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ABSTRACT 

 
In an era marked by rapid technological advancement and pervasive connectivity, artificial intelligence (AI) 
is fundamentally transforming the digitalization of industrial processes. This transformation builds upon the 
foundations of Lean Manufacturing—a management philosophy centered on continuous improvement of 
processes, products, and services. Within the Industry 4.0 framework, the integration of AI significantly 
enhances the effectiveness of Lean tools by automating repetitive tasks, enabling real-time processing of vast 
data streams, and supporting faster, data-driven decision-making. By leveraging machine learning and 
predictive analytics, AI empowers industries to anticipate disruptions, optimize production workflows, and 
dramatically boost overall productivity. Moreover, embedding AI into continuous improvement (CI) cycles 
introduces powerful new dynamics. When combined with Kaizen principles, smart technologies accelerate 
innovation, streamline improvement timelines, and offer more agile responses to the growing complexity and 
demands of modern industrial ecosystems. 

Keywords: Artificial Intelligence, Continuous Improvement, Kaizen, Smart Manufacturing, Digital 
Transformation 

 
1. INTRODUCTION  
 

The Fourth Industrial Revolution – or 
Industry 4.0 – has revolutionized the face of 
manufacturing the world over in ways previously 
only dreamt of in the pages of a sci-fi novel. In the 
last 10 years, this revolution has brought in the 
highest level of automation, digitalization, and 
interconnectivity ever – not only to change the way 
things are produced but the way plants work, 
cooperate, and develop. At its core, this change is 
driven by the intersection of state-of-the-art 
connected technologies – cyber-physical systems, 
Internet of Things (IoT), and Artificial Intelligence 
(AI) – that empower production sites to be smart, 
flexible, and impressively efficient [1,2]. If we really 
want to understand the magnitude of what Industry 
4.0 represents, we must first take a step back and 
look at the incredible totality of the industrial 
services on which we depend. The tale starts in the 
late 18th century with the First Industrial Revolution, 
which changed the world forever with 

mechanization run on steam engines and early 
mechanized tools. All of a sudden, production 
exceeded the reach of human muscles, laying the 
foundation for mass production. Momentum was 
further gained with the Second Industrial Revolution 
that started in the late 19th century, which brought 
forward discoveries in the field of electrical 
engineering, which fostered the implementation of 
assembly lines and electrically powered machinery, 
which were to revolutionize the scale and speed at 
which goods could be made [4]. The third wave 
suitably labeled the Digital Revolution took place in 
the last half of the 20th century. This was the epoch 
where electronics, computers, and information 
technology were merged with manufacturing to 
make possible automation and a level of precision 
that had been unattainable before. Over the past 
decade, we witnessed applications of robotics and 
PLC for automation of repetitious or risky tasks that 
opened up new domains for productivity and quality 
control [5]. In 2011, the term Industry 4.0 became a 
concept, initially as an ambitious strategic program 
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unveiled by the German government with the active 
participation of the leading industrial companies [6]. 
What began as a national movement soon grew into 
a worldwide one, and such countries as the United 
States, France, Canada, Japan, and China have 
integrated and adjusted the principles of Industry 4.0 
to fit their specific manufacturing environments. The 
collective goal? To be (remain) competitive and 
innovative in a nowadays more and more 
interdependent world market and fast-moving world 
economy [7]. At the heart of Industry 4.0 is the 
combination of disruptive digital technologies – 
artificial intelligence, internet of things, big data 
analytics, cloud computing, cyber-physical systems 
– to create a new kind of smart, connected, and self-
optimizing factories [8]. Imagine manufacturing 
facilities in which machines are not merely passive 
devices doing as they are told, but also proactively 
sense their fitness, anticipate potential failures, 
compare their performance against peers on the fly, 
self-optimize configuration, self-heal minor faults, 
and even self-organize work in the absence of its 
human controller [9]. This leap is a quantum change 
from the old way of reacting to a new way of building 
intelligent, proactive infrastructures that learn and 
grow. But this transition is much easier said than 
done. Adoption relies increasingly on an industry’s 
preparedness, including both technological and 
organizational readiness, in conjunction with 
nurturing a workforce that can flourish in the 
presence of these sophisticated systems. 

The adoption of Industry 4.0 technologies 
implies extensive changes not only in the shop floor 
but also in managerial practices, corporate culture, 
and skills of the workers [10]. Of the technologies 
that will transform factories, companies, and society 
in general, AI will be one of the most fundamental to 
Industry 4.0. 

Through endowing machines with thinking 
and computing capabilities, AI redefines 
manufacturing models and, at all levels of 
production, expedited and autonomous decision-
making occurs [11]. At its core, AI is predicated 
upon cognitive science – the interdisciplinary study 
of human reasoning, perception, and learning – and 
includes things like image recognition, natural 
language processing, robotics, and deep learning. 
These technologies enable the machines to learn 
from experience, to interact dynamically with their 
environment, and to cope with novel situations 
without being programmed explicitly [12]. The long-
term goal of AI research is to recreate or even surpass 
human intelligence, so that machines can do more 
than just perform the tasks to which they were 

specifically programmed but can make suitable 
decisions in a particular context, learn models and in 
this way refinements of complex processes as they 
run [13]. This is a radical departure from 
conventional deterministic automation where 
intelligent systems can learn from disparate data 
streams, identify and acknowledge emergent 
patterns, and enhance themselves materializing from 
feedback loops. This flexibility makes AI ideally 
suited to handle the complexity and variation of 
today’s industrial practices. 

The practical applications of AI’s 
capabilities are legion and dissolving. AI hastens 
production cycle time through the minimization of 
downtime and variance, while also maintaining a 
continuous flow by means of advanced scheduling 
and forecasting algorithms [14]. Through the use of 
historical and real-time data, AI-enabled 
manufacturing can predict variations in demand, 
efficiently allocate resources, and reduce waste in 
both materials and energy consumption saving cost 
and increasing overall equipment effectiveness. 
These efficiencies, in turn, correspond to enhanced 
flexibility and scalability, which play a critical role 
in addressing the accelerated consumer demand for 
product personalization, fast innovation, and 
shortened delivery cycles [14].  

What is more, AI-based smart control 
systems also improve the flexibility, quality, and 
efficiency of industrial processes in an autonomous 
manner to adapt operating parameters, detect early 
anomalies, and provide knowledge insights at 
different levels of the organization. In industries 
where accuracy is of the essence automotive, 
electronics, pharmaceutical AI continuously scans 
sensor data to maintain the highest quality level, 
signaling potential drifts when they are minor to 
reduce the risk of becoming costly faults. By 
automating decision-making, AI contributes to 
diminishing the workload of human operators on 
cognitive tasks and allows them to focus on more 
strategic and/or value-added activities [15]. AI cuts 
across diverse operational domains. In production 
planning, it allows for detailed scenario-based 
simulations to evaluate multiple alternative 
strategies under different constraints. Predictive 
maintenance relies on machine learning models to 
predict equipment failure by analyzing machine 
operating characteristics and external conditions, 
with which intervention before failures can occur, 
thus reducing unplanned downtime. Thanks to deep 
learning and computer vision, defects can be 
detected and categorized extremely accurately in 
quality control. AI-based forecasting, inventory, and 
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supplier synchronization are beneficial also to 
supply chains, making them more resilient and 
responsive [16]. In light of this technological 
revolution, Lean Manufacturing continues to serve 
as a critical foundation for obtaining performance 
improvements in Industry 4.0 scenarios. Based on 
timeless principles such as waste elimination, 
continuous improvement (Kaizen), and respect for 
people, Lean provides a human-centric 
counterweight to the data- and automation-centric 
aspects associated with digital transformation. While 
there is significant overlap in the goals of Lean and 
Industry 4.0 operational excellence, responsiveness, 
and quality they are philosophically disparate. Lean 
has a focus on cultural change, employee 
involvement, and process control, whereas in 
Industry 4.0 it is digital autonomy, real-time data 
streams, and artificial-intelligence-enabled systems. 
This discrepancy can be problematic during the 
implementation process, but also provides an 
opportunity for strong synergies. Instead of pitting 
Lean against Industry 4.0, many modern companies 
have found ways to blend the two in what is called 
“Lean 4.0.” This hybrid is all about leveraging digital 
to enhance and extend Lean principles, not to replace 
them. Smart automation, real-time data analysis, and 
similar add just that much more value to the war on 
waste, Not doing so would reduce the human to 
literal cogs in the machine and ignore their creativity 
and do-it-better advocacy. As a result, Industry 4.0 
technologies enable Lean thought, and the 
organization can become more agile, efficient, and 
competitive in the fast-moving industrial market. 
The various forms of Artificial Intelligence. 
Artificial Intelligence (AI) is increasingly emerging 
as at the heart of the digital era, and is pervasive in 
technology-driven applications with deep 
implications on people's everyday lives and on 
industrial systems. Now, what was once a piece of 
science-fiction technology is powering an era of 
innovation, making businesses more productive and 
adding value in nearly every industry. These 
developments have paved the way for smart factories 
and the larger revolution of modern industry, with 
greater numbers of devices handling complex tasks, 
lowering production/operational costs, and 
enhancing product/service quality [17, 18]. At the 
center of this transformation is the rise of intelligent 
automation -- systems that not only follow 
instructions but collect data, learn from it and then 
use that knowledge to make better decisions, perform 
predictions and implement changes. Before we 
explore all of the ways AI can be used (particularly 
as pertains to industries like construction and 
infrastructure, in which we’re seeing so much 

activity), it’s worth taking a step back to think about 
what we even mean when we talk about 
“intelligence” in the first place. The term comes from 
the Latin intelligere, which means “to understand” or 
“to comprehend.” According to the classical 
tradition of philosophy especially as articulated by 
Aristotle intellect (intellectivum) is the highest and 
best function of human being, superseding both 
actions (motuvum) and sensing (sensitivum), and 
comprising acts of understanding and acts of 
reflection. From this perspective, AI is a grand 
project to reproduce or imitate these non-
mechanistic cognitive faculties in machines. 
Technically speaking, Artificial Intelligence is the 
field in computer science that encompasses digital 
system processes to perform work that usually 
requires human intelligence - such as learning, 
reasoning, problem-solving, perception, discovery, 
and decision-making under its own volition. 

AI consists of many various algorithms, 
computational models, and methods, for allowing 
the machine to simulate various aspects of human 
thinking. From the perspective of the extent of the 
performance [19], AI is usually classified into two 
categories: 

• Narrow AI (Or Weak AI): Made for 
certain work within specific context. These systems 
have been great at specific tasks like playing chess 
or intelligibly recognizing images according to either 
programmed rules or data-driven models.  

• Strong AI (otherwise called Artificial 
General Intelligence, AGI): Referred to as those 
systems with the ability to comprehend, learn, and 
take action on various unstructured situations, in 
much the same way as human beings [20,21]. 

