MATEC Web of Conferences 415, 03001 (2025) https://doi.org/10.1051/matecconf/202541503001
ICMCE’2025

Master Production Scheduling in Industry 4.0: Al-
Based Approaches for Optimization

Wiam ALAMI CHENTOUFI Y, Amine ZITOUNI’ and Abdellah ELBARKANY

IScience and Engineering Research Laboratory Faculty of Sciences and Techniques, Sidi Mohammed
Ben Abdellah University Fez, Morocco

2Mechanical Engineering Laboratory Faculty of Sciences and Techniques, Sidi Mohammed Ben
Abdellah University Fez, Morocco

Abstract. Production planning and scheduling have been profoundly
changed by the incorporation of Industry 4.0 technology, especially when it
comes to the application of Artificial Intelligence (Al) to optimize the
Master Production Schedule (MPS). In dynamic industrial settings,
traditional MPS techniques frequently have trouble with scalability, real-
time flexibility, and managing complicated restrictions. To improve MPS
decision-making, this study suggests an Al-driven optimization framework
that makes use of machine learning (ML), reinforcement learning (RL), and
evolutionary algorithms (EA). An industrial case study in the automobile
industry, where Al-based approaches are applied to actual production data,
validates the suggested methodology. When compared to conventional
heuristic and rule-based methods, experimental results show notable gains
in processing efficiency, forecasting accuracy, and adaptive scheduling. The
results demonstrate Al's potential for real-time production planning, which
could result in more flexible and economical manufacturing procedures. In
order to further improve the capabilities of smart manufacturing, future
research directions include enhancing the interpretability of Al models,
hybridizing optimization methodologies, and integrating Al with cyber-
physical systems (CPS) and the Internet of Things (IoT).

Keywords: Master Production Schedule, Industry 4.0, Artificial
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1 Introduction

By incorporating state-of-the-art digital technologies like artificial intelligence (AI), big data
analytics, cyber-physical systems (CPS), and the Internet of Things (IoT) into manufacturing
processes, Industry 4.0 has drastically changed the face of industrial production [1]. These
interconnected technologies enable autonomous decision-making, seamless human-machine
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collaboration, and decentralized production control, leading to increased efficiency and
agility in manufacturing systems [2], [3] . The Master Production Schedule (MPS), one of
the fundamental elements of production planning, is essential for matching industrial outputs
to market demand while maximizing resource use and inventory levels [5], [6]. It serves as a
bridge between demand forecasting and actual production execution, ensuring that available
resources are utilized efficiently while meeting customer expectations.
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Physical
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Fig. 1. Overview of Industry 4.0 and its Impact on MPS Optimization

Heuristic algorithms, mixed-integer programming (MIP), linear programming (LP), and
other mathematical programming techniques have been the mainstays of traditional MPS
optimization approaches. These approaches frequently fail to handle the dynamic and
complicated character of contemporary production environments, despite being successful
for static and deterministic situations [7] the limitations of these traditional approaches are
revealed by the growing unpredictability of supply chains, shifting client needs, and the
requirement for adaptive real-time decision-making, especially with regard to computational
complexity and scalability. Specifically, the main challenges include computational
complexity, lack of scalability, and difficulty in handling uncertainty and real-time
disruptions [8].

Using machine learning (ML), deep learning (DL), reinforcement learning (RL), and
evolutionary algorithms (EA) to improve MPS efficiency, Al-driven optimization techniques
have become a viable substitute. Large amounts of production data may be processed using
these methods, which also make it possible to spot hidden patterns and dynamically modify
schedules in response to shifting circumstances [9]. MPS can go from static rule-based
systems to self-learning, adaptive frameworks that can optimize resource allocation, reduce
production delays, and enhance decision-making processes in general by integrating AI [10].
The benefits of Al-powered MPS optimization are highlighted by recent studies, which show
increases in forecasting accuracy, flexibility in the face of real-time interruptions, and overall
production efficiency. Deep reinforcement learning (DRL) methods, for example, have been
effectively used to dynamically modify scheduling policies in response to erratic ma-chine
failures and demand variations [11]. Recurrent neural networks (RNNs) have also been used
in predictive analytics to improve just-in-time (JIT) manufacturing processes, save inventory
costs, and increase the accuracy of demand forecasting [12]. Furthermore, hybrid Al
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frameworks—, which blend, machine learning-based improvements with conventional
optimization models—are becoming more and more popular.

