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Abstract:

This study aimed to enable smart manufacturing through automated quality management systems (AQMS) in the
era of the Fourth Industrial Revolution. It explores this through a systematic review of contemporary literature.
By analyzing key studies, this paper identifies a crucial shift from end-of-line defect detection to proactive, real-
time monitoring, supported by the Internet of Things (1oT) and cyber-physical systems (CPS).

The findings highlight several key pillars of this digital transformation: the application of artificial intelligence
(Al) and machine learning (ML) for quality prediction; the use of digital twins for comprehensive personalization;
and the application of blockchain technology for digital tracking and regulatory compliance, particularly in
sensitive sectors such as medical device manufacturing. Furthermore, the study addresses the "human factor,”
emphasizing that the successful implementation of AQMS depends on upskilling the workforce and fostering
seamless human-machine collaboration. This research proposes a comprehensive conceptual model that bridges
the gap between traditional total quality management and the demands of the Fourth Industrial Revolution,
providing a strategic roadmap for achieving self-regulating quality systems within a modern industrial context..

Keywords: Smart Manufacturing, Quality Management, The Fourth Industrial Revolution, Automated Quality
Management Systems (AQMS), Predictive Quality.
gaidlall

350 Blaw & (AQMS) 4V 53 sall 5 ) dadail A (e (SA pinaill (S 488 8 Cand) ) Al ) Cons
e Ll Aalal - a0l 5 sad) 3 )] pealia (yms 3l 3iall 3 gl Al all < yelal 5 ¢(4.0 Aeliall) dagl ) dyeliall
YY) (e AV Ll (e Al CiliaS o 5 ) Gy AlalSall sl iy cilillaia g - o saadl (e el Caisl)
‘ ‘ oY) dakail 5 Hladin) s eal s

e Axa ylsall Alall il A& bl jall Jlay Cus ccalua™] dungia dxal e e Gl dagia Gadie) S
sty Clal )3 e LR A3 )5 siie Caused ) ga anai 4 e sane (pa Syl il 5 sSas Jila iy 20 ) 68
Aa ) i€ pualiall ppaas e Jidadll 3S 5 4.0 deluall ciliiiy S gpiaill 5 5350l 3bk il e 2Ly
Apaall L) il A A1 50 sl 3 1) Aadail Jladl) paail] da 3O Al 5 A ekl

349 | Journal of Insights in Basic and Applied Sciences


mailto:Fathia.elhassan@gmail.com

pandll Culld Jaind o) dpeliall 3a5al) 5500 3 Usasa Y oad Jia 4.0 3a5al) sas skl of ) galll i
i i) S dadiie il da ge el cdalaalll g 45l 53 sall 481 s dadaily 3l Jie IS Y1 Ik Al 3 Ayl
A el AWl 5 adial) Ul @bt s Y1 alxill 5 (Al eliba¥) oSY1 5 ((J0T) ooliall LY
Gl oo Sl CadSll g (LY cillend 5 patusall 281 5all (e cliill s2a Kl 4y 51 a3l 5l 5 ((CPS) Ay il
LY RS i i) <l g ¢ el e JIES AT Apmanad il ) AT Alaial)

z Y5 (AQMS). AVl 53 sl 5 la) dakail IMA (e (SA el (85 At ) ) sl dsad G jall Canas b
D) 8 jeal IR e ) dadil o el ol EY) edll C8 gl 8 Cllead) A8 ja g 80 5al) & aSal)
J8 AGaall pae ol Jadll cYls a8l Y alail) o 3las 4 gil) 83 sall OUdaT o (GalS YD Gandll dalail
Lo sl I3 (10]SO 13485 51SO 9001 Jie el JUiie¥) 53 sall lasia g a8 Ml aiill Hlal (e (G L san
2SI s LA i)l Aadail axdiad () ) (0 & 51 QS Aldis A e el i) Dl 5 dplad)
Ladass Aadail st o) pal ALY il 8 Jalil) Ganadll (S s Al <l i jall 3as) ac al daiiall e lilaa)
ol sl A Sl Aainl) 5 &) saad) Cppanl edll € 8 i) JlS s 4 ) a3 i) (e 283 £ LY 5 )
sl Al

i G 8 et sae e ¢ gl Al jall Jalid AV 53 sal) 5 yla) dadail gadail 5 Sl 23l gdll (e a2 N e
glii,l s dlalall (5 sl (sl dad 5l ) jlgall AUS axe 5 cAabinall ekl G (38053 A0 o laatl) o2 Jadii
sk Al dpeliall 3 5l Gl ae 53 sadl 50 julea asl 5 Bas e Jeo hal Gile 5 dgiail) Al il
AV 5 i) e Jadl) & sl 5 Aalall (5 g8l) oy yai ) Aaladl e 2S5 Las claill ol jeainS (5 58l juaial)
o) Y @8 gl g 3 eall @B gl e Gl o ge 2l