Although increasing autonomy of AI 
systems, the main task of these systems is to 
complement the capabilities of human beings, not to 
replace them. AI is to support and amplify human 
decision-making to further a range of machine 
involvement in a variety of real environments [22]. 
AI experience is fundamentally about realizing the 
vision of making machines exhibit smart behavior -- 
a mission that is already more attainable than ever 
before with the advent of deep learning (DL) and 
real-time data analytics. These Solutions are 
especially suitable for industrial applications 
because AI supports monitoring and improving 
performance while making data-driven decisions at 
each phase of the production process. AI creates an 
opportunity for much more rigorous quality control 
going well beyond the traditional sampling process 
to the full cycle of production. In such a setting, 
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information systems and digital platforms are 
essential to facilitate the coordination of decisions 
and the efficient operation of the supply chain. Areas 
such as car production have also seen big changes. 
AI is transforming strategic operations through 
increased precision of production processes, 
predictive maintenance, as well as more autonomous 
car systems [23,24]. More generally, AI’s ability to 
learn from data, adapt to new situations and do 
complicated reasoning is enabling it to be applied to 
a wide range of economic and social areas. These 
apps have helped move AI from theoretical interest 
to the realm of powerful, high-impact projects. AI 
today no longer only requires automation of things 
but analytics in predicting, systems being smart or 
technology being autonomous by learning with the 
feedback. As such, AI is changing the way 
businesses operate in numerous industries: In 
healthcare, the AI-powered precision medicine and 
personalized treatment is transforming lives. In 
renewable energy, it is used for predictive 
maintenance and energy production optimization. In 
real estate, AI predicts property values and bolsters 
investing. In e-commerce, it is used for 
recommendation engines and customer 
personalization. In education, for example, adaptive 
learning platforms customize content based on the 
student’s learning style. In farming, AI drives crop 
observation and resource use. In cybersecurity, it 
improves threat discovery and automated response. 
In banking and finance, it underpins fraud detection, 
risk assessment, and algorithmic trading. In 
marketing, AI tools which are data-driven assist in 
optimizing campaign performance and facilitate 
customer engagement in real time [25-27]. AI also 
has a growing presence in the public sector, for 
example, within public health and nutrition, AI tools 
have been developed to provide personalized dietary 
advice and improve the efficacy of large-scale 
interventions [29]. AI increasingly brings together 
developers, supply chain actors and policymakers in 
finance, so as to stimulate regulatory innovation and 
financial inclusion [28]. All of these use cases 
support the strategic goals of Industry 4.0, where AI 
is the enabler for the automation of complex 
processes, the processing of big data, and the 
provision of real-time decision support in 
interconnected industrial systems. In the age of 
technologies like machine learning, neural networks 
and computer vision, machines are able to sense and 
make decisions based on the sensor-rich natural 
world, in context-aware and adaptive manners [30]. 
In addition, the advance of AI mirrors that of signal 
processing, which is about the development of 
artificial neural networks (ANN) for pattern 

recognition and real-time responsiveness in 
changing environments [31]. The rapid adoption of 
AI in software engineering provided a great impetus 
for automation and predictive analysis for various 
phases in the software development lifecycle [32]. 
Artificial intelligence value was enhanced by the 
emergency of COVID-19 pandemic that fast-
forwarded the adoption of AI in the context of 
biomedical research for both vaccine development 
and drug discovery [33]. At a higher level of 
abstraction, the difference between narrow AI and 
general AI (AGI) is important. Although task-
specific narrow AI systems can demonstrate 
powerful capabilities, they can neither be said to 
have common sense, consciousness, nor general 
knowledge [34-36]. AGI, on the other hand, 
imagines machines that think at a human level that 
can reason, that can solve problems, that can learn 
creatively, that can learn across domains, that can 
adapt to situations without having seen them before. 
Although it remains largely theoretical, AGI is the 
long-time goal of the field. The rapid evolution of AI 
is mainly driven by three interrelated factors: (1) the 
exponential growth of processing power, (2) the 
explosion of data in all fields, and (3) sustained 
progress in algorithms and learning frameworks 
[37]. Combined, these forces are advancing the 
frontiers of what is technologically possible, making 
AI a strategic multiplier in the global digital 
transformation currently underway. 

2. METHODOLOGY 
 
This In this study, a search was carried out 

by following a PRISMA (Moher et al., 2009) 
methodology for the purpose of making a systematic 
review of literature. At first, articles were collected 
by the following search terms: “Artificial 
Intelligence” AND “Industry 4.0” AND “Decision 
Making.” This choice was part of a well-
concatenated methodological strategy that was 
devised with the goal to capture as much as possible 
the interplay of AI, Industry 4.0 technologies, and 
the optimization of decision-making processes on 
industrial grounds. These terms have been selected 
as they represent three key elements of the research: 
AI as a disruptive force, Industry 4.0 as the 
technological framing, and decision-making as its 
operational center. We identified 275 articles 
published from 2022 to 2025. After removal of 
duplicates and after relevance screening, 101 articles 
were included (Fig. 1). Six offered previous papers 
were also included to offer a basic understanding and 
context to this new work, dating between 2015 and 
2021. A complementary search was performed to 
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complement the previous one with a different search 
query: “Industry 4.0 AND Artificial Intelligence 
AND Continuous Improvement.” This produced 69 
articles between the years 2023-2025 where 15 were 
relevant and entered to the review (see Fig. 2). 
Rather than sandwiching all key terms into one 
query (which would have resulted in a maximum of 
15 references), we intentionally included space-
separated search term ordered pairs instead. This 
decision was made to avoid making the scope 
excessively restrictive compared to the review, 
which was kept comprehensive rather than just 
scoping. Decoupling the search terms allowed 
manual identification of key studies for inclusion 
with a thorough investigation of the research themes. 
As for the Kaizen approach, an additional focused 
bibliographic search was performed through the 
Scopus database. A first search using the descriptors 
“Artificial Intelligence” AND “Industry 4.0” AND 
“Kaizen” yielded only two articles. To widen the 
search, another search was carried out using the 
terms “Artificial Intelligence” AND “Kaizen,” 
which generated 12 articles. Of these papers, 3 of 
them discussed both AI and Kaizen, and 2 were 
specifically related to Kaizen Programming, where 
Kaizen principles were used to design architectures 
of AI algorithms. One of these articles was closely 
linked to the research topic, since it explicitly 
mentioned at the outset the position of Kaizen in AI–
Industry 4.0 
 

 
Figure 1: PRISMA1 

 
Figure 2: PRISMA2 

 
3. THE DIFFERENT METHODS USED BY 
ARTIFICIAL INTELLIGENCE 

 
Artificial Intelligence (AI) is commonly 

misconceived as a single thing, or as a simple 
process, but it is actually much more nuanced. Think 
of AI as an umbrella term that encompasses a wide 
range of techniques, methods, and disciplines, all in 
the service of one ambitious goal: equipping 
machines to mimic, assist, or even surpass human 
intelligence. This spectrum is broad from relatively 
naive, rule-based decision-making agents that follow 
instructions to complex, state-of-the-art models that 
excel at learning, adapting, and evolving over time 
after being trained on massively diverse sets of 
examples. Such diversity is the result of the broad 
scope of human activity on which AI is having an 
impact, ranging from: Healthcare (diagnosing 
diseases), Manufacturing (optimizing supply 
chains), Finance (fraud detection), Agriculture (crop 
yield improvement), Transportation (logistics), 
Cybersecurity (data protection) Every single 
application presents its peculiar challenges and 
needs specific AI solutions [5, 38]. 

 
3.1 Machine Learning (ML) 

At the core of much of today’s exciting AI 
is Machine Learning, an advanced form of learning 
that enables computers to learn patterns and make 
decisions from data with minimal human 
intervention, rather than following static, pre-
programmed rules. It is akin to going from a 
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traditional cookbook in which every step is set in 
stone and one must stick to the recipe to becoming a 
chef who develops a gut feeling for improvising, 
using taste to invent new recipes on the fly. ML lies 
at the core of systems that can identify patterns and 
predict the future, supporting human decision 
makers across a diverse range of domains [5, 38]. 
There are three categories for machine learning (Fig. 
1) in general: 
3.1.1 Supervised learning 
Analogous to teaching a student through examples: 
algorithms need to be trained on labeled datasets 
those for which the right answers are known to learn 
how to predict that information from new, unseen 
data. Typical jobs would include categorizing emails 
as spam or not spam, or predicting the price of a 
house based on features. 
3.1.2 Unsupervised learning 
The process of searching unlabeled data or patterns 
to find hidden structures and hidden patterns without 
the presence of explicit categories. This includes 
discovering similar groups of customers from sales 
data, or detecting abnormal behaviors from a 
production line, which can signify a problem. 
Techniques such as clustering and anomaly 
detection are popular in this area [40]. 
3.1.3 Reinforcement learning (RL) 
In which an AI agent, interacting with an 
environment, receives rewards or penalties as 
feedback, aiming to figure out the optimal strategy, 
often through trial and error. This is similar to 
training a dog with treats for good behavior or 
teaching a child to ride a bike. Mixed Nature 
Applications Real-world applications also often 
have a mixed nature. For example, semi-supervised 
learning exploits a small portion of labeled data 
along with a slightly larger amount of unlabeled data 
when labeling is costly or time-consuming. This 
hybrid approach could also be applied in software 
engineering to forecast software defects in the early 
stages in the absence of sufficient annotated training 
data, thereby saving time and resources [40, 41].  
Industrial Data Collection and ML Methods As such, 
industrial environments produce increasing volumes 
of complex and high-frequency data collected from 
a wide range of sensors: optical, thermal, vibrational, 
and acoustic. ML methods, especially deep learning, 
excel at processing real-time sensor streams to 
enable diagnostics, early anomaly detection, and fast 
decision-making [42]. Traditional modeling 
approaches struggle with this complexity and scale. 
Picture a factory floor where machines keep constant 
track of their own condition and inform operators 
ahead of time when they will need maintenance or 
recalibration for peak efficiency. ML operates in 

offline mode to design and optimize systems before 
they operate, and in online mode, monitoring live 
process operations to prevent faults, reduce 
downtime, and improve efficiency [43]. 
Big Data-Driven Applications In addition to simple 
control and optimization tasks, ML effectively 
enables big data-driven applications by pooling and 
processing large amounts of data to make predictive 
decisions for manufacturing processes and to 
facilitate autonomous manufacturing [44, 45]. ML’s 
greatest asset is its power to detect subtle, multi-
dimensional relationships lurking within data 
patterns too complex or nuanced for classical 
statistical approaches to escape. These techniques 
contribute to increased process visibility, the ability 
to tolerate unexpected disruptions, and improved 
quality assurance.  
Several ML models have demonstrated the added 
value of being used in an industrial environment 
during the last years, including, among others:  

• Latent Dirichlet Allocation (LDA): A 
potential solution for extracting structured 
themes from unstructured text data. In 
industrial software, e.g., LDA can be used to 
mine user feedback and automatically 
generate knowledge to improve requirement 
engineering and product development.  

• Support Vector Machines (SVMs): Perform 
well in classification tasks, i.e., classifying 
equipment damage or grouping software 
requirements. The reason is that they are 
good at finding the optimal boundary 
(hyperplane) to divide datasets into 
categories, irrespective of whether the 
datasets are small or complex. 

• Naive Bayes classifiers: In spite of their 
assumption of the independence of features, 
tend to be remarkably effective for large-
scale text classification, due to their 
simplicity and computational efficiency.  

• Decision Trees: Have the advantage of 
having a natural rule-based structure which 
splits data at decision thresholds. Aggregated 
to form ensembles such as Random Forests 
(RF), they enhance prediction performances 
through a combination of many decision 
trees.  

• Common Models: Decision Tree Classifier 
(DTC), K-Nearest Neighbors (KNN), 
Logistic Regression (LRG), Naive Bayes 
Classifier (NVB), Extra Trees Classifier 
(EXT) are widely used models in the 
specialized industrial applications. One of 
these is the Extra Trees Classifier, that for 
instance has been demonstrated near-perfect 
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fault detection performance in the context of 
conveyor belt systems by making use of 
ensemble learning for nonlinear and noisy 
data [46-48].  

