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An Analysis of the International Level of Machine Learning
Application Research in Korean Manufacturing
Quality Management

Sung Hwan Jung
Department of Yuhan Biotechnology, Yuhan University

This study evaluates South Korea’s global competitiveness in machine learning applications for manufacturing
quality management in the context of the transition to ‘Quality 4.0” using a bibliometric analysis. A total of
1,624 articles, including 99 Korean studies, published between 2010 to 2025 were analyzed using Scopus data
and a two-stage Al-assisted screening process. This study introduces a novel three-stage Machine Learning
Maturity Framework (Level 1~3) and an time constraints analysis to enable an in-depth assessment of qualitative
maturity levels. The results show that Korea ranks fifth globally in research volume and demonstrates
world-class competitiveness in Level 1 (Defect Detection) and Level 2 (Virtual Metrology), particularly in the
semiconductor and electronics industries, which primarily drive this competitiveness. However, whereas global
research is increasingly shifting toward process optimization across diverse domains, Korea exhibits a relatively
low proportion of Level 3 (Control) studies. Furthermore, although online monitoring of field data is prevalent
(45.5%), real-time closed-loop control remains limited (20.2%), indicating a technological gap between sensing
and control. Consequently, this study leverages Korea's strengths in data infrastructure and inspection
technologies to propose an industry-specific roadmap for transitioning from monitoring-centric toward
explainable autonomous control and PMQ (Production-Maintenance-Quality) integrated systems.

Keywords: Bibliometric Analysis, Machine Learning, Manufacturing Quality Management, Korean Research
Trends, Autonomous Process control, PMQ Integration
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FTASADH 22 A YA 7|e2 Z838teo Qi
AE FAE T AN GAEA S FHT F e AoklE
AENA 2 Z13}81aL I Th(Mat Deli ef al., 2025)

Az 34 F4 SA tole 9 Aol 7bsaAuA, &
Aol A wAle Y Jed 7es J8stE e ARt &
Ao 2 ZF718kal 9ltHTercan and Meisen, 2022). ©]H 3 &
22 Quality 40° T2 TAE ZA7ADOM) 0 2H= A2
- HHTY O E Ao, o] ATHY F4 =7 tA|
g 7eS Agsto ZEA 2 AFES SOl HEAS &
ol AL HEZ IHKim ef al., 2024; Mat Deli et al., 2025).
53] Ao e A HoHE 7o g AlFe] F4&

HolH FE2 FAs oS F2 (Predictive Quality)’ = 1
o}7}al Qlti(Tercan and Meisen, 2022). 13217 "(Artificial
Neural Network, ANN), A ZE HE] ™2 (Support Vector
Machine, SVM), ' | 2~ E(Random Forest, RF) 59 ¢l
2&2 A3 X, oA A (Predictive Maintenance), 374 #
A3} 5 ook FAAE gYdA I FEES dFeta A
o, 34 F417d W Convolutional Neural Network, CNN)=- ©]
&3k ojm x| 718k A AU A4 HlolE 4 B o]
g2 71E2 A NYE HAshet 1 - uAEe] F4 A
AE 753 st Az £842 Figlskal Jth(Kausik et
al., 2025).
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Table 1. Literature Reviews on Machine Learning Applications in Manufacturing

Author Research Subject

Scope

Tercan and Meisen(2022)

Predictive Quality using ML/DL in Manufacturing
Processes (Cutting, Joining, etc.)

Systematic review of 81 publications
(2012-2021).

Bousdekis e al.(2023)

Data Analytics within Quality 4.0 for Manufacturing
Operations (Maintenance, Quality)

Systematic literature review of 48 papers
(2012-2020).

Paraschos and Koulouriotis
(2024)

Learning-based Scheduling & Control in Smart
Manufacturing Systems

Meta-analysis of 108 papers (1995-2024)
covering production, maintenance, and quality.

Ordek et al.(2024
rdek ef al( ) Engineering aspects)

ML-supported Manufacturing Functions (Mechanical

Review of 114 journal articles focusing on
process selection, monitoring, and QC.

