\4

Enriching Operational Efficiency in Industry 4.0
Through Machine Learning: A Case Study

Mohd Shukri Abdul Wahab?, Syed Tarmizi Syed Shazali'*, Noor Hisyam Noor Mohamed?, Rani Achmed

Abdullah? and Shahrol Mohamaddan3

1Department of Mechanical and Manufacturing Engineering, Faculty of Engineering, Universiti Malaysia
Sarawak, 94300 Kota Samarahan, Sarawak, Malaysia.

2CWorks Technologies Sdn Bhd, No 11-1 Jalan Bk 5A/3A, Kinrara Straits One, Bandar Kinrara, 47180

Selangor, Malaysia.

3Innovative Global Program, College of Engineering, Shibaura Institute of Technology, Toyosu 3-7-5, Koto-

Ku, Tokyo, 135-8548 Japan.

*Corresponding Author email: starmizi@unimas.my

ARTICLE INFO

Article History:

Received 15 June 2024

Revised 30 September 2024

Accepted 13 October 2024

©2024 Mohd Shukri A. W. et al.

Published by the Malaysian Technical Doctorate
Association (MTDA).

This article is an open article under the
CC-BY-NC-ND license

(https://creativecommons.org/licenses/by-nc-
nd/4.0/).

Keywords:

Industry 4.0;
Technological Innovation;
Machine Learning;
Operational Efficiency;
Fuel Station Operations.

ABSTRACT

The rapid advancement of Industry 4.0 has brought significant
transformations across multiple sectors, necessitating the adoption of
innovative technologies to boost operational effectiveness. Machine
learning has emerged as a powerful tool for optimising processes and
driving performance improvements. This paper presents a case study
conducted at a fuel station to evaluate the impact of machine learning on
operational efficiency within the industry 4.0 framework. The primary aim
is to assess how machine learning algorithms can address operational
challenges and enhance overall performance in a fuel station setting. The
study thoroughly analysed operational data, particularly inventory
management, to identify areas ripe for optimisation. Using the Waikato
Environment for Knowledge Analysis (WEKA) software, tailored machine-
learning models were developed to meet the specific needs of the fuel
station, incorporating techniques like predictive analytics. The case study
demonstrated notable improvements in operational efficiency through
machine learning integration. The fuel station optimised inventory levels
and minimised downtime by leveraging historical data and real-time
insights. The implementation of machine learning facilitated proactive
maintenance scheduling and reduced equipment failures. This research
highlights the potential of machine learning to transform operational
processes within the fuel retail industry and beyond, particularly in the era
of Industry 4.0. The findings stress the importance of embracing
technological innovations to thrive in this evolving landscape, offering
valuable guidance to industry practitioners seeking to enhance efficiency
and competitiveness. Recommendations include further exploration of
advanced machine learning techniques and investment in digital
transformation initiatives to unlock more outstanding operational
excellence in industrial contexts.
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1.0

Introduction

The emergence of Industry 4.0 signifies a new era in the industrial sector. This era is
characterised by the integration of cyber-physical systems, the Internet of Things (IoT), and cloud
computing, aiming to create smart factories with interconnected machines capable of autonomous
decision-making and real-time response. Machine learning (ML) techniques are crucial in
optimising operational efficiency by analysing large amounts of data generated by interconnected
devices. These techniques can uncover patterns, predict outcomes, and prescribe actions to drive
productivity, reduce waste, and improve operational effectiveness as Turisova et al, (2021)
explained. The shift towards Industry 4.0 is driven by the necessity to remain competitive in a
global market where efficiency and innovation are paramount. Traditional manufacturing
processes, relying heavily on human intervention and rigid production lines, are replacing more
agile, data-driven approaches. These new systems can adapt to changing conditions and demands
in real time, making them crucial for industries facing frequent shifts in market conditions,
consumer preferences, and supply chain dynamics. Industry 4.0 combines digital technologies
with conventional industrial practices, offering the potential for unprecedented efficiency,
adaptability, and personalisation. This paves the way for a new era of industrial advancement and
competitiveness.

