingly use digital technologies and AI to 

improve quality control, reduce manual inspection work, and make production 

processes more consistent (Czimmermann et al., 2020; Ghobakhloo et al., 2022). 

However, the conditions for AI implementation are not the same in every 

company. Large highly automated manufacturers may have dedicated AI teams, 

extensive sensor infrastructure, large datasets, and strong computing resources. 

In contrast, small and medium-sized manufacturing enterprises often work with 

more limited labelled data, smaller production volumes, limited specialist AI 

knowledge, and fewer resources for long-term system maintenance (Ghobakhloo 

et al., 2022; Peretz-Andersson et al., 2024). This does not mean that AI is 

unsuitable for SMEs. Instead, it means that AI systems must be designed in a 

way that fits the organisation, the available data, and the competence of the 

people who will maintain the system after development (Peretz-Andersson et al., 

2024). 

In this thesis, a resource-constrained manufacturing context refers to a setting 

where labelled defect data, specialist AI expertise, computing resources, 

implementation time, and long-term maintenance capacity are limited compared 

with large AI laboratories or highly automated production environments. This 

definition is important because the thesis does not only evaluate whether an AI 

model can produce good results. It also evaluates whether the system can be 

understood, maintained, and improved within the practical conditions of the case 

company. This connects to previous research on AI adoption in manufacturing, 

which shows that organisational readiness, skills, training, and integration with 

existing routines influence whether AI creates value in practice (Ghobakhloo et 

al., 2022; Peretz-Andersson et al., 2024). 
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2.2 Skandia Elevator and the Inspection Problem 

Skandia Elevator is a Swedish manufacturing company that develops and 

produces equipment for grain handling and elevator systems. The industrial case 

in this thesis concerns the visual inspection of temperature sensors used in the 

company’s product context. The inspection task is relevant because sensor 

quality affects product reliability, customer confidence, and the long-term 

performance of the equipment. If inspection is carried out manually, the result 

can depend on the operator’s experience, attention, lighting conditions, image 

quality, and the natural variation between products. These practical factors make 

the case suitable for investigating whether AI-based visual inspection can 

support quality control. 

 

The inspection problem is also suitable for a data-centric AI approach because 

the usefulness of the system depends strongly on the quality of the captured 

images and labels. In industrial inspection, the model does not operate in 

isolation. Camera position, lighting, product alignment, image resolution, and 

the consistency of data collection can all affect the quality of the prediction. For 

this reason, the thesis treats the inspection system as a practical workflow that 

includes image acquisition, data preparation, model evaluation, user 

understanding, and retraining. 

2.3 AI-Based Visual Inspection in Quality Control 

Computer vision is a field of artificial intelligence concerned with enabling 

computers to interpret visual information. In manufacturing quality control, 

computer vision can support tasks such as surface inspection, dimensional 

measurement, assembly verification, and defect detection (Czimmermann et al., 

2020). Traditional computer-vision systems often relied on manually designed 

rules, thresholds, edges, or features. These methods can work well when the 

inspection environment is stable and the defect pattern is easy to define. 

However, they can become difficult to maintain when product appearance varies, 

lighting changes, or defects are subtle. 
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Deep learning changed visual inspection by allowing models to learn useful 

image features directly from data rather than relying only on manually designed 

rules. LeCun, Bengio and Hinton (2015) describe deep learning as a major 

foundation for modern image recognition. In manufacturing inspection, this is 

useful because defects may vary in size, shape, texture, and position. However, 

deep learning also introduces new challenges. Models normally require suitable 

training data, careful evaluation, and a clear understanding of how predictions 

should be interpreted. A model that performs well in a controlled experiment 

may still be difficult to use in production if it is slow, unclear, or sensitive to 

changes in image quality. 

2.4 Anomaly Detection for Limited Defect Data 

A central challenge in industrial visual inspection is that defective examples may 

be rare, unevenly distributed, or expensive to label. In many manufacturing 

settings, most products are acceptable, while faulty examples occur less 

frequently and may not cover all possible defect types (Bergmann et al., 2019; 

Ruff et al., 2021). This makes fully supervised classification difficult because 

such methods normally require labelled examples of each defect category to 

learn reliable decision boundaries. If only a small number of defect images are 

available, the model may learn the limited examples too narrowly and fail when 

a new type of defect appears. Therefore, anomaly detection is often relevant for 

industrial inspection tasks where normal examples are easier to collect than 

representative examples of every possible defect type (Bergmann et al., 2019; 

Roth et al., 2022). 

For the present thesis, data-centric AI means that data collection, labelling, 

dataset review, retraining, and documentation are treated as core parts of 

implementation. The model is important, but the model can only learn from the 

data it receives. If images are inconsistent or labels are unclear, changing to a 

more complex algorithm may not solve the problem. In a resource-constrained 

manufacturing SME, systematic work with a smaller but cleaner dataset may 

therefore be more useful than attempting to use the most complex model 
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available. This supports the thesis focus on practical implementation rather than 

only benchmark performance. 

2.5 Data-Centric AI in Industrial Inspection 

Data-centric AI shifts attention from only improving model architecture to 

systematically improving the data used to train and evaluate AI systems. This is 

important because poor data quality, inconsistent labels, unclear documentation, 

and changes between training and production data can reduce model reliability. 

Northcutt, Athalye and Mueller (2021) show that label errors are common in 

machine-learning datasets, while Sambasivan et al. (2021) describe how data 

problems can create cascading failures in AI systems. These ideas are highly 

relevant to industrial inspection because image data are affected by practical 

production conditions such as lighting, camera setup, product placement, and 

operator routines. 

2.6 Knowledge Transfer and Human Use of AI 

The thesis also treats knowledge transfer as a central part of AI implementation. 

An AI inspection system can only create long-term value if company personnel 

understand what the system does, how its outputs should be interpreted, and 

when the system may need new data or retraining. The Technology Acceptance 

Model argues that perceived usefulness and perceived ease of use influence 

whether users accept a technology (Davis, 1989). In this thesis, perceived 

usefulness means that the inspection system must support a real quality-control 

need. Perceived ease of use means that the system should be understandable 

without requiring specialist programming or machine-learning expertise. 

 

Knowledge transfer is also important because AI knowledge should not remain 

only with the thesis developer. Organisational knowledge-transfer research 

shows that knowledge creates value when it is shared, absorbed, and embedded 

into routines (Argote and Ingram, 2000; Szulanski, 1996). For AI-based 

inspection, this includes understanding training data, labels, prediction 

confidence, errors, anomaly scores, false alarms, and retraining needs. If 
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personnel do not understand these concepts, the system may become a black box 

and may be difficult to maintain after the project ends. The Happy/Sad learning 

exercise used in the thesis is therefore not separate from the technical work. It is 

a simplified knowledge-transfer activity that helps users understand basic AI 

concepts before connecting them to the more complex temperature-sensor 

inspection task. 

 

3 Literature Review 

This chapter reviews previous research on AI-based visual inspection, industrial 

anomaly detection, data-centric AI, and knowledge transfer in manufacturing 

settings. The purpose is not only to describe the literature, but to compare how 

the field has developed over time and to identify the gap addressed by this thesis. 

Older and highly cited studies show that computer vision and deep learning can 

support defect detection under suitable conditions. More recent studies place 

stronger emphasis on practical deployment issues, including limited data, 

changing production conditions, explainability, system integration, 

maintainability, and organisational adoption. This shift is important because the 

research problem is not only whether an AI model can detect anomalies, but 

whether the system can be understood, maintained, and used in a resource-

constrained manufacturing SME. 

3.1 Computer Vision in Manufacturing Quality Control 

Computer vision in manufacturing quality control has developed from traditional 

image-processing and feature-based approaches toward machine-learning and 

deep-learning inspection systems. A highly cited survey by Czimmermann et al. 

(2020) shows that visual defect detection is used across industrial applications 

and that the field has moved from classical image analysis toward data-driven 

approaches. This older literature is still important because it shows that visual 

inspection depends on more than the recognition algorithm alone. Image 

acquisition, lighting, camera position, product variation, and defect visibility all 

affect whether a system can work in practice. 
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Recent research keeps this production-specific view but adds stronger concern 

for deployment. Instead of treating computer vision only as a classification 

problem, newer industrial AI studies emphasise reliability, integration with 

manufacturing systems, and the ability to operate under changing production 

conditions (Lee et al., 2026). This difference matters for the present thesis. The 

inspection problem at Skandia Elevator is not only to select a powerful 

computer-vision method, but to design an inspection workflow that can fit the 

available data, hardware, and user knowledge in a real production environment. 

3.2 Deep Learning and Industrial Visual Inspection 

Deep learning changed computer vision by allowing models to learn useful 

visual representations directly from data. LeCun, Bengio and Hinton (2015) 

describe deep learning as a major foundation for modern image recognition, and 

this explains why convolutional neural networks and related architectures are 

widely used in inspection research. In industrial defect detection, deep learning 

is attractive because it can learn patterns that are difficult to define manually, 

especially where defects vary in shape, texture, or position. 

However, recent literature suggests that high model capability does not 

automatically solve the industrial inspection problem. Li et al. (2025) show that 

industrial visual anomaly detection now includes many deep-learning model 

families and evaluation settings, while Du et al. (2025) show that newer research 

also considers 3D vision-based anomaly detection for manufacturing. These 

recent studies suggest that the field is expanding beyond simple 2D 

classification. At the same time, this expansion makes model selection more 

complex. A model may perform well in a benchmark, but still be difficult to 

explain, slow to run, or unsuitable for a specific factory workflow. This supports 

the thesis focus on comparing anomaly-detection candidates using both model 

quality and deployment suitability. 

3.3 Anomaly Detection for Limited Industrial Data 

Industrial anomaly detection is relevant because defective examples may be rare, 

inconsistent, or expensive to label. The MVTec AD dataset is a highly cited 
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reference because it provides a real-world benchmark for unsupervised industrial 

anomaly detection and has become widely used in later research (Bergmann et 

al., 2019). Ruff et al. (2021) also position anomaly detection as a broad machine-

learning problem concerned with identifying rare or abnormal patterns when 

normal data dominate. 

Modern anomaly-detection methods show that strong benchmark performance 

is possible. Roth et al. (2022), through the PatchCore approach, demonstrate that 

industrial anomaly detection can achieve strong recall by using pretrained image 

features and memory-based comparison. This supports the argument that visual 

anomaly detection is technically mature enough to be relevant for industrial 

quality inspection. However, more recent reviews caution that benchmark 

success is not the same as production readiness. Alzarooni et al. (2025) discuss 

industrial anomaly-detection challenges and future directions, while Jegham, 

Guesmi and Moloney (2026) focus specifically on visual anomaly detection in 

modern industrial manufacturing systems. These recent sources emphasise 

robustness, data limitations, changing production conditions, explainability, and 

integration into the production workflow. This creates a direct link to the thesis: 

the best model is not only the model with the highest score, but the model that 

can realistically support the selected inspection task. 

3.4 Data-Centric AI and Practical Deployment 

A further development in the literature is the shift from model-centric to data-

centric AI. Earlier AI work often treated the dataset as fixed and focused mainly 

on improving model architecture. Data-centric AI instead argues that many AI 

failures are caused by data problems such as label noise, poor documentation, 

distribution shift, and inconsistent data collection (Northcutt, Athalye and 

Mueller, 2021; Zha et al., 2025). This is especially relevant for industrial visual 

inspection because image quality, lighting, camera setup, product variation, and 

defect labelling can strongly affect whether a model works outside a controlled 

experiment. 

Recent data-centric AI research strengthens this argument. Malerba et al. (2026) 

state that data quality, transparency, and reproducibility are central to reliable 
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modern AI systems. In smart manufacturing, Lee et al. (2026) also argue that AI 

deployment must consider data management, integration with industrial systems, 

trustworthy operation, explainability, and long-term reliability. These newer 

sources do not reject model-development research, but they shift the discussion. 

They suggest that strong AI inspection depends on a complete system around the 

model: data collection routines, error analysis, retraining, documentation, and 

user understanding. 

3.5 Knowledge Transfer in Manufacturing AI Adoption 

Knowledge transfer is important in manufacturing AI adoption because an AI 

system does not create value only by producing accurate predictions. It must also 

be understood, trusted, and maintained by the people who will use it in practice. 

In a manufacturing SME, this is especially important because resources, 

specialist AI knowledge, and time for training may be limited. Therefore, the 

introduction of AI-based visual inspection requires both a technical solution and 

a learning process that helps company personnel understand how the system 

works, what its outputs mean, and when further data collection or retraining may 

be needed. 

  

Previous research shows that AI adoption in manufacturing depends on more 

than model performance. It also depends on organisational readiness, available 

competences, user acceptance, training design, and the ability to integrate new 

knowledge into existing work routines (Ghobakhloo et al., 2022; Peretz-

Andersson et al., 2024).  

