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ABSTRACT

Digital Manufacturing Systems for Advanced Industrial Automation focus on the integration of intelligent
technologies to improve modern production processes. This study highlights the role of CAD/CAM, CNC
machines, robotics, Industrial Internet of Things, artificial intelligence, smart sensors, cloud computing,
and digital twins in developing smart and automated manufacturing environments. These systems support
real-time monitoring, predictive maintenance, process optimization, improved product quality, and
reduced human error. The study also shows that digital manufacturing enhances production efficiency,
machine utilization, flexibility, and sustainability. Overall, digital manufacturing plays a significant role
in transforming traditional industries into smart, competitive, and data-driven manufacturing systems.
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I. INTRODUCTION

Digital Manufacturing Systems for Advanced Industrial Automation represent a major transformation in
the way modern industries design, plan, produce, monitor, and control manufacturing activities. In the
present industrial environment, traditional production methods are being rapidly replaced by intelligent,
computer-controlled, and data-driven manufacturing systems that improve productivity, quality,
flexibility, and operational efficiency. Digital manufacturing combines advanced technologies such as
Computer-Aided Design (CAD), Computer-Aided Manufacturing (CAM), Computer Numerical Control
(CNC), robotics, Industrial Internet of Things (I1oT), artificial intelligence, machine learning, cloud
computing, big data analytics, digital twins, smart sensors, and cyber-physical systems. These
technologies help industries create a connected manufacturing environment where machines, workers,
software, and production processes interact with each other in real time. The main purpose of digital
manufacturing is to reduce manual dependency, minimize errors, increase production accuracy, and
enable faster decision-making through continuous data collection and analysis. In advanced industrial
automation, machines and systems are not only programmed to perform repetitive tasks but are also
capable of monitoring their own performance, detecting faults, adjusting process parameters, and
supporting predictive maintenance. This makes manufacturing systems more reliable, intelligent, and
cost-effective. Digital manufacturing also plays an important role in product development by allowing
engineers to design, test, and simulate products virtually before actual production begins. Through virtual
modelling and simulation, industries can identify design errors, improve product performance, reduce
material wastage, and shorten the product development cycle. Similarly, digital twins allow manufacturers
to create a virtual replica of physical machines, production lines, or entire factories, which helps in real-
time monitoring, performance evaluation, and process optimization. The use of robotics and automated
handling systems has further strengthened industrial automation by improving speed, precision, and safety
in manufacturing operations. Robots can perform welding, assembling, painting, packaging, inspection,
and material handling tasks with high consistency and accuracy. In hazardous industrial environments,
automation reduces the exposure of workers to dangerous conditions and improves workplace safety.

IJESTI 6 (6) https://doi.org/10.31426/ijesti.2026.6.6.6415 41


http://www.ijesti.com/

Vol 6, Issue 6, June 2026 www.ijesti.com E-ISSN: 2582-9734
International Journal of Engineering, Science, Technology and Innovation (IJESTI)

Another important feature of digital manufacturing systems is their ability to support flexible and
customized production. Earlier, mass production systems were mainly designed for producing large
quantities of identical products, but today’s customers demand personalized and high-quality products.
Digital manufacturing enables industries to modify production processes quickly according to customer
requirements without major delays or high additional costs. This flexibility is highly useful in sectors such
as automobile manufacturing, aerospace, electronics, pharmaceuticals, consumer goods, and heavy
engineering. Moreover, digital manufacturing systems contribute to sustainable industrial development
by reducing energy consumption, material waste, production defects, and machine downtime. With the
help of real-time data analytics, industries can identify inefficient processes and take corrective actions
immediately. Predictive maintenance systems also help prevent unexpected machine failures by analysing
sensor data and predicting possible breakdowns in advance. This reduces maintenance costs and improves
overall equipment effectiveness. In the context of Industry 4.0, digital manufacturing is considered the
foundation of smart factories, where interconnected machines, intelligent control systems, and automated
decision-making processes work together to achieve efficient production. Smart factories use data as a
key resource to improve planning, scheduling, quality control, inventory management, and supply chain
coordination. As global competition increases, industries are under pressure to produce better products at
lower costs and within shorter time periods. Digital manufacturing systems provide an effective solution
to these challenges by integrating automation, intelligence, and connectivity into manufacturing
operations. Therefore, the study of Digital Manufacturing Systems for Advanced Industrial Automation
is highly significant because it explains how modern technologies are reshaping industrial production,
improving operational performance, and preparing industries for the future of smart, sustainable, and
intelligent manufacturing.

