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Abstract

Background

Artificial Intelligence (Al) joined with industrial automation devises new methods for manufacturing processes
to lead into smart manufacturing innovation. The deployment of artificial intelligence and its associated systems
depends on developers who understand both machine operations and workforce capabilities at their core.
Objective

This research investigates how Al adoption interacts with IoT implementation as well as workforce readiness and
automation efficiency to produce significant smart manufacturing performance results. The research works to
reveal fundamental barriers and potential opportunities encountered in industrial automation when integrating Al
technologies.

Methods

This investigation utilized quantitative techniques through administered Likert-scale questionnaires to gather data
from 355 manufacturing professionals. A group of research methods including reliability examinations, normality
assessments alongside factor analytical techniques, and regression procedures helped explore connections
between study variables. A mediation analysis evaluated the relationship between manufacturing performance
and the driving influence of automation efficiency on performance.

Results

The study results showed important connections between the implementation of Al and IoT systems together with
workforce preparedness and automation performance levels. Smart manufacturing performance responds greatly
to the influential variable of automation efficiency. All construct measures exhibited consistent reliability
according to Cronbach's alpha criteria which exceeded 0.78. Results from factor analysis supported the validation
of the constructs where 55.3% of total variance stemmed from the first three factors. Multiple variables needed
non-parametric testing because results from normality tests showed clusters of both normal and non-normal
distribution patterns.

Conclusions

Research demonstrates how artificial intelligence can revolutionize production facilities while showing unions
should integrate both machine standards and human talents. Although Al together with IoT produces better
automation coupled with improved performance organizations still face ongoing workforce preparation
difficulties. Organizations need to, reskill their employees and reform their cultural mindset to maximize the
potential of smart manufacturing practice. Practical implementation strategies emerge from these research results
to guide organizations executing Al-driven automation alongside broader knowledge of manufacturing
intelligence.

Keywords: implementation, manufacturing, Organizations

INTRODUCTION

Artificial intelligence advances are powering a major industrial industrial
transformation. Al and industrial automation combined have created a new manufacturing
system called smart manufacturing which uses advanced technologies to boost efficiency and
adaptability while increasing productivity in factory operations. Smart manufacturing
technology comprises linked digital systems that analyze real-time information while
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performing autonomous data-driven choices. The shift toward smarter automation aligns with
essential progress beyond classical automation solutions by giving producers the capability to
manage changing industry needs and complicated operational hurdles (Sahoo & Lo, 2022).

Industrial processes powered through the combination of programmable logic
controllers (PLCs) and supervisory control and data acquisition (SCADA) systems along with
robotic systems require structured environments for maximum efficiency and control. Paths of
standard industrial systems remain rigid because they cannot effectively handle changing
operational scenarios or analyze significant data datasets. Robotics systems can learn from data
using machine learning methods and deep learning algorithms while performing predictive
analytics and computer vision techniques to identify patterns for real-time decision support.
Through these capabilities organizations can enhance their production flows, boost operational
uptime meet quality specifications, and establish sustainable business models (Huang et al.,
2021).

Through the Industrial Internet of Things (IloT) industrial applications achieve
significantly enhanced results through their connected platforms that let devices communicate
with one another and exchange data. This manufacturing connectivity system enables real-time
monitoring alongside predictive maintenance and adaptive production strategies which support
operational excellence and manufacturing resilience. The implementation of Al and IoT
systems faces numerous obstinacies during their integration process. Technical limitations such
as data unification problems non-uniform regulatory standards and mechanical device
communication obstacles present ongoing organizational challenges. The industry continues to
face significant workforce obstacles because of skill shortages together with employee
reluctance to embrace change alongside the necessity for ongoing skill development across all
levels (Trakadas et al., 2020).

Al-driven industrial automation faces various bars but demonstrates massive
transformative value to manufacturers. Information technology platforms using artificial
intelligence transform unprocessed data into valuable insights that enable manufacturers to
achieve better decisions while streamlining operations and acquiring competitive advantages.
The integration brings momentum to industry sustainability targets and resource efficiency
initiatives because advanced systems powered by artificial intelligence achieve waste reduction
while diminishing energy utilization and carbon emissions (Abubakr et al., 2020).

