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ABSTRACT 

 

This dissertation provides a comprehensive sustainability-based framework for integrated 

maintenance-production planning problem where the production process in not of perfect quality. 

In classic production scheduling problems, the machine is assumed to be available during the 

entire planning horizon; however, there may be unavailability due to some planned maintenance 

or unplanned repair actions. Moreover, incorporating sustainability-based approaches into 

operational decisions in manufacturing is gaining more attention. Energy consumption as one of 

the most important factors of the environmental sustainability may affect production decisions 

extensively. In most of the existing literature on integrated maintenance- production planning, 

energy cost is ignored or is considered as a fixed-unit production cost. This dissertation provides 

new insights for incomplete production planning systems incorporating the cost of energy. 

This dissertation presents a framework to select the best maintenance strategy among 

various maintenance alternatives for a company pursuing sustainable development plan under 

uncertain conditions. Once the maintenance strategy is selected, the best maintenance and 

production plan is determined to minimize the overall cost of inventory, production, 

maintenance, repair, rework, technology investment, and energy consumption. These decisions 

are made at the tactical level of decision-making hierarchy in any organization. In the lower level 

of the hierarchical decision-making, the conflict between energy consumption and reliability of 

machines is studied in order to determine the optimal operational schedule of the jobs and 

On/Off decisions, and minimize energy consumption, total completion time and the failure 

probability of the machine.  
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CHAPTER 1 

INTRODUCTION 

Incorporating sustainability-based approaches into operational decisions in 

manufacturing is gaining more attention. Energy consumption as one of the most important 

factors of the environmental sustainability may affect production decisions extensively. 

Increasing energy demand along with the resource scarcity, undesirable environmental impacts 

and related costs necessitate incorporating energy considerations into strategic, tactical, and 

operational level decisions in manufacturing companies to achieve a sustainable development 

plan.  

1.1 Sustainability 

Deloitte and Touche define sustainability as ‘‘adopting business strategies and activities 

that meet the needs of the enterprise and its stakeholders today while protecting, sustaining and 

enhancing the human and natural resources that will be needed in the future’’[1]. Generally, 

sustainability is based on three pillars of environmental, business excellence/economic, and 

human contributions/social issues. In the current competitive business environment, more 

companies are willing to apply these concepts to attain a sustainable development at any 

organizational level. This dissertation provides models to address some of the sustainability 

aspects in strategic, tactical and operational level decisions in a manufacturing company. 

Strategic planning as a leadership and management innovation defines the policies and provides 

a clear path for the organization to achieve the medium, or long term goals (Chapter 2) [2], 
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whereas the operational decisions include the short to medium term planning of activities 

associated with tactical goals (Chapters 3,4,5) [3].  

 

              Figure 1 Hierarchical decision making 

A general misconception in many corporations is that sustainability is considered solely 

as a set of environmental factors to survive in the competitive global market. However, 

environmental issues constitute one aspect of sustainability programs. Corporate sustainability is 

based on three “P”s of People, Planet and Profit, and a balance is required to be made among 

them. Figure 1 illustrates the concept of sustainability, which consolidates the measures of 

economic, environmental and social performance. Defining appropriate metrics for each pillar 

provides the basis for a company to evaluate its performance and find the potential improvement 

opportunities.  

 

            Figure 2 Sustainability pillars 
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Energy consumption is one of the main criteria in environmental sustainability. Energy 

consumption increased in 2010 and 2011 after a decrease was observed in 20081. At the same 

time, energy is becoming more expensive due to scarcity of natural resources, especially since 

the majority of these resources are not renewable [4]. The industrial sector, consuming 

approximately half of the world’s energy, is the largest consumer of the energy (Figure 3) [5]. 

However, not all the amount of the energy consumed goes into useful purposes. Based on the 

U.S Energy Information Administration, 27 quadrillion BTU of the total 97 quad is the energy 

loss and approximately two-thirds of the fuel resources are lost for generation and distribution of 

the electricity1. In Toyota 85.2% of the total amount of energy consumed is for non-

manufacturing related activities [4]. As a result, incorporating energy concept into production 

scheduling and planning seems a necessity to minimize energy consumption, negative 

environmental impacts, as well as the expenses of the company while satisfying demand 

constraints.  

 

                Figure 3 Total Energy Consumption Estimates2 

                                                           
1 http://www.eia.gov/todayinenergy/detail.cfm?id=9250, Feb 2013 

2 www.eai.gov, Feb 2013 
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1.2 Research Objectives and Outline 

In this dissertation we analyze a single-machine manufacturing company pursuing a 

sustainable development plan in needs to satisfy the customers’ demands for its products. The 

company obtains data from the market about the demand and plans for production. As machine 

depreciation is one of greatest source of investment in a manufacturing facility, the company 

requires selecting the most appropriate maintenance strategy with respect to economic, social 

and environmental criteria of sustainability pillars and its stakeholders’ opinions (Chapter 2). 

Once the company decides on the maintenance strategy, (assuming preventive maintenance 

strategy is selected or is in the list of the preferred strategies based on the maximum group 

utility), the manufacturing company can plan for production while incorporating   maintenance 

and repair actions.  

As environmental sustainability is gaining more attention, it is important to consider 

energy consumption costs which can be influenced by maintenance schedules in addition to 

regular production and inventory costs (Chapter 3). The company might be interested to know 

about the possibility of batch production with respect to production, inventory, interest and 

depreciation, and energy and rework costs of the defective products (Chapter 4). At the very end, 

in the lowest level of operational planning, the company defines a scheduling problem for day to 

day activities with respect to reliability, energy consumption and total completion time (Chapter 

5) to schedule the processing of the jobs.  

In summary, this dissertation provides a comprehensive sustainability-based framework 

to address the following critical questions existing in the industry: 
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1. What is the best maintenance strategy among different maintenance alternatives for a 

sustainable company? (Chapter 2) 

2. What is the best maintenance and production plan to minimize inventory and production 

costs, energy consumption cost, with respect to reliability and demand constraints? 