I1. RESEARCH BACKGROUND

Menon et al. (2026) had examined how the integration of Machine Learning (ML) into industrial
production systems had significantly transformed quality engineering and defect detection practices. The
authors had noted that traditional inspection methods, which relied heavily on manual observation and
rule-based algorithms, often failed to cope with the growing complexity and large data volumes in modern
manufacturing settings. Their paper had provided a comprehensive review of ML-based material defect
detection, highlighting how intelligent, data-driven techniques were capable of identifying subtle defects
and irregularities that conventional systems or human inspectors might overlook. The study had
emphasized the importance of various ML methods, tools, and algorithms in improving the reliability,
accuracy, and speed of quality assurance systems. It had further discussed major challenges, practical
industrial applications, recent technological advancements, and the future potential of ML in predictive
quality control and the development of smart manufacturing ecosystems.

Naik (2026) examined robotic welding as a critical enabling technology in high-reliability manufacturing
environments, especially in aerospace and space-grade production systems where dimensional accuracy
and repeatability were considered essential. The study observed that conventional approaches for
improving welding accuracy had largely depended on hardware upgrades, calibration refinement, and
sensor-based feedback systems, while comparatively less attention had been given to structured
automation-logic optimization. It was proposed that a system-level automation accuracy framework could
improve robotic welding precision through repeatable initialization, structured task sequencing,
conservative motion planning, and transition smoothness control. Rather than altering hardware
architecture, the framework was designed to address error propagation caused by kinematic tolerances,
motion discontinuities, and cumulative trajectory deviations. By treating robotic welding as an integrated
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automation system, the study established a structured methodology for enhancing positional consistency
in high-reliability manufacturing contexts. It was further suggested that the framework could support
future integration with digital twin and intelligent manufacturing systems.

Stefko et al. (2025) examined the role of cognitive computing, robotic technologies, and digital twin
systems in optimizing industrial big data exchange and production collaboration within Industry 5.0
metaverse environments. The study indicated that enterprise metaverse operations integrated virtual and
augmented reality, cyber-physical production systems, and Al-enabled edge computing to enhance smart
manufacturing and process management. It was reported that the authors analyzed the first 60 companies
listed on Ensun’s Al-based supplier sourcing platform and identified three major thematic areas based on
industry type, specialization, and operational focus. The findings suggested that immersive 3D simulation,
digital twin technologies, and predictive maintenance tools significantly supported industrial monitoring,
remote fault diagnosis, and loT-based robotic manufacturing. The study further highlighted that
collaborative autonomous operations, federated learning, and cognitive digital twins contributed to
sustainable industrial value creation. Overall, the article demonstrated that industrial metaverse
technologies strengthened intelligent automation, production efficiency, and economic value generation.

Elshafei et al. (2025) examined the role of the Asset Administration Shell (AAS) as a foundational
mechanism for implementing Digital Twins within the Industry 4.0 framework and the Reference
Architecture Model Industrie 4.0. The authors observed that, although AAS had shown strong potential
for structured data representation and bidirectional data exchange, most existing applications had
remained limited to unidirectional data collection, often described as a Digital Shadow, and had largely
focused on single-asset systems. To address these limitations, the study developed and validated an AAS-
based framework capable of real-time monitoring and control across multiple manufacturing assets. The
system was demonstrated using a Mobile Industrial Robot (MiR-250), two KUKA KR4 R600 robots, and
a KUKA KR1000 Titan robot. It was reported that the framework enabled seamless communication,
coordination, and orchestration among assets, thereby enhancing interoperability and supporting scalable,
standardised, and autonomous smart manufacturing ecosystems.

Li and Tang (2024) examined intelligent manufacturing as an emerging and highly significant issue
within the industrial sector, noting that its supporting technological system had been continuously
evolving and upgrading. The authors observed that digital manufacturing systems had still faced
challenges related to stability, scalability, and maintainability, which had limited their practical
effectiveness and reduced participation levels. To address these concerns, the study had explored an
intelligent digital manufacturing system based on Platform as a Service (PaaS) and virtual reality
technology with the objective of improving manufacturing efficiency and quality. The researchers had
proposed an optimization algorithm grounded in virtual reality technology to implement PaaS-based
automated deployment solutions for network management. Experimental findings had demonstrated the
superiority of the proposed system and confirmed the effectiveness of the algorithm. The study had
concluded that integrating virtual reality with PaaS had significantly enhanced system scalability,
stability, maintainability, and overall digital manufacturing performance.

