
INTEGRATING ARTIFICIAL INTEL…              Ohoriemu and Ogala FJS 

FUDMA Journal of Sciences (FJS) Vol. 8 No. 3, June (Special Issue), 2024, pp 501 - 505 501 

8 

 

INTEGRATING ARTIFICIAL INTELLIGENCE AND MATHEMATICAL MODELS FOR PREDICTIVE 

MAINTENANCE IN INDUSTRIAL SYSTEMS 

 

*1Ohoriemu, Okeoghene Blessing and 2Ogala, Justin Onyarin  

 
1Department of Mathematics and Statistics, Faculty of Sciences, University of Delta, Agbor, Delta State, Nigeria 

2Cyber Security Department, Faculty of Computing, University of Delta, Agbor, Delta State, Nigeria 

 

*Corresponding authors’ email: okeoghene.ohoriemu@unidel.edu.ng   

 

ABSTRACT 

Predictive maintenance is a critical task for ensuring the reliability and efficiency of industrial systems. The 

integration of artificial intelligence (AI) and mathematical models has shown great potential in improving the 

accuracy and efficiency of predictive maintenance. This study provides an overview of the different types of 

mathematical models used for predictive maintenance, including physics-based, data-driven, and hybrid 

models. The study also discusses how AI techniques, such as machine learning and deep learning, can be used 

to enhance the accuracy and efficiency of predictive maintenance models. Additionally, the article highlights 

some of the challenges and limitations of integrating AI and mathematical models for predictive maintenance 

in industrial systems. Finally, this study provides a case study to demonstrate the practical application of the 

integrated approach for predictive maintenance in an industrial setting. This article aims to provide a 

comprehensive overview of the state-of-the-art in integrating AI and mathematical models for predictive 

maintenance and to provide guidance for researchers and practitioners working in this field.  
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INTRODUCTION 

In recent years, the integration of artificial intelligence (AI) 

and mathematical models has been gaining attention for 

predictive maintenance in industrial systems. Predictive 

maintenance involves analyzing data from sensors and other 

sources to predict when maintenance is required for 

equipment and components to optimize maintenance 

schedules and reduce downtime. The integration of AI and 

mathematical models provides a promising solution to tackle 

this problem. In this study, a brief overview of the objectives 

and scope of the article will be provided, as well as the 

background and motivation for this research. 

 

Background and Motivation  

The concept of predictive maintenance has been around for 

many years, but recent advancements in technology and 

computing power have made it possible to collect and analyze 

large amounts of data from sensors and other sources to 

predict maintenance requirements accurately. One of the most 

promising approaches is the integration of AI and 

mathematical models. According to the report by the World 

Economic Forum (WEF), predictive maintenance is a key 

enabler of Industry 4.0, which is the current trend of 

automation and data exchange in manufacturing technologies 

(Kang et al., 2019,Okwonu,et al, 2021). 

 

Objectives and Scope of the Article 

The objective of this study is to provide a comprehensive 

overview of the integration of AI and mathematical models 

for predictive maintenance in industrial systems. This study 

will discuss the different AI techniques used for predictive 

maintenance, such as machine learning algorithms, and the 

different mathematical models used to predict maintenance 

requirements. Furthermore, this study will present real-world 

case studies and applications of this approach, as well as the 

challenges associated with integrating AI and mathematical 

models. Finally, this study will provide future directions for 

research and development in this field. 

Predictive Maintenance and AI Techniques 

Overview of Predictive Maintenance  

Predictive maintenance involves analyzing data from sensors 

and other sources to predict when maintenance is required for 

equipment and components. This approach is based on the 

assumption that maintenance requirements can be predicted 

based on the equipment's condition and usage patterns. 

Predictive maintenance has several advantages over other 

maintenance approaches, such as reactive maintenance, which 

involves repairing equipment after it has failed, and 

preventive maintenance, which involves replacing equipment 

components based on predetermined schedules. Predictive 

maintenance can optimize maintenance schedules, reduce 

downtime, and improve equipment reliability and availability 

(Yu and Li, 2017, Apanapudor,et al,2020). 

 

AI Techniques Used for Predictive Maintenance   

AI techniques, such as machine learning algorithms, have 

been widely used for predictive maintenance in industrial 

systems. Machine learning algorithms can analyze large 

amounts of data from sensors and other sources to identify 

patterns and predict maintenance requirements accurately. 

Several machine learning algorithms have been used for 

predictive maintenance, such as support vector machines 

(SVMs), decision trees, and neural networks (Medjaher et al., 

2017,Okposo,et al,2023). Other AI techniques, such as fuzzy 

logic and expert systems, have also been used for predictive 

maintenance. 

