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Approaches to managing the risks of personal data leakage in 
digital ecosystems Anton Snitavets1* 

1Lead Information Security Engineer - Doumo (taxdome.com) Batumi, Georgia 

A B S T R A C T
The article examines theoretical and practical aspects of managing risks associated with personal data 

breaches in modern digital ecosystems characterized by complex architectures and numerous distributed 

services. The study highlights the role of the digital economy, demonstrating that the growing number of 

mobile devices, cloud platforms, and IoT devices significantly increases the likelihood of unauthorized 

access to sensitive information. Key regulatory acts and standards were analyzed, including widely 

recognized U.S. federal laws (such as the Privacy Act of 1974, the Electronic Communications Privacy 

Act, the Health Insurance Portability and Accountability Act, and the Gramm-Leach-Bliley Act) and 

international standards (ISO/IEC 27001, ISO/IEC 27701). Additionally, various industry-specific 

guidelines and research articles published in leading scientific journals were examined Particular 

attention is given to information security management systems (ISMS) based on formalized risk 

assessment methodologies (OCTAVE, CRAMM, ISO/IEC 27005) and modern technologies (DLP, SIEM, 

IDS/IPS). The findings demonstrate that the most effective approach is a comprehensive one, 

encompassing organizational, legal, and technical measures, along with the mandatory regular updating 

of security policies in response to current cyber threats. The analysis underscores the importance of 

considering industry-specific factors (finance, healthcare, industrial IoT) and the human factor, as the 

degree of staff involvement and competence often determines the overall effectiveness of protection 

systems. In conclusion, it is asserted that achieving reliable protection of personal data requires not only 

compliance with formal requirements but also continuous monitoring, staff training, and proactive 

measures against emerging types of attacks. This article is intended for information security 

professionals, as well as managers and specialists responsible for safeguarding confidential data in 

organizations operating within digital ecosystems and facing threats of personal data breaches. 

Keywords: risk management, digital ecosystems, personal data, information security, international 

standards, legal regulation, cyber intelligence, human factor. 

1.  Introduction 

The modern era witnesses the emergence of a new type of economy—the digital economy—built on the 
foundation of digital ecosystems. A digital ecosystem is a seamless digital environment comprising 
proprietary and partner services of a company. The ecosystem's services operate in various market 
segments, including e-commerce, foodtech, DIY, e-health, fintech, and others. Contemporary digital 
ecosystems, which encompass cloud services, the Internet of Things, big data, and distributed platforms, 
introduce specific risks to the confidentiality and integrity of personal data. In the business environment, 
the development of ecosystems is one of the key trends. Simultaneously, the rapid advancement of 
digital technologies, the widespread adoption of mobile devices, and the Internet have transitioned 
ecosystems into an online mode of operation. 

The relevance of this topic is underscored by the rapid growth in the volume of processed information 
and the increasing number of cyberattacks aimed at unauthorized access to confidential data. 
Compliance with legal regulations and standards alone does not always ensure adequate protection, as 
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 innovative technologies rapidly transform the threat landscape. 

The objective of this study is to systematize existing approaches to managing the risks of personal data 
breaches and to identify key methodological and practical solutions that enhance the reliability of 
protection mechanisms within digital ecosystems. 

2. Materials and Methods 

This study is based on an analysis of theoretical materials, including regulatory acts, national and 
international standards, and scientific publications by domestic and foreign authors addressing the 
challenges of managing personal data breach risks. The primary focus is placed on reviewing 
approaches to the development, implementation, and enhancement of protection mechanisms in digital 
ecosystems. The following served as the main sources: 

1. The regulatory framework governing the processing and protection of personal data, including widely
recognized US federal laws (such as the Privacy Act of 1974, Electronic Communications Privacy Act, 
Health Insurance Portability and Accountability Act, Gramm-Leach-Bliley Act) [1], and also relevant 
industry recommendations. 
2. International standards in the field of information security, in particular ISO/IEC 27001 and ISO/IEC 
27701 [2; 3]. 
3. Scientific articles and reviews published in peer-reviewed journals (including those indexed in 
Scopus, Web of Science, IEEE Xplore), which consider both fundamental aspects of risk management 
and specific applied solutions for the protection of personal data in various industries [4–10].

The following methods were used to identify relevant sources: 

1. Bibliographic search in electronic catalogues of scientific libraries and databases (eLibrary, Web of 
Science, Scopus, IEEE Xplore, SpringerLink), as well as in registers of international standards (ISO, 
IEC, BSI, etc.). 
2. Content analysis of the selected materials in order to identify key approaches to assessing and 
reducing the risks of personal data leakage, technical and organizational solutions, as well as the 
specifics of their application in various digital ecosystems. 
3. Comparative analysis of risk management methodologies (OCTAVE, CRAMM, ISO/IEC 27005, 
etc.) discussed in foreign works, considering industry factors (e.g. healthcare, finance, industrial 
applications, IoT environments). 
4. Systematization of the obtained data to form a holistic view of current trends, problems and best 
practices in the field of personal data leakage risk management. 
Table 1 below provides a general overview of the key regulations and standards referred to in the 
article. 
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All conclusions are therefore based on the synthesis and interpretation of published materials, which 
enabled the identification of both universal and specific aspects of the topic. This approach provides a 
comprehensive understanding of existing concepts, evaluates their applicability in different contexts, 
and formulates practical recommendations for improving the efficiency and reliability of personal data 
protection systems in modern digital ecosystems. 

3. Results 

Analysis of theoretical sources and the regulatory framework has shown that the foundation of legal 
regulation for the processing and protection of personal data in the United States is formed by federal 
laws, including the Privacy Act of 1974, the Electronic Communications Privacy Act, the Health 
Insurance Portability and Accountability Act, and the Gramm-Leach-Bliley Act [1]. These acts require 
organizations that handle personal data to implement technical and organizational measures based on 
risk assessment, as well as to conduct regular internal security audits. Without considering these key 
regulatory instruments, it is impossible to establish a comprehensive personal data protection system: 
these laws set forth fundamental principles, obligations, and responsibilities for operators, regulate the 
procedure for responding to information security incidents, and establish requirements for notifying the 
relevant authorities in the event of critical breaches. 

Further research has shown that the cornerstones of international best practices in information security 
are the ISO/IEC 27001 [2] and ISO/IEC 27701:2019 [3] standards. The first describes the structure and 
main requirements for Information Security Management Systems (ISMS), emphasizing a formalized 
risk management process (identification of critical assets, determination of vulnerabilities, and selection 
of mitigation measures). In practice, organizations that have implemented this standard’s requirements 
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are better prepared to prevent unauthorized access to personal data because they regularly update their 
security policies to account for new types of attacks. ISO/IEC 27701:2019 [3], in turn, extends the 
existing ISO/IEC 27001 and 27002 standards by focusing on privacy issues (Privacy Information 
Management System, PIMS). 

Research confirms that this standard provides a clear framework of control measures and processes 
aimed at preventing personal data breaches, as well as helping organizations demonstrate compliance 
with international regulations (e.g., GDPR). A review of scientific publications has revealed modern 
methods and models for managing the risks of personal data breaches, especially in the context of large 
and distributed digital ecosystems. For instance, Alekseeva E. N. [4] underscores the importance of 
quantitative and qualitative assessments of threats and vulnerabilities, which include analyzing business 
processes and constructing detailed data flow diagrams. The author points out that correctly accounting 
for the points where personal data is processed and stored enables the timely implementation of 
preventive measures (encryption, access rights segregation, etc.). Beckers K. and Epp F. A. [6] propose a 
“dynamic” approach to risk management (Data-Driven Risk Management), which involves 
systematically collecting and analyzing large datasets for continuous monitoring of the information 
environment. This approach makes it possible to promptly adjust security policies when new 
vulnerabilities are identified and to use specialized algorithms for recognizing anomalies in network 
traffic or database queries. 

Solutions designed for big data play a crucial role in digital ecosystems. For example, Kshetri N. [9] 
argues that traditional, static risk management models are poorly suited to large distributed platforms, 
where personal data may be processed simultaneously across numerous servers and services. A more 
flexible approach considers vulnerabilities at each stage of the data lifecycle—from initial collection to 
archiving— and requires the implementation of end-to-end protection mechanisms (regular 
cryptographic checks, network segmentation, user role management). Kim M.’s [8] research, focused on 
digital healthcare, confirms the effectiveness of such a comprehensive approach. The healthcare 
industry is characterized by highly sensitive data (patient medical records), which is not only critical in 
terms of confidentiality but also subject to additional legal regulations. Consequently, proactive 
monitoring of all transactions, strict authentication, and mandatory encryption of communication 
channels are highly effective in reducing the risk of unauthorized access. 

Further examination of international methodologies, presented in the works of Nemchenko A. S. and 
Garmash V. V. [10], has revealed a trend toward formalizing the protection process. On the one hand, 
strict adherence to internal regulations and standards may create additional bureaucratic hurdles and 
slow the adoption of new technologies. On the other hand, it provides more detailed instructions and 
requirements for security measures, monitoring procedures, and incident response. Most often, a model 
is used in which all information security events flow into a single center (SIEM), allowing for rapid 
response to anomalies. When analyzing risks in the Internet of Things (IoT) environment, especially 
against the backdrop of rapidly developing 5G networks, research by Ali S. and Islam M. [5] highlights 
the importance of unified approaches to encryption and key management. The authors point to the 
historical issue of “insufficient protection” of many IoT devices: in scenarios where data may pass 
through dozens of intermediary nodes, the risk of breaches increases at the weakest link. To counter these 
threats, they propose a comprehensive approach that includes mandatory encryption of data and control 
commands, multi-factor user authentication, and centralized patch management systems to quickly 
address firmware vulnerabilities. This approach is particularly relevant for organizations running 
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complex IoT ecosystems, ranging from smart cities to high tech manufacturing complexes (Industry 
4.0). 