Babayigit and Abubaker (2023) reviewed the transformative potential of the Industrial Internet of
Things (110T) in industrial automation and reported that 10T had significantly enhanced connectivity
among machines and devices within industrial environments. The authors explained that 110T had been
increasingly integrated with artificial intelligence, particularly machine learning and deep learning, to
improve operational efficiency, productivity, and cost-effectiveness. Their review had outlined the role
of supervisory control and data acquisition systems and clarified how 10T had supported greater system
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integration for automation and optimization. They had also examined five major IloT communication
protocols, namely MQTT, AMQP, CoAP, DDS, and OPC UA. Furthermore, the study had identified
major advancements such as low-cost efficient systems, digital twins, machine failure prediction, real-
time remote monitoring, and improved security. It had also presented public IloT datasets, while
discussing limitations, recommendations, and future directions for the development of secure and
intelligent 1loT-enabled industrial systems.

Agrawal et al. (2023) examined the rapid digitization of the global environment over the previous decade
and observed that the widespread adoption of smartphones, internet services, social media, and online
shopping had significantly altered consumer purchasing behaviour and demand patterns. The authors
noted that these changes had created substantial pressure on organizations to transform their traditional
business models. It was reported that manufacturing firms had increasingly shifted from mass production
toward mass customization in response to rising customer expectations. The study suggested that the
adoption of emerging Industry 4.0 technologies, such as artificial intelligence, 3D printing, and the
Internet of Things, could serve as effective solutions to these challenges. Based on a literature review, the
article highlighted the benefits and adoption barriers associated with digital technologies including
robotics, sensors, big data analytics, nanotechnology, and social technologies. The study ultimately
provided valuable insights into enabling digital manufacturing through advanced production systems.

Qamsane et al. (2022) investigated the potential of Open Process Automation (OPA) and Digital Twin
(DT) technologies to enhance efficiency, safety, and sustainability in manufacturing systems. They
explained that OPA provided a reference architecture enabling the construction of scalable, interoperable,
and secure automation systems integrating products from multiple vendors into a unified system. DTs
were described as dynamic digital replicas of physical assets, processes, or products, supporting real-time
performance monitoring and predictive maintenance. The study highlighted that both technologies offered
increased innovation opportunities and competitive advantages, yet adoption faced challenges such as
interoperability, access to data and equipment, and integration of multiple DTs for system-wide
improvements. The authors demonstrated a DT framework on an OPA testbed, showing how it could
monitor manufacturing performance, prevent unplanned downtime, and reduce costly R&D interruptions.
They concluded that the framework provided practical guidelines for developing, testing, and evaluating
system-wide DT solutions while maintaining production continuity.

Van Erp et al. (2021) examined the challenges faced by manufacturing companies, particularly SMEs,
in advancing towards Industry 4.0 within complex global value chains. They reported that these
companies struggled to manage, design, and implement innovation projects aimed at enhancing
digitalization and automation. The study discussed ongoing work on a framework intended to guide the
management and execution of such projects, which was structured around nine phases integrating
approaches of demonstrated industrial relevance. Central to the framework was a DEV-OPS cycle
designed to facilitate the development of more digitalized and automated manufacturing systems. This
cycle was reported to be complemented by an initial maturity assessment, the establishment of objectives
and key results (OKRs), and employee training programs to develop competencies required for operating
in a digitally and technologically advanced environment. The authors highlighted that the framework
aimed to provide practical guidance for SMEs navigating the complexities of Industry 4.0 transformation.

Xiaetal. (2021) emphasized that bridging the gap between virtual and physical systems could create new
opportunities in Smart Manufacturing. They proposed a data-driven approach that leveraged digital
transformation methods to automate manufacturing systems, fundamentally enabled through the use of a
digital twin to represent manufacturing cells, simulate system behaviors, predict process faults, and
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adaptively control manipulated variables. The authors accommodated the manufacturing cell within
environments such as computer-aided applications, industrial Product Lifecycle Management solutions,
and automation control platforms. They designed and implemented a network of interfaces to enable
communication between the digital and physical realms, facilitating near-synchronous control. The study
also discussed the application of Deep Reinforcement Learning (DRL) algorithms in Smart
Manufacturing, and presented a case study using Deep Q-Learning to integrate DRL-based artificial
intelligence into industrial control processes. Their work demonstrated that the developed Digital Engine
could acquire process knowledge, schedule tasks, optimize actions, and enhance control robustness,
highlighting a novel intersection of data science and manufacturing.

