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Abstract 

Recently, a considerable literature has grown up around the theme of maintenance applications in 

Industry 4.0. Optimizing complex maintenance systems in particular poses a challenge as modern 

manufacturing systems involve numerous dependencies and interactions. Simulation has shown success 

in modelling comparable problems in other fields. This study introduces a novel discrete event 

simulation method for modelling stochastic asset degradation, which facilitates seamless integration into 

digital twin frameworks for maintenance systems. Rather than modelling the mean time between failures 

or predicting the remaining useful life, generating accurate and live asset degradation profiles enables 

the development of a digital twin that optimizes maintenance strategies in real time. However, assuming 

the asset health index does not improve without maintenance interventions makes these findings less 

generalizable. We apply the proposed methodology to a maintenance problem in a published study. 

Further research might explore the effectiveness of integrating real time optimization. 
(Received in October 2024, accepted in January 2025. This paper was with the author 2 weeks for 2 revisions.) 
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1. INTRODUCTION 

Recently, a considerable literature has grown up around the theme of maintenance applications 

in Industry 4.0. Smart maintenance systems can leverage the connectivity brought forth by 

Internet of Things (IoT) and Artificial Intelligence (AI) to self-adjust and self-optimize in real-

time with minimum human intervention. This in turn might promise significant improvements 

in the performance of the maintenance system such as higher availability and lower costs. 

      A pre-requisite for realizing the full benefits of Industry 4.0 in maintenance is developing a 

valid digital version of the maintenance system. The digital twin will receive updates from the 

various sensors in the physical system in order to simulate possible scenarios and decide the 

optimum course of action. However, modelling current maintenance systems is challenging. 

This is partly due to the variable interaction of maintenance systems with other related systems 

such as operation and spare parts logistics and maintenance teams. Another contributing factor 

is the complexity of asset degradation as it involves structural, stochastic, economic and 

resource dependencies. This is particularly true for condition-based maintenance where the 

asset’s health fluctuates dynamically. 

      Discrete Event Simulation (DES) is a promising modelling technique as it has been utilized 

successfully to simulate complex maintenance systems. In addition, it is widely used for 

modelling manufacturing operations including production, product-service systems and spare 

parts logistics. However, in terms of modelling asset degradation, research on the subject has 

been mostly restricted to modelling Preventive Maintenance. Therefore, researchers have not 

treated the modelling of dynamic asset degradation using DES in much detail. 

      This paper contributes to the field by: 

1. Proposing a discrete event simulation approach for modelling stochastic asset degradation. 

2. Demonstrating its compatibility with digital twin frameworks for maintenance systems. 

3. Validating the approach through an industrial case study. 
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      Generating accurate and live asset degradation profiles enables the development of a digital 

twin that optimizes maintenance strategies in real time. The use of DES enables the exploitation 

of success this particular approach had with complex maintenance systems in addition to other 

related systems such as production and spare parts inventory management. 

      The remaining part of the paper proceeds as follows: Section 2 presents a review of related 

work, highlighting the potential and challenges in applying digital twins in maintenance, 

existing methods for modelling asset degradation, current practices in modelling maintenance 

with DES and the main contribution of this paper. In section 3, we describe the research 

methodology and its limitations. In section 4, the details of the proposed approach is laid and 

explained. The results of applying the proposed approach on real-world data are presented and 

discussed in section 5. Finally, section 6 concludes the paper by summarizing key findings and 

suggesting directions for future research. 

2. RELATED WORK 

2.1  Digital twin in maintenance 

The progression towards Industry 4.0 brought disruptive innovations that significantly changed 

the face of manufacturing. The advancements in IoT and sensor technology provided real-time 

data on maintenance systems and allowed the continuous streaming of asset conditions, 

operating environment and maintenance resources. This connectivity can be integrated to 

Intelligent systems that analyse Big Data, simulate possible scenarios and optimize dynamically 

in real time [1-6]. 

      Developing a smart and self-configurating maintenance system holds the potential to 

drastically enhance key performance metrics. Essentially, the purpose of maintenance 

modelling is to reflect on the bottom line. This means making maintenance planning more 

efficient resulting in the maximization of asset availability and minimization of all associated 

costs [7-9]. 

      One of the main challenges in fully realizing the benefits of Industry 4.0 lies in developing 

a representative digital model of the maintenance system. The high-fidelity digital model needs 

to ingest online data and adjust the prediction of the asset condition in an efficient manner 

reflected in short time and low computation costs. This might be one of the reasons for the 

reported low level of Digital Twin adoption in maintenance [10-12]. 

