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INDUSTRY 4.0 IN SMART MANUFACTURING

Naman Sachan

ABSTRACT

Industry 4.0 has revolutionized the conventional manufacturing sector by introducing
advanced digital technologies like the Internet of Things (IoT), artificial intelligence
(AI), machine learning (ML), cloud computing, cyber-physical systems (CPS), digital
twins, and big data analytics to manufacturing processes. Smart manufacturing systems,
using Industry 4.0 concepts, can be used to improve operational efficiency, minimize
unplanned downtime, improve product quality, facilitate real-time decision-making, and
contribute to sustainable industrial practices by implementing intelligent automation

and highly interdependent manufacturing environments.

This research addresses various directions of Industry 4.0 technologies in smart man-
ufacturing systems development and research on measurable effects on productivity,
sustainability, predictive maintenance, supply chain optimization, and operational flex-
ibility. The study is a thorough literature review of over sixty research papers covering
all the reputed international journals and conference proceedings on the topic of Indus-
try 4.0 and the smart manufacturing technologies. Bibliometric analysis is also carried
out to elucidate the trend of growth, the contribution of research work by countries,

frequent keywords, and technological development in the area.

The research covers the enabling technologies of Industry 4.0, like artificial intelligence,
machine learning, cloud manufacturing, additive manufacturing, autonomous robotics,
IoT sensor systems, digital twins, and cyber-physical systems. The challenges related
to the implementation of these technologies in manufacturing environments, such as
cybersecurity risk, cost of technology adoption, interoperability of data, skill gaps of

the workforce, and resistance from the organization, are discussed critically.

The results show that Industry 4.0 greatly enhances manufacturing efficiency, produc-

v



tion flexibility, the ability to predict maintenance needs, and supply chain visibility
and promotes sustainable production practices. Based on the research, intelligent,
data-driven, and autonomous manufacturing systems are the future of global industrial
production, and for their successful and sustainable adoption, strategic investments, or-
ganizational readiness, skilled workforce development, and strong cybersecurity frame-

works are essential.

Keywords: Industry 4.0, Smart Manufacturing, Internet of Things, Artificial Intelli-
gence, Machine Learning, Digital Twin, Cyber-Physical Systems, Predictive Mainte-

nance, Cloud Computing, Big Data Analytics, Sustainable Manufacturing.
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CHAPTER 1

INTRODUCTION

1.1 General Introduction

Over the last two and a half centuries, the manufacturing industry has undergone
continuous evolution, with each successive wave of industrial revolution leading to
more technological innovations. In manufacturing, companies have always tried to
adjust their production systems and reduce their expenses and enhance their produc-
tivity, quality, and competitiveness in their operations when new technologies become
available. Manufacturing companies have made numerous changes in their production
systems in the past to adopt new technologies and boost their productivity, quality, and
economic competitiveness in their operations. In recent years the convergence and
quick development of the technologies of the digital revolution, which involve com-
puting, communication, sensing, and intelligent systems, have introduced the so-called

Industry 4.0, also known as the fourth industrial revolution [1][2].

Industry 4.0 is defined as the “systematic and profound application of advanced digital
technologies, including artificial intelligence (AI), machine learning (ML), Internet
of Things (IoT), big data analytics, cloud computing, additive manufacturing, cyber-
physical systems (CPS), digital twin technology, advanced robotics, and autonomous

systems, to the manufacturing sector” [1][2][3]. All of these technologies help in-



dustries develop intelligent, interconnected, and adaptive manufacturing systems that
can monitor, predict, automatically make decisions, and implement smart production
planning without constant human involvement. Industrial environments with seam-
less machine-to-machine, machine-to-sensor, machine-to-software interactions, and
machine-to-human communication are more efficient, responsive, and resilient than

ever before.

The aim of Industry 4.0 is to create a smart manufacturing environment where ma-
chines, sensors, devices, and manufacturing systems can communicate with each other
through the use of industrial communication networks [4][5]. Smart manufacturing
systems are different from traditional manufacturing systems, as they employ intelligent
algorithms, real-time data streams from industrial sensors, and sophisticated industrial
analytics platforms to continuously optimize manufacturing system performance, de-
tect manufacturing system inefficiencies, and minimize manufacturing system waste in
real time. One of the biggest paradigm changes of industrial history is the move from

reactive to proactive manufacturing management.

As the competition in the manufacturing industry has increased, the need for intelligent
manufacturing systems that can respond to the dynamic customer needs, product life
cycles, and market changes has grown even more [6][7]. Smart manufacturing tech-
nologies enable industries to increase their operational flexibility, greatly cut down on
unplanned downtime, optimize energy consumption patterns, improve product quality
standards, and reduce total production costs. Moreover, Industry 4.0 technologies can
contribute to sustainable manufacturing by optimizing the use of resources and mini-
mizing the environmental footprint associated with manufacturing activities, aligning

with the internationally agreed-upon sustainability goals [22][23].

The Internet of Things is one of the basic parts of Industry 4.0. An IoT-enabled system
is a large-scale network of sensors, actuators, controllers, and communication devices

that are constantly gathering and sharing manufacturing information on industrial net-



works [8][9]. They offer industry-unmatched transparency throughout manufacturing
processes, allowing for anytime, anywhere data on equipment conditions, ongoing
analysis of manufacturing process indicators, and quick detection of deviations before
they become expensive equipment failures. The streams of data that come from IoT

systems are the basis of many advanced applications in Industry 4.0.

Smart manufacturing systems are enhanced by the use of artificial intelligence and
machine learning technologies, which provide advanced predictive analytics and in-
telligent decision-making based on data [10][11]. These machine learning algorithms
process vast amounts of industrial sensor and manufacturing system data to uncover
hidden operating patterns, look for anomalies, and provide accurate equipment failure
predictions. Machine Learning-based predictive maintenance is a key breakthrough
over reactive and time-based maintenance, and it can help to cut unnecessary downtime

and overall maintenance costs in a wide variety of production environments.

Another game-changer in Industry 4.0 is digital twin technology. Digital Twin can be
defined as a high-fidelity virtual model of a manufacturing system capable of continuous
real-time simulation, analysis, and monitoring of manufacturing operations [12][13].
By mimicking production scenarios in virtual space, Digital Twin systems optimize
the production processes and can also facilitate planning of maintenance strategies,
assess design changes without interrupting production, and mitigate risks in operations.
Combining digital twins with the data produced by the Internet of Things and Al-driven

analytics, powerful manufacturing intelligence platforms emerge.

Cloud computing is playing an important role in smart manufacturing, providing scal-
able, flexible, and cost-effective data storage and processing capabilities. Cloud man-
ufacturing systems are the systems that enable storing, accessing, and analyzing the
vast amount of industrial data efficiently without the need to build a large physical
IT infrastructure [14]. Cloud platforms also enhance collaboration within various

manufacturing departments, enable remote monitoring and management of distributed



manufacturing systems, and enable real-time data sharing across long and complex
supply chain networks with multiple partners spread across geographically located

organizations.

Adoption of advanced robotics and automation technologies has enhanced manufac-
turing productivity, product quality consistency, and safety in various manufactur-
ing industries. Industrial robots can execute highly repetitive, physically heavy, and
also dangerous manufacturing processes with high precision, speed, and consistency
[15][16]. Collaborative robots, or cobots, have been another innovation in expanding
the possibilities of human-robot collaboration in industry. By collaborating directly
with human workers, cobots augment productivity, mitigate physical fatigue, and sup-
port manufacturing flexibility, especially for applications that demand human cognitive

decision-making and robotics precision.

In an Industry 4.0 setting, the production data collected from the sensors, machines,
and operational systems is enormous and very varied, making Big Data Analytics
a very strategic capability [17]. Industries can leverage this data through advanced
analytics platforms and tools to gain insights that can guide actionable decisions, assist
evidence-based production planning, drive continuous improvement efforts, monitor
performance in real time, and make strategic decisions at the operational and managerial

level.

Although there are many benefits to the adoption of Industry 4.0, there are still many
implementation challenges that exist in each of the industries and in each organization.
The adoption of new technologies involves a significant investment in industrial com-
munication infrastructure, cloud computing platforms, smart software, and complete
personnel training programs [18][19]. Furthermore, another serious issue is cyberse-
curity, as the growing use of the internet and digital interconnectedness of industrial
systems, cloud environments, and external networks creates opportunities for possible

industrial espionage, data breaches, and cyberattacks on manufacturing organizations.



Another critical issue in Industry 4.0 transformation trips is workforce adaptation.
However, workers with traditional manufacturing backgrounds may not be able to
use and manage advanced smart manufacturing systems effectively due to their lack of
digital literacy and technical skills [20]. Thus, workforce reskilling programs, technical
training, and lifelong learning are major investments that manufacturing organizations

need to make to develop the human resources needed to effectively adopt Industry 4.0.

Another challenge for smart manufacturing systems is the interoperability issue owing
to the various industrial communication protocols, to the multiple generations of man-
ufacturing equipment, and to the different platforms used by various manufacturing
equipment vendors [21]. The absence of common standards in communication makes
it challenging to get seamless data exchange and system integration between different
parts of the manufacturing, leading to data silos and not reaching the full potential use

of Industry 4.0 technologies.

The research community and manufacturing industry practitioners have been inten-
sively dedicated to the research and development of sustainable smart manufacturing
systems that can reduce the impact on the environment while still achieving high oper-
ational efficiency and economic competitiveness in recent years [22][23]. Industry 4.0
technologies are critical in achieving the energy-saving targets and reducing the waste
and efficient use of resources as per the global sustainability framework, such as the

Sustainable Development Goals (SDG) of the United Nations (UN).

The following industrial sectors have been seen to rapidly embrace Industry 4.0 tech-
nologies: automotive manufacturing, aerospace, healthcare equipment production,
electronics, food processing, textiles, logistics, and supply chain management [24][25].
Leaders of the smart manufacturing systems that have been successfully deployed have
seen tangible productivity gains, production flexibility, predictive maintenance efficacy,
quality management, and supply chain responsiveness. The benefits of these tangible

outcomes are clear, which is why Industry 4.0 adoption strategies can and should



continue to be invested in.

Smart factories are one of the most prominent and the most desired applications of
Industry 4.0 technologies that are in practice. Smart factories are very intelligent and
very connected factories in which machines, systems, products, and manufacturing
processes communicate independently and dynamically, optimizing the overall pro-
duction performance [26]. These facilities use the potential of the entire range of
Industry 4.0 supporting technologies—real-time data analytics platforms, Al-based
decision-making systems, autonomous robotics systems, loT-based monitoring infras-
tructure, and digital twin simulation technologies—to realize truly autonomous and

self-optimizing production systems.

Industry 4.0 technologies have also revolutionized the supply chain management
paradigms by significantly enhancing supply chain visibility, coordination, and re-
silience [27]. Real-time communication systems are employed to keep track of inven-
tory movements in real time, optimize the logistics operations dynamically, improve
demand forecasting accuracy, and act quickly when supply chain disruptions occur.
The capabilities are especially useful for the more complex world of global supply

chains that are becoming more volatile and uncertain.

Researchers and practitioners have been recognizing predictive maintenance as one
of the most influential and cost-effective Industry 4.0 applications in manufacturing
processes for years [28][29]. However, traditional maintenance methods were based
on reactive maintenance, which does not proactively prevent equipment failures but
instead reacts after they occur, causing significant unplanned downtime, production
disruption, and equipment degradation. Intelligent predictive maintenance systems
rely on IoT sensor network distribution to constantly monitor machine status and the
application of machine learning algorithms to generate early warning signs of potential

equipment failure, enabling maintenance to be planned in advance of failure.

In the future, the manufacturing systems are expected to increasingly rely on the in-



telligent automation framework, fully autonomous production systems, and advanced
digital communication infrastructures [30]. In the next decade, emerging technologies
like blockchain for supply chain security, edge computing for low-latency data process-
ing, 5G wireless communication networks for ultra-fast industrial connectivity, and
next-generation autonomous robotics will continue to reinforce and broaden Industry

4.0 frameworks.

In addition to enhancing manufacturing productivity parameters, Industry 4.0 can also
positively influence the overall economic growth, competitiveness of industry, and the
well-being of society. According to this, countries with smart manufacturing tech-
nology and enabling industrial infrastructure are expected to realize substantial gains
in terms of productivity, export competitiveness, and economic output, strengthen-
ing the importance of the adoption of smart manufacturing technologies both at the

organizational and national policy levels [31][32].

