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Gida endiistrisinde geleneksel kalite kontrol yontemlerinin ¢ogunlukla manuel
olmast; sonuclarin degiskenligi, insan hatasi ve siirli dlgeklenebilirlik gibi 6nemli
zorluklara yol agmaktadir. Endiistri otomasyon ve dijitallesmeye yoneldikge, goriintii
isleme teknolojilerinin kalite kontrol siireclerini iyilestirme potansiyeli giderek daha
belirgin hale gelmektedir. Bu calisma, 6zellikle makine 6grenmesi algoritmalar
icermeyen deterministik goriintli isleme tekniklerini uygulayarak gida iiretiminde
kalite kontrol denetimlerini sadelestirmeye odaklanmaktadir. Bu yaklasimin cazibesi,
basitligi, daha az hesaplama gereksinimi ve mevcut iliretim sistemlerine kolay

entegrasyonunda yatmaktadir.

Belirli gorevler i¢in tanimli algoritmalar kullanan deterministik goriintii isleme,
ongoriilebilir ve tekrarlanabilir sonuclar sunar. Bu tezde esikleme (global ve
uyarlamali yontemler dahil), kenar tespiti (Sobel ve Canny gibi operatorlerle) ve
morfolojik islemler gibi tekniklerle gida iiriinlerinde kusur, yabancit madde ve yapisal
tutarsizliklarin tespiti ele alimmustir. Bu tiir yontemlerin uygulanmasi, kalite
kontrollerinde tutarlilik saglar ve insan denetgilerine olan bagimliligi énemli 6l¢iide
azaltarak gdzden kagma riskini ve insan hatasini en aza indirir. Ornegin, esikleme
sayesinde nesneler arka plandan ayrigtirilabilir; bu da yilizeydeki anormalliklerin ve
kirlenmelerin tespiti i¢in kritik 6nemdedir. Kenar tespiti ise iiriin sekillerini ve olasi
diizensizlikleri belirleyerek kalite degerlendirmelerini daha dogru hale getirir. Bu
dogrultuda bir algoritma yazilmamistir. Cekilen resimler {izerinden Azure o6zel

goriintii isleme apisi ile raporlamalar saglanmigtir.

Arastirma yontemi olarak, gercek zamanli goriintii yakalama ve analiz i¢in 6zel

olarak gelistirilmis bir Unity uygulamasiyla entegre edilmis Epson BT-350 akilli

v



gozliikler kullanilmistir. Operatorler, 6nceden belirlenmis yiiksek riskli bolgeleri
denetlemis ve bu alanlardan toplanan goriintiiler kural tabanli algoritmalarla
islenmistir. Bu deterministik yontemler, islem hizinin ve glivenilirligin kritik oldugu
gercek zamanli uygulamalarda etkili olmalari nedeniyle tercih edilmistir. ilk
denemeler, bu sistemin yiizey kusurlarimi ve kirlenmeleri manuel denetimlere kiyasla
%30’a varan hata orani disiisiiyle dogru sekilde tespit edebildigini géstermistir. Bu
yilesme yalnizca 6nemli maliyet tasarruflarina isaret etmekle kalmaz, ayn1 zamanda
deterministik goriintli islemenin operasyonel verimliligi artirma potansiyelini de

vurgular.

Bu aragtirmanin temel bulgularindan biri, karmasik makine Ogrenimi
modellerine ihtiya¢ duyulmadan rutin kalite kontrollerinde deterministik goriintii
isleme yontemlerinin uygulanabilirligidir. Makine 6grenimi uyarlanabilir ve yiiksek
dogruluk saglayan ¢oziimler sunabilse de, genellikle genis ¢apli egitim verisi, yiiksek
hesaplama giicii ve uzmanlik gerektirir. Buna karsilik, deterministik yontemler daha
erisilebilir, uygulanmasi ve siirdiiriilmesi daha kolaydir; bu da onlar1 orta ve kiigiik

Olcekli gida tiretim tesisleri i¢in uygun hale getirir.

Calisma ayrica gida iiretim ortamlarinda goriintii islemenin karsilastigi 6zel
zorluklara dikkat ¢ekmektedir. Aydinlatma degiskenligi, iiriin hareketi ve {iriin
cesitliligi gibi faktorler otomatik denetimlerin dogrulugunu etkileyebilir. Bu zorluklar,
aydinlatma kosullarina uyum saglayan yerel esikleme gibi uyarlanabilir tekniklerle ele
alinmis; boylece arastirmanin performansi daha dayanikli hale getirilmistir ve alandaki

karmasikliklar kapsamli sekilde anlasilmistir.

Sonu¢ olarak, bu tez, makine Ogrenmesi igermeyen gorlintii isleme
tekniklerinin gida endiistrisinde kalite kontrol agisindan Onemli faydalar
saglayabilecegini gostermektedir. Bu faydalar arasinda kusur ve kirlenmelerin daha iyi
tespiti, insan hatasinin azaltilmasi ve operasyonel verimliligin artirilmasi yer alir.
Sistemin uyarlanabilirligi ve diisiik hesaplama yiikii, onu kalite kontrol siireclerini

modernize etmek isteyen {ireticiler i¢in pratik ve uygulanabilir bir ¢6ziim haline getirir.

Anahtar Kelimeler: Gériintii isleme, Kalite Kontrol, Gida endiistrisi, Akilh
Gozliikk (Epson BT-350), Gercek Zamanh Denetim, Azure Vision.

2025, 74 sayfa



ABSTRACT

M.Sc. Thesis

Ali Burak Ceylan
Manisa Celal Bayar University
Graduate School
Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Oviing OZTURK

Traditional quality control methods in the food industry are mostly manual,
leading to significant challenges such as variability of results, human error, and limited
scalability. As the industry shifts towards automation and digitization, the potential of
image processing as a solution for enhancing quality control processes becomes
increasingly evident. This study is dedicated to applying deterministic image
processing techniques, specifically those not involving machine learning algorithms,
to streamline quality inspections in food production. The appeal of this approach lies
in its simplicity, lower computational requirements, and ease of integration into

existing production systems.

Deterministic image processing, which employs defined algorithms for specific
tasks, offers predictable and repeatable results. This thesis delves into techniques such
as thresholding (including global and adaptive methods), edge detection (using
operators like Sobel and Canny), and morphological processing to identify defects,
contaminants, and structural inconsistencies in food products. Applying such methods
ensures consistent quality checks and significantly reduces the reliance on human
inspectors, thereby minimizing oversight and human error. For instance, thresholding
allows for the segmentation of objects from the background, making it an essential tool
for detecting surface anomalies and contamination. Edge detection methods facilitate
the identification of product shapes and possible irregularities, contributing to more
accurate quality assessments. Accordingly, no custom algorithm was written. Instead,
reports were generated using Azure’s Custom Vision API based on the captured

images.

The research methodology involves using Epson BT-350 smart glasses

integrated with a custom-built Unity application for real-time image capture and

Vi



analysis. Operators inspected pre-determined high-risk zones, collecting images
processed using rule-based algorithms. These deterministic methods were chosen for
their effectiveness in real-time applications, where processing speed and reliability are
critical. The results from initial trials indicated that this system could accurately detect
surface-level defects and contamination, with error rates reduced by up to 30%
compared to manual inspections. This significant improvement not only highlights the
potential for substantial cost savings but also underscores the enhanced operational

efficiency that can be achieved through the use of deterministic image processing.

One of the key findings of this research is the feasibility of implementing
deterministic image processing methods in routine quality control without the need for
complex machine learning models. While machine learning can offer adaptive and
highly accurate solutions, it often requires extensive training data, higher
computational resources, and specialized model development and maintenance
expertise. In contrast, deterministic methods are more accessible and easier to
implement and maintain, making them suitable for mid-sized and smaller food

production facilities.

This study also underscores the importance of understanding the specific
challenges associated with image processing in a food production environment.
Factors such as lighting variability, product movement, and diverse product types can
affect the accuracy of automated inspections. By addressing these challenges and
implementing adaptive techniques, such as local thresholding, which adjusts to
changes in lighting conditions, the research ensures more robust performance,

providing a comprehensive understanding of the complexities in the field.

In conclusion, this thesis contributes to the field by demonstrating that non-
machine learning-based image processing techniques can substantially benefit quality
control in the food industry. These benefits include improved detection of defects and
contamination, reduced human error, and enhanced operational efficiency. The
system's adaptability and low computational overhead make it a promising and,
importantly, practical and feasible solution for food manufacturers looking to

modernize their quality control processes without significant infrastructure changes.

Vi



Keywords: Image Processing, Quality Control, Food Industry, Smart Glasses
(Epson BT-350), Real-Time Inspection, Azure Vision.
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1. Introduction

Ensuring consistent, accurate, and efficient quality control remains one of the
most critical challenges in the food industry. As production volumes increase and
regulatory standards tighten, traditional manual inspection methods—Ilong relied upon
for identifying defects, contaminants, and inconsistencies—are increasingly proving
inadequate. Manual inspections are prone to human error, fatigue, subjectivity, and
scalability limitations, especially in high-speed production environments where rapid
and objective decision-making is essential. At the same time, machine learning-based
image processing systems, while powerful, often require extensive training datasets,
high computational resources, and continuous model retraining, making them
impractical or cost-prohibitive for many food producers, particularly small and mid-

sized enterprises.

In response to these challenges, this thesis presents a structured, evidence-
based investigation into the practical applications of deterministic image processing
for food quality control. Deterministic approaches rely on predefined, mathematically
grounded algorithms—such as thresholding, edge detection, and morphological
processing—to evaluate visual characteristics in food products. These methods offer a
compelling balance between accuracy, computational efficiency, and real-time
performance. Unlike machine learning solutions, deterministic image processing does
not require large and labeled datasets or specialized hardware, and yet it can deliver

highly consistent, repeatable, and objective inspection outcomes.

The motivation behind this research is twofold. First, it aims to demonstrate
that deterministic image processing provides a viable, cost-effective alternative to both
manual inspections and computationally intensive machine learning models. Second,
it seeks to establish a scalable automation framework that is accessible to food
manufacturers of varying sizes, ensuring that industry-wide adoption of automated
quality control does not remain limited to organizations with significant financial or

technological resources.

A key contribution of this study is its emphasis on automation. Deterministic
image processing minimizes reliance on human inspectors, reducing variability caused
by subjective judgment and operator fatigue. By enabling real-time, rule-based

inspection, deterministic methods support consistent quality standards across



production batches and align with global trends toward smart manufacturing and
Industry 4.0. Moreover, the integration of emerging technologies—such as augmented
reality (AR) smart glasses—further enhances operator capabilities by providing visual
overlays, instant feedback, and streamlined data capture without introducing system

complexity.

Beyond automation, this research highlights the importance of consistency,
objectivity, and regulatory compliance. Deterministic algorithms ensure that each
product is evaluated using standardized criteria, thereby reducing the risk of
inconsistent inspections and supporting compliance with stringent food safety
regulations enforced by agencies such as the FDA and EFSA. With quantifiable,
traceable, and verifiable inspection outputs, deterministic image processing
strengthens quality assurance frameworks and helps minimize the likelihood of

product recalls, safety issues, and legal liabilities.

The practical implications of this study extend to multiple stakeholder groups.
Food manufacturers gain an affordable and scalable alternative to machine learning-
based systems; quality assurance professionals benefit from standardized, automated
inspection capabilities; compliance officers can rely on rule-based, measurable
decision criteria; and technology developers acquire a robust foundation for building
lightweight, deployable inspection tools. The research also positions deterministic
image processing as a pathway toward future innovations, including hybrid inspection
models that selectively integrate machine learning components, multispectral imaging
for enhanced defect detection, and broader applications across other industrial

domains.

Ultimately, the significance of this thesis lies in its demonstration that high-
performance automated quality control does not require complex or resource-intensive
Al frameworks. Instead, deterministic image processing offers a scientifically
rigorous, technically practical, and economically accessible solution capable of
transforming inspection processes across the food industry. By bridging the gap
between manual inspections and advanced Al-driven systems, this work contributes to

a more efficient, safer, and technologically progressive food production ecosystem.

The remainder of this thesis is organized into a series of chapters that

systematically develop the theoretical background, technical methodology, and



experimental findings of the study. Chapter 2 examines the importance of quality
control in the food industry, outlining regulatory requirements and common
operational challenges. Chapter 3 discusses the limitations of traditional manual
inspection methods, establishing the motivation for automated solutions. Chapter 4
presents an overview of image processing principles and core techniques relevant to
industrial inspection. Chapter 5 explores frequently used image processing methods—
such as thresholding, edge detection, and morphological operations—and evaluates
their applicability to food quality assessment. Chapter 6 identifies the primary
technical challenges encountered when applying image processing in food production
environments. Chapter 7 highlights practical applications of image processing in
quality control, supported by literature and real-world examples. Chapter 8 compares
deterministic and machine-learning-based inspection strategies, emphasizing their
advantages and limitations. Chapter 9 details the materials, hardware, software
environment, and workflow used in the experimental system developed for this study.
Chapter 10 presents the experimental results, including performance evaluations, user
feedback, and comparative analyses. Finally, the thesis concludes with a summary of

key findings and recommendations for future research directions.



2. The Importance of Quality Control in the Food Industry

The food industry is pivotal in global economic stability and public health.
High-quality food production is critical for consumer safety and compliance with
stringent regulatory standards. Contamination, inconsistencies, and defects in food
products can lead to severe consequences, including health hazards, financial losses,
and reputational damage for manufacturers. Quality control (QC) is the foundation for
food safety, compliance, and consumer trust, making it a fundamental aspect of food

production.