2.2  Asset degradation modelling 

To date, several studies have reviewed the published research on modelling asset degradation 

[13-18]. In general, degradation models can be categorized into physics-based models and data-

driven models. Physics-based models analyse the failure mechanism for the asset based on 

physics laws to develop a specific degradation model. By contrast, data-driven models rely on 

statistical analysis and data fitting without necessarily evaluating the mechanical or electrical 

failure initiation and progression processes. 

      Research in data-driven models have received more attention over the years due its 

applicability to a wide range of engineering problems, its ability to better reflect the inherited 

stochastic nature of asset degradation and due to the large volume of data available in today’s 

maintenance systems. 

      Much of the literature on data-driven approach seems to have been based on developing 

regression models. This allows the fitting the degradation data over time through a line or a 

curve. Random coefficients can be added to reflect the variations in the asset degradation 

profile. Brownian motion error and its various extensions such as the Wiener process or 

Brownian motion with a drift is considered popular due to its ability to capture uncertainty as 



Alrabghi: A Modelling Approach for Asset Degradation: Advancing Digital Twin in Maintenance 

78 

well as its mathematical properties. Although the inclusion of variability enhanced the model 

accuracy, it increased the model complexity and required computations. In addition, such 

models are not suitable for modelling monotonic degradation. 

      Other researchers attempted to model assets profiles by fitting degradation data into 

stochastic distributions such as Gamma and Inverse Gaussian processes. Such models are more 

suitable for characterizing monotonic degradation processes. However, they are applicable to 

special cases since strict requirements for the degradation must be met. 

2.3  Discrete event simulation in reliability and maintenance 

Discrete Event Simulation is one of the most popular approaches in modelling and optimizing 

maintenance systems [19]. Using this approach, researchers have been able to model complex 

maintenance systems [20] and various types of dependencies found in non-identical 

components [21]. This has shown that it can capture the variable and dynamic nature of modern 

maintenance systems. 

      The Discrete Event Simulation model can act as a cyber twin that connects with the physical 

assets to update the inputs and evaluate future scenarios to produce real-time decision making 

[22]. In addition, DES have been proved successful in simulating and optimizing systems that 

are integrated with maintenance such as production and inventory operations [23]. This can 

enhance the outcome of the analysis since a wider perspective of the system is taken into 

consideration as opposed to conducting analysis separately on a sub-system level. 

      Most studies that utilize DES tend to focus on preventive maintenance as the prime strategy 

[19]. In addition, the use of DES has been mainly used as an offline scheduling tool [22]. 

Therefore, asset failure or degradation is simulated using either regression models or reliability 

indices such as mean time between failures. However, the application of digital twin in 

condition-based maintenance requires the dynamic description of the asset degradation. 

2.4  Contribution of this research 

The evidence reviewed here seems to suggest a pertinent role for DES in developing 

maintenance digital twins. However, little attention has been paid to using this approach to 

describe the dynamic asset degradation. This paper proposes a methodology for modelling 

stochastic asset degradation using discrete event simulation. Generating accurate and live asset 

degradation profiles enables the development of a digital twin that optimizes maintenance 

systems in real time. 

3. RESEARCH METHODOLOGY 

The present study utilises Discrete Event Simulation (DES) to model the stochastic degradation 

patterns of assets. DES is a modelling technique that models the behaviour of systems as it 

evolves over time when certain events occur. DES has been used to model and analyse complex 

behaviours and variable processes. Application areas include manufacturing, logistics and 

maintenance [24]. 

      The degradation profile of an asset typically experiences changes at discrete points in time. 

For example, at breakdowns and after maintenance interventions. The continuous change in the 

asset condition can be modelled in discrete times depending on the condition monitoring 

frequency. 

      The generic approach for modelling unpredictable variability through statistical distributions 

was customized to represent the degradation process (see Fig. 1). It is widely established for 

arrival and service times. The approach is an iterative process which includes analysing the 

input data with the aim of finding the most appropriate statistical distribution [25, 26]. 
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Figure 1: A generic input modelling approach. Adapted from [24]. 

      In this study, we assume that the asset condition only improves following a maintenance 

intervention. This implies that any improvement in the condition without a maintenance 

intervention will be overlooked. It is a common assumption in maintenance literature [27]. 

4. PROPOSED APPROACH 

Nomenclature: 

𝑋𝑡  – degradation state of the asset at time t, 

∆𝑋𝑡  – increase in in the degradation state of the asset for one time unit, 

R  – uniformly distributed random number [0, 1], 

P  – the probability of positive changes in the asset degradation. 

      The proposed approach to model stochastic asset degradation consists of six steps as shown 

in Fig. 2. It starts with the asset’s health data and concludes with the ability to generate accurate 

degradation profiles. Each step is explained in detail below. 

 

Figure 2: Main steps in the proposed approach. 