 

3.5.1 Technology Acceptance 

The Technology Acceptance Model (Davis, 1989) identifies perceived 

usefulness and perceived ease of use as important factors in whether users accept 

a new technology. In this thesis, perceived usefulness means that company 

personnel must see the AI inspection system as practically helpful for quality 

control, not only as a technically advanced tool. Perceived ease of use means 

that the system should be understandable without requiring programming 
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knowledge or specialist AI expertise. For example, users need to understand 

prediction confidence, anomaly scores, false alarms, and when retraining may 

be needed. 

  

This is important for model selection because the most accurate model is not 

always the most deployable model. A model that gives slightly better 

performance but produces outputs that are difficult to interpret may be less useful 

in practice than a slightly simpler model that operators can understand and trust. 

In a manufacturing SME context, this connects directly to the resource and 

competence challenges discussed by Ghobakhloo et al. (2022) and Peretz-

Andersson et al. (2024). AI adoption depends not only on technical performance, 

but also on whether the organisation has the skills, time, and routines needed to 

use and maintain the system. 

3.5.2 Cognitive Load Theory for Training Design 

Cognitive Load Theory explains that learning becomes more effective when 

complex information is introduced in a structured way and unnecessary mental 

effort is reduced (Sweller, 1988). This is relevant in this thesis because AI-based 

visual inspection includes several concepts that may be unfamiliar to non-

specialist users, such as training data, labels, confidence values, anomaly scores, 

heatmaps, thresholds, false alarms, and retraining. If all these concepts are 

introduced at once, the learning process may become too difficult and users may 

treat the system as a black box. 

  

For this reason, the thesis uses the Happy/Sad learning exercise as a simplified 

training activity. Instead of beginning with the full temperature-sensor anomaly-

detection system, the training first introduces a simple binary classification 

problem. This allows personnel to understand basic AI concepts such as data 

variation, labelling, training, prediction, confidence, and errors in a familiar and 

low-risk setting. These concepts are then connected back to the more complex 

industrial inspection task. This staged approach is consistent with recent 

workplace-training research, which emphasises the need to manage cognitive 

load when introducing complex digital tools (Lin, 2025). 
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3.5.3 Knowledge Transfer as Research Contribution 

This thesis treats knowledge transfer as part of the research contribution, not 

only as a project management activity. Earlier knowledge-transfer research 

shows that knowledge must be shared, absorbed, and embedded into 

organisational routines if it is to create long-term value (Argote and Ingram, 

2000; Szulanski, 1996). However, much of this literature was developed before 

the current wave of AI deployment in manufacturing. AI knowledge creates 

specific transfer challenges because it is technical, probabilistic, and often 

difficult for non-specialists to interpret. 

To support this understanding, a simplified Happy/Sad image-classification 

example was used as a learning activity. This example was not the final industrial 

inspection model. Instead, it was used to explain basic AI concepts such as 

training data, labels, prediction confidence, model errors, and retraining in a 

simple way. This reduced the learning difficulty before connecting the same 

ideas back to the temperature sensor inspection task. This decision is also linked 

to cognitive load theory, which explains that learning is easier when complex 

information is introduced in a structured and manageable way (Sweller, 1988). 

The knowledge-transfer activity also supported user acceptance. If company 

personnel understand how the system works and why certain decisions were 

made, they are more likely to trust and use the system. This connects to the 

Technology Acceptance Model, where perceived usefulness and perceived ease 

of use influence whether users accept a new technology (Davis, 1989). In this 

thesis, the Happy/Sad example helped bridge the gap between a simple learning 

task and the more complex anomaly-detection workflow used for the Skandia 

temperature sensor images. 

  

In this thesis, the knowledge-transfer challenge is especially important because 

the goal is not only to build an AI inspection model, but to make the system 

understandable and maintainable for company personnel. The project therefore 

contributes by showing how technical AI development can be combined with a 

structured learning activity that helps users understand data, model behaviour, 

prediction errors, and retraining needs. This connects directly to RQ1, which 
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focuses on sustainable knowledge transfer, and to RQ2, because model 

suitability is evaluated not only through performance metrics but also through 

usability and maintainability. 

3.6 How This Thesis Adds to Existing Research 

The current scientific state-of-the-art in AI-based visual inspection shows strong 

progress in computer vision, deep learning, and industrial anomaly detection. 

Earlier research established that automated visual inspection can support 

manufacturing quality control by detecting defects and reducing dependence on 

manual inspection (Czimmermann et al., 2020). Deep learning further improved 

this field by enabling models to learn visual features directly from image data 

rather than relying only on manually designed inspection rules (LeCun, Bengio 

and Hinton, 2015; Wang et al., 2018). In industrial anomaly detection, 

benchmark datasets such as MVTec AD have also shown that unsupervised and 

semi-supervised methods can be useful when defective examples are limited or 

difficult to collect (Bergmann et al., 2019). 

Recent research has moved the state-of-the-art beyond simple classification 

accuracy. Methods such as PatchCore show that strong anomaly-detection 

performance can be achieved by using pretrained feature representations and 

memory-based comparison (Roth et al., 2022). Broader reviews of anomaly 

detection also show that the field now includes many model families, evaluation 

strategies, and application areas (Ruff et al., 2021). However, recent literature 

also shows that good benchmark performance does not automatically mean that 

an AI inspection system is ready for industrial use. Industrial deployment also 

depends on data quality, robustness, explainability, production variation, 

inference speed, system integration, and long-term maintainability (Alzarooni et 

al., 2025; Jegham, Guesmi and Moloney, 2026; Lee et al., 2026). 

 

This thesis adds to the current scientific state-of-the-art by studying AI-based 

visual inspection as a practical implementation problem in a manufacturing 

SME, rather than only as a model-performance problem. The contribution is not 

the invention of a new anomaly-detection algorithm. Instead, the thesis 
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contributes by showing how existing AI vision methods can be evaluated and 

introduced in a real industrial context where labelled defect data, specialist AI 

knowledge, computing resources, implementation time, and maintenance 

capacity are limited. This is important because many scientific studies evaluate 

models on public datasets or controlled benchmark conditions, while fewer 

studies examine how such systems can be made understandable, maintainable, 

and useful for company personnel in a specific production setting. 

 

The thesis also adds to the state-of-the-art by combining three perspectives that 

are often treated separately in the literature. First, it applies a data-centric 

perspective by showing that image quality, labelling, dataset structure, and 

retraining routines are central to the success of an AI inspection system 

(Northcutt, Athalye and Mueller, 2021; Sambasivan et al., 2021; Zha et al., 

2025). Second, it evaluates anomaly-detection model suitability not only through 

model quality, but also through practical deployment factors such as inference 

speed and maintainability. Third, it includes knowledge transfer as part of the 

research contribution, because the long-term value of the system depends on 

whether company personnel can understand the model outputs, recognise errors, 

and continue improving the system after the thesis project ends (Davis, 1989; 

Argote and Ingram, 2000; Ghobakhloo et al., 2022; Peretz-Andersson et al., 

2024). 

 

3.7 Literature Gap and Link to the Research Questions 

Research in AI-based visual inspection shows a clear development from 

traditional industrial vision to deep learning, anomaly detection, and data-centric 

AI. Older and highly cited studies establish that automated visual inspection is 

technically feasible and that anomaly detection can work well when defect 

examples are limited (Czimmermann et al., 2020; Bergmann et al., 2019; Ruff 

et al., 2021; Roth et al., 2022). Newer studies add that practical AI deployment 

also depends on robustness, changing production conditions, data quality, 

system integration, maintainability, and human adoption (Alzarooni et al., 2025; 
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Jegham, Guesmi and Moloney, 2026; Lee et al., 2026; Malerba et al., 2026; 

Peretz-Andersson et al., 2024). 

 

Taken together, these studies indicate that the main gap addressed by this thesis 

is not the absence of AI models for defect detection, since many model-based 

approaches already exist. Rather, the gap concerns how existing AI-based visual 

inspection methods can be evaluated, explained, and adapted for use in a real 

manufacturing SME with its own products, inspection needs, available data, 

hardware constraints, and human users. RQ1 addresses this gap by asking how 

AI knowledge can be transferred so that company personnel can understand and 

maintain the system. RQ2 addresses the same gap from the technical side by 

asking which anomaly-detection model candidate is most suitable when model 

quality, inference speed, usability, and maintainability are considered together. 

4 Research Methodology 

This chapter describes the research design used to investigate AI-based visual 

inspection as both a technical artefact and an organisational knowledge-transfer 

process. The study follows a design science research approach because it 

develops and evaluates an artefact intended to address a practical industrial 

problem. The artefact includes the AI vision workflow, the model comparison, 

and the simplified knowledge-transfer exercise used to support understanding 

among non-specialist users. Design science research is appropriate when a study 

creates an artefact and evaluates its usefulness in context (Hevner et al., 2004). 

The methodology also has action-oriented elements because the artefact is 

developed in close connection with an industrial setting and practical user needs 

(Sein et al., 2011). 

Several alternative methodological approaches were considered before selecting 

design science research combined with DRM. A purely experimental approach 

for example, a controlled laboratory study comparing model architectures under 

fixed conditions was considered but rejected because the goal of the project is 

not only to measure performance differences between models in isolation. The 

real research problem concerns how an AI system can be developed, explained, 
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and maintained in a specific industrial context, which requires studying the 

artefact in relation to its organisational setting rather than in an isolated 

experiment. A survey-based approach was also considered, for instance to gather 

broader data on AI adoption challenges across multiple manufacturing 

companies. This was rejected because the project involves developing and 

evaluating a technical system in one real industrial context, and a survey would 

not capture the depth of implementation detail, model configuration, or 

knowledge-transfer process needed to answer the research questions. A pure 

case-study approach without design science framing was also possible, but 

would not have provided the structured artefact-development and evaluation 

logic that DRM offers. Design science research with DRM was therefore 

selected because it combines artefact development with systematic evaluation, 

suits a single-case industrial study, and explicitly connects technical 

implementation with organisational relevance (Hevner et al., 2004; Blessing and 

Chakrabarti, 2009). 

4.1 Design Research Methodology 

Design Research Methodology (DRM) is a research methodology used for 

design-oriented research where the aim is not only to understand a problem, but 

also to develop and evaluate a solution for that problem. Blessing and 

Chakrabarti (2009) describe DRM as a structured methodology that connects 

problem understanding, solution development, and evaluation. It is suitable for 

research where the outcome includes an artefact, process, method, or practical 

support for design and engineering work. 

 

DRM consists of four main stages: Research Clarification, Descriptive Study I, 

Prescriptive Study, and Descriptive Study II (Blessing and Chakrabarti, 2009). 

Research Clarification defines the research problem, motivation, aims, and 

research questions. Descriptive Study I investigates the current situation and 

identifies the factors that influence the problem. Prescriptive Study develops a 

proposed support or solution. Descriptive Study II evaluates whether the 

proposed support addresses the problem and contributes useful knowledge. 
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In this thesis, DRM is used as a guiding methodological structure. The method 

was adapted to the scope of a master’s thesis and a single industrial case study. 

The research first clarifies the problem of implementing AI-based visual 

inspection in a resource-constrained manufacturing SME. It then investigates the 

industrial context, available data, technical constraints, and knowledge-transfer 

needs. Based on this understanding, the thesis develops and evaluates a data-

centric AI vision workflow and a knowledge-transfer approach for Skandia 

Elevator. 

Figure 4.1 provides a schematic overview of the practical workflow followed in 

the thesis project. It shows the main project activities, including understanding 

the industrial inspection context, preparing image data, developing and 

evaluating AI model candidates, and planning knowledge-transfer activities. The 

figure is used to give an overview of the project process. It should not be 

interpreted as the full research design, since the research design is based on the 

Design Research Methodology described. 

 
Figure 4.1 Research design overview showing the connection between 

industrial inspection, AI model development, knowledge transfer, and 

retraining. 

 

This thesis follows a design science research approach because the study creates 

and evaluates an artefact intended to solve a practical organisational problem. 
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The artefact is broader than a trained neural network: it includes the AI vision 

workflow, the model-development procedure, the knowledge-transfer material, 

and the evaluation strategy used to assess whether the system can be operated 

and improved by people who are not AI specialists. 

The design science process is applied through a practical cycle: identify the 

implementation problem, design a usable AI workflow, demonstrate it through 

the smiley-face learning exercise and the temperature sensor inspection system, 

evaluate both technical performance and knowledge-transfer outcomes, and 

document the method so it can support future maintenance. This condensed 

framing is used because the thesis is concerned with the whole implementation 

process, not only with model accuracy. 

 

 

4.2 Implementation of DRM in This Thesis 

Following the four-stage DRM structure proposed by Blessing and Chakrabarti 

(2009), the method was implemented in this thesis by mapping each DRM stage 

to a specific part of the research process. The stages were adapted to the scope 

of a master’s thesis and to the conditions of a single industrial case study at 

Skandia Elevator. The Research Clarification stage was implemented through 

the formulation of the research problem, aim, scope, and research questions. This 

stage clarified that the thesis investigates AI-based visual inspection not only as 

a technical model-development task, but also as a data-centric and knowledge-

transfer problem in a manufacturing SME context. 