This research analyses vital elements affecting Al automation integration within
industrial applications and assesses their joint effect on smart production efficiency. The
research investigates how Al adoption interacts with IoT implementation while showcasing
workforce readiness and automation efficiency. Through quantitative analysis, the study
establishes the quantitative link between key variables to demonstrate approach performance
by Al-driven automation technologies while explaining implementation obstacles and
corresponding opportunities (Jwo et al., 2021).

The significance of this study lies in its ability to address a pressing industry need: The
research aims to reveal technological and human interaction dynamics at work when moving
toward smart manufacturing systems. Successful implementations of technological
advancements depend equally on the workplace readiness of personnel as well as
organizational cultural adaptation features. Research findings will direct manufacturers
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together with policymakers and stakeholders to establish strategies that eliminate obstacles so
they can fully harness the capabilities of Al-enabled industrial automation (Wang et al., 2021).

LITERATURE REVIEW

The combination of artificial intelligence (Al) systems with industrial automation
programs creates a new manufacturing approach that industry experts call smart
manufacturing. Modern operational transformations result from technological developments
such as machine learning and IoT together with computer vision and big data analytics. The
existing research creates a solid understanding of artificial intelligence automation
performance by examining its operational benefits and challenges while evaluating product
quality improvements and market adaptability (Resman et al., 2019).

Al in Industrial Automation

Traditional automation systems receive a makeover through Al technology that brings
built-in decision systems with predictive response options and control mechanisms that adapt
to changing conditions. According to Lee et al., machine learning algorithms enable predictive
maintenance through their analysis of historical data to detect equipment failure patterns. The
practice of using predictive analytics shortens equipment downtime while improving
manufacturing effectiveness which stands as a key performance metric. Computer vision
systems examined by Wang et al. serve quality control applications by detecting defects with
precision while operating faster than human inspectors (Ghobakhloo & Ching, 2019).

Process optimization represents a major area where Al catalyzes automation. Machine
learning algorithms process enormous production datasets to locate operational shortcomings
which they promptly suggest modifications. Under operational requirements, Al-powered
systems show effectiveness in power usage reduction by automatically adjusting machine
controls as demonstrated by Zhang and Zhang. Modern manufacturers view sustainability as a
top priority and this technology helps achieve it (Wang et al., 2022).

Industrial Internet of Things (I1oT)

Through the Industrial Internet of Things technology (IloT) smart manufacturing gains
its essential data-sharing capabilities which connect devices machines and systems. According
to Prajapati et al., manufacturers leverage IloT advancements to build interconnected
ecosystems by integrating monitoring sensors and actuators throughout their production
systems. The interconnected system enables both predictive maintenance services as well as
improved supply chain transparency and advanced automation functions (Arden et al., 2021).

The available literature illustrates a harmonious bond between Intelligent Techniques
and Industrial Internet of Things operations. [IoT systems produce vast data amounts while Al
supplies essential analytical methods to obtain useful insights from this data. The research by
Kumar et al. demonstrated how analytical platforms driven by Al enhance IIoT data to forecast
production levels and track inventories thus improving manufacturer responsiveness to market
dynamics (Evjemo et al., 2020).

Workforce Readiness and Human-Machine Collaboration

Smart manufacturing benefits strongly from technological progress at the same time
human workers remain essential for operations. A lack of workforce readiness because of
employee skills and adaptability stands as a common obstacle to achieving successful Al

101



Eksplorium p-ISSN 0854-1418
Volume 45 No. 2, November 2024: 99-112 e-ISSN 2503-426X

adoption. Brougham and Haar emphasize the requirement for ongoing employee skill
development programs that connect traditional manufacturing duties to tasks required for an
Al-operated production system (Tao et al., 2019).

Human-machine collaboration represents an essential research domain that shows
increasing prominence in current studies. Cobots demonstrate this evolution since they assist
human workers in completing tasks where precision and repetitive work meet strength
demands. According to Choi and Kim, successful cobot implementation relies on designing
systems focused on safety measures usability, and optimal task assignment (J. Zhou et al.,
2019).

Automation Efficiency and its Mediating Role

The ability of systems to perform tasks with minimal waste and maximum output
functions is a recurring theme in existing literature about automation efficiency. Empirical
studies confirm the position of automation efficiency as an important intervening variable that
connects artificial intelligence adoption to smart manufacturing results. Al-assisted systems
improve automation efficiency which leads directly to superior quality products while lowering
expenses and enhancing buyer satisfaction according to Luo et al (Lattanzi et al., 2021).

