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This paper investigates the issue of integrated decision-making in production, maintenance, repair, and product 

quality planning in a single-machine, single-product production system with a single final product inventory. A 

production machine wears out from the surface, and due to its operation, it is affected by breakdowns and 

causes them to break down. Performing partial repairs returns the production machine's wear level to its 

previous state, while complete repairs return it to its initial condition. Unlike previous research, in this study, 

the possibility of partial maintenance repairs is limited, and reaching the maximum allowable level necessitates 

unavoidable complete repairs. Additionally, the quality of the final product depends on the production 

machine's wear and tear level; thus, as the level of machine wear increases, the likelihood of producing low-

quality products also increases. At the end of each day, demand enters the system following a Poisson process, 

and if the final product is available, the demand is met; otherwise, orders are backlogged up to a particular 

ceiling, and the remaining backlog is considered lost orders. The production system under investigation was 

modeled in the first step using an agent-based simulation approach to extract an optimal decision combination. 

In the second step, by employing a simulation-optimization approach, the connection between the agent-based 

simulation model of the production system and metaheuristic methods was established to extract an optimal 

policy. The goal is to find a policy that leads to the integrated optimization of the system and minimizes 

production costs, maintenance and repair costs, inventory holding costs, backlogged orders, machinery 

breakdowns, and low-quality product production. Four scenarios were designed to evaluate the proposed 

method. Finally, a comparison was made between the results obtained from the proposed method and 

production scenarios up to the time of failure and random decision-making. The results showed that the 

simulation-optimization approach performs up to 30% better than other policies.  
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1|Introduction  

Production planning, maintenance, repair, and quality control have always been among the most significant 

challenges of a production system, directly impacting its output. Production planning aims to make decisions 

regarding task allocation and scheduling to achieve specific goals, such as minimizing delays or maximizing 

production output. In maintenance and repair issues, the goal is to maximize machine uptime while 

minimizing associated costs. 

As each maintenance and repair operation renders the machine unavailable, halting production activities and 

optimizing maintenance and repair procedures without accounting for production planning constraints 

inevitably yields a suboptimal solution. On the other hand, production planning is heavily influenced by 

machine uptime. If machines are not available at the required times, achieving the desired objectives in 

production planning will be almost impossible. Therefore, optimizing production planning without 

considering maintenance and repair activities will also lead to a suboptimal overall solution. In fact, when 

maintenance and repair processes are carried out unnecessarily, the time could have been utilized for 

production. Conversely, allocating time for maintenance and repair to production increases the risk of 

machine failure and breakdowns. Therefore, maintenance, repair, and production planning are two conflicting 

activities [1] . 

On the other hand, the quality of production products is also ultimately affected by how maintenance and 

repair activities are performed and the consumption level of production machinery. The higher the 

consumption level of production machines, the lower the possibility of producing low-quality products. 

Therefore, production planning, maintenance and repairs, and quality control influence each other entirely, 

and optimizing each leads to development. However, despite the importance of the topic, very little research 

has been done by researchers in the field of integrated optimization of the aforementioned areas [2]. 

The simulation-optimization approach refers to techniques used to optimize parametric stochastic problems 

[3]. This approach involves searching for input parameter values of a simulation model in a way that achieves 

the desired objectives or goals. 

This research uses the agent-based modeling optimization approach to extract an integrated optimal decision 

regarding production planning, maintenance, repair, and quality in a deteriorating multi-machine production 

system. To evaluate the extracted optimal policy results from production policies until failure (Run-to-Failure) 

and a random decision-maker agent are utilized. It's worth mentioning that the agent-based simulation model 

was built using anylogic simulation software, and the optquest package was employed to connect the agent-

based simulation model with metaheuristic algorithms. 

The article's structure will explore the research background and similar studies in the second section. In the 

third section, the research methodology, including the production system, its simulation using the agent-based 

modeling approach, and the simulation-optimization approach, will be discussed. The results of the extracted 

integrated optimal policy will be compared with alternative approaches in the fourth section. Finally, the fifth 

section will present a summary, conclusions, and suggestions for future research. 