 

The Descriptive Study I stage was implemented through the analysis of the 

industrial context, the temperature-sensor inspection task, the available image 

data, and the practical constraints affecting implementation. This included 

understanding the inspection setting, the available technical infrastructure, the 

limited availability of labelled defect data, and the need for company personnel 

to understand and maintain the system after the thesis project. The Prescriptive 

Study stage was implemented through the design and development of the AI 

vision workflow and the knowledge-transfer approach. This included preparing 
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image data, selecting anomaly-detection model candidates, defining evaluation 

criteria, and designing a simplified learning activity to explain AI concepts such 

as data collection, labels, training data, prediction errors, retraining, and human 

review. 

 

The Descriptive Study II stage was implemented through evaluation. The 

technical part of the evaluation considered model suitability in relation to model 

quality, inference speed, usability, and maintainability. The knowledge-transfer 

part considered whether the designed learning activity supported understanding 

of the AI system among company personnel. In this way, the implementation of 

DRM connected the developed artefact back to the research questions and 

allowed the thesis to evaluate both the technical and organisational aspects of AI 

adoption. The implementation of DRM also guided how the research questions 

were answered. RQ1 was addressed through the knowledge-transfer design, 

where the study examined how company personnel could be introduced to AI 

concepts, data collection, retraining, model selection, and human review. RQ2 

was addressed through the technical evaluation of anomaly-detection model 

candidates, where model quality, inference speed, usability, and maintainability 

were considered together. In this way, the methodology connected the technical 

development of the AI vision system with the organisational need for sustainable 

knowledge transfer 

 

4.3 Knowledge Transfer Design 

Knowledge transfer is treated as a research object rather than only a project-

management activity. The goal is not only that company personnel can press the 

correct buttons during a demonstration. The goal is that they develop enough 

practical understanding to collect data, label examples, run or request retraining, 

interpret predictions, select trained models, and identify when the model may be 

unreliable. 

 

The knowledge-transfer design is structured around a simplified learning path. 

It begins with the complex AI vision system because this is the real system that 
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company personnel must eventually understand. However, beginning directly 

with temperature sensor anomaly detection risks making the training too 

abstract. The smiley-face classifier is therefore introduced as a simpler example 

of the same underlying AI workflow. Participants can see the full cycle quickly: 

collect images, augment the dataset, train a model, make predictions, inspect 

confidence values, and discuss mistakes. 
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Figure 4.2. Simplified AI learning workflow showing iterative movement 

between data collection, training, evaluation, error analysis, and retraining. 

 

Figure 4.2 shows the knowledge-transfer workflow used in the thesis. The figure 

illustrates how company personnel were introduced to the AI workflow through 

data collection, training, evaluation, error analysis, and retraining. The purpose 
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of the workflow was to support understanding of how data quality, model 

behaviour, and human review are connected in an AI-based inspection system. 

The figure is therefore used as a process overview for the knowledge-transfer 

method, not as the full research design. 

After the simplified learning activity, the same concepts were connected back to 

the industrial temperature-sensor inspection task. The purpose was to help 

personnel understand how data collection, labelling, model training, prediction 

errors, retraining, model selection, anomaly scores, and human review relate to 

the real inspection system. The Happy/Sad activity was used only as an 

introductory knowledge-transfer method. It helped explain basic AI concepts in 

a familiar setting before connecting them to anomaly detection for temperature 

sensors. The activity was not treated as an industrial result, and it was not part 

of the final Skandia Elevator inspection dataset. 

The final stage of the knowledge-transfer process connected the learning activity 

to long-term system use. Personnel needed to understand not only what the 

model predicts, but also how new data can support retraining, how trained model 

versions can be selected, and when human review is required. In this way, the 

knowledge-transfer process supported independent use and maintenance rather 

than only short-term demonstration. 

  

4.4 Data Collection and Evaluation Metrics 

Data collection has two roles in the study. It provides the material needed to train 

and evaluate models, and it also functions as a knowledge-transfer activity. 

When personnel collect and inspect images, they see directly how lighting, 

image quality, variation, and labelling affect AI performance. 

For the smiley-face prototype, images are organized into Happy and Sad folders. 

For the temperature sensor inspection system, the dataset is organized around 

normal examples, abnormal or poor-quality examples, held-out test images, and 

metadata such as sensor type, capture condition, production batch, and label 

source. Data is divided into training, validation, and test sets. Augmented images 

remain in the same split as their originals to prevent data leakage. 
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Performance is evaluated through model quality, inference speed, and 

operational usability. For the smiley-face classifier, the relevant measures are 

validation accuracy, prediction confidence, and error inspection. For 

temperature sensor anomaly detection, image-level performance is measured 

using AUROC, AUPR, F1-score, F1Max, precision, recall, false-positive rate, 

and false-negative rate. Where localization masks are available, pixel-level 

AUROC, AUPRO, or related region-overlap metrics may also be reported. 

 

The metrics are: 

 

Accuracy =
 

TN+TP

TP + TN + FP + FN
    Equation (1) 

 

Where TP, TN, FP, and FN are defined in relation to the temperature 

sensor anomaly-detection task: 

 

TP = abnormal image correctly classified as abnormal 

TN = normal image correctly classified as normal 

FP = normal image incorrectly classified as abnormal 

FN = abnormal image incorrectly classified as normal 

 

The remaining classification metrics are calculated as: 

 

Precision: Precision measures how many images flagged as abnormal were 

abnormal. This is important because low precision creates unnecessary 

false alarms. 

 

Precision =
 

TP

TP +FP 
  Equation (2) 

 

Recall: Recall measures how many abnormal temperature sensor images were 

successfully detected. This is important because low recall means the 

system misses real anomalies. 

 

Recall =
 

TP

TP +FN 
   Equation (3) 

 

  F1-score combines precision and recall into one balanced metric. 

 

F1 = 2 ×
 

Precision × Recall

Precision+ Recall 
           Equation (4) 

 

AUROC measures how well the model separates normal and abnormal 

temperature sensor images across different threshold values. 
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AUROC = ∫ TPR(FPR)dFPR         Equation (5) 

Where: 

 

TPR: True Positive Rate measures the proportion of abnormal temperature 

sensor images that are correctly detected as abnormal. It is equivalent to recall. 

 

FPR: False Positive Rate measures how often normal temperature sensor images 

are incorrectly flagged as abnormal. 

 

AUPR measures precision-recall performance across thresholds and is 

useful when abnormal examples are limited. 

 

AUPR = ∫ Precision(Recall)dRecall        Equation (6) 

 

Operational usability is evaluated through the ability to retrain models, identify 

model versions, and select the latest trained model in the UI. This connects the 

technical evaluation to the knowledge transfer goal. 

4.5 Model Development Strategy 

The technical workflow is iterative: collect data, train a model, evaluate 

performance, inspect errors, improve the data or model, and repeat. This 

workflow is also used pedagogically. The smiley-face classifier shows the full 

cycle in a simple setting before the same logic is transferred to the temperature 

sensor inspection system. 

The industrial model development stage uses Anomalib as the main framework. 

EfficientAD is treated as the primary candidate because of its relevance to low-

latency anomaly detection. PatchCore, FastFlow, and other suitable Anomalib 

models may be compared depending on time, data availability, and hardware 

constraints. Each model is evaluated using the same dataset split where possible, 

with attention to detection quality, inference latency, threshold calibration, and 

deployment suitability. 

 

4.6 Inference Speed and Model Quality Evaluation 

The model comparison focuses on the balance between detection quality and 

inference speed. In an industrial inspection workflow, the best model is not 

automatically the model with the highest benchmark score. It must also respond 



 

  30 

quickly, produce a manageable number of false alarms, and remain 

understandable enough for non-specialist personnel to retrain and select through 

the interface. 

 

EfficientAD is used as the main candidate because it was developed for accurate 

visual anomaly detection with millisecond-level latency (Batzner et al., 2024). 

PatchCore is included as a strong industrial anomaly-detection baseline because 

it is designed around representative normal patch features and has shown strong 

performance when abnormal examples are limited (Roth et al., 2022). FastFlow 

and PaDiM are used as additional comparison models because they represent 

different approaches: flow-based anomaly localization in FastFlow (Yu et al., 

2021) and patch-distribution modelling in PaDiM (Defard et al., 2021). These 

models are available through Anomalib, which supports reproducible visual 

anomaly-detection experiments and deployment-oriented workflows (Akcay et 

al., 2022). 

 

The selected models are evaluated using comparable preprocessing, data splits, 

quality metrics, and inference-time measurements. Quality is assessed using 

image-level metrics such as AUROC, AUPR, precision, recall, F1-score, false-

positive rate, and false-negative rate. Where localization masks are available, 

pixel-level metrics are also considered. Inference latency is measured in 

milliseconds per image after warm-up, with hardware, batch size, image size, 

and model format documented so the results can be interpreted in relation to the 

temperature sensor inspection workflow. 

 

4.7 Evaluation of Knowledge Transfer  

Knowledge-transfer evaluation is based on interviews, observation, and practical 

discussion during the learning activities. The purpose is to assess whether 

personnel can explain the AI workflow, describe why data quality affects model 

behaviour, distinguish the smiley-face prototype from temperature sensor 

anomaly detection, and reason about when retraining or human review may be 
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needed. The detailed interview questions, responses, and thematic interpretation 

are presented in Chapter 4. 

4.8 Validity, Reliability, and Ethics 

Several risks affect the study. First, the researcher is both developer and 

evaluator of the AI inspection system, which can introduce bias in how design 

decisions, model results, and knowledge-transfer outcomes are interpreted. This 

risk is managed in three ways. First, the technical evaluation uses predefined 

criteria such as model-quality metrics, inference speed, usability, and 

maintainability instead of relying only on the researcher’s personal judgement. 

Second, the development and evaluation process is documented through 

datasets, model settings, hardware information, test conditions, and result tables, 

so that the basis for each conclusion is visible. Third, the knowledge-transfer 

evaluation is supported by interview evidence, observation notes, and participant 

feedback rather than informal impressions alone. This makes it possible to 

compare the researcher’s interpretation with what company personnel actually 

understood, questioned, or found useful during the process. 

  

Second, the Happy/Sad classifier is intentionally simpler than the industrial 

temperature-sensor inspection task. This creates a risk that the learning activity 

could be misunderstood as evidence that the industrial inspection problem has 

been solved. To avoid this, the Happy/Sad classifier is evaluated only as a 

knowledge-transfer tool. Its purpose is to explain basic AI concepts such as data, 

labels, training, prediction confidence, errors, and retraining in a simpler setting 

before these concepts are connected back to the industrial anomaly-detection 

system. It is therefore not used as evidence of industrial inspection performance. 

  

Third, limited anomaly data may constrain the reliability of the model 

comparison. If the number of abnormal examples is small, the results may be 

sensitive to the specific test images used. To reduce this risk, dataset size, label 

quality, image-acquisition conditions, train-test separation, and test conditions 

are reported transparently. This allows the reader to understand the limits of the 
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comparison and judge whether the results are strong enough to support the 

conclusions. 

  

Inference-speed results also depend on hardware, image size, model format, 

preprocessing, and implementation details. For this reason, all speed 

measurements must document the test environment, including the workstation, 

GPU, software framework, image resolution, preprocessing steps, and whether 

measurements include only model inference or the full inspection pipeline. This 

improves reliability because it makes the speed results easier to interpret and 

compare. 

  

Ethically, the AI system is treated as decision support rather than an autonomous 

replacement for human quality judgement. The system is intended to support 

inspection work by highlighting possible anomalies, but final responsibility 

remains with human users and existing company quality procedures. Production 

images and company-specific data remain the company’s property, and any 

material used in the thesis must be approved, anonymised, or described at a level 

that does not reveal sensitive information. This is important because the project 

takes place in a real industrial setting where technical results, production data, 

and company processes may be commercially sensitive. 

Gender-related concerns were also considered in the design of the project. The 

knowledge-transfer activities were designed to be accessible regardless of 

participants’ gender, prior technical background, or role in the organisation. The 

learning materials, exercises, and feedback instruments used gender-neutral 

language and did not assume any particular technical starting point. All 

production staff involved in the knowledge-transfer sessions were treated 

equally regardless of gender. This approach aligns with wider societal 

expectations that AI adoption in manufacturing should be inclusive and should 

not reinforce existing inequalities in access to technical knowledge or decision-

making. More broadly, the project supports responsible digitalisation by 

ensuring that the people most directly affected by the AI inspection system the 

production staff who will use it were involved in the implementation process and 
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given the opportunity to develop understanding and ownership of the 

technology. 

5 Experimental Results and Performance Analysis 

This chapter presents the implementation results and performance analysis 

conducted during the project. The analysis evaluates the AI vision workflow in 

relation to model quality, inference speed, deployment suitability, explainability, 

and knowledge-transfer outcomes. The final evaluation is based on the 

soldering-region-of-interest dataset, because the earlier full-sensor and wider 

crop experiments included visual information that was not directly connected to 

soldering quality. 