O Jsal it Lae ¢ S il 8 Gl | eaie: Jid 3091 53 501 3 1) dadail () 1) Gty Canll (o et
A5l O e JMA ey bl 3513 5 el e A0l Al Ay dadail ) e lad) 53 sl 480 5
O Ja ) s e sl aliaall 4090 53 sall 5 plal Aadail 855 ¢ a8l a5 o el gl 8 A1yl
g alal) eyl 3,506V elacly Al pal) aa g Apestaiil) il sl QU] Gpnd s dglle Ala 30US 5 o sall
CALJ\ dhlI‘}]\e.cﬁ:dALd\ s 58l Q‘JL@-&&}M@J&J@MY‘} c‘_A:u.&.\l\ éﬂ\}moh}ad_«: )L\ gkl g cdaad )
ASA) ayiail) dakail 4.0 52 sadl gas

Aoanil) 3 gad) A 30 gall 3 la) dadai) cdad) ) ducluall 3 4l 2 gall 3 ) (S sl sdaalidal) cilalsl
1. Introduction
The history of quality management dates back to the early twentieth century, and over time it has become an
essential element in business management, as it includes the most prominent forms of quality management known
as Total Quality Management (TQM), as well as the European Foundation for Quality Management standards and
quality systems, and developments based on the requirements of the 1ISO 9001 standard. (Hamrol & Grabowska,
2026).

The Fourth Industrial Revolution, launched as a major strategic initiative for industry in 2011 by the German
government, quickly evolved into a digital transformation through the integration of the Internet of Things (1oT)
and information technology. (Zaidin et al., 2018)

The Fourth Industrial Revolution, or the concept of the smart factory, involves factories adopting cyber-physical
space systems (CPS) that integrate numerous physical and electronic technologies, thus facilitating the intensive
integration of previously separate and independent systems. (Chen, B., Wan, J., Shu, L., Li, P., Mukherjee, M.
and Yin, B. , 2018).

Perhaps the concept of smart manufacturing, which is the basis of Industry 4.0, is a system that is adaptable to
different conditions and changing products, where flexible production lines automatically adapt production
processes to meet the needs of different types of products and changing conditions, providing improved quality,
efficiency and flexibility, in addition to large-scale and sustainable production of customized products thanks to
reduced resource consumption. (Tripti Saxena , 2025)

In this regard, Witkowski adopted the impact of using Fourth Industrial Revolution technologies, including big
data and the Internet of Things, as an innovative approach to supply chain management. He concluded that the
Fourth Industrial Revolution has provided opportunities to develop logistics and supply chain management
services, thereby meeting customer needs and improving service delivery times. (Sader et al., 2019).

Mrojalska and Werwicka, on the other hand, focused on the impact of the Fourth Industrial Revolution on lean
manufacturing technologies. These technologies have been successfully tested in the integrated mass production
environment of the Fourth Industrial Revolution. (Sader et al., 2019).
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The future of production under smart manufacturing and the Industry 4.0 revolution is expected to be characterized
by significant gains, mainly through sequential digital integration and intelligence in manufacturing processes.
This integration occurs on the horizontal axis through all participants in the entire value chain and on the vertical
axis through all organizational levels. Under smart manufacturing and the industry 4.0 revolution, fully integrated
and networked factories, machines, and products will operate in an intelligent and semi-autonomous manner that
requires minimal manual and human intervention. (Agolla, 2018).

The integration of Industry 4.0 technologies into manufacturing operations generates massive volumes of
heterogeneous data from sensors, machines, and production systems. While these data streams offer
unprecedented opportunities for real-time quality monitoring and predictive analytics, they also create new
challenges for quality management professionals who must process, interpret, and act upon this information
effectively. The gap between the capabilities of traditional quality management systems and the demands of
digitally integrated production environments has become increasingly apparent.

1.1 Research problem

Despite the widespread adoption of Fourth Industrial Revolution (FIR) technologies in the manufacturing sector,
a significant gap remains in integrated and automated quality management systems capable of operating
effectively within smart manufacturing environments. This problem manifests itself in several aspects, most
notably that current quality management approaches are largely reactive rather than proactive. Traditional quality
control methods focus on detecting defects after they occur, leading to increased waste, rework, and production
delays. The shift to proactive quality management using big data analytics and artificial intelligence to predict and
prevent defects before they happen remains underdeveloped in practice, despite the considerable technological
potential.