(Chapters 3 and 4) 

3. How can this company plan production scheduling while considering conflicting goals in 

energy consumption, machine reliability and job scheduling in a sustainable production 

setting? (Chapter 5) 

Selecting the most appropriate maintenance strategy for a sustainable company pursuing 

achievement of the triple objectives of sustainability (economic, social and environmental) is an 

important strategic decision-making problem within a manufacturing firm. In the second chapter 

of this dissertation, a comprehensive method is developed to determine a sustainability-based 

decision-making framework: the alternatives are the available maintenance strategies and the 

decision sub-criteria are extracted from the opinions of sustainability experts using the factor 

analysis approach. The proposed model is solved via a fuzzy VIKOR approach and the most 

appropriate maintenance strategy is selected for a sustainable company with respect to the 

preferences of managers. 

In classic production scheduling problems, the machine is assumed to be available during 

the entire planning horizon. However, there may be unavailability due to some planned 

maintenance or unplanned repair actions. These rate modifying activities (maintenance and 

repair) influence the machine speed and performance, and consequently affect the energy 

consumption of the machine. Maintenance and repair planning in a production system, to 

maximize the lifetime of the machine while minimizing energy consumption and other 
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implementation costs such as production, maintenance and repair, is addressed via a mixed 

integer nonlinear model in Chapter 3. Numerical experimentation and sensitivity analysis is 

performed to analyze the impact of parameters on the outputs of the model.  

Chapter 4 studies an imperfect Economic Production Quantity (EPQ) problem with 

variable unit production cost, unknown setup cost, production rate, and lot size to minimize the 

overall cost of the production, inventory, interest and depreciation, energy and rework costs. The 

analysis of the proposed nonlinear model shows that incorporating the energy consumption cost 

can influence the production decisions (economic batch size and production rate) and the overall 

cost of the system. Also, it is observed that investment in modern technologies, influencing the 

system flexibility, impacts the operational decisions. 

In the fifth chapter (Chapter 5), a common problem in industry is observed, where the 

machines are running idle and energy is being wasted during the inter-arrival period between 

consecutive jobs without any value added activities being performed. Most of the research 

literature on job scheduling focuses on activities to minimize the common scheduling objectives, 

such as the maximum of completion time, total completion time, or tardiness, while energy is 

often viewed as a fixed cost. The On/Off strategy as a substitution of a continuous running 

scenario is believed to provide great savings in energy consumption. This approach, however, 

has some negative impacts on machine reliability, and increases machine failure likelihood due 

to the resulted shocks during the On/Off process. The conflict between energy consumption and 

reliability of machines is modeled as a multi-objective mixed-integer nonlinear program in order 

to determine the optimal operational schedule of the jobs and On/Off decisions. The objective is 

to minimize energy consumption, total completion time and the failure probability of the 

machine. Note that this is the first study to address the conflict between energy consumption, job 
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scheduling and machine reliability simultaneously. Considering various machine failure rates 

during different operation modes of idle, processing and On/Off process to determine machine 

reliability is another distinguishing aspect of the proposed model which is ignored in the 

previous studies.  

Finally, chapter 6 presents the conclusion and insights for the future work.  

1.3 References 

1. Deloitte and Touche, Business Strategy for Sustainable Development: Leadership 
and Accountability for the'90s. 1992: International Institute for Sustainable 
Development. 

 
2. Bryson, J.M., Strategic planning for public and nonprofit organizations: A guide to 

strengthening and sustaining organizational achievement. 2011: John Wiley & 
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3. Griffin, R.W., Fundamentals of management. 2011: South-Western Pub. 
 
4. Kordonowy, D.N., A power assessment of machining tools, 2002: Massachusetts 

Institute of Technology. 
 
5. Mouzon, G., M.B. Yildirim, and J. Twomey, Operational methods for minimization 

of energy consumption of manufacturing equipment. International Journal of 
Production Research, 2007. 45(18): p. 4247-4271. 
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CHAPTER 2 

A SUSTAINABILITY APPROACH FOR SELECTING MAINTENANCE 

STRATEGY  

2.1 Abstract  

Appropriate maintenance can prolong the life of an asset and prevent costly breakdowns 

that may result in lost production, failed shipping schedules, and a decline in customer 

satisfaction. The goal of this chapter is to present a comprehensive framework that utilizes 

sustainability metrics based on social, environmental, and economic criteria to select an 

appropriate maintenance strategy among a variety of maintenance strategy alternatives, such as 

preventive, failure-based, reliability-centered, condition-based, and total productive maintenance 

strategies, for a manufacturing company. The sustainability-based approach may significantly 

influence the personnel, energy, material, and the overall costs in a company. In the first step of 

this chapter, a sustainability-based decision-making structure is proposed for the maintenance 

strategy selection problem applying the concept of factor analysis to determine the leading 

factors in each of the sustainability pillars. In the next step a fuzzy VIKOR framework is used to 

select the most appropriate maintenance strategy. The provided approach is illustrated using a 

manufacturing industry case study. 

Keywords: Sustainability, maintenance selection problem, Fuzzy VIKOR  

2.2 Introduction 

Maintenance planning may extend machine lifetime, prevent costly breakdowns, decrease 

operating expenses, and increase profitability [1]. Maintenance costs, including spare parts, 
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repair, material, and labor costs, constitutes 15% to 60% of the total production cost based on the 

type of industry [2]. 