 2|Research Background 

In recent years, due to the increasing complexity of production systems and continuous changes in customer 

demands, researchers have focused on optimizing production planning, maintenance, and product quality. 

These research endeavors can be classified based on problem definition, production system assumptions, and 

problem formulation. Subsequently, related articles that have addressed integrated optimization in production 

systems in recent years are described. Numerous studies have examined the economic effects of production, 

maintenance, repair factors, and product quality [4], [5]. However, only a few studies have simultaneously 

evaluated the impact of all three areas [2], [6]. 
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Integrated production planning, maintenance, and repair strategies have been investigated in a single-machine, 

single-product production system with a Preventive Maintenance (PM)  policy by Aghezzaf et al. [7]. Chouikhi 

et al. [8] explored a single-machine production system's combined maintenance and quality issues. In this 

study, the production system is deteriorating, and its degradation level significantly affects the final product 

quality. Khatab et al. [9], [10] examined the integrated optimization problem of production planning, quality, 

maintenance, and repair in a single-machine, single-product production system. Hadian et al. [11] investigated 

the maintenance, repair, and quality control problems in a deteriorating single-machine production system. 

The problem has been mathematically modeled through mathematical programming, and genetic algorithms 

have been employed to find the integrated optimal policy. In a similar production system, Cheng et al. [12] 

extracted the combined inventory control and maintenance policies using a simulation-optimization 

approach. The integrated problem of production planning and quality control in a single-machine production 

system was examined by Bouslah et al. [13]. This study utilized the simulation-optimization approach to 

extract a combined policy for production planning, inventory control, maintenance, and repair. Simultaneous 

optimization of production planning and quality control in a single-machine, single-product production 

system was conducted using the simulation-optimization approach by Rivera-Gómez et al. [10], [14]. To 

expand on previous research, Rivera-Gómez et al. modeled a deteriorating single-machine, single-product 

production system to find the optimal production and quality control policy using the simulation-optimization 

approach [2], [15]. 

 In this study, PM policy was employed to enhance the availability of the production system. Some studies 

have examined the application of metaheuristic methods in production scheduling and maintenance and 

repair problems [16], [17]. In these investigations, the production system is of the deteriorating single-machine 

type, and genetic algorithms, simulated annealing, and learning-based optimization algorithms were utilized 

to extract the production planning, inventory control, maintenance, and repair policies. Through the review 

of previous research, it has become apparent that assuming the use of partial repair processes to improve the 

degradation levels of machinery indefinitely is feasible. However, in a real production system, the number of 

partial repairs between major repairs is limited, and once this maximum number is reached, the production 

machine must undergo significant repairs. In this scenario, after major repairs are performed, the degradation 

level of the production machine is restored to its initial state (with zero degradation). Considering this 

assumption, this study aims to address this research gap. 

3|Research Methodology 

3.1|Production System 

In this study, the problem under investigation is a production system consisting of one production machine 

and a warehouse with a capacity of Imax. This production system produces only one type of product. The 

produced products are stored in the warehouse to meet the input demand. The production times follow an 

exponential distribution with parameter λp, and the production cost is determined by Cp. During the 

production process, the degradation level of the machine changes from state d0 (like new) to state dn (failure). 