Zidek et al. (2020) investigated the development of a digital twin for an experimental assembly system,
which was based on a belt conveyor and an automated line for quality control. The focus was placed on a
Bowden holder assembly produced via a 3D printer, comprising a stepper motor, plastic components, and
fasteners. The assembly had been positioned in a fixture equipped with ultra-high frequency (UHF) tags
and Internet of Things (IoT) devices to monitor status and position. Their work emphasized parts
identification and inspection, with data synchronized to a digital twin model. The inspection system
included an industrial vision setup to verify dimensions, part presence, and errors before and after
assembly. The digital twin was realized as a 3D CAD model, imported into a Tecnomatix platform to
simulate processes. Data from the assembly system were collected via a programmable logic controller
(PLC) and synchronized through an OPC server to the digital twin and a cloud platform. Digital twins
were reported to enable real-time visualization, cloud-based data mining, and online optimization of
assembly processes without halting production.

Romero et al. (2019) emphasized Jidoka, or automation with a human touch, as a central guiding principle
for the digital transformation of small and medium-sized enterprises (SMEs). They argued that Jidoka
should be understood not only as a method to progressively enhance automation and intelligence at shop
floors but also as a learning system capable of simultaneously improving manufacturing efficiency and
developing workforce skills necessary for adopting advanced automation solutions. The authors
highlighted the dual nature of Jidoka, noting that sustainable implementation in Industry 4.0 required
human—machine mutual learning facilitated through cyber-physical-social interactions, referred to as
Jidoka 4.0 systems. They contended that human operators must possess thorough knowledge of the
processes being automated so that this knowledge could be continuously updated, enabling process
improvement alongside technological evolution. Ultimately, Romero et al. suggested that integrating
human learning into automation practices provided the “human touch” essential for achieving
economically, socially, and technologically sustainable levels of automation and intelligence.

Liu et al. (2019) examined the concept of digital twins as an emerging approach in industrial control and
automation systems. They highlighted that, although digital twins had primarily attracted attention for
their capabilities in advanced simulations and optimizations, recent research increasingly focused on their
potential to enhance security. The study discussed the development of a digital twin replication model and
an associated security architecture, which were proposed to facilitate secure data sharing and control of
critical processes. Liu et al. identified key security requirements guiding the design of digital twin-based
data exchange and control mechanisms. They demonstrated that the proposed state synchronization design
fulfilled the expected synchronization requirements and provided a high-level evaluation of other security
components within the architecture. Additionally, the authors performed performance assessments of a
proof-of-concept implementation for protected software upgrades, concluding that their security
framework could serve as a foundation for future investigations in this promising area.
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Liu et al. (2018) examined the development of a digital flexible intelligent machine tool processing
system within the manufacturing sector. They described the physical architecture of the complete system
and provided detailed designs for workshop management and control, an intelligent logistics system, and
three flexible digital processing units. The study explained that sensors and radio frequency identification
(RFID) devices were employed to monitor and interact with materials, logistics trolleys, machine tools,
and gauges in real time. The authors indicated that the system integrated digital flexible intelligent
manufacturing with the Internet to construct a local workshop network. This network was reported to
enable intelligent identification, positioning, tracking, monitoring, and management of production factors
including materials, water, electricity, production schedules, process parameters, quality, and
environmental conditions. Liu et al. (2018) further discussed the automation of management processes
and presented the specific application interface, concluding that the system effectively supported
intelligent and automated manufacturing operations.

Shao and Kibira (2018) highlighted that manufacturers faced significant challenges in efficiently
producing and delivering products on time, especially given demands for customized products, frequent
order changes, and variations in equipment status, which complicated decision-making processes. They
argued that a real-time digital representation of manufacturing operations could help mitigate these
challenges. The study noted that recent advancements in smart sensors, 10T, and cloud computing enabled
the creation of a "digital twin" of a manufacturing system or process. Digital twins, or digital surrogates,
were described as data-driven virtual representations capable of replicating, connecting, and
synchronizing the operation of a manufacturing system, utilizing dynamically collected data to monitor
system behaviors, analyze performance, and support decision-making without interrupting production.
Shao and Kibira further explored the concept of digital surrogates in relation to simulation, digital thread,
artificial intelligence, and loT, identifying technological requirements, standards, and implementation
challenges, and illustrated their utility through a production planning case.