5.1 System Implementation Overview 

The implemented system consists of three connected layers: image acquisition, 

AI processing, and operator interaction. The image-acquisition layer captures 

temperature sensor images using an industrial Basler camera. The AI-processing 

layer applies region-of-interest extraction, prepares images for anomaly 

detection, trains and evaluates Anomalib models, and stores trained model 

outputs. The operator-interaction layer is implemented as a C++/Qt user 

interface that allows the user to interact with the camera, inspect images, view 

predictions, and select the latest trained model. Region-of-interest extraction was 

an important implementation improvement. The initial image captures did not 

focus only on the actual inspection area, which was the soldering region of the 

temperature sensor. As a result, the images included background information 

that added noise and could reduce the focus of the anomaly-detection model. The 

project improved this by creating a dataset centred mainly on the region of 

interest (ROI), reducing unnecessary visual noise and making the input data 

more relevant to the inspection task. 

The model-selection logic was also part of the system implementation. The 

thesis focuses on image anomaly detection because the industrial case has 

limited labelled defect examples. In this situation, it is more realistic to train 

models mainly on normal examples and then detect unusual or defective samples 
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as deviations from normal appearance. This is consistent with common industrial 

anomaly-detection settings, where collecting many examples of every possible 

defect type is difficult (Bergmann et al., 2019). 

Three anomaly-detection models were selected for comparison: EfficientAD, 

PatchCore, and FastFlow. EfficientAD was selected as the main deployment-

oriented candidate because it is designed for accurate visual anomaly detection 

with low inference latency (Batzner, Heckler and König, 2024). This makes it 

relevant for an industrial inspection system where prediction speed and practical 

usability are important. PatchCore was included as a strong quality-focused 

baseline because it uses patch-level features and nearest-neighbour comparison 

against a memory bank of normal image features, which has shown strong 

performance in industrial anomaly detection (Roth et al., 2022). FastFlow was 

included as a third comparison model because it represents a different model 

family based on normalizing flows, allowing the thesis to compare a flow-based 

approach against teacher-student and memory-bank-based approaches (Yu et al., 

2021). 

The models were implemented and compared through Anomalib, which 

provides a common framework for training, testing, and evaluating visual 

anomaly-detection models (Akcay et al., 2022). Using the same framework 

made the comparison more consistent because the models could be evaluated 

using similar dataset structure, preprocessing steps, and performance metrics. 

The final model decision is therefore not based only on one accuracy value. 

Instead, the system evaluates the balance between anomaly-detection quality, 

inference speed, retraining effort, interpretability of outputs, and the ability of 

Skandia Elevator personnel to maintain the workflow after handover. 

 

This implementation reflects the practical aim of the thesis. The system is not 

only a model-training experiment; it is an industrial AI vision workflow intended 

to support inspection, learning, and future maintenance. For this reason, the 

chapter evaluates both technical performance and knowledge-transfer outcomes. 
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5.2 Hardware and Software Configuration 

The implementation was developed and tested on a Windows workstation with 

an NVIDIA GeForce RTX 4070 Laptop GPU. This represents a workstation-

class deployment environment rather than a dedicated server-class system. This 

distinction matters because the thesis evaluates not only whether a model can 

achieve good metrics, but also whether it can run within the hardware and 

maintenance constraints of a manufacturing SME. 

The GPU was used for model training and inference acceleration. PatchCore, 

EfficientAD, and FastFlow all rely on deep neural network feature extractors, 

which benefit significantly from GPU parallelism during both the training phase 

and prediction. Without GPU acceleration, training time and inference latency 

would increase substantially, making the system less suitable for near-real-time 

industrial inspection. The workstation setup reflects a realistic deployment 

scenario for a manufacturing SME that has access to a standard engineering 

workstation but not a dedicated AI server or cloud-based GPU cluster. 

The software stack was selected to match the existing production environment 

at Skandia Elevator. The user interface was implemented in C++ with Qt, which 

was already in use in the company’s inspection system infrastructure. Python 

and Anomalib were used for the AI pipeline, keeping the AI development layer 

separate from the production UI layer. This separation supports maintainability 

because updates to the AI model or dataset do not require changes to the C++ 

interface, and the interface can be operated by production staff without direct 

interaction with the Python environment. Table 5.1 summarises the full hardware 

and software configuration used in the implementation. 
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Table 5.1. Hardware and software configuration used in the implementation. 

Category Component used 

in this project 

Purpose 

Operating system Windows PC Development, UI 

operation, image 

acquisition, and model 

execution 

GPU NVIDIA GeForce RTX 

4070 Laptop GPU 

Training and inference 

acceleration 

Camera Basler industrial camera 

setup 

Temperature sensor 

image capture 

UI framework C++ and Qt Operator interface and 

interaction with camera 

workflow 

Computer vision 

library 

OpenCV Object detection, image 

preprocessing, and 

region-of-interest 

handling 

AI framework Python and Anomalib Training and evaluating 

image anomaly-detection 

models 

Model 

management 

Local model storage and 

UI selection 

Selecting the latest 

trained model for 

inference 

 

OpenCV provided established image-processing and computer-vision 

functionality for object detection, preprocessing, and region-of-interest 

handling (OpenCV, 2026). Qt supported the development of the C++ user 
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interface used for camera interaction, prediction display, and model selection 

(Qt, 2026). 

5.3 User Interface Implementation 

The user interface was implemented in C++ using Qt and provides the 

operational layer between the Basler camera and the AI pipeline. It supports 

camera connection, image capture, prediction display, manual capture, model 

selection, and model refresh. This is important because the system is intended to 

be used by personnel who should not need to run Python scripts directly during 

normal operation. 

The interface also includes a training dialog where the selected dataset, training 

progress, and log output are visible. This supports the maintainability goal of the 

thesis because retraining and model selection become part of the user-facing 

workflow rather than hidden developer tasks. 

5.4 Knowledge-Transfer Implementation and User Understanding 

Knowledge transfer was also part of the Skandia case because the system was 

not only developed as a technical AI model, but also as a tool that company 

personnel should be able to understand and maintain after the project. Research 

on knowledge transfer shows that knowledge must be shared, understood, and 

reused inside an organisation for it to create long-term value (Argote and Ingram, 

2000). This was important in the Skandia Elevator case because the AI vision 

workflow includes several steps, such as image collection, dataset organisation, 

model training, prediction interpretation, and retraining. 

 

The knowledge-transfer activities were conducted across approximately ten 

staged sessions over the course of the project rather than as a single workshop. 

The sessions gradually introduced AI concepts through repeated discussion, 

practical exercises, dataset preparation, model interpretation, retraining 

demonstrations, and reflection on the industrial inspection workflow. This 

iterative structure was deliberate: it allowed concepts introduced in earlier 
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sessions to be revisited, reinforced, and connected to new material as the project 

progressed.  Knowledge transfer was implemented through a staged process. The 

existing temperature sensor inspection system was introduced as the real 

industrial problem, while the smiley-face classifier was used as a simpler 

learning activity. This allowed personnel to first understand training data, 

classes, prediction confidence, and model errors before discussing anomaly 

scores, heatmaps, thresholds, and retraining. 

The knowledge-transfer evaluation involved two participants from Skandia 

Elevator, both with no prior AI or machine-learning experience. Both were 

production staff with direct involvement in quality-related work, making them 

representative of the intended end users of the inspection system. Initial 

familiarity with image classification and anomaly detection was rated between 

1/5 and 2/5 across both participants (average 1.5/5), confirming a genuine pre-

session knowledge gap. After the staged sessions, ratings for the smiley-face 

classifier averaged 4/5 for helping explain supervised classification. 

Understanding of the anomaly-detection activity averaged 3.5/5: one participant 

described the distinction between classification and anomaly detection as mostly 

clear, while the other indicated it was partly clear. This difference reflects the 

greater conceptual difficulty of anomaly detection compared with classification 

for non-specialist learners. 
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Table 5.2. Summary of knowledge-transfer feedback. 

Feedback area Preliminary result 

Classification understanding Image collection, class folders, and incorrect 

predictions were reported as clear. 

Learning bridge Happy/Sad images were easier to understand 

than the full sensor inspection system. 

Anomaly understanding The difference between classification and 

anomaly detection was mostly clear. 

Transfer to inspection 

system 

Dataset quality, model training, prediction 

confidence or anomaly score, retraining, and 

UI support were connected to the real system. 

Remaining gap Exporting and reusing the trained model 

needs more explanation. 

Session improvement The sessions could be made more 

concentrated, with less repeated recap across 

sessions. Swedish-language support may also 

help with AI and Python terminology. 

 

The feedback supports the thesis argument that simplified examples can help 

non-specialists build a mental model of the AI workflow. This connects to 

Cognitive Load Theory, where complex concepts are easier to learn when 

unnecessary mental effort is reduced and concepts are introduced progressively 

(Sweller, 1988). It also connects to the Technology Acceptance Model because 
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perceived usefulness and perceived ease of use influence whether users accept a 

new technology (Davis, 1989). 

However, the result should be interpreted critically. Two participants are 

sufficient for exploratory evaluation in a design-science project, but not for 

broad generalisation. The result indicates that the learning approach is 

promising, but long-term organisational ownership would require repeated 

sessions, written instructions, and continued practice with dataset collection, 

retraining, and interpretation of model outputs. 

5.5 Experimental Setup and Metrics 

The anomaly-detection experiments use temperature sensor images collected 

through the implemented vision setup. Normal images are used as the training 

data, while abnormal or poor-quality examples are used only for evaluation. 

Anomalib was selected because it provides a common structure for training and 

comparing image anomaly-detection models, including EfficientAD, PatchCore, 

FastFlow, PaDiM, and CFlow (Akcay et al., 2022; Open Edge Platform, 2026). 

The final comparison focuses on PatchCore, EfficientAD, and FastFlow. 

PatchCore is included as a strong industrial anomaly-detection baseline based on 

memory-bank nearest-neighbour comparison (Roth et al., 2022). EfficientAD is 

included because it is designed for accurate anomaly detection at low latency 

(Batzner et al., 2024). FastFlow provides a flow-based comparison model (Yu et 

al., 2021). Model quality is evaluated using AUROC, AUPR, precision, recall, 

F1-score, and F1Max. Inference speed is measured as latency in milliseconds 

per image and throughput in frames per second under the tested setup. 

5.6 Dataset and Region-of-Interest Results 

The dataset is central to both the technical evaluation and the knowledge-transfer 

goal. Early experiments used wider temperature-sensor images, but these 

contained background, padding, wire, and framing information that was not 

directly related to soldering quality. The final dataset therefore uses soldering 

region-of-interest crops. This follows the logic of industrial anomaly-detection 

datasets such as MVTec AD, where the model input normally focuses on the 
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inspected object or surface rather than the entire production environment 

(Bergmann et al., 2019). 

The final region of interest was identified in two steps. First, the green sensor 

board was isolated from the camera image. Second, two soldering regions were 

extracted as left-soldering and right-soldering ROI crops. The full sensor 

assembly is not shown because it may contain proprietary production 

information, which also supports industrial confidentiality requirements 

applicable to the partner company. Figure 5.1 therefore shows only 

representative soldering ROI crops. 

 

Figure 5.1. Representative soldering ROI crops used for the final anomaly-

detection experiment. Only the inspected soldering regions are shown, not the 

full sensor assembly. 
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Table 5.3. Final soldering ROI dataset distribution. 

 

Table 5.3 shows the final dataset used for the ROI-based experiments. The 

training set consists only of normal soldering ROI images. The held-out test set 

contains both normal and abnormal soldering ROI images. This means the final 

Dataset 

group 

Number of images Purpose 

Normal training ROI 

images 

2,571 Normal soldering-

region images used 

to train the anomaly-

detection models 

Held-out normal test 

ROI images 

643 Normal soldering-

region images used 

to evaluate false-

positive behaviour 

Abnormal test ROI 

images 

1,258 Abnormal or poor-

quality soldering-

region examples 

used only for 

evaluation 

Final held-out test set 1,901 Final evaluation set: 

643 normal ROI 

images and 1,258 

abnormal ROI 

images 



 

  43 

experiment evaluates image-level anomaly detection: the model decides whether 

each soldering ROI crop appears normal or abnormal. Pixel-level ground-truth 

masks were not used in this final experiment, so heatmaps are treated as 

qualitative explanations rather than formally validated segmentation outputs. 

 

 

 

 

Table 5.4. Image acquisition and preprocessing settings. 

Parameter Setting Reason for documentation 

Camera 

model 

Basler industrial camera 

setup 

Reproducibility of image 

acquisition 

Native image 

resolution 

1920 x 1200 px for most raw 

images 

Documents original capture 

scale 

Region of 

interest 

Left and right soldering ROI 

crops 

Controls model input and 

reduces background noise 

Model input 

size 

256 x 256 px ROI images Standardises model input and 

affects inference speed 

Lighting 

condition 

Controlled workstation 

lighting 

Affects consistency and 

anomaly scores 

Preprocessing OpenCV sensor extraction, 

LabelMe-guided soldering 

ROI cropping, resizing 

Standardises the inspection 

target 

 

These settings are included because image capture and preprocessing can change 

model results even when the model architecture remains the same. In the final 

experiments, ROI selection was the most important data-centric improvement. 
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Earlier wider-image and band-crop experiments produced weaker separation 

between normal and abnormal samples, while the soldering-specific ROI 

representation produced substantially stronger model performance. 

