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 This article explores how intelligent automation and artificial intelligence are 

reshaping modern manufacturing and industrial engineering by improving efficiency, accuracy, 

flexibility, and decision-making. It examines the shift from conventional production systems to 

data-driven, connected, and adaptive environments where machines, software, and human 

expertise work together. The discussion highlights core technologies such as machine learning, 

computer vision, robotics, digital twins, and predictive analytics, showing how they support 

process optimization, quality improvement, and maintenance planning. The article also 

considers the challenges of implementation, including integration complexity, cybersecurity, 

skill gaps, and ethical concerns. Overall, it presents AI as a strategic enabler for next-generation 

manufacturing, where productivity, sustainability, and innovation can advance together in a balanced and 

responsible way.  
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1. Introduction 
The introduction establishes the 

foundation for understanding why intelligent 
automation and AI optimization have become 
essential in modern manufacturing and 
industrial engineering. It explains how 
industries are moving from labour-intensive, 
rule-based operations toward intelligent, data-
driven, and self-improving systems that can 
respond to dynamic production demands. This 
section should introduce the importance of 
automation, digital intelligence, and advanced 
analytics in improving productivity, quality, 
safety, and flexibility. It should also set the 
context for why these technologies matter now, 
especially in competitive global markets where 
efficiency and adaptability are critical. A strong 
introduction helps the reader understand the 
broader relevance of the topic before moving 
into specific technologies and applications [1]. 

 

1.1 Background and Motivation 

The background of this topic lies in the 
long evolution of manufacturing from manual 
production to mechanized systems, then to 
computer-aided and automated processes, and 
now to AI-enabled intelligent ecosystems. 
Traditional manufacturing methods often rely on 
fixed procedures, human supervision, and 
repetitive tasks, which can limit efficiency and 
adaptability [2].  

In contrast, modern manufacturing 
requires systems that can learn from data, detect 
anomalies, predict failures, and optimize 
operations in real time. The motivation for 
adopting intelligent automation comes from 
rising customer expectations, shorter product 
life cycles, labour shortages, quality demands, 
and the need to reduce waste and operational 
costs. AI provides the ability to transform raw 
production data into actionable insights, helping 
organizations make faster and more accurate 
decisions. This creates a strong business case for 
integrating AI into industrial environments. The 
section should also highlight the competitive 
advantage gained by companies that embrace 
digital transformation early, as they are better 
positioned to improve resilience, sustainability, 
and innovation [3]. 

 

 

1.2 Scope of Intelligent Automation in 
Manufacturing 

The scope of intelligent automation in 
manufacturing is broad and continues to expand 
as technologies mature. It includes robotics, 
machine vision, predictive maintenance, 
adaptive scheduling, digital twins, autonomous 
quality inspection, and real-time process 
optimization. Intelligent automation is not 
limited to replacing repetitive human work; it 
also supports complex decision-making, fault 
detection, and system coordination across 
production lines [4]. 

 In modern manufacturing environments, it 
can be applied to assembly, packaging, 
inspection, material handling, inventory control, 
and supply chain management. The scope also 
extends beyond individual machines to entire 
factories, enabling connected and synchronized 
operations through industrial Internet of Things 
platforms and cloud-edge architectures. This 
section should emphasize that intelligent 
automation combines hardware, software, 
sensors, and analytics into a unified system that 
can continuously improve performance. It 
should also note that the adoption of these 
systems varies by industry, with automotive, 
electronics, pharmaceuticals, and aerospace 
being among the leading sectors. Overall, the 
scope reflects a shift from isolated automation 
toward intelligent, integrated, and scalable 
manufacturing ecosystems [5]. 

 

1.3 Role of AI in Modern Industrial 
Engineering 

AI plays a central role in modern industrial 
engineering by enabling systems to analyse data, 
identify patterns, and support decisions that 
improve operational performance. In industrial 
settings, AI supports forecasting, planning, 
scheduling, quality assurance, fault diagnosis, 
and process control. It helps engineers move 
from reactive problem-solving to proactive and 
predictive management. For example, AI 
algorithms can detect early signs of equipment 
failure, predict production bottlenecks, or 
recommend process adjustments to improve 
efficiency [6]. 

 In industrial engineering, AI is especially 
valuable because it can optimize complex 
systems with many variables, constraints, and 
uncertainties. It also supports continuous 
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improvement by learning from historical and 
real-time data. Beyond operational efficiency, AI 
contributes to sustainability by reducing energy 
consumption, minimizing defects, and lowering 
material waste. This section should explain that 
AI is not a standalone replacement for 
engineering judgment but a powerful 
complement that enhances human expertise. 
When used responsibly, it enables smarter, safer, 
and more resilient industrial systems that are 
capable of adapting to changing business and 
production conditions [7]. 

 

1.4 Research Objectives 

The research objectives define the purpose 
and direction of the article by clarifying what the 
study seeks to examine and explain. A key 
objective is to explore how intelligent 
automation and AI optimization can improve 
manufacturing efficiency, quality, and flexibility. 
Another objective is to identify the core 
technologies that enable these improvements, 
including machine learning, robotics, computer 
vision, and digital twins. The article may also 
aim to analyse the practical applications of AI 
across different stages of manufacturing, from 
design and production to maintenance and 
logistics [8]. 

 A further objective is to evaluate the 
benefits and challenges of implementation, 
including cost, workforce adaptation, 
cybersecurity, and ethical concerns. These 
objectives help structure the discussion in a 
logical way and ensure that the article remains 
focused on meaningful industrial outcomes. 
They also create a basis for comparing current 
practices with future possibilities. By clearly 
defining the research objectives, the article can 
provide both theoretical insight and practical 
value for engineers, managers, researchers, and 
policymakers interested in advanced 
manufacturing systems [9]. 

 

1.5 Structure of the Article 

The structure of the article guides the 
reader through the main ideas in a logical and 
progressive sequence. After the introduction, the 
article typically begins with the evolution of 
smart manufacturing, explaining how the field 
has developed from traditional systems to 
intelligent, connected environments. The next 
sections usually discuss the core AI technologies 

that support automation, followed by 
frameworks and applications in industrial 
engineering. Later sections can examine benefits, 
challenges, and future trends, helping the reader 
understand both current capabilities and 
emerging directions [10]. 

 A strong structure improves readability 
and ensures that each section builds naturally on 
the previous one. It also helps distinguish 
between conceptual background, technical 
methods, practical applications, and forward-
looking analysis. In this article, the structure is 
designed to move from foundational 
understanding to applied insights, making it 
suitable for academic, technical, or industry-
oriented audiences. By explaining the layout 
early, the article prepares readers for the themes 
and arguments that will follow [11]. 
 

2. Evolution of Smart Manufacturing 

The evolution of smart manufacturing 
reflects a major transformation in how industrial 
systems are designed, managed, and optimized. 
Early manufacturing relied heavily on manual 
labour and fixed mechanical processes, which 
were effective but limited in flexibility and 
responsiveness. Over time, the introduction of 
automation, computers, sensors, and industrial 
networking created increasingly sophisticated 
production environments [12]. 

 Today, smart manufacturing integrates AI, 
data analytics, robotics, and cyber-physical 
systems to create adaptive and interconnected 
factories. This evolution has been driven by the 
need for faster production, higher quality, 
reduced costs, and greater resilience in complex 
markets. It also reflects broader digital 
transformation trends across industries. 
Understanding this evolution is important 
because it shows that intelligent automation is 
not an isolated innovation but part of a long 
historical progression. It also helps explain why 
current manufacturing systems are becoming 
more autonomous, predictive, and data-centric 
[13]. 

 

2.1 From Traditional to Intelligent 
Manufacturing 

Traditional manufacturing systems were 
built around stable processes, human 
supervision, and mechanical equipment that 
followed predefined instructions. While these 
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systems were reliable for mass production, they 
often struggled with flexibility, customization, 
and rapid response to changing conditions. The 
transition to intelligent manufacturing occurred 
as digital technologies began to be integrated 
into production environments. Sensors, 
software, industrial networks, and analytics 
made it possible to collect and interpret large 
volumes of data from machines and processes. 
This led to systems that could monitor 
performance, identify faults, and support better 
decision-making [14]. 