The level of machine degradation is defined by d stages, such that after each breakdown leading to wear, the 

degradation level of the production machine is incremented to d + 1. This process continues until the 

degradation level of the production machine reaches the maximum failure level dmax. At each stage of 

degradation 1, ⋯ , dmax − 1, the production machine can undergo partial repair at a cost of Cm or full repair 

at a cost of Cr. If a partial repair process is performed, the degradation level of the production machine 

changes to the previous degradation stage d − 1. If a full repair process is performed, the degradation level 

of the production machine changes to d0. The duration of partial and full repair processes is defined as an 

exponential distribution with parameters λm and λr, respectively. Additionally, the maximum number of 

permissible maintenance activities between two consecutive partial repair activities is limited to Umax. At the 

degradation state dmax, the production system becomes faulty and requires full repair activities. 
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The production process can operate within the degradation levels from d0 to dmax−1. However, when the 

machine's degradation level reaches dmax, full repair activity becomes inevitable, and production halts in this 

scenario. Additionally, at each degradation level, the production machine may encounter an unexpected 

breakdown with probability Bd and cost Cb. Maintenance and repair activities can be performed to prevent 

such unexpected breakdowns. The system's recovery time from breakdown is assumed to follow an 

exponential distribution with parameter λb. It is assumed that λb > λr > λm and   Cb > Cr > Cm indicating that 

the duration and costs increase sequentially from partial to full repairs and unexpected breakdowns . 

The production machine's degradation level influences the product's quality. The probability of producing 

low-quality products is determined by Qd, which depends on the degradation level of the production machine. 

Producing low-quality products incurs a cost Cq. As the degradation level of the production system increases, 

the probability of producing low-quality products also increases. The time between customer demands 

follows an exponential distribution with parameter λd, and the quantity of each demand follows a Poisson 

distribution with parameter λn. Upon arrival of a demand, if the inventory is sufficient, the demand is fulfilled, 

resulting in a profit P. Otherwise, the demand is backlogged according to the First-Come-First-Served (FCFS) 

policy. The maximum allowable number of backlogged orders is Bmax. It is evident that when the system 

reaches the maximum allowable backlogged orders, subsequent customer demands are considered lost 

demand, incurring a cost Cl to the system. Inventory holding cost Ch and shortage cost Cs are also considered 

in this production system. 

3.2|Agent-Based Modeling 

Agent-based modeling can be utilized in a system where processes are dynamic, and there is temporal 

dependency. The agent-based model consists of three main elements: 

I. Definition of agents, their attributes, and behaviors. 

II. Interactions and communications among agents. 

III. Environment. 

I. Unlike other common simulation paradigms, such as discrete event simulation and dynamic system modeling, 

this paradigm takes a bottom-up approach to the problem. It can model and analyze a much wider range of 

issues with varying levels of detail [18]. This study uses the agent-based approach to construct the simulation 

model due to the high flexibility of agent-based modeling and the ease of communication between system 

components. It's worth mentioning that the simulation model has been developed using AnyLogic simulation 

software. As the main component of the production system in this study, the production agent is responsible 

for producing the product. This agent has five states. 

II. Ready for action: in the initial state, the production agent can receive one of the following messages from 

the decision-making agent. 

III. Production: the production agent, with a degradation level of 0 ≤ d < dmax, transitions to the production 

state with a probability of 1 − Bd. With a probability of 1 − Qd, and after a while of λp, it produces a product 

with acceptable quality. Otherwise, with a probability of Bd, it transitions to the breakdown state and 

undergoes repair after a time period of λb, returning to the initial state. During the production process, with 

a probability of fd,p, the machine's degradation level increases by one unit. 

IV. Partial repair: the production agent initiates partial repair activity and, after a time period of λm, the 

degradation level decreases by one unit. 

V. Full repair: the production agent initiates full repair activity and, after a time period of λr, the degradation 

level returns to the initial state (d=0), and the state reverts to the initial condition. 

VI. Idle: the production agent remains idle until the following demand input. 
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 Fig. 1. The behavior of the production agent. 

3.3|Decision Intervals 

In order to formulate the decision-making problem and determine suitable points for making integrated 

decisions, the Semi-Markov Decision Process (SMDP) has been utilized. The reason for using SMDP is the 

probabilistic nature of transition times for the production agent's state; thus, decision steps cannot be 

uniform. The effectiveness of decisions on the production agent will be achieved by sending messages to this 

agent. Fig. 2 presents the decision intervals for integrated decision-making in the SMDP. 