Machine learning is crucial in transforming as a subset of artificial intelligence (AI). Its
ability to analyse historical and real-time data to make informed predictions and decisions is
invaluable. For example, predictive maintenance, a critical application of ML in Industry 4.0, can
significantly reduce downtime and maintenance costs by forecasting equipment failures before
they occur. Similarly, ML-driven quality control systems can identify defects in products with
greater accuracy and speed than human inspectors, thereby reducing waste and improving
product quality. The integration of machine learning into industrial operations is not without its
challenges. The complexity of industrial environments, the diversity of data sources, and the need
for robust cybersecurity measures present significant hurdles. Furthermore, implementing ML
models requires a deep understanding of the industry's technological and operational aspects.
This necessitates a multidisciplinary approach, combining expertise in data science, engineering,
and domain-specific knowledge. By leveraging advanced algorithms and data analytics,
organisations can extract valuable insights from large datasets, empowering them to make
informed decisions and drive continuous improvement (Paltrinieri et al,, 2019).

This article explores the impact of machine learning on operational efficiency within
Industry 4.0 through a case study. The study illustrates how a specific fuel station industry has
used ML techniques to enhance its operational processes. The past, present, and future fuel station
industry in the revolutionary Industry 1.0 to Industry 4.0, as presented in Figure 1 (illustrated by
authors using AI software). By examining the challenges faced, the solutions implemented, and
the outcomes achieved, valuable insights into the practical application of ML in a real-world
industrial setting are provided. The case study focuses on a fuel station successfully integrating
ML into its operations to address key efficiency challenges. The results of this integration have
been significant, demonstrating the potential of ML to drive substantial improvements in
operational efficiency. Operational efficiency is the solution to achieving this objective, allowing
organisations to optimise resource utilisation, reduce waste, and enhance overall performance (Li
et al., 2023).

The findings of this case study are anticipated to advance the broader understanding of
deploying machine learning in industrial settings. By offering a detailed account of the processes,
technological solutions used, and the realised benefits, this article aims to provide a
comprehensive resource for industry professionals, researchers, and policymakers. Furthermore,
it seeks to underscore best practices and lessons learned that can be applied to other sectors and
organisations interested in embracing Industry 4.0.
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Figure 1.1: The Past, Present, And Future Fuel Station Industry

Literature review

The increasing prominence of machine learning in industrial settings is truly exciting, as it
offers a powerful tool for optimising operational processes and driving performance
improvements. A review of existing literature reveals a wealth of research showcasing the diverse
applications and benefits of machine learning in enhancing operational efficiency across various
industries. Countless studies have demonstrated the incredible effectiveness of machine learning
techniques in improving operational processes. For example, the research by Cinar et al.,, (2020)
highlights using machine learning algorithms for predictive maintenance in manufacturing plants,
resulting in significant cost savings and reduced downtime. Similarly, Ajayi et al, (2020)
demonstrate the application of machine learning for demand forecasting in retail supply chains,
leading to improved inventory management and enhanced customer satisfaction. The application
of machine learning also enhances the development of innovative technology, transforming
traditional therapy methods (Abdul Rahman, N., 2020).

Furthermore, machine learning has significantly impacted addressing complex operational
challenges in industries such as healthcare and transportation. Studies by Polisena et al., (2021)
showcased the use of machine learning for patient diagnosis and treatment optimisation while
Jomthanachai et al.,, (2021) they have delved into the application of machine learning in route
optimisation for logistics and transportation companies. Despite the extensive research in this
field, there still needs to be more in the current literature, particularly regarding the application
of machine learning in specific industries such as fuel stations. Although some studies have
examined the broader implications of machine learning in industrial settings, there needs to be
more research focusing specifically on the unique challenges and opportunities related to fuel
station operations.