5.7 Model Quality Results 

Table 5.5 presents the final image-level model quality results on the soldering 

ROI dataset. 

Table 5.5. Final model quality results on the soldering ROI dataset. 

Model AUROC AUPR F1Max F1Score Precision Recall 

PatchCore 0.9915 0.9925 0.9842 0.9838 0.9803 0.9873 

EfficientAD 0.8307 0.8740 0.8904 0.8895 0.8238 0.9666 

FastFlow 0.8407 0.8843 0.8723 0.8719 0.8200 0.9308 

 

PatchCore achieved the strongest result across all reported quality metrics. Its 

AUROC of 0.9915 and AUPR of 0.9925 indicate a very strong ranking 

separation between normal and abnormal soldering ROI images. Its F1-score of 

0.9838 shows that this ranking translated into a strong operating point for binary 

image-level inspection. The precision of 0.9803 indicates few false alarms, while 

the recall of 0.9873 indicates that most abnormal soldering ROI images were 

detected. 

EfficientAD and FastFlow also produced useful results, but neither matched 

PatchCore on the final ROI dataset. EfficientAD had higher F1-score and recall 

than FastFlow, while FastFlow had slightly higher AUROC and AUPR than 

EfficientAD. This shows why model selection should not rely on one metric 

alone. AUROC and AUPR describe ranking quality, while F1-score, precision, 

and recall describe the selected operating point more directly. For the final 

inspection use case, PatchCore provided the strongest combined result. 
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Table 5.6. Estimated PatchCore confusion matrix on the final held-out ROI test 

set. 

Confusion-matrix 

estimate 

Predicted normal Predicted anomaly 

Actual normal 618 25 

Actual anomaly 16 1,242 

The confusion-matrix estimate clarifies the practical meaning of the precision 

and recall values. PatchCore detected approximately 1,242 of 1,258 abnormal 

soldering ROI images and incorrectly flagged approximately 25 of 643 normal 

ROI images. This is a much stronger inspection-support result than the earlier 

wider-image experiments. However, the result should still be interpreted as 

image-level anomaly detection, not pixel-level defect localisation. 

5.8 Inference Speed and Training-Time Trade-Offs 

Table 5.7 reports inference speed using batch size 1 for a comparable 

deployment-oriented measurement. Higher FPS is better, while lower 

milliseconds per image is better. 
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Table 5.7. Batch-size-one inference speed comparison. 

Model Latency Throughput Interpretation 

PatchCore 14.72 ms/image 67.92 FPS Fastest measured 

inference speed after 

reduced memory-

bank configuration 

EfficientAD 23.20 ms/image 43.10 FPS Good speed and 

useful comparison 

model 

FastFlow 26.78 ms/image 37.35 FPS Slowest of the three 

final comparison 

models 

 

PatchCore was also tested over the complete 1,901-image test set with batch size 

16, where it processed the test set in approximately 27.64 seconds and reached 

68.78 FPS. The batch-size-one comparison is retained in Table 5.7 because it is 

closer to a deployment scenario where individual parts may be inspected one at 

a time. 

The main trade-off is training and setup cost. PatchCore introduced the highest 

training-time cost because it builds a memory bank and performs coreset 

selection. Initial PatchCore settings created practical GPU and runtime 

limitations on the available workstation. After reducing the memory-bank 

configuration, PatchCore became feasible and produced the best final result. 

This means PatchCore is not simply the fastest model in every sense: it is 

expensive to prepare, but fast and accurate once the memory bank has been built. 
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This distinction is important for SME deployment. If retraining is frequent and 

must be performed by non-specialists, EfficientAD may still be attractive 

because of its simpler training behaviour and low-latency design. If offline 

training time is acceptable and the priority is inspection accuracy during 

operation, PatchCore is the stronger candidate in this project. 

PatchCore is therefore selected as the final model for the soldering ROI 

experiment. The selection is based on the combined evidence: highest AUROC, 

highest AUPR, highest F1-score, highest precision, highest recall, and fastest 

measured batch-size-one inference. The limitation is that PatchCore required 

more careful configuration to fit the available workstation resources. 

5.9 Explainability and Interpretation of Visual Outputs 

Explainability matters because the system is intended to support human 

inspection rather than replace it. Anomaly maps help personnel understand that 

the model produces an anomaly score based on learned visual patterns rather 

than a simple deterministic rule. This supports trust calibration: operators can 

compare model behaviour with their own understanding of solder quality. 

Figure 5.2 shows a representative PatchCore visual output. The left panel shows 

the solder ROI, the centre panel overlays the anomaly map, and the right panel 

shows the predicted anomalous regions. The figure is useful because it shows 

the type of visual feedback that can be shown to an operator or domain expert 

during review. 

 

Figure 5.2. Example PatchCore visual explanation for a soldering ROI. The 

heatmap and predicted mask are qualitative outputs because the final 

experiment used image-level labels rather than pixel-level ground-truth masks. 



 

  48 

The heatmaps must be interpreted carefully. A heatmap that does not perfectly 

point to the visually expected soldering defect does not automatically invalidate 

the image-level result. It may indicate that the model has learned other visual 

regularities associated with abnormal examples, such as surface texture, lighting 

differences, solder shape, or crop-position artefacts. Therefore, the stronger 

claim is that ROI-based preprocessing and PatchCore improved image-level 

anomaly detection. The weaker claim, which is not made here, would be that the 

model has been formally validated as a pixel-level segmentation method. 

This interpretation is consistent with the anomaly-detection literature. Datasets 

such as MVTec AD often use anomaly maps for interpretation, but reliable 

localisation claims require suitable ground-truth masks and careful evaluation 

(Bergmann et al., 2019). In this project, the anomaly maps are valuable for 

explainability and knowledge transfer, but the validated result is image-level 

classification of normal versus abnormal ROI crops. 

5.10 Critical Interpretation and SME Resource Limitations 

The final results show that the largest improvement came from dataset 

representation rather than from simply choosing a more complex model. This 

supports data-centric AI arguments that data quality, label reliability, 

transparency, and preprocessing can be as important as model architecture 

(Northcutt et al., 2021; Malerba et al., 2026). In this project, focusing the image 

input on the soldering ROIs changed the anomaly-detection problem from a 

broad component-framing problem into a more meaningful soldering-inspection 

problem. 

The results also show why industrial model selection should be interpreted as a 

trade-off. PatchCore achieved the strongest quality and speed results after 

configuration, but its memory-bank construction and coreset selection required 

more attention than EfficientAD or FastFlow. This matters for SMEs because 

available hardware, staff time, and maintainability shape what counts as a 

suitable model. A technically strong model is only useful if staff can collect 

suitable data, retrain it when needed, understand its outputs, and operate it 

without relying on continuous specialist support. 
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The knowledge-transfer result is therefore directly connected to the technical 

result. Personnel need to understand not only how to run the model, but also why 

dataset quality, ROI consistency, lighting, crop alignment, and label quality 

affect model behaviour. The simplified classifier exercise helped reduce the 

learning barrier, but further work would be needed to make the system fully 

maintainable by production staff. 

Future dataset collection should prioritise closer and higher-resolution soldering  

images, consistent lighting, stable camera distance, and repeated examples of 

each failure mode. Label quality should also be reviewed with domain experts 

because abnormal examples may include different types of poor quality. If pixel-

level localisation becomes an industrial requirement, future work should add 

carefully reviewed defect masks and evaluate segmentation performance 

separately from image-level anomaly detection. 

6 Discussion 

This chapter discusses the findings in relation to the research questions, the 

literature reviewed in Chapter 3, and the practical constraints of implementing 

AI-based visual inspection in a manufacturing SME context. The discussion 

connects the technical model results with the organisational knowledge-transfer 

findings, because the project shows that AI implementation cannot be evaluated 

only through model accuracy or inference speed. 

 

6.1 Discussion of the Industrial Case and Implementation Context 

The project was carried out in an industrial implementation context where the 

aim was not only to test AI models, but to develop a workflow that could support 

a real inspection task. The inspection problem focused on temperature sensor 

images, where the soldering region was the main area of interest. This made the 

project different from a general image-classification task because the system had 

to consider image capture, region-of-interest selection, model training, user 

interaction, and future maintainability. One important point from the 

implementation context is that the quality of the input data strongly affected the 
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usefulness of the AI workflow. In the early stage, the captured images included 

background areas that were not directly related to the soldering inspection task. 

This introduced unnecessary visual noise and made the anomaly-detection 

problem less focused. The project therefore improved the dataset by focusing 

mainly on the region of interest. This made the image data more relevant to the 

real inspection problem and supported a more practical model comparison. This 

shows that the project was not only about selecting an AI model. It was also 

about adapting the system to the industrial inspection setting. The 

implementation had to connect technical model development with practical 

issues such as image consistency, dataset quality, user understanding, and future 

use by company personnel. 

 

6.2 Discussion of System Design and Implementation Choices 

The system design was shaped by the practical requirements of the industrial 

inspection task. The aim was not only to train an AI model, but to create a 

workflow that could support image capture, image preparation, model training, 

prediction, and later use by company personnel. For this reason, the 

implementation combined a camera-based image-acquisition setup, image 

preprocessing, anomaly-detection models, and a user interface. One important 

design choice was the use of region-of-interest extraction. The early image 

captures included background areas that were not directly related to the soldering 

region of the temperature sensor. This introduced unnecessary visual 

information and could make the model focus on patterns that were not relevant 

to the inspection task. By creating a dataset centered mainly on the region of 

interest, the project reduced visual noise and made the model input more 

connected to the actual quality-control problem. Another important choice was 

the use of anomaly detection instead of only supervised classification. In this 

project, labelled defect examples were limited, and it was not realistic to collect 

many examples of every possible defect type. Anomaly detection was therefore 

suitable because the models could mainly learn from normal images and identify 

unusual samples as deviations from normal appearance. This made the approach 

more practical for the Skandia Elevator case.  
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The user interface was also an important part of the system design. Without a 

user-facing interface, the workflow would remain mainly technical and script-

based. The C++/Qt interface helped connect the AI pipeline to practical use by 

allowing image capture, prediction display, model refresh, and model selection. 

This was important because the system was intended not only as an experiment, 

but also as a prototype that company personnel could understand and potentially 

continue using. Overall, the design choices show that the project was guided by 

both technical and practical needs. The camera and preprocessing steps 

supported consistent input data, the ROI dataset reduced irrelevant noise, the 

anomaly-detection approach matched the limited defect-data situation, and the 

interface supported usability and future maintainability 

6.3 Discussion of RQ1: Knowledge Transfer and Organisational Ownership 

The knowledge-transfer part of the project indicates that simplified learning 

examples can help non-specialist users understand AI concepts before engaging 

with a more complex industrial AI system. The Happy/Sad exercise provided a 

simple environment for explaining data variation, labels, prediction confidence, 

misclassification, retraining, and model selection. This supported the broader 

aim of making the AI workflow understandable rather than treating it as a black-

box technical system. This finding is consistent with Cognitive Load Theory, 

which holds that learning is more effective when unnecessary mental effort is 

reduced and new concepts are introduced incrementally before being connected 

to a more complex problem (Sweller, 1988). The use of a visually simple and 

emotionally concrete example faces rather than soldered components reduced 

the cognitive distance between the learner and the concept. This is consistent 

with Szulanski's (1996) finding that knowledge stickiness can be reduced when 

the recipient has prior absorptive capacity built through gradual exposure. 

However, the results also show that knowledge transfer requires sustained effort 

across multiple sessions rather than a single explanation. Even across 

approximately ten sessions, complete coverage of all relevant concepts was not 

achieved: model export, retraining frequency, and threshold calibration were 

identified as areas requiring further attention. For long-term ownership, 
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company personnel need documentation, repeatable workflows, and continued 

opportunities to practise data collection, labelling, retraining, and interpretation 

of model outputs. This supports the view that AI implementation in 

manufacturing SMEs depends on organisational learning as well as technical 

model development. The difference between the two participants' understanding 

of anomaly detection one rating it mostly clear, the other partly clear suggests 

that some learners require more repeated exposure to abstract concepts before 

they translate into practical mental models. This aligns with Wenger's (1998) 

communities of practice perspective, in which shared understanding develops 

through repeated participation rather than one-off instruction. The finding also 

supports Davis's (1989) Technology Acceptance Model: perceived ease of use 

is a precondition for adoption, and the learning sessions improved both perceived 

usefulness and confidence in engaging with the inspection workflow. The results 

therefore suggest that sustainable organisational ownership of AI inspection 

systems in SMEs is more likely when knowledge transfer is implemented as a 

staged, participatory, and practice-oriented learning process across multiple 

sessions rather than as isolated technical instruction. 