The main contribution of this chapter is to develop a comprehensive maintenance strategy 

selection framework in conjunction with an effective sustainability program considering the 

uncertainty involved in the decision-making process. This study is one of the first attempts to 

consider all sustainability pillars in the maintenance strategy selection process: in the proposed 

framework, not only cost and technical issues, but also social and environmental criteria are 

considered simultaneously to select the best maintenance strategy. The other contributions of this 

chapter can be listed as follows: 1) this research provides a comprehensive list of sustainability 

criteria summarized from the literature and expert opinions and presents a reduced decision-

making tree for the maintenance strategy selection problem (MSSP) using factor analysis (FA) to 

decrease the number of criteria based on uncertain collected data; 2) uncertainty in the data is 

modeled using fuzzy numbers to provide more flexibility for decision- makers in the decision-

making process; 3) Fuzzy VIKOR methodology has been used for the first time to select the best 

maintenance alternative; and 4) The proposed framework is generic and is applicable for any 

other company and any set of maintenance alternatives at the same management level.  

Failure of a system component may cause catastrophic failure in an entire system, higher 

repair cost, and lower quality of the final product, and it might cause the production line to stop 

completely. The worldwide trend towards Just in Time systems motivates zero unscheduled 

downtimes due to the minimal level of work-in process inventory [3]. Hence, an effective 

maintenance strategy implementation is a key concern that must be addressed for cost reduction 

and productivity enhancement. Furthermore, an effective maintenance strategy may decrease 
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environmental risks and reduce greenhouse gas emissions, water pollution, and soil 

contamination [4]. 

As a machine degrades during its lifetime, energy consumption increases [4]. The 

implementation of an optimal maintenance strategy can result in considerable energy 

consumption savings [5]. Unscheduled stops and downtimes due to machine breakdowns require 

unnecessary setups. Energy consumption increases dramatically every time the machine turns on 

as a result of initial start-up power requirements [6, 7] which may adversely impact machine 

reliability and lifetime due to the resulting shocks [8].  

Conventional maintenance strategy selection approaches primarily focus on monetary 

and technical criteria as the key factors for selecting the best maintenance strategy. Public 

awareness and governmental rules like clean air act (1970), resource conservation and recovery 

Act (1976), and toxic substances control act (1976) may force companies to consider some soft 

and non-monetary aspects such as social and environmental standards for MSSP. A sustainable 

manufacturing system incorporates ecological, social, and economic issues during all phases of 

the product life cycle—from initial design to delivery of the finished product to an end user. 

Sustainable management systems can provide the basis for significant savings in these areas by 

efficiently controlling time, personnel, energy, and material [9].  

The sustainable MSSP is a multi-criteria decision-making (MCDM) problem because it 

addresses a wide variety of social, environmental, and economic criteria to select the best 

maintenance alternative. Proposing a framework to address all these criteria simultaneously 

seems a necessity. To our best knowledge, none of the studies in the literature has addressed a 

comprehensive framework to accommodate all the criteria of business/economic, social/ethical, 
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and environmental sustainability pillars for MSSP while considering uncertainty in decision 

maker’s ratings modeled as fuzzy numbers.  

MSSP relies heavily on decision-makers’ judgments on various criteria. A fuzzy 

approach can be used to address the inherent vagueness and uncertainty in the evaluation 

process, especially when some of the decision criteria are conceptual and the assessment process 

is performed using linguistic variables [10].  

This chapter proposes a two-phase framework to select a sustainable maintenance 

strategy: In the first step of phase one, all the criteria in each sustainability pillar that can impact 

the sustainable MSSP are listed. Next, a group of sustainability experts evaluates the resulted 

extensive and detailed sets of criteria to determine the leading factors in each pillar using factor 

analysis. In the second phase, a fuzzy VIKOR framework is proposed to select the most 

appropriate maintenance strategy using the leading factors. This framework is summarized as 

follows: (1) All feasible maintenance strategies (alternatives) at the same management level are 

determined for a given system; (2) Using the main sustainability factors (phase 1 output), 

alternatives are evaluated by decision-makers (DMs) applying linguistic variables translated into 

fuzzy numbers; and (3) a modified fuzzy VIKOR approach, a decision-making tool, is applied to 

select the best maintenance strategy.   

The chapter is organized as follows: Section 2.3 presents a brief literature review of fuzzy 

approach of the MSSP. Section 2.4 provides an introduction about maintenance strategy 

alternatives. Section 2.5 gives insights on sustainability metrics and explains the FA approach 

(Phase 1) to determine the leading factors in each sustainability pillar. Section 2.6 describes the 
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fuzzy VIKOR evaluation framework (Phase 2). Section 2.7 illustrates the proposed framework 

through a case study in a manufacturing company and section 2.8 presents the conclusions. 

2.3 Literature Review  

Van Horenbeek et al. [11] provide a literature review on maintenance optimization 

models and develop a general classification structure for maintenance selection model. In their 

general framework, they consider some technical criteria such as quality, reliability, cost, and 

inventory as well as the environmental impacts. However, they do not consider the social factors 

which can impact the sustainable MSSP. Mechefske and Wang  [12] develop a multi-objective 

model to evaluate and select the most appropriate maintenance strategy. First, they define goals, 

and then the capability of each strategy for satisfying the given objectives is evaluated with fuzzy 

expressions. However, they do not address any of the environmental concerns in their study. Al-

Najjar and Alsyouf [10] apply a fuzzy MCDM approach to rank the seven most popular 

maintenance strategies regarding their abilities to present the information about 13 failure causes 

such as humidity, radiation, load, speed, etc. Bertolini and Bevilacqua [13] propose an integrated 

Analytic Hierarchy Process (AHP) and Lexicographic Goal Programming approach to select the 

best maintenance strategy in an oil refinery company. They only consider occurrence, severity, 

and detectability as the selection criteria. In another study, a general framework is proposed for 

maintenance optimization problem using analytical network process (ANP) to prioritize and 

form clusters of maintenance criteria [14].  