Therefore, the concept of Industry 4.0, the enabling technologies, their applications,
the measured benefits, and the challenges in sustaining them in the real world of smart
manufacturing are of great academic and practical value and require in-depth and sys-
tematic study. This research intends to join the expanding and growing knowledge in
this field by exploring the relation of Industry 4.0 technologies with the manufacturing
systems and assessing the transformation in the traditional industrial production envi-
ronment to become an intelligent, autonomous, and sustainable smart manufacturing

system.
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Figure 1.1: Conceptual framework of the Industry 4.0 smart manufacturing ecosystem
showing the integration of IoT, artificial intelligence, big data analytics, cloud com-
puting, digital twins, advanced robotics, and cyber-physical systems for intelligent,
connected, and data-driven manufacturing operations.
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1.2 Evolution of Industrial Revolutions

Industry 1.0 began in the 1760s and continued through the 1840s, when steam power
was first introduced and mechanical production systems began to supplant manual craft
production. This period of mechanization in the textile industry, iron smelting, and
transportation infrastructure laid the groundwork for modern economies and the factory

system of goods manufacturing.

During the late 19th and early 20th centuries, industry 2.0 emerged with the advent
of electricity, the use of assembly line production methods pioneered by Ford Motor
Company, and the implementation of mass production systems, which significantly
lowered the unit production cost due to economies of scale and standardization [1][2].

Continuous production became possible, and production was extended to nighttime,



and the use of special production machinery to make large quantities of products with

greater accuracy than had been achievable with steam-powered factories.

The advent of electronics, computer numerical control (CNC) systems, programmable
logic controllers (PLCs), and industrial automation technologies, leading to flexible and
programmable manufacturing operations, marked the start of Industry 3.0 in the 1960s
and continued gaining momentum over the 1980s and 1990s. The digitization of man-
ufacturing control systems reduced reliance on manual work for repetitive operations,
enhanced product quality uniformity, and increased the complexity and dimensional

accuracy of the manufactured products and repeatability.

Industry 4.0, which started in the early 2010s and has been gathering momentum
throughout the current decade, is a qualitatively new industrial revolution that is not
only driven by the introduction of new technologies but also by the convergence and
integration of digital, physical, and biological technologies into a single, intelligent
platform for manufacturing [3][4]. It was formally launched at Hannover Messe, an
industrial fair in Germany, in 2011 and expanded into a complete national strategic
program by the German federal government, which was later adopted and adapted by

the manufacturing economies of the world [1].

What sets Industry 4.0 apart from previous industrial eras is the merging of the physical
and digital worlds: machines, materials, production processes, and data; algorithms;
simulations; and intelligent software systems. Such integration results in truly intelli-
gent manufacturing systems that continuously learn, autonomously adapt to changing

operational conditions, and optimize their production processes.



Evolution of Industrial Revolutions

From steam power (Industry 1.0) to cyber-physical systems (Industry 4.0)
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Figure 1.2: Evolution of Industrial Revolutions, illustrating key concepts associated
with Industry 4.0 and smart manufacturing systems.

1.3 Research Gap Identification

Although there are a lot of academic and industrial studies on Industry 4.0 and smart

manufacturing, there are still some major gaps that will be filled through this research:

Previous research focuses on specific Industry 4.0 technologies without considering
the synergistic effects of the combination of multiple complementary technologies to
create a smart manufacturing system. There is a need for a holistic analysis of impacts

and interdependencies of the integration of technology [20][21].

There are relatively few studies that have explored the sustainability impacts and at the
same time operational efficiency enhancements in Industry 4.0-enabled manufacturing
processes. Research has tended to concentrate on improvements in productivity or

reduction in impacts to the environment, but not both at the same time [49][50].
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The cybersecurity issues that are unique to the industrial environments (IloT) and smart
manufacturing systems (SMS) have been understudied compared to the severity and
prevalence of cyberattacks on manufacturing systems [25][26]. Likewise, the research
on workforce adaptation in smart manufacturing is superficial in terms of the specific
training and reskilling models and organizational change management approaches and

theories.

The existing literature lacks comparative frameworks that systematically analyze In-
dustry 4.0-based smart manufacturing systems and traditional manufacturing systems
from a multi-particle perspective of efficiency, quality, flexibility, and sustainability

[32][33].

More focused research efforts are needed on the particular implementation challenges
and adoption barriers of small and medium-sized manufacturing enterprises (SMEs),

the majority of manufacturing enterprises worldwide [32][33].

«—— RESEARCH GAP IDENTIFICATION

Despite extensive research on Industry 4.0 and smart manufacturing,
several critical gaps remain to be addressed.

LIMITED INTEGRATED VIEW LIMITED FOCUS ON DUAL IMPACT )
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Figure 1.3: Research Gap Identification illustrating key concepts associated with In-
dustry 4.0 and smart manufacturing systems.
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1.4

Objectives of the Study

The goals of this research are as follows:

(i)

(ii)

(iii)

(iv)

v)

(vi)

1.5

To take a thorough look at the concept, technological structure, and strategic

importance of Industry 4.0 in the development of a smart manufacturing system.

To grasp the role of [oT, Al, machine learning, digital twins, and cloud computing
and how they can influence the overall efficiency of manufacturing, product

quality, and operational flexibility on a personal and group level.

To make a critical evaluation of Industry 4.0 technologies for advanced predictive
maintenance and optimization of complex supply chain operations in a systematic

way.

To recognize, classify, and critically analyze Industry 4.0 technical, organiza-
tional, financial, and human resource challenges in the different sizes and matu-

rities of manufacturing industries.

Assess the sustainability impacts and role of smart manufacturing systems to-
wards global sustainability goals in terms of energy efficiency, waste reduction,

and responsible resource management.

To conduct a bibliometric analysis to map the research landscape on Industry 4.0

and identify new research trends, key researchers, and research gaps.

Research Significance

The bibliometric analysis results give empirical knowledge about the development of

this research field and new research interest areas that should be investigated in the

future.

In the practical sense, the study offers a holistic, evidence-based view of the advantages
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and disadvantages, as well as the strategic needs of manufacturing organizations, in-
dustry practitioners, policymakers, and technology implementers in adopting Industry
4.0. The comparison of traditional and smart manufacturing systems along with the
technology impact assessment gives valuable insights that can be put into practice by

organizations on different digital transformation stages [34][35].

The research is of special interest to Indian manufacturing industries, which are keen
on implementing smart manufacturing adoption as part of national initiatives like Make
in India and the National Manufacturing Competitiveness Programme. This research
also contributes in the understanding of the impacts of technology, challenges in imple-
mentation, and best practices in the global manufacturing sector that can be translated
to more effective and contextually appropriate strategies for Indian manufacturers to

adopt Industry 4.0.

1.6 Methodology Overview

The research methodology is based on a comprehensive systematic literature review,
bibliometric analysis, and comparative technology assessment in a qualitative and
analytical research approach. The research papers published in the reputed international
journals, conference papers, and academic databases such as Scopus, ScienceDirect,
IEEE Xplore, SpringerLink, and Google Scholar were systematically reviewed and

analyzed.

The literature review was conducted in a systematic manner, with over sixty high-
quality research publications considered for the review, including the scope of the
Industry 4.0 enabling technologies, the smart manufacturing applications, predictive
maintenance systems, sustainable manufacturing frameworks, and the supply chain
optimization and challenge assessment of the implementation. The research landscape

was mapped using bibliometric analysis tools like the VOSviewer and Bibliometrix,
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and the keyword co-occurrence networks were created, while publication trends and

collaborative research trends were visualized in time.

A comparative analysis of traditional manufacturing and smart manufacturing tech-
nology enabled by Industry 4.0 was performed in six aspects of performance, such as
operational efficiency, maintenance strategy effectiveness, responsiveness of the supply
chain, energy consumption, product quality, and workforce requirements. The multi-
dimensional comparative framework gives a structured foundation for evaluating the

transformative impact of Industry 4.0 adoption [36][37].

Table 1.1: Comparison Between Traditional Manufacturing and Smart Manufacturing

tion

Parameter Traditional Manufactur- | Smart Manufacturing
ing
Monitoring Manual periodic inspec- | Real-time automated sen-

sor monitoring

Maintenance Strategy

Reactive / Time-based

Condition-based Predic-
tive Maintenance

Decision Making

Human-dependent,
experience-based

Al-assisted, data-driven

Machine Communication

Limited, isolated systems

Fully interconnected via
[oT networks

Production Flexibility Low, difficult to reconfig- | High, rapidly reconfig-
ure urable
Data Utilization Limited, paper-based | Advanced real-time ana-
records lytics
Energy Management Inefficient, unmonitored Optimized, continuously
monitored
Quality Control Sampling-based inspec- | 100% automated Al-based
tion inspection
Supply Chain Visibility Limited, reactive End-to-end real-time visi-
bility
Sustainability Limited  environmental | Optimized resource and
monitoring energy use

Workforce Requirements

Manual labor-intensive

Skilled digital workforce
required
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2.1

CHAPTER 2

LITERATURE REVIEW

Introduction

The main goals of this research are as follows:

(i)

(ii)

(111)

(iv)

v)

To take a thorough look at the concept, technological structure, and strategic

importance of Industry 4.0 in the development of a smart manufacturing system.

Be familiar with how [oT, Al, machine learning, digital twins, cloud computing,
and other technologies can increase the efficiency of manufacturing, quality of
products, and operational flexibility of a company on an individual and collective

basis.

To comprehensively and scientifically evaluate the implementation of Industry
4.0 technologies in the process of creating advanced predictive maintenance

capacities and optimization of complex supply chain operations.

To recognize, classify, and critically analyze Industry 4.0 technical, organiza-
tional, financial, and human resource challenges in the different sizes and matu-

rities of manufacturing industries.

Assess the sustainability impacts and role of smart manufacturing systems to-

wards global sustainability goals in terms of energy efficiency, waste reduction,
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and responsible resource management.

(vi) To conduct a bibliometric analysis to map the research landscape and identify

new research trends, key researchers, and gaps.

In the practical sense, the study offers a holistic, evidence-based view of the advantages
and disadvantages, as well as the strategic needs of manufacturing organizations, in-
dustry practitioners, policymakers, and technology implementers in adopting Industry
4.0. The comparison of traditional and smart manufacturing systems along with the
technology impact assessment gives valuable insights that can be put into practice by

organizations on different digital transformation stages [34][35].

The research is of special interest to Indian manufacturing industries, which are keen
on implementing smart manufacturing adoption as part of national initiatives like Make
in India and the National Manufacturing Competitiveness Programme. This research
can contribute to the understanding of the impacts of technology, challenges in imple-
mentation, and best practices in the global manufacturing sector that can be translated
to more effective and contextually appropriate strategies for Indian manufacturers to

adopt Industry 4.0.

The research methodology is based on a comprehensive systematic literature review,
bibliometric analysis, and comparative technology assessment in a qualitative and
analytical research approach. The research papers published in the reputed international
journals, conference papers, and academic databases such as Scopus, ScienceDirect,
IEEE Xplore, SpringerLink, and Google Scholar were systematically reviewed and

analyzed.

The literature review was conducted in a systematic manner with over sixty high-
quality research publications considered for the review, including in the scope of the
Industry 4.0 enabling technologies, the smart manufacturing applications, predictive

maintenance systems, sustainable manufacturing frameworks, and the supply chain
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optimization and challenge assessment of the implementation. The research land-
scape was mapped using bibliometric analysis tools like VOSviewer and Bibliometrix,
and the keyword co-occurrence networks were created, while publication trends and

collaborative research trends were visualized in time.

Comparative analysis of traditional manufacturing and smart manufacturing technol-
ogy enabled by Industry 4.0 was performed in six aspects of performance, such as
operational efficiency, maintenance strategy effectiveness, responsiveness of the sup-
ply chain, energy consumption, product quality, and workforce requirements. Adoption
of Industry 4.0 is analyzed with a multi-dimensional comparative framework for eval-

uating the transformative impact of the use of this technology [36][37].

In the last few years, the momentum in the research area of sustainability in the
context of Industry 4.0 has been increasing strongly as both academia and industry have
realised that the benefits of smart manufacturing technologies are not only in increased
productivity and efficiency, but they can also play an important role in helping achieve
environmental responsibility goals [25]. All of the above, with the help of the Internet
of Things, Al-based production scheduling optimization algorithms, and digital twin
process simulation platforms, help to measure energy savings, reduce the amount
of material waste generated in manufacturing processes, and lower environmental

emissions in manufacturing processes.

The implementation challenge research identified and described the primary obstacles
to the successful implementation of Industry 4.0 in a wide variety of manufacturing
organizations from various sizes, sectors, and technological maturity [26][27]. The
new, extended attack surface opened by networked industrial systems poses a specific,
growing, and challenging threat that demands special technical and organizational
solutions. Other challenges that have been identified as playing a significant role in
implementation and for which mitigation strategies need to be targeted include high

costs of implementation, skill shortages in the workforce, data interoperability, and
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organizational resistance to digital transformation.