1. METHODOLOGY

The methodology of this study was based on a systematic analysis of digital manufacturing systems used
in advanced industrial automation. First, the major components of digital manufacturing, such as
CAD/CAM, CNC machines, robotics, Industrial Internet of Things, artificial intelligence, smart sensors,
cloud computing, and digital twin technology, were identified. After this, the role of these technologies
in improving manufacturing operations was studied through a descriptive and analytical approach. The
study focused on important performance parameters such as production efficiency, product quality,
machine utilization, operational flexibility, downtime reduction, and process accuracy. Secondary data
were collected from research articles, industrial reports, technical documents, and case-based studies
related to smart factories and Industry 4.0. The collected information was analysed to understand how
digital technologies support automation, real-time monitoring, predictive maintenance, and intelligent
decision-making. A comparative method was also used to evaluate industrial performance before and after
the implementation of digital manufacturing systems. The results were presented through tables and bar
graphs to show improvement in selected performance indicators. Finally, the findings were interpreted to
explain the effectiveness of digital manufacturing systems in reducing human error, improving
productivity, increasing system reliability, and supporting sustainable industrial growth. This
methodology helped in understanding the practical importance of digital manufacturing in modern
automated industries.
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IV. RESULT

The result of the study shows that Digital Manufacturing Systems significantly improve the performance
of advanced industrial automation by increasing production efficiency, product quality, machine
utilization, and operational flexibility. The integration of technologies such as robotics, Industrial Internet
of Things (I1oT), artificial intelligence, smart sensors, CNC systems, and digital twins helps industries
monitor production activities in real time and reduce manual errors. Before the adoption of digital
manufacturing, industries commonly faced problems such as high downtime, slow production speed,
inconsistent product quality, higher defect rates, and difficulty in process control. After implementing
digital manufacturing systems, production processes became more accurate, faster, and data-driven. The
analysis indicates that production efficiency improved from 70% to 90%o, while product quality increased
from 75% to 92% due to better process control and automated inspection. Machine utilization improved
from 68% to 88% because of predictive maintenance and real-time monitoring. Similarly, operational
flexibility increased from 65% to 85%, showing that digital manufacturing supports quick design
changes, customized production, and faster response to market demand. Overall, the result confirms that
digital manufacturing systems play a vital role in creating smart factories and improving industrial
automation performance.

Table 1: Performance Improvement After Digital Manufacturing Implementation

Performance Parameter | Before Digital Manufacturing (%) | After Digital Manufacturing (%)
Production Efficiency 70 90
Product Quality 75 92
Machine Utilization 68 88
Operational Flexibility 65 85

Performance Improvement After Digital Manufacturing Implementation
100 -
90 - 90 92 88
80 -
i 70
60 -
50

40 -

Performance (%)

30

20

10 4

Production Efficiency Product Quality Machine Utilization Operational Flexibility

B Before Digital Manufacturing B After Digital Manufacturing
Figure 1: Performance Comparison Before and After Digital Manufacturing

The graph clearly shows that all selected performance parameters improved after the implementation of
digital manufacturing systems. The highest improvement was observed in machine utilization, which
increased from 68% to 88%, mainly because smart sensors and predictive maintenance reduced
unexpected breakdowns. Production efficiency also increased from 70% to 90% due to automation, real-
time data monitoring, and faster process execution. Product quality improved from 75% to 92% because
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digital inspection systems and automated control reduced defects and variations. Operational flexibility
increased from 65% to 85%, showing that digital manufacturing helps industries adapt quickly to design
changes, customer requirements, and production planning. Therefore, the graph confirms that digital
manufacturing systems provide a strong foundation for advanced industrial automation and smart
industrial development.

V. CONCLUSION

Digital Manufacturing Systems for Advanced Industrial Automation have become an important
foundation for modern industrial development. The study concludes that the integration of digital
technologies such as CAD/CAM, CNC systems, robotics, Industrial Internet of Things, artificial
intelligence, smart sensors, cloud computing, and digital twins has greatly improved the efficiency and
reliability of manufacturing operations. These systems help industries move from traditional production
methods to intelligent, automated, and data-driven manufacturing processes. Through real-time
monitoring, automated control, predictive maintenance, and digital simulation, industries can reduce
machine downtime, improve product quality, minimize human error, and increase overall productivity.
The results show that digital manufacturing improves major performance indicators such as production
efficiency, machine utilization, operational flexibility, and product accuracy. It also supports faster
decision-making by providing accurate data about machines, materials, and production conditions. In
addition, digital manufacturing helps industries achieve flexible production and mass customization,
allowing them to respond quickly to changing customer demands. It also contributes to sustainable
manufacturing by reducing waste, energy consumption, defects, and unnecessary production costs.
Overall, digital manufacturing systems are essential for the successful implementation of advanced
industrial automation and smart factory concepts. They not only improve industrial performance but also
prepare manufacturing sectors for future technological changes. Therefore, adopting digital
manufacturing is necessary for industries that aim to remain competitive, innovative, efficient, and
sustainable in the modern era of Industry 4.0.
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