Machine Learning is a fundamental building block 
of the idea behind Industry 4.0, smart factories, 
predictive maintenance, and automated workflows 
that adapt and not only react to changing situations 
[10]. In this ecosystem, Deep Learning (DL), a 
subfield of ML that is inspired by the human brain 
architecture (composed of layered structure), is 
becoming a game changer because of its capability 
of modeling very complex and abstract data 
representations. Through Deep Learning, advances 
are made in image recognition, speech analysis, and 
anomaly detection, which are cornerstones of many 
Industry 4.0 advancements. 

 
Fig. 3. The Types of Machine learning. 

 

3.2 Deep Learning (DL) 
DL is derived from artificial neural 

networks, artificial systems that are inspired by the 
structure of the little brain, which are capable of 
performing advanced jobs such as image and speech 
recognition, as well as natural language processing 
[3]. These architectures possess the extraordinary 
capacity for automatically learning and structuring 
feature hierarchies at multiple levels from raw input 
information, and therefore are particularly efficient 
for dealing with unstructured, high-dimensional data 
[49, 50]. Today, DL is becoming a mainline 
technology for a large number of Industry 4.0 use 
cases, providing disruptive functions into various 
industrial sectors. Its rigor in handling large amounts 
of complex data with high precision is what has 
made it increasingly adopted in many applications. 
3.2.1 Example Uses of Deep Learning: 

Detecting outliers in manufacturing 
processes and system operation, helping the early 
discovery of abnormal cases. Contributing 
significantly to the predictive maintenance 
applications, as they explore equipment data to 
predict failures before they occur, thus minimizing 
downtime and increasing operational efficiency [51, 

52]. Used in inventory management: With real-time 
data analytics, insights into stock levels and demand 
predictions can be gained. These tools assist in 
interpreting sensor information and measuring 
productivity, allowing for a more advanced level of 
monitoring across both machine and workforce 
performance made accessible due to the ability to 
interpret complex sensor data. In the field of 
computer-aided design (CAD), deep learning speeds 
up prototyping and improves design quality through 
the use of generative models and pattern recognition. 
It also plays a strong role in quality control, where 
visual inspection and defect detection can be done 
automatically with a more consistent and accurate 
eye than by the human eye. In the realm of industrial 
security, deep learning works as data processing 
software aimed at surveillance, threat detection, and 
access control, providing extra safety. Furthermore, 
deep learning can make working smarter, such as 
with smart systems that support human activities, 
i.e., adaptive workspaces and decision-enhanced 
systems. It’s also a critical element in the creation of 
digital twins’ virtual models of physical assets that 
rely on real-time data to model, predict, and optimize 
performance. 

In healthcare, deep learning enables 
diagnostic automation, medical image analysis, and 
personalized treatment planning, and improves 
overall accuracy and efficiency for patient care [53, 
54, 55, 56]. Going a step further, deep reinforcement 
learning combines the remarkable ability of deep 
learning for pattern recognition with the adaptive 
trial-and-error learning paradigm of reinforcement 
learning. This mixture enables systems to not only 
learn robust features from large amounts of data, but 
also update the decision-making process with 
dynamic feedback from the environment. deep 
reinforcement learning has shown impressive results 
in rapidly changing and uncertain environments, and 
has frequently achieved higher performance than 
traditional optimization methods that have long been 
used in industry. Such as production scheduling, 
robot, and autonomous systems, deep reinforcement 
learning algorithms have shown great flexibility and 
efficiency, and enable the machine to learn optimal 
strategies in constantly changing limitations [57]. 
The real-world application of deep reinforcement 
learning and similar AI methods has transformed 
manufacturing from batch-style production to fully 
automated, continuous production. This change 
rationalizes operating processes as well as enabling 
comprehensive, real-time checks down to the 
individual item. Opposite to traditional statistics, 
which are based on sampling of products, quality is 
constantly monitored by deep reinforcement 



 
 Journal of Theoretical and Applied Information Technology 

15th November 2025. Vol.103. No.21 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
9058 

 

learning-driven systems so as to considerably 
minimize defects and waste [23].  
3.2.2 Artificial Neural Networks (ANN)  

Central to these innovations are Artificial 
Neural Networks (ANNs), which emulate the brain’s 
thought patterns and interconnectedly modeled 
neurons for handling intricate information flows 
[58]. With their versatility and strength, they are 
particularly relevant in predictive analysis 
applications such as demand forecasts and supply 
chain optimizations, where more precise predictions 
lead directly to operational and financial profits [59, 
60]. ANN structures have progressively turned into 
specialized versions to fit the nature of the data and 
the domain. 
3.2.3 Recurrent Neural Networks (RNN) 

For instance, Recurrent Neural Networks 
(RNNs) are naturally suited to process sequential 
data, taking into consideration past inputs by storing 
the history of inputs, and are widely used in time 
series and natural language applications.  
3.2.4 Recurrent Neural Networks (RNN) 

Long short-term memory (LSTM) 
networks, a specialized RNN architecture, are 
designed to prevent the disappearing gradient 
problem, allowing learning over longer sequences 
and enhancing tools such as speech recognition and 
anomaly detection. Con ensemble Voronoi 
tessellation as well as the proposed WSST-CNN 
3.2.5 Convolutional Neural Networks (CNN) 

Convolutional Neural Networks (CNNs) 
have fundamentally transformed the field of image 
processing and computer vision by exploiting the 
effectiveness of learning spatial hierarchies using 
convolutional parameters. filters [61]. While CNNs 
currently dominate visual data analysis, ongoing 
research focuses on improving their interpretability, 
robustness, and computational efficiency to address 
challenges like adversarial vulnerabilities and the 
need for large labeled datasets [62].  
3.2.6 Natural Language Processing (NLP) 

Beyond these core neural architectures, AI 
capabilities extend into Natural Language 
Processing (NLP), enabling computers to 
understand, generate, and interact in human 
language. NLP powers many common applications 
today from virtual assistants and customer service 
chatbots to machine translation and sentiment 
analysis bridging the communication gap between 
humans and machines and enabling more natural, 
effective interactions. Complementing NLP are 
knowledge-based expert systems, which use rule-
based inference to mimic human expert decision-
making. These systems have crucial applications in 
fields like medical diagnostics, where they assist 

clinicians in interpreting symptoms and test results, 
and financial auditing, where they help detect 
irregularities and ensure compliance.  

Further enriching the AI landscape are 
evolutionary algorithms, inspired by biological 
evolution and natural selection, which iteratively 
search for optimal solutions in complex problem 
spaces. These methods are especially valuable when 
traditional gradient-based approaches struggle. 
Similarly, probabilistic graphical models offer 
structured reasoning under uncertainty, enabling AI 
to infer relationships between variables in 
incomplete or noisy datasets. Transfer learning has 
emerged as a powerful technique that leverages 
knowledge gained from one task to accelerate 
learning and improve performance on related but 
distinct tasks, greatly enhancing AI models’ 
flexibility and scalability across industries. Recent 
methodological advances include adversarial 
training, designed to boost model robustness by 
exposing AI systems to deliberately crafted 
malicious inputs during training, mitigating 
vulnerabilities critical for secure deployments. 
Another cutting-edge area is collective intelligence, 
which studies how decentralized agents collaborate 
to solve complex tasks beyond the scope of any 
individual agent. Inspired by natural phenomena 
such as social insect behavior and neural networks, 
this research points toward future AI systems that are 
self-organizing, decentralized, and increasingly 
autonomous components within larger cyber-
physical ecosystems [16]. Together, these AI 
techniques form a vast, rapidly evolving toolkit 
aimed at creating machines capable of perceiving 
their environment, learning from experience, 
reasoning about complex situations, and interacting 
meaningfully with humans and other systems. As AI 
continues to advance, its integration into industrial 
processes, economic systems, and social 
infrastructures will deepen, profoundly reshaping 
our experience with technology. This ongoing 
transformation will not only redefine operational 
efficiency and business models but also influence 
societal structures and our collective environmental 
impact challenging us to navigate ethical, 
governance, and sustainability issues alongside 
technological progress. 

 
4. INDUSTRY 4.0 

The notion of Industry 4.0 is rapidly 
emerging as the underpinning structure of the 
industrial economy of today, and presents a strong 
vision where the production of physical goods is not 
only mechanized and automated, but also intelligent, 
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self-learning, and connected [63]. But far from a 
fleeting technological phenomenon, Industry 4.0 is a 
deep restructuring of how value is created, captured, 
and delivered in manufacturing and service sectors 
globally. This evolution represents a change of 
industrial practice that affects technological systems, 
organizational structures, and strategic priorities 
globally. 

At the core of Industry 4.0 is the 
incorporation of Cyber-Physical Systems (CPS), 
Industrial Internet of Things (IIoT), Cloud 
Computing, Artificial Intelligence (AI) and Big Data 
Analytics. Such technologies provide a pervasive 
bridge across digital and physical domains and allow 
immediate information exchange between machines, 
sensors, systems, and human agents. The above 
amounts to the smart factory revolution independent, 
self-adjusting, and highly reactive manufacturing 
environments that can adapt to their moment-to-
moment internal and external circumstances [71]. 
Industry 4.0 was first conceived in Germany in 2011 
as a strategic effort to avoid losing the country’s 
manufacturing edge to digital competition around 
the world, and it soon crossed international lines. 
Many other countries such as the US, Japan, France, 
Canada, and China have also followed suit and 
started on a journey to expedite their industrial 
digitalization [72, 73]. 

The benefits are compelling and varied: 
Cost savings, Increased production efficiency, 
Improved use of resources, Improved product 
quality and Increased responsiveness to changes in 
the marketplace. The new generation of industry is 
going to have real-time data management, process 
virtualization, distributed decision-making, and 
operational flexibility. 

Quality management is an essential part of 
this revolution. Conventional end-of-line 
inspections are shifting towards AI-powered 
automated systems for continuous control and early 
spotting of defects. This transition helps to virtually 
eliminate errors, eliminate the overhead cost of 
rework, and ensures higher overall efficiency. 
Quality 4.0 is one manifestation of this 
transformation how digital solutions can increase 
control over processes and spur on continuous 
improvement. Through early detection of quality 
deviation, including raw material-related problems, 
Industry 4.0 even streamlines the entire supply chain 
by harmonizing the suppliers’ operations and those 
of the end customers [66]. Accepting these 
technologies, however, is not easy, especially for 

SMEs, which have constraints such as investment 
budget and technical know-how. Nevertheless, 
scalable and customized AI solutions are providing 
SMEs with affordable means of digitizing their 
quality control processes. Such solutions enhance 
information processing and support SMEs in dealing 
with the increasing complexity and diversity of 
contemporary manufacturing. Digitalization is an 
iterative process, and SMEs need to floor the line 
between agility and structured processes in order to 
manage uncertainty and to exploit Industry 4.0 to the 
fullest. What really makes this the Fourth Industrial 
Revolution is the merging of physical, biological, 
and digital systems. It’s not just about what gets 
made anymore but, fundamentally, about how it gets 
made. It fosters the adaptive enterprise, reduces 
machine downtime with predictive maintenance, and 
brings about mass customization thanks to hyper-
personalized products [74]. In such an environment, 
machines cease to be passive tools and transform 
into active procedural agents among a decentralized, 
self-conscious, intelligent industrial ecosystem [75]. 
They can learn from data, predict anomalies, 
improve operations, and even trigger self-adaptive 
responses advancing farther along the scale of 
autonomy and decision-making than anything seen 
to date in conventional manufacturing. Having said 
that, the journey to realization of a full end-to-end 
Industry 4.0 vision is a challenging one, and not 
without its roadblocks. The significant capital costs 
for technology upgrades and digital infrastructure 
continue to be a significant deterrent. Furthermore, 
the enormous amount of data generated by the 
connected devices gives rise to new challenges on 
data security, privacy, standardization, as well as 
system interoperability [76]. Addressing these issues 
needs to be a methodology that is light with powerful 
balance on technological readiness and 
organizational maturity. Yet the advantages of real-
time, data-driven business model in industry are 
clear. Artificial intelligence techniques enable your 
systems to: Forecast when a piece of equipment will 
fail, Plan maintenance in advance, Control 
inventories and Provide insights to augment human 
decision-making 

Such transition of manufacturing systems 
from reactive to predictive and prescriptive 
operations results in improved performance and 
resilience. In the future, Industry 5.0 continues to 
evolve from Industry 4.0 with focus on human-
centric, sustainability, ethics, and resilience [77]. 