 Intelligent manufacturing goes beyond 
automation by introducing learning, 
adaptability, and real-time optimization. It 
allows factories to respond dynamically to 
changes in demand, supply, and equipment 
status. The shift from traditional to intelligent 
manufacturing is therefore a shift from static 
control to adaptive intelligence. This 
transformation has changed the role of 
industrial engineers, who now work not only 
with machines and processes but also with data, 
algorithms, and connected systems [15]. 

 

2.2 Industry 4.0 and Industry 5.0 
Perspectives 

Industry 4.0 introduced the idea of highly 
connected, data-driven, and automated 
production systems built on cyber-physical 
integration, the Internet of Things, cloud 
computing, and advanced analytics. Its main 
emphasis is on efficiency, connectivity, and real-
time control through digital technologies. 
Industry 5.0 builds on this foundation but places 
greater emphasis on human-centricity, 
sustainability, and resilience. Instead of focusing 
only on machine autonomy, Industry 5.0 seeks to 
balance advanced automation with human 
creativity, well-being, and ethical responsibility. 
In this context, AI is not just a productivity tool 
but also a partner in creating safer, more 
flexible, and more sustainable manufacturing 
systems. These two perspectives are 
complementary rather than contradictory [16]. 

 Industry 4.0 provides the technological 
backbone, while Industry 5.0 expands the 
discussion to include social and environmental 
priorities. This section should explain how 
intelligent automation fits into both frameworks, 
showing that modern engineering must serve 
not only performance targets but also human 

and ecological values. The transition from 
Industry 4.0 to Industry 5.0 reflects a more 
mature and responsible vision for the future of 
manufacturing [17]. 

 

2.3 Digital Transformation in Industrial 
Systems 

Digital transformation in industrial 
systems refers to the integration of digital 
technologies into every stage of operations, from 
design and planning to execution, maintenance, 
and analysis. In manufacturing, this 
transformation involves replacing isolated 
manual workflows with connected digital 
platforms that provide visibility and control 
across the production chain. Technologies such 
as cloud computing, edge devices, AI analytics, 
digital twins, and industrial IoT are central to 
this change [18].  

Digital transformation improves data 
sharing, coordination, and traceability, enabling 
more informed and timely decisions. It also 
supports faster innovation by allowing engineers 
to simulate, test, and refine processes before 
implementation. This section should emphasize 
that digital transformation is not simply the 
adoption of software; it is a structural change in 
how industrial systems operate and evolve. It 
requires changes in culture, skills, infrastructure, 
and leadership. When successfully implemented, 
digital transformation makes industrial systems 
more agile, efficient, and resilient. It also creates 
the foundation for advanced applications such as 
predictive maintenance, adaptive control, and 
autonomous production management [19]. 

 

2.4 Emerging Trends in Manufacturing 
Automation 

Emerging trends in manufacturing 
automation are reshaping the future of 
industrial production in powerful ways. One 
major trend is the use of AI-powered robotics 
that can perform more complex, adaptive, and 
collaborative tasks alongside human workers. 
Another important trend is predictive and 
prescriptive analytics, which help organizations 
anticipate problems and recommend optimal 
actions before disruptions occur. Digital twins 
are also gaining momentum, as they allow real-
time simulation and monitoring of machines, 
lines, and even entire factories [20]. 
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 Edge AI is becoming increasingly 
important because it enables fast local decision-
making without relying entirely on cloud 
connectivity. In addition, sustainable 
manufacturing is driving interest in energy-
efficient automation, waste reduction, and 
circular production models. Another growing 
trend is the use of generative AI in design, 
planning, and process innovation. This section 
should show that automation is no longer only 
about speed and repetition; it is about 
intelligence, adaptability, and sustainability. 
These trends point toward factories that are 
more autonomous, connected, and capable of 
continuous improvement [21]. 
 

3. Core Technologies in AI-Driven 
Manufacturing 

Core technologies form the technical 
backbone of AI-driven manufacturing by 
enabling systems to sense, learn, predict, and act 
with greater precision than conventional 
automation. This section covers the main 

computational and data-driven methods that 
make modern factories intelligent, including 
machine learning, computer vision, natural 
language processing, reinforcement learning, 
and predictive analytics [22]. 

 Together, these technologies allow 
manufacturing systems to interpret large and 
complex data streams from equipment, 
products, operators, and supply chains. Their 
importance lies in the fact that they support both 
operational efficiency and strategic decision-
making. Rather than relying only on fixed rules, 
factories can now adapt to changing conditions 
using models that improve over time. These 
technologies are also complementary visual 
inspection can feed predictive maintenance, 
machine learning can support scheduling, and 
reinforcement learning can optimize control 
policies. In combination, they create a 
foundation for autonomous, connected, and 
continuously improving production 
environments [23]. 

 

 

 
Figure 1. The Intelligent Factory Ecosystem: From Sensors To Optimized Applications 

 
3.1 Machine Learning and Deep Learning 

Machine learning and deep learning are 
central to intelligent manufacturing because 
they enable systems to learn patterns from 
historical and real-time data without being 
explicitly programmed for every scenario. In 
manufacturing, machine learning can be used for 
fault prediction, quality classification, demand 
forecasting, and process optimization. Deep 
learning extends these capabilities by handling 

unstructured and high-dimensional data such as 
images, vibration signals, and sensor streams. 
For example, a neural network may detect 
hidden defect patterns in product images or 
identify subtle machine degradation from sensor 
readings [24]. A simple prediction model can be 
written as 𝑦̂ = 𝑓(𝑥; 𝜃), where 𝑥represents input 
data, 𝜃represents learned parameters, and 𝑦̂is 
the predicted output. Training often minimizes a 
loss function such as 
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𝐿(𝜃) = ∑ (
𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2                    (1) 

This capability makes the technology 
valuable for both monitoring and optimization. 
Its main strength is adaptability, since models 
can improve as more production data becomes 
available. In modern manufacturing, this 
supports faster diagnosis, better forecasting, and 
more reliable automation. 

 

3.2 Computer Vision for Quality Inspection 

Computer vision is widely used in 
manufacturing because it allows machines to 
“see” products, components, and processes with 
high speed and consistency. It is especially 
valuable in quality inspection, where even minor 
defects can affect product performance, safety, 
and customer satisfaction. Vision systems use 
cameras, lighting, and image-processing 
algorithms to detect scratches, misalignments, 
missing parts, dimensional errors, or surface 
contamination. Deep learning-based vision 
models can classify images, detect objects, and 
segment defect regions with strong accuracy. If a 
model produces a defect probability 𝑝, a 
common decision rule is to classify the product 
as defective when 𝑝 > 0.5, although thresholds 
are often adjusted depending on risk and cost 
[25]. 

 In inspection tasks, metrics such as 
precision and recall are important, where 

precision is 
𝑇𝑃

𝑇𝑃+𝐹𝑃
and recall is 

𝑇𝑃

𝑇𝑃+𝐹𝑁
. Computer 

vision improves speed, reduces human fatigue, 
and supports continuous inspection across 
production lines. It also enables traceability by 
storing image evidence for audits and process 
improvement. As a result, it plays a major role in 
automated quality assurance and zero-defect 
manufacturing strategies [26]. 

 

3.3 Natural Language Processing in Industrial 
Operations 

Natural language processing, or NLP, 
enables manufacturing systems to understand 
and generate human language, making 
communication between people and machines 
more efficient. In industrial operations, NLP can 
analyse maintenance reports, operator logs, 
safety documents, equipment manuals, and 
customer feedback. This allows organizations to 
extract useful insights from text that would 

otherwise remain unstructured and difficult to 
use. For example, NLP can automatically 
summarize incident reports, classify 
maintenance requests, or identify recurring 
complaints about a product. Transformer-based 
language models are often used for this purpose 
because they can capture context and meaning 
across long documents [27]. 