These hybrid techniques provide a more comprehensive and resilient MPS optimization
strategy by combining Al-driven prediction capabilities with the durability of classical
mathematical programming. Manufacturers can achieve more intelligent, cost-effective, and
agile production planning by utilizing Al's capacity to learn from past data and continuously
improve scheduling tactics [13].

2 State of the art

The conventional method of MPS optimization usually uses rule-based approaches, exact
algorithms, and heuristics. These methods, which include constraint-based scheduling,
mixed-integer programming (MIP), and linear programming (LP), are frequently employed
to optimize resource allocation and manage production constraints. For example, linear
programming provides exact mathematical expressions to identify the best solutions. But in
complex, high-dimensional production systems, it often faces scalability issues. Similarly,
MIP and constraint-based scheduling techniques work well in certain situations but suffer
from computational complexity as the number of variables and production constraints rises.
As industrial systems grow in size and complexity, these traditional methods may become
computationally ex-pensive and inefficient, which would limit their ability to meet Industry
4.0's demands for dynamic and real-time optimization [14]. On the other hand, Al-powered
approaches like deep learning, machine learning (ML), and metaheuristic optimization
strategies (such swarm intelligence and genetic algorithms) provide improved flexibility and
real-time decision-making abilities [15].

These techniques are especially well suited for dynamic settings where a lot of data is
produced instantly, allowing systems to learn from continuing production circum-stances.
For instance, machine-learning algorithms are excellent at finding patterns in large datasets
that conventional approaches can miss, which makes them useful instruments for demand
forecasting, predictive maintenance, and optimization in the face of uncertainty [16].
Additionally, in complex, nonlinear situations, metaheuristic algorithms like particle swarm
optimization (PSO) and genetic algorithms outperform conventional methods by effectively
exploring huge solution spaces and adapting to changes in production systems. Key
challenges of traditional approaches include:

e Scalability Issues Traditional approaches' computational complexity increases
exponentially with the number of production constraints, making them less practical for
large-scale, real-time industrial applications [17].

e Limited Adaptability Conventional approaches are usually static and have a limited
capacity to adapt to dynamic changes, such as abrupt changes in demand or unforeseen
equipment breakdowns, which results in less-than-ideal planning choices [18].

e Static Optimization Models The majority of traditional methods rely on static models
that don't allow for ongoing adaptation or learning. Production schedules might not
accurately reflect the most recent data or changing business requirements due to this lack
of dynamic reconfiguration [19].

According to recent research, Al-driven optimization can overcome these obstacles by
continuously learning from real-time data, providing notable gains in efficiency and
adaptability. For instance, manufacturing schedules can be continuously modified using
reinforcement learning (RL) approaches in response to environmental feedback, thereby
enhancing decision-making [19]. By swiftly recalculating ideal production plans, Al also
enables quicker reaction times to unforeseen obstacles like supply chain interruptions or
machine failures.
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Table 1. Comparison of Traditional vs Al-Based Optimization Approaches.

Method Advantages Limitations
Linear Programming Precise solutions Computationally expensive
struggles with scalability
Genetic Algorithms Adaptive search May converge to local optima,
slow convergence in high
dimensions
Machine Learning Real-time adaptability Requires large datasets, potential
overfitting
Reinforcement Learning Continuous improvement High computational cost requires
substantial training data
Linear Programming Precise solutions Computationally expensive
struggles with scalability

Table 1 summarizes the key strengths and limitations of both traditional and Al-based MPS
optimization approaches. While conventional models offer precise for-mulations, Al
techniques provide scalability and real-time adaptability [18].

3 Research Methodology

3.1 Research Objectives and Methodology

The purpose of this study of the literature is to investigate how artificial intelligence (AI) can
optimize the Master Production Schedule (MPS) within the framework of Industry 4.0. In
order to direct future research, the emphasis is on identifying important studies, evaluating
the function of Al in MPS, and pointing out current re-search gaps. The particular goals are
to find studies on MPS optimization in different industries [20],examine the effects of Al
algorithms on MPS when they are used for production scheduling [21] and draw attention to
existing research gaps and suggest avenues for future study [22]. With an emphasis on
resource management, cost re-duction, and enhancing operational flexibility, these goals seek
to offer a thorough grasp of how Al-driven MPS systems develop. It is anticipated that Al
technologies will improve manufacturing processes, lower prices, and increase efficiency
when they are incorporated into industrial environments.