 If Industry 4.0 is about automation and 
system intelligence, Industry 5.0 is about man-
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machine collaboration, where advanced 
technologies are meant to support, rather than 
supplant, human skills. This new trend includes 
values such as environmental care, social 
commitment, and customized production, where the 
industry is seen not only as intelligent, but also 
inclusive and sustainable. These evolving Such 
emerging industrial paradigms – frequently referred 
to as smart manufacturing, connected industry, 
intelligent industry, or digital production – have 
common objectives: to support real-time, integrated 
human, machine and system communication, and to 
promote modular, flexible, and adaptive production 
systems, flexible, adaptive production 
infrastructures [78, 79]. In doing so, they build 
industrial systems that are able to react immediately 
to changing requirements, minimize waste and 
energy consumption, and actively support circular 
economy approaches. But this change is about much 
more than technology. It is an economic and social 
transformation at its root, one that is changing how 
businesses organize their workforces, where they set 
up shop, and how they reach consumers. The ripple 
effects also extend to job design, workplace safety, 
the demands of training, and the reconfiguring of 
global supply chains. From this perspective, not only 
is Industry 4.0 a technological revolution but also a 
sociotechnical disruption that demands new 
governance and policy frameworks, as well as the 
reconfiguration of educational systems, to ensure 
that advancements are achieving equitable and 
sustainable progress [80]. These advances result in 
more efficient use of resources, less waste, and 
create sustainable economic development, as well as 
improving quality of life by creating smarter cities 
and improved healthcare services. But the shift isn't 
without significant downside risks, as well, such as 
job loss to automation, rising inequality, 
cybersecurity threats, and data privacy worries. In 
the energy field, the fourth industrial revolution is 
the key driver for increasing the efficiency of energy 
management and human performance; in particular, 
by reducing clearly human errors through AI 
systems and with the integration of the management 
approach. The research and development (R&D) 
have a strategic importance for the successful 
implementation of Industry 4.0. It allows to design, 
validate, and orchestrate latest technologies (such as 
CPS, IoT, AI). R&D is essential to developing novel 
solutions special to the requirements unique to 
various industrial sectors, especially in overcoming 
challenges such as skill shortages to the uneven 
digital readiness across companies. Technological 
breakthroughs will be combined with a human and 
organization experience. R&D leads toward 

effective Industry 4.0 adoption. Emanating from the 
above orientation, factors influencing performance 
contribute to operation of plants, such as skill 
flexibility, visioning, robust energy policy, among 
others, as captured by literature survey, are being 
harnessed, thus addressing potential for human error. 
Higher spending on R&D enables companies to 
strengthen their position on global markets and 
industrial efficiency, as well as moving to more 
sustainable and autonomous production systems. 
This reduces dependence on foreign talents and 
develops local innovation ecosystems. Full 
advantage of Industry 4.0 is built by adoptive 
strategies: continuous training on new technologies, 
innovation culture, and robust security focusing on 
data and systems. In the end, the combination of 
Industry 4.0 and R&D offers uncharted potential, but 
only if we can master its challenges and keep its 
negative impact on economic, social, and 
environment in balance with the positive benefits 
[81, 82, 83]. It is the combination of these emerging 
technologies that is creating a shift from a 
centralized industrial model, producing monolithic 
goods to a decentralized, intelligent “network” in 
which value is generated, shared, and consumed in a 
completely different pattern. We see a great example 
of this evolution with the digitization of Lean 
principles. By incorporating digital technologies, 
including AI, IIoT, and machine learning, into Lean 
processes, organizations can increase the 
productivity, efficiency and intelligence along the 
product journey. So, these digital Lean systems 
provide full transparency into detailed, up-to-date 
views into operations, support quick decision 
making, and offer predictive insights that no 
traditional lean tool has been able to proactively 
provide before. 

 
5. THE INTEGRATION OF ARTIFICIAL 
INTELLIGENCE IN INDUSTRY 4.0 

Artificial Intelligence (AI) is one of the 
most disruptive forces accelerating Industry 4.0, 
changing the way industries do business, develop 
products, and compete. And it isn’t just a case of 
automating established methods one by one AI is 
rewriting the script for industrial systems as a whole, 
embedding intelligence into machines, workflows, 
and networks. Picture manufacturing systems that 
not only carry out commands, but that learn, predict, 
and adjust in real time.AI is essential for product-
level quality improvement. You now thrive to ship 
products that are as close to perfection as possible; 
that is where cutting-edge computer vision 
technology comes to play, which is capable of 
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detecting defects invisible to the human eye, 
optimizing production flows by predicting 
bottlenecks using predictive analytics, and reacting 
rapidly to the ever-changing tides of the market. 
These efficiency improvements, however, are not 
the only benefits; they also contribute to substantial 
cost reductions as well as resource efficiencies, 
allowing businesses to work smarter and leaner than 
ever [61]. But the tale of AI’s effect goes much 
deeper than automating rote or backbreaking work. 
As AI systems advance, perhaps they will become 
more like intelligent collaborators, cognitive co-
agents that reason through vast streams of data in 
real time, discern intricate patterns, or even act on 
their own in ever-changing, high-stakes situations. 
Imagine smart factories or power grids where split-
second decisions could be the difference between 
seamless systems and painful shutdowns. Here, AI’s 
power to help predict when equipment will fail 
before it does a phenomenon known as predictive 
maintenance is remaking the way that companies 
protect their investments, minimize downtime, and 
mitigate operational risk. Likewise, in quality 
control, machine learning algorithms have been 
shown to detect subtle defects that would be 
overlooked by human inspectors, thereby ensuring 
product quality and its adherence to demanding 
requirements [84]. 

This transformation changes the 
relationship between man and machine at its core. 
Now, AI is not just a passively useful tool but an 
active collaborator learning from, and adapting with, 
human expertise. That means taking industries that 
have been built around unyielding, rule-based 
systems and transforming them into dynamic, 
learning-driven ecosystems, not simply automating 
and optimizing existing processes, but transforming 
them in a way so that machines don’t replace 
humans, they augment them. The people in your 
organization are freed up from the drudgery of 
monitoring simple tasks twenty-four hours a day, 
seven days a week, so they can focus on innovating, 
planning, and improving. This partnership between 
humans and AI is particularly important in complex, 
uncertain, volatile, and ambiguous environments, 
where timely and knowledgeable action can mean 
the difference between success and failure [61, 84].  

There’s also the new horizons AI is 
unlocking in how companies generate value. 
Whether it’s enabling mass customization in 
manufacturing or driving intelligent, personalized 
customer experiences on digital platforms, AI not 
only powers agility and efficiency but also drives 

innovation. It’s also an important driver of 
sustainability in that it ensures energy efficiency and 
waste reduction, and supports circular economy 
practices, which extends the use of resources and 
minimizes the impact on the environment. As 
opposed to just adding technical functionality, AI is 
a key component of Industry 4.0, which is leading to 
smart, connected, and proactive enterprises. As 
industries continue to change, AI’s impact will grow, 
requiring not just technical advances but thoughtful 
integration into business culture, ethical 
frameworks, and workforce development plans. The 
real challenge is not whether AI will change industry 
altogether, but about how we steer that change to be 
fair, sustainable, and in accordance with human and 
social values [84]. This symbiotic relationship 
among humans with machines and AI can be 
observed inside smart factories. In the age of 
Industrial Internet, plants and machines are 
interconnected with sensors and transfer data 
constantly in real time in structured and unstructured 
formats. These endless streams of structured and 
unstructured data are ingested into the system via the 
UI, APIs, and connectors, and AI-based platforms, 
driven by sophisticated algorithms, neural networks, 
and real-time analytics, process them to spot unusual 
patterns, discover trends and business trends, and 
produce predictive and prescriptive guidance. 
Drawing from the data related to Internet of Things 
(IoT), these smart platforms increase industrial 
responsiveness, enhance resource efficiency, and 
simultaneously align production with sustainability 
objectives and greener manufacturing strategies 
[85]. Over time, we’re starting to see the emergence 
of cognitive production environments where 
machines not only follow instructions, but learn, 
adapt, and even optimize inferences and actions with 
very little human intervention. Yet, AI’s 
transformational effects venture well outside the 
factory walls. It is remaking the service economy, 
altering how professional services are rendered, 
organized, and even what they are. To do so, we can 
take a theoretical model of human service 
intelligence that is broken down into four layers: 
Mechanical, Analytical, Intuitive and Empathetic 

Most AIs pass through such stages starting 
from performing crude, mechanistic operations; 
progressing to exercises in analysis, which involve 
logic, reasoning, and pattern recognition; and 
extending further into intuitive and empathic realms 
that, early on, were considered uniquely human [86]. 
This development also prompts deep philosophical 
and practical questions: What does competence look 
like in the age of ubiquitous computing? What is the 
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remaining alloy of human judgment, ethics, and 
emotional intelligence that can never be replaced? 
How do we prevent the ascendancy of AI from 
depleting the deep social and emotional texture of 
human interaction? 

Against this setting, AI is fast emerging as 
a crucial enabler of next-gen manufacturing systems 
that are flexible, user-friendly, and hyper-wired. 
This allows for decentralized decision making, smart 
scheduling, and distributed production. Machine 
intelligence underpins: Small-batch manufacture 
Rapid reconfiguration High product variety but not 
at the expense of efficiency or accuracy [87]. These 
smart factories, as opposed to old school defensive 
environments, absorb information about operations, 
employee engagement, and environmental cues, 
apply evermore finely tuned processing to 
workflows as they evolve. They also build smart 
learning ecosystems that can track: Workforce 
behavior and Cognitive load. Training needs to 
deliver personalized development paths. One such 
context is that of an industrial symbiosis between 
humans and AI, to which this work will be dedicated. 
In conjunction with these progresses, investigative 
methods like Data Mining and Natural Language 
Processing (NLP) greatly contribute to industrial 
improvement. Data Mining reveals hidden patterns, 
correlations, and anomalies among large sets of data, 
which allow decisions to be made faster and more 
efficiently in maintenance, diagnostics, and quality 
assurance. NLP allows natural, human-machine 
interfaces to be supported, where systems can 
interpret natural language inputs which improve ease 
of use and reduce response time in emergency 
situations. Conversational AI agents are more and 
more present on the shop floor, fostering knowledge 
sharing, ensuring procedural compliance, and 
simplifying incident reporting. AI is part of the daily 
operation. 