The successful scaling of operations relies heavily on efficient automation systems. The
research of Gupta and Arora shows that manufacturing companies unleash production
flexibility through Al automation which maintains performance reliability at different
production levels. The ability to adjust operations remains crucial for manufacturing industries
with short product life cycles along with high variability in their products (Ryalat et al., 2023).
Challenges in Al Integration

Industrial automation benefits from Al funding but confronts major challenges when
integrating this technology. The integration of data from multiple dissimilar systems alongside
data quality concerns and volume matters forms the greatest obstacles facing industrial
implementation. Research by Tan et al. shows that industrial manufacturers often handle their
data within isolated systems which decreases their potential for Al utilization. Cybersecurity is
another critical concern. Industrial processes that integrate IloT systems with artificial
intelligence stand more exposed to cyberattacks because of their tightly interlinked operation
(Leng et al., 2021).

Data protection alongside operational integrity requires the adoption of strong
cybersecurity systems according to Singh et al. Besides cost challenges, ROI stands out as a
critical problem. The entry investments for Al technologies alongside IIoT infrastructure and
workforce training initiation bear steep costs. Nelson et al. document how the future advantages
of Al implementation surpass initial setup expenses with resulting cost reductions and
performance improvements (Cioffi et al., 2020).

Sustainability and AI-Driven Manufacturing

Manufacturing industries focus on sustainability as a primary reason to integrate
artificial intelligence technologies. The use of Al systems helps organizations maximize
resource management while decreasing materials waste and increasing their energy
performance. Energy management systems controlled by artificial intelligence (AI) operate in
real-time as explained by Zhang et al. to tackle environmental and economic sustainability
concerns. New research focuses on understanding how Al technology supports circular
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economy implementation goals. Al technology under study by Park et al. simplifies product
lifecycle management and boosts recycling processes and waste reduction making industries
follow global sustainability standards (Lee et al., 2020).
Future Trends

Additionally, research shows Al-driven automation will lead to three main future trends
which comprise autonomous factory functions with digital twins combined with advanced
robotic systems. The combination of artificial intelligence within self-operating factories
allows operations without substantial human interference while delivering improved
productivity and adaptability. Real-time process optimization and simulation become possible
through the growing adoption of digital twins which represent physical systems virtually.
Research shows that Al-enhanced robotics systems are expected to transform jobs that
remained too complex for automation in the past. Robotics solutions connected to Artificial
Intelligence and Internet of Things systems will generate additional capabilities for intelligent
production methods according to Johnson et al (Shojaeinasab et al., 2022).
Research Methodology

The research applies quantitative methods to examine the combination of artificial
intelligence (AI) systems with industrial automation while investigating smart manufacturing
consequences. The research follows an approach that uses objective metrics to analyze the
connections linking Al adoption to IoT implementation with workforce readiness and
automation efficiency for smart manufacturing performance. Through a structured research
method, this approach delivers credible findings that apply consistently to many industrial
settings (Balamurugan et al., 2019).
Research Design

A descriptive and correlational design underpins this research to study how much
Al-driven automation affects manufacturing performance. This research uses survey-based
methods with Likert-scale questions designed to collect analytical information. The
assessment tool collects data from survey participants about their observations of Al and IoT
technology usage alongside operational efficiency evaluations and performance measurements
in manufacturing production. Each survey section corresponds to the study’s variables in an
organized assessment design (Zvarikova et al., 2021).
Sampling Strategy

The study analyzes professionals working in manufacturing who hold positions as
operations managers alongside engineers and IT specialists alongside technology decision-
makers. A representative sample is achieved through stratified random sampling involving
strata established by organization size years of experience and geographic location factors. The
research design achieves suitable representation across diverse manufacturing scenarios while
decreasing sampling-related biases. The study employs a 355-participant sample that matches
statistical power analysis requirements to reach enough power to identify meaningful
relationships (Yu et al., 2021).
Data Collection

The survey platform builds accessibility through an online platform to ensure participants

from different regions can easily respond to measurements. The questionnaire is developed
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based on established research constructs and includes measures for each variable (Shao et al.,
2019):

Independent Variables: Al adoption, loT implementation, workforce readiness.

Mediating Variable: Automation efficiency.

Dependent Variable: Smart manufacturing performance.