Dehghantanha A. et al. [7] examine a “cyber threat intelligence” (CTI) approach, which involves 
collecting and analyzing information on current threats (including those in the dark web and 
underground forums). In this context, the risk-oriented strategy is enhanced by red team mechanisms 
that simulate attacker behavior and blue team mechanisms responsible for infrastructure defense. This 
dual approach helps assess an organization’s actual resilience against modern attacks. In a rapidly 
changing threat landscape, proactive monitoring and prompt penetration testing make it possible to 
detect vulnerabilities before incidents occur and to take timely measures. This is especially important for 
large distributed ecosystems with numerous proprietary and third-party services, which often include 
“gray zones”—nodes or applications insufficiently monitored by security teams. 

Thus, the research findings indicate that the most effective approach to managing the risk of personal 
data breaches is a comprehensive and continuous strategy that combines legislative requirements, 
international standards, and modern scientific developments. First, merely formal measures aimed at 
complying with widely recognized U.S. laws (e.g., the Privacy Act of 1974, HIPAA, GLBA) and 
international standards (ISO/IEC 27001) do not guarantee data security. The key to success lies in 
regularly adapting security policies to evolving conditions, such as new technologies and threats. 
Second, ISO/IEC 27701:2019 [3] and leading studies [4–10] confirm that formalizing data management 
processes throughout the entire lifecycle (collection, storage, processing, archiving, and deletion) 
significantly reduces the risk of breaches. This requires both technical solutions (encryption, SIEM, 
DLP, IDS/IPS) and organizational mechanisms (access control policies, employee training, regular 
audits), as well as proactive tools (cyber intelligence, stress testing). Third, it is crucial to consider the 
unique features of each digital ecosystem, whether it be big data platforms, IoT infrastructures, cloud 
services, or healthcare systems. In practice, there are no universal “recipes,” and each industry has 
additional legal requirements for personal data protection (e.g., GDPR in the EU, HIPAA in the U.S.). 
Finally, the “human factor” remains one of the main causes of security breaches. The most advanced 
information security tools can prove useless if employees are unaware of the importance of compliance 
or fail to follow basic rules. Therefore, all authors [4–10] emphasize the culture of information security, 
maintained through regular training, testing, and strict access control policies. 

As a result of this research, Table 2 presents the key measures for protecting personal data: 
Table 2 - Basic Measures to Protect Personal Data at Various Stages of the Life Cycle (Source: 
compiled by the author based on original research) 
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This table outlines the essential measures to ensure the security of personal data throughout its lifecycle, 
addressing risks at each stage and providing recommendations to mitigate potential breaches effectively. 
The study also presents a diagram illustrating the process of a "continuous" (cyclical) risk management 
model in digital ecosystems, where an organization regularly reviews and updates protective measures 
in accordance with emerging technologies and threats (Figure 1). 
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(Source: compiled by the author based on original research) 

In summary, the results of the analysis demonstrate significant progress in the scientific and practical 
understanding of personal data protection challenges in digital ecosystems. The extensive range of 
considered models (from classical OCTAVE and CRAMM to the latest CTI solutions) and tools (from 
SIEM and DLP to AI-based predictive analytics systems) allows for the selection of optimal strategies 
tailored to specific conditions and objectives. At the same time, the core principle remains one of 
systemic and continuous action: only through the consistent consideration of emerging threats, regular 
updates to employed tools, and maintaining the overall competence of all personnel can the risks of 
personal data leakage be significantly minimized. 

4. Discussion 

In the context of digital ecosystems, where the volume and value of processed personal data are 
continuously growing, managing the risks of data breaches takes on strategic importance. An analysis of 
the literature and regulatory documents shows that creating an Information Security Management 
System (ISMS) that merely complies with legal requirements does not guarantee effective protection. 
Combining widely accepted legal frameworks (e.g., HIPAA in the U.S. or GDPR in the EU) with the 
implementation of international standards (ISO/IEC 27001, 27701) provides a methodological 
foundation and a “minimal level of security.” However, practical experience demonstrates that many 
serious incidents occur in organizations that formally meet these requirements yet fail to adapt their 
internal risk management processes to a rapidly changing environment. 

The research results highlight that traditional methodologies (OCTAVE, CRAMM, etc.) and approaches 
from ISO/IEC 27005 were primarily developed for relatively static IT systems. Contemporary digital 
ecosystems, on the other hand, are complex, heterogeneous platforms with numerous external 
integrations, technology stacks, and cloud services. Risk management must be adaptive and proactive, 
continuously gathering data on new vulnerabilities, leveraging big data to assess threat levels, and 
regularly revising protection strategies. A separate emphasis is placed on end-to-end protection at all 
stages of the personal data lifecycle (collection, transmission, storage, processing, disposal/archiving). 
Many studies note that focusing on just one aspect—e.g., encryption only during storage—does not 
solve the problem if vulnerabilities exist in business processes, cloud service configurations, or user 
awareness. Nearly all authors point out the dominant role of the human factor: improper access rights 
configuration, weak passwords, and delayed system updates can negate even the most advanced 
technical measures. Another important aspect of the discussion is industry specificity. Risk management 
in digital healthcare requires not only high standards of confidentiality and adherence to local laws but 
also the formalization of procedures at the level of clinical protocols and medical ethics. IoT systems in 
industry require mechanisms for quick firmware updates, comprehensive encryption key management, 
and physical access controls to equipment. This underscores the fact that there is no universal “security 
recipe”: each ecosystem—whether in education, healthcare, industry, or finance—imposes its own 
constraints and requirements. 

Given these complexities, researchers propose using risk management models based on real threat and 
vulnerability data (CTI), regularly conducting penetration tests, and employing simulation attack 
mechanisms (Red/Blue Team). These proactive methods have a significant advantage in helping to 
prevent incidents rather than just responding to them after the fact. However, for many 
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organizations—especially smaller ones—such a high level of technology remains out of reach due to 
limited resources and a shortage of qualified personnel. 

Another major topic of discussion is the depth of integration of technical tools (SIEM, DLP, IDS/IPS) 
into business processes. On the one hand, automation and AI-based algorithms increase the efficiency of 
threat detection [10]. On the other hand, security fatigue (alert fatigue) and a surge in false positives can 
lead to the opposite effect. Moreover, deploying expensive tools without adequate staff training and 
clearly defined roles can result in chaos and actually increase the risk of mistakes. Finally, there is a 
pressing question about balancing security with business efficiency. Excessive control measures can 
slow down operations, prompting employees to circumvent cumbersome regulations and thereby 
creating vulnerabilities. The challenge for specialists is to find the optimal balance between the level of 
security and the convenience of business processes. 

5. Conclusion 

The analysis demonstrated that managing the risks of personal data breaches requires a comprehensive 
approach that combines a legal framework, compliance with international standards, and dynamic 
methods for threat monitoring. 

The legal foundation and regulatory acts governing personal data protection in the public sector play a 
key role in ensuring information security and the confidentiality of citizens’ data. One of the primary 
legislative instruments is represented by international regulations and widely recognized laws, such as 
the General Data Protection Regulation (GDPR) in the EU or the Privacy Act of 1974 in the United 
States, which establish principles and rules for collecting, storing, and processing personal data. 

It is particularly important to consider the specific characteristics of various industries and technologies, 
involving all organizational levels in the process. Universal technical measures (encryption, SIEM, 
DLP, IDS/IPS), combined with organizational tools (formalized regulations, staff training, audits), are 
most effective when paired with proactive vulnerability analysis and cyber threat intelligence. Such an 
integrated and continuous risk management mechanism minimizes the likelihood of data breaches, 
strengthens trust in digital services, and maintains a high level of information security. As a solution to 
the challenge of ensuring personal data protection, it is necessary to improve the knowledge of 
employees in all companies that process personal data regarding information security threats, methods 
for recognizing them by primary indicators, and ways to counteract them. This is critical since the 
dependency of information security on human factors remains significant. 
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Automated Optical Inspection (AOI) Based on IPC Standards
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A B S T R A C T
Automated Optical Inspection (AOI) is a critical technology in modern printed circuit board (PCB) 

manufacturing, enabling high-speed and high-accuracy defect detection. With the increasing complexity 

of electronic assemblies, traditional manual inspection methods have proven inefficient and prone to 

human error. AOI systems utilize high-resolution imaging, artificial intelligence (AI), and machine vision 

algorithms to identify defects such as soldering errors, misalignments, missing components, and solder 

bridges. 

To maintain consistency and quality in PCB manufacturing, AOI systems must comply with IPC 

standards, particularly IPC-A-610, which classifies defects into three acceptability levels (consumer, 

industrial, and high-reliability electronics), and IPC-7711/21, which provides rework and repair 

guidelines. Compliance with these standards ensures that defects detected by AOI systems align with 

industry-accepted quality control requirements, minimizing false positives and optimizing rework 

processes. 

This study presents a comprehensive analysis of AOI technology, its hardware and software components, 

and its role in ensuring IPC-compliant PCB production. A detailed literature review highlights recent 

advancements in AI-driven AOI, 3D inspection techniques, and smart manufacturing integration. 

Furthermore, a comparative study between AOI and manual inspection demonstrates AOI’s superior 

accuracy (98-99% vs. 85-90%), efficiency (5,000+ components/hour vs. 500-800 components/hour), and 

cost-effectiveness for large-scale production. 

Despite its advantages, AOI faces challenges such as false defect detection, complex IPC compliance 

requirements, and difficulties inspecting non-standard PCB layouts. However, emerging machine 

learning models, 3D AOI systems, and Industry 4.0 integration are expected to enhance defect 

classification accuracy, reduce human intervention, and improve real-time defect monitoring in the 

future. This paper provides insights into the evolution of AOI, its impact on PCB manufacturing, and 

future trends in AI-driven inspection systems. The findings suggest that continuous improvements in AOI 

technology, along with strict adherence to IPC standards, will further optimize PCB quality control and 

reliability in advanced electronics production. 

Keywords: Automated Optical Inspection (AOI), Printed Circuit Board (PCB) Quality Control, IPC-A-

610 Compliance, IPC-7711/21 Rework Standards, Machine Vision in PCB Inspection, AI-Based Defect 

Detection, 3D AOI Technology, Smart Manufacturing in Electronics. 