The absence of standardized frameworks for automated corrective actions also hinders manufacturers' ability to
leverage FIR technologies for real-time quality improvement. This reflects a significant alignment gap between
established quality management standards and emerging smart manufacturing models. Digital twins, cyber-
physical production systems, and other FIR innovations are not adequately reflected in updated quality
specifications, leaving practitioners without clear benchmarks for implementing quality management in digitally
transformed environments.

1.2 Research Questions
Based on the identified problem, this research seeks to address the following questions:

1. What are the key components and architectural requirements for an automated quality management
system (AQMS) suitable for smart manufacturing environments in the Industry 4.0 era?

2. How can real-time quality monitoring and predictive analytics be effectively integrated into automated
quality management systems to enable proactive defect prevention?

3. What technological, organizational, and human factors influence the successful implementation and
operationalization of AQMS in smart manufacturing settings?

4. How can interoperability be achieved among heterogeneous quality-related data sources and systems
across the horizontal value chain and vertical organizational levels?

5. What frameworks and guidelines are required to align quality management standards with the demands
of smart manufacturing and Industry 4.0 technologies?

1.3 Aim & objective
This research holds significant theoretical and practical importance for the advancement of quality management
in the era of Industry 4.0. Theoretically, the study contributes to the body of knowledge by bridging the gap
between traditional quality management paradigms and emerging smart manufacturing concepts. It provides a
structured framework for understanding how automated quality management systems can be designed, integrated,
and operationalized within digitally transformed production environments.

To address the aforementioned research questions, this study pursues the following aim:

1. To develop a comprehensive conceptual model for an automated quality management system tailored to
smart manufacturing environments that integrates real-time monitoring, predictive analytics, and
autonomous corrective capabilities.
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2. To identify and analyze the critical technological, organizational, and human factors that affect the
successful deployment of AQMS in Industry 4.0 contexts.

3. To examine the mechanisms for achieving seamless system interoperability and end-to-end quality
traceability across the manufacturing value network.

4. To propose updated quality management frameworks and guidelines that reflect the technological
capabilities and requirements of smart manufacturing.

5. To empirically validate the proposed conceptual model through case studies and pilot implementations
in real smart manufacturing settings.

2. Conceptual framework

Quality management in the context of smart manufacturing and Industry 4.0 involves the integration of advanced
digital technologies such as the Industrial Internet of Things (110T), artificial intelligence (Al), big data analytics,
cyber-physical systems (CPS), and digital twins into manufacturing processes to enhance efficiency, flexibility,
and product quality. This transformation is often referred to as "Quality 4.0," which emphasizes data-driven, real-
time, and interconnected approaches to quality assurance and continuous improvement Mourtzis, 2024, Open
reference preview(Mourtzis, 2024), Khalifa, Yacout & Bassetto, 2021, Open reference preview(Khalifa, Yacout
& Bassetto, 2021), Kumar & Channi, 2025, Open reference preview(Kumar & Channi, 2025), Wu et al., 2025,
Open reference preview(Wu et al., 2025), Abdulhussain et al., 2026, Open reference preview (Abdulhussain et
al., 2026).

Advanced analytics and big data are central to Quality 4.0, enabling predictive quality control, continuous
improvement, and actionable insights for decision-making Khalifa, Yacout & Bassetto, 2021, Open reference
preview(Khalifa, Yacout & Bassetto, 2021), Abdulhussain et al., 2026, Open reference preview (Abdulhussain et
al., 2026), Ammar et al., 2022, Open reference preview(Ammar et al., 2022).

Data-driven approaches support the development of advanced quality management systems, including software
suites, electronic logs, and statistical process control (SPC) Ammar et al., 2022, Open reference preview(Ammar
etal., 2022).

Quality 4.0 focuses on achieving zero manufacturing defects through advanced analytics, real-time monitoring,
and interconnected systems Wu et al., 2025, Open reference preview(Wau et al., 2025), Abdulhussain et al., 2026,
Open reference preview(Abdulhussain et al., 2026).

Itis characterized by a data-centric approach, where digital technologies generate large, actionable data streams
for predictive and continuous quality improvement Abdulhussain et al., 2026, Open reference
preview(Abdulhussain et al., 2026).

Quality 4.0 practices contribute to environmental sustainability by enabling resilient manufacturing systems
that adapt to market and regulatory changes Abdulhussain et al., 2026, Open reference preview(Abdulhussain et
al., 2026).