This highlights the exciting opportunity for case studies to fill this gap and provide valuable
insights into the potential benefits of machine learning in enhancing operational efficiency in fuel
stations. By conducting in-depth analyses, we can identify best practices and develop tailored
solutions to address fuel station operators' operational challenges. Case studies are essential for
advancing the knowledge and understanding of how machine learning can be effectively applied
in this specific context, ultimately driving innovation and improvement in the fuel station industry
(Guo et al.,, 2021). Industry 4.0 integrates digital technologies with physical systems and has
transformed various sectors worldwide, including fuel station operations. This section reviews
relevant literature on Industry 4.0, machine learning, and their applications in fuel station
operations, discussing key concepts, theories, and previous studies pertinent to the case study.

Industry 4.0 and its Implications for Fuel Station Operations

Industry 4.0 refers to the fourth industrial revolution, driven by advancements in
automation, data exchange, and artificial intelligence (AI) (Salonen et al,, 2020). In the context of
fuel stations, Industry 4.0 technologies such as IoT devices, sensors, and data analytics enable
real-time monitoring and optimisation of operations (Tarimer & Karadag, 2020). Studies have
highlighted the potential of Industry 4.0 to enhance fuel station operations through improved
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inventory management, predictive maintenance, and customer service. These technologies enable
fuel station operators to achieve higher levels of efficiency, cost-effectiveness, and safety
compliance (Shi & Mohamed Zainal, 2022).

Machine Learning Applications in Fuel Station Operations

Machine learning techniques, a subset of AI, have emerged as powerful tools for analysing
large datasets and making data-driven predictions in fuel station operations (Talebi et al., 2021).
These techniques enable fuel station operators to uncover hidden patterns, detect anomalies, and
optimise processes in real time. Previous studies have demonstrated the efficacy of machine
learning in various aspects of fuel station operations, including predictive maintenance of fuel
dispensers, fraud detection in transaction data, and optimisation of refueling schedules (Tarimer
& Karadag, 2020, Rafindadi et al., 2023). These applications contribute to improved operational
efficiency, cost reduction, and enhanced safety measures in fuel station environments.

The selection of machine learning algorithms is guided by the specific operational
objectives and challenges identified during the data collection phase. Several machine learning
techniques are considered for analysis, each offering distinct capabilities for addressing different
aspects of operational optimisation such as predictive analytics and anomaly detection. Combining
these machine learning algorithms allows for a comprehensive analysis of operational data,
facilitating the identification of optimisation opportunities and developing targeted solutions to
enhance operational efficiency within the fuel station setting.

Key Concepts and Theories Relevant to the Case Study

The concept of digital twin technology, which involves creating virtual replicas of physical
assets, plays a crucial role in Industry 4.0-enabled fuel station operations (Di Carlo et al.,, 2021).
Digital twins facilitate predictive maintenance, performance optimisation, and scenario analysis
for fuel station infrastructure. The theory of cognitive automation emphasises the symbiotic
relationship between human intelligence and machine learning algorithms in decision-making
processes (Attanayake & Ratnayake, 2023). Cognitive automation enables operators to leverage
machine learning insights in fuel station operations while retaining human oversight for critical
decisions.

Adopting a systems thinking approach, which views fuel station operations as
interconnected systems with feedback loops and emergent behaviours, is essential for
understanding the complex dynamics of Industry 4.0 transformations (Di Carlo et al., 2021). This
approach helps fuel station operators identify leverage points for intervention and optimises the
overall system performance. By synthesising insights from the literature on Industry 4.0, machine
learning, and their applications in fuel station operations, this literature review provides a
foundation for understanding the case study's theoretical underpinnings and practical
implications. Drawing on existing research, the subsequent sections of this paper will present a
detailed examination of a real-world fuel station setting, demonstrating the application of machine
learning techniques for enhancing operational efficiency and safety.

Methodology
The paper employs a systematic approach to assess the operational efficiency of fuel
stations by using machine learning.