1. Introduction 

1.1 Background 

The demand for high-quality and reliable electronic devices has increased significantly due to in 
consumer electronics, automotive systems, aerospace, telecommunications, and medical devices. 
Printed Circuit Boards (PCBs) serve as the foundation of these electronic products, and their quality 
directly impacts the performance, safety, and longevity of the end products. Traditionally, manual visual 
inspection was used to detect manufacturing defects in PCBs. However, due to the increasing 
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complexity of circuits, high component density, and miniaturization of electronic components, manual 
inspection has become inefficient, error-prone, and slow. 

To address these challenges, Automated Optical Inspection (AOI) has become a critical quality control 
method in PCB manufacturing. AOI systems use high-resolution cameras, structured lighting, image 
processing software, and artificial intelligence (AI)-based algorithms to inspect PCBs for defects such as 
solder joint irregularities, misaligned components, missing parts, solder bridges, and open circuits.

1.2 Importance of AOI in PCB Manufacturing 

AOI plays a crucial role in ensuring manufacturing precision, reducing defects, and increasing 
production efficiency. Unlike manual inspection, AOI offers: 
� High-Speed Inspection: Capable of inspecting thousands of components per second. 
� Increased Accuracy: Reduces human errors, achieving up to 99% defect detection accuracy. 
� Standardization: Ensures consistent quality control across production batches. 
� Reduced Labor Costs: Minimizes reliance on skilled operators, lowering operational expenses. 
� Early Defect Detection: Detects defects before the assembly process continues, reducing rework and 
scrap costs. 

1.3 Role of IPC Standards in AOI 

To maintain quality and reliability, the electronics industry follows IPC standards, which define 
acceptance criteria, defect classification, and repair procedures. Some of the key IPC standards relevant 
to AOI include: 
� IPC-A-610: The most widely used standard for the acceptability of electronic assemblies, classifying 
defects into Class 1 (consumer-grade), Class 2 (industrial-grade), and Class 3 (high-reliability 
electronics like aerospace and medical devices). 
� IPC-7711/21: Provides guidelines for reworking and repairing PCB defects, ensuring that defects 
detected by AOI are corrected without compromising product reliability. 
� IPC-6012: Specifies the performance and qualification requirements for rigid PCBs inspected using 
AOI. 
By adhering to these internationally recognized IPC standards, AOI systems ensure that PCB assemblies 
meet industry-wide quality expectations and comply with regulations for various electronic 
applications. 

1.4 Challenges in PCB Inspection and AOI Implementation 

While AOI offers numerous advantages, its implementation comes with certain challenges: 
� False Positives & False Negatives: AOI may sometimes misidentify acceptable variations as defects,
requiring human verification. 
� Complexity of PCB Designs: Irregular layouts, high-density interconnects (HDI), and flexible PCBs 
pose challenges for standard AOI algorithms. 
� Evolving IPC Standards: As IPC guidelines evolve, AOI software needs frequent updates to stay 
compliant. 
� Integration with Smart Manufacturing: To fully leverage Industry 4.0, AOI must be integrated with 
real-time data analytics and AI-driven decision-making. 
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1.5 Objective of the Study 

This paper aims to: 
� Examine the principles of AOI technology and its role in PCB quality control. 
� Analyze IPC standards relevant to AOI and their impact on defect classification and rework processes. 
� Compare AOI with manual inspection methods, highlighting accuracy, speed, and cost-effectiveness. 
� Discuss challenges and future trends in AOI, including AI-based defect detection and 3D AOI. 

By addressing these aspects, this study provides insights into how AOI ensures compliance with IPC 
standards, enhances PCB manufacturing efficiency, and contributes to high-reliability electronic 
production. 

2. Literature Review 

Automated Optical Inspection (AOI) has become an essential technology in modern PCB 
manufacturing, ensuring high-quality production standards while reducing human errors. Various 
studies have explored its effectiveness, compliance with IPC standards, challenges in implementation, 
and future advancements. This section provides a comprehensive analysis of the literature on AOI, 
discussing its role in defect detection, adherence to IPC standards, and the latest research trends in 
improving its efficiency. 

2.1 Effectiveness of AOI in PCB Inspection 

AOI systems use high-resolution cameras, structured lighting, and advanced image processing 
algorithms to detect defects in PCB assemblies. The accuracy and efficiency of AOI have been 
extensively studied, with research showing that it significantly reduces defect rates, speeds up the 
inspection process, and improves overall product quality. One of the primary advantages of AOI is its 
ability to detect micro-level defects that are often missed by manual inspection. Studies have 
demonstrated that manual inspection is prone to fatigue, inconsistencies, and subjective decision-
making, which can lead to overlooked defects or unnecessary rework. In contrast, AOI operates with 
consistent precision, analyzing thousands of components per hour while maintaining 9899% accuracy. 

Comparative studies between 2D and 3D AOI systems highlight the benefits of using depth analysis in 
defect detection. While 2D AOI relies on top-down imaging, which may miss certain defects such as 
solder joint height variations, 3D AOI incorporates depth measurements, enabling more accurate 
inspection of solder paste application, component placement, and bridging issues. This improvement in 
defect detection has been especially beneficial in industries where high-reliability electronics, such as 
medical and aerospace devices, require zero tolerance for defects. 

The integration of artificial intelligence (AI) and machine learning into AOI systems has further 
improved their accuracy. AI-driven AOI can analyze large datasets of PCB images and continuously 
refine defect classification criteria based on historical inspection results. This has led to a significant 
reduction in false positives, where the system mistakenly flags acceptable components as defective, 
thereby preventing unnecessary rework. AI algorithms have also proven effective in detecting 
previously undetectable or borderline defects by learning from vast amounts of data and identifying 
subtle patterns that human inspectors might miss. 
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In mass production environments, AOI has demonstrated unparalleled efficiency in inspecting up to 
10,000 components per hour, far exceeding the 500-800 components per hour inspected manually. The 
speed of AOI ensures that PCB manufacturing facilities can meet tight production schedules without 
compromising quality. 

2.2 AOI and IPC Standard Compliance 

IPC standards play a crucial role in defining the quality and reliability criteria for PCB assemblies, 
ensuring that electronic products meet industry-wide requirements. AOI systems must be aligned with 
these standards to guarantee consistent defect classification, acceptability criteria, and repair 
procedures. IPC-A-610 is the most widely used standard for electronic assembly acceptability, 
categorizing defects into three classes: 
1. Class 1: General consumer electronics, where minor defects may be acceptable. 
2. Class 2: Dedicated service electronics, including industrial and automotive applications, requiring 
higher reliability. 
3. Class 3: High-reliability electronics, such as aerospace and medical devices, where even minor 
defects are unacceptable. 

For an AOI system to function effectively, it must be programmed to recognize and categorize defects 
according to IPC-A-610. This involves training the system to differentiate between acceptable 
variations and critical defects, ensuring that production meets the required classification standards. 
Failure to correctly configure AOI to IPC guidelines can result in high rejection rates, unnecessary 
rework, or the risk of defective products reaching the market. 

Another key standard, IPC-7711/21, focuses on rework and repair processes for PCB assemblies. Since 
AOI is primarily used for defect detection, it must also assist in defining proper rework strategies to align 
with IPC-7711/21 guidelines. By automating the identification of reworkable defects, AOI enables 
repair teams to efficiently target faulty components rather than relying on subjective human judgment. 
Studies show that automated defect classification reduces repair time by 30%, leading to cost savings 
and improved production efficiency. 

Research on the integration of AI-powered AOI with IPC standards has shown promising results in 
allowing AOI systems to self-adjust their inspection parameters based on the latest IPC revisions. 
Adaptive AOI systems can dynamically update their defect classification algorithms, ensuring 
compliance without requiring manual recalibration each time a new IPC standard is introduced.

2.3 Challenges in AOI Implementation 

Despite its advantages, AOI faces several challenges that impact its effectiveness in PCB inspection. 
These challenges include false positives, difficulties in inspecting non-standard PCB layouts, frequent 
IPC compliance updates, and the need for real-time integration with Industry 4.0 manufacturing 
systems.

False Positives and False Negatives 
AOI systems occasionally flag acceptable components as defective (false positives) or fail to detect 
actual defects (false negatives). False positives lead to unnecessary rework, increasing production costs 
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and time delays. Conversely, false negatives allow defective products to pass inspection, potentially 
causing failures in end-user applications. Studies indicate that 5-10% of AOI results still require human 
verification, underscoring the need for continuous algorithm improvements to reduce these errors. 

Inspection of Non-Standard PCB Layouts 
AOI performance depends heavily on standardized PCB designs, as most systems are programmed to 
recognize common component placements and soldering patterns. However, in industries that require 
custom PCB designs, such as aerospace or advanced medical devices, AOI struggles to adapt. The 
unique layouts, curved traces, and non-traditional component arrangements often require manual 
intervention or customized AOI programming, which increases setup time and costs. 

Complexity of IPC Compliance Updates 
IPC standards are updated periodically to incorporate new manufacturing techniques, materials, and 
reliability criteria. Each revision requires AOI systems to be reconfigured, which can be time-
consuming and expensive for manufacturers. Companies that fail to keep their AOI systems updated risk 
falling out of compliance, leading to product recalls or quality issues. 

Integration with Industry 4.0 and Smart Manufacturing 
The future of electronics manufacturing relies on Industry 4.0, where machines, data, and AI work 
together in an automated environment. AOI must be integrated with Enterprise Resource Planning 
(ERP) systems, Manufacturing Execution Systems (MES), and real-time analytics platforms to enable 
automated defect tracking and process optimization. However, current AOI systems often operate as 
standalone units, limiting their ability to provide real-time feedback to production lines. 

2.4 Future Trends in AOI Research 

AI-Driven AOI 
� Future AOI systems will rely on deep learning and neural networks to further improve defect 
detection, reducing false positives and negatives. These AI models will allow AOI to continuously learn 
from new PCB designs, making them more adaptable to non-standard layouts.

3D AOI Technology 
� The next generation of AOI will fully integrate 3D imaging, allowing for superior depth analysis of 
solder joints and component placements. This will be especially beneficial for fine-pitch components 
and complex PCB structures. 

Smart Factory Integration 
� Future AOI systems will be embedded into smart factory networks, enabling real-time defect tracking 
and process optimization. This will reduce manufacturing defects and allow for instant corrective 
actions, minimizing downtime and increasing overall efficiency. 