Fig. 2. Semi-markov decision process for integrated decision making. 

 

3.4|The Integrated Decision-Making Problem Space 

The integrated decision-making problem space for production planning, maintenance, repair, and quality 

control in this research is calculated based on the following equation: 

The possible actions that can be taken in each state of the system include: 

I. Perform production. 

II. Perform partial repair. 

III. Perform full repair. 

IV. Idle the production machine. 

It is worth mentioning that an approach combining simulation and optimization will be employed to allocate 

the best course of action for each state of the problem. This methodology leverages simulation techniques to 

model the dynamic behavior of the system and optimization algorithms to identify optimal decision strategies. 

The study aims to enhance decision-making processes and improve performance across various problem 

states by integrating simulation and optimization. 

N(s) = (d + 1) × (Imax + Bmax + 1) × (Um + 1). (1) 
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 3.5|Simulation-Optimization Approach 

As mentioned, this research's integrated decision-making problem aims to minimize the objective function, 

including maintenance costs, product shortages, lost customers, partial repairs, complete repairs, production, 

and low-quality products, while maximizing the profit from product sales. The objective function is 

represented by Eq. 1. 

Where 

After constructing the agent-based simulation model of the production system, its connection with the 

metaheuristic algorithm is established using the optquest package. This software package utilizes genetic 

algorithms, simulated annealing, and scatter search to find optimal or near-optimal solutions. Neural networks 

also adjust the input parameters of the optimization algorithms in this package. 

The primary objective of the simulation-optimization approach in this study is to compute optimal values for 

decision variables (appropriate actions in each problem state) in a manner that minimizes Eq. 1. This iterative 

process continues until no further improvement is observed in the objective function. The relationship 

between the simulation model and the optimization algorithm is illustrated in Fig. 3. 

Fig. 3. Iterative simulation-optimization process. 

The simulation model is assumed to run for 10,000 hours in each iteration. This duration has been chosen to 

ensure the occurrence of all possible states of the production system. 

4|Research Findings 

Seven scenarios were executed to evaluate the effectiveness of the proposed method, as described in Table 2. 

These scenarios cover various conditions of the system and can be categorized as follows: 

I. Base case (scenario 1). 

II. Impact of increasing demand rate and its magnitude (scenarios 2 and 3). 

III. Impact of a simultaneous increase in demand rate and its magnitude, as well as increasing the probability of 

breakdowns and producing low-quality products (scenarios 4 and 5). 

Rt+1 = Ch(t) + Cb(t) + Cl(t) + Cm(t) + Cr(t) + Cp(t) + Cq(t) − P(t). (2) 

Ch(t) = (∫ I(t)dt) × Ch

ti+1

ti

. (3) 

Cb(t) = (∫ B(t)dt) × Cb

ti+1

ti

. (4) 

Cl(t) = N(l) × Cl. (5) 

P(t) = N(P) × P. (6) 

Metaheuristic methods 

Simulation model 

Decision variable Objective function value 
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IV. Impact of simultaneous increase in production rate, demand rate, and its magnitude, as well as increasing the 

probability of breakdowns and producing low-quality products (scenarios 6 and 7). 

The agent-based simulation model of the production system has been initialized using the data provided in 

Table 1. 

Table 1. Inputs for the agent-based simulation model. 

 

As shown in Table 2, the pressure on the production system gradually increases from the second to the fifth 

scenario, and relative improvement is achieved in the last two cases. The integrated decision should properly 

select production, maintenance, and repair activities to prevent lost orders and breakdowns resulting from 

the increased demands.  

Table 2. Various scenarios of the production system. 

 

As mentioned, a comparison was made with the Production Until Failure (RTF) policies and Random 

Decision Maker (RA) to evaluate the results obtained from the simulation-optimization approach. In the RTF 

policy, the producer continues production until the equipment reaches its final depreciation state, thus not 

utilizing partial repairs. The random decision maker selects an action randomly within decision time intervals. 