Wang et al. [15] develop a fuzzy AHP approach for the MSSP. Their structure includes 

only four criteria of cost, safety, feasibility, and added value. Jafari et al. [16] propose a fuzzy 

Delphi approach to use experts’ opinions in simple additive weighting method for the MSSP. 
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They assume four tangible goals of cost, reliability, quality, and inventory level, and two 

intangible objectives of competitiveness and acceptance by labors. Mousavi et al. [17] present a 

two-step approach using FA and TOPSIS method to choose the most appropriate maintenance 

strategy, but they do not consider environmental impacts. Vahdani et al. [18] propose a VIKOR-

based method using interval numbers for MSSP while considering monetary and labor 

acceptance objectives. They did not consider the environmental criteria and the vagueness 

involved in the evaluation process. None of the research papers above considered the 

simultaneous impacts of economic, social, and environmental criteria on MSSP considering the 

uncertainty in evaluation processes.   

2.4 Maintenance Strategies 

Several maintenance strategy categories are proposed in the literature. Five of the most 

common ones are selected here as possible alternatives for the proposed decision-making 

process. It is also assumed that the following five alternatives are at the same management level:  

 Preventive maintenance: This time-based strategy utilizes periodical inspection and 

maintenance over specific time points (age-based or calendar time) regardless of the 

machine condition. Inappropriate inspection interval may expose unnecessary costs to the 

system [10]. 

 Failure-based maintenance (FBM): In this corrective maintenance strategy, no 

maintenance is performed unless a failure occurs. This strategy can be implemented in 

companies with large marginal profits [15].  
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 Reliability-centered maintenance (RCM): The main goal of the RCM strategy is to 

increase machine uptime and maintain the machine reliability level rather than restoring it 

to an ideal situation [1].  

 Condition-based maintenance (CBM): Sensor data such as vibration, lubricant level, and 

ultrasonic sound level is collected and analyzed to determine likelihood of a potential 

failure. This strategy might not be affordable for all companies due to significant 

investment for installing necessary sensors and monitoring technology [1]. 

 Total productive maintenance strategy (TPM): This alternative integrates the concepts of 

maintenance and quality via performing daily inspections by trained operators to 

eliminate major losses in downtimes, setups, and yield in production. Successful 

implementation of this strategy requires a high level of employee involvement [1]. 

In the next section, all the sustainability-based criteria that can impact MSSP are 

described. It is important to note that the proposed sustainability-based framework with the fuzzy 

decision-making methodology is applicable to evaluate any set of maintenance alternatives at the 

same management level and is not limited to the above maintenance strategies. 

2.5 Phase 1: Sustainability and Related Metrics 

Successful implementation of a sustainable development plan entails the incorporation of 

some pre-determined criteria at all operational activity levels. Tables 1, 2, and 3 provide an 

extensive set of criteria for each sustainability pillar using the literature cited in section 2 of this 

chapter and also through discussions with experts in sustainability.  

The first sustainability pillar, business/economic, includes 32 cost and technical related 

sub-criteria which have been mostly considered by other research papers about the MSSP (Table 
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1). These sub-criteria address the concepts of cost, efficiency, quality, and technical aspects of a 

maintenance strategy and are obtained through a comprehensive literature review [10, 12, 13, 

19]. 

Hardware and software costs along with personnel training costs address the 

implementation costs of a specific maintenance strategy. The cost of lost production and return 

on investment are indicators of a maintenance strategy’s economic impact on a production 

system. Spare machine and part availability, as well as repairability may impose constraints on 

the level of inspections for a maintenance strategy. Rendering high-quality products within a 

specified lead time and satisfying customer expectations are some of the key factors for the 

sustainable MSSP, since maintenance strategies impact the availability time and quality of the 

finished products. 

Meantime between failures, equipment tear and wear rate and the severity of failure type 

illustrate the importance of choosing an appropriate maintenance strategy because these factors 

can extensively impact a machine’s degradation status. Once a detailed production schedule 

(criterion 19) is available, decision-makers may plan accordingly for maintenance, considering 

the information about machine availability times. System design is also another factor in the 

sustainable MSSP, because failure of one component may propagate throughout the system due 

to stochastic dependence among components [20].  

Technical feasibility is the very initial condition of the MSSP because not all 

maintenance strategies are appropriate for a given machine. Difficulty in accessing machine 

components may lead to disassembling the machine for repair, and consequently more downtime 

and more production and profit losses. Also, appropriate maintenance strategies can provide the 
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required accuracy and availability level of important resources such as laboratories and machines 

within a company which may flourish creativity in developing new services and products. 

Furthermore, proper maintenance planning may prevent unwanted breakdowns in any of the 

introduction, growth, and maturity phases of the product lifecycle which may result in significant 

losses in market share and profit. 

Expected and current reliability levels of a system are good indicators in determining the 

criticality of choosing the appropriate maintenance strategy. Considering the type of 

manufacturing system during maintenance selection is of great importance as well. Maintenance 

strategies for a job shop may not be efficient in a flow shop or cellular manufacturing system. 

Meanwhile, system flexibility is a factor that can be achieved through an appropriate 

maintenance strategy implementation.  
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Table 1 Business/Economic sustainability sub-criteria 

Pillar Sub-criteria 

Economic 
factors 

1- Hardware cost 17- Mean time to repair 

2- Applied technology complexity 18- Manufacturing system type 

3- Software cost  19- Detailed production scheduling 

4- Mean time between failures 20- System design 

5- Risk level of the system 21- Reparability 

6- Research and development cost  22- Failures type severity 

7- Customer satisfaction 23- Technical feasibility 

8- Product variety 24- Flexibility 

9- Creativity 25- Return on investment 

10- Product development stage 26- Demand urgency 

11- Competitive enhancement  27- Spare machine availability 

12- Current reliability level 28- Spare parts availability 

13- Reliability improvement plans 29- Tear and wear rate 

14- Access difficulty 30- Lead time 

15- Quality of the product/ service 31- Lost production cost 

16- Time efficiency 32- Personnel training cost 

 

The social or ethical pillar of sustainability, addresses the human or societal capital 

concerns affecting the MSSP (Table 2). Successful implementation of any strategy in a company 

needs its stakeholders’ support and participation. It also requires personnel acceptance in order to 

guarantee the goal achievement. Employment sub-criteria address whether current personnel is 

capable of implementing the chosen strategy or new personnel should be hired or trained to 
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execute the strategy. Safety and health standards within the company, as well as governmental 

regulations can impact MSSP. 