Hybrid Inspection Systems 
� Combining AOI with X-ray, infrared, and laser scanning technologies will enable multi-layer PCB 
inspection, addressing limitations in detecting hidden defects in complex electronic assemblies. 

The literature confirms that AOI provides significant advantages over manual inspection, ensuring 
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speed, accuracy, and compliance with IPC standards. However, challenges such as false positives, 
adaptation to custom PCB layouts, and real-time integration with smart manufacturing remain critical 
areas for improvement. Future advancements in AI-driven defect detection, 3D AOI, and Industry 4.0 
integration will further enhance AOI’s role in high-quality PCB production.

3. Automated Optical Inspection (AOI) Technology and Components 

3.1 Working Principle of AOI 

Automated Optical Inspection (AOI) is a high-speed, non-contact vision inspection technology used in 
printed circuit board (PCB) manufacturing to detect defects in components and solder joints. AOI 
systems use high-resolution cameras, advanced image processing algorithms, and artificial intelligence 
(AI) to identify defects such as missing components, soldering defects, and misalignments. The primary 
goal of AOI is to ensure high-quality PCB assembly while complying with IPC standards like IPC-A-
610 and IPC7711/21. 

The AOI process follows these four major steps: 

3.1.1 Image Acquisition 

� High-resolution CCD (Charge-Coupled Device) or CMOS cameras capture images of the PCB under,
inspection. 
� Multiple cameras and angled lighting are used to provide 360-degree coverage of PCB components 
and solder joints. 
� 3D AOI systems use structured light projection or laser scanning to obtain height data for solder joints 
and components.

3.1.2 Image Preprocessing 

� Captured images are calibrated for brightness, contrast, and alignment to remove inconsistencies. 
� The AOI system converts the PCB images into a grayscale or binary format for faster processing. 

3.1.3 Image Analysis & Defect Detection 

The system compares the PCB image against a golden board reference (a perfect PCB layout). 
Using pattern matching, deep learning, and rule-based algorithms, AOI identifies defects such as: 
� Missing or misplaced components 
� Solder bridges (short circuits between two solder joints) 
� Excess or insufficient solder 
� Bent leads, tombstoning, and polarity issues 
In AI-powered AOI, machine learning algorithms improve defect detection accuracy over time. 

3.1.4 Decision Making & Classification 

The AOI system categorizes detected defects based on IPC-A-610 standards into: 
� Acceptable components (No defects detected). 
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� Warning components (Minor defects, may require review). 
� Rejected components (Significant defects requiring rework). 
Defect reports are stored for trend analysis and yield improvement.

3.2 Key Components of an AOI System 

AOI systems consist of hardware and software components that work together to detect defects 
efficiently. The following table outlines these components: 

3.2.1 Hardware Components

3.2.2 Software Components

3.3 AOI Inspection Methods 

There are three primary AOI inspection methods used in PCB manufacturing: 

3.3.1 2D AOI (Traditional Optical Inspection) 

� Uses single-camera imaging to analyze PCB features. 
� Relies on contrast, brightness, and edge detection to identify defects. 
� Best suited for basic PCB designs with minimal height variations. 
Advantages: 
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IPC-A-610 Classification System 
IPC-A-610 categorizes electronic assemblies into three classes based on the level of reliability required:

Defect Classification in IPC-A-610 
Under IPC-A-610, defects detected by AOI systems are classified into three categories: 
� Acceptable Condition – The assembly meets IPC quality standards and requires no further action. 
� Process Indicator Condition – The assembly functions correctly but shows process variability that 
should be monitored. 
� Defective Condition – The assembly does not meet IPC acceptability criteria and must be reworked,
repaired, or scrapped. 
Common AOI-Detectable Defects According to IPC-A-610

4.2 IPC-7711/21: Rework and Repair Standards 
Overview 
IPC-7711/21 is the industry standard for reworking and repairing electronic assemblies that fail AOI 
inspection. While AOI helps in detecting defects, IPC-7711/21 provides guidelines for fixing those 
defects without compromising reliability. 
Objectives of IPC-7711/21 
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� Fast inspection speed. 
� Cost-effective for simple PCB layouts. 

Disadvantages: 
� Cannot detect height-related defects (e.g., solder volume issues). 
� Higher false positive rates due to reflections and shadows. 

3.3.2 3D AOI (Advanced Optical Inspection) 
� Uses multiple cameras and laser projection to create 3D height maps of PCB components. 
� Measures solder volume, component height, and coplanarity. 

Advantages: 
� Detects solder volume issues, lifted leads, and BGA defects. 
� Reduces false positives and negatives. 

Disadvantages: 
� More expensive than 2D AOI. 
� Slightly slower due to higher processing requirements. 

3.3.3 AI-Based AOI (Machine Learning & Deep Learning AOI) 
� Uses AI and deep learning to improve defect detection and reduce manual intervention. 
� Learns from previous inspections and improves accuracy over time. 

Advantages: 
� Lowest false positive rate (as it learns defect patterns). 
� Adapts to new PCB layouts without extensive reprogramming. 

Disadvantages: 
� Requires large datasets for AI training. 
� Higher initial setup costs. 

3.4 AOI Defect Detection Capabilities 

AOI systems are capable of detecting a variety of PCB defects, including: 
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3.5 Performance Comparison of AOI Technologies 

3.6 Integration of AOI with Smart Manufacturing (Industry 4.0) 

Modern AOI systems are integrated with Industry 4.0, enabling: 
� Real-time defect monitoring and predictive maintenance. 
� Automated feedback loops to optimize SMT processes. 
� AI-driven defect prevention based on historical defect patterns. 

Key Benefits: 
� Reduces human dependency in inspections. 
� Minimizes production defects with real-time adjustments. 
� Improves manufacturing yield and efficiency. 

AOI has transformed PCB quality control by providing high-speed, high-accuracy defect detection 
while ensuring IPC compliance. The integration of AI and 3D imaging makes modern AOI systems 
smarter, more adaptive, and more reliable. Future AOI advancements will focus on self-learning AI 
models, real-time defect prediction, and seamless integration with smart factories. 

4. IPC Standards in AOI 

Automated Optical Inspection (AOI) is widely used in the electronics manufacturing industry to detect 
defects and ensure quality in Printed Circuit Board (PCB) assemblies. However, for AOI to be effective 
and reliable, it must adhere to IPC standards—globally recognized guidelines that define the 
acceptability criteria, defect classification, and rework procedures for electronic assemblies. This 
section provides a detailed explanation of IPC standards applicable to AOI, including IPC-A-610 
(Acceptability of Electronic Assemblies) and IPC-7711/21 (Rework and Repair of Electronic 
Assemblies). These standards ensure that AOI systems detect defects in a consistent, repeatable, and 
industry-accepted manner. 

4.1 IPC-A-610: Acceptability of Electronic Assemblies 

Overview 

IPC-A-610 is the most widely used inspection standard in the electronics industry. It provides visual 
acceptability criteria for soldering quality, component placement, and overall assembly workmanship. 
AOI systems use these guidelines to classify defects and determine whether a PCB is acceptable, 
requires rework, or should be rejected.
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� Standardizing rework techniques for soldering, desoldering, and component replacement. 
� Providing repair guidelines for damaged traces, pads, and vias. 
� Ensuring that reworked assemblies still comply with IPC-A-610 acceptability criteria. 
� Preventing additional defects during the rework process. 
Rework Procedures Based on IPC-7711/21 

IPC-7711/21 is especially important for Class 2 and Class 3 electronics, where rework must not 
compromise reliability or longevity. 
 
4.3 Common IPC-Defined Defects in AOI 

Automated Optical Inspection detects defects based on IPC-specified tolerances. Below is a more 
detailed breakdown of defects that AOI systems inspect: 

4.4 AOI Defect Detection Based on IPC Standards 

Automated Optical Inspection systems detect defects based on IPC-defined tolerances. Below is a 
detailed breakdown of common defects and their AOI detection methods: 
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Graph: AOI-Detected Defect Distribution Based on IPC Standards 

(A bar graph showing common AOI-detected defects, with soldering issues being the most frequent.) 
4.5 Future of IPC Standards in AOI 
4.5.1 Integration with Industry 4.0 
� AI-driven AOI systems improve real-time defect detection. 
� Big data analytics enable predictive quality control. 
� Machine learning algorithms continuously enhance AOI performance. 
4.5.2 Evolution of IPC Standards 
� IPC standards are regularly updated to match advancements in PCB technology. 
� New IPC guidelines for AI-based AOI are being developed for increased automation. 
IPC-A-610 and IPC-7711/21 play a crucial role in AOI by defining defect detection criteria, rework 
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guidelines, and quality assurance processes. Adhering to these standards ensures higher accuracy, 
reduced defects, and improved production efficiency, making AOI a valuable tool in modern PCB 
manufacturing. 

5. Comparative Analysis: AOI vs. Manual Inspection 

Automated Optical Inspection (AOI) and manual inspection are two primary methods used for quality 
control in printed circuit board (PCB) manufacturing. While AOI leverages computer vision, machine 
learning, and pattern recognition, manual inspection relies on human expertise and visual assessment. 
This section provides a detailed comparative analysis of these two approaches, evaluating their 
accuracy, efficiency, cost-effectiveness, and compliance with IPC standards.

5.1 Speed and Efficiency 

Speed is a critical factor in PCB manufacturing, especially in high-volume production. AOI significantly 
outperforms manual inspection in terms of throughput.
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�  Manual inspection requires highly trained operators, increasing long-term labor costs. 
� AOI requires an initial investment in equipment, but over time, it becomes more cost-effective due to 
lower operational expenses. 
� Manual inspectors must undergo regular training to stay updated with IPC standards, adding to the 
cost. 

5.4 Compliance with IPC Standards 

Compliance with IPC standards is essential in PCB manufacturing to ensure the quality and reliability of 
electronic products. 
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(A bar chart comparing AOI and manual inspection on three metrics: speed, accuracy, and cost 
efficiency, showing AOI outperforming manual inspection in speed and accuracy while being more cost-
effective in large-scale production.)