Participants rate their agreement level using a five-point Likert scale (1 = Strongly Disagree
through 5 = Strongly Agree) with each question on the questionnaire. Before actual
deployment, the researcher tests the survey instrument with several participants from
manufacturing industries to validate its clarity and testing integrity (Shahbazi & Byun, 2021).
Data Analysis

Modelled data analysis ensues through SPSS or R statistical applications which
endorse descriptive statistical methodologies to present study results for respondent
demographics and response patterns. The research applies inferential statistics that combine
regression analysis and structural equation modeling (SEM) for variable relationship tests
and hypothesis assessment. The analysis performs a mediation assessment to determine
automation efficiency's role as a mediating variable (Shahin et al., 2020).

Reliability and Validity

To ensure the robustness of the findings, the study employs several measures to establish
reliability and validity (Zhou et al., 2020):

Internal Consistency: Researchers employ Cronbach’s alpha to determine the reliability levels
of varied questionnaire items.

Content Validity: A group of Al and manufacturing experts helps create the questionnaire at
the development stage.

Construct Validity: We conduct factor analysis to verify the core framework that exists
between variables.

Ethical Considerations

All research procedures in this study have strict adherence to ethical standards.
Research participants first give their consent to join before the study while researchers maintain
complete confidentiality of collected data. All procedures for research data collection and study
design abide by ethical rules that enforce participant rights safeguards (Sinha & Roy, 2020).
Data Analysis

Table 1: Normality Test Results

Variable ;l’;isl:( ) Statistic (Shapiro P-Value i::lllnn?ll)lttl}; ]
Al Adoption Level 0.973 0.045 Not Normal
IoT Implementation 0.981 0.120 Normal
Workforce Readiness 0.969 0.032 Not Normal
Automation Efficiency 0.988 0.210 Normal
ig??mance Manufacturingl, o ¢ 0.050  |[Normal
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Table 2: Reliability Test (Cronbach’s Alpha)

Section Number of Items i;‘:ll::ach’s Eliliisili:Ztion
Al Adoption 4 0.81 Good
[oT Implementation 4 0.78 Acceptable
Workforce Readiness 4 0.83 Good
Automation Efficiency 4 0.85 Excellent
}S)I;?(r)trmance Manufacturing 4 0.82 Good
Overall Questionnaire 20 0.84 Excellent
Table 3: Factor Analysis (Explained Variance)

Factor Eigenvalue Percer.ltage of Variance|Cumulative Variance

Explained (%)
Factor 1 4.30 21.5% 21.5%
Factor 2 3.85 19.3% 40.8%
Factor 3 2.90 14.5% 55.3%

Table 4: Descriptive Statistics
Variable Mean|Median|Standard Deviation||Min Max
Al Adoption Level 4.12 |4 0.82 1 5
IoT Implementation 4.05 |4 0.79 1 5
Workforce Readiness 3.98 |4 0.85 1 5
Automation Efficiency 4.15 |14 0.75 1 5
Smart Manufacturing Performance||4.20 |4 0.78 1 5
Table 5: Regression Analysis
Independent Variable Coefficient lSEt:::iard tS-tatistic ff-alue Significance
Al Adoption Level 0.35 0.07 5.00 <0.001 ||Significant
IoT Implementation 0.28 0.06 4.67 <0.001 ||Significant
Workforce Readiness 0.18 0.05 3.60 <0.001 |(|Significant
?M”teﬁiiz; Efficiency)) ) 0.06 7.00  |l<0.001 ||Significant
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Interpretation of Results
Normality Test

Figure 1 shows how data for several variables does not follow normal distribution
patterns according to normality test results. Both AI Adoption Level (p = 0.045) and
Workforce Readiness (p = 0.032) fail to satisfy the normality assumption per Shapiro-Wilk
test results. The test results of IoT Implementation (p = 0.120) Automation Efficiency (p =
0.210) and Smart Manufacturing Performance (p = 0.050) confirmed normal distribution
compliance. Non-parametric analyses will become essential when researchers need to analyze
variables with deviations from normal distribution (Shan et al., 2020).
Reliability Analysis

Results from the reliability analysis in Figure 2 show excellent consistency between
measurement scales across survey sections. Reliability measurement through Cronbach's
Alpha shows scores between 0.78 to 0.85 with Automation Efficiency achieving the highest
rating at a = 0.85. The survey items demonstrate effective measurement capabilities since all
sections achieve reliability scores beyond 0.7. The research tool demonstrates reliability as an
assessment instrument for the variables included in this study (Ghobakhloo, 2020).
Factor Analysis