2.1. The Necessity of Quality Control in Food Production

Food safety and quality control are essential to maintaining the integrity of the
food supply chain, from raw material sourcing to final product distribution. Several
regulatory bodies and international organizations, such as the Food and Agriculture
Organization (FAO), the World Health Organization (WHO), the U.S. Food and Drug
Administration (FDA), and the European Food Safety Authority (EFSA), impose strict
guidelines to ensure that food products meet quality and safety standards. These
regulations require food manufacturers to implement preventive measures, systematic
inspections, and corrective actions to mitigate risks associated with contamination,

mislabeling, and defects.

Beyond regulatory compliance, product quality also strongly influences
consumer trust and brand reputation. Increasing awareness about foodborne illnesses,
allergens, and sustainability has heightened consumer expectations for transparency,
quality assurance, and traceability in recent years. Recurring food safety scandals, such
as contamination with pathogens like Salmonella or Listeria monocytogenes, reinforce
the need for robust quality control mechanisms. Consumers demand clear labeling,
consistent product quality, and assurances that food has been handled under hygienic

conditions.

Food manufacturers must implement reliable and advanced quality control
measures beyond traditional manual inspections to meet these demands and
incorporate technological innovations such as image-processing-based automated

inspection systems.



2.2. Challenges in Ensuring Effective Quality Control

Implementing effective quality control in the food industry presents multiple
challenges, as food products are diverse, perishable, and susceptible to contamination

at various stages of production. Some of the key challenges include:

Product Variability and Complexity: Unlike manufactured goods with fixed
dimensions and uniform characteristics, food products can vary significantly in size,
shape, color, and texture. This variability complicates quality assessment and

standardization.

Environmental Factors and Production Conditions: Food processing environments
are dynamic and complex, with fluctuations in temperature, humidity, and handling
conditions that can affect product quality. Ensuring consistency under varying

production conditions requires adaptive quality control mechanisms.

Detection of Contaminants and Defects: Some defects and contaminants are not easily
visible to the human eye. Microbial contamination, chemical residues, and foreign
particles (such as plastic or metal fragments) often require advanced detection

methods.

Scalability and Efficiency: Traditional inspection methods struggle to keep up with
high-speed production lines. As food production scales up to meet market demand,
quality control systems must evolve to maintain high inspection accuracy without

slowing down operations.

These challenges underscore the need for automated quality control solutions,
particularly image processing techniques, which offer precision, speed, and scalability

in detecting defects, contamination, and inconsistencies.

2.3. Advancements in Image Processing for Quality Control

As the food industry embraces digital transformation, image processing has
become a powerful tool for automated quality inspection. Image processing involves
capturing, analyzing, and interpreting visual data to assess product quality, detect
irregularities, and ensure compliance with safety standards. Advantages of image

processing in food quality control includes:



Enhanced Accuracy: Image processing systems can analyze microscopic details in
food products, detecting irregularities, contamination, and inconsistencies more

precisely than human inspectors.

Speed and Efficiency: Automated image-based quality control systems can inspect
thousands of products per hour, maintaining high accuracy without slowing

production.

Non-Destructive Testing: Unlike some traditional quality control techniques that
require physical contact or sampling, image processing allows for non-invasive

inspections, preserving the integrity of food products.

Consistency and Objectivity: Unlike human inspectors, image processing systems
apply predefined algorithms, ensuring consistent and objective evaluations across all

production batches.

Several image processing techniques are widely applied in food quality

assessment including:

Thresholding: Segment objects from the background and detect size variations, shape

inconsistencies, and foreign objects.

Edge Detection: Methods such as Sobel and Canny filters identify shape irregularities

and surface defects.

Morphological Processing: Helps refine image structures and remove noise,

improving the accuracy of quality assessments.

These automated inspection techniques reduce reliance on manual labor, improve

traceability, and ensure that only high-quality products reach consumers.



3. Limitations of Traditional Inspection Methods

Traditional quality control methods in the food industry have relied mainly on
manual inspections conducted by trained personnel. While human inspection can be
practical, particularly in identifying visible defects and contaminants, it is inherently
limited by subjectivity, fatigue, and processing inefficiencies. In a highly competitive
and regulated industry where precision and consistency are paramount, these

limitations introduce significant risks to food safety and quality assurance.

3.1. Human Error and Fatigue in Manual Inspections

One of the most critical limitations of manual inspection is human error, which
can influence fatigue, concentration lapses, and environmental conditions. Quality
control personnel must perform repetitive, visually demanding tasks for extended
periods, increasing the likelihood of overlooking defects, contamination, or
inconsistencies. Studies have shown that error rates in manual inspections rise
significantly when workers are exposed to long shifts without breaks, particularly in

high-speed production environments.

Unlike automated systems that maintain consistent performance throughout
production, human inspectors are susceptible to fluctuations in judgment and attention.
As production lines become faster and more complex, the risk of human oversight

increases, leading to potentially hazardous products reaching consumers.

Prolonged manual inspection inevitably degrades human performance, and its
impact on decision-making is both well-documented and operationally significant.
Extended exposure to fast-moving products reduces visual acuity, making subtle
defects increasingly difficult to detect as the shift progresses. Cognitive fatigue further
contributes to declining focus; numerous human-factors studies indicate that attention
reliability drops sharply after the first hour of repetitive visual inspection, resulting in
a measurable rise in oversight and missed anomalies. Moreover, human judgment is
inherently variable—inspectors may unintentionally apply inconsistent evaluation
criteria, causing fluctuations in pass/fail decisions and undermining overall quality

assurance integrity.

These limitations clearly demonstrate why relying exclusively on manual
inspection introduces unacceptable variability into modern production environments.

Automated, rule-based systems eliminate fatigue-induced errors, enforce consistent



evaluation standards, and maintain high-precision detection capabilities regardless of
operational duration, thereby significantly enhancing the reliability and accuracy of

quality assessments.

3.2. Inconsistency and Subjectivity in Inspections

Another major limitation of manual inspection is subjectivity, as different
inspectors may interpret quality standards differently, leading to variability in defect
detection. Factors such as lighting conditions, inspector experience, and cognitive
biases can significantly influence inspection outcomes, resulting in inconsistent
product quality across batches. Challenges associated with subjective quality

assessments include:

Inconsistent Classification of Defects: Inspectors may categorize the same defect

differently, leading to non-uniform acceptance criteria.

Cognitive Biases: Human inspectors may develop biases over time, particularly if they
inspect similar products daily. This can lead to desensitization to minor defects or over-

scrutiny of less significant irregularities.

Difficulty Detecting Subtle or Microscopic Defects: Manual inspections rely on naked-
eye assessments, which are inadequate for identifying tiny contaminants, bacterial

growth, or internal defects.

As global food safety standards tighten, relying on human-based inspections
introduces significant risks to manufacturers, including product recalls, legal penalties,
and damage to consumer trust. These factors make adopting automated image
processing techniques that provide standardized, objective, and repeatable quality
assessments imperative. The potential risks of human-based inspections, such as
overlooking defects due to fatigue or subjectivity, further underscore the need for

automated solutions.

3.3. The Inefficiency of Manual Inspections in Fast-Paced Production

With the food industry operating at increasingly high production speeds,
manual inspections struggle to keep pace with demand, resulting in bottlenecks, higher
costs, and potential quality compromises. Unlike automated quality control systems,
which can analyze thousands of items per hour, manual inspection remains labor-

intensive and slow, making it difficult to scale production while maintaining consistent



quality. Key limitations of human-based mspections in fast-paced production lines

include:

Inability to Inspect Every Product: Human inspectors can only evaluate a fraction of

the total output, increasing the risk of defective products bypassing quality control.

Time-Intensive Decision-Making: Unlike automated systems, which make
instantaneous pass/fail decisions, human inspectors require several seconds per

product, slowing down the overall inspection process.

Increased Labor Costs: High-speed production lines require multiple inspectors to
keep up with demand, leading to higher operational costs without a proportional

increase in accuracy.

This comparison highlights the apparent disadvantages of manual inspections
and emphasizes the numerous benefits of automated image processing for modern food
production. These benefits include higher accuracy, faster throughput, and cost-

effective scalability, making it a necessary upgrade for food manufacturers.

3.4. The Need for More Reliable and Consistent Quality Control Approaches

The limitations of manual inspections in the food industry present significant
challenges for manufacturers trying to maintain high-quality standards while ensuring
efficiency. These shortcomings—human error, subjectivity, slow processing, and
scalability issues—increase the likelihood of defective or unsafe products reaching

consumers. The main takeaways are as follows:

- Human inspections are unreliable due to fatigue, variability, and subjectivity.

- Manual quality control is too slow to keep up with high-speed production lines.

- Automated image processing is a necessary upgrade for food manufacturers
seeking higher accuracy, faster throughput, and cost-effective scalability.

- With the growing demand for standardized, error-free, and scalable quality
control solutions, the transition to automated inspection systems—particularly
those utilizing image processing techniques—is essential for the future of food

quality assurance.

In the next section, this thesis will explore how image processing has emerged
as a transformative solution in addressing these limitations, providing a more reliable

and objective approach to food quality control.



4. Overview of Image Processing

Image processing is a broad and interdisciplinary field that involves the
acquisition, enhancement, analysis, and interpretation of digital images to extract
meaningful information. It plays a crucial role in automating visual inspection tasks,
enabling industries to achieve higher accuracy, efficiency, and reliability in their

processes [1].

Image processing has become an essential tool for quality control and defect
detection in the food industry. It offers a noninvasive, real-time, and automated
approach to ensuring product consistency and safety. By leveraging image processing
techniques, manufacturers can eliminate subjectivity, reduce the limitations of human
inspection, and increase scalability in food production lines. Image processing delivers

several critical benefits for industrial applications, including:

- Non-Invasive Inspection: Image processing allows for quality assessment
without physical contact, preserving the integrity of food products.

- Automation and Consistency: Image processing provides repeatable and
objective evaluations, unlike manual inspections.

- Real-Time Processing: Advanced computer vision algorithms enable instant
defect detection and sorting of defective products.

- Scalability: Image-processing techniques can be integrated into high-speed

production lines, ensuring continuous quality monitoring.

The increasing reliance on artificial intelligence (Al) and machine vision systems
has expanded the scope of image processing, making it a cornerstone of modern
industrial automation. However, this study focuses on deterministic image processing
methods, which offer computational efficiency and reliability without the complexity

of machine learning models.

4.1. Historical Context and Evolution of Image Processing

The field of image processing has evolved significantly over the past few decades.
Early image processing applications were primarily used in medical imaging and
satellite image analysis, where visual data was enhanced to improve interpretation and
decision-making. With advancements in digital computing, image processing

techniques were refined and expanded into industrial applications, including
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manufacturing, automotive safety, medical diagnostics, and food quality control.

Milestones in the development of image processing can be outlined as follows:
1960s-1970s:

- Development of basic image enhancement techniques, such as contrast
stretching and histogram equalization.

- Introduction of edge detection and segmentation algorithms for feature
extraction.

1980s-1990s:

- Advancement of morphological operations and real-time image analysis.
- Early adoption of computer vision in quality control systems, particularly in

manufacturing and food inspection [2].
2000s-Present:

- Emergence of high-resolution digital cameras and hyperspectral imaging.
- Integration of Al-driven image processing for automated defect detection.
- Miniaturization of embedded vision systems for real-time industrial

automation [1].

The rapid evolution of hardware capabilities, image processing algorithms, and
machine learning techniques has led to widespread adoption in automated industrial

inspection systems, revolutionizing quality control in food production.

4.2. Fundamental Principles of Image Processing

At its core, image processing consists of several fundamental techniques that
enable extracting helpful information from digital images. These techniques form the
basis for automated quality inspection in the food industry.

Image Acquisition: The first step in image processing involves capturing digital
images using various sensors, including cameras, infrared scanners, and hyperspectral
imaging devices. The choice of acquisition method depends on the nature of the
inspection task, such as:

-  RGB cameras for color-based defect detection (e.g., ripeness assessment of
fruits).
- Infrared cameras for moisture detection in food processing.

- X-ray imaging for detecting foreign objects inside packaged foods [2].
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Preprocessing and Enhancement: Raw images often contain noise, uneven lighting,
or distortions that must be corrected before further analysis. Standard preprocessing
techniques include:
- Noise Reduction: Filters such as Gaussian smoothing remove unwanted
artifacts.
- Histogram Equalization: Enhances image contrast to improve feature
visibility.
- Color Normalization: Adjusts brightness and hue inconsistencies for better
defect detection.
Feature Extraction and Segmentation: Feature extraction focuses on identifying
relevant information within an image, while segmentation divides the image into
meaningful regions for analysis. Key techniques include:
- Thresholding (Otsu’s Method): Differentiates objects from the background
based on intensity values.
- Edge Detection (Sobel, Canny Operators): This technique identifies the
boundaries of objects to detect defects such as cracks or irregularities.
- Morphological Processing: Enhances structures within an image by removing
noise, filling gaps, or refining object contours [1].
Object Recognition and Classification: Once the features are extracted, object
recognition algorithms classify food items based on predefined criteria. Deterministic
methods use rule-based classification, such as:
- Size Filtering: Ensuring that only uniform-sized products pass quality control.
- Color-Based Sorting: 1dentifying products that meet specific color thresholds.

- Shape Matching: Detecting irregularities in packaging or food structure.