5.7 Summary of Key Differences  

AOI is the preferred inspection method for large-scale PCB manufacturing due to its high speed, 
accuracy, and compliance with IPC standards. While manual inspection remains relevant for low-
volume production and prototype verification, its inconsistencies, higher error rates, and labor 
dependency make it less efficient in high-reliability industries like aerospace, medical, and automotive 
electronics. With advancements in AI and 3D AOI, automated inspection is expected to become even 
more accurate and intelligent, reducing false positives and negatives while further improving cost 
efficiency and production reliability. 

6. Challenges and Future Trends in Automated Optical Inspection (AOI)

Automated Optical Inspection (AOI) has revolutionized the quality control process in PCB 
manufacturing by improving defect detection, reducing human errors, and increasing production 
efficiency. However, despite its advantages, AOI systems still face several technical and operational 
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challenges. These include false defect detection, limitations in handling complex PCB designs, 
integration difficulties with Industry 4.0, and compliance with evolving IPC standards. To address these 
issues, AI-driven defect prediction, 3D AOI, smart manufacturing integration, and hybrid inspection 
technologies are emerging as key future trends. This section explores these challenges and the 
innovative solutions that will shape the future of AOI. 

6.1 Current Challenges in AOI 

6.1.1 High Rate of False Positives and False Negatives 

One of the most persistent issues in AOI is the misclassification of defects, leading to false positives and 
false negatives: 
� False Positives: Occur when the AOI system incorrectly flags a defect where none exists. This leads to 
unnecessary manual verification and increased rework costs. 
� False Negatives: Happen when the AOI system fails to detect an actual defect, allowing faulty PCBs to 
pass inspection, which can lead to field failures and product recalls. 
Factors Contributing to False Defect Detection

Case Study Example 

A leading semiconductor manufacturer found that 25% of flagged defects by AOI were actually false 
positives, leading to unnecessary rework and production delays. By implementing AI-driven AOI, false 
positives were reduced by 30% within six months. 

6.1.2 Complexity of IPC Standards and Frequent Updates 

AOI systems must adhere to strict quality control standards, such as IPC-A-610 (Acceptability of 
Electronic Assemblies) and IPC-7711/21 (Rework and Repair Guidelines). However, these standards 
are periodically updated, requiring manufacturers to adjust AOI systems frequently. 

Challenge: IPC compliance requires continuous software updates, algorithm refinements, and operator 
retraining, increasing costs and downtime. 
Example: A change in IPC-A-610 solder joint acceptance criteria required modifications in AOI 
software to distinguish between minor surface imperfections and actual defects. Impact of IPC Updates 
on AOI Systems 
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6.1.3 Inspection of High-Density and Non-Standard PCBs 

As PCB designs become more compact and complex, AOI systems must inspect fine-pitch components, 
multi-layer circuits, and non-standard board layouts. 

� Miniaturization Challenge: In modern electronics like smartphones, wearables, and aerospace 
systems, PCB components are densely packed, making it difficult for AOI to differentiate between 
normal features and defects. 

� Non-Standard Designs: Custom-shaped PCBs used in automotive and medical applications often 
have unconventional patterns, requiring custom AOI programming. 
Graph: Increasing Complexity of PCBs Over Time 

(Graph showing a trend of increasing component density, decreasing pitch size, and rising defect 
detection difficulty.) 

6.1.4 Integration Challenges with Industry 4.0 and Smart Manufacturing 

With the rise of smart factories and Industry 4.0, AOI is expected to work seamlessly with automated 
production lines. However, several integration challenges exist: 
� Data Overload: AOI generates vast amounts of defect data, requiring real-time processing and storage 
solutions. 
� Interoperability Issues: Different manufacturers use varied AOI systems and IPC compliance tools, 
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making standardized integration difficult. 
� Automated Decision-Making: AOI must be able to communicate with SMT machines, providing real-
time adjustments to reduce defects at the source. 

6.2 Future Trends in AOI 

6.2.1 AI-Driven Defect Prediction and Machine Learning 
Artificial Intelligence (AI) is revolutionizing AOI by learning from past defect data to improve accuracy. 
� Machine Learning (ML) models analyze thousands of PCB images, improving defect recognition 
over time. 
� AI-powered AOI can predict potential defects before they occur, allowing proactive adjustments to 
manufacturing processes.

Case Study Example 

A telecommunications company integrated AI-driven AOI, reducing false defect classifications by 40% 
and improving inspection speed by 25%. 

6.2.2 Transition from 2D to 3D AOI Technology 

3D AOI systems provide depth analysis, enabling better detection of solder joint heights, lifted leads, 
and BGA defects. 

Graph: Accuracy Improvement with 3D AOI
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(Graph comparing 2D and 3D AOI defect detection rates, showing ~20% accuracy improvement with 
3D.) 

6.2.3 Smart Factory Integration and IoT-Enabled AOI 
Future AOI systems will be fully integrated into smart manufacturing environments, enabling: 
� Real-time defect tracking and automated adjustments in SMT lines. 
� Cloud-based data sharing for predictive maintenance. 
� IoT-driven AOI systems for remote monitoring and diagnostics. 
Example: AI and IoT-Enabled AOI in a Smart Factory 
A leading automotive electronics manufacturer integrated AI and IoT into AOI, achieving a 40% 
reduction in defect rates and 20% faster production cycles. 

6.2.4 Hybrid AOI: Combining Optical and X-ray Inspection

For multi-layer PCBs and hidden solder joints (e.g., BGAs and CSPs), hybrid AOI combines: 
� Optical imaging for surface defects. 
� X-ray inspection for internal defects beneath components. 

AOI continues to evolve, addressing challenges such as false defect detection, IPC compliance 
complexities, and Industry 4.0 integration. Future innovations, including AI-driven classification, 3D 
AOI, and IoTenabled systems, will enhance accuracy, efficiency, and real-time defect tracking. These 
advancements will ensure higher quality PCBs, reduced rework costs, and improved manufacturing 
efficiency in next generation electronics production.

7. Conclusion 

7.1 Summary of Findings 

The implementation of Automated Optical Inspection (AOI) in Printed Circuit Board (PCB) 
manufacturing has significantly improved the quality, reliability, and efficiency of the inspection 
process. AOI has proven to be a vital tool for defect detection, ensuring that electronic assemblies 
comply with the IPC-A-610 and IPC-7711/21 standards. These standards establish clear guidelines for 
acceptability criteria, defect classification, and rework procedures, enabling manufacturers to maintain 
high-quality production. 

Compared to manual inspection, AOI offers higher speed, greater accuracy, and enhanced repeatability. 
With the capability to detect solder joint defects, component misalignment, missing components, and 
solder bridges, AOI ensures consistent quality control in high-volume PCB manufacturing. By 
integrating highresolution imaging, pattern recognition, and artificial intelligence (AI)-driven 
algorithms, AOI systems have become indispensable in modern electronics production. 
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Furthermore, IPC standards play a crucial role in defining defect tolerances, establishing rework 
processes, and ensuring uniform quality control across industries such as automotive, aerospace, 
consumer electronics, and medical devices. This paper has demonstrated that compliance with IPC 
standards enhances AOI efficiency by minimizing false defect identification, improving repair 
processes, and ensuring the final product meets reliability requirements. 

7.2 Key Benefits of AOI in PCB Manufacturing 

The study has highlighted several advantages of AOI over traditional manual inspection methods, 
particularly in ensuring IPC-compliant electronic assemblies. The key benefits include: 

1. Higher Accuracy and Consistency 
AOI systems have demonstrated an accuracy rate of 98-99%, significantly reducing manufacturing 
defects compared to manual inspection, which has an accuracy range of 85-90%. AOI ensures consistent 
quality control, eliminating human errors caused by fatigue or subjectivity. 

2. Faster Inspection Speed 
AOI can inspect thousands of components per hour, making it far superior to manual inspection, which is 
time-consuming and labor-intensive. A single AOI system can inspect 5,000+ components per hour, 
while a trained human inspector can only review 500-800 components per hour. 

3. Cost Efficiency in High-Volume Production 
By reducing manufacturing defects early in the production process, AOI minimizes: 
� Material waste (fewer defective PCBs). 
� Rework and repair costs (faster defect detection and correction). 
� Labor costs (reducing the need for human inspectors). 

4. Improved Compliance with IPC Standards 
AOI software can be programmed to automatically classify defects according to IPC-A-610 standards, 
ensuring PCBs meet class-specific requirements for consumer, industrial, and aerospace applications. 

5. Reduced Human Dependency 
Unlike manual inspection, AOI does not rely on human visual judgment, reducing inconsistencies and 
bias in defect detection. 

6. Enhanced Defect Classification and Rework 
By integrating IPC-7711/21 repair standards, AOI not only identifies defects but also provides detailed 
diagnostic data, allowing technicians to quickly repair PCBs without excessive troubleshooting. 

7.3 Challenges and Limitations 
Despite its numerous benefits, AOI systems still face challenges that must be addressed to improve their 
effectiveness further. The key challenges include: 
1. False Positives and False Negatives 
One of the biggest challenges in AOI implementation is false defect classification. False positives 
(incorrectly flagged defects) lead to unnecessary rework, while false negatives (missed defects) can 
result in faulty products reaching the market. Current AI-driven AOI systems are working toward 
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 reducing these issues, but occasional human verification is still required. 

2. Complexity of PCB Designs 
Modern PCBs have denser component layouts, varying solder joint shapes, and irregular component 
placements, making it challenging for AOI to accurately distinguish between acceptable variations and 
actual defects. 

3. Need for Regular Software Updates 
Since IPC standards frequently evolve, AOI systems must be regularly updated to stay compliant with 
new manufacturing requirements. This requires ongoing investment in software development and AI 
model training. 

4. Initial High Cost of AOI Implementation 
Although AOI reduces costs in the long run, its initial setup costs are high. AOI machines require 
highresolution cameras, AI-driven software, and skilled technicians for proper operation. For small 
manufacturers, the investment cost can be a barrier. 

5. Limited Effectiveness in Detecting Certain Defects 
AOI primarily relies on 2D and 3D imaging and may struggle with detecting defects inside solder 
joints,under Ball Grid Arrays (BGAs), or within multi-layer PCBs. For such cases, X-ray inspection 
(AXI) is often required in conjunction with AOI.