However, despite these promising 
possibilities, AI-based strategies encounter key 
challenges: Data quantity and quality, Opaqueness in 
AI decision making, Computational resources and 
interoperability challenges 

Cyber security remains big challenges for 
broad adoption and trust [32]. The security, quality, 
and reliability of data directly affect the robustness 
of the AI algorithm that uses it. False data can result 
in bad decisions that can be harmful. Therefore, the 
creation of strong data governance and the 
improvement of model interpretability and 
consideration of ethical aspects in AI development 

are crucial for establishing trust in AI for industrial 
applications. In software engineering, artificial 
intelligence (AI) techniques, such as: Machine 
Learning and Heuristic algorithms 

Deep Learning have been more and more 
considered to automate and improve different 
processes during the software development 
lifecycle. These span from: Requirement 
engineering, Design, Automated testing, Quality 
assurance, Continuing maintenance. In particular, 
ML has been quite promising for: Software defect 
prediction and Requirement classification. 
Continuous improvement of code quality based on 
iteratively learned knowledge. Hybrid approaches, 
which leverage both ML and NLP, have shown their 
effectiveness in challenging tasks such as: 
Recovering traceability links between software 
artifacts and User story comprehension. Customer 
feedback analysis to drive the iterative design 
decisions [91,92]. Therefore, software engineering 
is, itself, becoming more flexible, cooperative, and 
intelligent in line with the overall shift to Industry 
4.0. 

At the core of the current digital revolution 
lies the fundamental infrastructure of all the modern 
industries: The Information and Communication 
Technologies (ICT) infrastructure. It is in this 
complex mesh of communications and processing 
power, underpinning what ultimately becomes 
smart, seamless communication and automation, that 
Artificial Intelligence (AI) takes its logical place as 
a cornerstone enabler. AI incorporated into ICT is 
more than just a future enhancement for 
hyperconnectivity; it grants industries 
unprecedented predictive accuracy, remarkable 
strategic agility, and unparalleled quick responses to 
the topsy-turvy tides of the global market demands 
[93].  

One of the most compelling aspects of 
Industry 4.0, and perhaps one of the most 
revolutionary, is the flexibility for industrial 
activities to adapt in real time. Think of production 
lines that can automatically reset themselves in the 
blink of an eye as conditions change whether 
because of a sudden scarcity of raw materials, 
fluctuating energy supplies, or quickly changing 
customer preferences. These more evolutionary 
forms of intelligence far surpass simple behavioral 
efficiencies and represent a basic element for 
business resilience and continuity readiness in the 
challenging, volatile, and complex world [94]. It’s a 
deep inversion, from rigid, top-down processes to 
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flexible, learning ecosystems that can surf the waves 
of challenge and opportunity. The revolutionary 
potential of AI stretches beyond assembly lines, 
leaving an indelible mark in a wide array of different 
areas. Its increasing reach, in a wide variety of 
contexts, has been revealed recently in several 
studies. Consider environmental engineering, for 
instance. Here, advanced artificial intelligence 
networks called deep neural networks are 
transforming the way we treat wastewater. These 
intelligent systems improve not only the accuracy of 
water quality prediction, but also the efficiency of 
energy consumption and operating costs, such that 
water treatment is smarter and greener [95, 96]. 
Likewise, in the world of finance, AI is discreetly 
and profoundly shaking the foundation of the 
banking sector. It is these insights and the immediate 
action that it allows us to take which drive value 
through solving a problem, or reaching an outcome, 
not simply in the identification of a pattern [96]. 
Real-time analytics can draw quick insights and 
auto-model the dataset, opening a new era in the 
bank's domain. And healthcare is no different: AI-
enabled devices are helping clinicians to diagnose 
diseases earlier and more accurately, speeding up 
drug discovery, and assisting in key clinical 
decisions with advanced imaging and predictive 
analytics. This cross-industry success demonstrates 
the unique horizontal scalability of AI and its 
profitability as a catalyst in data-rich, outcome-
critical organizations. But more importantly, the 
influence of AI suggests a profound structural 
change – not only accelerating the automation of 
routine tasks, but changing the very definition of 
how we think about, design, and operate complex 
industrial and service systems. It facilitates spending 
in a more intelligent and subtle way, increases 
economic competition, and builds the basis of 
sustainable growth inspired by constant innovation, 
re-investment, and flexible business models [98, 99]. 

This transformation is being further pushed 
by an ecosystem of converging technologies 
collaborating with each other. We are designing 
explainable AI (we call this family of techniques 
XAI) to bring greater transparency and trust; cobots 
and human-machine collaboration are becoming the 
mantra for effective teamwork, and edge computing 
and federated learning are democratizing 
intelligence by moving machine-learning speed 
nearer to the sources of data and also enabling 
privacy. 

Right at the heart of this transformation is 
the Industrial Internet of Things (IIoT), which acts 

as the 'nervous system' of today’s smart factories. 
The IIoT sews these sensor, device, digital twin-
based, and AI-driven networks together into an 
intelligent, cohesive fabric. Owing to the 
developments of the emerging cyber-physical 
systems (CPS) and cloud computing, this 
convergence has been powering a paradigm 
transition to decentralized, resilient, and self-
regulating production networks factories that not 
only obey orders, but think, respond, and adapt 
spontaneously since the mid-2010s [100]. 

With increasing transparency, 
accountability, and ethical fidelity, the boundaries 
between human intelligence and AI are only going 
to blur in interesting ways. The central challenge and 
the greatest promise will not be replacing human 
intelligence, but the design of AI systems that we can 
trust, that do what we want without crashing, being 
hacked, or turning murderous because we got the 
command wrong. 

The future of Industry 4.0, or the next 
waves of digital transformation, depend on fostering 
this balanced and participatory relationship where 
humans and machines learn from each other, grow 
together, and coexist in prosperity. 

Ultimately, this vision is leading us towards 
a world that is not simply more efficient and 
productive, but also more equitable, sustainable, and 
deeply human a digital society where technology 
reflects our values, ambitions, and shared potential, 
and acts as an equalizing force, empowering 
individuals from all walks of life to achieve their 
best. 

 
6. INDUSTRY 4.0 AND LEAN 
MANUFACTURING 

Lean is not just about using different tools 
or even a management technique; it’s a way of 
thinking that was developed from needs, innovation, 
and a thorough understanding of what truly drives 
value for the customer. Introduced by Toyota as a 
response to the waste and inefficiencies of traditional 
mass production for automotives in the 1940s, as 
part of Toyota’s revolutionary Toyota Production 
System (TPS), Lean was developed out of necessity. 
Rather than concentrating only on how to maximize 
outputs, Toyota’s predecessors thought differently 
about how to maximize business efficiency by doing 
something more meaningful: providing real value to 
the customer and then eliminating anything that is 
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not contributing to that objective. This involved a 
systematic focus on eliminating waste, or muda, as 
well as reducing unevenness in work processes 
(mura) and overburdening people or machines 
(muri). 

At its heart, Lean promotes a few strong 
tools and principles which have endured for a 
number of years. Value Stream Mapping (VSM), 
which visually disassembles every step of a process 
and identifies waste, Just in Time (JIT), which 
ensures that inventory arrives as and when needed, 
rather than too early or too late, all are some of the 
pillars from which this approach is established. 
Kanban, Jidoka automation with a human touch 
Heijunka leveling/balancing production schedule to 
avoid overcapacity or bottlenecks and standardized 
work methods all come together to create a system 
that is smooth, dependable, and adaptable. But Lean 
isn’t a means of reducing costs so much as of 
rethinking how to create value, with the ambition of 
delivering the proper product at the proper moment, 
and with a minimal amount of waste. Ultimately, we 
want to create stable, predictable, and customer-
driven systems that are anchored in customer 
demand. 

While Lean was developed for the 
automotive and manufacturing sectors, its principles 
are widely applicable across many different types of 
industries. Healthcare, where it optimizes patient 
care delivery; logistics, where it eliminates shipping 
delays; finance, where it fosters transparency; 
software development, which it fuels with Lean-
Agile frameworks; and even government services, 
which it helps make more efficient Lean has shown 
incredible diversity. These benefits of clearer 
processes, faster lead times, higher quality, and 
happier customers have been enjoyed by companies 
large and small (SMEs) alike. Now of course Lean 
is not something you turn on like a light switch. 
Many companies trip over common obstacles such 
as a shallow understanding of Lean's deeper 
philosophy; organizational inertia; an aversion to 
fundamental cultural change; or an absence of 
dependable, data-based decision-making systems. 
There are cases when drive to pursue some Lean 
ambitions fades and dissipates because they are 
stand alone or not endorsed by the full management, 
which once again confirms that in Lean it is more 
about people and style of work than about techniques 
and tools. Now along comes Lean 2.0 or, in simpler 
terms, Industry 4.0, with a promise to put even more 
characters and twists and turns back into the Lean 
story. The advent of digital technologies AI, IoT, 

CPS, cloud computing, big data analytics, robotics, 
and digital twins has laid the groundwork for Lean 
to continue to transform itself. This cross-
fertilization of Lean principles and advanced digital 
era tools has led to what is considered today Lean 4.0 
or Digital Lean Manufacturing [103]. Picture 
traditional Lean methods on steroids, with real-time 
data, predictive analytics, and intelligent 
automation. From engineering processes and 
troubleshooting problems on the fly to predicting 
when machines will require maintenance and 
automating quality control, Lean 4.0 is driving 
production environments toward not just being agile 
and efficient but truly self-learning and self-
optimizing. The roots of Lean reflect a significant 
change in a way of thinking about manufacturing 
advocated by Taiichi Ohno, who railed against the 
inflexibility of mass production. Instead, he 
envisioned a manufacturing system that moves 
swiftly and flexibly, driven by customer demand 
rather than pushing standardized output. This system 
was designed around the principles of low variation, 
little-to-no inventory, short lead times and flow, all 
of which were painstakingly integrated to make sure 
the customer gets exactly what they want, when they 
want it [104, 105]. 

It’s a universe where every process, every 
choice, and every step in the process of making 
something adds value and is waste-free. But the 
contrast to traditional mass production in Lean 
couldn’t be starker. At that time size and scale of 
operation were considered fundamental drivers of 
success, and mass production focused increasingly 
on delivering economies of scope and isomorphism 
at the cost of customization and responsiveness to 
customer demand. Today, markets increasingly 
demand the opposite of what mass production was 
designed to provide: product variety, speed of 
product delivery to market, personalization and rapid 
innovation. These are challenges that are made all 
the more acutely felt against a backdrop of global 
competition and economic instability, and as such, 
they force organizations to reconsider the very 
nature of Lean through the Industry 4.0 lens. 
Furthermore, the massive development of cyber-
physical systems, cyber-enabled physical devices 
that can be connected to a network to monitor, 
control, and optimize its operations, has turned a 
traditional production ecosystem into a dynamic, 
intelligent environment where efficiency, quality, 
and flexibility are able to coexist [106, 107]. 

Application of Lean 4.0 will allow 
companies to utilize real-time data analytics, 
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predictive modeling, and AI-based decision support 
to completely rethink how manufacturing and 
service systems work. Smart factories, covered by 
sensors and edge computing devices, do not wait for 
faults to show up, they pick up inefficiencies on the 
fly, graphically represent the performance on 
interactive dashboards and, sometimes, take 
corrective actions automatically, without human 
intervention [108]. Not only does it further 
traditional Lean objectives of waste reduction and 
flow improvements but it also scales, tracks, and 
adapts those objectives to the pace of modern 
enterprises. Digital Lean also enables companies to 
deal with ever more complex and sometimes 
conflicting requests. And no wonder: The challenges 
of mass customization, zero defects, cost 
containment, compliance, and sustainability are a lot 
to manage at the same time. Due to the data-based, 
decentralized nature of Industry 4.0, intelligent value 
creation networks arise, in which all elements of the 
value chain from raw material supplier to end 
consumer are in constant communicative exchange 
and adjust and optimize themselves [109]. This is a 
world away from old linear production models; 
migrating to integrated, linked ecosystems will see 
Lean thinking not just survive but thrive. 