Each scenario in Table 2 has been implemented in the agent-based simulation model. Then, using the 

simulation-optimization approach, an optimal integrated decision was extracted. Subsequently, to evaluate it, 

the value of the objective function obtained (Eq. 1) from the simulation-optimization approach was compared 

with the value of the objective function obtained using the RTF and RA policies. It is worth mentioning that 

these policies have also been implemented in the agent-based simulation model, and their outputs have been 

extracted. The evaluation results of the extracted integrated decision are shown in Fig. 4. 

Fig. 4. Results of the optimal integrated decision extracted from the 

simulation-optimization approach and policies RTF and RA. 

As shown in Fig. 4, the objective function value obtained from the simulation-optimization approach in all 

scenarios is lower than that of the other policies. It is worth noting that in scenarios with high pressure on 

the production system, the gap between the objective function value of the simulation-optimization approach 

and the production policy until failure is less than when the production system had more freedom of action. 

𝐈𝐦𝐚𝐱 𝐁𝐦𝐚𝐱 𝐝𝐦𝐚𝐱 𝐔𝐦𝐚𝐱 𝐟𝐝,𝐩 𝐂𝐩 𝐂𝐦 𝐂𝐫 𝐂𝐛 𝐂𝐪 𝐂𝐡 𝐂𝐬 𝐂𝐥 𝐏 

10 10 6 2 (0.04, 0.04, 0.05, 0.05, 0.06, 0.07) 0.5 50 150 300 1.5 0.3 0.6 100 2.1 

 1/𝛌𝐩 1/𝛌𝐫 1/𝛌𝐦 1/𝛌𝐝 𝛌𝐧 1/𝛌𝐛 𝐁𝐝 𝐐𝐝 

scenario 1 1 20 2 10 2 25 (0, 0, 0, 0.001, 0.007, 0.01, 1) (0, 0, 0.01, 0.05, 0.1, 0.15, 1) 
scenario 2 1 20 2 6 2 25 (0, 0, 0, 0.001, 0.007, 0.01, 1) (0, 0, 0.01, 0.05, 0.1, 0.15, 1) 
scenario 3 1 20 2 5 3 25 (0, 0, 0, 0.001, 0.007, 0.01, 1) (0, 0, 0.01, 0.05, 0.1, 0.15, 1) 
scenario 4 1 20 2 6 2 25 (0, 0, 0.001, 0.007, 0.015, 0.05, 1) (0, 0.02, 0.05, 0.1, 0.15, 0.2, 1) 
scenario 5 1 20 2 5 3 25 (0, 0, 0.001, 0.007, 0.015, 0.05, 1) (0, 0.02, 0.05, 0.1, 0.15, 0.2, 1) 
scenario 6 0.5 20 2 5 3 25 (0, 0, 0.001, 0.007, 0.015, 0.05, 1) (0, 0.02, 0.05, 0.1, 0.15, 0.2, 1) 
scenario 7 0.5 20 2 6 2 25 (0, 0.01, 0.02, 0.05, 0.07, 0.1, 1) (0, 0.05, 0.07, 0.1, 0.2, 0.25, 1) 
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5|Conclusion 

This paper investigated the production, maintenance, repair, and product quality policies in a production 

system consisting of a deteriorating machine. While extensive research has been conducted on integrated 

optimal policies, limited attention has been paid to simultaneously examining production, maintenance, repair, 

and quality issues. Additionally, previous studies have assumed an unlimited repair process for the production 

system, which does not align with the reality of production systems. This research aimed to extract an 

integrated decision-making policy considering more realistic assumptions. To this end, agent-based modeling 

and simulation-optimization approaches have been utilized. 

Due to its bottom-up approach, agent-based modeling is highly flexible and suitable for implementing the 

complexities of production systems. On the other hand, considering the complexities of production systems, 

it may not be feasible to utilize mathematical problem-solving methods such as Dynamic Programming (DP) 

due to the problem's dimensions. Therefore, employing metaheuristic algorithms and combining them with 

agent-based modeling has been suggested. 