Studies of Industry 4.0 technology adoption by small and medium-size enterprises
(SMESs) point to certain difficulties encountered by the smaller manufacturers [32][33].
SMEs usually have fewer resources, less technical expertise, and less organization to
deal with complex technology implementation projects than large manufacturing com-
panies. Researchers have identified the need for scaled, modular, and cost-effective
Industry 4.0 solutions to be specifically designed for SME contexts, as well as sup-
portive government policies and industry cluster initiatives that can facilitate smaller

manufacturers’ access to shared Industry 4.0 infrastructure and expertise.

The literature suggests future research directions such as autonomous manufacturing
systems, integration with edge computing, implementation of 5G industrial commu-
nication, applications of blockchain in the supply chain, and advanced human-robot
interaction frameworks [35][36]. They also see the need for cross-disciplinary in-
tegration of manufacturing engineering, computer sciences, behavioral sciences, and
organizational management for the creation of holistic and contextually relevant Indus-
try 4.0 implementation frameworks that include both the technical and human aspects

of the smart manufacturing transformation.

2.2 Industry 4.0 Enabling Technologies

Industry 4.0 technologies are overall an integrated and extensive digital infrastruc-
ture that facilitates the creation, implementation, and ongoing enhancement of smart
manufacturing systems. It is these technologies that enable intelligent automation,
machine-to-machine communication, real-time operational monitoring and manage-
ment, data-driven decision-making, and autonomous industrial management [1][2][3].
To implement Industry 4.0 successfully and sustainably, it is vital to carefully inte-

grate various complementary digital technologies into an integrated and interoperable
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manufacturing system architecture.

Technological progress such as artificial intelligence, machine learning, cloud comput-
ing, industrial IoT, advanced robotics, big data analytics, digital twin systems, additive
manufacturing, and cyber-physical systems have become strategic technologies due to
their fast and converging development [4][5]. They can be implemented together and
integrated suitably to provide significant benefits to manufacturing companies in terms
of operational flexibility, efficient use of resources, product quality stability, predictive

maintenance effectiveness, and sustainable production performance.

Nine Pillars of Industry 4.0

Core enabling technologies transforming smart manufacturing
g ' 1. Big Data & 2. Autonomous Y Y 3. Simulation /
u[]l] Analytics Robots N Digital Twin

oy
" | 4.Industrial loT (——) 5 Augmented 6. Additive
é (lloT) Reality == Manufacturing

| 7. Cybersecurity Q l SO : < e
0’4o Computing Integration

Figure 2.1: Industry 4.0 has been defined by nine pillars of Industry 4.0, which describes
key concepts.

2.2.1 Internet of Things

The Internet of Things (IoT) is a key and fundamental enabling technology of Industry
4.0. The IoT systems are made up of a large number of smart sensors, actuators,

embedded microcontrollers, communication modules, and data processing units that
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communicate in real time over an industrial communication network, sharing infor-
mation regarding the systems’ operations [6][7]. Within a manufacturing setting,
an IoT-based system can provide ongoing feedback on manufacturing processes and
provide detailed, high-resolution data on machine performance, process parameters,

product quality parameters, and manufacturing efficiency metrics.

In general, the Industrial IoT architectures consist of several hierarchical levels such as
field-level sensing devices; edge processing nodes, where data is initially filtered and
aggregated; industrial communication networks (ICNs) that move the processed data;
and cloud or on-premise analytics platforms, where more sophisticated data analysis
techniques are applied to produce operational intelligence [8][9]. The layered archi-
tecture is a compromise of both real-time local responsiveness and the computational
power and data storage in a centralized cloud environment, which provides flexible and

scalable manufacturing intelligence systems.

Multivariate streams of information are constantly gathered by smart sensors attached
to manufacturing assets, such as the machine temperature, vibration spectra, acoustic
emissions, pressure profiles, electrical current signatures, energy consumption patterns,
and production output rates. The richness of this operational data enables the creation
of powerful predictive maintenance systems, process-optimizing algorithms, quality-

monitoring applications, and energy-management platforms [10][11].

It has been proven that a predictive maintenance system based on IoT technology can
significantly lower machine downtime, extend machine life, and lower total maintenance

cost as compared to a time-based or reactive maintenance approach [10][11].

In addition to equipment monitoring and predictive maintenance, the use of IoT has
revolutionized the supply chain’s visibility and inventory management capabilities
[12]. Smart inventory systems employ Radio Frequency Identification (RFID), barcode
scanning technology, and environmental sensing to monitor the identity, location,

number, and condition of materials and products as they traverse the manufacturing
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and distribution chain in real time, delivering a level of visibility that has never been

seen before.

The use cases of [oT technologies in manufacturing industries range from automotive
manufacturing, electronics assembly, aerospace component manufacturing, pharma-
ceutical production, food processing, textile manufacturing, chemical processing, etc.
[13][14]. In all these areas, loT-based systems deliver operational benefits in terms
of safety, quality, efficiency, and sustainability, as they provide real-time, minute-by-
minute visibility of manufacturing processes that was previously not possible or was

performed on a much less frequent basis with traditional monitoring systems.

lloT Architecture — Layered Integration Model

Five-layer architecture from physical devices to business decision-making

Layer 5 — Decision & Application

Al dashboards + ERP - Business analytics + KPI monitoring

Layer 4 — Data Processing

Cloud computing + Big data analytics + Machine learning

Layer 3 — Connectivity
Industrial networks « 5G +« Edge computing - MQTT/OPC-UA

Layer 2 — Sensor & Device
Smart sensors + Actuators + RFID - Embedded controllers

Figure 2.2: The IIoT Architecture—Layered Integration Mode: Hands-on activities
that demonstrate important concepts of the industry.

2.2.2 Artificial Intelligence and Machine Learning (AI/ML)

In the context of Industry 4.0, smart manufacturing, Al, and machine learning have

become essential in the smart manufacturing systems [15][16].
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Machine learning algorithms can discover relationships, correlations, and deviations
within the vast amount of industrial data, giving manufacturing companies predic-
tive power and changing the way they manage their production processes [17]. From
the point of application to manufacturing contexts, the spectrum of ML techniques is
wide: supervised algorithms like Random Forest classifiers, support vector machines,
gradient boosting algorithms, and artificial neural networks are used for failure predic-
tion and quality classification; unsupervised algorithms such as clustering algorithms
and autoencoders are used for anomaly detection and pattern discovery; reinforcement
learning is used for production scheduling optimization and the development of adaptive

control systems.

Recently, deep learning methods, and in particular convolutional neural networks and
recurrent neural networks, have been shown to be a revolutionary step in manufac-
turing quality inspection and process monitoring [18][19]. Computer vision systems,
based on deep learning architectures, automatically detect surface defects, dimensional
deviations, assembly errors, and other quality issues with a detection sensitivity and
consistency that is very high, often superior to humans, especially in high-speed pro-

duction lines where the time for inspection is very short per product.

In the context of smart factories, Al technologies allow autonomous manufacturing
processes by delivering the intelligence that allows machines and systems to self-
regulate their operation in real time depending on the changing conditions during the
manufacturing process [20][21]. One of the most advanced applications of Al in smart
manufacturing is self-optimizing production systems that continually fine-tune process

variables according to real-time quality and performance data.

Recently, Al and robotics have been integrated to produce more intelligent and flexible
robotic systems that can perform increasingly more complex manufacturing operations
in unstructured or variable environments, which would have been impossible for the

previous generation of programmed robots [22]. Al-powered robots can learn from a
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demonstration, adjust their behavior to sensory feedback, work safely alongside human

operators, and execute complex assembly, inspection, and material handling tasks with

a level of flexibility that is close to human capability.

Al Applications in Smart Manufacturing

How artificial intelligence transforms quality, maintenance, design, and integration

-
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Figure 2.3: The application of artificial intelligence in the field of smart manufacturing.
These are helpful for the concepts and ideas that are emphasized. Industry 4.0 and smart
manufacturing systems.

2.2.3 Cloud Computing and Cloud Manufacturing

Cloud computing offers the scalable, flexible, and cost-effective computational infras-
tructure for many applications in the field of Industry 4.0 [23]. Cloud platforms provide
manufacturing companies access to virtually unlimited data storage, high-performance
computing resources, advanced analytical software tools, and specialized manufactur-
ing simulation and optimization services that don’t demand large capital expenditures

for the physical IT infrastructure.

Cloud manufacturing is the application of cloud computing principles in particular to the
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sharing of manufacturing resources, production planning, and operational management
[24]. Cloud manufacturing systems develop environments that provide service-oriented
manufacturing capabilities, computational resources, software tools, and expertise to
be accessed as demand arises in a standard network interface. This model dramatically
lowers the cost of implementation of advanced manufacturing technologies, especially

for small manufacturers.

Cloud platforms enable the easy exchange of data from suppliers to contract manufac-
turers, customers to logistics providers, and vice versa across the entire manufacturing
enterprise, thus significantly enhancing supply chain integration and collaborative plan-
ning. Cloud platforms enable a seamless flow of data from suppliers to contract manu-
facturers and customers to logistics providers and back again, fundamentally improving
the ability to collaborate and integrate across the extended manufacturing enterprise
[25]. Improved supply chain accuracy of demand sensing in real time, enabling flexibil-
ity with the production schedule due to a disruption in the supply chain and supporting
collaborative inventory management to lower the requirement of working capital for all

parties in the supply chain.

Cloud manufacturing systems also enable geographically distributed manufacturing
processes by facilitating the central monitoring, analysis, and optimization of manu-
facturing processes across various factory locations [26]. Cloud-based manufacturing
management platforms make it practically possible to implement remote performance
monitoring, centralized production quality management, and cross-facility production
scheduling optimization, making it easier for manufacturing organizations to take full

advantage of the production network.

2.2.4 Big Data Analytics

In the age of Industry 4.0, data is being generated continuously by increasingly complex

production environments, which generate data of volumes, velocities, and varieties that

24



are too vast for traditional data management and analysis methods, making Big Data

Analytics a strategically critical capability for smart manufacturing organizations [27].

Advanced big data analytics capabilities give manufacturing organizations predictive
insights into production performance, equipment reliability, quality outcomes, and
supply chain dynamics that are simply impossible to deliver using traditional data
analysis techniques [28][29]. Stream processing platforms that can ingest huge amounts
of sensor data and analyze it in real time enable immediate actions to be taken based on
changes in operations that are detected and can help identify problems in the process
even before they occur, and batch analytical systems can provide strategic insights for

longer-term decisions about how to improve the process and maintain it.

As the size of the existing manufacturing data set grows, so do the accuracy and
reliability of the predictions made by the machine learning models created from these
data sets in terms of equipment failures, product quality outcomes, process deviations,
and supply chain events [30]. As more and more historical data is used to train these
predictive models, the quality and accuracy of their predictions generally increase,
thus generating a virtuous cycle: The more you use smart manufacturing, the more

insightful the Al systems will be.

Many decisions in the field of operation are routine, and the combination of big data
analytics and Al decision-making systems leads to autonomous manufacturing intelli-
gence platforms, which monitor operational conditions continuously, detect emerging
problems, evaluate the possible responses, and make operational adjustments without
human intervention [31]. The most important capability of fully realized Industry 4.0

and smart manufacturing systems is the autonomous operational intelligence.

2.2.5 Digital Twin Technology

One of the conceptually most innovative and practically powerful applications in the

Industry 4.0 technology portfolio is digital twin technology [32]. A digital twin is a
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very high-fidelity virtual representation of a physical manufacturing asset, process, or
system that is continually updated to reflect the real-time operating state of the physical
system via live data feeds from IoT sensors and controls. This virtual-physical matching
allows for a qualitatively new form of creating intelligence, which connects the physical

production reality with the analytical power of digital simulation.

A digital twin system allows manufacturing organizations to run virtual experiments and
optimize processes using high-fidelity simulation models, without impacting physical
manufacturing activities [33]. One of the uses of a digital twin can be to optimize the
process, plan new product introduction, evaluate the maintenance scenario, and test
the production schedule before any decisions are made—significantly lowering the risk
and cost involved with process changes and improvements. Digital twin-based process
optimization has been shown to significantly outperform trial-and-error optimization

methods in the quality of the result as well as the time to reach the optimized process.

The operational value of the condition monitoring and predictive maintenance of digital
twin technology is quite compelling [34]. Anomaly detection and emerging faults can
be detected with high sensitivity through ongoing simulations of the physical system’s
performance compared to sensor readings from the physical system. With causal
transparency of physics-based digital twin models, the root cause analysis becomes
easier, and maintenance interventions can be developed to tackle failure mechanisms

instead of symptoms.