Figure 3 shows the distributions of explained variance which stems from the top three
factors extracted through factor analysis. The three factors together explain 55.3% of the total
variance with Factor 1 contributing 21.5% and Factor 2 adding 19.3% and Factor 3 providing
14.5%. The data analysis reveals an underlying representation of valid constructs through three
primary factors and supports the validity of the developed measurement approach. The
extracted factors fit with core elements of Al adoption and IoT deployment along with

workforce preparedness while remaining consistent with the research theoretical base
(Osterrieder et al., 2020).
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DISCUSSION

The findings of this study highlight critical insights into the integration of artificial
intelligence (AI) with industrial automation and its influence on smart manufacturing. Analysis
results validate the questionnaire's reliability together with validity through Cronbach’s alpha
scores which exceeded the established threshold of 0.7 throughout all sections. The research
instrument successfully identifies key Al adoption and IoT implementation aspects of

workforce readiness and automation efficiency and smart manufacturing performance features
through the use of survey items that showcase both measurement internal consistency and
research instrument robustness (Valaskova et al., 2022).

Primary constructs in the factor analysis support theoretical alignment because three
main factors explain 55.3% of the total variance. This discovery underlines how Al-driven
systems together with workforce systems represent foundational qualities in industrial
development. The experimental findings confirm the complex structure of these constructs
which demonstrates how technological elements integrate with operational elements and
human elements to generate successful smart manufacturing initiatives (Serrano-Ruiz et al.,
2021).

The results from the normality test showed that distribution patterns across variables
demonstrate diverse tendencies because some aspects fulfill the normality criteria yet others do
not. The implementation of Al along with workforce assessment appears to follow complex
dynamic patterns that diverge from traditional statistical distributions. The observed deviations
in measurement results demonstrate important observations about how organizations respond
differently because of their distinct technological commitments and employee adjustment
capacities (Ghosh, 2021).

A practical application of these findings emphasizes the central importance of
automation efficiency for mediating outcomes. The reliability analysis demonstrates a
continuous link between automation efficiency improvements and enhanced results in smart
manufacturing operations. The research concurs with current studies that show how Al
technology transforms operational efficiency and minimizes errors while improving real-time
decision-making processes (Bueno et al., 2020).

The research pointed out difficulties regarding workforce preparedness through
response fluctuation and deviances from standard statistical distributions. We need specifically
designed approaches such as employee reskilling initiatives along with change adaptation
programs to handle anticipated challenges and skills deficits. The complete adoption of Al
technologies demands organizations to prioritize workforce development efforts to achieve
sustainable manufacturing transformation (Y. Zhou et al., 2019).

CONCLUSION

In this research, we obtain essential knowledge about Al integration with industrial
automation alongside its ability to transform manufacturing operations into smart systems. The
study results show that AI adoption together with IoT implementation and workplace
preparedness directly affects automation efficiency which leads to better manufacturing
performance. The instrument reliability tests together with construct validity measurements
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show that these key variables effectively measure the fundamental constructs that represent the
dynamics of Al-based industrial transformation.

Alternative techniques developed into an essential intermediary variable showing how
organizations must maximize their operational processes to excel within the environment of
smart manufacturing. The research demonstrates how organizations should make workforce
readiness improvements because human skills strongly affect organizations' ability to adopt
and utilize sophisticated technologies. Successful implementation of Al requires targeted
training and skill development programs because they help workforces overcome adaptability
issues leading to full Al integration benefits.

The analysis confirms Al and IoT enhance operational excellence but shows that
organizations face different levels of implementation readiness and diverging patterns of
acceptance. The data indicates organizations need to develop complete strategic frameworks
that combine the deployment of new technology investments with organizational culture
development programs and workforce enhancement practices. Industrial organizations
establish sustainable competitive strength by following this approach in the changing industrial
market.

When artificial intelligence merges with industrial automation it brings promise for
manufacturing systems that become more efficient while also providing smarter operations and
sustainability. This research sustains knowledge development through empirical evidence
identifying variable connections which provides useful insights to organizations dealing with
Al-driven industrial changes. Future research needs to examine both niche industry variations
and extended periods of Al integration implementation so researchers can further understand
smart manufacturing designs and strategies.
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