 

Advantages and Limitations of AI in Predictive 

Maintenance 

The integration of AI techniques in predictive maintenance 

has several advantages. AI techniques can analyze data from 

sensors and other sources in real-time, which enables 

predictive maintenance to be performed continuously. AI 

techniques can also learn from past maintenance operations 

and adjust predictions accordingly. Moreover, AI techniques 

can identify patterns and predict maintenance requirements 
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accurately, which can optimize maintenance schedules, 

reduce downtime, and improve equipment reliability and 

availability (Singh et al., 2020, Aderibigbe,et al,2014). 

However, AI techniques also have some limitations. For 

instance, AI techniques require large amounts of data to be 

trained effectively. Furthermore, AI techniques can be 

complex and difficult to interpret, which can make it 

challenging to identify the reasons for maintenance 

requirements accurately. 

 

Mathematical Models for Predictive Maintenance 

Introduction to Mathematical Models 

Mathematical models are essential tools for predictive 

maintenance in industrial systems. Mathematical models can 

represent the behaviour of equipment and components 

accurately and enable the prediction of maintenance 

requirements based on the equipment's condition and usage 

patterns. Mathematical models can also provide insights into 

the underlying mechanisms of equipment failure, which can 

improve maintenance strategies and reduce maintenance costs 

(Sun et al., 2020, Izevbizua,et al,2019). 

 

Types of Mathematical Models  

Several types of mathematical models have been used for 

predictive maintenance, such as physics-based models, data-

driven models, and hybrid models. Physics-based models are 

based on the physical laws and principles governing the 

behaviour of equipment and components. Physics-based 

models can accurately represent the behaviour of equipment 

and components, but they require detailed knowledge of the 

equipment's physical properties and behaviour (Khalil et al., 

2020, Apanapudor,et al,2019). Data-driven models, such as 

regression models and time-series models are based on a 

statistical analysis of data from sensors and other sources. 

Data-driven models are easier to develop than physics-based 

models but may not accurately capture the underlying 

mechanisms of equipment failure (Ge and Liu, 

2021,Aderibigbe and Apanapudor 2014). Hybrid models 

combine physics-based and data-driven models to leverage 

the advantages of both approaches. 

 

The model equations 

Since mathematical models for predictive maintenance in 

industrial systems can be complex and diverse, it is not 

possible to provide a specific set of model equations that can 

be used in all cases. However, this study can provide some 

examples of model equations for different types of 

mathematical models. 

Physics-Based Models: Physics-based models are built based 

on the physical laws and principles governing the behaviour 

of equipment and components. For example, a physics-based 

model for predicting the remaining useful life (RUL) of a 

bearing may use the following equation (Jardine et al., 2006, 

Okwonu,et al,2023 ): 

RUL = (c-0 / a) * [1 - exp(-a*t)] 

Where RUL is the remaining useful life of the bearing, t is the 

current time, c-0 is the initial capacity of the bearing, and a is 

the rate of degradation. This equation is based on the 

assumption that the bearing degradation follows an 

exponential law. 

Data-Driven Models: Data-driven models are built based on 

the statistical analysis of data from sensors and other sources. 

For example, a regression-based model for predicting the 

RUL of a motor may use the following equation (Saxena et 

al., 2008,Iweobodo,et al,2024): 

RUL = β-0 + β-1 * x-1 + β-2 * x-2 + ... + β-n * x-n 

Where RUL is the remaining useful life of the motor, x-1, x-

2, ..., x-n are the input variables (e.g., temperature, vibration, 

etc.), β-0, β-1, β-2, ..., β-n are the regression coefficients, and 

ε is the error term. This equation is based on the assumption 

that the RUL is a linear function of the input variables. 

Hybrid Models: Hybrid models combine physics-based and 

data-driven models to leverage the advantages of both 

approaches. For example, a hybrid model for predicting the 

RUL of a gearbox may use the following equation (Qiu et al., 

2007.Izevbizua and Apanapudor 2019): 

RUL = f(x-1, x-2, ..., x-n, t) + g(x-1, x-2, ..., x-n) 

where RUL is the remaining useful life of the gearbox, x-1, x-

2, ..., x-n are the input variables (e.g., temperature, vibration, 

etc.), t is the current time, f() is the physics-based model, and 

g() is the data-driven model. This equation is based on the 

assumption that the physics-based model captures the 

degradation mechanism of the gearbox, while the data-driven 

model captures the nonlinear relationships between the input 

variables and the RUL. 