Digital twin systems aid product lifecycle management by keeping up with digital
versions of product design, manufacturing procedures, operational usage patterns, and
maintenance histories over time [35]. This comprehensive product lifecycle data helps
manufacturers uncover systematic design deficiencies, fine-tune maintenance strategies
in light of empirical evidence from the field, and inform product improvement programs

with actionable empirical data from actual field experience.
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2.2.6 Robotic and Industrial Automation

Among the more prominent and economically significant technologies of smart manu-
facturing systems are robotics and industrial automation technologies [36]. In fact, the
use of advanced robotic systems in manufacturing operations has consistently provided
significant productivity and productivity gains, improved product quality consistency,
favorable workplace safety outcomes, and reduced overall production costs across dif-

ferent manufacturing sectors and application contexts.

For many applications, modern industrial robots with advanced sensing, vision, and
force control capabilities are capable of manufacturing operations with precision, speed,
and consistency that far surpasses human ability [37]. Productivity gains between 30
and 100 percent have been reported for robotic automation when suitable manufacturing
tasks are performed, while concurrent gains in dimensional accuracy, surface finish
quality, and defect rates have been reported as well. Much of this is due to the
elimination of human physiological limitations such as fatigue, shifts in attention, and

physical limitations.

The development of collaborative robots has become a major breakthrough in man-
ufacturing automation, for direct interaction between a human and a robot in shared
workspace environments is considered safe and effective [38]. Cobot deployments are
also useful for manufacturing applications where the cognitive flexibility of humans
is combined with the dexterity, precision, and consistency of robots. Human-cobot
collaborative working configurations are shown to outperform either human-worker or
full automation configurations for a wide variety of assembly, inspection, and material

handling tasks.

Incorporation of Al learning and adaptation functions in robotic systems has greatly
broadened the practical applications of robotic automation for manufacturing [39].

Al-powered robots can observe human demonstrations and adapt to the variation of
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workpieces, recognize and react to unforeseen scenarios, and learn and evolve over
time during operation. The ability of intelligent robotic systems to operate in such
environments, with complex sensor data and frequent changes, is practical for manu-
facturing environments with a high number of product varieties, frequent changeovers,

and environments where a degree of uncertainty exists that did not facilitate automation.

2.2.7 Additive Manufacturing

Additive manufacturing technologies, a group of layer-by-layer material deposition
and fusion processes, in popular terms called “3D printing,” have radically changed
the design and manufacturing space of any manufacturing organization [40]. This
capability to manufacture geometrically complex parts directly from digital design files
without any special tooling, dies, or molds could bring a dramatic reduction in the
time and cost constraints about new product introduction and allow the cost-effective

production of highly customized parts in small batch sizes.

Additive manufacturing has been shown to be more efficient in material usage than
conventional subtractive manufacturing processes for complex parts when producing
parts that need only the materials they require based on the part geometry, as opposed to
removing material from a solid billet [41]. This material waste reduction is especially
important for high-value materials like titanium alloys and nickel superalloys, which

are heavily used in the aerospace and medical device industries.

Combining AM with other technology systems of Industry 4.0 leads to great distributed
and responsive manufacturing capabilities [42]. Digital manufacturing files can be
sent electronically to additive manufacturing devices from virtually anywhere in the
world, allowing geographically dispersed on-demand production of spare parts, low-
volume specialty items, and customized products without the need for global inventory

distribution networks.
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2.2.8 Cyber-Physical Systems

Cyber-physical systems are the key architectural principle behind Industry 4.0 that
refers to the integration of physical manufacturing systems and digital computational,
communication, and control systems that monitor, analyze, and control their behavior
[43]. The CPS technologies allow manufacturing machines and systems to continu-
ously observe their operational state and communicate with other systems to inform
them of their state and needs, receive and act on control commands from intelligent soft-
ware systems, and engage in autonomous coordinated manufacturing without human

intervention.

The application of CPS technologies results in a manufacturing environment that is
highly transparent, with physical and digital representations of manufacturing systems

that are continuously synchronized and consistent with each other [44].

CPS technologies also facilitate novel manufacturing control architectures based on dis-
tributed autonomous decision-making instead of centralized hierarchical control [45].
In CPS-equipped smart factories, the individual machines, materials, and products can
each be endowed with embedded intelligence, which can enable them to negotiate pro-
duction priorities, resource allocations, and routing decisions autonomously, resulting
in manufacturing systems that are inherently resilient, adaptive, and self-organizing

and that cannot be achieved in traditionally controlled manufacturing.

2.2.9 Smart Factories

The smart factory is the most complete and mature implementation of the technologies
of the so-called Industry 4.0 in manufacturing, including all the technologies of the
Internet of Things. Artificial intelligence, robotics, cloud computing, digital twin, CPS,
and advanced automation in a coherent and highly interconnected autonomous produc-

tion space [46]. Smart factories have the ability to continuously monitor themselves,

29



optimize themselves, and adapt to shifts in production needs without constant human

oversight or intervention.

The results of the research on smart factory implementation have reported significant
improvement in the main manufacturing performance indicators such as overall equip-
ment effectiveness (OEE), production throughput, defect rates, energy consumption
per unit produced, and manufacturing lead time [47]. The enhancements are a result
of the combined operational benefits of real-time production visibility, Al-driven pro-
cess optimization, predictive maintenance, and autonomous quality control that smart

factory technologies provide.

Smart factories also facilitate more flexible and robust industrial processes, allowing
for quick adaptation to shifts in production demand, material supply delays, equipment
availability fluctuations, and product specification changes [48]. The flexibility of the
automation, real-time operational intelligence, and autonomous production manage-
ment make manufacturing systems able to adapt much more quickly and efficiently to

varying conditions than traditional manufacturing systems.

In recent years, sustainability has emerged as a core focus area in Industry 4.0 research
and a key strategic topic in manufacturing organizations due to growing customer de-
mands, investor pressure, regulatory mandates, and real recognition of sustainability as
an environmental and resource risk that will impact the company in the long term [49].
Industry 4.0 technologies are robust enough to improve the sustainability of the man-
ufacturing process by improving energy efficiency, materials used, waste generation,

water consumption, and GHG emissions.

For manufacturing companies, energy monitoring and management systems with loT
technology offer unparalleled visibility into energy usage throughout their whole fa-
cilities, making it easy to recognize energy waste opportunities and validate energy
efficiency initiatives [50]. By integrating energy consumption models, Al-based pro-

duction scheduling algorithms can help to optimize production schedules to reduce
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energy costs and peak demand charges, while still ensuring the required throughput

levels, resulting in win-win economic and environmental outcomes.

Machine learning and big data analytics can be used to aid sustainability improvement
efforts and to provide a detailed analysis of material flow data, waste generation patterns,
and resource consumption profiles [51]. By using the analytical capabilities provided
by Industry 4.0 systems, identifying the root causes of material waste, establishing data-
driven waste reduction targets, and monitoring progress toward sustainability goals all

become more effective and reliable.

There are numerous studies that suggest the use of Industry 4.0 technologies can be
used to help with the transition to circular economy business models in manufacturing,
including efficient tracking of products and facilitating remanufacturing and mate-
rial recycling operations, as well as supporting product-as-a-service business models
that encourage durability, repairability, and resource efficiency [52]. These circular
economy applications are a crucial and emerging field in the research of Industry 4.0

sustainability.
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Figure 2.4: Smart factory architecture with key elements and concepts related to
Industry 4.0. smart manufacturing systems.

2.3 Bibliometric Analysis

Bibliometric analysis is a well-known and commonly used research method in evidence-
based literature review studies and can support the systematic, quantitative assessment
of the structure, evolution, and intellectual content of scientific research areas [53].
Bibliometric analysis is used to support the empirical evaluation of the publication
growth trend, the dominant research themes, geographic and institutional research-
leading capacity, prominent author networks and the evolution of the research agendas

over time in the context of Industry 4.0 and smart manufacturing research.

In recent years, specialized bibliometric analysis software, such as VOSviewer, Bib-

liometrix, CiteSpace, and HistCite, have been used to visualize and analyze the struc-

32



Table 2.1: Key Industry 4.0 Technologies, Applications, and Research Evidence

Technology Major Ap- | Key Bene- | Representative References
plication fits
Internet of Things (IoT) | Real-time Reduced [6]1[71[8]1[9]
equipment | downtime,
monitoring | improved
visibility
Artificial Intelligence Predictive | Improved [10][11][15][16]
analytics, accu-
decision- racy, au-
making tonomous
operation
Machine Learning Predictive Early fault | [13][14][17][18]
mainte- detection,
nance, defect re-
quality duction
control
Digital Twin Virtual pro- | Reduced [12][32][33][34]
cess simu- | optimiza-
lation tion  risk
and cost
Cloud Computing Scalable Reduced [23][24][25][26]
data man- | IT cost,
agement improved
collabora-
tion
Big Data Analytics Production | Evidence- [27][28][29][30]
intelligence | based
decision-
making
Robotics Automated | Higher pro- | [20][21][36][37]
production | ductivity,
operations | improved
safety
Additive Manufacturing | Customized | Reduced [40][41][42]
component | tooling
production | cost, less
material
waste
Cyber-Physical Systems | Autonomous| Distributed | [43][44][45]
system co- | intelli-
ordination | gence,
resilience
Smart Factory Fully au- | Self- [46][47][48]
tonomous optimizing,
manufac- adaptive
turing 3p3roduction




Table 2.2: Comparative Analysis of Key Industry 4.0 Research Contributions

Author(s)

Technology Fo-
cus

Application Do-
main

Key Findings

Kagermann et al. [1] Industry 4.0 | Strategic manu- | Defined Industry
framework facturing 4.0 strategic
roadmap for
Germany
Lee et al. [2] Cyber-Physical Smart manufac- | CPS  architec-
Systems turing ture  improves
automation and
monitoring
Tao & Zhang [7] Digital Twin Shop-floor man- | Digital Twin
agement enhances  sim-
ulation and
optimization
Monostori [§] CPS production | Autonomous co- | CPS enables
systems ordination distributed
autonomous
manufacturing
Zhong et al. [5] Intelligent manu- | Industry 4.0 con- | Integration bene-
facturing text fits across multi-
ple technologies
Xuetal. [6] Industry 4.0 state | Manufacturing Comprehensive
of art industry review of In-
dustry 4.0
development
Frank et al. [17] Technology im- | Manufacturing Identified dom-
plementation companies inant  adoption
patterns by com-
pany size
Oztemel & Gursev [25] | Literature review | All Industry 4.0 | Comprehensive
areas taxonomy of
Industry 4.0
technologies
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tural properties of Industry 4.0 research literature [54]. They create the graphically
visualized networks of keywords, which helps to find thematic clusters; research co-
authorship networks mapping the research collaboration patterns between institutions
and countries; and citation networks that identify which foundational works are the

most influential.

The bibliometric analysis of the research literature on Industry 4.0 confirms a dramatic
and constant growth in the number of publications over the last 10 years [55]. Significant
publishing has developed around the earliest major publication of the Industry 4.0
concept around 20132014, after it was formally defined at the Hannover Messe in 2011
and was published as a report by the Industrie 4.0 working group, led by Kagermann et
al., in 2013. Since then, the number of publications has increased at an ever-accelerating
pace, and the interest from the academic research and industry communities around the

world has increased at an even faster pace.

As seen from the keyword frequency analysis research results, the keywords that ap-
peared in the Industry 4.0 research corpus with high frequencies and strong relationships

99 ¢¢

are “Industry 4.0,” “smart manufacturing,” “Internet of Things,” “artificial intelligence,”

29 ¢¢

“machine learning,” “cyber-physical systems,” “Digital Twin,” “Big Data Analytics,”
“Cloud Computing,” and “Sustainable Manufacturing” [56]. Such high centrality of
these terms in keyword co-occurrence network visualization further confirms their role

as central conceptual pillars of the Industry 4.0 research domain.

Based on the number of publications, the analysis of geographic research contribution
shows that Germany, China, the United States, Italy, the United Kingdom, and South
Korea are the top contributors to the research literature related to Industry 4.0 [57].
Germany’s leadership is in line with its country of origin for the Industry 4.0 con-
cept and the long-standing manufacturing engineering research and academic-industry
partnerships in the German manufacturing landscape. This increase in the Chinese con-

tribution highlights the key role of research and development in smart manufacturing
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projects and their national industrial strategy initiatives by the Chinese government.

Citation network analysis is used to highlight a set of highly influential foundational
papers that have influenced the theoretical and conceptual elaboration of the research
field on Industry 4.0 [58]. All papers published by Kagermann et al. (2013), Lee et al.
(2015), Lasi et al. (2014), and Lu (2017) are consistently cited as foundational works,
as they have introduced key enabling technology frameworks and developed research

agendas that have been built upon by subsequent researchers.

Temporal bibliometric analysis shows the changes in research interest in the Industry

4.0 field over time [59]. Initially, studies were largely concentrated on conceptual
framework development and technology identification. The following research stages
have been increasingly moving toward empirical implementation studies, performance
impact assessment, implementation challenge analysis, and application research on the
industry. Research trends are more recent and feature increased interest in integration
into sustainability, cybersecurity issues, barriers for SME adoption, and advanced

applications of autonomous manufacturing.