These techniques provide a robust, fast, and computationally efficient means of

automated quality inspection, making them ideal for real-time industrial applications.

4.3. Levels of Image Processing

Image processing consists of multiple hierarchical stages, each performing
specific operations to extract, enhance, and interpret visual information. These stages
range from basic pixel-level adjustments to advanced image analysis techniques,
allowing for automated quality control system decision-making. The categorization of

image processing into three primary levels—low-level, intermediate-level, and high-
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level processing—provides a structured approach to handling image-based data for

industrial applications, including food quality inspection [3].

Low-Level Processing: Low-level image processing constitutes the foundational stage
of an image-based inspection system, focusing on image acquisition and pre-
processing. Its main purpose is to produce clear, distortion-free images suitable for
subsequent analysis by enhancing image quality, reducing noise, correcting

distortions, and normalizing intensity levels.

Key techniques include image acquisition—using sensors such as RGB cameras,
infrared systems, X-ray scanners, or hyperspectral devices—while ensuring proper
illumination, resolution, and focus. Noise reduction methods such as Gaussian filtering
and median filtering help eliminate pixel-level variations caused by sensor errors or
inconsistent lighting. Geometric corrections address distortions arising from lens
aberrations or perspective issues through techniques like affine transformations and
homography adjustments. Contrast and intensity normalization methods, including
histogram equalization and adaptive contrast stretching, improve feature visibility and

ensure consistent image brightness.

In food quality control, low-level processing plays a crucial role by ensuring that
images used for defect detection and feature extraction are clear and standardized. It
supports color consistency for tasks such as ripeness assessment and contamination
detection [3] and reduces false positives and negatives in later segmentation and

classification stages.

Intermediate-Level Processing: Intermediate-level processing comprises advanced
operations designed to identify structures, objects, and regions of interest within an
image, enabling the division of an image into meaningful components for further
analysis. This stage relies heavily on segmentation techniques such as thresholding
(e.g., Otsu’s method), edge-based segmentation using Sobel and Canny operators to
detect boundaries, and region-growing methods [2][4] that group similar pixels into
coherent areas. Once segmented, objects are represented and described mathematically
through feature extraction methods, including histogram-based descriptors for
analyzing color intensity, Fourier descriptors for shape analysis, and Haralick texture
features for identifying surface patterns on food products. Morphological processing

further refines these segmented regions by removing noise, filling gaps, and
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strengthening object boundaries through operations such as dilation, erosion, opening,

and closing.

In the context of food quality inspection, intermediate-level processing plays a critical
role in distinguishing defective items from acceptable ones by highlighting
irregularities in shape. It also supports real-time monitoring of product consistency by
detecting variations in size, color, and texture, while improving computational
efficiency by excluding irrelevant regions from analysis, thereby enabling faster and

more accurate defect classification.

High-level processing: High-level processing is the most advanced stage of image
analysis, focused on interpreting and classifying segmented objects to support
automated decision-making and defect recognition. At this level, image-processing
systems assess object features to detect defects, measure quality parameters, and
execute real-time pass/fail decisions in industrial environments. Key techniques
include object recognition and classification, where labels are assigned based on
characteristics such as shape, color, texture, and size. Rule-based classifiers—such as
feature matching, decision trees, statistical models, and geometric matching [2][4][5]
—compare extracted features against predefined templates or quality thresholds.
Defect detection and pattern recognition methods identify anomalies, contamination,
and structural defects using tools like blob analysis and template matching [6][7][8] to
evaluate products relative to ideal models. High-level processing also facilitates
automated sorting and decision-making by categorizing items into pass, rework, or
reject classes, enabling mechanical or robotic handling systems, and providing real-

time feedback to optimize quality control processes [9].

In the food industry, high-level processing supports applications such as detecting
foreign objects like glass, plastic, or metal fragments; classifying defects to distinguish
minor issues from critical failures; and performing automated grading and sorting of

products based on predefined quality standards.

Although many modern high-level image processing systems rely on machine learning
approaches—such as neural networks—to improve recognition accuracy, this study
focuses on deterministic methods for several important reasons. Deterministic

approaches require significantly less computational power, provide predictable and
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rule-based decision-making [4][5], and do not depend on large training datasets,

making them particularly suitable for small and medium-sized food manufacturers [9].

Image processing in food quality control progresses through three structured levels:
low-level processing for image acquisition and enhancement, intermediate-level
processing for segmentation and feature extraction, and high-level processing for
object classification and final decision-making. Each stage contributes to achieving

accurate, consistent, and reliable inspection outcomes.

This study places particular emphasis on deterministic techniques within the
intermediate and high-level stages to enable real-time, cost-effective quality control
without the added complexity of machine learning algorithms [2][3]. By applying
these methods, food manufacturers can improve defect detection, maintain compliance

with food safety standards, and enhance production efficiency.

4.4. Principles of Image Processing in Quality Control

The primary function of image processing in food inspection is to automate the
detection of product attributes, irregularities, and potential contaminants. This is
accomplished through well-defined image acquisition, enhancement, and analysis
techniques, allowing precise and repeatable quality assessments. Key steps in Image-

Processing-Based Quality Control can be listed as follows:

Image Acquisition: High-resolution cameras and optical sensors capture images of
food products in real time. These images may be obtained using visible light, infrared,

or hyperspectral imaging techniques, depending on the inspection requirements.

Preprocessing and Enhancement:. The captured images undergo contrast
enhancement, noise reduction, and normalization to improve clarity and highlight

defects or contaminants.

Feature Extraction: Critical product attributes such as color, texture, shape, and size

are extracted to evaluate compliance with quality standards.

Defect Detection and Classification: Advanced image analysis techniques identify
surface irregularities, contamination, or size variations, allowing defective products to

be flagged for removal.
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Decision-Making and Sorting: Based on the analysis, automated sorting systems can
separate defective items from acceptable ones, reducing human intervention and

ensuring consistent quality control.

By leveraging these systematic image-processing steps, food manufacturers
can enhance quality inspections' speed, accuracy, and reliability while minimizing

waste and recall risks.

4.5. Future Trends in Image Processing for Quality Control
As technology advances, image processing in food quality control evolves with
more sophisticated algorithms and hardware innovations. Some of the key future

trends include:

Al-Enhanced Image Processing: Integration of machine learning models to improve

pattern recognition and anomaly detection.

Multi-Spectral and Hyperspectral Imaging: Development of high-resolution, multi-

wavelength imaging systems for enhanced contaminant detection.

Integration with Robotics:_Automated sorting and removal of defective products using

robotic vision systems.

Edge Computing for Real-Time Processing: Implementation of edge Al processors for

instant decision-making on production lines.

These innovations will enhance image-based food quality control systems'
accuracy, efficiency, and intelligence, making food safety measures more robust and

reliable.
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5. Common Techniques in Image Processing for Quality Control

The application of image processing in quality control relies on various
computational techniques that enhance image clarity, extract critical features, and
enable automated decision-making. Each method serves a distinct role in ensuring
accurate defect detection, object classification, and process optimization within
industrial settings. The food industry, in particular, benefits from real-time image
analysis, enabling manufacturers to identify defects, contaminants, and inconsistencies

at an early stage [1].

This section explores three fundamental image-processing techniques widely
used in food quality inspection systems: thresholding, edge detection, and

morphological operations.

5.1. Thresholding

Thresholding is one of the simplest yet most effective image-processing
techniques for image segmentation. It differentiates objects from the background based
on pixel intensity levels. By applying a threshold value, pixels are classified into

foreground (object) or background categories.

Global thresholding applies a single, fixed intensity threshold across the entire image,
classifying pixels above the threshold as objects and those below it as background.
While this method is straightforward, it may be limited in environments with uneven
lighting. Otsu’s method, an adaptive global thresholding technique, automatically
determines the optimal threshold by minimizing intra-class variance. It is particularly
effective when the image histogram exhibits a bimodal distribution, such as in quality
control scenarios distinguishing defective from non-defective food products [10]. In
contrast, adaptive thresholding computes threshold values locally for different regions
of the image, making it highly effective for handling variable illumination and non-

uniform lighting conditions.

Thresholding techniques play an essential role in various food quality control
applications, including defect detection in fruits and vegetables by distinguishing
blemished areas from normal surfaces, identifying foreign contaminants that contrast
with the surrounding food material, and analyzing moisture levels in baked goods

through grayscale intensity variations. Owing to its simplicity, processing speed, and
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effectiveness in producing clear binary segmentations, thresholding remains one of the

foundational methods used in industrial image processing for quality assessment.

5.2. Edge Detection

Edge detection is a technique used to identify object boundaries and
discontinuities in an image. It plays a crucial role in shape analysis, defect localization,

and structural verification in quality control systems [1].

Common edge detection techniques play a critical role in analyzing the geometric and
structural properties of food products. The Sobel operator uses discrete differentiation
filters to compute horizontal and vertical intensity gradients, effectively highlighting
regions with significant intensity changes and helping define product shapes. The
Canny edge detector applies a multi-stage process—Gaussian smoothing for noise
reduction, gradient calculation, non-maximum suppression, and hysteresis
thresholding—to detect fine, well-connected edges while minimizing false detections,
making it highly suitable for detailed quality control tasks. The Laplacian of Gaussian
method identifies second-order intensity variations, enabling the detection of subtle
surface imperfections. In food quality control, these edge detection methods are used
to identify cracks in eggshells and baked goods, detect bruises and shape irregularities
in fruits and vegetables, and verify packaging shape and seal integrity. Collectively,
edge detection provides a consistent and structured approach to shape analysis,

ensuring products comply with predefined geometric and structural standards.

5.3. Morphological Operations

Morphological operations, thorough and precise, are shape-based
transformations applied to binary or grayscale images. These operations refine
segmented regions by removing noise, filling gaps, and enhancing object structures,

ensuring the highest level of accuracy in food quality control.

Morphological techniques play a vital role in refining segmented images and
enhancing the accuracy of food quality assessments. Dilation expands object
boundaries by adding pixels, making it useful for bridging small gaps within
segmented regions. Erosion performs the opposite operation by removing pixels from
object boundaries, effectively eliminating minor noise artifacts such as specks or
irregularities that could interfere with analysis. Combining these operations produces

more specialized techniques: opening, which applies erosion followed by dilation to

18



remove small noise points while preserving the overall structure of objects, and
closing, which uses dilation followed by erosion to fill small holes and gaps within
objects, improving the completeness of segmented food items. In food quality control,
morphological operations support more accurate defect detection by removing
unwanted noise, improve segmentation precision for tasks such as seed counting and
grain quality assessment, and assist in evaluating the structural integrity of food
packaging. These techniques are essential for refining image features and ensuring

reliable, high-quality inspection results.

5.4. Comparative Analysis of Image Processing Techniques

Each of the discussed techniques addresses specific challenges in food quality

control. Table 5.1 highlights their comparative strengths and applications.

Technique Key Strength Common Application Area

Thresholding Fast and simple Defect detection, contamination,
segmentation moisture analysis

Edge Detection = Shape accuracy and Crack detection, bruises,
structural analysis packaging seal integrity

Morphological ~ Noise removal and structure Segmentation accuracy, structural

Operations enhancement quality, seed counting

Table 5.1. Summary of Key Deterministic Image Processing Techniques and Their

Applications.

These techniques are often combined in industrial food quality control to
ensure high-precision inspections. Integrating thresholding, edge detection, and
morphological processing enables food manufacturers to automate quality control
processes with high accuracy. Each technique contributes unique capabilities, making
them essential for real-time defect detection, object classification, and contaminant

identification.

19



This study focuses on deterministic image processing techniques, which are
based on fixed mathematical rules and provide computational efficiency and
predictable performance. This makes them suitable for industrial applications where
machine learning models are impractical. In subsequent sections, we will explore their
real-world implementations, demonstrating how they contribute to enhanced food

safety and quality assurance.
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6. Challenges in Image Processing for the Food Industry

The application of image processing in the food industry has significantly
improved quality control, defect detection, and automation. However, despite its
advantages, several technical and operational challenges must be addressed to ensure
reliable, scalable, and real-time implementation. These challenges arise due to the
inherent variability of food products, environmental factors, and the stringent demands

of high-speed production lines [11].

This section explores the primary challenges associated with image processing

in the food industry and discusses potential solutions for overcoming these limitations.

6.1. Variability in Product Appearance

One of the most significant challenges in food quality inspection is the high
variability in the appearance of food items. Unlike manufactured products, which have
standardized dimensions and characteristics, food items such as fruits, vegetables,

meat, and baked goods exhibit natural variations in:

- Color: Differences in ripeness, moisture content, and storage conditions affect
color consistency.

- Shape and Size: Variability in natural products complicates segmentation and
object recognition.

- Texture: Surface irregularities, bruises, and defects are inconsistent and non-

uniform [11].

Variability in food products significantly affects image processing
performance. Thresholding-based segmentation can fail when color variations within
the same product category are too high, making it difficult to distinguish defects from
natural appearance differences. Edge detection algorithms also face challenges when
dealing with irregular shapes or natural surface deformations commonly found in
fruits, vegetables, and baked goods [12]. Additionally, feature extraction becomes
increasingly complex as statistical models must account for a wide range of visual

variations.

To address these limitations, several strategies can be employed. Adaptive
thresholding techniques adjust threshold values dynamically based on local pixel
intensity distributions, improving segmentation under uneven lighting conditions.
Shape-invariant feature extraction methods, which rely on geometric normalization,
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help reduce the impact of size and orientation differences on detection accuracy.
Furthermore, multispectral and hyperspectral imaging, including infrared modalities,
can reveal hidden defects and provide biochemical information that traditional RGB
cameras may not capture. These approaches collectively enhance the robustness and

reliability of image processing in food quality control.