Table 2 Social sustainability sub-criteria 

Pillar Sub-criteria 

Social 
factors 

1- Stakeholder participation 6- Development of management and engineering 
expertise 

2- Employment issues 7- Personnel health 

3- Personnel safety   8- Personnel wage 

4- Personnel training  9- Government regulations 

5- Acceptance by personnel 10- Holding related social standards 

 

Environmental-based sub-criteria of sustainability such as toxic emissions, energy 

consumption, resource depletion, and waste production are factors which may impact MSSP 

significantly (Table 3). Companies are willing to modify their policies to minimize these 

negative impacts. There is no doubt that applying an appropriate maintenance strategy will 

reduce emissions and waste production rate, which in turn results in raw material conservation, 

especially because some types of waste are hazardous, unrecyclable, or too expensive to be 

cleaned up. Moreover, implementing an appropriate maintenance strategy will decrease machine 

downtime and consequently decrease the energy consumed by succeeding machines running idle 

and the spike energy for turning the repaired machine on again [8]. 

 

 



19 
 

Table 3 Environmental sustainability sub-criteria 

Pillar Sub-criteria 

Environmental 
factors 

1- Energy consumption 6- Waste cleaning cost 

2- Holding environmental standards 7- Waste type 

3- Environmental planning 8- Toxic emissions to air, soil, 
water 

4- Inside toxic emissions   9- Resource availability 

5- Raw material consumption 10- Environmental 
management systems 

 

In summary, we identified 32 economic/business, 10 social, and 10 environmental sub-

criteria influencing the MSSP. Decision-makers may find the evaluation process of maintenance 

alternatives for so many sub-criteria difficult and confusing and the results may be inaccurate 

and inconsistent. Exploratory factor analysis (FA) is utilized to determine leading factors and 

decrease the total number of 52 sub-criteria to achieve a more effective evaluation process. 

2.5.1 Determining Leading Factors 

Factor analysis (FA) is an efficient covariance-based statistical dimension-reduction 

method that can identify the latent structure affecting variables [21] . The main purpose of FA is 

to reduce the number of integrated variables (sub-criteria) to a smaller number of clusters based 

on the strength of the relations among variables with the least amount of data missing. Figure 1 

depicts the concept of FA. Each variable (sub-criteria) is affected by underlying factors; 

however, a given factor may influence a variable more than other factors. This influence is 

determined by the strength of the correlations [22]. 
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Figure 4 Factor Analysis (p<t) 

The FA process is summarized as follows [21]: 

(1) Data is collected for each variable. 

(2) For a given set of variables, a correlation matrix is calculated.  

(3) If there is significant correlation between variables, a set of factors is extracted.   

(4) A rotation method can be applied to transform the data for ease of interpretation.   

(5) If each sub-criteria shows a significant load on one factor STOP. Otherwise go to Step 2.  

The factors extracted in the third step are based on the variance of the data that can be 

explained by these factors. A rotation method can be applied to obtain an easier and more 

reliable interpretation of factors. In this study, VARIMAX, a common orthogonal rotation 

method, is applied [21]. As a result of rotation, each factor explains fewer criteria. FA is 

performed using SAS software. 

To provide the data for factor analysis (data-collection step), initially 52 variables are 

evaluated by a group of 30 sustainability experts via questionnaires using linguistic terms. These 

linguistic terms, which are transformed into fuzzy numbers (Table 4), address the impact of each 

subcriterion to achieve the objectives of sustainability in each pillar with respect to experts’ 

opinions. Some of the selected factors, such as personnel effect and environmental management 
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systems, are conceptual criteria, and their impact on sustainability is difficult to express with 

crisp numbers. Moreover, uncertainty and vagueness are always involved in decision-making 

processes. These issues are solved by utilizing linguistic variables transformed into fuzzy 

numbers. The sustainability experts’ evaluations are integrated by taking the weighted average of 

the fuzzy numbers to calculate the final score of each sub-criterion.  

Table 4 Fuzzy linguistic terms in assessing the impact of each sub-criterion on each 
sustainability pillar 

Linguistic Term Fuzzy Triangular 
Number Very Low  (0,0,0.1) 

Low (L) (0,0.1,0.3) 
Medium Low 
(ML) 

(0.1,0.3,0.5) 
Medium (M) (0.3,0.5,0.7) 
Medium High 
(MH) 

(0.5,0.7,0.9) 
High (H) (0.7,0.9,1) 
Very High (VH) (0.9,1,1) 

 

The first iteration of FA implementation on economic/business pillar sub-criteria (Zi , i = 

1,.., 32) using experts’ preferences reveals that five sub-criteria did not have considerable weight 

on the extracted factors (small correlation to all factors). These criteria are removed from the list 

of 32 criteria, and FA is again performed on the remaining sub-criteria in SAS software. The 

results after rotation are presented in Table 5. The sub-criteria showing significant load on 

factors are marked with star (*). This significance is determined proportionally in comparison to 

the other load values in the associated factor column and are mainly assumed to be greater than 

45 (almost 50% relevance). 
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Table 5  Economic factor analysis results after rotation 