While the proliferation of tech is the current 
center of attention, it’s important to remember that 
the core principles of Lean respect for people, 
continuous improvement (Kaizen), and an 
unshakeable customer centricity hold just as much 
value today as ever. In reality, they are being 
revitalized and re-imagined in the digital age. The 
Lean thinking was, since it was defined 
internationally in the 90s, coming out of the factories 
also in health care, software production, education, 
and public administration. The fact that it has 
become so widespread is a testament to the timeless 
universality of Lean concepts. 

Now, in this continuum, Lean 4.0 can’t be 
seen as a departure from the past but as an evolution. 
It combines Lean’s intensely people-centric way of 
thinking with the transformative technologies of 
Industry 4.0cyber-physical systems, IoT, AI, and 
real-time analytics. Far from being opposing 
paradigms, Lean and Industry 4.0 are now described 
as complementary drivers. Lean provides a powerful 
organizational culture based on process discipline 
and unrelenting value and waste focus. Meanwhile, 
Industry 4.0 offers intelligence, connectivity, and 
automation that improve decision-making, 
encourage proactive maintenance, deliver real-time 
monitoring, and support agile response to changing 

customer needs. They work together as a formidable 
partnership, shaping the future of manufacturing and 
beyond. So, when we combine Lean and Industry 
4.0, we get a synergistic combination; a combination 
that allows companies to become operationally 
excellent, while at the same time, remaining agile 
and deeply human-based in an increasingly complex 
world. 

Combining leading digital technologies 
with the proven principles of Lean, companies can 
go to another level with the way they improve their 
operations. This fusion makes it possible to lift the 
quality right at the source, fosters a culture of 
innovation informed by deep data and insights, and 
provides the tools that enable smarter decision 
making at every turn. 

 At its core, Lean 4.0 doesn’t water down or 
rewrite Lean’s central tenets: It magnifies and 
refreshes them empowering business with the means 
to work through complexity, power worthwhile 
change, and provide increased value in the age of 
smart manufacturing [71, 21]. But it’s worth 
remembering Lean 4.0 is about more than 
technology. 

Most researchers and professionals advise 
not to think of it as an exclusively digital work. 
Though these technologies AI, IoT, cyber-physical 
systems are undeniably potent enablers, they cannot 
alone drive the type of change that lasts and matters. 

The real win for Lean 4.0 is that it relies on 
a profound systemic transformation in the 
organizations a transformation integrating 
technology, but also fundamental changes in culture, 
way of thinking, and work practices at the daily level 
at all levels. It begins with redefining the old 
workplace roles. The rule is the more tech-savvy a 
company becomes with automation and smart 
systems, the more forward-thinking exists in the type 
of employees that work there. They suddenly 
become data translators, people making decisions 
based on the data in real time, and, most importantly, 
people looking for new ways to do things better. To 
enable this, companies must make sweeping 
investments in upskilling and reskilling upskilling 
their people in the technical competencies that are 
needed to augment their jobs, but also the cognitive 
and socioemotional skills that comprise the very 
scaffolding of digital transformation. Just as 
important is promoting the building of cross-
function skills. Lean 4.0 is working in some of the 
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most interconnected and sophisticated ecosystems 
on the planet, with the bottlenecks and silos of 
decades past. 

Successful deployments rely on fostering 
agile and teamwork-oriented models in which 
knowledge flows naturally across operations, IT, 
quality, maintenance, customer service, and more. It 
is an environment that gives interdisciplinary teams 
the freedom they need to hunt for problems, try 
solutions, and make incremental, iterative changes 
through collective effort. Leadership needs to 
change along with those changes. Old-school 
command-and-control styles are increasingly falling 
short in today’s fast-paced, tech-driven 
environments. 

What is required instead is a more 
empowering, participative leadership style one that 
promotes an experimental orientation, sincerely 
appreciates frontline ideas, and synchronizes 
technology initiatives to business strategies and 
customer desires. It is a leadership model that is 
grounded in vision, trust, and empowerment, one 
that sees leaders as enablers and enforcers of 
innovation and higher performance, not as mere rule 
enforcers. At the core of Lean 4.0’s success are its 
cultural and human elements they are not optional 
extras; they are the pillars that the class stands on. 
Most digital tool implementations that lack an 
organizational culture that values learning, 
engagement of employees, and alignment of these 
efforts to value generation become siloed projects 
that lose a return on investment over time. Even 
worse, a tech-only paradigm can spark resistance, 
anxiety, or disengagement among workers 
especially if they feel left out or are concerned about 
losing their jobs to machines. Indeed, people are at 
the heart of Lean 4.0. 

Workers aren’t merely machine operators 
or data jockeys they are value creators in the cyber-
physical production system. It is these capabilities to 
understand complex data, to react to changes 
unexpectedly, and to combine efficiently with 
narrow-minded systems, which endow Lean 4.0 with 
its disruptive force. Hence, companies need to focus 
on people developing inclusive change management 
practices, nurturing human-centricity, to harness the 
potential of digital transformation and increase the 
human contribution to operations’ excellence [111]. 

In practical terms, Lean 4.0 embodies a 
paradigm shift that sees machines not replacing 

human intelligence but rather complementing and 
amplifying it. 

Smart systems thrive in data crunching and 
high-speed solving of complex optimization 
problems, but they’re hobbled when it comes to 
ethical judgment, creativity, empathy, and strategic 
thinking into the longer-term future. Collectively, 
this human-machine partnership, and the workplaces 
it supports, does not just encourage technical 
excellence, but it also empowers, promotes well-
being, and promotes a shared sense of purpose. This 
new model of operational excellence results from 
this combination of Lean’s age-old principles of 
flow, waste-elimination, and customer value with 
the potential of Industry 4.0 for data-driven 
intelligence, traceability, and flexibility. This is a 
model that goes beyond the bulls**t numbers of 
profit and productivity its re-embraces adaptability, 
responsibility, and stewardship. Lean 4.0 is a holistic 
and systemic solution to the complex elements of the 
Fourth Industrial Revolution. 

In addition, it is a way to Industry 5.0 a 
vision of the future where technological progress is 
not only smart, fast, and green, but also, and first and 
foremost, human-centered, sustainable, and socially 
impactful. 

 
7. INTEGRATION OF THE ARTIFICIAL 
INTELLIGENCE IN THE KAIZEN METHOD 
IN THE INDUSTRY 4.0 

In today’s rapidly changing industrial 
reality, characterized by constant digital 
transformation and increasing hyperconnectivity, 
organizations must strive for twin goals at the same 
time: Technological excellence Operational efficacy 
This two-pronged approach is no less a matter of 
choice and is now a prerequisite for competitive 
position in a world where: Real-time responsiveness 
is imperative, Data drives decisions and Sustainable 
value generation is the lifeblood of prosperity. 

In this setting, tools of Lean manufacturing 
in general, and Kaizen in particular, have proven to 
be quite robust and accommodating. Initially 
grounded in human-focused, incremental 
improvement, Kaizen has evolved into a strategic 
philosophy that fuels the development of 
organizations and incremental optimization. It has 
now emerged as critical in reconciling industrial 
processes with the agility, accuracy, and 
responsiveness that Industry 4.0 demands [112]. 
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Kaizen, a Japanese word that translates to 
“change for the better,” refers to the philosophy of 
ongoing, incremental improvement. Its fundamental 
purpose is to eliminate waste (muda), reduce 
inefficiencies, and thereby increase productivity 
through change based on a continual improvement 
methodology of small, additive changes. Major 
advocate of Kaizen, Masaaki Imai, recognizes: 
Employee participation, Standardization, using data 
to make decisions and These are key drivers of high 
performance [115]. 

This philosophy helps to create an 
environment in which all employees from the shop 
floor up to management are encouraged to suggest 
how things can be done better, and thus, a collective 
effort to improve performance. But while the 
industrial era is being replaced by the digitally 
augmented enterprise, AI doesn’t show up as a mere 
instrument it is a strategic-thinking collaborator that 
can help manage greater complexity. When artificial 
intelligence meets classical Lean tools, such as 
Kaizen, all new possibilities are on the horizon: 
Automating low value-added tasks, facilitating root 
cause analysis, accelerating feedback loops and 
acting for predictive and prescriptive decision 
making. 

This combining of two methodologies (AI 
plus Kaizen) to draw on the resources in them to be 
able to manage complexity and still maintain the 
more structured, more humanistic way of working 
with improvement. Despite the encouraging synergy 
potential, the literature does not present an in-depth 
investigation on the AI applicability to Kaizen, 
neither theoretically nor practically. Most of the 
published literature either sheds inadequate light on 
Kaizen-AI symbiosis or does not specifically 
highlight the symbiotic relationship of AI Kaizen or, 
if it does, AI-empowered Lean is treated as an 
emergent science exclusively. For instance, the work 
on Kaizen Programming [113] delves into 
automated reasoning in process improvement logic, 
other approaches [114] seek to understand how 
Kaizen-like checklists can be used for designing AI 
systems to achieve enhanced consistency and 
operational reliability. 

However, these efforts are partial, and in 
some cases, isolated ones that focus on some of the 
Kaizen principles but are lacking a comprehensive 
explanation of how AI could be completely 
integrated into Kaizen when conducted in industrial 
environments.  

In order to bridge this gap, a focused 
literature review was conducted in the two major 
academic databases Web of Science and 
ScienceDirect using specific terms related to the 
intersection between AI and Kaizen in industry. The 
results of the review unveiled an important 
knowledge gap: There are just two studies which 
partially address this link, emphasizing the lack of, 
or at least the need for, a more systematic work in 
academia on the inclusion of AO within the total 
Kaizen model. This underlines the pressing need for 
an integrated research agenda to examine the AI-
Kaizen synergy in more depth theoretically and 
practically. Further still, in the current technological 
age, in which Industry 4.0 technologies stand as key 
competitive levers, integrating continuous 
improvement methods such as Kaizen with 
intelligent systems in a strategic manner constitutes 
a disruptive opportunity. As mentioned in [112], AI 
can facilitate and, in some cases, accelerate Kaizen 
through: The automation of routine or low value-
added operations Real-time predictive analytics 

A drastic reduction in the Plan-Do-Check-
Act (PDCA) cycle feedback time. Although a large 
part of the cited research in [115] has been conducted 
in an educational setting, the implications for 
industrial practice are relevant. As per the literature, 
it has been proposed that there are ten iterations of 
Kaizen that are organized (Hayman, 1993) [116]. 

The continuous improvement cycle’s four 
foundational steps are: 

7.1 Point Improvement Detection 
Kaizen starts with identifying individual 

aspects of a process, workflow, or system that need 
improvement. These could be due to wastage, 
repetition, bottleneck, latency, overstock, or 
customer dissatisfaction. Detection can be triggered 
by a variety of causes for example: Performance 
reports, Customer inquiries, Quality checks, 
Employee observations. Tools that may be used at 
this stage include: Process maps, Value stream maps, 
Pareto analysis, Structured feedback methods. Most 
importantly, including employees at every level, 
particularly those working closest to the business on 
a day-to-day basis, uncovers practical insights that 
would otherwise go unnoticed. 

 
7.2 Problem Recognition or Opportunity 

Recognition 
With a clear area of opportunity in mind, 

the next step is to articulate precisely and objectively 
what the problem or opportunity consists of. This 



 
 Journal of Theoretical and Applied Information Technology 

15th November 2025. Vol.103. No.21 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
9068 

 

would require close observation and analysis of the 
current process for: Quantitative or qualitative 
information. Clearly defining the problem in terms 
of negative impacts on: Quality, Cost, Lead time and 
Customer satisfaction.A problem statement that is 
both well-articulated and well-supported will adhere 
to these five criteria: Specific, Measurable, 
Achievable, Relevant and Time-bound.  