6.2. Lighting Conditions and Environmental Variability

Lighting plays a crucial role in image processing accuracy. Variations in
illumination caused by shadows, reflections, or ambient light changes can significantly

impact image segmentation and feature extraction.

Lighting conditions have a substantial impact on image processing accuracy.
Overexposure or underexposure can lead to incorrect defect classification, while
reflections on moist surfaces—such as fresh fruits or meat—may generate false edges
in edge detection algorithms. Non-uniform illumination across an inspection conveyor
can further result in inconsistent detection performance, reducing overall reliability in

automated quality control systems [3].

Several solutions can mitigate these issues. Controlled illumination setups,
including uniform LED panels and diffuse lighting, help minimize reflections and
provide stable, even lighting. Image normalization techniques—such as histogram
equalization and adaptive contrast enhancement—can also compensate for lighting
variations and enhance consistency. In addition, infrared and hyperspectral imaging
reduce dependence on ambient lighting by capturing information from non-visible
spectral ranges. By combining controlled lighting environments with advanced
normalization methods, food inspection systems can maintain high accuracy even

under challenging environmental conditions [3].

6.3. Real-Time Processing Requirements

Food production lines operate rapidly, requiring real-time image analysis to
avoid bottlenecks and processing delays. Quality control must be instantaneous, as

food items move through inspection points within milliseconds.

Real-time image processing presents several challenges in industrial food
inspection systems. Advanced techniques such as deep learning and feature-based
segmentation often require substantial computational power, making real-time
deployment difficult. Hardware limitations can also impede performance, as high-
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speed conveyor belts demand cameras and processors capable of capturing and
analyzing fast-moving objects with high precision [1]. Additionally, the system must
deliver low-latency decisions to avoid production delays, requiring rapid classification

and immediate action based on inspection results [2].

To overcome these challenges, various strategies can be implemented.
Algorithmic optimization—particularly through the use of deterministic methods such
as thresholding and morphological operations—can significantly improve processing
speed by reducing computational complexity. Edge computing solutions, which rely
on embedded vision processors, enable on-site decision-making and reduce
dependence on cloud-based processing. Parallel processing approaches, including
multi-threading and GPU acceleration, further decrease the time required to analyze
each frame. By combining these optimizations with appropriate hardware
enhancements, food manufacturers can achieve fast, reliable, and real-time defect

detection even in high-speed production environments [2].

6.4. Contaminant Detection and False Positives

Natural food surface irregularities may sometimes be mistaken for defects,
leading to false positive detections. Similarly, some contaminants (e.g., bacteria,
pesticides) are not always visible, making it difficult to detect them using conventional

imaging techniques.

Contaminant identification poses several challenges in automated food
inspection systems. Foreign object detection often depends on contrast differences,
which can fail when contaminants share similar colors or textures with the surrounding
food material. Microbial contamination presents an even greater difficulty, as bacteria
and fungi typically require specialized imaging techniques that go beyond standard
visual inspection. Additionally, minimizing false positives is critical, since excessive

rejection of products leads to unnecessary waste and increased production costs [1].

Several approaches can help address these challenges. X-ray and hyperspectral
imaging enable the detection of foreign particles and internal defects by capturing
information from non-visible spectral ranges. Advanced texture analysis techniques—
such as wavelet transforms and frequency domain analysis—can distinguish natural
surface variations from actual contaminants. Hybrid approaches that combine multiple

image processing strategies, such as thresholding paired with machine learning

23



classifiers, can further enhance detection accuracy while keeping computational costs
manageable. By integrating specialized imaging modalities and multi-stage
classification methods, food manufacturers can significantly improve contaminant

identification while reducing false positives [1].

6.5. Scalability and Integration Challenges

Implementing image-processing-based quality control requires seamless
integration with existing production lines. However, many legacy food manufacturing

systems lack the infrastructure for advanced image analysis techniques.

Industrial deployment of automated image processing systems presents several
practical challenges. Many existing food production lines rely on older hardware that
may not be compatible with modern vision systems, creating integration difficulties.
High-volume image processing also generates substantial data, requiring efficient
storage and retrieval solutions to maintain workflow continuity. Additionally,
successful adoption depends on the workforce’s ability to operate, manage, and
troubleshoot automated inspection technologies, making training and adaptation

essential components of deployment.

Several strategies can help address these challenges. Modular and scalable
system designs enable gradual integration, allowing food production facilities to adopt
plug-and-play vision components without extensive infrastructure changes. Cloud-
based data management, combined with edge Al processing, facilitates efficient
handling, analysis, and storage of large datasets while supporting real-time decision-
making. Furthermore, interactive operator training programs can prepare factory
personnel to effectively use and maintain automated inspection systems, ensuring

smooth implementation and long-term operational success.

Ensuring scalability and integration compatibility allows food manufacturers
to transition smoothly into automated quality control without disrupting existing

workflows [2].

While image processing has revolutionized food quality control, several
technical and operational challenges must be addressed to ensure accuracy, efficiency,

and scalability. Key obstacles include:
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- Variability in product appearance, requiring adaptive segmentation and feature
extraction techniques.

- Lighting inconsistencies can be mitigated using controlled illumination setups
and image normalization methods.

- Real-time processing constraints necessitate optimized algorithms and parallel
processing strategies.

- Contaminant detection challenges can be improved through advanced imaging
modalities.

- Integration and scalability issues demand modular, flexible solutions for
factory adaptation.

- By leveraging deterministic image processing techniques and optimized
computational strategies, food manufacturers can overcome these challenges,
ensuring efficient and reliable automated quality control in high-speed

production environments [2][3][11].

The following sections of this thesis will explore practical implementations of
these solutions, showcasing real-world applications and experimental results from

automated food inspection systems.
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7. Applications of Image Processing in Quality Control

The integration of image processing in quality control has not just changed but
transformed modern manufacturing industries, enabling automated, high-speed, and
highly accurate inspection processes. Image processing ensures product integrity,
safety, and compliance with food production, pharmaceuticals, automotive, and
electronics regulatory standards. By leveraging deterministic image processing
techniques, manufacturers can enhance efficiency, reduce waste, and minimize human

error, ultimately improving the overall quality of their products [2].

This section delves into the pivotal role of image-processing applications in
quality control, specifically focusing on the food industry. The real-time detection of
defects and the contamination analysis, both crucial for ensuring food safety, are at the

heart of this exploration.

7.1. Defect Detection and Surface Quality Analysis

One of the primary applications of image processing in quality control is the
detection of product defects and surface inconsistencies. Defects may include physical
deformities, discoloration, cracks, or contamination that compromise product quality

and consumer safety.
Key Techniques Used:

- Thresholding: Helps identify color inconsistencies in food products, such as
spoiled fruits or overcooked baked goods.

- Edge Detection (Sobel, Canny Operators): Detects cracks, bruises, or
irregularities on product surfaces.

- Morphological Processing: Enhances defect visibility by removing noise and

refining object boundaries.
Example Applications:

- Fruit Sorting: Detecting bruises on apples, bananas, and citrus fruits.

- Eggshell Crack Detection: Identifying microfractures in eggs using high-
resolution imaging.

- Bakery Product Analysis: Ensuring uniform shape, color, and texture in bread

and pastry production.
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By implementing real-time defect detection, manufacturers can proactively
remove defective products before packaging, significantly reducing the likelihood of
customer complaints and returns. This instills confidence in the quality of the products

consumers receive.

7.2. Contaminant Detection and Food Safety Compliance

Food contamination poses a significant health risk, making automated
contaminant detection a critical image processing application in food quality control.
Unlike manual inspections, which are prone to human error, computer vision systems

can detect contaminants more accurately and consistently.
Key Techniques Used:

- X-ray Imaging: Identifies foreign objects such as plastic, glass, or metal in food
products.

- Hyperspectral Imaging Detects chemical contamination and spoilage by
analyzing spectral variations.

- Blob Analysis: Identifies unwanted particles or foreign substances in processed

foods [2].
Example Applications:

- Metal Fragment Detection in Packaged Foods: Ensuring that metal particles
from processing equipment are not present in final products.

- Pesticide Residue Analysis in Fresh Produce: Using hyperspectral imaging to
identify chemical contaminants.

- Microbial Contamination Assessment: Detecting early signs of mold, bacterial

growth, or spoilage in dairy and meat products.

By integrating image-based contaminant detection, food manufacturers can ensure
compliance with global food safety standards such as HACCP, FDA, and EFSA
regulations. This prevents recalls and ensures that consumers can trust the safety and

quality of the products they purchase.

7.3. Size, Shape, and Structural Integrity Analysis

Ensuring uniformity in size, shape, and structure is critical in food packaging,
manufacturing, and logistics. Image processing enables high-speed measurements and

classification, ensuring products meet predefined dimensional standards.
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Key Techniques Used:

- Geometric Shape Matching: Ensures products adhere to ideal branding and
consumer appeal shapes.

- Fourier Transform Analysis: Detects variations in shape that might be invisible
to the human eye.

- Edge and Contour Detection: Verifies structural integrity and packaging

consistency [1].
Example Applications:

- Automated Nut Sorting: Ensuring uniform size and shape of almonds, cashews,
and walnuts.

- Pasta and Noodle Quality Control: Detecting broken or misshaped pieces in
high-speed production lines.

- Biscuit and Cracker Inspection: Identifying misshapen or overbaked products.

Automated size and shape analysis offers manufacturers the benefits of ensuring
product consistency, reducing waste, and improving customer satisfaction. This

approach can be a game-changer in the food industry.

7.4. Barcode and Label Verification

Labeling errors can result in product misidentification, regulatory non-
compliance, and logistical issues. Image processing enables automated barcode
scanning and label verification, ensuring products are correctly labeled before

distribution.
Key Techniques Used:

- Optical Character Recognition (OCR): Reads text on packaging labels to
verify product details.

- Barcode and QR Code Scanning: This ensures that labels match the
product’s database records.

- Color and Logo Matching: Detects printing errors and packaging

inconsistencies [2].

Example Applications:
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- Expiration Date Verification: Ensuring that correct dates are printed on food
packaging.

- Allergen Label Compliance: Detecting missing allergen information on
packaging.

- QR Code Authentication: Confirming that QR codes on packaging are

functional and scannable.

By integrating automated label verification, manufacturers can effectively prevent
mislabeling issues and ensure strict compliance with food packaging regulations. This

is a crucial aspect of quality control in the food industry.

7.5. Sorting and Automated Grading Systems
Image processing has revolutionized automated sorting and grading systems,
allowing food manufacturers to categorize products based on predefined quality

parameters.
Key Techniques Used.:

- Color-Based Sorting: Uses thresholding algorithms to classify products based
on color uniformity.

- Texture Analysis: Identifies surface smoothness and consistency.

- Multi-Spectral Imaging: Classifies food products based on moisture levels and

freshness indicators.
Example Applications:

- Coffee Bean Grading: Sorting beans based on color, size, and defect presence.

- Meat Fat Content Analysis: Evaluating fat-to-protein ratios using infrared
imaging.

- Automated Vegetable Sorting: Categorizing tomatoes, peppers, and potatoes

based on ripeness and defects.

With real-time sorting and grading, image processing can significantly reduce
manual labor costs, improve classification accuracy, and enhance operational

efficiency. This is a key advantage for food producers.
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7.6. Packaging Inspection and Seal Integrity Analysis

Faulty packaging can lead to contamination, leakage, and spoilage in food
production. Image processing enables automated inspection of package integrity,

ensuring proper sealing and compliance with quality standards.
Key Techniques Used:

- Edge Detection and Contour Analysis: Verifies that seals and package edges
are intact.

- Infrared Imaging for Heat Seals: Detects improper sealing in vacuum-packed
foods.

- Bubble and Leak Detection: Identifies air bubbles or seal gaps in food
packaging [2].

Example Applications:

- Vacuum-Sealed Meat Inspection: Detecting leaks in plastic-sealed meat
products.

- Beverage Bottle Cap Verification: Ensuring that caps are adequately sealed and
aligned.

- Carton Package Integrity: Checking for structural defects in boxed products.

By integrating automated packaging inspection, manufacturers can ensure product

freshness, prevent leaks, and reduce recalls.

Image processing applications in quality control span defect detection,
contaminant analysis, product classification, barcode verification, automated sorting,
and packaging inspection. These technologies enhance efficiency, improve product

safety, and reduce reliance on manual labor.

By leveraging deterministic image processing techniques, manufacturers can
achieve real-time quality assessment without the computational overhead of machine

learning models [2].

This thesis will explore specific implementations and experimental results in
the following sections, demonstrating how image-processing-driven quality control

systems can be optimized for industrial-scale food production.
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8. Evaluating Deterministic and Machine Learning Techniques for Food Quality
Inspection

8.1. Deterministic Image Processing Methods

Deterministic image processing is grounded in rule-based algorithms that rely
on predefined mathematical operations to analyze image features such as color,
texture, edges, and shape. These methods are highly effective in applications with
well-defined inspection criteria that do not require adaptive learning mechanisms. Key

advantages of deterministic image processing include:

Predictability and Consistency.: Deterministic algorithms apply explicit mathematical
rules, ensuring that identical inputs always yield identical outputs. This consistency is
crucial in regulated quality control environments where standardization and

repeatability are mandatory.

Low Computational Requirements: These algorithms run efficiently on standard
hardware and embedded systems, unlike ML models that typically require powerful

GPUs or cloud-based infrastructures.