Manta-Costa et al.(2024)

Industrial ML (I-ML) characterization in
Manufacturing Scenarios (PdM, AD, PPS, QI, HRI)

PRISMA review of 29 Q1 journal articles
(2019-2023).

Mat Deli et al.(2025
at Deli ef al( ) Manufacturing Sector

Bibliometric Trends of Quality Management in the

Bibliometric analysis of 2,501 Scopus
documents (2020-2024).

Kausik et al.(2025b) Assurance (QA)
ssuranc

ML Algorithm Performance in Manufacturing Quality

Systematic review of 300+ peer-reviewed
studies (last two decades).

Mota et al.(2025)

Integration of Al Systems for Production,
Maintenance, and Quality (PMQ) in Manufacturing

PRISMA review of 214 studies (2017-2024).

AlKhader et al.(2025)

Thematic Evolution of Quality in Manufacturing
Research (Pre vs. Post-14.0)

LDA topic modeling of 122,043 Scopus
documents (1970-2023).

Kim et al.(2024)

ML Research Patterns from a Digital Quality
Management (DQM) Perspective

Systematic review of ~110 papers (2015-2022)

of AN A=Y 9 Alo] EAE s As] Al AS 7
8<% (Deep Reinforcement Learning)] 2-8-0] & 343 5
7¥ek = FAMo|tiMota et al, 2025; Paraschos and
Koulouriotis, 2024).

TAAR A& Fokg B, mAlede F4 AL 34
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= 5 TE Bt AL 71eo] 2RI AYE o A3t
H AAE 338k 9 TH(Papavasileiou ef al., 2025). 53] A%
Az okl Ae mAH Y-S Fall 34 setr|E o} HF AF
o] B4 2ro] BEAg vy BAE st 34 H A3
St = A7 2o g FUksla th(AlKhader ef al.,
2025; Mota et al., 2025).
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24 E3 & ¥ tHHamel et al., 2021).

B AdTe 44 sFo] BAE AT T3S o E 3
7] 913l Scopus Ho|EH|o] 204 55E £H T &3]
proceeding®| 4 Book Alg]Z& A8t &4 fF3o] “Ad
(Journal)’Q! <% ©J(Englishy 2 AlAH ‘=w(Article) TH& T/
© % 33t

Az EoF =wa Al

Haty] flaiA AlE, 25, 719 = A
A A “manufactur*” & 70 2 ARS8 THKim ef al., 2024;
Ordek et al., 2024). =3 M4l EY #d =S A7) 98l
A “*learning” S AMAZE ARSI THOrdek et al, 2024;
Paraschos and Koulouriotis, 2024).
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Figure 1. Process for Selecting Relevant Articles.
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Figure 2. Number of Articles Per Year (til Oct. 2025).
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Table 2. Top 20 Global Journals in Machine Learning Applications for Manufacturing Quality

Grade Journal JIS NP Korea NP | Korea NP%
J. Manuf. Syst. 3.633 17.62 35 7 20.0%
IEEE Trans. Ind. Inform. 3.416 133 16 0 0.0%
Top-tier Addit. Manuf. 2.877 11.83 16 0 0.0%
Int. J. Prod. Res. 2.242 10.94 15 1 6.7%
Comput. Ind. 2.209 12.45 21 1 4.8%
IEEE Trans. Autom. Sci. Eng. 1.918 9.41 21 0 0.0%
Expert Syst. Appl. 1.854 10.48 20 2 10.0%
High-tier J. Intell. Manuf. 1.763 10.94 57 1 1.8%
Eng. Appl. Artif. Intell. 1.652 10.23 16 3 18.8%
Comput. Ind. Eng. 1.628 8.07 23 1 4.3%
J. Manuf. Process. 1.556 7.43 32 1 3.1%
IEEE Trans. Instrum. Meas. 1.471 6.46 16 0 0.0%
Mid-tier Measurement 1.244 6.34 19 0 0.0%
[ISE Trans. 0.851 3.38 12 1 8.3%
IEEE Access 0.849 5.31 44 6 13.6%
Sensors 0.764 4.62 44 7 15.9%
Int. J. Adv. Manuf. Technol. 0.706 3.72 53 1 1.9%
Lower-tier J. Manuf. Sci. Eng. 3.41 21 0 0.0%
Manuf. Lett. 0.551 2.6 22 0 0.0%
Appl. Sci. 0.521 3.15 39 6 15.4%
Total 542 38 7.0%