 In practical terms, if 𝐷is a corpus of 
industrial documents, NLP methods aim to map 
it into structured information 𝑔(𝐷)that supports 
decisions. This is valuable in factories where 
knowledge is spread across technicians, 
engineers, and management teams. NLP also 
improves workflow efficiency by enabling chat-
based support systems, automated 
documentation, and voice-enabled interfaces. In 
modern industrial settings, it reduces 
communication delays and helps organizations 
turn language-based data into operational 
intelligence [28]. 

 

3.4 Reinforcement Learning for Adaptive 
Control 

Reinforcement learning is important in 
manufacturing because it enables systems to 
learn optimal actions through interaction with 
the environment. Unlike supervised learning, 
where models learn from labelled examples, 
reinforcement learning learns from rewards and 
penalties. This makes it especially useful for 
adaptive control, where production conditions 
may change over time [29]. A reinforcement 
learning agent seeks to maximize expected 
cumulative reward, often written as 

 

𝐺𝑡 =∑ 𝛾𝑘
∞

𝑘=0
𝑟𝑡+𝑘+1                         (2) 

 

 where 𝛾is the discount factor and 𝑟is the 
reward. In manufacturing, such methods can be 
applied to robot motion control, process 
parameter tuning, energy management, and 
dynamic scheduling. The agent can learn which 
actions improve throughput, quality, or stability 
under different conditions [30]. A common 
formulation is the value function 

 

𝑉(𝑠) = 𝔼[𝐺𝑡 ∣ 𝑠𝑡 = 𝑠]                             (3) 
 

  which estimates the long-term value of a 
state. Reinforcement learning is powerful 
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because it can adapt to complex and uncertain 
environments without requiring a complete 
analytical model. However, it must be carefully 
trained and validated before deployment in real 
plants. Its strength lies in continuous 
improvement and intelligent decision-making 
[31]. 
 

3.5 Predictive Analytics and Decision Support 

Predictive analytics transforms 
manufacturing data into forecasts and actionable 
recommendations, allowing organizations to 
anticipate future events rather than simply react 
to them. It is used in demand forecasting, 
maintenance planning, supply chain 
coordination, and production risk analysis. 
Predictive models may estimate the likelihood of 
machine failure, future defect rates, or expected 
delays in delivery. A common formulation is 
𝑃(𝑦 = 1 ∣ 𝑥), where the model estimates the 
probability of an event based on input variables 
[32].  

Decision support systems then convert 
these predictions into practical 
recommendations for engineers and managers. 
For example, if a machine has a high predicted 
failure probability, the system may suggest 
preventive maintenance before breakdown 
occurs. Predictive analytics is especially 
important in manufacturing because even small 
improvements in planning and forecasting can 
reduce cost and downtime. It supports evidence-
based decisions and helps improve resilience in 
uncertain environments. By combining 
statistical modelling, machine learning, and 
optimization, predictive analytics gives 
managers a clearer view of operational risks and 
opportunities [33]. 
 

4. Intelligent Automation Frameworks 

Intelligent automation frameworks provide 
the structural architecture that connects AI 
models, sensors, machines, control systems, and 
human operators into a coordinated production 
environment. These frameworks are important 
because AI cannot create value unless it is 
integrated into a reliable operational system. In 
manufacturing, intelligent automation combines 
robotics, cyber-physical systems, IoT, digital 
twins, and edge computing to enable real-time 
awareness and action [34]. 

 The framework determines how data is 
collected, processed, shared, and used across the 
factory. It also defines how machines 
communicate, how decisions are executed, and 
how humans remain involved in oversight. A 
strong framework must support scalability, 
interoperability, cybersecurity, and adaptability. 
It should allow factories to move from isolated 
automation islands toward connected intelligent 
ecosystems. In practice, these frameworks make 
it possible to build smart factories that are 
efficient, flexible, and responsive to changing 
production needs. They also create the platform 
on which advanced optimization and 
autonomous control can operate effectively [35]. 

 

4.1 Robotics and Collaborative Robots 

Robotics is a core element of intelligent 
automation because robots can perform 
repetitive, precise, and physically demanding 
tasks with high reliability. Traditional industrial 
robots are often used in welding, assembly, 
packaging, and material handling, where speed 
and accuracy are critical. Collaborative robots, or 
cobots, extend this idea by working safely 
alongside human workers in shared 
environments. Their value comes from 
flexibility, since they can be programmed for 
multiple tasks and adapted to different 
production needs. In mathematical terms, robot 
motion and control often rely on kinematic 
equations that describe position and orientation 
[36].  

For a robot arm, end-effector motion can 
be represented as 𝑥 = 𝑓(𝑞), where 𝑞is the vector 
of joint variables. In intelligent manufacturing, 
robotics becomes even more powerful when 
combined with AI, vision, and sensor feedback. 
Robots can then adapt to changing part 
positions, detect anomalies, and learn improved 
behaviors over time. Collaborative robots also 
help address labor shortages and ergonomic 
risks by taking over physically stressful tasks. 
Their role is therefore not only to automate 
work but also to improve safety, consistency, 
and human-machine cooperation [37]. 

 

4.2 Cyber-Physical Production Systems 

Cyber-physical production systems 
connect physical manufacturing equipment with 
computational intelligence, creating a tightly 
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integrated environment where digital control 
and physical action work together. These 
systems include sensors, actuators, embedded 
controllers, communication networks, and AI-
based decision modules [38]. Their main 
purpose is to create real-time feedback loops 
between the physical factory and its digital 
representation. A simplified control model may 
be expressed as 

 

𝑥𝑡+1 = 𝑓(𝑥𝑡 , 𝑢𝑡)                             (3) 
 

where 𝑥𝑡is the system state and 𝑢𝑡is the 
control input. This shows how current 
conditions influence future states through 
control actions. In manufacturing, cyber-physical 
systems support automatic monitoring, adaptive 
scheduling, fault detection, and responsive 
process control. They are essential for smart 
factories because they provide continuous 
visibility and coordination across machines and 
production lines. Their strength lies in the 
integration of sensing, computing, and actuation. 
By linking physical assets with digital 
intelligence, these systems enable more 
autonomous and resilient operations. They also 
serve as the infrastructure for implementing 
digital twins, predictive maintenance, and real-
time optimization [39]. 

 

4.3 Internet of Things and Industrial IoT 

The Internet of Things and industrial IoT 
enable machines, sensors, and devices to 
communicate and exchange data across 
manufacturing systems. In an industrial context, 
IoT supports the collection of real-time 
information from equipment, products, utilities, 
and logistics processes. This data is crucial for 
monitoring performance, detecting anomalies, 
and coordinating operations. Industrial IoT 
differs from consumer IoT because it requires 
higher reliability, security, and accuracy in harsh 
operating environments [40]. 
  A typical sensor network may generate a 
data stream 𝑆 = {𝑠1, 𝑠2, … , 𝑠𝑛}, which is then 
processed by analytics models to support 
control decisions. IoT is especially valuable 
because it gives factories the visibility needed 
for intelligent automation. It helps track machine 
health, energy use, inventory flow, and 
environmental conditions. When integrated with 

AI, industrial IoT becomes much more powerful, 
since the system can not only collect data but 
also interpret and act on it. This makes 
manufacturing more responsive, traceable, and 
efficient. It also creates the foundation for 
distributed intelligence across connected 
production environments [41]. 
 