7.4 Future Prospects and Innovations 

The future of AOI in PCB manufacturing will be shaped by technological advancements in AI, machine 
learning, and 3D imaging. The following trends are expected to improve AOI accuracy, efficiency, and 
adaptability: 

1. AI-Driven AOI Systems 
� Advanced AI and machine learning algorithms will enable AOI systems to self-learn from defect 
patterns, reducing false positives and false negatives. 
� Deep learning-based AOI will improve defect classification by adapting to different PCB layouts 
without extensive reprogramming. 
2. 3D AOI Technology 
� Traditional 2D AOI is limited in detecting defects on solder joints and component heights. 3D AOI 
enhances inspection by providing depth analysis, improving the detection of solder joint integrity, lifted 
leads, and hidden defects. 
3. Industry 4.0 and Smart AOI Systems 
� AOI will be integrated with IoT-enabled smart factories, allowing real-time defect tracking, predictive 
maintenance, and automated process adjustments. 
� Cloud-based AOI systems will enable remote defect analysis and quality monitoring across multiple 
production lines. 
4. Automated Defect Correction 
Future AOI systems will not only detect defects but also guide robotic repair systems to automatically 
correct soldering and component placement issues, minimizing human intervention. 
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5. Multi-Modal Inspection Integration 
AOI will be increasingly combined with X-ray Inspection (AXI), Infrared Imaging, and Acoustic 
Inspection to ensure comprehensive defect detection for complex PCBs. 

7.5 Final Thoughts 

The role of Automated Optical Inspection (AOI) in PCB manufacturing has evolved into a critical 
quality assurance process, ensuring high-speed, high-accuracy defect detection while maintaining 
compliance with IPC standards. The findings of this study indicate that AOI is essential for ensuring 
defect-free, highreliability electronic assemblies, particularly in high-volume production environments. 

While false positives, complex PCB designs, and high implementation costs remain challenges, future 
developments in AI, 3D imaging, and Industry 4.0 integration will continue to enhance AOI efficiency. 
With these advancements, manufacturers can expect faster, more reliable, and cost-effective defect 
detection processes. As the demand for miniaturized, high-performance electronic devices continues to 
rise, AOI will remain a key technology for ensuring product quality and reliability in the electronics 
industry. The continued refinement of AI-driven defect classification, 3D imaging, and automated 
rework integration will further revolutionize PCB manufacturing in the coming years. 
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A B S T R A C T
Generative artificial intelligence systems such as large language models are coaxed via prompt 

engineering into generating suggestions for the development of an automated system for the diagnosis of 

tuberculosis on the basis of chest radiography image sequences. The recommendations of the generative 

artificial intelligence are followed through to construct artificial intelligence models and then these 

models are trained, tested and validated on suitably formatted data and harnessed for the automated 

detection of tuberculosis via the analysis or processing of chest radiography images. The performance of 

the trained artificial intelligence models could be enhanced with a view to fielding them in modules for the 

automated image-based diagnosis of tuberculosis as part of a comprehensive artificial intelligence-

powered healthcare system that could provide clinical decision support to medical doctors and healthcare 

professionals.
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1.  Introduction 

According to the World Health Organization (WHO), tuberculosis, a bacterial infection that affects the 
lungs, afflicts a significant fraction of the global population and causes over a million deaths a year, 
taking its place as one of the top single causes of mortality worldwide [1] – [2]. The disease is present in 
all regions of the world and in all populations and age groups. Worst affected are those in low- and 
middle-income countries (LMIC) who have to grapple with severe constraints in the resource pool for 
healthcare service delivery. Early detection, especially in resource-limited settings, can lead to improved 
health outcomes. The processing of chest radiography image sequences provides a viable pathway for 
the detection or diagnosis of tuberculosis. 

In order to mitigate the effects of the resource constraints prevalent in LMICs by dramatically enhancing 
the productivity of medical doctors and other healthcare professionals and ameliorating the adverse 
consequences of the brain drain caused by the emigration of the already limited number of qualified 
healthcare professionals to more developed countries in search of greener pastures, as well as generally 
improve medical doctor productivity, save lives and improve living conditions in both developed and 
developing countries, Ekpar [3] – [6] introduced Scholar Medic, a comprehensive artificial 
intelligencedriven healthcare system with a modular design that accommodates a wide range of health 
conditions and permits the refinement of existing modules and addition of new modules on the basis of 
fresh data. Scholar Medic [3]– [6] uniquely facilitates the utilization of novel threedimensional 
multilayer electroencephalography or Ekpar EEG [7] – [9] systems as well as support for the adaptation 
of traditional electroencephalography (EEG) systems to the advanced three-dimensional multilayer 
Ekpar EGG paradigm for greater insights and for enabling hitherto unattainable applications of EEG in 
myriads of domains ranging from computing to medicine. 
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Machine learning and artificial intelligence systems have been applied to the detection, diagnosis and 
prediction of health conditions [10] – [28]. Furthermore, large language models could also be utilized in 
this endeavor owing to their ability to learn knowledge representations and draw inferences from data 
[29] – [30]. Here, suggestions are extracted from generative artificial intelligence (AI) systems such as 
large language models (LLMs) and harnessed to develop twodimensional convolutional neural network 
models for the automated diagnosis of tuberculosis on the basis of sequences. 

2. Materials and Methods 

Participant Recruitment 

Individuals voluntarily participated in the research contributing to the development of the 
comprehensive AI-powered healthcare system. All participants provided informed consent before their 
involvement in the studies, ensuring their understanding of the research purpose, methods, and potential 
impacts. 

Ethical Approval 

The Health Research Ethics Committee at Rivers State University Teaching Hospital, located within 
Rivers State University, granted ethical clearance for the studies. The research complied with all relevant 
ethical and regulatory standards. Publicly available data were utilized in accordance with the licensing 
terms set by the original data creators. 

3. Methodology 

Publicly available healthcare datasets can be improved by incorporating data gathered from local 
experiments and data collection efforts. This combined dataset can then be used to train AI models to 
make actionable predictions based on new inputs. Examples of public healthcare data sources include 
the Centers for Disease Control, the University of California Irvine Machine Learning Repository, the 
American Epilepsy Society, and Kaggle. 

Incorporating local data enhances the model, reduces bias, and ensures greater inclusivity and global 
applicability. A key feature of this project is the integration of diagnostic data (such as 
electrocardiographic results) from local experiments with EEG data, using both traditional and 
advanced three-dimensional multilayer EEG (Ekpar EEG) systems [7] – [9]. Ethical approval has been 
obtained for local data collection efforts from research ethics committees in the respective regions. 
Furthermore, partnerships have been established with licensed medical doctors who have direct access 
to patients and healthcare professionals within the community. These doctors are providing anonymized 
clinical data to help validate the AI models. Once trained, the AI models will be incorporated into a 
comprehensive healthcare system designed to support medical professionals in clinical decision-
making and to generate Brain-Computer Interfaces (BCIs). This system will provide actionable insights 
and predictions based on new clinical data from healthcare providers, aiding in the early detection, 
diagnosis, treatment, prediction, and prevention of various conditions such as tuberculosis, chronic 
kidney disease, diabetes mellitus, heart disease, stroke, autism, and epilepsy.
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This project is committed to promoting open science, reproducibility, and collaboration, and the 
resulting data will be shared on public platforms like GitHub. 

System Design and Implementation 

This paper presents a healthcare system with a modular design, where each health condition (e.g., 
tuberculosis, chronic kidney disease, liver disease, diabetes mellitus, heart disease, stroke, epilepsy, 
autism, etc.) is managed by its own dedicated module. This approach allows the system to be easily 
expanded in the future to include additional conditions, while also facilitating efficient updates to 
existing modules as new data becomes available. Modules tailored for Brain-Computer Interfaces 
(BCIs), including those that use the motor imagery paradigm, are capable of processing EEG data to 
generate actionable commands and appropriate responses. 

The system also includes guidelines for upgrading traditional EEG systems to cutting-edge 
threedimensional multilayer EEG (Ekpar EEG) systems. These innovative systems, developed by Ekpar 
[7] – [9], are based on a conceptual framework that uses approximations of key biosignal features to 
analyze or influence the underlying biological systems. For each module, advanced AI models are 
developed and trained using well-structured data, as described in the paper. These models can integrate 
genetic, environmental, lifestyle, and other relevant factors to provide a more accurate understanding of 
the participants' circumstances.

Figure 1 represents selected key components of the system visually. 

Fig. 1: System Schematic Design Diagram for the Comprehensive AI-Driven Healthcare Solution and 
Brain Computer Interface System. The New Conditions component represents additional health 
conditions that can be incorporated into the solution via new modules. 

The development of AI models involves four primary approaches: 

1. Leveraging Large Language Models (LLMs): This method utilizes models such as GPT-4 and 
Deepseek as inference engines, processing data formatted as multidimensional input vectors. Fine 
tuning may also be applied to the LLM to optimize performance. 
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2. Prompt Engineering for LLMs: This approach applies prompt engineering to models like Deepseek, 
Bard, and GPT-4 (including future versions) to outline a sequence of actions for building the AI system. 
These steps are then executed with expertise in AI, neural networks, deep learning, Python, TensorFlow, 
Keras, and other machine learning tools such as Scikit-learn and Matplotlib. 

3. Automated AI Model Generation: LLMs like Deepseek, Bard, and GPT-4 (and their future iterations) 
are used in an automated pipeline to generate specific AI models. 

4. Custom AI Architecture Design: In this method, the AI system is designed directly by leveraging the 
creator's deep knowledge of AI, neural networks, deep learning, Python, TensorFlow, Keras, and 
additional ML tools such as Scikit-learn and Matplotlib. 

Thorough documentation of the methodologies and tools used in developing the solution is carried out, 
ensuring seamless transfer and reuse of the system. The generated AI models are then assessed and 
compared based on performance metrics (e.g., specificity, sensitivity) and their effectiveness in 
addressing the challenges at hand. 

4. Automated Image-Based Tuberculosis Diagnosis Module 

The second method of the four methods outlined above is adopted to get generative artificial intelligence 
tools such as large language models and in particular, ChatGPT, to generate instructions for the 
construction of convolutional neural networks for the automated diagnosis of tuberculosis on the basis 
of chest radiography image sequences. 