No Need for Training Data: Deterministic approaches do not rely on labeled datasets,

eliminating the need for data collection, annotation, and model training.

Ease of Implementation and Maintenance: Deployment does not require
hyperparameter tuning or ongoing retraining, making deterministic systems simpler to

integrate and maintain in real-time industrial environments.

Several well-established deterministic techniques enable fast and accurate

defect detection, contamination identification, and shape analysis:

Thresholding (e.g., Otsu’s Method): Separates foreground objects from the
background based on pixel intensities, often used to detect contaminants, spoilage

spots, and surface discoloration.

Edge Detection (Sobel, Canny): ldentifies intensity discontinuities to locate
boundaries, cracks, or shape irregularities—crucial for assessing the uniformity of

baked goods, fruits, and packaged items.

Morphological Operations: Clean and refine segmented regions by removing noise,
filling gaps, and enhancing structural integrity. These methods are highly effective for

identifying bruises, dents, and deformities.
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Collectively, these techniques offer high-speed, transparent, and computationally

efficient inspection capabilities suitable for real-time industrial use.

8.2. Machine Learning Techniques

Machine learning-based methods are increasingly used for complex quality
control tasks that require adaptive pattern recognition and high-dimensional feature
extraction. Unlike deterministic methods, ML systems learn from data and refine their
decision-making based on experience, allowing them to handle variability and subtle
defect characteristics that are difficult to define through explicit rules. Key

characteristics of machine learning-based image processing include:

Adaptability to Variability: ML models excel at detecting subtle or unpredictable

defects, spoilage indicators, and complex visual patterns.

High Computational and Data Requirements. Effective ML models typically require
large and labeled datasets and high-performance hardware for both training and

inference. Maintenance requires continuous updates, retraining, and dataset expansion.

Risk of Black-Box Behavior: Many ML models lack transparency in their decision-
making, which can be problematic in regulated industries that require full traceability

and explainability. ML-based approaches are most suitable for:
- highly variable product characteristics
- complex defect detection tasks
- large production facilities with computational resources

However, their challenges—cost, complexity, and data dependency—often

limit adoption in small and mid-sized food manufacturing operations.

8.3. Deterministic vs. Machine Learning-Based Image Processing

Both deterministic and machine learning—based image processing techniques
offer valuable capabilities for food quality control, but their suitability depends
significantly on operational constraints, inspection complexity, and available
resources. As summarized in Table 8.1, deterministic methods provide high
consistency, low computational demand, and complete explainability, making them

ideal for real-time and resource-limited environments. In contrast, machine learning
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approaches require extensive training data and significant computational power yet

excel in detecting complex or highly variable defect patterns.

Criteria

Consistency

Computational

Needs

Data Requirements

Explainability

Implementation

Ideal Use Case

Deterministic

Methods

High predictability, fixed

output

Low; runs

systems

on embedded

No training data needed

Transparent and traceable

Fast, low-cost,  minimal

maintenance

Real-time,

applications

cost-sensitive

Machine Learning

Methods

Output varies with data and

model state

High; requires GPUs/cloud

Requires  large  labeled

datasets

Often black-box and non-

explainable

Complex; requires

continuous updates

Complex or variable defect

detection

Table 8.1. Deterministic vs. Machine Learning-Based Image Processing.

Choosing the right image processing approach depends heavily on the specific

needs, constraints, and operational conditions of a food production environment.

Deterministic processing is especially well suited for real-time, low-latency

production lines, for manufacturers operating with limited budgets, and for regulated

settings that require fully transparent and traceable decision-making. In contrast,

machine learning is more appropriate in situations where defects are highly variable

or subtle, where multi-feature or multi-sensor analysis is necessary, or where large-

scale producers have access to extensive datasets and substantial computational

résources.
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In conclusion, while machine learning provides strong adaptability and
advanced pattern-recognition capabilities, deterministic image processing remains the
most practical and cost-effective solution for many food quality control applications—
particularly in cases where consistency, processing speed, and explainability are
essential. For these reasons, this thesis focuses on deterministic methods for their
reliability, efficiency, and scalability, while recognizing that future hybrid systems
integrating deterministic techniques with selective machine learning components hold

significant potential for enhancing food inspection performance.
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9. Materials and Methods
9.1. Overview of the Experimental Setup

This study aims to evaluate the effectiveness of deterministic image processing
techniques in automated food quality control systems. A comprehensive experimental
setup was designed and implemented to achieve this, integrating hardware and
software components that simulate real-world food production environments. The
system was built to facilitate high-speed image acquisition, real-time processing, and
defect classification, ensuring manufacturers can efficiently identify and remove

defective products.

Given the high demand for food safety and quality assurance, implementing
cost-effective and scalable image processing solutions has become essential for small-
scale and industrial-level food manufacturers. The experimental system was developed
with ease of integration in mind, allowing it to be deployed with minimal disruption
to existing workflows. The experimental setup was designed to meet the following key

requirements:

Real-time processing: The system must operate within the speed constraints of

industrial production lines.

Computational efficiency: Deterministic image processing techniques must minimize

computational overhead while maintaining high accuracy.

High precision and consistency: Unlike machine learning-based models that can vary
in output, deterministic methods must ensure predictable and repeatable defect

detection.

Scalability: The system should be adaptable to different food products and defect

types, making it suitable for various industrial applications.

Robust image acquisition techniques: The system must handle variability in lighting
conditions, food texture, and color inconsistencies while ensuring clear and sharp

image quality.

The hardware and software components used in this study were divided into three

main categories:
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- Hardware: Smart glasses, high-resolution cameras, controlled lighting
systems, and processing units.

- Software: Image processing algorithms, defect classification methods, and
real-time analysis frameworks.

- Data Collection and Validation: Performance metrics, accuracy evaluations,

and real-world testing methodologies.

By integrating these elements, the system ensures a comprehensive, automated,
and efficient approach to food quality inspection without the reliance on complex

machine learning algorithms.

9.2 Hardware Components

A well-structured hardware setup is essential for achieving high accuracy and
efficiency in an image-processing-based quality control system. This section details

the various hardware components used in the experimental setup.

Smart Glasses for Hands-Free Inspection: The Epson BT-350 smart glasses were used
in this study to support hands-free operation during food inspection tasks. The device
enabled inspectors to capture images in real time while interacting directly with food
products, eliminating the need for handheld cameras. Equipped with a built-in high-
resolution camera capable of capturing Full HD images, the glasses also feature
augmented reality integration, allowing inspection results to be overlaid within the
user’s field of view. Wireless connectivity ensures seamless transmission of captured
images to processing units. These capabilities improve mobility and convenience
during manual quality control activities and reduce overall inspection time by

streamlining the image acquisition process.

Camera and Optical System: The smart glasses provide a Full HD resolution of 1920
% 1080 pixels, delivering high-definition imagery suitable for detailed defect detection.
The frame rate can be configured between 30 and 60 frames per second, ensuring
smooth image capture even in high-speed production settings. Additional optical
features include adjustable lens focus and exposure settings, allowing the device to
adapt to dynamic inspection environments. The system also supports infrared and
multispectral imaging, enabling the detection of non-visible defects such as moisture

irregularities or hidden contamination.
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Lighting System: Lighting plays a critical role in image processing-based quality
control, as inconsistent illumination can lead to errors in segmentation and defect
detection. In this study, an LED-based uniform illumination system was used to
minimize shadow effects and ensure consistent brightness across different types of
food products. Infrared and hyperspectral lighting options were also integrated to
enhance the detection of chemical contaminants, microbial growth, and internal

structural defects that are not visible under standard lighting conditions.

Infrared and Hyperspectral Options: Used to enhance the detection of chemical

contamination, microbial growth, or internal structural defects.

Processing Unit: The computing hardware used in this system included a multi-core
processor capable of handling real-time image analysis and a minimum of 8 GB of
RAM to support high-speed data buffering. This configuration enabled the processing
of images in real time using deterministic algorithms and facilitated rapid defect
classification and rejection mechanisms necessary for efficient production line

operation.

9.3. Software Environment

The software system was developed to process captured images, apply the
necessary image processing algorithms, and deliver real-time feedback to quality
control inspectors. The Unity Engine was used to support augmented reality—based
visualization of defects and to provide an interactive interface that enhanced inspector
engagement. C# served as the primary programming language for implementing the
algorithms and system logic, while Azure’s image processing libraries were integrated
to support advanced analysis and cloud-enabled functionalities. Figure 9.1 shows the

design of the database used in the system.
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Figure 9.1. Design of the database.

9.4. User Interface Snapshots

The digital inspection system used in the quality control workflow consists of
two main components: the mobile inspection interface and the desktop-based helper
form. Together, these components ensure that inspection activities are standardized,
traceable, and fully integrated across field and office environments.

The structure of the mobile inspection screen is presented in Figure 9.2. Each
numbered section in the figure corresponds to specific interface functions, which are
described below:

v" Control Area (1): Displays the current inspection step, ensuring that the
inspector clearly understands which control point is being evaluated.

v Next Control Area (2): Provides advance visibility of the upcoming control
step, supporting a smooth and uninterrupted workflow.

v' Error Message Section (3): Shows system-generated warnings such as
missing inputs, mandatory actions, or validation errors.

v' Area-Specific Questions (4): Presents the predefined inspection questions
associated with the current control point.

v' Suitable/Not Suitable Buttons and Optional Description (5): Enables the
inspector to record the evaluation result and add explanatory notes if necessary.

v" Reference Image (6): Displays a visual sample of the control area to guide the
inspector and minimize misinterpretation.

This interface design enhances the reliability of the inspection process by combining
textual guidance and visual reference elements.

Certain inspection steps require mandatory photo capture. The workflow for this
functionality is shown in Figure 9.3. The area marked with number 7 indicates the
system’s requirement for the inspector to take a photo before completing the record.
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This enforcement ensures that visual evidence is collected for all critical control points,
thereby strengthening traceability and supporting post-audit verification.

The configuration and management of inspection steps, including sequencing,
question assignment, and image association, are carried out through a desktop helper
form. An example of this form interface is provided in Figure 9.4. Through this form,
administrators can:

e Define and order inspection steps,

e Add or modify inspection questions,

e Review uploaded photographs and previous inspection records,
o Create or update control templates for different locations.

By combining the mobile inspection interface with the desktop configuration tool, the
system establishes a fully integrated and synchronized quality control environment.
This integrated design ensures consistency, accelerates inspection processes, and
enhances the accuracy and transparency of all recorded data.
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9.5. Workflow of the Inspection System

The Desktop Application is used by administrators to define and manage
checkpoint data, including daily sequences and reference images. All updates are
written directly to the MSSQL Database, which serves as the central repository for

checkpoint definitions, reference images, captured images, and checkpoint statuses.

The system incorporates an API Layer consisting of two endpoints. The GET API
allows the Unity Mobile Application to retrieve the daily checkpoint list and associated
reference images from the MSSQL Database (as shown in Appendix 1). The POST
API receives images and approval statuses submitted by the mobile application and
stores them back into the database (as detailed in Appendix 2). This overall

architecture is illustrated in Figure 9.5.

The Unity Mobile Application is used by field personnel to access assigned
checkpoints, capture images, and submit approval or rejection decisions. A Scheduled
Job operates as an automated background process that retrieves captured images from
the MSSQL Database, sends them to the Azure API for compliance analysis, collects
the returned results, and compiles them into a structured report. This final report is
then distributed to relevant stakeholders via email. The system’s workflow proceeds

through the following steps:

Phase 1- Checkpoint Configuration (Desktop Application): Administrators configure
checkpoints by defining their attributes, assigning daily sequences, and uploading

reference images. These configurations are saved directly into the MSSQL Database.

Phase 2- Daily Checkpoint Execution (Unity Mobile Application): The mobile
application fetches checkpoint data through a GET request. After the API retrieves and
returns the checkpoint list and reference images, the application displays them to the
user. Field personnel complete each checkpoint by performing the required task,
capturing an image, and submitting the result through the POST API, which stores the
data in the MSSQL Database (as shown in Appendix 3).

Phase 3- Daily Image Analysis and Reporting (Scheduled Job): A scheduled job is
triggered to collect all images captured during the day. The job sends these images to
the Azure API for analysis and receives the corresponding results (as shown in

Appendix 4). It then compiles the findings into a report, optionally saving the analyzed
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data back into the MSSQL Database. Finally, the report is delivered to designated

recipients via email.

API Layer

GET API for Checkpoints &
Images

/ t

Checkpoint Data & Images
/

&
Unity Mobile Application

——
Checkpoint Status & Captured

Image

POST API for Checkpoint

Desktop Application i
PAPD Status & Image Provides Data

Stores Data

Manages/Defines Checkpoint
Data

MSSQL Database

Provides All Captured Images

Scheduled Job for Analysis
/ B
Sends Images for Verification T Generates Report & Sends

\ Verification Results l

Azure AP| Email

Figure 9.5. System architecture and data flow of the inspection workflow

9.6. Implementation of the Azure Custom Vision Method

In this study, the Azure Custom Vision service was utilized to automate visual

inspection processes in the production area and to measure user accuracy rates.

The system enables the analysis of photographic data from specific control points on
the production floor. Thus, manual inspection processes were supported by an Al-

based verification mechanism, ensuring more objective and consistent quality control.

42



1. Definition and Numbering of Control Areas: Within the scope of the application,
the production areas requiring visual control were identified and systematically

numbered according to room, machine, and equipment categories.