  Factor 
1 

Factor 
2 

Factor 
3 

Factor 
4 

Factor 
5 

Factor 
6     Z1 -18 4      91 * 4 10 12 

    Z2     -48 * -4 38 13 17 -14 
    Z3 -5 -9      65 * -8 14 8 
    Z4 17 4 12 -4      86 * 9 
    Z5 12 35 41 -9 0    61* 
    Z6 30      76 * 0 -9 2 -32 
    Z8 -13      72 * -13 16 6 -6 
    Z9 26      88 * 5 -8 -8 -4 
    Z10 8      85 * 6 19 2 16 
    Z11 -1      91 * -13 9 6 1 
    Z14      60 * 40 4 -42 -14 5 
    Z15 -23 32 -21      63 * 14 4 
    Z16 33 40 -2 31    69* 5 
    Z17 1 7 10 15      77 * 7 
    Z18 -9 -9 24 28 17      77 * 
    Z20 38 -25 34 -40 14  47 * 
    Z21      67 * 33 25 17 7 25 
    Z22      74 * 2 13 -16 21 2 
    Z23      58 * -11 27 -45 -2 17 
    Z24      67 * 19 -17 -6 -30 23 
    Z26 9 3 34      65 * -17 10 
    Z27      89 * 10 3 18 9 -16 
    Z28      82 * 2 -3 10 4 -22 
    Z29      58 * 20 2 -21 25 -13 
    Z30 2 4 -27      80 * 21 15 
    Z31 30 35      47 * -11 1 -7 
    Z32 33 -5      71 * -14 -1 13 

 

The first factor, “technological feasibilities and reliability,” includes a variety of sub-

criteria, including technology complexity; machine design specifications such as reparability, 

spare parts, and machine availability; wear-and-tear rate of machine components; failure severity 

type; and machine flexibility level. This factor reveals how the technical specifications and 

reliability constraints are important for the MSSP. The second factor, “innovation,” addresses 

five criteria of research and development activity costs, product variety, product development 

stage, creativity, and competitive enhancement actions within the firm. Innovative companies 
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require more accurate maintenance strategies in order to achieve higher levels of competitive 

advantages and flexibility. 

Factor 3, “implementation cost control,” includes hardware and software costs, personnel 

training cost, and lost production cost. This factor investigates the cost-efficiency of a strategy. 

Factor 4, “demand satisfaction,” mainly addresses customer satisfaction-based criteria, such as 

quality of the final product or service and lead time duration in order to satisfy the demand at the 

right time. Maintenance strategies influencing system downtime can greatly impact the lead time.  

The time between failures, the time to repair, and the time efficiency sub-criteria show a 

higher load in factor 5. These metrics are indicators of “time efficiency” of a maintenance 

strategy which can provide some insights about maximum allowable machine downtime due to 

scheduling. The last factor, “systematic compatibility,” refers to system design characteristics, 

manufacturing system type, and risk level. As explained earlier, the MSSP for a flow shop 

system is more critical in comparison to a job shop environment, since any interruption in a 

production line may cause the entire line to stop. Moreover, higher level of dependencies 

between system components increases the overall risk of failure. The allowed risk level of the 

system, indicating the impact of undesirable events on a system is an important factor in MSSP 

as well. 

Applying FA on the data collected via questionnaires on social pillar sub-criteria (Xi; i = 

1,…, 10) results in three underlying factors. Regarding factor loadings after the initial rotation, it 

is observed that variable X2 has nearly equal loads on factors 1 and 2. This subcriterion 

(employment issues) is removed considering the correlation values, and FA is performed again 

over the remaining variables (X1, X3,…, X10). Results are shown in Table 6. 
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Table 6 Secondary social factor analysis results after rotation 

  FACTOR 
1 

FACTOR 
2 

FACTOR 
3 X1 56* -11 16 

X3 9 81* 1 
X4 -19 13 80* 
X5 33 -38 55* 
X6 73* 17 -11 
X7 0 74* 24 
X8 31 27 56* 
X9 84* -4 22 

X10 54* 4 -5 
 

In Table 6, each variable has a meaningful load on one of the three extracted factors. The 

first factor, “stakeholders’ satisfaction,” includes stakeholder participation, development of 

management and engineering expertise, government regulations, and social standards. The 

second factor, “safety,” refers to the ability of the selected strategy to provide required levels of 

safety and minimize the negative health impacts. The third factor includes the remaining criteria 

such as personnel wage and required training for performing a specific type of maintenance 

strategy, and personnel acceptance. These metrics refer to a common concept of “personnel 

competency.” 

Table 7 presents the results of FA implementation after rotation for the environmental 

criteria (Yi; i = 1,…, 10), leading to three underlying factors. Factor 1, “waste emissions control,” 

contains toxic emissions within the manufacturing plant, waste cleaning and recycling costs, 

waste type, and toxic emissions to air, soil, and water. The second factor, indicating 

environmental standards, environmental planning, and management systems, is referred to as 

“environmental management system support.” The third factor, or “resource and energy 

consumption control and conservation,” includes the remaining environmental metrics and 

evaluates the capability of each maintenance strategy in energy and resource conservation. 
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Table 7 Environmental factor analysis results after rotation 

 FACTOR 
1 

FACTOR 
2 

FACTOR 
3 Y1 0 12 72* 

Y2 -2 57* 11 
Y3 17 74* 20 
Y4 53* 14 4 
Y5 -6 8 59* 
Y6 46* -25 15 
Y7 63* -3 4 
Y8 78* -22 -18 
Y9 25 6 53* 
Y10 34 -62* 40 

 

In summary, as the output of the phase 1, the sub-criteria affecting MSSP are decreased 

to12 factors (instead of the originally proposed 52 sub-criteria) as a result of FA. This approach 

provides a simplified decision-making tree (DMT) by decreasing the number of sub-criteria in 

each sustainability pillar, thus resulting in a more consistent and reliable decision-making 

process.  

It is important to note that the composition of leading factors may change if another 

group of sustainability experts is consulted: for a given group of experts the proposed framework 

is generic and applicable to any sustainable selection problem that has alternatives at the same 

management level. 
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Figure 5 Reduced decision-making tree (DMT) 

2.6 Phase 2: Fuzzy VIKOR Evaluation Framework 

The output of the phase 1, the reduced DMT, is an input of phase 2. In this phase, given 

maintenance strategy alternatives and ratings on the sustainability factors by decision-makers, a 

fuzzy VIKOR evaluation framework is utilized to determine the best maintenance strategy. 