Smart manufacturing systems are defined as fully integrated and collaborative, responding in real time to
changing demands in the factory, supply network, and customer needs Lu & Weng, 2018, Open reference
preview(Lu & Weng, 2018).

Integration in Industry 4.0 involves aligning quality management programs with company strategy and human
resource systems, facilitated by technologies like AR and digital twins Kumar & Channi, 2025, Open reference
preview(Kumar & Channi, 2025), Ostadi, Barrani & Aghdasi, 2024, Open reference preview(Ostadi, Barrani &
Aghdasi, 2024).

The transition to smart manufacturing requires significant investment in infrastructure, skilled personnel, and
technology upgrades, as well as the development of clear strategies for technology adoption Mourtzis, 2024, Open
reference preview(Mourtzis, 2024), Mourtzis, 2024, Open reference preview(Mourtzis, 2024), Parhi et al., 2022,
Open reference preview (Parhi et al., 2022).

The adoption of Quality 4.0 and smart manufacturing practices is still limited by gaps in digital skills and
knowledge among employees Jamwal, Agrawal & Sharma, 2022, Open reference preview(Jamwal, Agrawal &
Sharma, 2022), Parhi et al., 2022, Open reference preview (Parhi et al., 2022).
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Table 1: Technologies and Their Quality Management Roles

Technology

Role in Quality Management

Key Benefits

lloT & Sensors

Real-time data collection,
process monitoring

Predictive maintenance, cost reduction Mourtzis, 2024,
Open reference preview(Mourtzis, 2024), Cozzolino, Papa
& Lopresto, 2026, Open reference preview(Cozzolino, Papa
& Lopresto, 2026)

Waste reduction, improved accuracy Mourtzis, 2024, Open
reference preview(Mourtzis, 2024), Qian et al., 2024, Open

Alli a'\r/lnﬁgme z::s;zr?pggé?;t;\?:’qi?;?t(;t reference preview(Qian et al., 2024), Jamwal, Agrawal &
’ Sharma, 2022, Open reference preview(Jamwal, Agrawal &
Sharma, 2022)
Reduced downtime, enhanced compliance Kumar &
. . Virtual asset monitoring, Channi, 2025, Open reference preview(Kumar & Channi,
Digital Twins

predictive analytics

2025), Maharjan et al., 2025 Open reference
preview(Maharjan et al., 2025)

Big Data Analytics

Advanced SPC, continuous
improvement

Actionable insights, error reduction Khalifa, Yacout &
Bassetto, 2021, Open reference preview(Khalifa, Yacout &
Bassetto, 2021), Abdulhussain et al., 2026, Open reference
preview(Abdulhussain et al., 2026), Ammar et al., 2022,
Open reference preview(Ammar et al., 2022)

Training, inspection, human-

Enhanced operator performance Ammar et al., 2022, Open
reference preview(Ammar et al., 2022), Ostadi, Barrani &

AR/VR/MR machine intearation Aghdasi, 2024, Open reference preview(Ostadi, Barrani &
g Aghdasi, 2024), Fortuna et al., 2024, Open reference
preview(Fortuna et al., 2024)
3.Methods

Several aspects of the systematic literature review were identified within the framework of the problem presented,
from which keywords such as (quality), (smart manufacturing), (Fourth Industrial Revolution), (automated
quality), and (quality management) were extracted. The criteria included awareness starting from the year (), open
access, and the type of article (review articles and research articles) for the research conducted. Databases such as
Scopus and ScienceDirect were used to conduct the search. Since the start of the work, (50) results related to the
topic of the study were found, and (10) documents were selected from them that deal with quality management
and smart manufacturing related to Fourth Industrial Revolution technologies, based on the definition of the
current research question: How can smart manufacturing be enabled through automated quality
management systems in the era of the Fourth Industrial Revolution?

Identification of studies via databases and registers ]

Inclusion criteria
Open access, review

»| articles,research articles,
published in relevant years

Excluded (n =43)
Did not answer "how can smart

) [
c
i)
.S Total Records identified (n
= =50)
5 Surce: scopus, scienceDirect
=]
— |
=2 Screening
= Records screened
o (n=50)
3]
i |
= Eligibility
° Full- text articles as sassed for >
> eligibility (n =50)
(8]
=

Included

manufacturing be enabled
through automated QMS in 0.4

Studies included in the review (n=7)
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This figure is called the PRISMA diagram, and it is used in scientific research (especially reviews) to organize
the process of selecting studies.