• Define an appropriate health indicator 

      An appropriate health indicator can be chosen based on the asset nature, critical functions, 

operation environment and available sensors and inspection devices. it could be a single reading 

or a health index aggregating several different readings. The indicator should reflect the asset’s 

health and assist in detecting and predicting failures to enable timely interventions. It is 

inevitable to obtain sufficient data that covers both normal and abnormal conditions. 



Alrabghi: A Modelling Approach for Asset Degradation: Advancing Digital Twin in Maintenance 

80 

• Assume the asset health improves only following maintenance interventions 

      This assumption implies that the asset either deteriorates or remains in the same condition 

if it was not maintained. Therefore, if the health data showed unexplained improvements in the 

condition, it will be overlooked. 

• Separate the degradation profile into phases based on visual pattern/ behaviour 

      The asset’s condition can be classified into various stages based on degradation and failure 

progression. Each stage is analysed and modelled individually. the simplest form can include: 

normal operation, failure progression and failure. Other stages can be added if required to reflect 

the actual degradation profile. 

• Compute the percentage of positive changes in the data 

      The health data of the selected stage will consist of individual readings that are either 

increasing or remaining constant. The objective of this step is quantifying the chance of increase 

in degradation by computing its probability. This can be calculated based on one data set or 

preferably multiple data sets for the same stage. 

• Fit the positive changes into a statistical distribution 

      The increase in degradation is analysed in this step to find the most suitable statistical 

distribution. Here, we follow the established distribution fitting methods in simulation literature 

[24, 25]. It consists of performing basic statistics analysis and data visualization, selecting a set 

of candidate statistical distributions, determining the best fitted distribution and assessing the 

quality of the best distribution. 

• Generate degradation profiles 

      The degradation profile can be generated by simulating the deterioration behaviour. For 

each stage, the health condition will increase depending on the computed probability according 

to selected statistical distribution and its parameters. 

      Fig. 3 presents a flowchart of the simulation procedure for modelling a single degradation 

phase of a given asset. For each time unit, a uniformly distributed random number is generated 

between 0 and 1. The asset degradation will increase according to the suitable statistical 

distribution if the generated number is less than the probability of positive changes in the asset 

degradation. The simulation will continue in iteration until the failure threshold is reached. The 

simulation can be further expanded to accommodate multiple degradation phases and/or 

multiple assets. 

 

Figure 3: Basic flowchart of the simulation model. 

      The simulation model can act as the digital representation of the asset. Common DES 

software packages support data exchange with the physical system including direct integration 

with Enterprise Resource Planning (ERP), Manufacturing Execution Systems (MES), Supply 

Chain Planning (SCP), and Internet of Things systems (IoT). 
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5. CASE STUDY 

In this section, the proposed approach is demonstrated through an industrial case study. The 

data is acquired from The Prognostics Data Repository at NASA [28, 29]. Run to failure 

experiments were conducted on bearings on a shaft while continuously monitoring its condition 

through accelerometers. In order to model the degradation profile of the bearing, the steps in 

approach will be followed. 
 

      Step 1: Define an appropriate health indicator 

      The bearing health will be inferred from the accelerometers placed on the bearing housing. 

The Root Mean Squared (rms) reflects the average power of the vibration signal as shown in 

Fig. 4. The breakdown threshold is assumed to be 0.15. 
 

 

Figure 4: Bearing health data [28]. 

      Step 2: Assume the asset health improves only following maintenance interventions 

      As this was a run-to-failure experiments, all improvements in the health index will be 

disregarded and presumed originated from noise. The modified data is shown in Fig. 5. 

 

Figure 5: Bearing health data assuming it improves only following maintenance interventions. 

      Step 3: Separate the degradation profile into phases based on visual pattern/ behaviour 

      The degradation profile in Fig. 5 can be categorized into three phases based on the behaviour 

analysis of the health index. As Fig. 6 illustrates, the asset seems to be under normal operating 

conditions in the first phase starting from the beginning of the test up to 5110 minutes. Fault 
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begins to propagate in the second phase leading to failure in the third phase (7020 minutes). 

The phase in interest in this case is the second one where failure is propagating. 

 

Figure 6: Phases of the bearing degradation profile. 

      Step 4: Compute the percentage of positive changes in the data 

      There are 191 data points in the second phase. Only 37 constituted a positive change which 

indicates that the probability of asset deterioration in the phase is 19.4 %. In the remaining 

instances, the asset condition remains constant. 
 

      Step 5: Fit the positive changes into a statistical distribution 

      The data was fitted to a statistical distribution. The process involves analysing the data 

statistically and graphically to nominate a number of candidate distributions and estimate their 

parameters. The most suitable candidate distribution is selected based on goodness of fit tests 

such as Anderson-Darling and Kolmogorov-Smirnov tests (see Table I). In addition, visual 

checks are conducted of various graphs of the fitted distribution vs. empirical data such as the 

cumulative distribution function, probability-probability plot and quantile-quantile plot (see 

Figs. 7 and 8). In this case, the Lognormal distribution with a minimum of 0, a mean of -7.44 

and a standard deviation of 1.63 emerged as the top ranked distribution. 