3.2 Research Instruments, Data Sources, and Search Approach

For a thorough review, we looked through three major scholarly databases: Google Scholar,
which provides extensive access to academic papers, technical reports, and essays; Web of
Science, which is renowned for citation analysis and high-impact research; and Scopus,
which is known for conference proceedings and peer-reviewed articles. The most recent
developments in Al applications for production scheduling were also accessed by consulting
IEEE Xplore and SpringerLink [23]. Using key terms like "Master Production Schedule,"
"Industry 4.0," and "Artificial Intelligence," along with other related keywords, the search
technique was methodical. The search was expanded using boolean operators such as "MPS
AND AI" and "Optimization AND Big Data." To restrict articles to 2014-2024, filters were
used, with an emphasis on English and French-language research, especially those from the
engineering and industrial management fields .
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3.3 Search Results, Validation, and Classification Process

An initial search turned up 3,833 results. 150 pertinent studies were chosen following an
examination of abstracts and titles. After additional filtering, the review contained 80
important studies. The industrial applications, optimization goals, and technology employed
were the basis for classifying these studies. The technologies mainly concentrated on big
data, IoT, and Al. The main goals of optimization were cost reduction, adaptability, and
resource efficiency. Automotive, electronics, textiles, and pharmaceuticals were among the
industries that were covered by industrial applications [24]. The process of study selection is
illustrated in the following flow diagram

Inidial search
3,838 articles (Scopus,WoS and Google Scholar)

Filtsring by title and abstract
150 articles

In-depth analysis
80 articles retaimed
Camgoﬁzadan
Articles classified for detailed analysis.

Finalization
Ardicles ready for detailed bibliographic analysis.

Fig. 2. Study Selection Process for MPS Optimization Literature Review

Figure 2 outlines the literature selection process. It reflects the rigorous steps used to filter
and categorize the most relevant studies from databases such as Scopus and Web of Science.

3.4 Publications Trend and Analysis

An examination of the articles' trends showed a notable rise in research starting in 2015. This
rise is in line with the wider industry use of Industry 4.0 technologies, including Al and IoT.
The industry's increasing emphasis on increasing production efficiency, cutting costs, and
boosting sustainability is reflected in the growing interest in Al-driven optimization
techniques [8].
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Fig. 3. Evolution of Publications per Year (2001-2024)

The results show that, especially in recent years, there has been an increase in research
interest in Al-driven MPS optimization. Technological developments in data analytics,
predictive modeling, and real-time decision-making capabilities are in line with this rise. The
trend also shows that sectors are becoming more conscious of how AI might improve
sustainability, lower prices, and increase production efficiency. Innovative Al approaches
should be further investigated in future studies to handle new issues in resource management
and production scheduling.

4 Methodology and Proposed optimization model

The suggested method takes into account practical limitations like production capacity, lead
times, and demand variations while incorporating Al approaches into the Master Production
Schedule (MPS) optimization process. By effectively managing resources, reducing delays,
and adjusting to changes in real time, the objective is to maximize production planning. The
following are the main elements of the method-ology:

4.1 Defining the Optimization Problem
The optimization problem includes several industry-specific constraints such as:

e Machine Availability: management of machine availability in real time, taking into
account planned maintenance, unplanned downtime, and operating hours. This limitation
is crucial in fully automated settings when the whole production schedule is directly
impacted by machine performance [25].

e Workforce Limitations: coordinating shifts, overtime, labor availability, and the
specialized skill levels needed for various jobs. The abilities of the workers and changes
in production can affect this restriction [26].

e Supply Chain Variations: Ensuring a steady and dependable flow of commodities required
for manufacturing by modeling supply chain variability, such as variations in material
availability, delays in transportation, or disruptions [27].
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4.2 Selecting the Al Model