4. Result

4.1 Systematic literature review
Table 2 presents a summary of the most relevant methods and applications identified through the literature review

Topic Subtopic Application Method Reference
* Improve processes
while reducing costs
. Avoid incorrect
operations or failures, | «+ Edge cloud
Real-time defect | computing
Machine Learning | detection technology
Smart Artificial Vision . Measure/evaluate | © SMCMM and
Manufacturing Inspection Support | control loops and quality | machine  vision- .
L e (Galindo-
1 Applications for | Statistical Process | control based Salcedo et
Inspection and | Control (SPC) » Improve small batch | identification al., 2022)
Quality Quality Assurance | production and process | ¢ Smart N
Assurance Smart capacity Manufacturing
Manufacturing * Monitor digitization and | Capability
industrial automation | Maturity ~ Model
implementation (SMCMM)
. Performance
measurement and
capability assessment
Improving processes
while reducing costs and
creating predictive
models to  decrease
Smart e necessary inspections. Shewhart control
. Artificial Vision . AR
Manufacturing . Improving  small-batch | charts, Six Sigma
L Inspection Support - . (Maganga
Applications for e production capacity and | methodology, and )
2 . Statistical Process ) . - & Taifa,
Inspection and automating  production | the fusion of SPC
. Control (SPC) N . 2022)
Quiality Quality Assurance optimization. with  TPM and
Assurance y Monitoring  digitization | APC.
implementation and
providing supervision for
data-driven decision
making.
Integration of
sensors, equipment
Associating unique | PLCs, and loT
identities (UIDs) and | monitoring
locations with all process | systems to capture
entities (Material, | data directly from
Smart Networking & Machlne_, Human,etc._). machines or
. Monitoring the real-time | products.
Manufacturing Storage e
B state or parameters of | Utilization of
Conceptual Decision Support . L . - | (Kannaraya
3 . manufacturing activities | Statistical analysis
Framework for | Process Actuation . . etal., 2025)
for corrective or | Implementation of
QMS Framework . . X
S o preventive actions. various levels of
Digitalization Validation . .
Storing sensed | automation
information as digital | (manual, majorly
evidence for audits and as | digital, or fully
empirical data for future | digital) to
decision-making. stimulate the
manufacturing
process.
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Advanced
automatic
. monitoring  and
Quality Control conformity management Internet of Things
Quality 4.0 (The | (QC) & Process Inte ratiny ISOg 9001' (1oT) and Cyber-

4 Digitalization of | Monitoring re ugireme%ts with 14.0 Physical Systems | (Saihi et
Quality Predictive Quality fegtures " | (CPS) for real-time | al., 2021)
Management) Quality Assurance : . data capture

. Integrating 14.0  with s
(QA) & Planning LS e End-to-End
strategies like Six Sigma - .
. Integration (digital
and Kaizen. . .
integration across
the entire product
value chain).
« Data Analytics
and audience
Intelligent . . insights
Al-Driven Manufacturing Cer?:cflnggllize d h(;?hilél * Industrial ~ loT
Production (IMFG) P - grt (lloT) for
Management Production EXperiences for specific hyperconnected | (Mourtzis
5 . audiences. I X :
and Control for | Planning & I . digital-physical 2022)
* Predictive maintenance .
Mass Management to reduce unplanned cooperation .
Personalization | Quality Control & downtime P  Sensors & PLC
Maintenance ' integration  for
continuous
monitoring.
» Digitalization
Assessment  to
. . evaluate current
- * Protecting sensitive L
Digital roduction data from facilities .
Implementation | Transformation P . « Strategic
unauthorized access . .
of Smart | Strategy « Ensuring the svstem Manufacturing

6 Statistical Smart  Statistical alians gwith ingilustr Indicators (Lead | (Goecks et
Process Control | Process Control sta% dards y time, al., 2024)
(SSPC) in | (SSPC) . Real-timé automated productivity,

Industry 4.0 Cyber-Physical Lo efficiency).
monitoring of |, :
Systems (CPS) roduction Drocesses Integration  of
P P ' Sensors & PLCs
for  automated
data capture .
Monitoring the health of | Use of vibration
manufacturing machines | sensors
(specifically the gear | (accelerometers)
Intelligent Pre-production system of induction | to collect real-time
Frameg\]/vork Quality Control motors) to ensure they are | data. Data s

7 | Desian for in good working order. analyzed using | (Ali et al.,
Qual?t Control Post-production Continuous analysis of | Artificial Neural | 2024)
in Indalstr 40 Quality Control data streams to send | Networks (ANN)

ye. Data Preprocessing | timely alerts and prevent | to  predict and
unexpected shutdowns or | classify Six
the distribution of faulty | different fault
products. conditions.