 
7.3 Analysis of the Current State 

Such clarity unites team members and 
becomes the basis for further analysis and solution 
creation.  Once you have a well-defined problem 
statement, you must understand the current process 
and where it is breaking down or inefficient. Tools 
such as: Process flow analysis, Time-motion studies, 
Gemba walks SIPOC (suppliers, inputs, process, 
outputs, customers) diagrams are effective means of 
understanding a true baseline. Differentiating 
between superficial manifestations and systemic 
problems, this investigation also creates an objective 
standard for before and after comparisons of any 
improvements we may decide to make. 

 
7.4 Root Cause Identification 

One of the most crucial and often 
overlooked steps in any improvement journey is 
truly understanding the root cause behind the 
problems we face. It’s tempting to jump straight to 
fixing what’s visible on the surface, but without 
digging deeper, those fixes often end up being band-
aids that wear off quickly. 

That’s why the shift from symptom 
treatment to root cause analysis is so essential. 
Techniques like the 5 Whys invite teams to ask 
“Why?” again and again sometimes five, sometimes 
even more times until they peel back the layers of 
complexity and get to the heart of the issue. For 
example, a machine might be breaking down 
repeatedly, but asking why reveals not just the 
mechanical fault but maybe poor maintenance 
scheduling or inadequate operator training as 
underlying causes. 

Similarly, Ishikawa diagrams, also called 
fishbone diagrams, visually map out all the potential 
contributors whether they come from people, 
processes, materials, machines, environment, or 
methods giving teams a structured way to brainstorm 
and organize their thoughts. Cause-and-effect 
matrices take this further by helping prioritize which 
causes have the biggest impact, so the team isn’t 
overwhelmed by every possible factor. 

What makes root cause identification so 
powerful is that it forces us to challenge assumptions 
and look beyond the obvious. Often, the true causes 
are hidden in plain sight buried in outdated policies, 
technology gaps, or even subtle human behaviors. 
By rigorously testing and validating these root 
causes, organizations avoid chasing shadows and 
invest their energy in solutions that truly matter, 
setting the stage for meaningful, lasting change. 

7.5 Solution Development 
Once the root cause is clearly understood, 

the journey moves toward creating solutions that are 
as targeted as they are practical. This stage is less 
about quick fixes and more about thoughtful, 
creative problem-solving. Bringing together a cross-
functional team is key here. 

Imagine the value when operators, 
engineers, quality specialists, and even frontline 
staff share their diverse experiences and ideas this 
variety of perspectives often sparks innovative 
solutions that no single department could generate 
alone. Brainstorming sessions become lively forums 
for creativity, with no idea dismissed too quickly. 

These ideas then need careful evaluation 
against real-world constraints. Feasibility questions 
surface: How much will it cost? Will the solution 
align with the company’s strategic goals? What risks 
are involved? 

Tools like the impact-effort matrix help 
prioritize options, spotlighting those with the highest 
potential benefit for the lowest effort. Cost-benefit 
analyses further ensure that investments yield 
meaningful returns. Engaging stakeholders 
throughout this process is crucial not only does it 
build buy-in, but it also ensures the solutions address 
practical realities on the ground. By the end of this 
phase, the team isn’t just choosing a fix; they’re 
crafting a solution designed to uproot the problem 
and support long-term operational excellence. 

7.6 Solution Testing 
Even the best ideas need a test drive. Before 

committing fully, it’s wise to pilot solutions on a 
small, controlled scale. This trial phase works like a 
safe sandbox allowing teams to observe how 
changes behave in real-life conditions without 
putting the entire operation at risk. During the pilot, 
data is collected carefully, and feedback loops are 
established to capture what’s working and what 
isn’t. 
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This iterative process enables quick 
refinements and adjustments, reducing the 
likelihood of costly mistakes later. It also plays a 
vital role in building confidence among stakeholders 
from frontline workers to management who can see 
firsthand the impact and feasibility of the proposed 
changes. 

7.7 Small-Scale Implementation 
After a successful pilot, the next logical 

step is to expand the solution’s application but still 
within a manageable scope. This small-scale 
implementation phase is about putting the refined 
solution into practice with clear guidelines and 
sufficient support. This might mean updating 
Standard Operating Procedures (SOPs), adjusting 
machine settings, or reallocating personnel resources 
to align with the new way of working. Equally 
important is communication: every affected 
employee needs to understand not just what has 
changed but why it matters. 

Targeted training sessions help build the 
necessary skills and confidence, while proactive 
change management addresses resistance and fosters 
enthusiasm. Real-time monitoring during this phase 
is critical. It allows teams to ensure the solution is 
applied consistently and is delivering the intended 
results. Early detection of any glitches or deviations 
prevents minor issues from escalating and keeps the 
momentum moving forward. 

7.8 Data Collection for Evaluation 
With the solution now operational, the 

focus turns to gathering data that objectively 
measures its performance. Organizations identify 
and track Key Performance Indicators (KPIs) 
directly linked to the original problem whether that’s 
reducing defect rates, cutting cycle times, lowering 
costs, or improving safety metrics. Consistent, 
rigorous data collection enables evidence-based 
evaluations rather than gut feelings or anecdotal 
observations. Teams can see clearly if the solution is 
making a real difference, and if those improvements 
are sustainable over time. If the numbers aren’t quite 
hitting the mark, data-driven insights help guide 
necessary adjustments or signal when a different 
approach might be needed. This stage transforms 
intuition into informed decision-making and ensures 
accountability by keeping progress transparent and 
measurable. 

 
7.9 Monitoring of Results 

Improvement is never truly finished it’s a 
continuous journey rather than a final destination. 

Even after a solution proves successful and is fully 
implemented, ongoing monitoring remains vital to 
maintain the gains and adapt to new challenges as 
they arise. Regular performance reviews, audits, and 
open feedback channels create a feedback-rich 
environment where any regression or emerging 
issues are quickly spotted and addressed. 
Sometimes, this leads to additional Kaizen events 
focused sessions that further refine processes, solve 
unforeseen problems, or push performance to new 
heights. This culture of vigilance and accountability 
ensures that improvements aren’t just one-time wins 
but become embedded in the organization’s DNA. 
Over time, this mindset builds resilience and 
adaptability, enabling companies to evolve 
continuously in the face of change. 

 
7.10 Repetition and Standardization of Best 

Practices 
The final step is to standardize successful 

improvements and disseminate them organization-
wide. This involves updating documentation, 
embedding new practices in training programs, and 
institutionalizing changes into daily workflows. 
Sharing success stories and lessons learned not only 
promotes organizational learning but also inspires 
other teams to engage in continuous improvement. 
Importantly, Kaizen is inherently iterative once one 
issue is resolved, the cycle restarts with a new focus 
area. 

This repetition drives cumulative 
enhancements and cultivates a mindset of relentless, 
dynamic improvement, making Kaizen a powerful 
engine for long-term operational excellence. When 
paired with AI, many of these stages can be 
significantly accelerated and enriched. For example, 
step (7.4), root cause identification, benefits 
tremendously from machine learning algorithms 
capable of detecting complex multivariate patterns 
in large datasets uncovering hidden relationships and 
subtle inefficiencies that might escape human 
analysts. 

In step (7.9), results monitoring can be 
transformed through AI-powered real-time 
dashboards, delivering immediate insights into 
performance fluctuations and enabling rapid 
corrective actions. 

Finally, step (7.10) standardization can be 
streamlined by automating routine documentation, 
knowledge sharing, and best practice dissemination 
using natural language generation and AI-based 
decision support systems. Research such as [117] 
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demonstrates that integrated methodologies Lean 
Smart Manufacturing, Lean Kaizen, and Smart 
Kaizen produce measurable gains in productivity, 
process flexibility, and error reduction. 

AI revolutionizes industrial processes by 
enhancing autonomy and operational efficiency 
through advanced control systems, including AI-
assisted robotics and automated tool path design, 
which improve precision, flexibility, and 
adaptability. 

Moreover, AI enables real-time quality 
monitoring through computer vision and signal 
processing, detecting defects instantly and 
facilitating on-the-fly corrections to maintain 
product consistency. AI also optimizes process 
parameters by analyzing the complex interactions 
between material properties and product 
performance, thereby minimizing costly trial-and-
error cycles. Its role in enhancing digital twins is 
especially notable, enabling sophisticated predictive 
analytics, high-fidelity simulations, and continuous 
system optimization. This technological synergy 
equips companies to achieve unprecedented levels of 
agility, reliability, and competitiveness core 
demands of Industry 4.0 [118-120]. 

These AI capabilities prove indispensable 
in tasks ranging from predictive maintenance and 
operational intelligence to resource allocation and 
sustainability performance tracking [121, 122]. A 
compelling example from [123] describes a 
company implementing an AI-enhanced Digital 
Value Stream Mapping (DVSM) within a land-based 
prefabrication yard. 

This system provided real-time monitoring 
of productivity and compliance with Health, Safety, 
and Environment (HSE) regulations, particularly 
regarding personal protective equipment (PPE) 
adherence. 

The integration enabled the identification 
of bottlenecks, precise calculation of value-added 
time, and discovery of new levers for performance 
improvement ultimately boosting both operational 
safety and efficiency. 

 
8. RESULTS AND DISCUSSION 

This review of the literature has led to an 
in-depth, multi-faceted understanding of the 
developing interaction between digital technology 

and industrial practice, demonstrating both the 
substantial progress that has been made, and the 
promising frontiers ahead. From the beginning, we 
stepped back and looked at the historical path of 
industrial revolutions, attempting to show how 
humanity’s march through mechanization, 
electrification, mass production, and automation laid 
the groundwork for the manufacturing sector as we 
know it. That backdrop helped make sense of what 
Industry 4.0 really is, by situating the idea of the 
Fourth Industrial Revolution within the context of 
the First, Second, and Third those historical 
moments of breakthrough fueled by power, 
machinery, information. Industry 4.0 (the Fourth 
Industrial Revolution) is not just a continuation of 
the Age of the Digital Manufacturing. It is a holistic 
transformation that. It went on to discuss the nature, 
history, and development of Artificial Intelligence 
(AI), with a structured presentation on the main 
types and features of this field. From weak AI that 
perform specific tasks superbly, to the loftier regions 
of strong AI and general AI that attempt to mimic 
human cognitive adaptability and independent 
thought, the field of AI is vast and diverse. The 
foundational methodological pillars of AI were 
examined, which were supported by generative and 
discriminative models, neural networks and deep 
learning, supervision and reinforcement learning, 
along with hybrid models. Each of these paradigms 
has its strengths and weaknesses and can be adapted 
to specific challenges and data situations in modern 
industrial processes. Such subtle distinctions in 
knowledge about what AI can and cannot do is key 
to understanding its potential for revolutionizing 
industry. Practically, the review emphasized that AI 
has successfully left the experimental stages behind 
and achieved its way out to real, relevant and 
effective deployment in different industrial 
scenarios. According to recent empirical analyses, 
we have seen remarkable efficiency gains of up to 
84% in some application areas including supply 
chain optimization, predictive maintenance and 
automated quality control, among up to 81% in 
product customization and overall equipment 
effectiveness. But numbers transcend mere statistics: 
they are a sign of an increasing trust – and readiness 
– amongst industry’s decision-makers to integrate 
artificial intelligence (AI) as a key enabler for speed, 
precision, and flexibility in manufacturing and 
operations. That an increasing number of F1 teams 
are putting AI technology at the core of their car 
design is a clear indication of AI's ability to deliver 
new levels of performance in increasingly 
competitive and fast-moving markets globally. 
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Concurrently, our research illuminated the 
rise of Lean 4.0, a potent mixture that combines the 
fundamental principles of Lean Manufacturing   
removing waste, continuous improvement, and 
customer-orientation   with the state-of-the-art 
technological abilities of Industry 4.0. Lean 4.0 is 
not Lean with a technical gimmick jerry-rigged on 
top; it’s a data-driven, highly advanced model of 
production that uses predictive analytics, 
autonomous systems and self-optimizing processes 
to raise agility, resilience and operational excellence. 
This convergence represents an important 
development in the next generation of 
manufacturing systems, which will help them to 
react and succeed within the context of the VUCA 
world that characterizes the current global industrial 
setup. 