6.4 Discussion of RQ2: Model Suitability and Deployment Trade-Off 

The model comparison shows that practical deployment requires balancing 

detection performance with inference speed, usability, and maintainability. A 

model with strong detection performance may still be unsuitable if it is too slow, 

difficult to retrain, or hard for users to understand. A simpler model may be more 

useful in practice if it provides acceptable performance while being easier to 

deploy and maintain. This challenges benchmark-oriented research, where 

model evaluation typically reports AUROC or F1-score on standard datasets 

without considering retraining cost, hardware constraints, or non-specialist 

maintainability (Bergmann et al., 2019; Roth et al., 2022). The present project 

shows that in an SME context, these non-metric factors are equally important 

selection criteria. PatchCore achieved the strongest quality metrics in this study, 

but its memory-bank construction and coreset selection required careful 
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configuration to fit within the available workstation hardware a constraint that 

would not appear in published benchmarks run on high-end servers. 

The comparison of anomaly-detection model candidates also shows the 

importance of matching the model choice to the available data and deployment 

context. In this project, normal examples are easier to obtain than representative 

defect examples, so anomaly-detection approaches are suitable for the selected 

temperature-sensor inspection task. However, these models still require careful 

thresholding, interpretation, validation, and explanation to users. 

This finding is consistent with data-centric AI arguments that the quality, 

consistency, and representativeness of training data can matter more than model 

architecture selection (Northcutt et al., 2021; Sambasivan et al., 2021). In this 

project, the transition from full-sensor images to soldering-specific ROI crops 

produced a substantially larger improvement in model performance than any 

change in model architecture. This supports the view that industrial AI 

practitioners should invest in data understanding and preprocessing before 

optimising model complexity. For resource-constrained manufacturing 

environments, available hardware, limited datasets, and production workflow 

constraints shape what counts as a suitable model. The results therefore support 

a deployment-oriented view of AI model evaluation, where model quality must 

be interpreted together with speed, usability, maintainability, and organisational 

fit. Reproducibility and maintainability deserve particular attention in SME 

deployment contexts. A model whose training procedure is not documented, 

whose threshold is not calibrated, or whose preprocessing pipeline is not version-

controlled may produce strong initial results but degrade silently when 

production conditions change. In this project, documenting the acquisition 

settings, ROI extraction procedure, dataset splits, and training configuration in 

dedicated appendices was a deliberate response to this risk. This suggests that 

reproducibility practices common in academic research structured experiment 

logging, configuration documentation, and code traceability translate directly 

into deployment robustness for industrial AI systems in resource-constrained 

manufacturing environments. 
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6.5 Implications for Manufacturing SMEs 

The case study suggests that manufacturing SMEs can benefit from AI-based 

visual inspection, but implementation should begin with a clearly limited scope 

and a data-centric workflow. Rather than attempting to automate all quality-

control activities at once, companies should define a specific inspection task, 

collect reliable data, document labelling decisions, evaluate model performance 

iteratively, and build internal understanding of how the system works. 

This approach reduces the risk of overextending the project and supports 

sustainable adoption. The findings also suggest that the main challenge is not 

only selecting the best AI algorithm, but creating a workflow that company 

personnel can understand, trust, and continue to improve. 

6.6 Limitations 

The study is limited by its single-case design, the selected inspection task, and 

the available dataset. Because the project was conducted in one company 

context, the findings should not be treated as universally generalisable to all 

manufacturing SMEs. However, the case provides useful insight into challenges 

that are likely to be relevant in similar resource-constrained manufacturing 

environments, especially where labelled defect data are limited and internal AI 

competence is still developing. The project has several limitations. First, the 

dataset was limited and was developed during the project. This means that the 

model comparison depends strongly on the available images and may change if 

more normal and abnormal examples are collected. This is important because 

anomaly-detection performance is closely connected to the quality and 

representativeness of the training and testing data (Bergmann et al., 2019). 

Another limitation is that the knowledge-transfer evaluation was based on short-

term interaction and practical feedback rather than a long-term study of system 

use after handover. The fact that personnel could train and test the Happy/Sad 

example by following documentation is a useful result, but it does not fully prove 

long-term independent maintenance of the complete anomaly-detection system. 

The model evaluation also has limitations because industrial inspection 

conditions can change over time. Lighting, camera position, product variation, 
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and dataset quality may affect model performance. For this reason, the system 

should be understood as a prototype and workflow contribution, rather than a 

fully finished production system. 

7 Conclusion and Future Work 

This chapter concludes the thesis by summarizing the main findings, reflecting 

on the sustainable development relevance of the project, and presenting possible 

future work. The thesis investigated how AI-based visual inspection can support 

industrial quality control at Skandia Elevator, with a focus on anomaly detection, 

data preparation, model suitability, and knowledge transfer. The project is 

situated within the field of Virtual Product Realisation (VPR), which addresses 

how digital technologies, data-driven methods, and simulation tools can be used 

to support product development, manufacturing processes, and quality systems. 

AI-based visual inspection is directly relevant to VPR because it involves using 

machine learning and computer vision core VPR-enabling technologies to create 

a digital layer that supports real-time quality monitoring in a physical production 

environment. The project also contributes to the broader Industry 4.0 agenda, 

where smart manufacturing systems combine sensor data, AI inference, and 

human oversight to improve production reliability and adaptability (Zheng et al., 

2018; Lee et al., 2026). In this sense, the thesis demonstrates how VPR concepts 

and tools can be applied practically in a resource-constrained manufacturing 

SME context. 

 

The project addressed two main research questions. The first focused on how 

knowledge transfer can support organisational understanding and ownership of 

AI-based visual inspection. The second focused on how anomaly-detection 

models can be evaluated for practical suitability in an industrial inspection 

workflow. 

7.1 Conclusion 

The main conclusion of this thesis is that AI-based visual inspection can support 

industrial quality control, but its practical value depends on more than model 
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performance alone. In an industrial manufacturing context such as Skandia 

Elevator, the usefulness of an AI system also depends on data quality, region-of-

interest selection, model speed, maintainability, and the ability of company 

personnel to understand and continue the workflow after the project. For the first 

research question, the thesis showed that knowledge transfer is an important part 

of introducing AI in a manufacturing SME. The Happy/Sad classification 

activity was used as a simplified learning example to explain basic AI concepts 

such as training data, labels, prediction confidence, errors, and retraining. This 

activity was not the final industrial inspection system. Instead, it worked as a 

learning bridge between basic AI understanding and the more complex industrial 

anomaly-detection task. 

This shows that knowledge transfer can support organisational ownership by 

making AI more understandable and less dependent on external specialists. If 

personnel understand how data, models, outputs, and retraining are connected, 

they are better prepared to use and maintain the system responsibly. This 

supports the view that knowledge must be shared and reused inside an 

organisation to create long-term value (Argote and Ingram, 2000). It also relates 

to technology acceptance, where perceived usefulness and ease of use influence 

whether users accept a new system (Davis, 1989). 

For the second research question, the thesis showed that anomaly-detection 

models should be evaluated as practical deployment candidates, not only as 

technical algorithms. PatchCore, EfficientAD, and FastFlow represent different 

approaches to anomaly detection, with different strengths in areas such as 

localisation, speed, and deployment complexity (Roth et al., 2022; Batzner, 

Heckler and König, 2024; Yu et al., 2021). In this project, the most suitable 

model was not judged only by one performance result. Instead, suitability was 

connected to the needs of the industrial workflow, including inference speed, 

data requirements, maintainability, retraining, and usability. 

 

Another important conclusion is that data preparation is central to AI-based 

inspection. The initial image captures included background areas that were not 

directly relevant to the soldering inspection task. By focusing on the region of 
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interest, the workflow reduced unnecessary visual noise and made the model 

task more connected to the actual inspection problem. This supports the data-

centric view that data quality and data relevance strongly affect AI deployment 

outcomes (Sambasivan et al., 2021). 

7.2 Sustainable Development  

This thesis is connected to sustainable development because it explores how AI-

based visual inspection can support better quality control, reduce waste, and 

improve organisational learning in a manufacturing context. Sustainable 

development is commonly understood as development that meets present needs 

without compromising the ability of future generations to meet their own needs 

(World Commission on Environment and Development, 1987). In this thesis, 

sustainability can be discussed from environmental, economic, and social 

perspectives, following the triple-bottom-line view of sustainability (Elkington, 

1997). 

 

From an environmental perspective, the project can support sustainability by 

improving inspection and reducing avoidable waste. If possible defects or 

uncertain components are detected earlier, fewer faulty parts may continue 

through the production process. This can reduce unnecessary rework, material 

waste, and energy use. However, this environmental benefit depends on the 

reliability of the AI workflow and the quality of the data. If the dataset does not 

represent real inspection conditions, the model may produce unreliable outputs. 

Therefore, good data preparation is important for responsible and sustainable AI 

use (Sambasivan et al., 2021). 

 

From an economic perspective, the project can support sustainability by helping 

the company improve inspection consistency and reduce quality-related costs. A 

visual inspection system can provide additional support for identifying possible 

anomalies and making inspection decisions more structured. This can help 

reduce production errors, rework, and unnecessary costs. However, the 

economic value of the system depends on whether it can be maintained and 
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adapted after the thesis project. A model that works only during the project but 

cannot be updated or understood later has limited long-term value. 

 

From a social perspective, the project is relevant because it considers how people 

understand and interact with AI technology. Introducing AI into manufacturing 

should not only focus on automation. It should also consider training, trust, 

responsibility, and user understanding. The knowledge-transfer part of this thesis 

supports social sustainability by helping personnel understand basic AI ideas 

before connecting them to the industrial inspection workflow. This can make AI 

adoption more responsible because users are better able to understand 

predictions, confidence, errors, and retraining needs. 

 

The project also connects to responsible industrial digitalisation. Smart 

manufacturing technologies can support better production decisions, improved 

quality, and more efficient use of resources (Zheng et al., 2018). However, these 

benefits depend on how the technology is introduced. In this thesis, the 

combination of technical implementation and knowledge transfer helped address 

both the machine side and the human side of AI adoption. 

 

Overall, the sustainable development contribution of the thesis is not that it fully 

solves environmental, economic, or social sustainability challenges. Rather, it 

shows how AI-based visual inspection can be introduced in a way that considers 

these three dimensions. The project supports environmental sustainability 

through improved inspection potential, economic sustainability through better 

quality-control support, and social sustainability through knowledge transfer and 

organisational understanding. 

7.3 Future work 

The Future work should continue from both the technical and organisational 

parts of this thesis. The current project developed and evaluated an AI-based 

visual inspection workflow in a specific industrial context, but further work is 

needed before such a system can become a fully reliable production-support tool. 
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One important direction is to expand the dataset with more images from real 

production conditions. The dataset should include different lighting conditions, 

component positions, normal product variations, and confirmed defect cases if 

they become available. A larger and more varied dataset would make it possible 

to evaluate the robustness of the anomaly-detection workflow more clearly and 

reduce the risk that the model only works under limited test conditions. 

 

The system should also be tested over a longer period in or near the real 

production workflow. Long-term testing would help show how the model 

performs when production conditions change over time. It would also make it 

possible to study false positives, false negatives, inspection speed, and operator 

feedback in a more realistic way. This is important because a model that works 

in a controlled test setting may still need adjustment before it can support daily 

industrial inspection. Another possible direction is to compare anomaly 

detection with supervised or semi-supervised methods if more labelled defect 

data becomes available. In this thesis, anomaly detection was suitable because 

labelled defect examples were limited. However, if the company collects more 

labelled examples in the future, other model types could be evaluated and 

compared against the anomaly-detection approach. This would help the 

company understand which method is most suitable as the dataset grows. 

 

Future work could also continue developing the knowledge-transfer process. The 

Happy/Sad activity used in this thesis worked as a simple learning bridge, but it 

could be expanded into a more structured training package. This could include 

short training sessions, user manuals, video tutorials, and practical exercises 

where personnel test, evaluate, or retrain a model themselves. Such activities 

would strengthen organisational ownership and reduce dependence on external 

AI support. A maintenance and retraining plan should also be created. This plan 

should explain when new data should be collected, how the region of interest 

should be checked, how model performance should be monitored, and when 

retraining is needed. This would make the AI workflow more sustainable after 
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the thesis project and help the company keep the system useful as production 

conditions change. 

 

Further work could also investigate how the AI vision workflow can be 

integrated with Skandia Elevator’s existing quality-control routines. This could 

include connecting inspection outputs to documentation systems, operator 

decision-making, or production feedback loops. Such integration would help 

move the system from a prototype workflow toward a more complete industrial 

support tool. Finally, the same workflow could be explored for other inspection 

tasks within the company. If the approach is useful for one component or 

inspection area, the same principles may be adapted to other visual inspection 

problems. However, each new task would still require careful data collection, 

region-of-interest selection, model evaluation, and knowledge transfer. 
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Appendix A. Prototype Overview 

The anomaly-detection prototype was implemented as a separate Anomalib 

project. It was used as a simplified learning example for explaining normal 

training data, abnormal test data, anomaly scores, heat maps, predicted masks, 

and checkpoint-based inference. 