4.2 Systematic Literature Review Findings

The synthesis of the included research highlights a clear evolution from traditional, manual quality methods toward
Quality 4.0—a data-centric, interconnected ecosystem. The results are categorized into five primary pillars that
answer the research question: How can smart manufacturing be enabled through automated quality management
systems?
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Table 3: Summary of Methods and Applications.

Topic Subtopic(s) Application Method/Technology Reference
Smart Mfg._ Apps I\/Iac_hl_ng Leqrmng, Real-tw_ne .defect Edge cloud; SMCMM; (Galindo-
for Inspection & Artificial Vision, detection; cost Machine Vision Salcedo et al.,

QA SPC reduction. ' 2022)
TS | AT n, | Fredete PG | tourartcrars s | (vagange &
P ' y proguctl Sigma; SPC+TPM+APC. | Taifa, 2022)
QA Assurance optimization.
QMS Networking, UIDs for process 10T monitoring; (Kannaraya et
Digitalization Decision Support, | entities; real-time | Sensors/PLC; Statistical Y
. . ; al., 2025)
Framework Actuation sensing. analysis.
Quality 4.0 QC, I_3r0(_:ess Rdeal-tlme .defect loT & CPS; End-to-End (Saihi et al.,
(Digitalization) l\/!omtormg,_ etection; 1SO Integration 2021)
Predictive Quality 9001 + 14.0. '
. Predictive
Al-Driven (IIMnECISI;g%T;m{g maintenance; 110T; Data Analytics; (Mourtzis,
Production L 9 personalized Sensors & PLC. 2022)
Maintenance L
digital exp.
Digital Strategy, Automated Digitalization
Smart SPC (SS.PC) SSPC, Cyber- monitoring; data Assessment; Strategic (Goecks etal.,
Implementation . . : 2024)
Physical Systems security. Indicators.
Intelligent roELec/tFi)grthgC rrl:gerllci'[]ol:]ii h??alltuhlt Vibration sensors; ANN; (Alietal.,
Framework for QC P " 9 Machine Vision. 2024)
Data Preprocessing alerts.

4.3 Quality Control (QC) & Process Monitoring

Quiality Control (QC) and process monitoring have undergone a fundamental shift from reactive, "end-of-line"
inspections to real-time, proactive surveillance. The analyzed studies emphasize that the integration of automation
and advanced sensors enables continuous monitoring of the production line, which is particularly critical for high-
variety, small-batch production environments. Applications of this shift are evident in the detection of defects in
diverse materials, such as steel, rubber, and complex medical device components. The primary methodology driving
this evolution is the convergence of the Internet of Things (10T) and Cyber-Physical Systems (CPS). For instance,
Ali et al. (2024) demonstrate a dual-layered approach where vibration sensors are utilized to monitor machine
health—representing pre-production quality control while machine vision systems are simultaneously employed for
automated product inspection to ensure post-production quality.

4.4. Predictive Quality

Predictive quality represents a strategic shift toward "zero-defect”" manufacturing by identifying potential issues
before they physically manifest in a final product. From the perspective of the reviewed literature, systems have
evolved beyond the simple identification of "bad" parts to predicting the likelihood of defects based on a complex
interplay of environmental and machine parameters. This approach is applied to anticipate maintenance needs and
reduce waste or rework by enabling the real-time adjustment of process parameters. Methodologically, this is
achieved through the utilization of Big Data Analytics and Machine Learning (ML) models. As highlighted by
Galindo-Salcedo et al. (2022), the implementation of these predictive models significantly reduces the total number
of physical elements requiring manual or automated inspection, thereby optimizing both operational time and
production costs.

a. Quality Assurance (QA) & Planning

Quality Assurance (QA) and planning within the context of Industry 4.0 focus on the digital infrastructure and
regulatory frameworks necessary to guarantee that products meet rigorous standards, such as 1SO 9001 or ISO
13485. From a research perspective, contemporary QA is increasingly characterized by "digital traceability," where
every phase of a product's lifecycle is recorded as digital evidence, effectively replacing traditional, error-prone
paper-based documentation. This application is particularly critical in high-stakes sectors like the medical device
industry; as noted by Kannaraya et al. (2025), digital systems such as the "Drip O Meter" and loT integrations
provide the precise, real-time data logs required for stringent certification audits. The methodology supporting this
shift relies on Cloud Computing for centralized, scalable data storage and Blockchain technology to ensure
immutable and transparent records across the entire global supply chain.
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b. Intelligent Manufacturing (IMFG)