Emerging clusters of keywords and recent publication trends based on future research
trajectories suggest that autonomous manufacturing systems, integration of edge com-
puting with IoT platforms, 5G-enabled industrial communication networks, blockchain
supply chain applications, advanced human-robot collaboration frameworks, and Al-
enabled sustainable manufacturing will be key research growth areas in the future [60].
The trends identified are a natural progression of the field as the foundational Industry
4.0 technologies become more advanced and researchers and practitioners focus on

more complex and integrated uses.
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Bibliometric Analysis of Industry 4.0 & Smart Manufacturing Research

A quantitative overview of research trends, key themes, leading contributors, and future directions
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Figure 2.5: Bibliometric analysis of Industry 4.0 and smart manufacturing research
illustrating publication growth trends, keyword co-occurrence networks, geographic
research contributions, influential foundational papers, evolution of research focus, and
emerging future research directions in advanced manufacturing technologies.

2.4 Smart Manufacturing and Predictive Maintenance

In both scientific research and industrial practice, predictive maintenance is one of the
most valuable and strategically important uses of Industry 4.0 technologies in manufac-
turing systems [15][16]. According to estimates, the unplanned loss of manufacturing
equipment contributes to the loss of hundreds of billions of dollars each year worldwide
for these industries—placing maintenance management as a high priority for improving

the performance of manufacturing systems with smart manufacturing technologies.

Traditional maintenance management systems have traditionally been employed follow-
ing two different paradigms: reactive maintenance, where maintenance is scheduled

after the equipment becomes faulty, and preventive time-based maintenance, where
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time-based maintenance interventions are carried out irrespective of the condition of
the equipment. These two methods have significant inefficiency costs associated with
them. The reactive maintenance brings unplanned production downtime, damages to
the secondary equipment, safety incidents, and premium costs for emergency repairs.
Preventative time-based maintenance causes an unneeded amount of maintenance la-
bor and parts cost for equipment that is still in good working order and cannot prevent

failures that occur earlier than their expected date.

Predictive maintenance systems based on Industry 4.0 concepts are a truly better ap-
proach to maintenance as they continuously monitor the true condition of the manufac-
turing equipment through the use of distributed IoT sensor networks and use machine
learning algorithms to detect the emerging fault signatures before they cause any func-
tional failure [55]. This condition-based approach allows maintenance interventions
to be required at optimum times—just in time to stop parts from failing in function
but just after the time they have performed their function to the fullest extent to ensure
maximum useful life from parts and to minimize unnecessary preventive maintenance

expenditure.

A smart manufacturing environment’s predictive maintenance system usually con-
sists of several complementary elements [16][17]. A variety of equipment condition
indicators such as vibration spectra, acoustic emission, temperature distribution, oil
contamination levels, electrical signature characteristics, process output quality param-
eters, etc. are measured by distributed IoT sensors. Edge computing nodes carry out
initial data processing and feature extraction at or in the vicinity of the measurement
point, thereby lowering the communication bandwidth requirements and achieving fast

detection of anomalies in the local area.

Studies have shown that suitable application of predictive maintenance systems can
provide significant and quantifiable operational benefits in a variety of manufacturing

environments [15][16]. In manufacturing industry implementations, reductions in
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unplanned downtime of 20 to 50 percent, reductions in total maintenance costs of 10 to
30 percent, and improvements in overall equipment effectiveness of 5 to 15 percentage
points have been documented. The performance improvements immediately correlate
to lower production costs, better delivery, more consistent product quality, and greater

manufacturing competitiveness.

2.5 Sustainability in Smart Manufacturing

The intersection of Industry 4.0 and manufacturing sustainability represents a research
and practice domain of growing strategic importance as manufacturing organizations
face increasing pressure to demonstrate environmental responsibility alongside eco-
nomic performance [49]. Encompassing direct operational sustainability improvements
enabled by IoT monitoring and Al optimization, as well as more fundamental business

model and value chain transformations enabled by digital manufacturing platforms.

IoT-enabled energy monitoring systems provide manufacturing organizations with gran-
ular, real-time visibility into energy consumption patterns across their facilities and
individual processes [50]. Studies consistently demonstrate that manufacturers who
deploy comprehensive loT-based energy monitoring systems achieve energy consump-
tion reductions of ten to thirty percent through systematic elimination of identified

waste sources.

Machine learning algorithms applied to production scheduling and process optimiza-
tion can significantly reduce material waste generation and energy consumption per unit
of production output [51]. By optimizing production sequencing to minimize scrap-
generating setup transitions, identifying process parameter combinations that maximize
first-pass yield rates, and scheduling energy-intensive processes during low-tariff pe-
riods, Al-based optimization systems create measurable environmental and economic

co-benefits.
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The circular economy applications of Industry 4.0 technologies represent a particularly
important and transformative dimension of manufacturing sustainability [52]. Digital
product tracking systems enabled by IoT and blockchain technologies support efficient
product take-back and component recovery at the end of the product’s life. Advanced
remanufacturing processes supported by Al-based quality assessment and digital twin
simulation can restore used components to as-new specifications at substantially lower
energy and material cost than producing new components, reducing both resource

consumption and waste generation across the product lifecycle.

2.6 Implementation Challenges

The wide and deep scope of implementation obstacles encountered when implementing
Industry 4.0 in manufacturing environments is well documented in the research liter-
ature [26][27]. They cover technical, organizational, financial, and human resources
aspects, and solutions have to be coordinated and strategic across several organizational

functions to be effective and sustainable in the production of smart manufacturing.

Perhaps the most important and rapidly changing technical problem in the process of
smart manufacturing implementation is cybersecurity [25]. The wide range of con-
nectivity that allows Industry 4.0 systems to collect, share, and react to operational
information creates new opportunities for the introduction of attacks, industrial espi-
onage, ransomware, and supply chain compromise, exposing manufacturing systems to
the dangers of cyberattacks. Historically, manufacturing organizations were protected
from cyber threats by separating their operational technology (OT) networks from
their information technology (IT) networks, but this network segmentation in Industry

4.0 is being broken, leaving manufacturing organizations vulnerable to all aspects of

enterprise cybersecurity risks.

An important barrier, especially for smaller manufacturing organizations, is the high
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implementation cost [27][28]. Each of these initiatives—from the comprehensive [oT
sensor network, high-performance computing platforms, complex Al and analytics
software solutions, industrial communication network upgrades, and staff reskilling
efforts—is a significant capital and operating expenditure commitment. The business
case for investment in Industry 4.0 is positive over the medium and long term, but
it is important to understand the financial aspects of the investment and plan the

implementation with a staged approach to manage cash flow and investment risk.

Workforce adaptation challenges are related to the fundamental transformation of the
skills, knowledge, and work practices needed in a smart manufacturing environment
compared to the traditional manufacturing operation [29][30]. The skills that workers
need to grow include understanding the output of data analytics, working with Al-based
decision-making systems, ensuring that complex networked equipment is working and
troubleshooting it, and applying continuous improvement techniques in environments
where there is a lot of data. To develop these competencies, sustained investments in

training programs and in the organizational learning infrastructure are needed.

Real-world manufacturing environments are often characterized by a variety of man-
ufacturing equipment, control systems, communication protocols, and data formats,
which leads to data interoperability challenges [31]. The equipment from various
vendors and various generations of technology may use proprietary communication
protocols and data formats incompatible with the standard architectures of the IoT
platforms. To achieve seamless data integration across this heterogeneous equipment
landscape, a considerable amount of integration engineering work is required, and

usually a custom data translation and protocol bridging solution must be developed.

One of the often-overlooked, yet real, obstacles in Industry 4.0 transformation journeys
is organizational resistance to change [33][34]. Resistance to digital transformation
efforts can come from employees and middle management with extensive experience

in traditional manufacturing processes who are unwilling to adapt to new workflows
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and decision-making procedures, as they may feel the changes might impact their job
roles and authorities. The key to surmounting organizational resistance is to undertake
effective organizational change management that communicates the purpose behind
the changes, gets the buy-in of senior leaders, and engages impacted employees in the

planning process for change implementation.

2.7 Future Directions of Industry 4.0

The development direction of Industry 4.0 in smart manufacturing is being formed by
several cross-cutting technologies, which will be able to further push the capabilities
and scope of intelligent manufacturing systems [35][36]. The new technologies will be
based on the Industry 4.0 infrastructure already implemented in the top manufacturing
companies, leading to even more capable, autonomous, and sustainable production

environments.

Edge computing is becoming an important supporting technology for the cloud-based
smart manufacturing platforms [36]. Edge computing systems, which place the data
processing and analytical intelligence in the immediate vicinity of the manufacturing
equipment, have the extremely low latency needed for real-time control applications
and also reduce the bandwidth needs and cloud processing expenses of sending all
data from the sensors to central systems [37]. Edge intelligence systems for real-time
control, when integrated with cloud intelligence for wider operational analysis, will
establish a hierarchical computing structure, which is suitable for the requirements of

smart manufacturing.

Industrial wireless communication networks will be revolutionized by 5G networks with
their ultra-low latency, massively scaled device connectivity, and extremely high band-
width in manufacturing environments [38]. These have enabled new classes of smart

manufacturing applications, such as real-time wireless control of precision manufactur-
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ing processes, high-bandwidth video-based quality inspection, massive deployments of
IoT sensors, and remote expert support systems that could not be implemented using

previous wireless communication technologies [39].

It is suggested that blockchain technology could serve as the basis for trustworthy
supply chain traceability and transparency in multi-party manufacturing processes [40].
Blockchain-based supply chain platforms provide a shared, unalterable, and verifiable
record of the material’s provenance, processing history, quality certifications, and
custody transfers that can be accessed and verified by all authorized interdependent
supply chain participants, without any trust in a central authority [41]. The capability
helps companies meet regulatory requirements, protect against counterfeit items, and

ensure transparency in the supply chain in various industrial sectors.

As Al increases in proficiency and the technology of robots and sensors develops fur-
ther, more and more autonomous manufacturing systems will become sophisticated
and commercially applicable [42][43]. The ultimate destination of the Industry 4.0
technology curve is manufacturing facilities that can function independently for ex-
tended periods without the need for human intervention, are dynamically adaptable to
changing production requirements, and can continuously self-evolve their own produc-
tion processes by means of operational learning. The manufacturing industry seems to
be determined to achieve full autonomy of manufacturing, but it is already possible to

make large steps by using the technologies available today.

Green manufacturing and industrial sustainability will be an ever more important
research and practice focus in the context of Industry 4.0 with the increasing intensity
of climate change requirements and the increasing pressure of regulatory, market, and
investor interest concerning manufacturing sustainability performance [44][45]. The
future smart manufacturing systems will enable more and more complex functions in
order to optimize environmental performance with economic performance and will

enable manufacturing environments that are more productive, more flexible, and more
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sustainable than ever before.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

Industry 4.0 technologies are robust enough to improve the sustainability of the man-
ufacturing process by improving energy efficiency, materials used, waste generation,

water consumption, and GHG emissions.

The research methodology was designed to conduct a systematic review of the Industry
4.0 literature, provide rigorous treatment of the collected evidence, and ensure trans-
parency of the analytical procedure used in order that research conclusions would be
well grounded in the evidence available and that the research process would be repeat-
able by other researchers. The multi-method approach, which integrates the literature
review, the bibliometric assessment, and the comparative evaluation, offers comple-
mentary views that together would deliver more comprehensive and solid results than

any of the methods would alone.

3.2 Research Design

The research method is an exploratory and descriptive research design that is appro-
priate for synthesizing knowledge in a complex research field and still in development.

The prevailing research objective of the research design is to give the state of the art
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of Industry 4.0 technologies, the use of Industry 4.0 technologies in smart manufac-
turing, the measurable effects of Industry 4.0 technologies, and the challenges for the

implementation and further development of Industry 4.0 technologies.

Three complementary analytical components are included in the research design: sys-
tematic literature review as main evidence base, by critically analysing high-quality
published research; bibliometric analysis, which provides a quantitative characteriza-
tion of the research landscape structure and evolution; and comparative technology as-
sessment, which is a structured framework to evaluate and compare the characteristics,
capabilities, and implementation requirements of different Industry 4.0 technologies.
The three components are combined so as to give a multi-dimensional analysis to meet

the research objectives comprehensively.

3.3 Data Collection Method

Using well-designed search constructs, systematic retrieval of research papers was
done from Scopus, Science Direct, SpringerLink, IEEE Xplore, Wiley Online Library,
and Google Scholar databases for the major technological and application areas of
Industry 4.0 in the field of smart manufacturing. Combinations of the main terms
listed were used in database searches: Industry 4.0, smart manufacturing, industrial
Internet of Things, artificial intelligence manufacturing, machine learning predictive
maintenance, digital twin manufacturing, cyber-physical systems, cloud manufacturing,
big data manufacturing analytics, additive manufacturing Industry 4.0, collaborative

robotics, sustainable smart manufacturing, and smart factory.