The Policies from Production to Failure and Random Decision-Making policies have been used to evaluate 

the integrated optimal decision-making policy for production, maintenance, repair, and quality extracted in 

this study. Seven scenarios have been designed in the production system to assess the quality of the extracted 

policy, reflecting various states. These seven scenarios have been formulated by changing the values of 

production rates, demand rates, machine failure rates, and the probability of producing low-quality products. 

The defined objective function aims to minimize the maintenance costs of the product, product shortages, 

lost customers, partial repairs, complete repairs, production, production of low-quality products, and 

maximize the profits from selling the manufactured products. 

The results show that the simulation-optimization approach can improve the objective function by up to 30% 

compared to other policies. It is worth mentioning that in cases where the production system is under high 

stress, the improvement may be less than when it has more flexibility. The production-to-failure policy is 

nearly optimal when the input demand is very high. Therefore, the simulation-optimization approach tends 

to move towards this policy. However, in cases where the production system is under less stress, the integrated 

policy extracted from the simulation-optimization method is up to 30% better than the production-to-failure 

policy. 

For future research, it is suggested that machine learning algorithms such as reinforcement learning be utilized 

to improve integrated decision-making and that the results of the proposed method be compared with those 

of the proposed method in this study. Additionally, considering production systems with multiple devices and 

multiple products is recommended. 

   Author Contribution 

Conceptualization and Methodology, M. N. R., Software, Validation, formal analysis, E. N., investigation, R. 

R.; writing-creating the initial design, M. N. R.; writing-reviewing and editing, E. N. All authors have read and 

agreed to the published version of the manuscript. 

   Funding 

This research received no external funding. 

   Data Availability 

All the data are available in this paper. 

   Conflicts of Interest 

The authors declare no conflict of interest. 



Integrated decision-making in production, maintenance, repair, and quality planning 

20 

References 

[1]  Liu, Q., Dong, M., & Chen, F. F. (2018). Single-machine-based joint optimization of predictive maintenance 

planning and production scheduling. Robotics and computer-integrated manufacturing, 51, 238–247. 

https://www.sciencedirect.com/science/article/pii/S0736584517300649 

[2]  Rivera-Gómez, H., Gharbi, A., Kenné, J. P., Montaño-Arango, O., & Corona-Armenta, J. R. (2020). Joint 

optimization of production and maintenance strategies considering a dynamic sampling strategy for a 

deteriorating system. Computers & industrial engineering, 140, 106273. 

https://www.sciencedirect.com/science/article/pii/S0360835220300073 

[3]  Gosavi, A. (2015). Control optimization with reinforcement learning. In simulation-based optimization: 

parametric optimization techniques and reinforcement learning (pp. 197–268). Springer US. 

https://doi.org/10.1007/978-1-4899-7491-4_7 

[4]  Beheshti Fakher, H., Nourelfath, M., & Gendreau, M. (2017). A cost minimisation model for joint production 

and maintenance planning under quality constraints. International journal of production research, 55(8), 2163–

2176. https://ideas.repec.org/a/taf/tprsxx/v55y2017i8p2163-2176.html 

[5]  Nourelfath, M., Nahas, N., & Ben-Daya, M. (2016). Integrated preventive maintenance and production 

decisions for imperfect processes. Reliability engineering & system safety, 148, 21–31. 

https://www.sciencedirect.com/science/article/pii/S0951832015003427 

[6]  Nazabadi, M. R., Najafi, S. E., Mohaghar, A., & Movahedi Sobhani, F. (2024). The joint policy of production, 

maintenance, and product quality in a multi-machine production system by reinforcement learning and 

agent-based modeling. International journal of research in industrial engineering, 13(1), 71–87. 