However, in spite of this advancement, our 
review highlights some deficiencies in the academic 
and practitioner debate as well. Although some 
research has investigated a single Kaizen principle 
including standardized work, visual management, or 
PDCA cycles in the context of AI development or 
digital transformation frameworks, there is a 
noticeable lack of a holistic, systematic approach 
that fully integrates AI into the full profile of the 
Kaizen cycle. However, there are still no 
comprehensive frameworks for where AI’s 
analytical and automation capacities were fully 
leveraged at all Kaizen levels; from the initial 
problem identification and root cause analysis to the 
development process, follow-up, until the 
standardized. This disparity is surprising given the 
international influence of Kaizen as a continuous 
improvement approach and the growing ubiquity of 
AI in industry. 

This observation illuminates an intriguing, 
and relatively uncharted, path of enquiry that can be 
pursued in the future. Exploring this intersection 
could open the door to a new class of continuous 
improvement frameworks, dubbed “Smart Kaizen” 
or “AI-enhanced Kaizen,” specifically tailored to 
leverage AI’s unique capabilities in high-speed, 
high-data industrial settings. They wouldn’t just 
speed up and scale up improvement efforts; they 
could provide real-time performance feedback to 
people and teams, automatically troubleshoot 
correctable problems and create a learning culture 
where data was always flying backwards and 
forwards, feeding the engines of improvement on a 
rolling basis. By combining the human-centered 
culture of Kaizen with the cognitive and 
computational capabilities of AI, these methods 

offer the potential to recast our understanding of 
what continuous improvement entails in the digital 
age. 

So, we feel strongly that it is time for 
researchers to stop their ad-hoc and silo-type 
thinking. We need to rapidly construct specific, 
actionable structures that address the systemic, 
organizational, and human factors involved in 
successful integration of AI into today’s Kaizen-
based, CI methodologies. These frameworks must 
honor and protect the iterative, participatory and 
solution-based essence of Kaizen as well as take 
advantage of what AI can offer in terms of data 
analytics, pattern observing and auto-adapting 
capabilities. In so doing, businesses are able to 
uncover a new set of strategic levers that will help 
them attain operational excellence and 
organizational resilience while striving for 
sustainable performance, putting them at the leading 
edge of the Industry 4.0 revolution. 

Recent studies further illustrate the tangible 
outcomes of AI deployment in various industrial 
domains, providing a glimpse into the practical 
horizons of intelligent systems. For example, [125] 
presented an AI-based framework for optimizing 
livestock management while enhancing animal 
welfare, integrating data-driven decision-making in 
smart farming environments. Similarly, [126] 
introduced an AI-powered system for pest control 
and disease detection in agriculture, leveraging 
machine learning and sensor networks to improve 
real-time responsiveness and ecological 
sustainability. These examples show how AI has 
already begun reshaping continuous improvement 
practices beyond manufacturing, embodying the 
principles of lean thinking in agriculture by reducing 
waste (in this case, animal suffering or crop losses) 
and enhancing system responsiveness. 

Moreover, the concept of Precision 
Livestock Farming (PLF), as elaborated in [127], 
demonstrates how the fusion of hybrid AI models, 
IoT, cloud, and edge computing can create 
responsive feedback loops and autonomous 
decision-making frameworks. These systems mirror 
Kaizen’s iterative approach by providing continuous 
streams of data that fuel real-time analysis, problem 
identification, and rapid resolution, aligning closely 
with the PDCA (Plan–Do–Check–Act) cycle. In 
parallel, [128] discusses a poultry-edge-AI-IoT 
architecture capable of predictive monitoring in real-
time, a model that embodies a smart Kaizen 
environment where digital systems detect deviations 
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before human operators would, contributing to 
proactive quality and process improvement. 

Beyond agriculture and livestock, the same 
authors have also addressed how AI can forecast 
demand and optimize operations in tourism and 
hospitality [129], reinforcing the idea that 
continuous improvement powered by AI is not 
constrained to manufacturing, but widely applicable 
across data-intensive sectors. These cross-domain 
applications further validate AI's potential in 
enabling data-informed decisions, enhancing agility, 
and aligning with customer-focused values central to 
Lean and Kaizen philosophies. 

In the field of production scheduling, which 
remains one of the most complex and performance-
sensitive areas in smart manufacturing, Jebari and 
colleagues have explored nature-inspired and hybrid 
metaheuristics to improve the Job Shop Scheduling 
Problem (JSSP). In [130, 131], they proposed 
enhanced versions of swarm intelligence methods 
(like Ant Colony, Particle Swarm, and Artificial Bee 
Colony) to reduce makespan and balance workload 
distribution. Their findings suggest that integrating 
AI into continuous scheduling processes—where 
change is constant and improvement must be 
perpetual—can significantly augment 
responsiveness and resource allocation efficiency. 

Furthermore, their earlier contributions 
[132-134] provide a detailed comparative analysis of 
different hybridization strategies to tackle multi-
objective scheduling problems in industrial contexts, 
including the automotive sector. These approaches 
emphasize the importance of balancing 
diversification (exploration of new solutions) and 
intensification (exploitation of current knowledge), 
which parallels the dual goals of Kaizen: innovating 
while standardizing. The refinement of hybrid AI 
strategies in these studies underscores the necessity 
of aligning algorithmic capabilities with operational 
goals in smart manufacturing. 

Incorporating the lessons from these works, 
the future of AI integration into Kaizen-oriented 
Continuous Improvement frameworks appears not 
only promising but inevitable. These studies 
advocate for systems that learn and adapt 
continuously, detect inefficiencies autonomously, 
and propose optimal actions within seconds—a 
vision perfectly aligned with the goals of Smart 
Kaizen. 

Overall, this review article not only 
highlights the exciting progress at the intersection of 
digital technology and industrial practice, but also 
points to a promising road ahead, which calls for 
interdisciplinary efforts to unleash the full power of 
AI-driven continuous improvement in today's 
manufacturing as well as beyond. 
 
9. CONCLUSION 

The Fourth Industrial Revolution, widely 
recognized through the rise of Industry 4.0, is 
fundamentally transforming the manufacturing 
sector by embedding advanced digital and intelligent 
technologies most notably artificial intelligence (AI) 
into every facet of production. This technological 
revolution is not simply about automation or 
digitization; it represents a profound reimagining of 
how factories operate, shifting from rigid, linear 
production lines to highly interconnected, smart 
factories. These next-generation manufacturing 
environments are defined by their ability to connect 
disparate systems seamlessly, react with agility to 
rapid changes in market demands, and self-optimize 
through continuous feedback loops. Real-time data 
capture, autonomous decision-making processes, 
and sophisticated machine learning algorithms 
enable these smart systems to enhance productivity, 
minimize unplanned downtime, and achieve new 
levels of operational efficiency that were previously 
unattainable. 

Within this dynamic landscape, 
manufacturers are empowered to pursue strategies 
such as mass customization delivering highly 
personalized products at scale and predictive 
maintenance that anticipates equipment failures 
before they occur, thereby avoiding costly 
interruptions. Moreover, Industry 4.0 facilitates 
unprecedented coordination across complex supply 
chains, creating transparency and synchronization 
from raw material sourcing to final delivery. In an 
increasingly volatile, fast-paced, and globalized 
market, these capabilities are essential for gaining 
and sustaining competitive advantage. 

Yet, amid these sweeping technological 
advancements, the timeless principles of Lean 
Manufacturing and the Kaizen philosophy retain 
their pivotal role in driving process excellence. 
Rooted deeply in the ethos of continuous 
improvement, waste elimination, and employee 
empowerment, Lean and Kaizen offer a cultural and 
methodological backbone that naturally 
complements the technological thrust of Industry 
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4.0. Far from being sidelined or rendered obsolete, 
these philosophies are experiencing a renaissance, 
providing the human-centered frameworks that 
enable organizations to harness digital technologies 
in a purposeful, effective, and sustainable way. 

 
The literature reviewed herein has 

meticulously traced the conceptual foundations and 
evolution of both Industry 4.0 and AI, elucidating 
their diverse types, methodological underpinnings, 
and practical applications in today’s industrial 
ecosystems. Artificial Intelligence, in particular, has 
proven its value across a spectrum of operational 
domains ranging from predictive maintenance and 
dynamic inventory control to optimized production 
scheduling, rigorous quality assurance, and 
enhanced data-driven decision-making. These AI-
enabled capabilities not only drive cost efficiencies 
and risk reduction but also facilitate proactive 
management approaches that anticipate issues and 
enable swift, informed responses before problems 
escalate. 

Despite this growing body of knowledge on 
AI’s industrial applications, a critical gap persists in 
the direct, systematic integration of AI within the 
framework of Kaizen-based continuous 
improvement. While a handful of preliminary studies 
have begun exploring intersections between these 
domains, the academic and practical discourse still 
lacks comprehensive models that strategically weave 
AI into the iterative, human-centric cycles of Lean 
Kaizen. This gap signals both a challenge and a 
tremendous opportunity for future research. 

The synergy between AI and Lean Kaizen 
is especially compelling given the iterative nature of 
continuous improvement. Emerging conceptual 
frameworks often labeled as “Smart Kaizen” 
demonstrate the promising feasibility of embedding 
AI-powered tools at every phase of the Kaizen cycle. 
From early-stage root cause analysis and problem 
identification to the real-time monitoring of 
implemented solutions and subsequent 
standardization of improved practices, AI can 
amplify the speed, precision, and scale of continuous 
improvement efforts. By leveraging AI’s capabilities 
in complex data processing, pattern detection, and 
predictive analytics, organizations can enhance their 
operational agility, streamline decision-making, and 
foster a culture of innovation that adapts swiftly to 
evolving industrial realities. 

Moreover, integrating AI within Kaizen 
practices holds the potential to democratize 
advanced analytical insights throughout the 
organization empowering frontline workers and 

middle managers alike to participate more 
meaningfully in continuous improvement initiatives 
based on real-time, data-driven feedback. This 
fusion of human expertise and machine intelligence 
could revolutionize not only how problems are 
identified and solved but also how learning and 
adaptation are embedded into the organizational 
DNA. 

 
In light of these possibilities, the 

convergence of AI, Lean Manufacturing, and Kaizen 
stands out as a powerful strategic lever for achieving 
operational excellence and cultivating long-term 
resilience in industrial settings. This review strongly 
advocates for intensified research efforts aimed at 
developing robust, practical frameworks and 
implementation models that fully realize the 
potential of AI-enhanced continuous improvement. 
By advancing this integrative approach, future 
studies can provide invaluable roadmaps for 
companies eager to excel in the complex, data-
intensive, and rapidly evolving era of Industry 4.0. 
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