A generalized prompt is utilized to generate recommendations for the overall design of the system for 
automated image-based diagnosis of tuberculosis. Then a more refined prompt follows for more precise 
steps and actual source code for the actual convolutional neural network models to be constructed in 
light of the dimensions of the input and/or pre-processed image datasets. 

5. Dataset 

Chest radiography image sequences in datasets provided by Rahman et al [31] were employed for the 
training, testing and validation of the AI models developed herein. Data augmentation, possibly through 
local data collection drives could enhance the original datasets, improve the performance, stability and 
robustness of the AI models and pave the way for incorporation into the comprehensive AI-powered 
healthcare system created by Ekpar [3] – [6] as a module for the automated diagnosis of tuberculosis 
based on image processing.

Figure 2 shows a set of randomly selected images from the dataset with their corresponding classes, that 
is, normal or with tuberculosis present. The original images had dimensions of 512 pixels by 512 pixels 
and were pre-processed to 180 pixels by 180 pixels for faster processing. 
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            Fig. 2: Sample images from dataset indicating the presence or absence of tuberculosis. 

Data Availability 

The data collections that support the conclusions of the study are contained in the chest radiography 
image dataset publicly available from the Kaggle dataset repository at 

First Chatgpt Prompt 

Design a system for automated image-based diagnosis of tuberculosis. 

First Chatgpt Response 

Designing a system for automated image-based diagnosis of tuberculosis (TB) involves creating a 
pipeline that processes chest X-ray (CXR) images, analyzes them using machine learning algorithms, 
and provides diagnostic results. The goal is to identify signs of tuberculosis in the images with high 
accuracy and efficiency, supporting healthcare providers with a fast and reliable diagnosis.

Here’s a step-by-step approach to designing such a system: 

1. Data Collection and Preprocessing 

The system needs a diverse dataset of chest X-rays, including both TB-positive and TB-negative cases. 
The quality and diversity of the dataset will directly impact the system's performance.

Data Sources: 

• Public datasets such as NIH Chest X-ray Dataset, Kaggle's Chest X-ray Images (Pneumonia), or 
TBX11K. 
• Medical institutions could also provide anonymized X-ray data. 

Preprocessing:
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• Normalization: Standardize the image size and resolution (e.g., 224x224 pixels). 
• Data Augmentation: Use techniques like rotation, flipping, and scaling to increase dataset diversity and 
make the model more robust. 
• Image Enhancement: Apply contrast enhancement or edge detection to improve the visibility of lung 
areas and abnormal regions. 
• Normalization: Standardize pixel values (e.g., to a range of 0-1 or -1 to 1). 
• Segmentation: Apply lung segmentation techniques to focus the analysis on lung areas, ignoring 
irrelevant parts of the image.

2. Model Development (Deep Learning-Based Approach) 

2.1 Convolutional Neural Network (CNN) 

A CNN can be used for feature extraction from chest X-ray images. Transfer learning from pretrained 
models such as ResNet, DenseNet, or VGG19 can be a good approach, as they have been trained on large 
datasets and can recognize complex patterns. 

Model Architecture: 

• Input Layer: The chest X-ray image (224x224 pixels, 1 or 3 channels depending on grayscale or color 
input). 
• Convolutional Layers: Extract low-level features such as edges, textures, and shapes. 
• Pooling Layers: Reduce dimensionality and retain important features. 
• Fully Connected Layers: Combine features from convolutional layers to classify the image as TB-
positive or TB-negative. 
• Softmax Output Layer: Outputs the probabilities for TB-positive and Tbnegative. 

Example CNN Models: 

• ResNet50: Known for its residual blocks, allowing deep networks to avoid vanishing gradient 
problems. 
• EfficientNet: A model designed to be efficient in terms of parameters and computational resources. 
• 2.2 Pre-trained Model & Fine-tuning 

Start with a model like ResNet or EfficientNet, pre-trained on ImageNet, and fine-tune it on the chest X-
ray dataset. Fine-tuning allows the model to leverage learned features and specialize in TB diagnosis. 

2.3 Data Augmentation & Regularization 

• Augmentation: Rotate, scale, and crop Xray images to create more training data. 
• Dropout: Prevent overfitting in the fully connected layers. 

2.4 Transfer Learning (optional) 

For more robust performance, a hybrid model could use a pre-trained architecture and fine-tune it using a 
TB-specific dataset. This approach helps improve accuracy, especially with limited TB datasets. 
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3. Model Evaluation and Validation 

3.1 Performance Metrics 

To evaluate the model’s accuracy, use metrics such as: 
• Accuracy: Percentage classifications. of correct 
• Precision: Measure of positive prediction correctness (important in a medical context). 
• Recall (Sensitivity): Measure of detecting actual TB cases (important for patient safety). 
• F1-Score: Harmonic mean of precision and recall, balancing both metrics. 
• ROC-AUC Curve: To evaluate the classification thresholds. 

3.2 Cross-validation 

Use cross-validation techniques like k-fold cross validation to assess the model's generalizability and 
avoid overfitting.

4. Post-Processing & Result Explanation 

4.1 Heatmap Generation (Grad-CAM) 

To explain the model’s decision, use Grad-CAM (Gradient-weighted Class Activation Mapping) to 
generate heatmaps that highlight areas in the chest X-ray where the model detected signs of TB. 

4.2 Risk Score 

In addition to a binary classification (TB-positive or TB-negative), the system can generate a risk score 
that quantifies the probability of TB being present, helping healthcare professionals make more 
informed decisions. 

4.3 Multiclass Classification (Optional) For further categorization, the system can classify TB severity 
or types (e.g., active TB, latent TB, or no TB).

5. User Interface and Integration 

5.1 Web or Mobile Application 

• Upload: The user uploads chest X-ray images through a web or mobile interface. 
• Prediction: The system processes the image and returns the TB diagnosis, along with the heatmap and 
risk score. 
• Feedback: Healthcare professionals can provide feedback on the results to further fine-tune the model. 
• 5.2 Cloud Integration 
• The system could be cloud-based to allow access from remote clinics and hospitals with minimal 
infrastructure. 
• Provide an API for integration with existing hospital management systems (HMS) for seamless patient 
data flow.
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5.3 Error Handling and Confidence Scores 

• Provide users with confidence scores to indicate the certainty of the diagnosis. 
• In cases of low confidence or ambiguous results, the system should request a second opinion from a 
human radiologist. 

6. Deployment and Monitoring 

6.1 Deployment 

The trained model can be deployed on a cloud server or edge device, depending on infrastructure needs. 
Cloud servers are scalable, while edge devices (e.g., mobile phones or local servers) are more suitable 
for remote areas with limited internet connectivity. 

6.2 Continuous Learning 

The system can be designed to continuously learn from new annotated X-ray images, retraining 
periodically to improve performance as more data becomes available. 

7. Ethical Considerations & Regulations 

• Privacy & Security: Ensure compliance with medical data privacy laws like HIPAA (Health Insurance 
Portability and Accountability Act) or GDPR (General Data Protection Regulation). 
• Bias Mitigation: Use a diverse dataset to minimize demographic bias in TB diagnosis. 
• Clinical Validation: Before full deployment, conduct clinical trials and obtain regulatory approval 
(e.g., from the FDA or CE certification) to ensure the system meets medical standards. 

8. Future Enhancements 

• Multimodal Diagnosis: Combine X-ray images with other medical data (e.g., patient history, lab 
results) for a more comprehensive diagnosis. 
• Mobile Deployment: Adapt the system for use in low-resource settings, enabling healthcare workers in 
remote areas to conduct diagnoses. 
• Integration with AI-Assisted Tools: Use AI to automate the reporting process, such as automatically 
generating diagnostic reports and suggestions for treatment. 

This system can greatly enhance early detection of tuberculosis, particularly in resource-limited settings 
where radiologists may not be readily available. By automating the image-based diagnostic process, the 
system helps increase efficiency, reduce diagnostic errors, and improve overall TB care outcomes.

Second Chatgpt Prompt 

Design a two-dimensional convolutional neural network for classification of images into two classes 
where each image is 180 pixels by 180 pixels.
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Second Chatgpt Response 

Designing a two-dimensional convolutional neural network (CNN) for image classification into two 
classes (binary classification) with input images of size 180×180180 \times 180 pixels involves the 
following layers: 

1. Input Layer: 

o Input shape is (180,180,3) (180, 180, 3) because the images are colored (RGB), so there are three 
channels. 

2. Convolutional Layers: 

o Convolutional layers are used to extract features from the image. 
o We use several filters (kernels) that slide over the image to detect patterns like edges, textures, and 
more complex features in deeper layers. 

3. Pooling Layers: 

o After convolutional layers, pooling layers (usually max-pooling) are used to reduce the spatial 
dimensions (height and width) while retaining important information. 

4. Flattening Layer: 

o After applying convolution and pooling layers, the resulting feature maps are flattened into a one-
dimensional vector to feed into the fully connected layers (dense layers). 

5. Fully Connected Layers (Dense Layers): 

o These layers are used to make final predictions based on the extracted features. 
o Typically, we use one dense layer followed by a final output layer. 
o Output Layer: 
o The output layer is a sigmoid activation function, which gives us a probability of belonging to one of 
the two classes. 

Here’s an example design in Keras:
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1. Conv2D Layers: 

o The first Conv2D layer has 32 filters with a kernel size of 3×33 \times 3, and the activation function is 
ReLU (Rectified Linear Unit). 
o Each subsequent Conv2D layer increases the number of filters (64 and 128) to capture more complex 
features as the network deepens. 

2. MaxPooling2D Layers: 

o These layers reduce the spatial dimensions by pooling over a 2×22 \times 2 region. 
This helps reduce the computational complexity and control overfitting.

3. Flatten Layer: 

o This layer flattens the 3D output (from the convolutional and pooling layers) into a 1D vector to be 
passed to the dense layers. 

4. Dense Layer: 

o A fully connected layer with 128 neurons and ReLU activation to learn complex patterns. 