4.4 Digital Twins and Simulation Models 

Digital twins are virtual representations of 
physical assets, processes, or systems that are 
continuously updated with real-world data. They 
are extremely useful in manufacturing because 
they allow engineers to simulate, analyse, and 
optimize operations without disrupting 
production. A digital twin may represent a 
machine, a production line, or even an entire 
factory. Its value comes from the two-way 
connection between the physical and digital 
worlds [42]. The twin can estimate future 
behaviour, test control strategies, and identify 
potential failures before they occur. A 
simulation-based performance measure can be 
written as 

 

𝐽 = ∫ 𝑐(𝑥(𝑡), 𝑢(𝑡)) 𝑑𝑡
𝑇

0
                         (4) 

 

where 𝑐is the cost function over time. 
Digital twins help improve design, training, 
maintenance, and process optimization. They are 
also useful for scenario testing, such as 
evaluating how changes in demand or 
equipment availability might affect output. In 
intelligent manufacturing, digital twins support 
safer experimentation and faster innovation. 
They reduce risk by allowing engineers to 
explore alternatives virtually before applying 
them in the real factory. This makes them a 
cornerstone of advanced automation and 
predictive control [43]. 

 

4.5 Edge Computing and Real-Time 
Automation 

Edge computing brings computation closer 
to machines and sensors, reducing latency and 
improving responsiveness in manufacturing 
systems. This is especially important for real-
time automation, where decisions must be made 
quickly to avoid defects, delays, or safety risks. 
Instead of sending all data to a distant cloud 
server, edge devices process information locally 
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and only transmit relevant results. This reduces 
network load and supports faster reaction times. 
In a real-time setting, if the delay 𝜏is too high, 
control quality can degrade, so minimizing 
latency becomes critical [44].  

Edge computing is particularly useful for 
machine vision inspection, robot control, and 
equipment monitoring. It also improves 
reliability because operations can continue even 
when cloud connectivity is limited. When 
combined with AI, edge devices can run 
lightweight inference models directly on the 
factory floor. This enables local intelligence and 
continuous operation. The main advantage is 
that manufacturing systems become faster, more 
resilient, and less dependent on centralized 
infrastructure. Edge computing therefore plays a 
key role in modern smart factories where 
immediacy and autonomy are essential [45]. 
 
5. AI Optimization in Manufacturing 
Processes 

AI optimization in manufacturing focuses 
on improving how production systems use time, 
labour, materials, energy, and equipment to 
achieve better overall performance. 
Optimization is necessary because 
manufacturing involves many competing 
objectives, such as minimizing cost while 
maximizing quality and throughput. AI helps 
solve these complex problems by analysing large 
data sets, learning patterns, and recommending 
the best actions under changing conditions. In 
this context, optimization is not limited to 
mathematical planning; it also includes adaptive 
scheduling, maintenance planning, energy 
management, and defect reduction [46]. 

 A generic optimization problem can be 
written as min⁡𝑥 𝑓(𝑥)subject to constraints 
𝑔𝑖(𝑥) ≤ 0. AI makes these problems more 
practical by handling uncertainty and nonlinear 
relationships that traditional methods may 
struggle with. This section shows how AI 
improves production planning, resource use, 
sustainability, and reliability. Together, these 
improvements support smarter, more 
competitive, and more resilient manufacturing 
operations [47]. 

 

 

 

5.1 Process Planning and Scheduling 

Process planning and scheduling are 
among the most important optimization tasks in 
manufacturing because they determine how 
jobs, resources, and time are organized across 
the production system. AI can improve 
scheduling by analysing machine availability, job 
priorities, delivery deadlines, and setup 
constraints. Traditional scheduling methods 
often assume stable conditions, but real factories 
face disruptions such as equipment breakdowns, 
urgent orders, and labour shortages. AI-based 
scheduling systems can adapt dynamically to 
these changes. A common objective is to 
minimize completion time, often represented as 
min𝐶max, where 𝐶maxis the makespan. Other 
goals may include minimizing tardiness ∑𝑇𝑗or 

balancing workload across machines [48]. 
 Machine learning can also predict 

processing times more accurately, improving 
schedule quality. In practice, AI-enhanced 
planning helps reduce idle time, increase 
throughput, and improve delivery performance. 
It also supports more flexible production in 
environments with mixed product types or 
frequent changeovers. As a result, process 
planning becomes more responsive, efficient, 
and aligned with business objectives [49]. 

 

5.2 Resource Allocation and Workflow 
Optimization 

Resource allocation and workflow 
optimization ensure that machines, workers, 
materials, and energy are used efficiently across 
manufacturing operations. AI helps identify the 
best way to distribute resources based on 
demand, constraints, and performance goals. 
This is particularly important in complex plants 
where multiple jobs compete for the same 
equipment or labour. Optimization models may 
seek to minimize total cost 𝐶while satisfying 
capacity and timing constraints. For example, 
𝐶 = 𝐶𝑚 + 𝐶𝑙 + 𝐶𝑒, where costs include materials, 
labour, and energy [50]. 

 AI can improve this process by learning 
from past production data and predicting 
bottlenecks before they occur. Workflow 
optimization also benefits from graph-based and 
reinforcement learning methods that can adapt 
to dynamic production environments. By 
coordinating resources intelligently, 
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manufacturers can reduce delays, avoid waste, 
and improve line balance. This section should 
emphasize that effective allocation is not only 
about efficiency but also about resilience, since 
poor workflow design can magnify disruptions. 
AI makes it possible to create smoother and 
more adaptive production systems [51]. 

 

5.3 Energy Efficiency and Sustainability 
Optimization 

Energy efficiency and sustainability have 
become major goals in manufacturing because 
industries face pressure to reduce costs, 
emissions, and environmental impact. AI 
supports these goals by monitoring energy 
consumption, identifying inefficiencies, and 
recommending more sustainable operating 
strategies [52]. For example, models can detect 
when machines are consuming excess power or 
when production schedules could be 
reorganized to reduce peak load. A common 
performance indicator is energy intensity, 
defined as 

 

𝐸𝐼 =
𝐸

𝑄
                                                  (5) 

 

where 𝐸is energy used and 𝑄is output 
produced. Lower values indicate better 
efficiency. 

 AI can also help optimize heating, cooling, 
lighting, and compressed air systems in 
factories. In addition, it can support circular 
manufacturing by reducing scrap, rework, and 
material waste. Sustainability optimization is 
important because it aligns industrial 
performance with environmental responsibility. 
It also contributes to regulatory compliance and 
long-term competitiveness. By integrating AI 
into energy management, factories can make 
decisions that are both economically and 
environmentally sound. This section should 
show that sustainability is now a core part of 
intelligent manufacturing strategy [53]. 

 

5.4 Predictive Maintenance and Asset 
Management 

Predictive maintenance uses AI to estimate 
when equipment is likely to fail so that 
maintenance can be performed before 
breakdowns occur. This is a major improvement 
over reactive maintenance, which waits until 

failure happens, and over fixed-interval 
maintenance, which may be inefficient. AI 
models use sensor data such as vibration, 
temperature, pressure, and current to identify 
early warning signs of degradation. A simple 
failure probability model may be written as 
𝑃(𝐹 ∣ 𝑥), where 𝐹represents failure and 
𝑥represents observed condition data. Predictive 
maintenance reduces downtime, extends asset 
life, and lowers maintenance cost. It also 
improves safety because unexpected failures can 
create dangerous situations for workers and 
equipment [54]. 

 Asset management benefits from the same 
data, since organizations can prioritize repairs 
based on risk and importance. This section 
should explain that predictive maintenance is 
one of the clearest examples of AI value in 
manufacturing because it directly connects 
analytics with operational savings. It supports 
smarter maintenance planning and more reliable 
production continuity [55]. 

 

5.5 Defect Detection and Process 
Improvement 

Defect detection is a critical AI application 
because product quality directly affects 
customer satisfaction, compliance, and brand 
reputation. AI can identify defects using visual 
inspection, sensor analysis, acoustic monitoring, 
or multivariate process data. Once defects are 
detected, the same data can be used to improve 
the process that created them. For example, if 

defect rate is 𝑑 =
𝐷

𝑁
, where 𝐷is defective units 

and 𝑁is total units produced, the goal is to 
reduce 𝑑over time through better control and 
optimization. AI models can also analyze 
patterns in defects to find root causes such as 
temperature variation, tool wear, or operator 
errors. This makes process improvement more 
data-driven and targeted [56].  