DOI:10.22105/riej.2023.298557.1240 

[7]  Aghezzaf, E. H., Khatab, A., & Tam, P. L. (2016). Optimizing production and imperfect preventive 

maintenance planning׳s integration in failure-prone manufacturing systems. Reliability engineering & system 

safety, 145, 190–198. https://www.sciencedirect.com/science/article/pii/S0951832015002811 

[8]  Chouikhi, H., Khatab, A., & Rezg, N. (2014). A condition-based maintenance policy for a production system 

under excessive environmental degradation. Journal of intelligent manufacturing, 25(4), 727–737. 

https://doi.org/10.1007/s10845-012-0715-9 

[9]  Khatab, A., Diallo, C., Aghezzaf, E. H., & Venkatadri, U. (2019). Integrated production quality and condition-

based maintenance optimisation for a stochastically deteriorating manufacturing system. International journal 

of production research, 57(8), 2480–2497. https://doi.org/10.1080/00207543.2018.1521021 

[10]  Najafi, S. E., Nozari, H., & Edalatpanah, S. A. (2022). Artificial intelligence of things (AIoT) and industry 4.0–

based supply chain (FMCG industry). In a roadmap for enabling industry 4.0 by artificial intelligence (pp. 31–41). 

John Wiley & Sons, Ltd. https://onlinelibrary.wiley.com/doi/abs/10.1002/9781119905141.ch3 

[11]  Hadian, S. M., Farughi, H., & Rasay, H. (2021). Joint planning of maintenance, buffer stock and quality control 

for unreliable, imperfect manufacturing systems. Computers & industrial engineering, 157, 107304. 

https://www.sciencedirect.com/science/article/pii/S0360835221002084 

[12]  Cheng, G. Q., Zhou, B. H., & Li, L. (2018). Integrated production, quality control and condition-based 

maintenance for imperfect production systems. Reliability engineering & system safety, 175, 251–264. 

https://www.sciencedirect.com/science/article/pii/S0951832017311420 

[13]  Bouslah, B., Gharbi, A., & Pellerin, R. (2018). Joint production, quality and maintenance control of a two-

machine line subject to operation-dependent and quality-dependent failures. International journal of production 

economics, 195, 210–226. https://www.sciencedirect.com/science/article/pii/S0925527317303316 

[14]  Rivera-Gómez, H., Gharbi, A., & Kenné, J. P. (2013). Joint production and major maintenance planning policy 

of a manufacturing system with deteriorating quality. International journal of production economics, 146(2), 575–

587. https://www.sciencedirect.com/science/article/pii/S0925527313003447 

[15]  Najafi, E., & Atighi, I. (2024). Employing AI in the sustainability of smart commerce and supply chain. In 

information logistics for organizational empowerment and effective supply chain management (pp. 139–149). IGI 

Global. https://www.igi-global.com/chapter/employing-ai-in-the-sustainability-of-smart-commerce-and-

supply-chain/334825 



 Nazabadi  et al. |Risk. Assess. Man. Dec. 1(1) (2024) 12-21 

21 

[16]  Ghaleb, M., Taghipour, S., Sharifi, M., & Zolfagharinia, H. (2020). Integrated production and maintenance 

scheduling for a single degrading machine with deterioration-based failures. Computers & industrial 

engineering, 143(10), 106432. https://www.sciencedirect.com/science/article/pii/S0360835220301662 

[17]  Sharifi, M., & Taghipour, S. (2021). Optimal production and maintenance scheduling for a degrading multi-

failure modes single-machine production environment. Applied soft computing, 106, 1-21. 

https://www.sciencedirect.com/science/article/pii/S1568494621002350 

[18]  Borshchev, A., & Filippov, A. (2004). From system dynamics and discrete event to practical agent based 

modeling: reasons, techniques, tools. Proceedings of the 22nd international conference of the system dynamics 

society (Vol. 22, pp. 25–29), England. Oxford. 

https://www.anylogic.de/upload/iblock/296/296cb8fa43251a1fc803e435b93c8ff2.pdf 

 

 