5. Output Layer: 

o A single neuron with a sigmoid activation function for binary classification (output between 0 and 1). 
o Model Compilation: 
• The model is compiled with the Adam optimizer and binary cross-entropy loss function, which is 
typically used for binary classification tasks. 
• Accuracy is used as the evaluation metric.
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Example Training Code: 

# Assuming you have your dataset loaded into X_train, Y_train, X_val, Y_val
# X_train and X_val should have shape (num_samples, 180, 180, 3), Y_train and Y_val should have 
shape (num_samples, 1) 
history = model. Fit (X_train, Y_train,  epochs=10,  batch_size=32,  validation_data=(X_val, Y_val))

Key Considerations:

• Data Augmentation: If your dataset is small, using data augmentation (e.g., rotations, flips, and zooms) 
can help improve the model's ability to generalize. 
• Regularization: Techniques like dropout or L2 regularization can be added to the dense layers to 
prevent overfitting, especially if you have a small dataset. 
• Training: The number of epochs and batch size should be tuned based on the specific dataset and 
hardware. 

This architecture can be a good starting point, and you can adjust the number of filters, layers, and other 
hyperparameters based on the performance and the size of your dataset. 

Two-Dimensional (2d) Convolutional Neural Network (Cnn) Architecture 

Based on the recommended of ChatGPT reproduced above, the 2D CNN was designed. 
The detailed architecture is contained in the recommendations above.  

Figure 3 illustrates the graphical representation of a 2D CNN along the lines of the architecture 
suggested by ChatGPT.

Fig. 3: Schematic Graphical Representation of Two-dimensional (2D) Convolutional Neural Network 
(2D CNN) Architecture. 

5. Results 

This study implemented the suggested 2D CNN architecture using the source code generated by the 
generative artificial intelligence system or large language model (ChatGPT) in the Python programming 
language by leveraging the TensorFlow platform and the associated Keras Application Programming 
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Interface (API) [32] – [33]. Partitioning of the dataset resulted in a split into a training dataset with 80% 
of the data and a testing/validation dataset with 20% of the data. Training proceeded for 10 epochs with 
the Adam Optimizer [34] – [35] and binary cross-entropy loss function with a batch size of 32.  

Figure 4 depicts a plot of the traces of the training and validation accuracy and training and validation 
loss pairs over the training cycles.  The performance of the model can be gleaned from the plot which 
demonstrates convergence of the training and validation performance metrics over the epochs. 

                Fig. 4: Performance Metrics – Training and Validation Accuracy and Loss Traces. 

6. Conclusion 

The work reported in this paper relied on the of generative artificial intelligence tools such as large 
language models to develop artificial intelligence models, and more specifically, convolutional neural 
networks for the automated diagnosis of tuberculosis by examining chest radiography image sequences. 
Enhancement of the resulting artificial intelligence models could permit their inclusion in modules for 
the automated chest radiography image-based detection of tuberculosis within the framework of a 
comprehensive artificial intelligence-driven healthcare system capable of proffering insights for clinical 
decision support in actual healthcare settings including those with limited resources. 
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A B S T R A C T
With the increasing factors of stress in workplaces, migration for work opportunities, and loss of 

communication with family members or friends, people tend to isolate themselves, and due to the 

loneliness of the individual, negative factors tend to harm their own lives as well as their loved ones. In this 

study, an application is designed to stimulate human touch when pressed on specific points on their mobile 

device, therefore making physical contact with their loved one away from them. The application is 

designed as a nine-button array. When a button is pressed, a specific emotional effect is transferred to the 

other side using nine servo motors, creating patterns of vibration. The servo motors integrated into the 

mobile phone's back side, which could be easily held and handled. The effectiveness of the developed 

system was tested through a subjective evaluation. As a result, not only subject can distinguish emotional 

icons, but also can transfer their emotional thoughts to tactile icons.  

Keywords: Haptic, Social Touch, Human-Machine interaction

1.  Introduction 

With the increasing factors of stress in workplaces, migration for work opportunities, and loss of 
communication with family members or friends, people tend to isolate themselves, and due to the 
loneliness of the individual negative factors tend to harm their own lives as well as their loved ones. It is 
studied that %33 of the world's population feels alone and has nothing with them materially as well as 
emotionally [1]. This problem is lowered by communicative devices such as computers and 
smartphones, but still, there are many cases of miscommunication and isolation. Due to these 
psychological factors, an application idea has been designed thanks to the advancement of virtual reality 
and haptic systems. With that information creating an application that uses haptic mimicry technology 
for social interaction when people communicate on their smartphones is devised.

A. What is Haptics

Haptic technology is a tactile feedback mechanism that sends touch, vibration, and motion responses 
using applied forces on the mechanism itself. The technology sends these signals via a virtual area that is 
able to control devices and applications that are around its vicinity using a mobile or remote device that is 
coded within the system. This allowed many corporations to use remotely controllable devices and 
advanced the virtual reality gears in research centers and in the gaming industry. Haptic technology 
facilitates the investigation of how the human sense of touch works by allowing the creation of 
controlled haptic virtual objects and made research on cutaneous, kinesthetic sensory systems [2]. The 
haptic devices use tactile feedback to apply pressure to their specific target to make the device turn on 
and do their task without the user being in the vicinity of the targeted device and instead of that a remote 
connection does the work in a controllable state. 
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B. Social Interaction Theory 

Social interaction is a communication type that is examined in an area where two or more individuals are 
making verbal or visual cues to interact with one another. Examples of social touch can be given as 
handshakes in a social gathering with colleagues and bosses, hugs and kisses to family members for 
comfort and support, or patting a friend’s shoulder for congratulating. Social touch is essential for our 
well-being as individuals, and for making good communication within the society [3].  

C. Haptic Touch 

Haptic touch is a new branch of haptic technology that mimics human social interactions and visualizes 
those mimicries the pressures and movements in virtual reality in order to manipulate the user of the 
device on if the person that is touching them is real or not. This type of interaction can be done either by a 
real person, in order to match their own responses with the haptic responses for the realism factor or by 
making a virtual person, and making a test area using a VR headset or other mechanisms to gather 
information from the subject and/or subjects with the illusionary person they are making communication 
with, in order to check the development of the technology. [4] 

2. Methodology 

The developed system was built using 18 servo motors and 2 Android-powered mobile phones that were 
using Bluetooth 2.0. Nine servo motor for each telephone were placed in to a casing and was stick in to 
the back side of the mobile phones using double side tape. Servo motors was covered with an elastic 
band. They were powered using pca9685 servo motor drivers. Two Bluetooth HC05 and HC-06 modules 
were employed for communication. Two Arduino Uno board on each phone were used to control the 
servo motors and establish communication between two phones. Arduino board and its components 
placed in to a 3D printed casing and was stick to the phone. Nine tactile emotional such as love, anger, 
happy, Fear, etc. icons were developed in MIT App Inventor program. The developed system and its 
component are seen in Figure 1. 

                            Figure 1 Shows mobile phone and the developed system components. 

A. MIT App Inventor Application 

The system consists of nine buttons, each linked to a servo motor that generates haptic pressure feedback 
on paired test phones. This feedback alerts users to button presses from the other side, with each button 
representing a specific human emotion as stated above. 
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Figure 2 Displays the application's design in MIT App Inventor, featuring buttons numbered 1 to 9. Each 
button corresponds to a different emotion, allowing users (both transmitter and receiver) to exchange 
emotional signals, enhancing communication through tactile feedback. 

                    Figure 3 Shows front side and backside configuration of the developed system.     

3. Experimental evaluation 

A. Experiment Overview 

The experiment will take place in a controlled test room with two chairs positioned back-to-back, 
approximately 5-7 cm apart. Two participants will hold test phones in their dominant hands and follow a 
scripted telephone conversation while using the coded application. The study was supervised to ensure 
accuracy and provide guidance. Eight participants (four males and four females, aged 30-70) took part in 
the experiment. Initially, they followed a structured script with two response-type questions. Afterward, 
the conversation became more spontaneous, guided by the participants' emotions.

Following the tests, participants completed a 10 question survey to provide feedback on their 
experience. After completing the questionnaire, the experiment concluded, and participants received a 
predetermined reward for their time and participation.
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B. Experiment Process 

Subjects were given a script numbered from 1 to 9 randomly as is seen in figure 4. According to the 
established scenario they were required to input a diver’s emotion when coming to the empty line in the 
scenario. The other side were asked to note which icon has been pushed. The testers were randomly 
chosen customers of a given workplace and were not aware of the test. 

Figure 4 Some sample scenarios prepared for the experiment. In the empty sections people were asked 
to input an emotional icon and in the other side subject we required to recognize and note it. 

Figure 5 The photo was taken when Scenario 4 was taking place. On the left, Tester 7, and on the right 
side, Tester 5 is taking commands while looking at the script in his hand and is focused on the 
application. 

C. Experiment Results:  
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The results indicate that ease of use and time management are the strongest aspects of the application. 
Notably, despite differences in test phone models, no technical issues arose, ensuring that user feedback 
was based solely on personal experience rather than hardware compatibility. Accuracy received mixed 
feedback, primarily due to scenarios 3 and 4 not being successfully observed, leading to varied 
participant opinions on the system’s reliability. 

Figure 6 Shows average score received by each user evaluating the developed system from expectance, 
Accuracy, Ease of Use, Feedback, Responsiveness of Machine and, time management.   

D. Error Correction 

During the experiment, testers reported that the emotions "FEAR" and "INSECURE" did not respond 
properly, requiring system inspection. Upon closer examination, Button 3 was found to be functioning 
correctly, but its servo motor spinner was getting stuck near the edge of the filament sheath. This issue 
was resolved by shortening the spinner. The second issue was simpler to fix—on the smaller test phone, 
the servo motor’s spinner had detached. After reattaching it, functionality was restored. Notably, the 
fourth command on the larger phone worked without issue, suggesting either user error or an 
unidentified obstacle. 

4. Conclusion  

With the experiments completed and results analyzed, it is evident that the program functions as 
intended. Setting aside the appearance of the mechanism, the main areas for improvement are accuracy 
and realism. The system successfully translates input commands into physical stimuli, aligning with the 
original concept. However, testers 3, 5, and 7 noted that the sensations felt more like generic 
electromechanical signals rather than a direct application-driven response. Despite these concerns, the 
majority of the experiment was successful. The project holds promise for future innovation, enhancing 
emotional and physical connectivity through technology, and bridging distances between people in 
meaningful ways. 
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