Defect detection is not only about rejecting 
bad products; it is also about learning how to 
prevent future defects. In intelligent 
manufacturing, this creates a feedback loop 
between inspection and improvement. The 
result is higher quality, lower scrap, and 
stronger process stability. This section should 
emphasize that AI supports continuous quality 
improvement rather than one-time inspection 
alone [57]. 
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6. Applications in Industrial Engineering 

AI applications in industrial engineering 
are wide-ranging because industrial engineering 
focuses on designing, improving, and managing 
integrated systems of people, materials, 
machines, information, and energy. Intelligent 
automation enhances this field by providing 
better visibility, prediction, and optimization 
across multiple operational layers. The 
applications discussed here show how AI can 
improve production lines, supply chains, 
inventories, human-machine collaboration, and 
factory design. These are all areas where 
complexity is high and small improvements can 
produce significant benefits [58].  

AI helps industrial engineers make systems 
more efficient, resilient, and adaptive by turning 
data into decisions. It also allows engineers to 
evaluate alternatives more quickly and 
accurately. A central idea in industrial 
engineering is system performance, which can 
be represented by an objective such as max𝑃or 
min𝐶, depending on the design goal. This section 
demonstrates how AI contributes to practical 
engineering outcomes across the enterprise 
[59]. 

 

6.1 Production Line Optimization 

Production line optimization aims to 
maximize output, minimize waste, and improve 
flow across the manufacturing process. AI helps 
by analysing machine performance, cycle times, 
bottlenecks, and failure patterns to recommend 
better line configurations. This is especially 
useful in mixed-model production, where 
different products share the same line. 
Optimization may involve balancing workloads 
across stations so that each station has similar 
cycle time. If 𝑇𝑖is the cycle time of station 𝑖, the 
goal is often to reduce variation among stations 
and keep the line synchronized [60].  

AI can also detect bottlenecks in real time 
and adjust production parameters accordingly. 
This improves throughput and reduces idle time. 
In practice, line optimization supports lean 
manufacturing principles by making the system 
smoother and more responsive. It also helps 
manufacturers deal with fluctuating demand and 
product variety. The result is a more efficient 
and adaptable production environment where 
resources are used more effectively [61]. 

6.2 Supply Chain Intelligence 

Supply chain intelligence uses AI to make 
supply networks more visible, predictable, and 
resilient. In manufacturing, this means 
improving the flow of materials, information, 
and products from suppliers to customers. AI 
can forecast demand, assess supplier risk, 
identify logistics disruptions, and recommend 
inventory or transportation adjustments. A basic 
forecasting model may estimate future demand 
𝐷̂𝑡+1from historical data and external variables. 
This helps reduce stockouts and excess 
inventory. Supply chain intelligence is especially 
important in global manufacturing, where 
delays, price volatility, and geopolitical risks can 
affect operations. 

 AI enables better coordination across the 
chain by integrating data from procurement, 
production, warehousing, and delivery. It also 
supports scenario analysis, allowing managers 
to test the impact of disruptions before they 
occur. This improves resilience and 
responsiveness. In industrial engineering, supply 
chain intelligence links operational efficiency 
with strategic decision-making. It shows how AI 
can extend beyond the factory floor to improve 
the entire value chain. 

 

6.3 Inventory Forecasting and Control 
Inventory forecasting and control are 

essential for balancing availability, cost, and 
working capital in manufacturing systems. Too 
much inventory ties up resources, while too little 
can cause production delays and customer 
dissatisfaction. AI improves inventory 
management by forecasting demand more 
accurately and recommending reorder levels 
based on real conditions. A common inventory 
policy includes the reorder point 

 

𝑅𝑂𝑃 = 𝑑𝐿 + 𝑆𝑆                            (6) 
 

 where 𝑑is demand rate, 𝐿is lead time, and 
𝑆𝑆is safety stock. 

 AI can refine this by using multiple 
variables such as seasonality, supplier reliability, 
and production schedules. It can also detect 
abnormal consumption patterns that indicate 
waste or demand shifts. Inventory forecasting 
becomes especially powerful when combined 
with real-time sales and production data. This 
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helps manufacturers reduce holding costs while 
maintaining service levels. The result is a more 
agile and responsive supply system. AI therefore 
transforms inventory control from a static 
planning task into a dynamic decision-support 
process. 

 

6.4 Human-Robot Collaboration 

Human-robot collaboration is becoming 
increasingly important in modern 
manufacturing because it combines the 
strengths of humans and machines. Humans are 
flexible, creative, and capable of complex 
judgment, while robots provide precision, speed, 
and consistency. AI enhances collaboration by 
improving robot perception, motion planning, 
and safety monitoring. Collaborative systems 
can recognize human presence, adapt movement 
speed, and adjust behaviour based on workspace 
conditions. 

 A safety-related distance model may be 
written as 𝑑 ≥ 𝑑min, where the separation 
between human and robot must remain above a 
minimum threshold. In practical terms, this 
allows workers and robots to share tasks such as 
assembly, inspection, and material handling. 
Human-robot collaboration reduces physical 
strain and can improve productivity when 
designed properly. It also requires careful 
attention to ergonomics, trust, and worker 
training. This section should show that the 
future of manufacturing is not fully automated in 
a humanless sense, but rather collaborative and 
intelligence-driven. AI helps create that balance 
by making shared work safer and more effective. 

 

6.5 Smart Factory Design and 
Implementation 

Smart factory design and implementation 
integrate digital technologies, automation 
systems, and intelligent decision-making into a 
unified manufacturing environment. The goal is 
to create a factory that can sense, analyse, and 
respond to changing conditions with minimal 
delay and high accuracy. AI supports smart 
factory design by helping engineers model 
workflows, simulate layouts, optimize 
equipment placement, and evaluate operational 
scenarios before construction or deployment. 
This reduces design risk and improves long-term 
performance. 

 A smart factory can be understood as a 
system that maximizes output 𝑌while 
minimizing cost, energy, and downtime. Its 
implementation requires strong connectivity, 
scalable architecture, and data governance. It 
also requires alignment between technology, 
workforce, and strategy. Smart factories use AI 
not only for automation but also for continuous 
learning and adaptation. This section should 
emphasize that implementation is a systems 
engineering challenge, not just a technology 
purchase. When done well, smart factory design 
produces a highly integrated, efficient, and 
future-ready manufacturing environment. 

 

7. Conclusion 

Intelligent automation and AI optimization 
are transforming manufacturing and industrial 
engineering by making systems smarter, faster, 
safer, and more adaptive. Across the article, it is 
clear that AI contributes value at many levels, 
from inspection and scheduling to maintenance, 
energy management, and supply chain 
intelligence. These technologies allow 
manufacturers to move beyond rigid automation 
toward systems that can learn from data, adjust 
to changing conditions, and improve 
continuously. At the same time, the discussion 
shows that successful adoption depends on 
more than technical capability. Data quality, 
cybersecurity, workforce readiness, ethics, and 
cost must all be addressed for AI to deliver its 
full potential. The future of manufacturing will 
likely combine advanced autonomy with human-
centered design and sustainability goals. In that 
sense, AI is not simply a tool for faster 
production; it is a foundation for more resilient 
and responsible industrial systems. 

 

References: 
[1] Shrivastava, A., Hundekari, S., Praveen, R. V. S., 

MuhsnHasan, M., Lakhanpal, S., & Bansal, S. 
(2025, September). Edge-Slicing for URLLC and 
mMTC in Integrated Satellite-Terrestrial 5G 
Networks. In 2025 International Conference on 
Computing and Communications 
(COMPUTINGCON) (pp. 1-7). IEEE. 

[2] Nutalapati, P., Dhavale, S. M., Shrivastava, A., 
Praveen, R. V. S., Vemuri, H. K., & RiadHwsein, R. 
(2025, August). IoT and Machine Learning-
Enhanced Energy Management in Enabled Smart 
Grids for Predictive Load Balancing. In 2025 



 

© 2026                                                        Volume: 05 Issue: 07 | July - 2026                                                   Page 1135 

World Skills Conference on Universal Data 
Analytics and Sciences (WorldSUAS) (pp. 1-6). 
IEEE. 