To ensure quality and relevance of the evidence base, the inclusion and exclusion
criteria were used, with clearly defined criteria for selection of research papers in the
systematic literature review. The following criteria were used to select papers: they

must have been published in peer-reviewed academic journals or in the proceedings of
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well-known conferences; be written in English; be published in the last 5 years (recent
papers, since 2015 preferred); and be directly related to technologies for Industry 4.0,
smart manufacturing projects, or closely related research areas. The papers that were
not accompanied by methodological rigor, did not report research contributions, and/or

did not discuss topics beyond the scope of research themes were not included.

The systematic search process resulted in the identification of an initial pool of more than
300 potentially relevant publications. After abstract screening for relevance and full-
text review for quality and contribution, over sixty high-quality research publications
were chosen for detailed analysis and synthesis. This final corpus is a representative
and balanced sample of the high-quality literature in the research field of Industry 4.0,
covering the main technology fields, application areas, and research themes considered

in this study.

3.4 Bibliometric Analysis Procedure

The available literature on Industry 4.0 was analyzed using the appropriate bibliometric
methods in a systematic way to describe the structure and evolution of the available lit-
erature. Structured and comprehensive bibliometric data such as the author affiliations,
the number of citations, publication date, lists of keywords, and journal information
are available for research papers in the field of Industry 4.0 and smart manufacturing

in the databases Scopus and Web of Science.

The bibliometric data extracted were then used to create three networks (keyword
co-occurrence network, author co-authorship network, and institutional collaboration
network) and visualized by VOSviewer software. To identify pairs of keywords that fre-
quently appear together in paper abstracts and titles, one can use keyword co-occurrence
analysis, which can reveal thematic clusters and/or conceptual relationships in the exist-

ing research literature that may not be obvious from the qualitative reading, or provide
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information on pairs of keywords that tend to co-occur. The author and institutional
collaboration network analysis is used to determine the collaborative links between in-
dividual researchers and research institutions that have collaborated in published work

in the same field.

To understand the time trend of the publications per year, the growth of the research
activity related to Industry 4.0 was analyzed. To determine the geographical distribution
of research leadership in the field, the contribution analysis was carried out at the country
level. The analysis at the journal level identified the most accurate and influential
journals about Industry 4.0, which will be used to draw conclusions for future literature

monitoring and to guide the development of search strategy.

3.5 Comparative Technology Analysis Framework

A comparative technology analysis framework was designed and implemented in a
structured manner to systematically assess and compare the most relevant Industry 4.0
enabling technologies from various assessment perspectives. The comparison covers
aspects of technological maturity, manufacturing range of application, main perfor-
mance advantages, main implementation challenges, scalability properties, investment

needs, and complementarity of the technologies with other Industry 4.0 technologies.

A comparative analysis was carried out by systematically extracting and synthesizing
the relevant information from the literature review corpus for each technology and for
each of the assessment dimensions and then organizing and presenting the information
in comparative tables and analytical narratives, which allows direct comparison between
the different technologies. This is a structured approach that ensures consistency and
the thoroughness of the comparative analysis and offers a valuable reference framework

for manufacturing practitioners considering the priority of technology investment.
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3.6 Sustainability Assessment Methodology

The sustainability footprint of Industry 4.0-enabled smart manufacturing systems has
been evaluated from a multi-dimensional perspective of energy efficiency improve-
ments, material waste reduction, impacts of greenhouse gas emissions, water use
reduction, and enabling a circular economy. Relevant evidence for each sustainability
dimension was retrieved from the systematic literature review corpus, and the charac-
teristics of the typical magnitude and nature of sustainability improvements for these

dimensions were synthesized when deploying smart manufacturing technology.

The reviewed research publications were gathered, and quantitative sustainability per-
formance data were extracted and consolidated in order to derive empirical benchmarks
for the sustainability gains that Industry 4.0 technologies and applications offer. When-
ever a sufficient amount of empirical data was available, range estimates and central
tendency estimates of sustainability performance improvements were obtained from

the reviewed studies in order to provide concrete performance benchmarks.

3.7 Limitations of the Research Methodology

The research approach used in this study was systematic and rigorous but has its own
inherent limitations, which should be taken into consideration when interpreting the
research findings, qualitative and analytical in nature. Published academic literature is
identified as the main source for evidence, which can lead to a lack of representation
of implementation experiences and performance outcomes that are not published in
peer-reviewed literature. Implementations with commercial sensitivity or that have

failed to work are especially likely to not appear in the published literature.

Technology and Industry 4.0 technologies are continuously changing, and some of

the research results, especially those on the technology capabilities and performance
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properties, are undergoing rapid changes as the technologies develop and the manufac-
turing implementations get closer. Readers are reminded that the evidence reviewed
and synthesized is up to the date of the literature review and that conclusions may be

altered or expanded as a result of subsequent developments.

The biases of geographic and sectoral coverage of the Industry 4.0 research literature
may mean that the results from this literature are more applicable to manufacturing in-
dustries in technologically advanced economies and larger manufacturing organizations
than to manufacturing industries in emerging economies and smaller manufacturing
organizations. Such potential biases must be taken into account when translating re-
search findings into the manufacturing context that may be quite different from that of

the primary research.

Research Methodology Framework for Industry 4.0 & Smart Manufacturing

A multi-method approach integrating systematic review, bibliometric analysis, and comparative evaluation
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Figure 3.1: Research methodology framework for Industry 4.0 and smart manufacturing
research illustrating the integration of systematic literature review, bibliometric analysis,
comparative technology assessment, data collection procedures, analytical methods,
and sustainability evaluation for comprehensive evidence-based analysis.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Effect of Industry 4.0 on the Efficiency of Manufac-
turing

The detailed literature review revealed that Industry 4.0 technologies offer significant
evidence of improvement in various aspects of manufacturing efficiency, with the
results being both consistent and compelling. Results from multiple studies across
various industrial areas, geographic locations, and organizational environments provide
even more confidence in the overall strength and generalizability of the efficiency

improvement conclusions.

The reviewed studies consistently show that productivity of manufacturing, defined as
units of production output per unit of work, capital or time input, improves in one
way or another after the introduction of Industry 4.0 technologies. Combining the use
of Al for process optimisation, automated quality inspection, predictive maintenance
systems and intelligent production scheduling yields cumulative productivity gains that
are far more than can be delivered through any one of these technologies alone. Studies
show a productivity increase of 15 to 40 percent for manufacturers that use multiple

technologies across the entire scope of Industry 4.0 [28][29].

The improvement of product quality is one of the most stable and economically relevant
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results of the implementation of Industry 4.0, as highlighted in the literature. Al-
based automated quality inspection has a greater sensitivity and consistency to detect
defects than human inspectors, especially when dealing with high-speed production
lines. Conventional SPC methods identify process deviations later and corrective
action is taken later than real time statistical process control systems. Predictive
maintenance systems help avoid quality failures due to equipment degradation. All
of these quality management enhancements result in lower defect rates, rework costs,
warranty claims, and customer return frequencies providing direct economic benefits

and competitiveness [30][31].

In Industry 4.0-supported manufacturing environments, manufacturing flexibility in-
creases significantly, referring to the capability to quickly and economically adjust
manufacturing operations to new product specifications, production volumes, and cus-
tomer needs. Al-based adaptive control systems in intelligent robotic systems can be
quickly reconfigured for new product variants, without resorting to a lot of manual re-
programming. Virtual commissioning and fast process development for new products,
via digital twin systems, decreases time to production. A cloud manufacturing resource
allocation system can realize the dynamic balance of production capacity in a flexible

manufacturing network [32][33].

For manufacturing companies, energy efficiency gains from energy monitoring via the
IoT and energy production optimization via Al are an environmental sustainability gain
and a cost-cutting measure. Researchers have found that manufacturers that have im-
plemented an all-encompassing loT energy monitoring and Al scheduling optimization
solution have been able to save up to 10 percent to 30 percent in energy usage [34][35].
The energy savings can lower operating expenses, enhance environmental compliance

measures, and help meet the ever-tightening industrial energy efficiency regulations.

52



4.2 Predictive Maintenance Performance Analysis

When it comes to smart manufacturing adoption, the implementation of predictive
maintenance based on IoT condition monitoring and machine learning analytics con-
sistently provides the most immediate, measurable, and economically valuable returns
on investment from Industry 4.0, thereby earning the consistent high priority that man-
ufacturing organizations place on predictive maintenance in their smart manufacturing
adoption roadmaps. Case studies on the performance benefits of predictive mainte-
nance compared to other maintenance strategies have been shown for a wide range of

manufacturing equipment types and production scenarios.

The biggest economic benefit driver for investing in a predictive maintenance system is
unplanned equipment downtime reduction. Research has shown that once a predictive
maintenance system is implemented successfully, unplanned downtimes can be low-
ered by up to fifty percent, which depends on the quality of the baseline maintenance
strategy, the criticality profile of the equipment, and the thoroughness of the implemen-
tation [15][16]. These downtime reductions can pay for the investment in a predictive
maintenance system in one to three years, depending on the equipment’s value and the
consequences of downtime for large production equipment such as machining centers,

injection molding machines, and continuous process machines.

In the literature, ten to thirty percent of the total maintenance cost reduction—meaning
costs of labor and parts—is reported for successful predictive maintenance implemen-
tation [55]. The cost reductions are related to the avoidance of unnecessary preventive
maintenance interventions for equipment still in good condition, lower premiums for
emergency repairs, increased service life for components due to earlier detection of
faults and directed maintenance, and lower costs for secondary damages due to earlier

intervention before complete development of failure.

In comprehensive studies to implement exhaustive predictive maintenance and smart
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monitoring systems, overall equipment effectiveness (OEE) enhancements are reported
between five and fifteen percentage points [28][29]. OEE improvement is the result
of the combined effects of equipment downtime reduction, process performance opti-
mization, and prevention of equipment condition deterioration contributing to quality
degradation. OEE benefits directly manifest as higher production capacity utilization,

lower unit production costs, and higher delivery performance.

Table 4.1: Performance Improvement Benchmarks Through Industry 4.0 Implementa-

tion

Performance Typical Improvement Range | Primary References
Metric Enabling Tech-

nology
Unplanned 20-50% Predictive [15][16][55]
Downtime Re- Maintenance /
duction IoT /ML
Overall Equip- | +5—15 percentage points Smart Monitor- | [28][29]
ment Effective- ing / Al Opti-
ness mization
Product Defect | 30-70% Al Inspection / | [18][19][20]
Rate Reduction SPC / Digital

Twin
Energy  Con- | 10-30% IoT Monitoring / | [50][51]
sumption Al Scheduling
Reduction
Manufacturing 15-40% Full Industry 4.0 | [28][29]
Productivity Integration
Increase
Maintenance 10-30% Predictive [15][16]
Cost Reduction Maintenance /

ML
Supply  Chain | 15-35% IoT Tracking / | [23][24]
Inventory  Re- Al Forecasting
duction
Time-to-Market | 20-50% Digital Twin / | [33][40]
Reduction Additive Manu-

facturing
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4.3 Supply Chain Optimization Results

In this context, Industry 4.0 technologies have revolutionized SCM from a reactive
to an experience-based to a proactive and data-driven to an increasingly autonomous
operational field [29][30]. The ability to track products with IoT, to have a cloud-
based supply chain management platform, and to use Al algorithms for forecasting and
optimization makes a supply chain much more efficient, responsive, and resilient than

a traditionally managed supply chain.

Optimization of inventories is one of the most economically valuable improvements of
the supply chain brought about by the implementation of Industry 4.0 [31][32]. This
means that a lack of information along the supply chain and the need to carry excessive
safety stocks as a buffer against uncertain supply and demand are eliminated. Demand
forecasting algorithms using Al have been able to reach a level of accuracy far greater
than traditional statistical forecasting techniques by combining a wide variety of data
sources such as point of sale (PoS) data, economic indicators, social media trends, and
seasonal data—which allow for the corresponding reduction of safety stocks without

compromising service levels.

Improvements in the supply chain that can be made with technology from Industry
4.0 are becoming more visible and appreciated, especially in the current challenging
situation of the global supply chain. Real-time supply chain monitoring systems can
help manufacturing organizations have more time to create and execute mitigation
strategies because they can detect potential supply disruptions earlier. Systems based
on artificial intelligence (Al) can quickly assess and recommend alternative sourcing,
routing, and manufacturing options when they sense a disruption, thus minimizing the

frequency and impact of disruptions on manufacturing operations [23][24].