<Figure 4>2] 22 Y E I+ ‘Additive Manufacturing’,
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S ‘IEEE Transactions on Semiconductor Manufacturing’ 3}
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o ZA Mgl QS-S X2 0 2 U3} w3l 2 =0
+ ‘Additive Manufacturing’ #} ‘Materials & Design’ ‘& &4 - &
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Table 3. Top 5 Most Frequent Author Keywords in Global and Korean Articles

Year Global keywords(freq.) Korean keywords(freq.)
additive manufacturing (32), object detection (3),
defect detection (31), semiconductor (3),
2025 convolutional neural network (27), anomaly detection (2),
anomaly detection(13), convolutional neural network (2),
laser powder bed fusion (12) directed energy deposition (2)
additive manufacturing (38), object detection (4),
defect detection (24), convolutional neural network (3),
2024 anomaly detection (11), anomaly detection (2),
convolutional neural network (11), semiconductor (2),
transfer learning (11) augmentation (1)
additive manufacturing (31), anomaly detection (3),
convolutional neural network (14), convolutional neural network (3),
2023 defect detection (12), object detection (2),
anomaly detection (11), semiconductor (2),
process monitoring (9) wire arc additive manufacturing (2)
additive manufacturing (15), convolutional neural network (3),
convolutional neural network (11), anomaly detection (2),
2022 anomaly detection (8), machine vision (2),
defect detection (8), smart factory (2),
quality prediction (7) 3d printing (1)
convolutional neural network (11), anodization (1),
additive manufacturing (9), autoencoder (1),
2021 defect detection (5), big data (1),
ensemble learning (4), blockchain technology (1),
internet of things (3) casting product (1)
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Table 4. Proposed Analytical Framework for ML Applications in Manufacturing Quality

. L Representative
Maturity Level | Category Application Area Concept & Scope
Korean References
Automated defect detecti i ision/!
. 1. Quality Inspection utomated defect detection 1%s1ng V.lSIO sensors Park et al.(2024)
Level 1 Sensing e.g. CNN, Surface inspection
evel 1:
- & Real-time tracking of process states & anomalies )
Descriptive . 2. Process . . Shim and Kang
Detection L. e.g. Statistical Process Control(SPC), Fault Detection
Monitoring . . (2022)
and Classification(FDC)
Virtual Metrology(VM) & Yield prediction based
3. Quality Prediction | * vl Metrology(VM) & Yield prediction based on Kang(2018)
. . process parameters
Diagnosis . - -
Level 2: & 4. Root Cause Identifying defect causes via XAl or causal inference| Obregon et al.(2021),
Predictive . Analysis e.g. Fault diagnosis) Lee et al.(2025)
Prediction
5. Prefiictive Forecasting equipment .Remaining .Useful Life(RUL) Choi et al.(2025)
Maintenance to prevent quality degradation (PdM)
Closed-loop adjustment of parameters for quality )
6. Process Control consistency Kim et .
' (2025a, 2025b)
Level 3 Optimization e.g. Advanced Process Control(APC)
PreesZ:i ti‘e & 7. Process Finding optimal parameters/scheduling for max Han et al(2024),
v
P Control Optimization quality & efficiency. Zhang et al.(2025)
8. Desi ali Enhancing product design/materials for
en Quality g product design/ Lee ef al.(2024)
Improvement manufacturability (DfM)
9. li
) System & Quality Holistic Quality 4.0 strategy, Sustainability, and
Strategic Management . Cho et al.(2024)
Strategy . Human-in-the-loop support.
Perspective
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Table 5. Frequency of Time Constraints in Technology
Applications Across Quality Areas

ML Application Area in Quality © fﬂii(r:gnline-
Management .