 

Item Documented value 

Framework Anomalib Folder datamodule 

Model PatchCore 

Normal training set anomaly_detection/datasets/smiley/good, 

Normal test set anomaly_detection/datasets/smiley/normal_test,  

Defect test set anomaly_detection/datasets/smiley/defect, 81 

images 

Stable checkpoint anomaly_detection/models/model.ckpt 

Final visual outputs AiProject/results/Patchcore/latest/images 
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Appendix B. Reproducible Technical Workflow 
Sort images into normal training, normal test, and defect test folders. 

Train PatchCore with the Anomalib Folder datamodule. 

Copy the best checkpoint to a stable path for later inference. 

Inspect Anomalib visual outputs: original image, anomaly heat map, and predicted 

mask. 

Run inference on one image or a folder and report a normal/anomaly label with anomaly 

score. 

 

Listing B.1. Python dependencies 

anomalib[cpu] 
pillow 
requests 

 

Listing B.2. macOS/Linux training runner 

#!/bin/bash 
# Simple setup and training runner for macOS/Linux. 
  
set -e 
  
cd "$(dirname "$0")" 
  
if [ ! -d "venv" ]; then 
    python3 -m venv venv 
fi 
  
source venv/bin/activate 
export MPLCONFIGDIR="$PWD/.matplotlib" 
python -m pip install -r requirements.txt 
python src/train.py 
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Appendix C. Training Code Excerpts 
The full training implementation is stored in anomaly_detection/src/train.py. The 

excerpts below show the dataset setup, model training, checkpoint handling, and test 

step. 

 

Listing C.1. Folder datamodule configuration 

    datamodule = Folder( 
        name="smiley_anomaly", 
        root=DATASET_DIR, 
        normal_dir="good", 
        abnormal_dir="defect", 
        normal_test_dir="normal_test", 
        train_batch_size=4, 
        eval_batch_size=4, 
        num_workers=0, 
    ) 

 

Listing C.2. PatchCore training and checkpoint handling 

    model = Patchcore(pre_trained=args.pre_trained) 
    engine = Engine( 
        default_root_dir=RESULTS_DIR, 
        max_epochs=1, 
    ) 
  
    engine.fit(datamodule=datamodule, model=model) 
    checkpoint_path = engine.trainer.checkpoint_callback.best_model_path 
    if checkpoint_path: 
        MODEL_PATH.parent.mkdir(parents=True, exist_ok=True) 
        shutil.copy2(checkpoint_path, MODEL_PATH) 
  
    results = engine.test(datamodule=datamodule, model=model) 
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Appendix D. Prediction Code Excerpts 
The full prediction implementation is stored in anomaly_detection/src/predict.py. It 

accepts a single image or a folder and prints the predicted class and anomaly score. 

 

Listing D.1. Prediction dataset and Engine call 

dataset = PredictDataset(path=args.path, image_size=(256, 256)) 
predictions = Engine().predict( 
        model=Patchcore(pre_trained=args.pre_trained), 
        dataset=dataset, 
        ckpt_path=str(checkpoint_path), 
    ) 

 

Listing D.2. Output formatting 

for batch in predictions: 
        image_paths = getattr(batch, "image_path", []) 
        labels = getattr(batch, "pred_label", []) 
        scores = getattr(batch, "pred_score", []) 
  
        if not isinstance(image_paths, list): 
            image_paths = [image_paths] 
        if not isinstance(labels, list): 
            labels = labels.tolist() if hasattr(labels, "tolist") 

else [labels] 
        if not isinstance(scores, list): 
            scores = scores.tolist() if hasattr(scores, "tolist") 

else [scores] 
  
        for image_path, label, score in zip(image_paths, labels, 

scores): 
            status = "anomaly" if int(label) == 1 else "normal" 
            print(f"{image_path}: {status} 

score={float(score):.4f}") 

 



 

  68 

Appendix E. Representative PatchCore Visual Outputs 

Two representative Anomalib outputs are included: one defect example and one 

normal-test example. Each figure contains the original image, anomaly heat map, and 

predicted mask. 

 

Figure E.1. PatchCore output for defect test image: 20260324_105302_001.jpg. 

 

Figure E.2. PatchCore output for normal test image: 20260324_105451_001_aug0.jpg. 
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Appendix F. Knowledge-Transfer Interview and Feedback 

Instrument 
This appendix documents the interview and feedback instrument used during the 

knowledge-transfer evaluation. The instrument connects the simplified Happy/Sad 

classification activity and the Anomalib anomaly-detection activity back to the 

temperature-sensor inspection system. Summary evaluation results are reported in 

Chapter 5. 

 

Participant Background 

1. What is your role in the project or organization? 

Question type: Short answer 

2. How would you rate your previous experience with AI or machine learning 

before this session? 

Question type: Multiple choice 

No previous experience 
Basic awareness 
Some practical experience 
Strong practical experience 

3. How familiar were you with image classification before the session? 

Question type: Linear scale 

1 = Not familiar 
5 = Very familiar 

4. How familiar were you with anomaly detection before the session? 

Question type: Linear scale 

1 = Not familiar 
5 = Very familiar 

Classification Learning Activity 

5. The smiley-face classifier helped me understand the basic idea of supervised 

classification. 

Question type: Linear scale 

1 = Strongly disagree 
5 = Strongly agree 

6. Which parts of the classification workflow were clear after the session? 

Question type: Checkboxes 

Collecting images 
Organizing images into classes 
Augmenting the dataset 
Training the model 
Testing predictions 
Understanding incorrect predictions 
Exporting or reusing the trained model 
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7. What part of the classification example was hardest to understand? 

Question type: Paragraph 

8. What did the smiley-face classifier make easier to understand compared with 

the full temperature sensor inspection system? 

Question type: Paragraph 

Anomaly Detection Learning Activity 

9. The anomaly detection example helped me understand how AI can detect 

unusual or defective samples. 

Question type: Linear scale 

1 = Strongly disagree 
5 = Strongly agree 

10. Was the difference between classification and anomaly detection clear? 

Question type: Multiple choice 

Yes, completely clear 
Mostly clear 
Partly clear 
No, still unclear 

11. Which anomaly detection concepts were clear after the session? 

Question type: Checkboxes 

Training mainly on normal examples 
Using abnormal examples for testing 
Dataset folder structure 
Anomaly score 
Normal vs anomalous prediction 
Heatmaps or localization outputs 
When anomaly detection is useful in inspection systems 

12. What part of the anomaly detection workflow needs more explanation? 

Question type: Paragraph 

Transfer Back to the Inspection System 

13. The simplified examples helped me understand the existing AI vision system 

for temperature sensor inspection. 

Question type: Linear scale 

1 = Strongly disagree 
5 = Strongly agree 

14. Which concepts can you now relate back to the temperature sensor inspection 

system? 

Question type: Checkboxes 

Dataset quality 
Data augmentation 
Model training 
Prediction confidence or anomaly score 
False positives and false negatives 
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Inference speed 
Model retraining 
Selecting the latest trained model 
UI support for AI workflows 

15. After the session, how confident are you in explaining why dataset quality 

matters? 

Question type: Linear scale 

1 = Not confident 
5 = Very confident 

16. After the session, how confident are you in discussing model errors or wrong 

predictions? 

Question type: Linear scale 

1 = Not confident 
5 = Very confident 

17. What connections between the simplified examples and the real inspection 

system were most useful? 

Question type: Paragraph 

Practical Usefulness and Improvements 

18. The hands-on format was useful for learning the AI concepts. 

Question type: Linear scale 

1 = Strongly disagree 
5 = Strongly agree 

19. Was the session length appropriate? 

Question type: Multiple choice 

Too short 
About right 
Too long 

20. What should be added or improved in the next knowledge transfer session? 

Question type: Paragraph 

21. Which topic would you like to go deeper into next? 

Question type: Checkboxes 

More classification practice 
More anomaly detection practice 
Dataset collection and labelling 
Model evaluation metrics 
Inference speed and deployment 
UI support for retraining and model selection 
Connecting the training workflow to the inspection application 

22. Any final comments or questions? 

Question type: Paragraph 
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Appendix G. Source File Traceability 

 

File or folder Purpose in appendix 

anomaly_detection/src/train.py PatchCore training, testing, and 

checkpoint copying. 

anomaly_detection/src/predict.py Checkpoint-based inference for one 

image or a folder. 

anomaly_detection/requirements.txt Dependency list for reproducing 

the prototype. 

anomaly_detection/run.sh and run.bat Convenience setup and training 

commands. 

AiProject/results/Patchcore/latest/images Representative final anomaly-map 

visual outputs. 

knowledge_transfer/interview_form.md Markdown version of the 

knowledge-transfer feedback 

instrument. 

knowledge_transfer/google_form_questions.csv Structured question list used to 

generate Appendix F. 
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Appendix H. PatchCore Training Implementation (Smiley-Face 

Prototype) 
This appendix documents the source code used for the smiley-face anomaly-

detection prototype discussed in the thesis. The implementation uses Anomalib 

with a Folder datamodule and a PatchCore model. The dataset is organised into 

normal training images, normal test images, and anomalous test images. 

Repository dataset layout: 

datasets/smiley/good/        - normal images used for training 

(72 images) 

datasets/smiley/normal_test/ - normal images used during testing 

(18 images) 

datasets/smiley/defect/      - anomalous images used during 

testing (81 images) 

models/model.ckpt            - stable checkpoint copied after 

training 

results/                     - Anomalib training outputs and 

versioned checkpoints 

The training script contains a small compatibility patch for the Anomalib folder 

dataset creation path. This was added so the local Python/Pandas environment 

correctly handles label values and train/test split assignment. 

Listing H.1. src/train.py 

""" 
Train a simple PatchCore anomaly detector with Anomalib. 
Usage: 
  python src/train.py 
  python src/train.py --pre-trained 
""" 
  
import argparse 
import os 
import shutil 
from collections.abc import Sequence 
from pathlib import Path 
  
PROJECT_DIR = Path(__file__).resolve().parents[1] 
os.environ.setdefault("MPLCONFIGDIR", str(PROJECT_DIR / 

".matplotlib")) 
os.environ.setdefault("XDG_CACHE_HOME", str(PROJECT_DIR / 

".cache")) 
  
from anomalib.data import Folder 
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import anomalib.data.datasets.image.folder as 

anomalib_folder_dataset 
from anomalib.engine import Engine 
from anomalib.models import Patchcore 
from anomalib.data.utils import LabelName, Split 
from anomalib.data.utils.path import validate_and_resolve_path 
from pandas import DataFrame 
  
DATASET_DIR = PROJECT_DIR / "datasets" / "smiley" 
RESULTS_DIR = PROJECT_DIR / "results" 
MODEL_PATH = PROJECT_DIR / "models" / "model.ckpt" 
  
def patch_anomalib_folder_labels() -> None: 
    """Work around enum label comparison issues seen with Python 

3.14/Pandas.""" 
    original_prepare = 

anomalib_folder_dataset._prepare_files_labels 
    def prepare_files_labels(path, path_type, extensions=None): 
        label = path_type.value if hasattr(path_type, "value") 

else path_type 
        return original_prepare(path, label, extensions) 
    anomalib_folder_dataset._prepare_files_labels = 

prepare_files_labels 
    def resolve_paths(path, root): 
        if isinstance(path, Sequence) and not isinstance(path, 

str): 
            return [validate_and_resolve_path(item, root) for item 

in path] 
        return [validate_and_resolve_path(path, root)] if path is 

not None else [] 
    def make_folder_dataset( 
        normal_dir, 
        root=None, 
        abnormal_dir=None, 
        normal_test_dir=None, 
        mask_dir=None, 
        split=None, 
        extensions=None, 
    ): 
        del mask_dir 
        filenames = [] 
        labels = [] 
        folders = { 
            "normal": resolve_paths(normal_dir, root), 
            "abnormal": resolve_paths(abnormal_dir, root), 
            "normal_test": resolve_paths(normal_test_dir, root), 
        } 
        for label, paths in folders.items(): 
            for path in paths: 
                folder_files, folder_labels = 

prepare_files_labels(path, label, extensions) 
                filenames += folder_files 
                labels += folder_labels 
        samples = DataFrame({"image_path": filenames, "label": 

labels}) 
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        samples = samples.sort_values(by="image_path", 

ignore_index=True) 
        samples.loc[samples.label.isin(["normal", "normal_test"]), 

"label_index"] = LabelName.NORMAL.value 
        samples.loc[samples.label == "abnormal", "label_index"] = 

LabelName.ABNORMAL.value 
        samples.label_index = samples.label_index.astype("Int64") 
        samples["mask_path"] = "" 
        samples = samples.astype({"image_path": "str", 

"mask_path": "str"}) 
        samples.loc[samples.label == "normal", "split"] = 

Split.TRAIN.value 
        samples.loc[samples.label.isin(["abnormal", 

"normal_test"]), "split"] = Split.TEST.value 
        samples.attrs["task"] = "classification" 
        if split: 
            split_value = split.value if hasattr(split, "value") 

else split 
            samples = samples[samples.split == split_value] 
            samples = samples.reset_index(drop=True) 
        return samples 
    anomalib_folder_dataset.make_folder_dataset = 

make_folder_dataset 
  
def main() -> None: 
    parser = argparse.ArgumentParser() 
    parser.add_argument( 
        "--pre-trained", 
        action="store_true", 
        help="Download and use pretrained backbone weights. 