[3] Thayumanavan, K., Kumar, A., Praveen, R. V. S., 
Bhendale, M. A., & Agnihotri, K. (2025, August). 
Hybrid Transformer Based Framework for 
Enhanced Financial Market Analysis and Online 
Trading Forecasting. In 2025 2nd International 
Conference on Intelligent Algorithms for 
Computational Intelligence Systems (IACIS) (pp. 
1-6). IEEE. 

[4] Patil, B. D., Praveen, R. V. S., Rambhatla, A. K., 
Trakroo, K., Singh, K., & Vishanth, R. (2025, 
August). Graph Neural Network Model for 
Intelligent Urban Traffic Flow Prediction and 
Smart City Mobility Management. In 2025 2nd 
International Conference on Intelligent 
Algorithms for Computational Intelligence 
Systems (IACIS) (pp. 1-6). IEEE. 

[5] Chandra, N. S., Rao, K. S., Praveen, R. V. S., 
Upadhye, N. A., & Kaliappan, S. (2025, August). 
Hybrid Auto-Encoder Framework for Water 
Pollution Prediction in Smart Cities. In 2025 2nd 
International Conference on Intelligent 
Algorithms for Computational Intelligence 
Systems (IACIS) (pp. 1-6). IEEE. 

[6] Victor, S., Kumar, K. R., Praveen, R. V. S., Aida, R., 
Kaur, H., & Bhadauria, G. S. (2025, August). GAN 
and RNN Based Hybrid Model for Consumer 
Behavior Analysis in E-Commerce. In 2025 2nd 
International Conference on Intelligent 
Algorithms for Computational Intelligence 
Systems (IACIS) (pp. 1-6). IEEE. 

[7] Srinivas, A. C. M. V., Hemavathi, U., Devi, G. U., 
Praveen, R. V. S., Vasumathi, G. G., & Saranya, R. 
(2025, August). Secure and Intelligent 
Framework for Kidney Stone Detection Using a 
CNN-XGBoost Hybrid Model with Blockchain 
Integration. In 2025 World Skills Conference on 
Universal Data Analytics and Sciences 
(WorldSUAS) (pp. 1-6). IEEE. 

[8] Kumar, S., Shrivastava, A., Praveen, R. V. S., 
Subashini, A. M., Vemuri, H. K., & Alsalami, Z. 
(2025, August). Future of Human-AI Interaction: 
Bridging the Gap with LLMs and AR Integration. 
In 2025 World Skills Conference on Universal 
Data Analytics and Sciences (WorldSUAS) (pp. 1-
6). IEEE. 

[9] Choudhari, P., Tatiya, M., Praveen, R. V. S., Kaur, 
H., Vemuri, H. K., & MuhsnHasan, M. (2025, 
August). Enhancing Energy Efficiency in IoT 
Networks Using Deep Learning-Based Predictive 
Maintenance. In 2025 World Skills Conference on 
Universal Data Analytics and Sciences 
(WorldSUAS) (pp. 1-6). IEEE. 

[10] Shrivastava, A., Praveen, R. V. S., Aida, R., 
Vemuri, K., Vemuri, S. S., & Husain, S. O. (2025, 
August). A Comparative Analysis of Graph Neural 
Networks for Social Network Data Mining. 
In 2025 World Skills Conference on Universal 
Data Analytics and Sciences (WorldSUAS) (pp. 1-
6). IEEE. 

[11] Vijayakumar, L., Kannadasan, B., Hinge, P., 
Reddy, L. K. K., Praveen, R. V. S., & Kalidindi, N. 
(2025, September). Analysis and Prediction of 
Employee Turnover with Effective Feature 
Selection based on Lee–Carter and ANN Model. 
In 2025 2nd Asia Pacific Conference on 
Innovation in Technology (APCIT) (pp. 1-6). 
IEEE. 

[12] Dhanabal, S., Goswami, C., Praveen, R. V. S., & 
Vetriselvi, T. (2025). Shuffle-F-ZFNet: ShuffleNet 
Fuzzy Zeiler and Fergus network for data 
aggregation in WSN data 
communication. Wireless Networks, 31(6), 4111-
4134. 

[13] Thamma, S. R., Gurumoorthi, E., Prakash, C. 
O., Muthusundar, S. K., Nidhya, M. S., & Maram, B. 
(2025, March). Comparison of SVM and Random 
Forest for Detection of Malicious Node in 
Wireless Sensor Networks. In 2025 International 
Conference on Machine Learning and 
Autonomous Systems (ICMLAS) (pp. 1637-1643). 
IEEE. 

[14] Hundekari, S., Shrivastava, A., Mhsnhasan, M., 
Praveen, R. V. S., Labde, V. V., & Yadav, K. (2025). 
Link Prediction in Graph-Based Data: Techniques 
for Analyzing and Predicting Network 
Connections. In Graph Mining: Practical Uses and 
Instruments for Exploring Complex 
Networks (pp. 67-76). Cham: Springer Nature 
Switzerland. 

[15] Maharajan, K., Parasar, A., Khurana, P., 
Praveen, R. V. S., Sathiyanathan, S., & Priti, C. 
(2025, July). Enhancing Business Education 
Through AI-Powered Teaching Innovations in 
Quantitative Subjects Using Neural Architecture 
Search with Self-Attention. In 2025 International 
Conference on Communication and Smart 
Devices (ICCoSD) (Vol. 1, pp. 1-6). IEEE. 

[16] Mishra, P., Kalburgikar, A., Praveen, R. V. S., 
Soujanya, K., Balamurugan, S., & Kalra, G. (2025, 
July). A Graph Neural Network-Based Hybrid AI 
Model for Detecting Fake Reviews and 
Fraudulent Sellers to Enhance Trust in E-
Commerce. In 2025 3rd World Conference on 
Communication & Computing (WCONF) (pp. 1-7). 
IEEE. 

[17] Jadhav, S., Chakrapani, I. S., Sivasubramanian, 
S., RamKrishna, B. V., Mouleswararao, B., & 



 

© 2026                                                        Volume: 05 Issue: 07 | July - 2026                                                   Page 1136 

Gangwar, S. (2025). Designing Next-Generation 
Platforms with Machine Learning to Optimize 
Immune Cell Engineering for Enhanced 
Applications. Trends in Immunotherapy, 226-
244. 

[18] Kani, R. M., Kumar, K. S., Gasimov, J. Y., 
Praveen, R. V. S., Daniel, D. J. D., & Kumari, K. S. 
(2025, July). Stock Price Trend Prediction in the 
Banking Sector for Market Analysis and 
Investment Decision-Making Using a Hybrid 
Random Forest-LSTM Model. In 2025 3rd World 
Conference on Communication & Computing 
(WCONF) (pp. 1-6). IEEE. 

[19] Tiwari, S. S., Kumar, S., Praveen, R. V. S., 
Kumar, G., Sekhar, S. C., & Bhokare, R. (2025, 
July). Automated Smart Attendance System for 
Higher Education using a Lightweight DNN 
Model-based Face Recognition. In 2025 8th 
International Conference on Computing 
Methodologies and Communication (ICCMC) (pp. 
1513-1518). IEEE. 

[20] Magdum, V. B., Adivarekar, P. P., Praveen, R. 
V. S., Kovalenko, A. B., & Kumar, B. S. (2025, May). 
Advanced Global Safety with Precision Disaster 
Prediction and Early Warning Systems Using 
HPReADS Models. In 2025 Global Conference in 
Emerging Technology (GINOTECH) (pp. 1-6). 
IEEE. 

[21] Chauhan, P. R., Vanitha, P., Agnihotri, K., 
Praveen, R. V. S., Kumar, S., & Praveena, S. (2025, 
May). Analysing Social Entrepreneurship and 
Financial Inclusion for Women Empowerment 
Using an F-GNN and AXGB Hybrid Approach. 
In 2025 Global Conference in Emerging 
Technology (GINOTECH) (pp. 1-6). IEEE. 