Real time)

Quality Inspection 54 (20-24-10)
Process Monitoring 16 (0-12-4)
Quality Prediction 10 (4-4-2)
Quality Management Perspective 4 (2-0-2)
Process Optimization 3 (2-1-0)
Predictive Maintenance 3 (1-2-0)
Process Control 3 (0-2-1)
Design Quality Improvement 3 (3-0-0)
Process Control/Optimization 1 (1-0-0)
Quality Prediction/Process Optimization 1 (1-0-0)
Process Monitoring/Optimization 1 (0-0-1)

Total 99 (34-45-20)
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Table 6. Machine Learning Techniques Applied across Quality Management Areas

Application Area

ML Main Techniques (Freq.)

Quality Inspection

CNN (33), SVM (9), YOLO (9), Transfer Learning (4), Ensemble (3)

Process Monitoring

CNN (6), RNN/LSTM (3), SVM (2), GAN (2), Random Forest (1)

Quality Prediction

ANN/DNN/MLP (4), Autoencoder (1), SAX (1), Transfer Learning (1)

Design Quality Improvement

Genetic Algorithm (1), CNN (1), Random Forest (1), Monte Carlo (1)

Predictive Maintenance

RNN/LSTM (2), Autoencoder (1), Continuous Learning (1), K-Means (1)

Process Optimization

ANN/DNN/MLP (4), CNN (1), Regression (1)

Process Control

CNN (1), YOLO (1), Autoencoder (1), Generative Model (1)

Quality Management Perspective

CNN (3), Reinforcement Learning (1), LDA (1)

Quality Prediction / Process Optimization

Genetic Algorithm (1), Swarm Optimization (1)

Process Monitoring / Optimization

CNN (1), YOLO (1)

Process Control / Optimization GAN (1)
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[ROLE] You are a senior academic researcher with a PhD in
Manufacturing Engineering and Quality Management, specialized in ma-
chine learning applications for manufacturing quality. In this task, you must
NOT act as an individual paper interpreter. You must act strictly as a
rule-based batch screener, applying identical, conservative criteria to every
paper. Do NOT relax, expand, reinterpret, or infer beyond the stated rules.
Do NOT compare papers with each other. Evaluate each paper independently
using ONLY the specified input fields.

[INPUT DATA]

Each paper contains the following columns:

A: Paper ID, B: Title, C: Abstract, D: Author Keywords, E: Index
Keywords

[OUTPUT FORMAT - STRICT COMPLIANCE]

Column F: Include or Exclude (exactly one word)

Column G: write a short reason according to Judgment1-Judgment2

Do NOT add explanations, comments, or notes outside columns F and G.

[MANDATORY STEP-BY-STEP SCREENING PROCEDURE]

You MUST follow the steps below in the given order.

Criterion 1) [Manufacturing-domain relevance criterion]From column C
(Abstract), the research target has high relevance to manufacturing industry.

Criterion 2) [Quality-related relevance criterion] From column C
(Abstract), the research target has high relevance to the following quality-re-
lated activities, OR quality-related keywords are included in column B
(Title), C (Abstract), D (Author Keywords), or E (Index Keywords).

Quality-related activities: Quality Inspection (e.g., defect detection/clas-
sification, visual or sensor-based inspection) Process Monitoring (e.g., SPC,
control charts, anomaly detection in process or equipment variables)Process
Control (e.g., feedback/feedforward control for quality, parameter adjust-
ment to maintain quality)Process Optimization (e.g., quality-driven parame-
ter optimization, simulation-based design or adaptive optimization) Quality
Prediction (e.g., prediction of yield or CTQ quality characteristics such as
strength, roughness, dimension) Root Cause Analysis (e.g., explainable Al
(XAI), causal analysis of quality degradation) Design Quality Improvement
(e.g., material selection & property prediction, design-for-quality using ML)
Predictive Maintenance (e.g., remaining useful life prediction, fault prog-
nosis affecting quality) Quality Management with ML (e.g., Quality 4.0 strat-
egies, enterprise-level ML integration for quality, joint optimization of pro-
duction-maintenance-inspection, ML application at company level)