In summary, the model equations for predictive maintenance 

in industrial systems can vary widely, depending on the type 

of model and the specific application. It is essential to choose 

the appropriate model and model equations that can 

accurately capture the equipment's behaviour and degradation 

mechanism, while also being computationally feasible and 

interpretable. 

 

Model Development and Validation 

The development and validation of mathematical models for 

predictive maintenance involve several steps, such as data 

collection, model selection, model development, and model 

validation. Data collection involves the collection of data 

from sensors and other sources, such as maintenance records 

and inspection reports. Model selection involves the selection 

of an appropriate model based on the equipment's behaviour 

and maintenance requirements. Model development involves 

the calibration of the model's parameters using the collected 

data. Model validation involves the evaluation of the model's 

accuracy and performance using independent data sets 

(Rathore et al., 2021). 

 

Advantages and Limitations of Mathematical Models in 

Predictive Maintenance 

The integration of mathematical models in predictive 

maintenance has several advantages. Mathematical models 

can accurately represent the behaviour of equipment and 

components and enable the prediction of maintenance 

requirements accurately. Mathematical models can also 

provide insights into the underlying mechanisms of 

equipment failure, which can improve maintenance strategies 

and reduce maintenance costs. However, mathematical 

models also have some limitations. Mathematical models 

require detailed knowledge of the equipment's physical 

properties and behaviour, which can be challenging to obtain. 

Furthermore, mathematical models may not accurately 

capture the equipment's behaviour under all operating 

conditions, which can affect the accuracy of maintenance 

predictions. 

 

Artificial Intelligence Techniques for Predictive 

Maintenance 

Introduction to Artificial Intelligence Techniques  

Artificial intelligence (AI) techniques have become 

increasingly popular for predictive maintenance in industrial 

systems. AI techniques can analyze large amounts of data 

from sensors and other sources and identify patterns and 

anomalies that indicate potential equipment failures. AI 
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techniques can also adapt to changes in equipment behaviour 

and usage patterns and improve maintenance predictions over 

time (Li et al., 2021). 

 

Types of AI Techniques  

Several types of AI techniques have been used for predictive 

maintenance, such as machine learning, deep learning, and 

fuzzy logic. Machine learning algorithms, such as support 

vector machines and decision trees, can identify patterns in 

data and make predictions based on those patterns. Deep 

learning algorithms, such as neural networks, can learn 

complex relationships between data and make predictions 

based on those relationships. Fuzzy logic can represent 

uncertainty in data and make predictions based on fuzzy rules 

(Bouhaya et al., 2021). 

 

Model Development and Validation  

The development and validation of AI models for predictive 

maintenance involve several steps, such as data collection, 

feature extraction, model selection, model development, and 

model validation. Data collection involves the collection of 

data from sensors and other sources, such as maintenance 

records and inspection reports. Feature extraction involves the 

selection of relevant features from the collected data, such as 

time series data or vibration data. Model selection involves 

the selection of an appropriate AI model based on the 

equipment's behaviour and maintenance requirements. Model 

development involves the training of the AI model using the 

selected features. Model validation involves the evaluation of 

the model's accuracy and performance using independent data 

sets (Wang et al., 2022). 

 

Advantages and Limitations of AI Techniques in Predictive 

Maintenance  

The integration of AI techniques in predictive maintenance 

has several advantages. AI techniques can analyze large 

amounts of data from sensors and other sources and identify 

patterns and anomalies that indicate potential equipment 

failures accurately. AI techniques can also adapt to changes 

in equipment behaviour and usage patterns and improve 

maintenance predictions over time (Medjaher et al., 2021). 

However, AI techniques also have some limitations. AI 

models require large amounts of data for training, which can 

be challenging to obtain. Furthermore, AI models may not 

accurately capture the equipment's behaviour under all 

operating conditions, which can affect the accuracy of 

maintenance predictions. 

 

Case Studies on Predictive Maintenance using AI and 

Mathematical Models 

Introduction  

In this section, the study will present several case studies that 

demonstrate the successful integration of artificial 

intelligence and mathematical models for predictive 

maintenance in industrial systems. These case studies will 

highlight the effectiveness of AI and mathematical models in 

predicting equipment failures and improving maintenance 

schedules, resulting in reduced downtime, increased 

productivity, and cost savings. 

 

Case Study 1: Predictive Maintenance for Wind Turbines 

One of the most significant challenges in the wind energy 

industry is the maintenance of wind turbines, which are 

subject to harsh environmental conditions and wear and tear. 

In this case study, we will discuss how AI and mathematical 

models were used to predict and prevent wind turbine failures 

(Yang et al., 2020). The study used data from sensors and 

inspections to training AI models to predict the remaining 

useful life of wind turbines. The AI models were able to 

predict failures accurately, and the maintenance schedules 

were optimized, resulting in a 25% reduction in maintenance 

costs. 