Each control point was assigned a unique identifier (ID) to ensure traceability and

precise mapping between visual data and physical equipment.

In total, the system covered 217 control points, distributed across two buildings,
including 10 production rooms, 4 warehouses, corridors, and intermediate storage
areas. For example, the mixer of the second machine in Room 2 was registered in the
system as ID:81, while the third machine in Room 1 was defined as ID:45, and the first
mixer in Room 1 as ID:42. This structured mapping ensured that photographs were
correctly associated with their corresponding areas, facilitating consistent model

learning and minimizing labeling errors.

2. Preparation of Reference Images: For each control point, photographs representing
the correct and ideal operational condition of the equipment were captured. These
reference images formed the core training dataset and were uploaded to the Azure

Custom Vision platform.

During the upload process, each image was labeled with its corresponding ID, clearly
linking the image to its respective control area. Since the quality of training data
directly affects model performance, images were captured under different lighting

conditions, angles, and production times to increase data diversity and robustness.

3. Model Training and Performance Analysis: A dedicated project was created on the
Azure Custom Vision service, and the labeled reference images were used to train the
model. As a result of the training, the model learned to recognize the correct position,

shape, color, and structural characteristics of each piece of equipment.

Initial test results revealed that the third machine in Room 1 (ID:45) achieved higher

accuracy compared to other machines.

This improvement was attributed to the balanced lighting conditions in that area, which
allowed the model to better capture visual details. Conversely, the second machine in
the same room (ID:43) exhibited relatively lower consistency in classification results.
Further investigation indicated that low light conditions around the machine negatively

affected detection accuracy.
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To mitigate this issue, additional lighting was installed, and the images were retaken.
After retraining the model with the improved dataset, a significant increase in accuracy
was observed. These observations demonstrated that environmental factors,

particularly lighting, played a crucial role in the model’s overall reliability.

4. Real-Time Inspection Process: During real-time operations, the operator captures a

current photograph of the relevant equipment and uploads it to the system.

The image is then sent to the Azure Custom Vision API, where it is compared with the
previously stored “ideal state” reference image for the corresponding ID. The model
produces a similarity score (%), which indicates how closely the current image

matches the reference condition.

For instance, a similarity score of 91% for the mixer with ID:81 signifies that the
equipment is positioned correctly, whereas values below 70% may suggest
misalignment or potential anomalies. In some cases, surface reflections, dust

accumulation, or other environmental factors temporarily affected model performance.

To address these issues, the model was retrained and image preprocessing techniques
(e.g., brightness correction, contrast enhancement, and background normalization)

were applied, resulting in improved accuracy.

5. User Performance and Feedback Mechanism: The similarity scores provided by
Azure Custom Vision were used not only to measure system accuracy but also to
evaluate operator performance. Each user’s inspection results were logged, and

consistency between repeated checks on the same equipment was analyzed.

This enabled the assessment of user attention levels and error tendencies as
quantitative performance metrics. For example, the average accuracy rate of operators
working in Room 1 was 88%, while the rate in Room 2 was 76% before environmental

improvements.

After optimizing lighting conditions and standardizing camera angles, this figure
increased to 90%, demonstrating a substantial improvement in both user and system

performance.

The implementation of the Azure Custom Vision—based inspection system resulted in

visual inspections that were:
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- Objective, by minimizing subjective human bias;
- Repeatable, by standardizing analysis across different operators and
times;

- Measurable, by quantitatively tracking user and model performance.

Through proper management of environmental variables (lighting, angle, reflection),
the reliability of the model was significantly enhanced. Following the corrective
actions and retraining processes, the system consistently achieved higher accuracy

than traditional manual inspection methods.

Overall, this study demonstrates how Al-based image processing can be effectively
integrated into industrial quality control workflows, providing a scalable and data-

driven approach to operational monitoring.

As shown in Table 9.1, the initial accuracy rates ranged between 68% and 91%. After
implementing environmental enhancements—such as improved lighting, fixed camera
positions, and background normalization—and retraining the model, the average

accuracy increased to 88%.

The most significant improvement was observed in Room 2, Mixer 2 (ID:57), where
accuracy rose from 68% to 90% following lighting adjustments. These findings clearly
indicate that environmental factors have a direct impact on the performance and

stability of Al-based visual inspection models.

This study employed deterministic image processing techniques to support automated
food inspection, using Otsu-based thresholding for binary segmentation, Sobel and
Canny operators for edge detection, and morphological operations such as dilation and
erosion to refine segmented regions and enhance defect visibility. All collected images
and defect classifications were stored in a structured database, and system performance
was evaluated through accuracy, processing speed, and false positive/negative rates.
Several challenges emerged during implementation, including lighting variability,
motion-induced blur, and compatibility issues with legacy systems; these were
mitigated through adaptive thresholding, motion compensation filters, and custom API
integrations. In summary, this chapter detailed the hardware, software, and
experimental methods used in the research, setting the stage for quantitative

performance results in the next chapter.
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42 1 Mixer 1 86 90 Angle variation Camera  stabilization
and fixed shooting angle
Reduced camera angle deviation improved model stability.
43 1 Machine 2 74 89 Low light | Additional lighting and
conditions model retraining
15% accuracy improvement after lighting enhancement.
45 1 Machine 3 91 93 No major issue Increased data diversity
High accuracy achieved from the initial training stage.
56 2 Filling Unit | 79 88 Reflection / glare Contrast and exposure
1 adjustment
Reflection effects reduced through image preprocessing.
57 2 Mixer 2 68 90 Low light and | Extra lighting and new
shadows image set
Significant improvement after illumination adjustment.
58 2 Pumping 83 87 Partial blurriness Tripod usage and
Unit 3 reshooting
Image clarity increased, enhancing overall consistency.
73 3 Filling 76 85 Variable  camera | Standardized  capture
Nozzle 1 angle position
Fixed camera points defined for operators.
81 2 Machine 80 91 Low light and angle | Lighting correction and
Mixer 2 issue model retraining
Model consistency increased by 11%.
88 3 Packaging 84 88 Partial object | Image cropping and
Line 4 visibility updated labeling
Reduced false-positive detections.
92 4 Weighing 78 90 Background color | Background
Unit 1 variation normalization

Eliminated background bias, improved model accuracy.

Table 9.1. Azure Custom Vision Results and Accuracy Comparison.
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10. Tests and User-Based Evaluation

This chapter presents a comprehensive evaluation of the deterministic image
processing system through both controlled technical tests and operator-based usability
assessments conducted under realistic production conditions. The objective is to
establish a robust performance baseline by examining the system’s accuracy,
processing speed, and real-time responsiveness in detecting product defects,
contamination, hygiene-related irregularities, and labeling inconsistencies. By
simulating diverse operational environments—including controlled and variable
lighting, high-speed conveyor scenarios, and mixed-quality product batches—the
testing framework demonstrates how deterministic methods perform across the full
spectrum of quality control requirements in modern food manufacturing. In addition
to these technical evaluations, a user-based assessment was conducted with production
operators to measure system usability, ergonomic impacts, and overall operator
acceptance. This combined approach provides a holistic understanding of system
performance by capturing not only quantitative inspection outcomes but also the
human factors that influence the successful integration of digital inspection

technologies into daily operational workflows.

10.1. Introduction to Test Framework

This phase of the study involved testing the developed deterministic image
processing system within a controlled environment to establish a baseline for
performance [13][14]. The goal was to assess the system's ability to detect and report
defects or contamination in food products using thresholding and edge detection
techniques [10][15][16]. Additionally, the scope of the evaluation extended beyond
product integrity to include critical hygiene and labeling factors—emphasizing a

comprehensive view of quality control in food manufacturing [17][18][19].
The system was tested under the following three core conditions:

Uniform Lighting Conditions: To evaluate global thresholding and edge detection

under consistent illumination.

Variable Lighting Conditions: To test the robustness of adaptive thresholding in
fluctuating light settings [10][20][21].

High-Speed Production Simulation: To assess the system’s real-time inspection and
classification accuracy on a conveyor-belt simulation [5][22][23][24].
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A dataset of 500 food product samples was created:

200 defect-free samples [25]

150 samples with structural defects (cracks, deformities) [26][27][28]
150 samples with contamination (dirt, foreign objects, discoloration) [29]

Evaluation criteria included:

- Accuracy of defect and contamination detection
- Processing speed per image

- Human error reduction [8]

- Operator usability feedback

- Compatibility with broader quality control requirements including hygiene and
labeling issues [20][30][31][32]

The system achieved a 92% defect detection accuracy, outperforming manual
inspection methods (average 75%). It accurately detected:

- Surface contamination and discoloration via adaptive thresholding [33]

- Structural deformities such as cracks and irregularities via edge detection
(Canny, Sobel) [10][12][16][34][35][36]

False positives were limited to 4.3%, and false negatives to 3.7%, minimizing
unnecessary product rejections and enhancing efficiency [37][38].

Importantly, beyond physical defects [16] the system framework also supports
detecting hygiene violations (e.g., unclean equipment surfaces) [20][39] and safety-
critical issues such as open machinery panels or foreign objects in food zones—
underscoring the broader scope of inspection compared to traditional methods.

The system maintained stable performance, while human inspectors showed
fluctuating accuracy between 70—80%, particularly under fatigue [40][41][42].

- Manual inspections showed a false positive rate of 11.6%, significantly higher
than the automated system.

- The system also detected 23% more defects, including hygiene-related
anomalies and labeling misalignments that human inspectors often overlooked.
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10.2. Processing Speed, Real-Time Capabilities and Human Error Reduction

This section evaluates the system’s performance in terms of processing speed,
real-time adaptability, and overall contribution to operational efficiency. In modern
food production environments, rapid inspection and consistent decision-making are
essential to avoid bottlenecks, reduce labor dependency, and maintain regulatory
compliance. Deterministic image processing offers significant advantages in this
context by enabling fast, predictable, and resource-efficient analysis. The following
subsections detail how the system performs under industrial conditions, its ability to
sustain high throughput, and its impact on production efficiency and human error

reduction.

Processing Speed Analysis: The system demonstrated strong performance with an
average image processing time of 0.5 seconds, meeting industrial throughput
requirements [43]. In contrast, manual inspection required 3—5 seconds per item,

creating bottlenecks in high-volume production environments [5][44].

Real-Time Adaptability: Capable of processing up to 120 items per minute, the system
outperformed manual inspection rates of 30—40 items per minute [45][46]. This
efficiency was achieved through parallelized, multi-threaded image analysis, which
prevented latency even when handling products with complex textures or detailed

labeling elements [5][31].

Impact on Production Efficiency: Real-time detection reduced overall quality control
downtime by approximately 35% [47][48]. Furthermore, automated monitoring of
label alignment and carton printing accuracy prevented labeling-related errors that

could lead to shipment issues and traceability problems [40][49][50].

Reduction of Human Error: Automation significantly lowered human error rates from
an average of approximately 20% to below 5% [51]. This reduction minimized
judgment-based inconsistencies and improved regulatory compliance related to
hygiene and labeling [22][52]. Operators also reported reduced fatigue due to fewer
repetitive visual inspection tasks, while objective cleanliness verification—covering
surfaces such as storage units, drain covers, and equipment—further reduced

subjectivity in hygiene assessments [20][53][54][55].
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10.3. Operator Feedback and System Usability

This section presents a unified evaluation of operator feedback and system
usability following the transition from manual, paper-based inspections to a fully
digital quality and hygiene control process supported by Smart Glasses integrated with
an Azure-based visual recognition system. Historically, operators conducted
inspections by manually recording observations on paper and later transferring them
into digital formats, a workflow that was time-consuming, prone to inconsistency, and
susceptible to human error. The newly implemented system streamlines this process
by projecting inspection criteria directly into the operator’s field of vision and enabling
hands-free interaction through voice commands or touch controls, with all

observations automatically captured in real time [56].

To assess the effectiveness of this digital workflow, a user satisfaction survey (as
shown in Appendix 5) was conducted with 10 operators who performed quality control
using the smart glasses. The survey consisted of ten questions categorized under
general experience, performance, ergonomics, and overall satisfaction, rated on a five-
point Likert scale (1 = strongly disagree, 5 = strongly agree) [57]. Results showed
overwhelmingly positive feedback, with an average satisfaction score of 4.6 out of 5
(as shown in Appendix 6). Operators stated that the interface was intuitive (90%),
visual recognition accuracy was “very successful,” inspection times were reduced
(80%), and the device was ergonomically suitable for extended use [58][59][60]. All

participants expressed willingness to adopt the system permanently.

The transition from manual to digital inspections significantly improved operational
efficiency. Manual inspections required operators to visually inspect areas, write notes,
and later perform digital entry—Ileading to time loss, data inconsistencies, and elevated
error risk. The smart glasses eliminated these inefficiencies by enabling automatic data
collection, real-time validation, and hands-free operation, which not only improved
workflow continuity but also enhanced workplace safety by maintaining continuous
visual awareness of the production environment [61]. The system also reduced
subjectivity in hygiene evaluations, providing objective verification for elements such

as storage units, drain covers, and equipment surfaces [20][53][54].

The advantages of the new system are further highlighted by a direct comparison

between the traditional paper-based method and the smart glasses-supported method
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in Table 10.1. This comparison illustrates substantial improvements in speed,
accuracy, ergonomics, and data management, validating the operational value of the

smart glasses system.