Intelligent Manufacturing (IMFG) represents an advanced level of automation where manufacturing systems
possess "cognitive™ abilities comparable to those of a skilled human worker. According to Mourtzis (2022), IMFG
is characterized by the system's ability to perceive, reason, and act autonomously, marking an evolution from Smart
Manufacturing by minimizing human intervention in complex decision-making processes. This capability is applied
in high-stakes environments such as autonomous 24/7 production and "Mass Personalization," where systems
automatically reconfigure themselves to manufacture unique, individualized products for specific customers. The
methodology driving IMFG involves advanced Artificial Intelligence (Al) techniques including Deep Learning,
Neural Networks, and Fuzzy Logic which are increasingly processed at the Industrial Internet of Things (110T) Edge
to ensure the low-latency response times required for truly autonomous operations.

¢. Production Planning & Management

Production Planning and Management within an Industry 4.0 environment involves the high-level coordination of
resources, demand forecasting, and shop-floor scheduling. According to the analyzed literature, there is a distinct
shift from traditional static planning to a "Smart Production Planning” paradigm that is inherently dynamic. This
modern approach allows systems to respond instantly to supply chain disruptions or sudden shifts in customer
demand. A primary application of this agility is "Mass Personalization," a strategy where high revenue volatility
and short production lead times are common. Methodologically, this is supported by the use of Digital Twins, which
allow for the simulation of production scenarios in a virtual environment before physical execution. Furthermore,
the integration of Knowledge Graphs and Recommendation Systems assists planners in optimizing the flow of
materials and labor by leveraging real-time data directly from the shop floor.

5.Discussion

The collective findings from the seven analyzed studies illustrate a paradigm shift where traditional quality
management is being replaced by an interconnected, data-driven, and autonomous ecosystem known as Quality 4.0.
This discussion explores how these technologies enable a more resilient and efficient manufacturing landscape. The
integration of automated quality management systems (AQMS) within the smart manufacturing landscape
represents a fundamental shift in how industrial excellence is achieved. The synthesis of the core studies reveals a
multifaceted transformation that moves beyond simple automation toward a cognitive, data-driven, and proactive
quality ecosystem.

The most significant finding across the reviewed literature is the obsolescence of reactive quality control.
Traditional methods, focused on "end-of-line"” inspections, inevitably result in material waste and increased costs
when defects are discovered post-production. As highlighted in the works of Ali et al. (2024) and Galindo-Salcedo
et al. (2022), the convergence of 10T and Machine Learning allows for "Predictive Quality." By analyzing real-
time data streams from vibration sensors and machine vision, systems can now identify the "pre-symptoms" of
failure. This shift not only ensures zero-defect manufacturing but also optimizes operational costs by reducing the
frequency of physical inspections.

The transition to Intelligent Manufacturing (IMFG), as discussed by Mourtzis (2022), signifies a level of autonomy
where machines possess human-like cognitive abilities. The methodology of processing Al at the "lloT Edge" is
critical here; it allows for low-latency decision-making, enabling production lines to reconfigure themselves
autonomously. This is the cornerstone of “Mass Personalization," allowing manufacturers to meet individualized
customer demands without sacrificing the efficiency of mass production. By utilizing Digital Twins to simulate
production scenarios, manufacturers can now produce individualized products at a scale and cost previously only
possible through mass production. The discussion suggests that Al is no longer just a tool for analysis but the central
nervous system of the modern factory.

A critical organizational factor identified is the need for immutable data records. In highly regulated sectors, such
as the medical device industry, Kannaraya et al. (2025) demonstrate that digital traceability is mandatory for
regulatory compliance (ISO 13485). The move from paper-based documentation to digital Quality Management
Systems (QMS) is essential for maintaining certification. Technologies like Blockchain and Cloud Computing
provide the infrastructure for this "digital traceability," ensuring that every step of a product's lifecycle is recorded
in a secure, immutable, and transparent manner. This "digital thread" connects the horizontal value chain—from
raw material suppliers to the end consumer ensuring end-to-end quality assurance.