The application of [oT tracking, Al route optimization, and smart warehouse manage-

ment systems significantly helps in cutting supply chain costs and enhancing services
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[22]. As dynamic routing algorithms take into consideration real-time traffic, weather,
and delivery constraint data; transportation costs are reduced, and delivery reliability
is enhanced. Automated warehouse management systems that feature robotic picking
technology boost the accuracy and speed of order fulfillment, minimize labor expenses,

and decrease the risk of ergonomic injury.

4.4 Sustainability Performance of Smart Manufactur-
ing

However, to date, the sustainability advantages of smart manufacturing systems are well
documented in the research literature and offer an increasing empirical basis in both
quantifying the environmental performance advantages of Industry 4.0 adoption and
demonstrating its well-established economic and operational advantages [33][34]. The
evidence has proven that smart manufacturing technologies can make significant con-
tributions to the improvement of manufacturing sustainability in various environmental

performance aspects.

The energy efficiency gains are the most consistently reported and easily measurable
sustainability gains from the adoption of SM [35][36]. Energy monitoring systems
based on IoT give the visibility needed to pinpoint where energy is being lost and
confirm energy-saving efforts; energy-saving algorithms based on Al and production
scheduling optimize the use of energy resources to systematically cut energy use per
unit of production output. Monitoring transparency and the optimization of intelligence

are a strong basis for ongoing energy performance improvement.

Smart manufacturing technologies have benefits for both environmental and economic
sustainability due to material waste reduction [33][34]. Deviations in processes can
be detected earlier and more reliably by real-time quality monitoring systems than by

traditional systems, minimizing the amount of out-of-specification product produced
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prior to process correction. Advanced process control systems hold process parameters
inside more narrow limits, which minimizes scrap production as well as rework man-
hours needed to salvage the near-conforming product. Predictive maintenance systems
avoid failures in quality caused by degradation of the equipment, which results in

material waste and reprocessing energy.

While an important and growing aspect of manufacturing sustainability, besides op-
erational efficiency improvement, is the contribution of Industry 4.0 technologies to
the implementation of circular economy business models [52]. By leveraging Internet-
of-Things (IoT) tracking and blockchain technology, digital product passport systems
provide full product lifecycle data for efficient product take-back and component reuse
assessment and material recovery at the end of product life. The new products are
often valued more with reduced environmental impact than through recycling, due to
the advanced remanufacturing processes and the role of Al technology in condition

assessment and restoration based on digital twins.

4.5 Discussion and Synthesis

The research results reported in this chapter are consistent with the theoretical approach
that was drawn from the literature review and give a coherent and empirically based
picture of the transformative effect of Industry 4.0 technologies on smart manufacturing
systems. The improvements in performance across various manufacturing settings and
levels of organization and different approaches to the implementation of Industry 4.0
have been consistently documented, bringing strong evidence to the strategic benefits

of the implementation of Industry 4.0.

The cross-technology analysis highlights key synergies between the technologies that
can be used in Industry 4.0, which further increase the impact that can be gained

as a result of the implementation. The data is the foundation of machine learning
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Table 4.2: Comparative Analysis of Industry 4.0 Technologies for Smart Manufacturing

Technology Primary Key Chal- | Maturity Level
Benefits lenges

IoT / Industrial Sensors | Real-time Cybersecurity, | High—widely deployed
monitoring, interoperabil-
predictive ity
maintenance

Artificial Intelligence Intelligent Data quality | Medium-High
decision- requirements,
making, model inter-
optimization | pretability

Machine Learning Predictive Training data | Medium-High
analytics, requirements,
anomaly expertise
detection

Digital Twin Virtual simu- | Implementatiorf Medium
lation, risk re- | complexity,
duction data synchro-

nization

Cloud Computing Scalability, Data privacy, | High
collabora- connectivity
tion, cost | dependence
reduction

Big Data Analytics Evidence- Data  man- | Medium-High
based deci- | agement
sions, pattern | infrastruc-
discovery ture, skills

Collaborative Robotics | Flexible High initial | Medium-High
automation, investment,
safety programming

complexity

Additive Manufacturing | Customization,| Speed, mate- | Medium
design free- | rial range lim-
dom, waste | itations
reduction

Blockchain Traceability, | Scalability, Low-Medium
supply chain | integration
transparency | complexity

Edge Computing Low-latency | Standardizatior],Low-Medium
processing, management
bandwidth complexity
efficiency
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models and is provided by IoT sensor systems. Digital twin systems add meaning to
IoT monitoring data by adding physical context and causal modeling. The analytical
infrastructure needed to leverage Al and big data analytics at operational scale is
provided by cloud computing. Combining these complementary capabilities produces

system-level capabilities that are much greater than the sum of their parts.

The implementation challenge analysis shows that, apart from developing technical
infrastructure, the important factors that should be taken care of for successful adoption
of Industry 4.0 are organizational, human resource, and governance. Organizations
that see the biggest and most persistent benefits from Industry 4.0 investments are those
that invest in technical implementation but also make investments in comprehensive
workforce development, robust cybersecurity governance, effective change manage-
ment, and patiently commit to continuous digital transformation. However, technology
alone is not enough; the value that can be achieved from the investment depends on the

organizational context in which technology is being utilized.

The sustainability analysis proves that the technologies used in Industry 4.0 produce true
and tangible environmental performance improvements alongside their economic and
operational gains. The complementarity of economic and environmental performance
is significant for strategic decision-making: this is because smart manufacturing adop-
tion organizations that are implementing for economic and competitive reasons also
make progress towards sustainability goals without investing in sustainability-specific
projects. The co-benefit aspect of productivity, efficiency, and sustainability in smart
manufacturing systems is an important and overlooked aspect of the Industry 4.0 value

proposition.
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Impact of Industry 4.0 Technologies on Manufacturing Performance
4.1 Effect of Industry 4.0 on the Efficiency of Manufacturing 4.2 Predictive Maintenance Performance Analysis
Industry 4.0 technologies consistently improve multiple dimensions of manufacturing Predictive maintenance based on loT condition monitoring and machine learning
y across i ies and izati contexts. provides the highest and most i iate returns in smart ing.
o Al-driven optimization, automated quality = i 5 Up to
PO rosciiny  LITETETITINT 15-40% Unplaned Downtime Reduction o
l Improvement intelligent scheduling deliver cumulative Productivity Predictive maintenance enables early fault detection o
1] 0 productivity gains. Increase and timely intervention, significantly reducing Reduction in
unplanned equipment downtime. Downtime
% Al-based Inspection, real-time SPC, and _ENY
@ Quality prodictive maintenance reduce defocts, 10-50% Maintenance Cost Reduction 10-30%
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Na Enhancement rework, and warranty claims, mmproving m‘:"‘t" Lower labor and parts cost, fewer emergency repairs, 3
product quality and consistency. foct Rates. longer component life, and avoidanca of secondary Reduction in Total

damage result in substantial cost savings. Maintenance Cost
" . Adaptive robotics, digital twins, and cloud 20-35%

enable rapid ; . ;
Flexibility 10 new products, volumes, and customer Improvement in Overall (oeg) 5-15
requirements. Changeover Time Combined impact of less downtime, better performance, Percantage Points

3

bo I

and improved quality leads to higher OEE and wroatage s
T productivity.
IoT energy monitoring and Al-based _209 rease
Energy scheckiing optimics enegy Coneumption 10-30%
Efficiency and reduce operational costs and Energy Sevings
environmental impact Swving

Life & 1 5 -2 5%
Condition-based maintenance reduces wear and tear,
prolongs equipment life, and improves operational
reliability and safoty.

o

Increase in
Equipment Life

ble 4.1: Performance Improvement Benchmarks Through Industry 4.0 Implementation
2 Traditional Manufacturing Industry 4.0 Enabled z : -
Performance Dimension Key Metrics sbeceing M dectiing Improvement Range Primary Enabling Technologies

4 " * ” = Al optimization, Intefligent scheduling,

il Productivity Output per labor hour Base (100%) 115 - 140% 15% - 40% 4 gy

Q Quality Defect rate reduction Baso (100%) 90 - 50% 10% -50% ¢ Alinspaction; Resl-tme SPC, Predictive
maintenance

P i i Digital Twin, Adaptive robotics.

G Flexibility Changeover time reduction Base (100%) 65 - 80% 20%-35% & Chud manclaction

'g Energy Efficiency Energy consumption reduction Base (100%) 70 - 90% 0% -30% & IoT monitoring, Al energy optimization

}; Maintenance Performance Unplanned downtime reduction Base (100%) 50 - 100% Upto50% ¢ loT sensors, ML analytics, Predictive
maintenance

'?“) all Equi & (OEE) OFE Base (100%) 105 - 115% 5-15pp ' Predictive maintenance, Process optimization,

H O Real-time monitoring

/ Industry 4.0 ogies deliver across productivity, quality, flexibility, energy efficiency, and maintenance performance,
@ leading to higher competitiveness, lower costs, and sustainable manufacturing

Figure 4.1: Evolution of manufacturing performance and effectiveness of Industry 4.0
technologies, such as Al IoT, machine learning, automation, and smart monitoring sys-
tems, in terms of productivity gains, quality improvements, manufacturing flexibility,
energy efficiency, predictive maintenance performance, and OEE.
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CHAPTER 5

CONCLUSION, FUTURE SCOPE, AND SOCIAL

IMPACT

5.1 Conclusion

This research has systematically and comprehensively studied the Industry 4.0 technolo-
gies in smart manufacturing systems, covering their technological enabling features,
reported operational benefits, implementation hurdles, and their contribution to sustain-
ability by critically synthesizing the international research literature and bibliometric

research field analysis.

The evidence repeatedly shows that Industry 4.0 technologies can bring transformative
and measurable gains in the entire value chain of manufacturing performance dimen-
sions. The performance improvement ranges that have been empirically proven with
comprehensive Industry 4.0 implementation are 15- to 40-percent productivity gains,
20- to 50-percent unplanned downtime reductions, 30- to 70-percent product defect
rate reductions, ten to 30 percent energy consumption reductions, and fifteen to 35
percent supply chain inventory reductions. The gains overall make manufacturing
systems significantly more competitive, efficient, and sustainable than their traditional

counterparts.

The study validates the fact that the enabling technologies of Industry 4.0, such as
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IoT, artificial intelligence, machine learning, cloud computing, digital twin systems,
autonomous robotics, additive manufacturing, big data analytics, and cyber-physical
systems, are most effective when they are used as a technological ecosystem as opposed
to standalone technologies. These relationships between technologies enable system-
level features and performance at a level that is significantly higher than can be attained
with the use of any single technology, and thus, technology integration becomes an

important success factor for smart manufacturing adoption.

The bibliometric analysis shows a research field that has developed explosively in the
last decade and is moving toward increasingly applied and implementation-oriented
research themes as well as towards subjects that are interdisciplinary. The research
priorities that are emerging from the bibliometric analysis, such as autonomous man-
ufacturing, edge computing, SG communication, blockchain supply chain application,
and integration of sustainable manufacturing, show the research tracks to be followed

in the next decade regarding the capabilities and manufacturing intelligence of Industry

4.0.

The implementation challenge analysis identifies the need for coordinated strategic
responses to address the vulnerability of cybersecurity, high investment costs, workforce
skill development needs, data interoperability issues, and organizational resistance to
change in order to be successful in implementing Industry 4.0. To generate and maintain
the performance gains enabled by Industry 4.0 technologies, capability building within
the organization, governance framework development, and leadership commitment are

essential.

The sustainability analysis shows that in addition to economic and operational benefits,
smart manufacturing systems also have a measurable contribution towards improving
environmental performance so that a sustainable case for the investment of Industry 4.0
can be drawn. Industry 4.0 technologies for circular economy applications are of great

interest and are rapidly being developed in academia and industry.
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5.2 Future Scope

Future studies should focus on empirical studies of the outcomes of the implementa-
tion of Industry 4.0 in small and medium enterprises, as they constitute the majority
of manufacturing businesses around the world but have been studied less than large
manufacturing corporations. The creation and testing of Industry 4.0 implementation
frameworks, scalable technology solutions, and policy mechanisms that are suitable for
the needs of SMEs are important research priorities with significant practical applica-

tions for manufacturing industrial development.

Given the critical role and the pace of evolution of threats in industrial cybersecu-
rity, this aspect of smart manufacturing needs far more research. Top priorities for
research are the development and validation of comprehensive cybersecurity models
and frameworks tailored to the context of industrial IoT and smart manufacturing; the
assessment of new cybersecurity technologies such as zero-trust network architectures
and Al-based threat detection systems; and the study of organizational aspects that

affect cybersecurity preparedness within manufacturing organizations.

The advanced autonomous manufacturing research, such as full autonomous man-
ufacturing, self-optimization of manufacturing, and artificial intelligence-based au-
tonomous manufacturing process development and optimization, are large fields, both
in academic research and industrial innovations. More studies are needed on technical
architectures, Als, sensor systems, and monitors of human oversight for the safe and

reliable autonomous manufacturing systems needed at scale.