Evaluation Traditional Method (Paper- Smart Glass Method
Criteria Based)
Data Collection Manual observation and Visual + Voice/Touch input

handwritten notes

Time Efficiency 12—15 min per inspection 57 min per inspection

Accuracy Rate Dependent on observer High (via visual recognition)

Data Archiving Paper storage, difficult access Automatically stored
digitally

Error Risk High, due to manual input Reduced through automated
validation

User Ergonomics Hands occupied with pen and Hands-free, natural motion

paper control
Overall Satisfaction 3.1 average 4.6 average
(1-5)

Table 10.1. Comparison of Traditional and Smart Glass Quality Control Methods.

When considered alongside existing approaches, deterministic image processing
presents several advantages for industrial quality control. Unlike machine learning
systems, deterministic methods provide consistent outputs without retraining, require
lower computational resources, and offer greater transparency for audit processes—
critical for hygiene and safety verification [4][5]. These systems can also be pre-
programmed to detect critical safety conditions, such as open access hatches or missing

hygiene barriers, without reliance on probabilistic inference.

Statistical validation confirmed the robustness of the system: a 95% confidence
interval verified detection accuracy, standard deviation analysis showed reduced
performance variance compared to manual inspection, and a t-test demonstrated
statistically significant improvement (p < 0.01) [14][62]. However, certain challenges

were observed, including sensitivity to lighting fluctuations [10][20] and difficulty in
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segmenting highly irregular product surfaces such as cracked eggshells or heavily
textured coatings [63][64]. Similar segmentation challenges appeared when assessing
hygiene-critical areas like air conditioners and drainage structures, suggesting the need

for enhanced preprocessing and feature extraction in future iterations.

In conclusion, the deterministic image processing system combined with smart glasses
provides a powerful, scalable solution for holistic quality control in the food industry.
It not only surpasses manual inspections in accuracy, speed, and consistency but also
extends quality assurance to hygiene monitoring, workplace safety verification, and
label and packaging accuracy. By integrating both product-level and environmental
oversight, the system lays the foundation for a comprehensive smart manufacturing
ecosystem, with future developments likely to incorporate automated reporting, visual

archiving, and machine-learning-based anomaly detection for enhanced performance.
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11. Evaluation, Insights, and Industry Implications
11.1. Interpretation of Key Findings

This study demonstrates that deterministic image processing is an effective and
reliable tool for food quality control. The system achieved a 92% detection accuracy,
successfully identifying surface contamination, structural deformities, and
discoloration across a broad range of food products [20][32][40][52]. Importantly, the
system’s capabilities extended beyond product defects, contributing to hygiene
monitoring and label verification—areas traditionally assessed manually. This
versatility highlights the potential of deterministic vision systems to support multiple

layers of quality assurance within modern production facilities.

Several strengths became evident during evaluation [80]. The high detection accuracy
greatly exceeded the average performance of manual inspections, which typically
ranged between 70-80%. The system also significantly reduced human error by
eliminating subjective variability and fatigue-prone decision-making [22][52][65]. Its
processing capacity of up to 120 items per minute [5][31] enabled seamless operation
on high-speed production lines, supporting real-time decision-making. Furthermore,
the system’s potential to monitor hygiene-sensitive surfaces such as machinery
housings, drain covers, and packaging workstations broadened its contribution to food

safety and compliance [20][54][66].

Despite these advantages, several factors influenced system performance. Variations
in lighting and background noise occasionally disrupted segmentation, though
adaptive thresholding mitigated most errors [10][20][67]. Additionally, highly
textured products, cluttered environments, or irregular label designs sometimes

required additional preprocessing to maintain consistent accuracy.

11.2. Implications for the Food Industry

The results carry meaningful implications for food production environments.
Automating visual inspection workflows reduces labor dependency and minimizes the
delays and bottlenecks caused by manual inspection times. Processing each image in
approximately 0.5 seconds helps maintain continuous production flow and improves
throughput [68][20][54][69]. Beyond product assessment, the system supports facility-

wide hygiene monitoring, allowing producers to evaluate the cleanliness of
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infrastructure such as air-handling units, shelving, and vacuum systems—key

components of compliance audits [70].

In terms of workforce roles, inspectors can shift from repetitive visual checks to
supervisory positions focused on system monitoring and exception handling [71]. This
not only improves job satisfaction and safety but also increases consistency in
inspection outcomes. Adoption of deterministic systems, however, may require
upfront training and adaptation, particularly in legacy facilities accustomed to manual

workflows.

11.3. Comparison with Machine Learning Approaches

Compared with machine learning—based inspection, deterministic image
processing offers several practical advantages in manufacturing settings [72][73]. It
operates with lower computational requirements and does not depend on large datasets,
retraining, or GPU-based inference [4] [5]. This makes deterministic methods faster to
deploy and easier to integrate into existing production lines. The deterministic
approach also provides transparent, predictable results that support regulatory audits

and traceability—critical in food safety.

However, deterministic systems are less adaptable to evolving defect patterns and may
not detect subtle or internal defects that require spectral analysis or deep learning
models [20] [68]. Machine learning methods retain strengths in defect variability and
complex pattern recognition, although at the cost of higher infrastructure and

maintenance requirements [74].

11.4. Challenges and Limitations

Several limitations emerged during testing. Lighting fluctuations and
reflections caused occasional false detections, despite adaptive thresholding reducing
most inconsistencies [10][20][75]. Products with rough, glossy, or highly irregular
surfaces—such as cracked shells or textured baked goods—sometimes challenged
edge-based segmentation methods [63][64][70][76][77]. Similar issues occurred when
inspecting hygiene-critical zones with complex geometries or cluttered backgrounds,
such as door handles, drain areas, or equipment enclosures [78]. Finally, large-scale
deployment across multiple product groups may require additional calibration to
accommodate product diversity, packaging variations, and different environmental

conditions [49][79][80][81].
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11.5. Comparison with Existing Literature

The findings align with previous studies emphasizing the reliability of
thresholding and edge detection for identifying defects and the cost-efficiency of
deterministic systems compared with deep learning approaches [5][10]. This study
also expands the literature by demonstrating practical applications beyond product
evaluation. Integrating smart-glass technology (Epson BT-350) enabled hands-free
inspection, real-time guidance, and automatic documentation. The research further
incorporated hygiene monitoring, safety checks, and label verification—areas rarely
examined together—creating a comprehensive framework for smart, interconnected

manufacturing.
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12. Conclusion and Future Work

This thesis demonstrated that deterministic image processing methods provide
an effective, practical, and scalable solution for automated quality control in the food
industry. By employing rule-based techniques such as thresholding, edge detection,
and morphological operations, the proposed system achieved consistent and repeatable
defect detection without the need for complex machine learning models or large
training datasets. The integration of Epson BT-350 smart glasses and a custom Unity-
based mobile interface enabled real-time visual inspection, seamless data capture, and
automated reporting through Azure Custom Vision. Experimental results showed that
the system significantly reduced inspection time, minimized human error, and
improved overall operational efficiency compared with manual inspection practices.
Moreover, user evaluations confirmed that the system enhanced workflow clarity,
reduced cognitive load, and increased confidence in inspection accuracy. These
findings validate deterministic image processing as a viable and cost-effective
alternative for food manufacturers seeking to modernize their inspection processes

without substantial computational or financial investment.

Although the proposed system provides strong performance in controlled and semi-
structured environments, several avenues for future research may further enhance its
capabilities and applicability. First, integrating multispectral or hyperspectral imaging
could improve the detection of internal defects or chemical contaminants not visible
in RGB images. Second, hybrid approaches—combining deterministic algorithms
with lightweight machine learning modules—may provide increased robustness in
highly variable production environments. Third, adapting the system for full-scale
industrial deployment would require addressing environmental variability, conveyor
speed synchronization, continuous lighting control, and long-term maintenance
strategies. Finally, future work may include expanding the system to cover additional
quality control modules such as allergen labeling verification, workplace safety
monitoring, or predictive maintenance analytics. These enhancements would
contribute to a more comprehensive, intelligent inspection ecosystem aligned with

Industry 4.0 standards.
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Appendix 1 ChefWebApi get checkpoints with comment script

using ChefWebData.Entities.Entity;
using ChefWebData.Helpers.Helper;
using System;
using System.Collections.Generic;
using System.Ling;
using System.Web;
using System.Web.Script.Serialization;
using System.Web.UI;
using System.Web.UI.WebControls;
namespace Chef.WebData
{
public partial class chefKontrol liste : System.Web.UI.Page
{
public string Message = "";
protected void Page Load(object sender, EventArgs e)

using (PanelModel pn model = new PanelModel ())
{
DateTime dt = DateTime.Now.Date;
DateTime old dt = Convert.ToDateTime ("2000-01-01 00:00:00.000");
// To show the next checkpoints ordered
var lst = pn model.abc chefKontrol gunluk.Where(w => w.tarih == dt &&
w.k_tarih == old dt).OrderBy(o => o.sira).ToList();
if (lst.Count > 0)
{
var sec = lst.FirstOrDefault();
// current checkpoint read
sec.okundu = true;
pn_model.SaveChanges () ;
var oda_bilgi = pn model.abc_chefKontrol noktalari.Where(w => w.id ==
sec.kontrol noktasi_ id) .FirstOrDefault();
abc_chefKontrol gunluk sonraki = new abc chefKontrol gunluk();
// To show the next checkpoint
if (lst.Count > 1)
{

sonraki = lst.Where(w => w.sira == sec.sira + 1).FirstOrDefault();
}
var sonraki oda = sonraki != null ?
pn_model.abc_chefKontrol noktalari.Where(w => w.id ==
sonraki.kontrol noktasi id).FirstOrDefault() : null;

// We defined the object and sent it to json
kontrol bilgi kntrol nok = new kontrol bilgi
{
id = oda bilgi.id,

kontrol noktasi = "Siradaki kontrol: " + Environment.NewLine +
oda bilgi.kontrol alani + " " + oda bilgi.kontrol noktasi +

Environment.NewLine + (sonraki oda != null ? "Sonraki kontrol: " +
Environment.NewLine + sonraki oda.kontrol alani + " " + sonraki oda.kontrol noktasi

"
soru = oda bilgi.soru,
resim = oda_bilgi.resim,
okundu = sec.okundu,
random resim cek = sec.random resim cek

}i

JavaScriptSerializer j = new JavaScriptSerializer();
Message = j.Serialize(kntrol nok);

}

else

{ // end of the controls
var lst biten = pn model.abc chefKontrol gunluk.Where(w => w.tarih ==
dt) .ToList ()
var onayli = 1lst biten.Where(w => w.onaylandi == true).ToList();
var onaysiz = lst biten.Where(w => w.onaylandi == false) .ToList();
Message = "Kontrol tamamlandi. " + onayli.Count.ToString() + " adet kontrol
noktasi onaylandi. " + onaysiz.Count.ToString() + "adet kontrol noktasi
onaylanmadi.";
}
}
}
// required object
class kontrol bilgi
{
public int id { get; set; }
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public
public
public
public
public

string kontrol noktasi { get;
string soru { get; set; }
byte[] resim { get; set; }
bool okundu { get; set; }
bool random resim cek { get;

set;

set;
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Appendix 2 ChefWebApi post with comment script

using Microsoft.AspNetCore.Authorization;
using Microsoft.AspNetCore.Mvc;
using Newtonsoft.Json;
using System;
using System.Collections.Generic;
using System.Globalization;
using System.IO;
using System.Ling;
using System.Net.Http;
using System.Text.Json;
using System.Threading.Tasks;
using ChefWebData.Entities;
using ChefWebData.Entities.PanelEntities;
using ChefWebApi.functions;
namespace ChefWebApi.Controllers
{
[ApiController]
[Route (" [controller]")]
[AllowAnonymous ]
public class ChefControlResimApiController : ControllerBase

[HttpPost]
public async Task<IActionResult> Upload([FromBody] dynamic _image)//unity script
running
{
//Deserialize Object
var ob = (JsonElement) image;
var jsonText = ob.GetRawText();
var dynamicObject = JsonConvert.DeserializeObject<point obj>(jsonText)!;
//set json to variables
var kontrol noktasi id = dynamicObject.kontrol noktasi id;
var random resim cek = dynamicObject.random resim cek;
var cekilen resim = dynamicObject.cekilen resim;
var onay = dynamicObject.onay;
var aciklama = dynamicObject.aciklama;
response res = new response();
//saving to msssgl database with entity framework
if (kontrol noktasi id > 0)
{
DateTime dt = DateTime.Now.Date;
using (var db = new PanelModel ())
{
var guncellenecek = db.abc chefKontrol gunluk.Where (w =>
w.kontrol noktasi id == kontrol noktasi_id && w.tarih == dt).FirstOrDefault();
guncellenecek.onaylandi = onay;
guncellenecek.aciklama = aciklama;
guncellenecek.cekilen resim = cekilen resim;
guncellenecek.k tarih = DateTime.Now;
guncellenecek.kaydedildi = true;
guncellenecek.okundu = true;
var input = await db.SaveChangesAsync() ;
res.mesaj = "id " + kontrol noktasi_id.ToString()+" Kaydedildi.";
res.status = 1;