Requires internet access.", 
    ) 
    args = parser.parse_args() 
    patch_anomalib_folder_labels() 
    datamodule = Folder( 
        name="smiley_anomaly", 
        root=DATASET_DIR, 
        normal_dir="good", 
        abnormal_dir="defect", 
        normal_test_dir="normal_test", 
        train_batch_size=4, 
        eval_batch_size=4, 
        num_workers=0, 
    ) 
    model = Patchcore(pre_trained=args.pre_trained) 
    engine = Engine( 
        default_root_dir=RESULTS_DIR, 
        max_epochs=1, 
    ) 
    engine.fit(datamodule=datamodule, model=model) 
    checkpoint_path = 

engine.trainer.checkpoint_callback.best_model_path 
    if checkpoint_path: 
        MODEL_PATH.parent.mkdir(parents=True, exist_ok=True) 
        shutil.copy2(checkpoint_path, MODEL_PATH) 
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    results = engine.test(datamodule=datamodule, model=model) 
    print("\nTraining complete.") 
    print(f"Results: {results}") 
    print(f"Checkpoints and outputs are saved under: 

{RESULTS_DIR}") 
    print(f"Stable checkpoint copied to: {MODEL_PATH}") 
  
if __name__ == "__main__": 
    main() 
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Appendix I. Dataset Preparation Code 
The dataset preparation script is stored in 

model/datasets/dataset_training/prepare_thesis_dataset.py. It creates the thesis 

experiment dataset from the available temperature-sensor images and writes the 

prepared images to model/datasets/thesis_experiment. 

 

Listing I.1. Dataset preparation constants 

IMG_EXTENSIONS = {".jpg", ".jpeg", ".png"} 
  
DEFAULT_SEED = 42 

 

Listing I.2. Image-file collection 

def image_files(path: Path) -> list[Path]: 
    return sorted(p for p in path.rglob("*") if 

p.suffix.lower() in IMG_EXTENSIONS) 

 

Listing I.3. Copying selected images into a prepared dataset split 

def copy_files(files: list[Path], destination: Path, 

preserve_from: Path | None = None) -> None: 
    destination.mkdir(parents=True, exist_ok=True) 
    for source in files: 
        relative = source.relative_to(preserve_from) if 

preserve_from else Path(source.name) 
        target = destination / relative 
        target.parent.mkdir(parents=True, exist_ok=True) 
        shutil.copy2(source, target) 

 

Listing I.4. Saving copied images as PNG files 

def copy_as_png(files: list[Path], destination: Path, 

preserve_from: Path | None = None) -> None: 
    destination.mkdir(parents=True, exist_ok=True) 
    for source in files: 
        relative = source.relative_to(preserve_from) if 

preserve_from else Path(source.name) 
        target = (destination / relative).with_suffix(".png") 
        target.parent.mkdir(parents=True, exist_ok=True) 
        with Image.open(source) as image: 
            image.convert("RGB").save(target) 
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Listing I.5. Deterministic image augmentation 

def augment_image(image: Image.Image, variant: int) -> 

Image.Image: 
    image = image.convert("RGB") 
    variant = variant % 4 
    if variant == 0: 
        return ImageEnhance.Brightness(image).enhance(0.92) 
    if variant == 1: 
        return ImageEnhance.Contrast(image).enhance(1.12) 
    if variant == 2: 
        return image.rotate(2, 

resample=Image.Resampling.BILINEAR, fillcolor=(0, 0, 0)) 
    if variant == 3: 
        return 

image.filter(ImageFilter.GaussianBlur(radius=0.4)) 
    raise ValueError(f"Unsupported augmentation variant: 

{variant}") 

 

Listing I.6. Creating augmented image variants 

def create_augmented_set( 
    source_files: list[Path], 
    destination: Path, 
    augmentations_per_image: int, 
    preserve_from: Path | None = None, 
) -> None: 
    destination.mkdir(parents=True, exist_ok=True) 
    for source in source_files: 
        relative_parent = 

source.relative_to(preserve_from).parent if preserve_from 

else Path() 
        target_dir = destination / relative_parent 
        target_dir.mkdir(parents=True, exist_ok=True) 
        with Image.open(source) as image: 
            for variant in range(augmentations_per_image): 
                augmented = augment_image(image, variant) 
                target = target_dir / 

f"{source.stem}_aug{variant + 1}.png" 
                augmented.save(target) 

 

Listing I.7. Matching abnormal images with ground-truth masks 

def matching_mask_path(image_path: Path, test_anomaly_root: 

Path, mask_root: Path) -> Path: 
    relative = image_path.relative_to(test_anomaly_root) 
    return (mask_root / relative).with_suffix(".png") 

 

Listing I.8. Selecting only anomaly images with available masks 
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mask_root = sensor_root / "ground_truth" / "anomaly" 
test_anomaly_root = sensor_root / "test" / "anomaly" 
test_anomaly_with_masks = [ 
    path for path in test_anomaly 
    if matching_mask_path(path, test_anomaly_root, 

mask_root).exists() 
] 

 

Listing I.9. Creating the mixed training and test split 

copy_as_png(selected_train_good, mixed_root / "train" / "good") 
create_augmented_train_set( 
    selected_train_good, 
    mixed_root / "train" / "good", 
    augmentations_per_image, 
) 
  
copy_as_png(selected_test_good, mixed_root / "test" / "good") 
create_augmented_set( 
    selected_test_good, 
    mixed_root / "test" / "good", 
    augmentations_per_image, 
) 
  
copy_as_png( 
    selected_test_anomaly, 
    mixed_root / "test" / "anomaly", 
    test_anomaly_root, 
) 
create_augmented_set( 
    selected_test_anomaly, 
    mixed_root / "test" / "anomaly", 
    augmentations_per_image, 
    test_anomaly_root, 
) 
  
copy_files(selected_masks, mixed_root / "ground_truth" / 

"anomaly", mask_root) 
create_augmented_set( 
    selected_masks, 
    mixed_root / "ground_truth" / "anomaly", 
    augmentations_per_image, 
    mask_root, 
) 
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Appendix J. Dataset Parser Code 
The custom dataset parser is stored in 

model/datasets/dataset_training/dataset.py. It extends Anomalib’s dataset 

structure so that the temperature-sensor images can be loaded in an anomaly-

detection format. 

 

Listing J.1. Dataset class constructor 

class TSensorDataset(AnomalibDataset): 
    def __init__( 
        self, 
        root: Path | str = "./datasets/TempSensor", 
        category: str = "default", 
        augmentations: Transform | None = None, 
        split: str | Split | None = None, 
    ) -> None: 
        super().__init__(augmentations=augmentations) 
  
        self.root_category = Path(root) / Path(category) 
        self.category = category 
        self.split = split 
        self.samples = make_custom_ad_dataset( 
            self.root_category, 
            split=self.split, 
            extensions=IMG_EXTENSIONS, 
        ) 

 

Listing J.2. Assigning normal and abnormal labels 

samples["label_index"] = pd.NA 
samples.loc[samples.label == "good", "label_index"] = 

LabelName.NORMAL 
samples.loc[samples.label == "anomaly", "label_index"] = 

LabelName.ABNORMAL 
samples["label_index"] = samples["label_index"].astype("Int64") 

 

Listing J.3. Mask key generation for nested anomaly folders 

def sample_key(path: str, split_name: str, label_name: str) -> 

str: 
    parts = list(Path(path).parts) 
    split_idx = parts.index(split_name) 
    key_parts = parts[split_idx + 2 :] 
    key_parts[-1] = Path(key_parts[-1]).stem 
    return "/".join(key_parts) 
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Listing J.4. Assigning mask paths to abnormal test images 

mask_dict = { 
    sample_key(row["image_path"], "ground_truth", 

row["label"]): row["image_path"] 
    for _, row in mask_samples.iterrows() 
} 
  
samples["mask_path"] = "" 
for idx, row in samples.iterrows(): 
    if row["split"] == "test" and row["label_index"] == 

LabelName.ABNORMAL: 
        key = sample_key(row["image_path"], row["split"], 

row["label"]) 
        if key in mask_dict: 
            samples.at[idx, "mask_path"] = mask_dict[key] 
        else: 
            logger.warning(f"No mask found for test image: 

{row[\"image_path\"]}") 

 

Listing J.5. Selecting classification or segmentation task type 

    if "mask_path" in samples.columns: 
        has_masks = samples["mask_path"].notna() & 

(samples["mask_path"] != "") 
        samples.attrs["task"] = "segmentation" if 

has_masks.any() else "classification" 
    else: 
        samples.attrs["task"] = "classification" 
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Appendix K. Training Script Code 
The training script is stored in model/datasets/dataset_training/training.py. It 

provides the model switch used to train EfficientAD, PatchCore, FastFlow, 

PaDiM, and CFlow with the same dataset structure. 

 

Listing K.1. Available model names and boolean switches 

AVAILABLE_MODELS = ("efficientad", "patchcore", "fastflow", 

"padim", "cflow") 
  
TRAIN_EFFICIENTAD = True 
TRAIN_PATCHCORE = False 
TRAIN_FASTFLOW = False 
TRAIN_PADIM = False 
TRAIN_CFLOW = False 
USE_PRETRAINED_BACKBONE = True 

 

Listing K.2. Manual boolean model selection 

def selected_model_from_booleans() -> str: 
    enabled = [ 
        ("efficientad", TRAIN_EFFICIENTAD), 
        ("patchcore", TRAIN_PATCHCORE), 
        ("fastflow", TRAIN_FASTFLOW), 
        ("padim", TRAIN_PADIM), 
        ("cflow", TRAIN_CFLOW), 
    ] 
    selected = [name for name, is_enabled in enabled if 

is_enabled] 
    if len(selected) != 1: 
        raise ValueError( 
            "Select exactly one model boolean in training.py, or 

pass --model " 
            f"with one of: {', '.join(AVAILABLE_MODELS)}" 
        ) 
    return selected[0] 

 

Listing K.3. EfficientAD model creation 

if model_name == "efficientad": 
    return EfficientAd( 
        teacher_out_channels=384, 
        model_size="small", 
        lr=0.0001, 
        evaluator=evaluator, 
    ) 
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Listing K.4. PatchCore model creation 

if model_name == "patchcore": 
    return Patchcore( 
        backbone="wide_resnet50_2", 
        layers=("layer2", "layer3"), 
        pre_trained=pre_trained, 
        coreset_sampling_ratio=0.1, 
        num_neighbors=9, 
        evaluator=evaluator, 
    ) 

 

Listing K.5. FastFlow model creation 

if model_name == "fastflow": 
    return Fastflow( 
        backbone="resnet18", 
        pre_trained=pre_trained, 
        flow_steps=8, 
        evaluator=evaluator, 
    ) 

 

Listing K.6. Datamodule creation 

datamodule = TSensorDataModule( 
    root=args.dataset_root, 
    category=args.category, 
    train_batch_size=1, 
    eval_batch_size=1, 
    num_workers=args.num_workers, 
) 

 

Listing K.7. Image-level metric configuration 

f1_score = F1Score(fields=["pred_label", "gt_label"], 

prefix="image_") 
f1_max = F1Max(fields=["pred_score", "gt_label"], 

prefix="image_") 
auroc = AUROC(fields=["pred_score", "gt_label"], 

prefix="image_") 
aupr = AUPR(fields=["pred_score", "gt_label"], prefix="image_") 
  
evaluator = Evaluator(test_metrics=[f1_score, f1_max, auroc, 

aupr]) 

 



 

  84 

Listing K.8. Final test and CSV metric output 

test_results = engine.test(datamodule=datamodule, model=model) 
if test_results and isinstance(test_results, list): 
    metrics_path = results_dir / 

f"{model_name}_test_metrics.csv" 
    write_metrics_csv(metrics_path, test_results) 
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Appendix L. Source File Traceability 

 

File or folder Purpose in appendix 

model/datasets/dataset_training/prepare_thesis_dataset.py Dataset split and 

augmentation 

generation. 

model/datasets/dataset_training/dataset.py Custom Anomalib 

dataset parser and 

mask matching. 

model/datasets/dataset_training/training.py Model selection, 

training, evaluation, 

and metric export. 

model/datasets/thesis_experiment/thesis_mixed Prepared mixed 

dataset used for the 

experiment. 

model/datasets/thesis_experiment/metadata/count_summary.csv Dataset counts used in 

Chapter 5. 

model/datasets/dataset_training/results Model checkpoints 

and metric outputs. 
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