 

Case Study 2: Predictive Maintenance for Gas Turbines  

Gas turbines are critical components of many industrial 

applications, such as power generation and aviation. 

Predictive maintenance of gas turbines is essential to ensure 

their reliability and efficiency. In this case study, we will 

discuss how AI and mathematical models were used to predict 

gas turbine failures and improve maintenance schedules 

(Parvez et al., 2021). The study used data from sensors and 

maintenance records to train AI models to predict gas turbine 

failures. The AI models were able to predict failures with high 

accuracy, and the maintenance schedules were optimized, 

resulting in a 20% reduction in maintenance costs. 

 

Case Study 3: Predictive Maintenance for CNC Machines 

Computer numerical control (CNC) machines are widely used 

in manufacturing processes and are subject to wear and tear. 

Predictive maintenance of CNC machines is essential to 

ensure their reliability and efficiency. In this case study, we 

will discuss how AI and mathematical models were used to 

predict CNC machine failures (Liu et al., 2021). The study 

used data from sensors and maintenance records to train AI 

models to predict CNC machine failures. The AI models were 

able to predict failures accurately, and the maintenance 

schedules were optimized, resulting in a 30% reduction in 

maintenance costs. 

 

Future Directions and Challenges in Integrating AI and 

Mathematical Models for Predictive Maintenance 

Emerging Technologies for Predictive Maintenance  

Advancements in technology have significantly contributed 

to the development of predictive maintenance. In this section, 

the study will explore emerging technologies that can further 

improve predictive maintenance. 

IoT and Edge Computing  

The inteItInternet of things (IoT) is a network of 

interconnected devices that can exchange data without human 

intervention. Edge computing, on the other hand, refers to the 

processing of data on devices that are closer to the data source. 

The combination of IoT and edge computing can significantly 

enhance predictive maintenance by providing real-time data 

analysis and reducing latency. 

Machine Learning and Deep Learning  

Machine learning and deep learning algorithms can be used to 

analyze large datasets and identify patterns and anomalies that 

can be used for predictive maintenance. The integration of 

these algorithms with mathematical models can improve the 

accuracy of predictive maintenance. 

Digital Twins  

Digital twins are virtual replicas of physical systems that can 

be used to simulate their behaviour. Digital twins can be used 

to test different scenarios and identify potential issues before 

they occur, thus improving predictive maintenance. 

 

Challenges in Integrating AI and Mathematical Models for 

Predictive Maintenance  

Despite the significant benefits of AI and mathematical 

models in predictive maintenance, there are still challenges 

that need to be addressed to fully realize their potential. In this 

section, we will discuss some of these challenges. 

Data Quality and Availability  
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The accuracy of predictive maintenance models is highly 

dependent on the quality and availability of data. Data that is 

incomplete, inaccurate, or inconsistent can significantly affect 

the accuracy of predictive maintenance models. 

Integration with Existing Systems  

Integrating AI and mathematical models with existing 

systems can be challenging, particularly in complex systems 

that have different data sources and formats. 

Explainability and Interpretability  

The lack of explainability and interpretability of AI and 

mathematical models can make it difficult to understand how 

the models make predictions. This can be a significant 

challenge for industries where safety and reliability are 

critical. 

 

CONCLUSION 

Explored in this study is the integration of artificial 

intelligence and mathematical models for predictive 

maintenance in industrial systems. The benefits of predictive 

maintenance are discussed, including increased uptime, 

reduced maintenance costs, and improved safety. 

Additionally, the study explores how AI and mathematical 

models can enhance the accuracy and effectiveness of 

predictive maintenance. 

Implications for Industry  

The integration of AI and mathematical models for predictive 

maintenance has significant implications for the industry. By 

using predictive maintenance, companies can reduce 

maintenance costs, improve uptime, and improve safety. The 

use of AI and mathematical models can further enhance the 

accuracy and effectiveness of predictive maintenance, 

allowing companies to detect potential issues before they 

occur and minimize downtime. 

In conclusion, the integration of AI and mathematical models 

for predictive maintenance is a promising area of research that 

has the potential to revolutionize the way industries approach 

maintenance. By combining machine learning algorithms 

with mathematical models, companies can improve the 

accuracy and effectiveness of their predictive maintenance 

programs, leading to significant cost savings and improved 

reliability. While there are challenges that need to be 

addressed, such as data quality and explainability, the benefits 

of AI and mathematical models in predictive maintenance 

make this an exciting and worthwhile field of study. 
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