}
else
{
res.mesaj = "Kayit yapilmadi.";
res.status = 0;
}
return new ObjectResult (res);
}
}
//required object types
public class rsm
{
public int id { get; set; }
public byte[] resim { get; set; }
}
public class point obj
{
public int kontrol noktasi id;
public bool random resim cek;
public byte[] cekilen resim;
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}

public bool onay;
public string aciklama;
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Appendix 3 Unity Scripts with comment script

using System.Collections;
using System.Collections.Generic;
using UnityEditor;
using UnityEngine;
using UnityEngine.UI;
using UnityEngine.SceneManagement;
using UnityEngine.Networking;
using System;
using System.Text;
public class MainCnvsScript : MonoBehaviour
{
//declaration variables and objects
public GameObject onay canvas;
public GameObject capture obj;
public Text msg text;
public Text capture msg text;
public Text kontrol text;
public Image Kontrol resim;
public Image cekilen resim;
public RawImage Kontrol resim raw;
public InputField onay aciklama;
public Text onay mesaj;
public Text onay baslik;
public static List<point obj> point list = new List<point obj>();
public static point obj current point;
public static kayit obj kaydedilecek;
point obj yeni = new point obj ("Sunucuya Baglanilamadi", 404, "", 1);
resp res = new resp { status = 0, mesaj = "" };
// Start is called before the first frame update
void Start ()
{
onay canvas.SetActive (false); // set visible false. Buttons for suitable or not
suitable and optional description
StartCoroutine (get KontrolNoktasi()); // getting the control area via api
}
// Update is called once per frame
void Update ()
{
if (Input.GetKey ("escape")) // press escape to quit
{
Application.Quit () ;
}
}
public void TakePhoto() // take photo function for compulsory to take a picture
{
TakePicture (512);
}
IEnumerator get KontrolNoktasi()// getting the control area via api
{
Kontrol resim.enabled = true;
onay aciklama.text = "";
onay baslik.text = "";
onay mesaj.text = "";
onay canvas.SetActive (false);

//clearing last control area properties
List<IMultipartFormSection> formData = new List<IMultipartFormSection>();
UnityWebRequest www =

UnityWebRequest.Post ("http://YourUrlAdress/GetKontrol liste.aspx", "");
yield return www.SendWebRequest () ;
if (www.result != UnityWebRequest.Result.Success)
{
Debug.Log (www.error) ;
msg_text.text = "Sunucuya Baglanilamadi!";
// request return null // show message; Cannot connect api
}
else
{
if (www.downloadHandler.text != "")//request not null
{
Debug.Log (www.downloadHandler. text) ;
try
{
current point = JsonUtility.FromJson<point obj>(www.downloadHandler.text) ;
//json parsed. control area showing
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}
catch (Exception)
{

//show error message
kontrol text.text = www.downloadHandler.text;
current point = null;

Kontrol resim.enabled = false;
}
if (current point == null)
{
}
else
{
foreach (var item in point list)
{
Debug.Log(item.kontrol noktasi +
}
// control area properties showing
kontrol text.text = current point.kontrol noktasi;
onay baslik.text = current point.soru;
capture obj.SetActive(false);
Texture2D tex = new Texture2D(2, 2);
tex.LoadImage (current point.resim);
tex.Apply () ;
Kontrol resim.sprite = Sprite.Create(tex, new Rect(0, 0, tex.width,
tex.height), new Vector2(0.5f, 0.5f));
if (current point.okundu)
{
onay canvas.SetActive (true);//Buttons for suitable or not suitable and
optional description showing

}

+ item.okundu) ;

}
}

else

{
Debug.Log (www.result + " " + www.downloadHandler.text);
msg_text.text = "Sunucuda hata olustu!";//error messages

}
}
}
public void onay click()//suitable button
{
if (current point.random resim cek) //If taking a photo is necessary, a photo
will be taken.
{
if (current point.cekilen resim == null)
{
if (capture_obj.activeSelf)
{
TakePhoto () ;
}
else
{
capture obj.SetActive (true);
}
}
else
{
Onayla new();
//suitable flag, variables and photo(optional) are sent to the API
}
}
else
{
Onayla new();//suitable flag,variables and photo(optional) are sent to the API
}
}
public void red click()
//not suitable button
{
if (current point.cekilen resim == null)
{
if (capture obj.activeSelf)
{
TakePhoto () ;
//Photographs are required because they are marked as not suitable.
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else
{
capture obj.SetActive (true);
}
}
else
{
Onayla new (false);
//not suitable flag,variables and photo are sent to the API
}
}
public void Onayla new(bool onay = true)
{
kaydedilecek = get kayitObj (onay) ;
string jsn = kaydedilecek.SaveToString();//saving photo and send to api
StartCoroutine (Post ("http://YourUrlAdress/ResimApi", jsn));
}
public resp parseRespJson(string jsn) // convert photo to json
{
resp rs = JsonUtility.FromJson<resp>(jsn);
var ikili = jsn.Split(',");
foreach (var item in ikili)
{
var it = item.Split('\"'");
bool kont = false;
bool m_kont = false;
foreach (var i in it)

{

if (i E nn ‘ ‘ i [— ll:ll ‘ ‘ i =i ll{ll ‘ ‘ i [— ll}ll)
{
continue;
}
if (i == "status")
{
kont = true;

}
else if (kont)
{
var spl = 1i.Split(':");
try
{
int idx = spl.Length - 1;
rs.status = Convert.ToInt32 (spllidx]);
}
catch (Exception ex)
{
rs.status = 0;
var a = ex;
}
kont = !kont;

if (1 == "mesaj")
{
m_kont = true;
}
else if (m_kont)
{
rs.mesaj = i;
m_kont = !m kont;
}
}
}
return rs;
}
IEnumerator Post (string url, string bodyJsonString)//post to api
{
var request = new UnityWebRequest (url, "POST");
byte[] bodyRaw = Encoding.UTF8.GetBytes (bodyJsonString) ;

request.uploadHandler = (UploadHandler)new UploadHandlerRaw (bodyRaw) ;
request.downloadHandler = (DownloadHandler)new DownloadHandlerBuffer();
request.SetRequestHeader ("Content-Type", "application/json");

yield return request.SendWebRequest () ;
if (request.downloadHandler.text != "")
{

try

{

res = parseRespJdson (request.downloadHandler.text);
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}

onay mesaj.text = res.mesaj;
if (res.status == 1)
{
StartCoroutine (get KontrolNoktasi());
}
}
catch (Exception)
{
onay mesaj.text = "Sunucuda hata olustu.";
Debug.Log (request.downloadHandler.text) ;

}

else
{
onay mesaj.text = "Sunucuya baglanilamadi!" + request.responseCode;
}
Debug.Log ("Status Code: " + request.responseCode) ;
Debug.Log ("res: " + request.result.ToString());

private void TakePicture (int maxSize)// take photo function

{

NativeCamera.Permission permission = NativeCamera.TakePicture ((path) =>
{
Debug.Log ("Image path: " + path);
if (path != null)
{
// Create a Texture2D from the captured image
Texture2D texture = NativeCamera.LoadImageAtPath (path, maxSize);
if (texture == null)
{
Debug.Log ("Couldn't load texture from " + path);
return;
}
// Assign texture to a temporary quad and destroy it after 5 seconds
GameObject quad = GameObject.CreatePrimitive (PrimitiveType.Quad) ;
quad.transform.position = Camera.main.transform.position +

Camera.main.transform.forward * 2.5f;

quad.transform.forward = Camera.main.transform.forward;
quad.transform.localScale = new Vector3(lf, texture.height /

(float) texture.width, 1f);

Material material = quad.GetComponent<Renderer> () .material;
if (!material.shader.isSupported) // happens when Standard shader is not

included in the build

material.shader = Shader.Find("Legacy Shaders/Diffuse");

var readTexture = duplicateTexture (texture);

current point.cekilen resim = readTexture.EncodeToJPG();

msg_text.text = "uzunluk "+current point.cekilen resim.Length.ToString();
cekilen resim.sprite = Sprite.Create (texture, new Rect (0, 0, texture.width,

texture.height), new Vector2(0.5f, 0.5f));

}

Destroy(quad, 5f);
capture msg_text.text = "Resim Basariyla Yiklendi.";
}
}, maxSize);
Debug.Log ("Permission result:

+ permission);

Texture2D duplicateTexture (Texture2D source)

{

}

RenderTexture renderTex = RenderTexture.GetTemporary (
source.width,
source.height,
Ol
RenderTextureFormat.Default,
RenderTextureReadWrite.Linear);
Graphics.Blit (source, renderTex);
RenderTexture previous = RenderTexture.active;
RenderTexture.active = renderTex;
Texture2D readableText = new Texture2D(source.width, source.height);
readableText.ReadPixels (new Rect (0, 0, renderTex.width, renderTex.height), 0, 0);
readableText.Apply () ;
RenderTexture.active = previous;
RenderTexture.ReleaseTemporary (renderTex) ;
return readableText;

// declaration objects

public class point obj

{

public string kontrol noktasi;
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public int id;

public string soru;

public bool okundu;

public bool kaydedildi;

public int sira;

public byte[] resim;

public bool random resim cek;

public byte[] cekilen resim;

public point obj(string _kontrol noktasi, int _id, string _soru, int _sira, bool
_okundu = false, bool random resim cek = false, bool kaydedildi = false, byte[]
_resim = null)

{

kontrol noktasi = kontrol noktasi;
id = _id;

soru = _soru;

resim = resim;

okundu = _okundu;

kaydedildi = _kaydedildi;

sira = sira;

random_resim cek = random resim cek;

}
public string SaveToString()
{
return JsonUtility.ToJson (this);
}
}
// declaration objects
public class kayit obj
{
public int kontrol noktasi id;
public bool random resim cek;
public byte[] cekilen resim;
public bool onay;
public string aciklama;
public string SaveToString()
{
return JsonUtility.ToJson (this);
}
}
//set variables to object
private kayit obj get kayitObj (bool onay = true)
{
kayit obj kay = new kayit obj
{
kontrol noktasi id = current point.id,
random resim cek = current point.random resim cek,
cekilen resim = current point.cekilen resim,
onay = _onay,
aciklama = onay aciklama.text
}i
return kay;
}
public class resp
{
public int status { get; set; }
public string mesaj { get; set; }

}
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Appendix 4 Azure image processing demo script

using System;
using System.IO;
using System.Threading.Tasks;
using Microsoft.Azure.CognitiveServices.Vision.CustomVision.Prediction;
using Microsoft.Azure.CognitiveServices.Vision.CustomVision.Prediction.Models;
// try link
/*https://learn.microsoft.com/tr-tr/azure/ai-services/Custom-Vision-
Service/quickstarts/image-classification?tabs=1inux%2Cvisual-
studio&pivots=programming-language-csharp */
namespace CustomVisionPredictionExample
{

class Program

{

private static string predictionEndpoint = "https://<your-prediction-
resource>.cognitiveservices.azure.com/";

private static string predictionKey = "<your-prediction-key>";

private static Guid projectId = Guid.Parse ("<your-project-id>");

private static string publishedModelName = "<your-iteration-name>"; // Genelde
'Iterationl’

static async Task Main(string[] args)
{
var predictionClient = new CustomVisionPredictionClient (
new ApiKeyServiceClientCredentials (predictionKey))
{
Endpoint = predictionEndpoint
}i
string imagePath = Q@"C:\your\locallimage.jpg";
using (var imageStream = File.OpenRead (imagePath))
{
var result = await predictionClient.ClassifyImageAsync (projectId,
publishedModelName, imageStream);
Console.WriteLine ("Tahmin Sonuclari:");
foreach (var prediction in result.Predictions)
{
Console.WriteLine ($" {prediction.TagName}: {prediction.Probability:P1}");
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Appendix 5 Quality & Hygiene Control Experience Survey

AR Glasses Quality & Hygiene Control Experience Survey
n General Experience

1. How easy did you find the process of scanning the environment using AR glasses?
Worst O1 O2 O3 0O4 OS5 Best

2. How clear and understandable was the application interface (screen, commands, menus)?
Worst O1 O2 O3 O4 O5 Best

3. Does the application adequately cover all quality and hygiene control criteria?
Worst 01 O2 O3 O4 O5 Best

n Performance and Efficiency

4. How would you rate the scanning accuracy of the AR glasses (object recognition, area detection,
etc.)?
Worst 01 O2 O3 0O4 O5 Best

5. How does the inspection time with AR glasses compare to traditional methods?
Worst 01 O2 O3 O4 O5 Best

6. Did the AR glasses save you time in reporting and data collection?
Worst O1 O2 O3 O4 O5 Best

B Ergonomics and User Comfort

7. Did the weight or ergonomics of the glasses cause you any discomfort?
Worst 01 02 O3 O4 O5 Best

8. How smoothly did the voice command or touch control system operate?
Worst 01 O2 O3 O4 O5 Best

n Overall Satisfaction

9. Overall, how satisfied are you with the quality and hygiene control experience using AR glasses?
Worst O1 O2 O3 O4 O5 Best

10. Would you like to wuse this system regularly in quality control processes?
Worst O1 O2 O3 O4 O5 Best
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Appendix 6 Survey Results (10 Employees — 10 Questions)

Employee Q1 |Q2 (|Q3 |[Q4 QS ||Q6 ||Q7 |Q8 |Q9 (Q10 |/Average
El 5 5 5 4 5 5 4 5 4 5 4.7
E2 4 5 5 4 4 5 5 5 4 5 4.6
E3 5 4 5 4 5 4 5 5 5 4 4.6
E4 5 5 4 5 5 5 4 5 5 4 4.7
E5 4 5 4 4 5 5 4 4 5 5 4.5
E6 5 5 5 5 5 4 5 5 5 5 4.9
E7 4 4 5 4 5 5 4 5 4 5 4.5
E8 5 4 5 5 4 5 5 4 5 4 4.6
E9 5 5 4 4 5 5 5 5 4 5 4.7
E10 4 5 5 5 5 4 5 5 4 5 4.7
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