2.6.1 Fuzzy Evaluation 

Deterministic decision-making techniques cannot model the inherent uncertainty in 

human judgment accurately. In this case, a fuzzy approach can be utilized as a powerful method 

for modeling decision-making problems when subjective judgments of decision-makers are 

available [23]. 

In the proposed framework, the first step involves DMs specifying the weights of the 

main sub-criteria shown in the second level of the DMT (i.e., extracted factors, see Figure 2) to 

indicate the importance of each factor in satisfying sustainability objectives for the sustainable 

MSSP using the linguistic variables provided in Table 4. Also, the capability of each 

maintenance strategy alternative (level 3 in the DMT in Figure 2) is evaluated for satisfying the 

objectives of each sustainability factor using the linguistic terms shown in Table 8 [17]. These 
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linguistic variables are transformed into fuzzy numbers. The main fuzzy mathematical relations 

used in this research are summarized in Appendix 1. 

Table 8 Linguistic variables for the ratings alternatives 

Linguistic Term Fuzzy Triangular 
Number Very Poor (VP) (0,0,1) 

Poor (P) (0,1,3) 
Medium Poor 
(MP) 

(1,3,5) 
Fair (F) (3,5,7) 
Medium Good 
(MG) 

(5,7,9) 
Good (G) (7,9,1) 
Very Good (VG) (9,1,1) 

2.6.2 Fuzzy VIKOR Method 

Once the weights of criteria and alternatives are determined, a fuzzy VIKOR method is 

utilized to select the best maintenance strategy. The VIKOR method is an efficient decision-

making technique for complex systems with multiple conflicting objectives which provides a 

compromise solution with a ranking index, based on the distance from the ideal solution [24]. 

VIKOR method has some advantages to other common MCDM alternative ranking 

methods such as TOPSIS and the AHP. The VIKOR method uses linear normalization, which 

causes the normalized values to be independent of measurement units whereas the TOPSIS 

method uses the vector normalization method in which the normalized values will be dependent 

on the criteria-measurement units. The most appropriate alternative in the VIKOR approach is 

the one closest to the ideal point; however, in the TOPSIS approach, the best alternative can be 

different than VIKOR’s output since it is based on the ranking indexes [24]. AHP is a systematic 

approach that determines the best alternative by performing pair-wise comparisons among 

alternatives and lacks a strong normative foundation [13].  

The applied fuzzy VIKOR method includes the following steps [25]: 
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Step 1: Generate m feasible alternatives, define k evaluation criteria, and establish a group 

of n decision-makers.   

Step 2: Define linguistic variables and related fuzzy numbers using Tables 4 and 8. 

Linguistic variables are used to assess the importance of the criteria and rate the 

alternatives with respect to various criteria and sub-criteria. 

Step 3:  Integrate decision-makers’ preferences by aggregating the fuzzy weight of criteria 
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  where rij is the rate of alternative i with respect to criterion j.   

Step 4: Construct a normalized (0 < f  <1) fuzzy decision matrix:  

 miandkjfD ij ,...,1,...,2,1]
~

[~
           (3) 
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Step 5: Determine the fuzzy best alternative, jf  , as (1,1,1).  
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Step 6: Calculate iS and iR values for each alternative: 

 1
(1, ) max (1, ) 1,...,

k

i j ij i j ijjj
S w d f R w d f i m



             (5) 

where iS~ , the maximum group utility, is the average score of alternative Ai 

calculated by the sum of the distances from the fuzzy best alternative, and iR~  , the 

individual regret, is the worst group score of alternative Ai , defined to be the 

maximum distance from the best alternative.  

Step 7: Calculate the value of iQ~  based on the considerations of both group utility and 

individual regret, using normalized values of iS~  and iR~  ( iS  and  iR , respectively) 

through the following equation: 

 (1 )i i iQ vS v R              (6) 

where v is the weight of the strategy “maximum group utility”. When  v  > 0.5, the 

compromise solution is obtained with voting by the majority, while v = 0.5 yields 

consensus, and  v < 0.5 gives veto compromise solutions. 

Step 8: Defuzzify the triangular fuzzy numbers of iS  , iR , iQ~ , and sort them in increasing 

order. Defuzzification is performed using centroid approach [26]. 

Step 9: Determine the compromise solution using following conditions:  

 Condition 1 [C1]: Acceptable advantage of alternative JI, the alternative 

with the smallest value of Q in the sorted set (Q[1]), if: 
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                             (7) 

 Condition 2 [C2]: Stability in decision-making: J1 is a stable solution by 

having the same order in the sorted sets of R and/or S. 

If one of the above conditions is not satisfied, then a compromise solution should be 

proposed as follows: 

 Alternatives J1 , J2,…, Jm ,if [C1] is not met, and Jm is specified by Q[m]  -  Q[1]  <  

DQ for the maximum m. 

 Alternatives J1 and J2 , if [C2] is not met. 

In the next section, the framework is illustrated using a case study.  

2.7 Case Study 

This case study presents the application of the proposed approach in a car manufacturing 

company with a sustainable development plan and looking to select the most appropriate 

maintenance strategy for their system.  

Phase 1 provides a reduced decision-making tree. As the first step of phase 2, feasible 

maintenance strategy alternatives are presented to three managers (n = 3) in the company. 

Preventive (A1), failure-based (A2), reliability-based (A3), condition-based (A4), and total 

productive (A5) maintenance strategies are five alternatives (m = 5), that are evaluated using the 

12 sustainability factors shown in the second level of the DMT in Figure 2. Chief executive 
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manager (D1), maintenance manager (D2), and production manager (D3) are three individuals 

whose specialty judgments are equally weighted in this decision-making process. 