Table I: Goodness of fit results. 

Data points 37 

Estimates Maximum likelihood estimates 

Accuracy of fit 0.0003 

Level of significance 0.05 

Kolmogorov-Smirnov test 

   ks stat  0.121 

   alpha  0.05 

   ks stat (37, 0.05)  0.218 

   p-value  0.609 

   result  DO NOT REJECT 

Anderson-Darling test 

   ad stat  1.06 

   alpha  0.05 

   ad stat (37, 0.05)  2.49 

   p-value  0.329 

   result  DO NOT REJECT 
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Figure 7: Fitted cumulative distribution functions of empirical data vs. fitted distribution.  

 

Figure 8: Probability-probability plot of empirical data vs. fitted distribution. 

      Step 6:Generate degradation profiles 

      The asset degradation profile can be generated by simulating its behaviour based on the 

probability of increase in deterioration at each instance. In instances where deterioration occurs, 

random variates are generated from the fitted distribution to quantify the volume of increase at 

that instance. Fig. 9 shows three different degradation profiles that were generated for the 

bearing. 

      As can be seen from Fig. 9, the generated degradation profiles resemble the general pattern 

of the original degradation profile. This is reflected in the stability of the health index, the 

gradual increase and the occasional dramatic increase. The variability across the generated 

profiles is expected since it represents the inherited randomness in the real world. In fact, we 

expect to find variability in the degradation profiles of two identical assets operating in the same 

environment. 

      The model’s results can be used to predict the remaining useful life (RUL) of the asset. The 

empirical data indicated a breakdown at 7020 minutes, while the generated profiles predicted a 

breakdown at 7810, 6680 and 6810 minutes respectively. Interestingly, the average expected 

RUL across all three degradation profiles was 7100 minutes, which closely is aligned with the 

observed value. This might indicate that generating multiple profiles and using average values 

for the asset condition and the expected RUL can enhance the effectiveness and accuracy of the 

model. 
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Figure 9: Generated degradation profile for the bearing. 

      It is worth noting that the current simulation study was conducted offline. Therefore, both 

asset degradation path and RUL were estimated once at the beginning of the simulation run. 

Updating the model with actual readings either in real time or periodically is likely to enhance 

the predictions. 

      Taken together, these findings contribute to the field of maintenance digital twins by 

proposing an approach for modelling of asset degradation in DES. Generating accurate and live 

asset degradation profiles enables the development of a cyber version of the maintenance 

system. This will complement the current growing body of research in modelling and 

optimizing maintenance systems using DES including optimization of maintenance strategies 

in real time, joint optimization of maintenance and production, joint optimization of 

maintenance and spare parts and the joint optimization of all three systems together. 

      The generalisability of these results is subject to certain limitations. For instance, sufficient 

historical data must be available on the asset of interest to enable the required statistical 

analysis. Common data challenges include incomplete or noisy data, lack of data format 

standardization and limit access to real-time data. Also, it is assumed that either a statistical or 

an empirical distribution can describe the asset degradation profile. In addition, the approach 

assumes that the asset health index does not improve without maintenance interventions which 

may not be true for all assets. 

6. CONCLUSIONS 

We are seeing a growing interest from both academics and practitioners in maintenance 

applications of Industry 4.0. Modelling and simulation are central to the concept of a digital 

twin. However, modelling and optimizing complex maintenance systems in particular poses a 

challenge as modern manufacturing systems involve variability, numerous dependencies and 

interactions with related systems such as production and spare parts. 

      This paper proposes a methodology for modelling stochastic asset degradation dynamically 

using DES. Generating accurate and live asset degradation profiles enables the development of 

a digital twin that optimizes maintenance strategies in real time. In addition, the use of DES 

enables the exploitation of success this particular approach had with systems that are closely 
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related to maintenance. Finally, the proposed approach is demonstrated through an industrial 

case study. 

      The findings should be interpreted with caution and may not generalize to all scenarios, as 

they are limited by several assumptions. This study was limited as it assumes that sufficient 

historical data is available on the asset degradation. Additionally, assuming the asset health 

index does not improve without maintenance interventions makes these findings less 

generalizable. 

      A natural progression of this work is to explore the validity of the suggested approach across 

a wider set of assets with distinct degradation behaviours. Further research might explore the 

effectiveness of real time optimization of both maintenance and spare parts inventory 

management. Future research might also explore the integration of advanced machine learning 

techniques to enhance predictive capabilities within the digital twin. 
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