The potential sustainable applications of Industry 4.0 technologies call for further re-
search investigation in a more systematic way, mainly in the field of circular economy
enablement, decarbonizing supply chains, and the alignment of manufacturing sus-
tainability optimization with other industrial ecology and value chain sustainability

frameworks. Quantitative techniques to evaluate the life-cycle environmental effects

63



of the SM technologies and the sustainable environmental benefits they provide for
production systems would enhance the evidence base for decisions on investment in

Industry 4.0.

The intersection of blockchain technology with IoT, Al and digital twins in the context
of smart manufacturing and supply chains is an emerging and promising research
area that can have a significant impact on the transparency of supply chains, product
origin verification, and multi-party manufacturing collaboration. Research to validate
blockchain-based applications for smart manufacturing at scale and across various
applications and industries would help build the evidence base for investment in these

new capabilities.

5.3 Social Impact

Industry 4.0 and smart manufacturing technologies create enormous and far-reaching
societal effects, far outweighing the economic benefits gained by manufacturing com-
panies. Awareness of these wider social aspects is necessary to form comprehensive
evaluations of the societal value of Industry 4.0, as well as policies that enhance the

societal value added by Industry 4.0 and limit possible negative effects.

The use of smart manufacturing has one of the most immediate and widespread benefits
for the workplace: improved safety. In manufacturing, the use of collaborative robots,
hazard monitoring systems connected to the internet of things, Al-based equipment
safety systems, and exoskeletons has consistently decreased injury rates, occupational
disease incidences, and risks of work-related fatality in the workplace. These safety
enhancements help to prevent injury to the worker, minimize the economic and social
costs of a work injury and help to enhance the overall quality of working life for

manufacturing workers.

Adoption of Industry 4.0 has far-reaching implications for the workforce and will need
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careful policy attention. Smart manufacturing technologies are driving the automation
of certain routine and physically demanding manufacturing roles but also creating a
need for new positions, often requiring higher levels of skill, such as data scientists, Al
systems operators, robotics technicians, digital manufacturing engineers, and cyberse-
curity specialists. The employment effect of Industry 4.0 at the sectoral and national
levels is highly dependent on the speed of technology adoption, the success of employ-
ment reskilling schemes, and the extent to which new manufacturing jobs are created

from economic growth as a result of increased competitiveness.

Smart manufacturing technologies support the overall economic development targets
of raising industrial productivity, competitiveness at export markets, and value-added
production capacity. The benefits of a successful development of robust smart manu-
facturing sectors for the countries include increases in industrial production, trade, and
national income, which have positive economic multiplier effects on the related supplier
industries, service industries, and regional economies. These economic development
benefits have significant implications for jobs created, household incomes, and revenue

generation to fund public services and social investments.

Smart manufacturing, such as energy efficiency and materials usage reduction, and
enabling a circular economy create positive social impacts by reducing environmental
pollution, enhancing public health, and advancing climate change mitigation goals. The
environmental co-benefits from Industry 4.0 adoption are becoming a more significant
social value add that is in addition to the direct economic/operational benefits of smart

manufacturing investments.

In short, Industry 4.0 and smart manufacturing are a massive, historical technology
change that will influence the manufacturing landscape for decades to come with so-
cial, economic, and environmental consequences. This transformation has the potential
for beneficial outcomes that will need careful consideration for technology investing,

human capital development, organizational innovation, regulatory evolution, and strate-
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gic policy support in order to realize the full potential of the transformation. This thesis’
research contribution is to give the researchers, practitioners, and policymakers a foun-

dation of knowledge to support this significant shift in the world.
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Session and SOG Alignment
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BAWANA ROAD, SHAHABAD DAULATPUR, , DELHI-110042
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Number : students
Amount : 3000

University Roll No : 24/IEM/01

Name of the student : Naman Sachan

Academic Year : 2025-26

Branch Course : M.Tech

Type/Name of fee : Others if any

Remarks if any : M.Tech Thesis Fees

Mobile No. of the 8756456585

student :

Fee Amount : 3000

Transaction charge : 0.00

Total Amount (In 3,000.00 Total Amount (In words)

Figures) : . Rupees Three

Thousand Only

Remarks : Notification 1: Late Registration Fee,
Hostel Room rent for
internship, Hostel cooler
rent, Transcript fee
(Within 5 years Rs.1500/-
& $150 in USD, More than
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Notification 2: Migration Certificate
Rs.500/-, Bonafide
certificate Rs.200/-,
Special certificate (any
other certificate not
covered in above list)
Rs.1000/-,Provisional
certificate Rs.500/-,
Duplicate Mark sheet
(Within 5 years Rs.2500/-
& $250 in USD, More than
5 years but less than 10
years Rs.4000/- & $400 in
USD, More than 10 years
Rs.10000/- & $1000 in
USD)

v ydio VUL IToo Uidll TV
years Rs.2500/- & $250 in
USD, More than 10 years
Rs.5000/- & $500 in USD)
Additional copies Rs.200/-
each & $20 in USD each,
|-card fee,Character
certificate Rs.500/-.
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Delhi Technological University
(Formerly Delhi College of Engineering)

THE RESULT OF THE CANDIDATE WHO APPEARED IN THE FOLLOWING EXAMINATION HELD IN NOV 2024 IS DECLARED AS UNDER:-
Master of Technology(lndustrial Engineering and Management), I-SEMESTER

Result Declaration Date : 31-07-2025 Notification No: 1868

IEM5083 : Production & Operation Management

IEM503
Sr.No| Roll No. |[Name of Student 2.00 SGPA|TC|CGPA|Failed Courses
1 [23/IEM/501|PRAMOD P 450 | 8 | 4.50

IEM501 : Data Analytics IEM505 : Quality Management 1EM507 : Production & Operation Management IEM509 : Industry 4.0 & Smart Manufacturing 1EM523 : Skill Enhancement
Course 1 (Online) IEM525 : Self-Study (Online) 1EM5313 : AI/ML IN INDUSTRIAL ENGINEERING AND MANAGEMENT UEC501 : Audit Course

Sr.No Roll No. Name of Student IEM501 IEM505 IEM507 IEM509 IEM523 IEM525 IEM5313 UEC501 saPA |tclcapa Failed
4.00 4.00 4.00 4.00 2.00 2.00 4.00 0.00 Courses
2 24/IEM/01 NAMAN SACHAN B+ A B A B+ A B+ (0} 7.25 24| 7.25
3 24/IEM/03 AMRISH TRIPATHI A B P A B B+ B+ A 6.58 24| 6.58
4 24/IEM/04 GULSHAN KUMAR SINGH A A c A+ B+ C B (0} 7.00 24( 7.00
5 24/IEM/05 ABHISHEK KUMAR SISODIYA o o A o A+ B+ B+ (0} 8.83 24| 8.83
6 24/IEM/06 SUNNY SOREN A C P A B+ C B+ A+ 6.33 24 6.33
7 24/IEM/07 PRIYATOSH BHARADWAJ A+ C P A C B B A 6.25 24| 6.25
8 24/IEM/08 NGAYOSING A SHIMRAY A A B B+ A+ C B A 7.00 24| 7.00
9 24/IEM/09 SANTOSH KISKU A A c A+ A+ B B+ A 7.42 24| 7.42

IEM501 : Data Analytics IEM505 : Quality Management IEM507 : Production & Operation Management |EM509 : Industry 4.0 & Smart Manufacturing IEM5313 : AI/ML IN INDUSTRIAL
ENGINEERING AND MANAGEMENT UEC501 : Audit Course

s

OIC (Results)

bt

Controller of Examination

Note:Any discrepancy in the result in r/o name/roll no/registration/marks/grades/course code/title should be brought to the notice of Controller of Examination/OIC(Results) within 15 days of declaration of result, in 1/2
the prescribed proforma.



Delhi Technological University
(Formerly Delhi College of Engineering)

THE RESULT OF THE CANDIDATE WHO APPEARED IN THE FOLLOWING EXAMINATION HELD IN NOV 2024 IS DECLARED AS UNDER:-

Master of Technology(Industrial Engineering and Management), -SEMESTER

Result Declaration Date : 31-07-2025 Notification No: 1868
IEM501 IEM505 IEM507 IEM509 IEM5313 UEC501 Failed
Sr.N Roll No. N f Student SGPA TC CGPA
r.No oll No ame of Studen 2.00 2.00 2.00 2.00 2.00 0.00 Courses
ANJEESH KUMAR
10 24/IEM/02 UPADHYAY B+ A B A c A 6.80 20 6.80

OIC (Results) Controller of Examination

Note:Any discrepancy in the result in r/o name/roll no/registration/marks/grades/course code/title should be brought to the notice of Controller of Examination/OIC(Results) within 15 days of declaration of result, in

the prescribed proforma. 2/2




THE RESULT OF THE CANDIDATE WHO APPEARED IN THE FOLLOWING EXAMINATION HELD IN MAY 2025 IS DECLARED AS UNDER:-

Delhi Technological University
(Formerly Delhi College of Engineering)

Master of Technology(Industrial Engineering and Management), II-SEMESTER

Result Declaration Date : 29-07-2025

Notification No: 1867

IEM502n : Supply Chain Management IEM504n : Advanced Operations Research IEM5321n : Computer Integrated Manufacturing & Robotics IEM5341n : Principles of Management 1EM546n : Skill

Enhancement Course 2 UCC502n : Research Methodology

IEM502n IEM504n IEM5321n IEM5341n IEM546n UCC502n .

Sr.No Roll No. Name of Student 2.00 2.00 2.00 2.00 2.00 2.00 SGPA TC |Failed Courses
1 24/IEM/01 NAMAN SACHAN B+ A B B+ A+ B 717 24

uCC502n IEM504n

2 24/IEM/02 ANJEESH KUMAR UPADHYAY F F F F 1.83 8 IEM5321n IEM546n
3 24/IEM/03 AMRISH TRIPATHI Cc [o) A A A+ [ 7.50 24
4 24/IEM/04 GULSHAN KUMAR SINGH B+ A+ [¢ A o) [¢ 7.33 24
5 24/IEM/05 ABHISHEK KUMAR SISODIYA A ) B+ A+ o) B+ 8.50 24
6 24/IEM/06 SUNNY SOREN B+ B B A A+ [¢ 6.83 24
7 24/IEM/07 PRIYATOSH BHARADWAJ B B [ B A+ [ 6.17 24
8 24/IEM/08 NGAYOSING A SHIMRAY B+ A+ B B+ A [ 7.00 24
9 24/IEM/09 SANTOSH KISKU A A+ B+ A+ A+ B 8.00 24

s

OIC (Results)

bt

Controller of Examination

Note:Any discrepancy in the result in r/o name/roll no/registration/marks/grades/course code/title should be brought to the notice of Controller of Examination/OIC(Results) within 15 days of declaration of result, in
the prescribed proforma.




Delhi Technological University
(Formerly Delhi College of Engineering)

THE RESULT OF THE CANDIDATE WHO APPEARED IN THE FOLLOWING EXAMINATION HELD IN NOV 2025 IS DECLARED AS UNDER:-

Master of Technology(Industrial Engineering and Management), lIl-SEMESTER

Result Declaration Date : 16-Mar-2026

IEM 601n : Industrial Economics & Management IEM 603n : Minor Project/Research Thesis/Patent MOOC605 : MOOC Course

IEM 601n IEM 603n MOOC605 .
Sr.No Roll No. Name of Student 2.00 8.00 2.00 SGPA TC Failed Courses
1 24/IEM/01 |[NAMAN SACHAN B+ A+ [6) 8.75 16
IEM 601n : Industrial Economics & Management IEM 603n : Minor Project/Research Thesis/Patent OBT601 : Human Nutrition
Sr.No | Roll No. Name of Student IEM 601n | 1EM603n | OBT6O1 | gipp | T | Failed Courses
4.00 8.00 4.00
2 24/IEM/03 |AMRISH TRIPATHI A A B+ 7.75 16
3 24/IEM/04 |GULSHAN KUMAR SINGH [ A A 8.50 16
4 24/IEM/05 |ABHISHEK KUMAR SISODIYA A+ A+ A+ 9.00 16
5 24/IEM/06 [SUNNY SOREN A A B+ 7.75 16
6 24/IEM/07 |PRIYATOSH BHARDWAJ B+ A B+ 7.50 16
7 24/IEM/08 |NGAYOSING A SHIMRAY A B+ A 7.50 16
8 24/IEM/09 |SANTOSH KISKU A o A 9.00 16

OIC (Results)

Notification No: 1942

Controller of Examination

Note:Any discrepancy in the result in r/o name/roll no/registration/marks/grades/course codeftitle should be brought to the notice of Controller of Examination/OIC(Results) within 15 days of

declaration of result, in the prescribed proforma.