[22] Akhmetshin, E., Parasar, A., Praveen, R. V. S., 
& Gupta, S. (2025, May). Accurate Forecasting of 
Teacher Performance and Behaviour in Higher 
Education Using RNN-XGBoost Multilayer Model. 
In 2025 Global Conference in Emerging 
Technology (GINOTECH) (pp. 1-7). IEEE. 

[23] NR, A. R., Rajasri, T., Praveen, R., Kalla, D., 
Bendale, S. P., & Venu, N. (2025, April). CAC 
Training-A Unified Cybersecurity Training 
Program for Military Staff. In 2025 3rd 
International Conference on Communication, 
Security, and Artificial Intelligence (ICCSAI) (Vol. 
3, pp. 569-573). IEEE. 

[24] Kalaiselvi, M., Dasa, S. K., Malik, N., & Praveen, 
R. V. S. (2025, July). Intrusion Detection and 
Security Challenges in 6G Networks Using 
Stochastic Graph Neural Networks. In 2025 
International Conference on Information, 
Implementation, and Innovation in Technology 
(I2ITCON) (pp. 1-6). IEEE. 

[25] Kumar, B. R., Ali, S. R. M., Praveen, R. V. S., 
Thangam, A., Malik, N., & Kalra, G. (2025, July). A 
Novel Optimized Hybrid LSTM-Based Dynamic 
Demand Forecasting Model for Resilient Supply 
Chains. In 2025 International Conference on 
Information, Implementation, and Innovation in 
Technology (I2ITCON) (pp. 1-6). IEEE. 

[26] Thamma, S. R., Devalampeta, B. R., & 
Jangareddy, M. R. (2025, January). Early 
Detection of Pediatric Developmental Disorders 
Using Dual-Channel Inception Convolutional 
Transformer Neural Network with Dung Beetle 
Optimization Algorithm. In 2025 International 
Conference on Next Generation Communication 
& Information Processing (INCIP) (pp. 961-966). 
IEEE. 

[27] Rajput, N., Praveen, R. V. S., Shrivastava, A., 
Kulshreshtha, K., Shakir, A. M., Hadi, A. A. A. K., & 
Majeed, D. A. (2025, July). Optimized K-Means 
Algorithm for Large-Scale Customer 
Segmentation in E-Commerce Platforms. In 2025 
3rd International Conference on Cyber Resilience 
(ICCR) (pp. 1-7). IEEE. 

[28] Manikandan, K., Moparthi, R., Praveen, R. V. 
S., Balasubramanian, K., KK, L., & Sivanantham, S. 
(2025, July). Lung Cancer Detection From CT 
Images Using Image Processing and Hybrid 
Neural Network Models. In 2025 International 
Conference on Information, Implementation, and 
Innovation in Technology (I2ITCON) (pp. 1-6). 
IEEE. 

[29] Supraja, N. S., Praveen, R. V. S., Vemuri, H. K., 
Jaiswal, V. K., & Sista, S. (2025). Leveraging AI 
and ML in Central Bank Strategies for Financial 
Stability. Advances in Consumer Research, 2(4). 

[30] Gudimella, A., Ram Gopal Peri, S. S. S., 
Praveen, R. V. S., Labde, V. V., Deshmukh, R., & 
Shrivastava, A. (2025). Green Finance and ESG 
Investing: Evaluating Impact on Corporate 
Valuation. Advances in Consumer Research, 2(3). 

[31] Alfurhood, B. S., Danthuluri, M. S. M., Jadhav, 
S., Mouleswararao, B., Kumar, N. P. S., & Taj, M. 
(2025). Real-time heavy metal detection in water 
using machine learning-augmented CNT sensors 
via truncated factorization nuclear norm-based 
SVD. Microchemical Journal, 115375. 

[32] Sujitha, B. B., Rao, C. V., Thiyagarajan, C., 
Shakhov, D., & Praveen, R. V. S. (2025, June). 
Intelligent Energy Consumption Estimation in 
IoT-Enabled Smart Homes Using a Hybrid CNN-
GRU Model. In 2025 Second International 
Conference on Cognitive Robotics and Intelligent 
Systems (ICC-ROBINS) (pp. 140-145). IEEE. 

[33] Kathiravan, M. N., Periyasamy, V. M., Kumar, 
P., Praveen, R., Chetana, S., & Surender, S. (2025, 



 

© 2026                                                        Volume: 05 Issue: 07 | July - 2026                                                   Page 1137 

June). IoT-Integrated Graph Convolutional 
Networks and LSTM Models for Smart Plant 
Growth Monitoring in Controlled Environment 
Agriculture. In 2025 5th International 
Conference on Intelligent Technologies 
(CONIT) (pp. 1-5). IEEE. 

[34] Jose, N., Daruvuri, R., Puli, B., 
Sundaramoorthy, P., & Praveen, R. V. S. (2025, 
June). An integrated context-aware adaptive 
meta-learning system for accurate risk 
estimation of postpartum depression. In 2025 
11th International Conference on 
Communication and Signal Processing 
(ICCSP) (pp. 323-327). IEEE. 

[35] Thamma, S. R., Devalampeta, B. R., 
Jangareddy, M. R., & Tanna, P. (2026). 
Confidential AI Prompt Sharing: A Block-chain 
Driven Framework for Secure Data Exchange. 
In Emerging Perspectives and Applications of 
Computational Intelligence and Smart 
Systems (pp. 363-368). CRC Press. 

[36] Poonguzhali, C., Neethika, A., Yalagi, P. C. K., 
Praveen, R. V. S., Isaac, S., & Srivel, R. (2025, 
June). Transforming Mental Health Care through 
Clinical Decision Support System Surface 
Technology. In 2025 11th International 
Conference on Communication and Signal 
Processing (ICCSP) (pp. 474-479). IEEE. 

[37] Jadhav, S., Aruna, C., Choudhary, V., Gamini, S., 
Kapila, D., & Reddy, C. P. (2025). Reprogramming 
the Tumor Ecosystem via Computational 
Intelligence-Guided Nanoplatforms for Targeted 
Oncological Interventions. Trends in 
Immunotherapy, 210-226. 

[38] Lavanya, K., Thangamani, M., Ganthimathi, M., 
Priyanka, S., Peter, V. J., & Sapthika, J. (2026). A 
Multi-Class Deep Neural Network Framework 
Driven Automated Classification Of Diabetic 
Retinopathy Using Retinal Fundus 
Images. Genetics and Molecular Research, 25(1). 

[39] Khaire, S. A., Monica, C. L., Parasar, A., 
Praveen, R. V. S., Kalinskaya, E., & Dineshkumar, 
B. (2025, May). Enhancing Automated 
Assignment Assessment in Higher Education 
with a CNN–BiLSTM Model. In 2025 6th 
International Conference for Emerging 
Technology (INCET) (pp. 1-6). IEEE. 

[40] Maniraj, S. P., Boddepalli, E., Avula, V. A., 
Praveen, R. V. S., Kaliappan, S., & Reddy, P. C. S. 
(2025, May). A Novel Framework for Automated 
Cervical Cancer Detection and Prediction using 
Graph Convolutional Neural Network-based 
Models. In 2025 3rd International Conference on 
Data Science and Information System 
(ICDSIS) (pp. 1-6). IEEE. 

[41] Elumalai, J., Manoranjithem, V., Labde, V. V., 
Karpagavalli, S. M., & Praveen, R. V. S. (2025, 
May). Attention based Graph Convolutional 
Network for IoT Cybersecurity Anomaly 
Detection with Hyperparameter Sensitivity 
Analysis. In 2025 3rd International Conference 
on Data Science and Information System 
(ICDSIS) (pp. 1-6). IEEE. 