Data Collection Sources

Analysing operational data from historical maintenance records at fuel stations involves
using quantitative methods to understand the operational challenges of two different types of fuel
stations. With their complex operations, abundant data, and direct customer interactions, fuel
stations provide an ideal context for demonstrating the potential of machine learning in Industry
4.0. This offers opportunities for predictive maintenance, efficiency optimisation, scalability, and
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significant economic and environmental benefits. For this case study, we are looking at one fuel
station located in an urban area (Fuel Station 1) and another in a rural area (Fuel Station 2). The
urban fuel station is in a major city's downtown area, with high traffic volume and dense
population. The rural station is located in a small town or along a highway in a less densely
populated region. This allows us to compare and analyse the impact of machine learning on
operational efficiency across diverse geographic and demographic settings. The challenges include
issues with inventory management, unexpected equipment failures leading to downtime, and
suboptimal scheduling of maintenance activities.

Machine Learning Models Implemented

The fuel station has implemented multiple machine-learning models to address its
operational challenges. One of these models is the Predictive Maintenance Model, which analyses
equipment performance data and maintenance records to anticipate equipment failures before
they occur. This allows the fuel station to proactively identify early warning signs of potential
malfunctions through regression analysis and time series forecasting techniques, and then
schedule maintenance activities accordingly. This method helps to decrease repair costs and
minimise downtime. The fuel station utilised the WEKA software for machine clustering for
analysis, plotting, and linear regression. Table 1.1 displays the dataset with three attributes for
the fuel station. The proposed framework is illustrated in Figure 1.2.

Table 1.1: The Dataset Description

Attribute Attribute Code Values

Location Fuel Station LFS Fuel Station 1 (FS 1), Fuel Station 2 (FS 2)
Maintenance Class MC Corrective, Preventive

Work Type WT Mechanical, Civil, Electrical

4.0
4.1

Results
— (Bottom up Top
down)

Results (partition
into group)

Results (optics)

Figure 1.2: Framework For Clustering Predictive Model

Results and Discussion
Data Analysis Results

The results are based on 500 maintenance records from three selected attributes at two
fuel stations (FS 1 and FS 2). Both K-means and Hierarchical methods provided balanced results,
slightly favouring clustered instances in group 0, and were executed in minimal time. Density-
based clustering took a little longer but grouped all instances into one group, indicating that the
data's density distribution did not support multiple distinct clusters. These results emphasise how
different clustering methods can produce different results even when applied to the same dataset,
reflecting their underlying assumptions and mechanisms. Table 1.2 shows the time and
percentages of clustered instances for each clustering method used in the three approaches.
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Table 1.2: Time taken and percentages of clustered instances for each clustering

Clustering Time Taken Clustered Instances
0 1
k-means 0.00 seconds 55% 45%
Hierarchical 0.00 seconds 56% 44%
Density-based 0.53 seconds 100% 0%

The WEKA collection includes clustering techniques such as k-means, hierarchical, and
density-based methods (Tarimer & Karadag, 2020). These algorithms are unsupervised learning
approaches that use training data to determine the accuracy of testing data (Zinnari et al., 2022).
Figures 1.3, 1.4, and 1.5 display the clustered output of each Simple K-means, Hierarchical, and
Density-based algorithm when using the training set. On the x-axis, Fuel Station 1 and Fuel Station
2 represent urban and rural areas. Whether Corrective or Preventive, the Maintenance Class
impacts clustering by indicating whether fuel stations address faults reactively or preventively.
Work Types, such as Mechanical, Civil, or Electrical, shown on the y-axis, highlight the focus areas
of maintenance, influencing how clusters form around different types of work performed.

4.1.1 The k-means clustering method is a popular clustering technique based on a predictive
algorithm. This method is known for its simplicity and efficiency, especially with large datasets. It
works particularly well when clusters are spherical and similar in size.

4.1.2 The Hierarchical Method creates clusters by recursively dividing the data from the top down
or the bottom up. This method does not need us to specify the number of clusters beforehand.
However, the results can be influenced by the choice of linkage criteria and distance metrics.