Depending on the kind of production environment and the data at hand, a number of Al
models are taken into consideration to tackle this intricate issue. The AI methods listed below
are assessed:

o Reinforcement Learning (RL): used for dynamic rescheduling, adaptive scheduling, and
real-time demand forecasting. RL works especially well in settings where choices must be
made in real time based on feedback and information. Real-time production schedule
adjustments are made using algorithms such as Q-learning [25].

o Neural Networks (NN): used to give precise demand forecasts and identify abnormalities
using predictive modeling based on previous data. In production settings, recurrent neural
networks (RNNs) and convolutional neural networks (CNNs) can be used for anomaly
detection and time-series forecasts [26].

o Evolutionary Algorithms (EA): Swarm intelligence and genetic algorithms are used to
tackle optimization issues in extremely limited settings. By mimicking natural
evolutionary processes, these algorithms are effective at searching vast solution spaces
and identifying optimal or nearly optimal solutions [27].

4.3 Implementing and Evaluating the Hybrid Al Framework

Utilizing both the adaptability of Al and the resilience of traditional approaches, a hybrid
approach that combines Al-driven models with traditional optimization techniques is used to
maximize efficiency. By allowing for dynamic modifications through Al and preserving cost
minimization through conventional programming techniques, this integrated framework
improves the accuracy of production scheduling. Furthermore, the hybrid strategy increases
computing efficiency because Al-based models manage big datasets better than traditional
techniques, saving a substantial amount of time [28].

Through simulation-based testing with actual industry datasets, the effectiveness of this
hybrid method will be evaluated. Three primary factors will be the focus of the evaluation:
flexibility, forecasting accuracy, and calculation time. Computation time quantifies how long
it takes for Al-based models to produce ideal schedules in com-parison to conventional
techniques. Forecasting accuracy assesses how well Al models can anticipate demand and
minimize problems like overproduction and stock-outs. Finally, flexibility evaluates how
well Al-driven systems can modify production schedules in real time in response to incoming
data, reducing production delays and increasing resource efficiency.

5 Proposed experimental setup and case study (future work)

In order to verify the suggested Al-based Master Production Scheduling (MPS) optimization
framework, we intend to create and put into use a thorough experimental setup that draws
inspiration from actual production data [29]. The purpose of this upcoming project is to
evaluate how well artificial intelligence methods may be incorporated into production
scheduling while taking into account real-world industrial limitations. The following
elements are part of the suggested framework:

e Data Source: Historical production data extracted from an automotive manufacturing
setting, including production orders, equipment availability, and demand changes [18].
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e Simulation Environment: TensorFlow for Al-driven optimization and CPLEX for
comparison with conventional techniques will be used to create a hybrid simulation model
in Python [19].

e Performance Criteria: The framework will assess important parameters such
computational time, scheduling precision, and manufacturing efficiency [17].

In this case study, a high-demand automotive component's manufacturing schedule will
be adjusted while taking into account limitations including just-in-time inventories, employee
shifts, and machine maintenance. A baseline employing classic rule-based heuristics, an Al-
optimized strategy with real-time dynamic scheduling through reinforcement learning, and a
hybrid approach fusing traditional optimization with machine learning predictions will all be
simulated. The project will also look at issues including industrial data quality, computing
complexity, and the interpretability of Al decisions. In order to improve dependability,
transparency, and adaptability in actual production settings, future research may concentrate
on hybrid Al approaches that combine deep learning with expert heuristics [26], [30].

6 Conclusion

Communication demonstrates how Artificial Intelligence may revolutionize Master
Production Scheduling (MPS) in the framework of Industry 4.0. Despite being fundamental,
traditional methods are becoming less and less effective in complex and dynamic production
contexts because of problems with scalability, adaptability, and real-time responsiveness. On
the other hand, Al-based methods, especially those that make use of machine learning,
reinforcement learning, and evolutionary algorithms, provide strong instruments for
improving operational efficiency, demand forecasting precision, and scheduling flexibility.
In order to facilitate real-time adjustment and more reliable decision-making, the
suggested framework presents a hybrid Al-driven approach that incorporates predictive and
adaptive capabilities into MPS. While issues like data quality, computational complexity, and
model interpretability arise when Al is used in industrial scheduling, these issues are being
actively resolved with the creation of hybrid systems and real-time data integration [31].
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