[42] Mukherjee, S., Labde, V. V., Gopal Peri, S. S. S. 
R., Praveen, R. V. S., Gudimella, A., Deshmukh, R., 
& Shrivastava, A. (2025). Decentralized Finance 
(DeFi): A Paradigm Shift in Global Financial 
Systems. Advances in Consumer Research, 2(3). 

[43] Selvam, M., Srivani, M., Jose, N. N., 
Saravanabhava, P., Praveen, R. V. S., & 
Vijayalakshmi, P. (2025, April). Implementing a 
Resilient and Pairing-Free Aggregate Signature 
Scheme for Healthcare Internet of Things 
Networks. In 2025 3rd International Conference 
on Communication, Security, and Artificial 
Intelligence (ICCSAI) (Vol. 3, pp. 428-433). IEEE. 

[44] Shahane, M. S., Rajasri, T., Praveen, R., SR, A. 
R., Bendale, S. P., & Venu, N. (2025, April). 
Optimizing the Placement of Virtual Network 
Functions for Energy Efficiency in a Wireless 
Mesh Network. In 2025 3rd International 
Conference on Communication, Security, and 
Artificial Intelligence (ICCSAI) (Vol. 3, pp. 580-
585). IEEE. 

[45] Bhuvaneswari, E., Prasad, K. D. V., Ashraf, M., 
Jadhav, S., Rao, T. R. K., & Rani, T. S. (2025). A 
human-centered hybrid AI framework for 
optimizing emergency triage in resource-
constrained settings. Intelligence-Based 
Medicine, 12, 100311. 

[46] Nagarajan, S., Vijay, S., Karthi, S., Praveen, R. 
V. S., & Naresh, B. (2025, March). Enhancing IoT-
Based Smart Farming Security with a Hybrid GRU 
Intrusion Detection System. In 2025 IEEE 
International Conference on Interdisciplinary 
Approaches in Technology and Management for 
Social Innovation (IATMSI) (Vol. 3, pp. 1-6). IEEE. 

[47] Sagili, S. R., Shibi, B., Praveen, R. V. S., & 
Anjana, P. (2025). Sentiment Classification for 
Depression Detection: Integrating Capsule 
Networks with CNNs on Review Data. 2025 
Emerging Technologies for Intelligent Systems 
(ETIS), 1-7. 

[48] Kukreti, S., Praveen, R. V. S., Bansal, S., Raju, 
H., Singh, N., & Begum, R. (2025, February). 
Object Detection in Real-Time Surveillance Using 
Deep Learning-Based YOLO Framework. In 2025 
International Conference on Computational, 
Communication and Information Technology 
(ICCCIT) (pp. 601-606). IEEE. 



 

© 2026                                                        Volume: 05 Issue: 07 | July - 2026                                                   Page 1138 

[49] Malviya, M., Adhana, D. K., Praveen, R. V. S., 
Mishra, B. R., Madasu, P., & Haralayya, B. (2025). 
Adaptation to Integration A Review on the Indian 
Accounting Standards (Ind AS) in Global 
Financial Reporting Convergence. 

[50] Thamma, S. R., Prajwala, N. B., Pushpa, N. B., & 
Patra, A. (2025). Neuroimaging: A Computational 
Lens on the Brain. In Visualization in 
Neuroanatomical Sciences (pp. 53-68). Cham: 
Springer Nature Switzerland. 

[51] Jadhav, S., Durairaj, M., Reenadevi, R., 
Subbulakshmi, R., Gupta, V., & Ramesh, J. V. N. 
(2024). Spatiotemporal data fusion and deep 
learning for remote sensing-based sustainable 
urban planning. International Journal of System 
Assurance Engineering and Management, 1-9. 

[52] Chaubey, N. K., Dahiya, R., Venkateswaran, R., 
RVS, P., Hemavathi, U., & Subramaniam, S. (2025). 
Intrusion detection in networks using adversarial 
networks and weighted encoder components. 
In Advanced Cyber Security Techniques for Data, 
Blockchain, IoT, and Network Protection (pp. 
413-434). IGI Global Scientific Publishing. 

[53] Subburaj, T., Praveen, R. V. S., Devi, S. R., & 
Reddy, D. S. (2024, December). Enhancing 
Electricity Theft Detection and Loss Prediction in 
Metro Cites Using Hybrid Machine Learning 
Model. In 2024 Eighth International Conference 
on Parallel, Distributed and Grid Computing 
(PDGC) (pp. 865-870). IEEE. 

[54] Shinkar, A. R., Joshi, D., Praveen, R. V. S., 
Rajesh, Y., & Singh, D. (2024, December). 
Intelligent solar energy harvesting and 
management in IoT nodes using deep self-
organizing maps. In 2024 International 
Conference on Emerging Research in 
Computational Science (ICERCS) (pp. 1-6). IEEE. 

[55] Mrudula, J., Praveen, R. V. S., Sowmya, V. J., 
Shinde, N. N., & Ganvir, P. S. (2024, December). 
Advanced IoT and machine learning solutions for 
sustainable groundwater management using 
edge-based residual graph attention network 
model. In 2024 International Conference on 
Emerging Research in Computational Science 
(ICERCS) (pp. 1-6). IEEE. 

[56] Kemmannu, P. K., Praveen, R. V. S., & 
Banupriya, V. (2024, December). Enhancing 
Sustainable Agriculture Through Smart 
Architecture: An Adaptive Neuro-Fuzzy Inference 
System with XGBoost Model. In 2024 
International Conference on Sustainable 
Communication Networks and Application 
(ICSCNA) (pp. 724-730). IEEE. 

[57] Vandana, C. P., Basha, S. A., Madiajagan, M., 
Jadhav, S., Matheen, M. A., & Maguluri, L. P. 

(2024). IoT resource discovery based on multi 
faected attribute enriched CoAP: smart office 
seating discovery. Wireless Personal 
Communications, 1-18. 

[58] Mohandas, R., Elavarasi, M., Praveen, R. V. S., 
Chittapragada, H., Nithiya, C., & Prabagar, S. 
(2024, December). Advanced cyber-attack 
detection in iot networks using deep belief 
networks and gradient boosting mechanisms. 
In 2024 4th International Conference on Mobile 
Networks and Wireless Communications 
(ICMNWC) (pp. 1-7). IEEE. 

[59] Wange, N. J., Praveen, R. V. S., Babavali, S. F., 
Rao, P., Gamini, P., & Ramasamy, D. (2024, 
December). Optimizing Thermal Comfort and 
Energy Efficiency in Smart Buildings using GANs 
and Reinforcement Learning Models. In 2024 4th 
International Conference on Mobile Networks 
and Wireless Communications (ICMNWC) (pp. 1-
6). IEEE. 

[60] Subha, B., Nagarajan, S., Thangam, A., 
Srinivas, V. S., Praveen, R. V. S., & Bakshi, K. D. 
(2024, December). Fuzzy Clustering and 
Autoencoder-Based Cybersecurity for EVs in a 
Blockchain-Enabled Smart Cloud Environment. 
In 2024 4th International Conference on Mobile 
Networks and Wireless Communications 
(ICMNWC) (pp. 1-7). IEEE. 

[61] Bhagat, S. K., Thamma, S. R., Devalampeta, B. 
R., Jangareddy, M. R., Kumar, R., & Pandey, S. D. 
(2025, May). Smart Parallel Algorithm for 
Optimized Load Balancing in Cloud Computing. 
In 2025 2nd International Conference on 
Research Methodologies in Knowledge 
Management, Artificial Intelligence and 
Telecommunication Engineering 
(RMKMATE) (pp. 1-6). IEEE. 

 
 
 
 
 
 
 
 

 

Cite this article as:        Mr. K. Surendra 

Reddy et al., (2026).   Intelligent Automation and 

AI Optimization in Next-Generation 

Manufacturing and Industrial Engineering. 

International Journal of Emerging Knowledge 

Studies. 5(7), pp. 1123–1138. 

https://doi.org/10.70333/ijeks-05-07-013                            
                                                                

https://doi.org/10.70333/ijeks-05-07-013