While the technological requirements are clear, the literature particularly Saihi et al. (2021) and Jamwal et al.
(2022)—points to a significant "human factor" challenge. The implementation of Quality 4.0 requires a workforce
skilled in data science and systems engineering. Technologies like Augmented Reality (AR) and Virtual Reality
(VR) are proposed not just for inspection, but as vital tools for training operators to interact with complex Cyber-
Physical Systems (CPS). The discussion emphasizes that the "Smart" in smart manufacturing is as much about
human-machine collaboration as it is about autonomous algorithms.
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Despite these benefits, the transition to Smart Statistical Process Control (SSPC) remains complex. Goecks et al.
(2024) provide a strategic roadmap emphasizing that companies must first assess their "digital readiness" before
investing in advanced technologies. The research highlights a persistent barrier: the lack of interoperability among
heterogeneous data sources. A standardized roadmap is necessary to align diverse machines and software suites.
Without a unified framework for data exchange, the potential of Big Data remains untapped. Future quality
management standards must evolve to reflect these digital capabilities, providing practitioners with clear
benchmarks for "Smart Compliance."

In conclusion, the proposed conceptual model bridges the gap between traditional Total Quality Management
(TQM) and Industry 4.0. It moves the conversation from "How do we automate inspection?" to "How do we create
an autonomous, self-healing quality ecosystem?" By integrating real-time monitoring, predictive analytics, and
digital traceability, the AQMS framework provides a viable answer to the demands of the Fourth Industrial
Revolution, ensuring that quality remains a competitive advantage in an increasingly digitized global market.

6.Thematic Results
1. Quality Control has shifted from reactive "end-of-line" inspection to real-time, proactive surveillance. The
integration of Internet of Things (10T) and Cyber-Physical Systems (CPS) allows for continuous monitoring
of the production line. For instance, Ali et al. (2024) utilizes vibration sensors (accelerometers) to monitor
machine health (pre-production) alongside machine vision for product inspection (post-production).

2. Predictive quality leverages Big Data Analytics and Machine Learning (ML) to identify potential defects
before they manifest. By analyzing a complex interplay of environmental and machine parameters, systems
can predict the likelihood of non-conformity. Galindo-Salcedo et al. (2022) highlight that these models
significantly reduce the total number of physical elements requiring inspection, thereby optimizing time and
costs.

3. Inlindustry 4.0, QA is defined by "digital traceability." Every step of a product's lifecycle is recorded as digital
evidence, replacing paper-based documentation. This is critical in the medical device industry (Kannaraya et
al., 2025) to meet 1SO 13485 standards. Technologies like Blockchain and Cloud Computing provide the
infrastructure for secure, immutable data logs.

4. IMFG represents systems that possess "cognitive™ abilities, allowing them to perceive, reason, and act
autonomously. According to Mourtzis (2022), processing Al at the 1loT Edge ensures the low-latency
response times required for production lines to reconfigure themselves automatically. This enables Mass
Personalization, where unique products are created at mass-production efficiency.

5. Modern planning has moved from static scheduling to a dynamic, "Smart Production Planning" paradigm.
By using Digital Twins, manufacturers can simulate various production scenarios in a virtual environment
before physical execution. This allows the system to respond instantly to supply chain disruptions or sudden
shifts in customer demand.

7.Conclusion

The shift towards the Fourth Industrial Revolution has redefined the standards of industrial excellence, moving
the focus from mere production volume to data-driven, intelligent quality. Research has shown that enabling
intelligent manufacturing through Automated Quality Management Systems (AQMS) is not simply a
technological upgrade, but a fundamental paradigm shift towards Quality 4.0. The integration of the Industrial
Internet of Things (110T) and artificial intelligence (Al) has transformed quality control from a reactive, detection-
and-repair model to a proactive, predictive, and preventative one. Furthermore, the rise of Intelligent
Manufacturing (IMFG) has enabled simulation, inference, and action systems with a high degree of human
intervention. In highly controlled environments, the digital thread, supported by blockchain and cloud computing,
ensures unchanging traceability and transparency.

Globally, the success of Quality 4.0 remains inextricably linked to the human element. This transformation
necessitates a strategic focus on workforce skills development and the use of technologies such as augmented
reality to facilitate effective human-machine collaboration.

8.Recommendations
1. Digital readiness should be prioritized before investing in advanced technologies.

2. Companies should conduct a digital readiness assessment to ensure their infrastructure can support complex
systems such as Statistical Process Control (SSPC).
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3. The workforce should be equipped to enhance its skills in data science and systems engineering, with a focus
on human-machine collaboration rather than relying solely on autonomous algorithms.

4. Professionals should focus on creating standardized frameworks for data exchange to overcome the lack of
interoperability between different devices and software suites.

5. Recommendations include combining traditional methodologies such as Six Sigma and Statistical Process
Control (SPC) with modern technologies such as machine learning and the Industrial Internet of Things (110T)
to improve forecasting quality.
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