Quality-related keywords(case-insensitive, singular/plural ignored):
quality management, quality control, quality assurance, total quality manage-
ment, TQM, statistical quality control, SQC, statistical process control, SPC,
control chart, X-bar chart, R chart, S chart, individuals chart, moving range
chart, process capability, Cp, Cpk, Cpm, Pp, Ppk, process performance, defect
rate, defect density, defect per million opportunities, DPMO, yield rate, first
pass yield, rolled throughput yield, rework rate, scrap rate, nonconformance,
nonconformity, corrective action, preventive action, CAPA, root cause analy-
sis, RCA, fishbone diagram, Ishikawa diagram, Pareto analysis, Pareto chart,
failure mode and effects analysis, FMEA, PFMEA, DFMEA, risk priority
number, RPN, hazard analysis, fault tree analysis, FTA, hazard identification,
HAZID, hazard and operability study, HAZOP, design of experiments, DOE,
Taguchi method, orthogonal array, response surface methodology, RSM, ro-
bust design, process optimization, parameter tuning, tolerance design, meas-
urement system analysis, MSA, gauge R&R, repeatability, reproducibility,
calibration, metrology, virtual metrology, inline metrology, in-situ measure-

ment, inspection system, automated inspection, visual inspection, machine
vision, surface defect detection, anomaly detection, outlier detection, novelty
detection, quality prediction, defect classification, quality classification, de-
fect diagnosis, quality monitoring, quality forecasting, predictive quality, pre-
scriptive quality, smart quality, digital quality management, quality 4.0, re-
al-time monitoring, online quality control, closed-loop quality control, MPC,
data-driven quality, manufacturing analytics, data quality, data preprocess-
ing, multivariate statistical process control, MSPC, Hotelling’s T-squared,
SPE, Q statistic, quality knowledge discovery, rule-based quality diagnosis,
quality dataset, labeled defect data, key performance indicator, KPI, overall
equipment effectiveness, OEE, availability, quality rate, downtime analysis,
production loss, Six Sigma, DMAIC, DMADV, Kaizen, continuous improve-
ment, PDCA cycle, ISO 9001, IATF 16949, quality audit, internal audit, in-
coming quality control, IQC, in-process quality control, IPQC, outgoing qual-
ity control, OQC, lot traceability, batch quality, genealogy tracking, trace-
ability system, recall management, product liability, reliability engineering,
reliability analysis, Weibull analysis, accelerated life testing, ALT, failure
rate, mean time between failure, MTBF, mean time to repair, MTTR, degrada-
tion modeling, Prognostics and Health Management, PHM, remaining useful
life, RUL, condition-based maintenance, CBM, predictive maintenance,
maintenance analytics, equipment health monitoring, alarm management,
alarm flood, false alarm reduction, quality cost, cost of poor quality, COPQ,
prevention cost, appraisal cost, internal failure cost, external failure cost, proc-
ess monitoring, ARL, Average Run Length

Criterion 3) [Machine learning technique application criterion]
Machine-learning-related keywords must appear in column B, C, D, or E.

Exclusion 1) Column B (Title) contains words implying review-type re-
search such as: review, survey, systematic analysis, overview, bibliometric,
state of the art, recent advances, emerging trends, benchmark study, taxon-
omy, framework, mapping study, scientometric analysis, etc.

Exclusion 2) From column C (Abstract), the quality target is not a product
or manufacturing domain (e.g., image quality, voice quality, communication
quality).

Exclusion 3) Column B, C, D, or E contains: Human Resources, sustain-
able performance, business sustainable, supply issue.

Exclusion 4) Column C, D, or E contains education / psychology / organ-
izational management terms such as: organizational learning, learing organ-
ization, learning curve, distance learning, collaborative learning, organiza-
tional culture.

Exclusion 5) Only simple statistical terms are present in C, D, or E and no
machine-learning-related keywords appear.

Judgment 1] If Criterion1-3 are all satisfied and none of Exclusion1-5 ap-
plies, mark “Include” in column F.

Judgment 2] If any of Criterion1-3 is not satisfied, or any of Exclusion1-5
applies, mark “Exclude” in column F and write the unsatisfied condition in
column G.
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