4.1.3 The density-based clustering method consists of a set of clustering methods based on
density. It assumes that clusters have a high density of points and each cluster has a specific
probability distribution. This method can find clusters of various shapes and effectively handle
noise.
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Figure 1.3: Display Plot of K-Means in WEKA
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Figure 1.5: Display Plot of Density-based in WEKA

Discussion of Machine Learning Contributions

Fuel stations can benefit greatly from this advanced technology because it allows for quick
adaptation to constantly changing market conditions. The dataset comparing three attributes is
discussed as follows:

4.2.1 Location Fuel Station. Fuel Station 1 requires corrective maintenance and mechanical work,
while Fuel Station 2 needs preventive maintenance and electrical work. This information is valuable
for maintenance planning, operational efficiency, and strategic decision-making. The fuel stations
could optimize their inventory levels based on anticipated demand by implementing inventory
optimization models, which would reduce both stockouts and excess inventory holding costs. (He
et al,, 2022).

4.2.2 Maintenance Class. The maintenance class consists of corrective and preventive
maintenance. This classification helps identify maintenance needs and operational focus, which
guides maintenance planning, operational efficiency, and strategic decisions for resource
allocation. A cluster dominated by corrective maintenance indicates that the fuel stations primarily
require corrective maintenance and need budget allocation for it. The fuel stations use predictive
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maintenance models to predict equipment failures and address underlying issues before they lead
to costly downtime (Lmouatassime & Bousmah, 2021).

4.2.3 Work Type. The different types of work at the fuel station include mechanical, civil, and
electrical. This categorisation helps in identifying efficient and problematic stations. It also guides
maintenance planning, operational improvements, and strategic decisions such as resource
allocation, training, and infrastructure investments. This enhances overall operational efficiency
and helps in informing targeted business strategies. A cluster of electrical labels indicates stations
with significant electrical work needs. The fuel station analysed historical performance data and
identified trends, patterns, and anomalies (Mykoniatis, 2020).

The connection between machine learning models and predictive maintenance analysis is
established by identifying and analyzing patterns in equipment failures. Machine learning models,
when applied to historical data from fuel stations, uncover trends and anomalies that precede
equipment malfunctions. By analysing these patterns, the study demonstrates how predictive
maintenance can anticipate potential failures before they occur, thereby reducing downtime and
maintenance costs. The results show that machine learning provides valuable insights into
operational efficiency and enhances predictive maintenance capabilities by offering actionable
predictions based on historical failure patterns and real-time data. This connection underscores
the practical application of machine learning in proactively managing and maintaining critical
equipment, thereby improving overall operational efficiency (Davidson et al., 2021).

Conclusion and Future Research

The implementation of machine learning models in fuel stations holds great potential for
addressing operational challenges and enhancing performance in the context of IR 4.0. Based on
the objectives of this study, a balanced and efficient clustering approach, such as k-means or
Hierarchical clustering, is deemed more suitable based on the findings. Fuel Station 1 in the urban
areas is well-maintained in comparison to Fuel Station 2 in the rural areas, highlighting the need
for increased focus on Fuel Station 2. Corrective Maintenance, which addresses faults reactively,
necessitates a heightened emphasis on budgeting. Both Fuel Stations 1 and 2 share an equal
distribution of work types, requiring a concentrated effort to address faults related to electrical
equipment. Utilising data-driven insights enables fuel stations to optimize operations, elevate
customer experiences, and achieve sustainable growth within a dynamic and competitive industry.
Furthermore, the integration of machine learning techniques has significantly bolstered
operational efficiency at fuel stations. Predictive maintenance models, optimized inventory
management, and the adoption of data-driven decision-making processes have yielded substantial
cost savings, enhanced service quality, and conferred a competitive advantage to the fuel retail
industry.

Continued investment in machine learning and technological innovation is imperative for
sustained advancements in operational excellence. It is crucial to continually refine and optimise
machine learning models to ensure their accuracy and effectiveness over time. Regular updates
and recalibration, based on new data and evolving operational conditions, can amplify the
performance and reliability of these models. Additionally, the integration of machine learning with
other emerging technologies, such as IoT sensors and blockchain, can unlock additional
opportunities for operational optimization and innovation within fuel stations. A comprehensive
approach to technology integration maximizes the synergistic benefits of these technologies,
fostering greater operational efficiency and competitiveness.
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