The managers are asked to weight the sustainability factors using the linguistic variables 

provided in Table 4. Results are shown in Table 9. These weights show the importance of each 

factor in level 2 for achieving sustainability objectives of the company with respect to decision-

makers’ working experience. The weights of social, economic, and environmental pillars (Level 

1 of the DMT in Figure 2) are assumed to be equal and very high (VH), since they are the 

foundations of a successful sustainable development plan. Analyzing the responses, one can 

observe that the managers have different insights. For example, the chief executive manager is 

mainly focused on profit, while the production manager is primarily concerned about time, 

quality, and lost production cost factors. The maintenance manager’s decisions address reliability 

and implementation barriers. 

In the next step, the decision-makers are asked to rate the alternatives (level three of the 

DMT in Figure 2) for the second-level factors using the linguistic variables presented in Table 8. 

Results are shown in Table 10, where S1 to S3 refer to the three social criteria of stakeholder’s 

support, safety, and personnel competency, respectively. Also, E1 to E3 address waste emission 

control, environmental management system support, and resource and energy consumption 

control criteria in the environmental pillar. B1 to B6 include the business/economic pillar’s 

factors shown in Figure 2. The ratings in Table 10 present the capability of each maintenance 

strategy, with respect to managers’ perspectives, to help the company satisfy sustainability sub-

criteria objectives (Steps 1 and 2). 
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Step 3: Managers are then asked to repeat weighting the criteria and rating the 

alternatives three times in order to check the consistency of their ideas. Inconsistency could have 

been observed if they gave different weights to the same criterion on different occasions. In the 

case of any inconsistency, we would have had another interview questioning the reason for this 

change and asking the managers to repeat the weighting and rating procedure. At the final stage, 

managers’ preferences are transformed into fuzzy triangular numbers and then integrated using 

equation (1). Here, no inconsistency was observed. 

Table 9 Criteria weighting by decision-makers 

 S1 S2 S3 E1 E2 E3 B1 B2 B3 B4 B5 B6 
DM1 VH MH ML H VH MH VH MH VH M H ML 
DM2 M VH VH VH MH M VH H MH VH MH H 
DM3 ML VH M H ML VH VH MH H VH VH MH 

 

Table 10 Alternative ratings by decision-makers on sustainability sub-criteria 

  S1 S2 S3 E1 E2 E3 B1 B2 B3 B4 B5 B6 

DM1 

A1 MG VG G VG VG VP G VG P VG MP MG 
A2 G MP F VP MP G G P G F G F 
A3 MP G MG VP VP G G VG G F G MG 
A4 F VG MG VG MP MP G G VG F P G 
A5 VG F G F MP F F VG P VG F MG 

DM2 

A1 MP G G VG VG VP G MP MP G VP MP 
A2 P VP F VP VP VP VP VP VP P MP P 
A3 MP P G MP MP F G G F MP F VP 
A4 G VG G VG VG MG F VG P G VG G 
A5 G G F G G F G G P VG MP G 

DM3 

A1 F G G G G P G P MP F VP F 
A2 G P G VP VP VP F P MP VP F F 
A3 G MP G P P F G F G MP F MP 
A4 MP F G VG VG G G VG MP VG VG F 
A5 VG G G VG F G G F MP G MP F 

 

Step 4: A normalized fuzzy decision matrix is constructed using the linear transformation 

equation (7). 
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Step 5: Fuzzy best alternative is determined as (1, 1, 1). 

Step 6: The values of iS~ , iR~ are calculated for each alternative, given v = 0.5. 

Step 7: iQ~ is calculated using normalized values of iS~ ( iS  ) and iR~  ( iR ) (Table 11). 

Step 8: Triangular fuzzy number iS  , iR , iQ~  are defuzzified and sorted increasingly based 

on the values of defuzzified numbers (Table 12). 

Step 9: For determining the compromise solution: 

[2] [1]

1 1 0.25
1 4

0.22 0.25

DQ
m

Q Q

  


    

It can be seen that condition [C1], acceptable advantage of alternative JI , is not satisfied. 

However, alternative A4 is stable because it has the same ratings in the sorted sets of R’ and S’ 

(condition 2 is held). Since one of the conditions is not held, a compromise solution set of A4 

(condition-based maintenance strategy) and A5 (total productive maintenance strategy) is 

proposed for the given v = 0.5. The compromise solution set includes the ranked solutions, 

having the first alternative as the first option to implement. 

Table 11 S’, R’, and Q values for each alternative 

 S’ R’ Q 
A1 0.48 0.61 0.71 0.70 0.87 0.97 0.59 0.74 0.84 
A2 0.69 0.88 1.00 0.62 0.82 0.99 0.66 0.85 1.00 
A3 0.54 0.68 0.78 0.77 0.93 1.00 0.65 0.81 0.89 
A4 0.29 0.37 0.42 0.41 0.51 0.56 0.35 0.44 0.49 
A5 0.40 0.50 0.57 0.66 0.82 0.91 0.53 0.66 0.74 
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Table 12 Defuzzified values of S’, R’, and Q 

 S’ Ranking 
index 

R’ Ranking 
index 

Q Ranking 
index A1 0.60 3 0.85 4 0.72 3 

A2 0.86 5 0.81 3 0.83 5 
A3 0.67 4 0.90 5 0.78 4 
A4 0.36 1 0.49 1 0.43 1 
A5 0.49 2 0.80 2 0.65 2 

 

The weight of the strategy “maximum group utility,” v, is an important factor in 

determining the compromise solution in the VIKOR method. Table 13 provides some 

information about the impact of v variations on the compromise solutions. By decreasing the 

value of v as the weight of the average score, which entails assigning higher weight to individual 

regret score, the condition-based strategy will be the only selected maintenance alternative for 

this company. However, increasing this value to one, showing the average distance of the 

alternatives from the ideal for all criteria, the solution set is expanded and includes condition-

based, reliability-based, and preventive maintenance strategies. 

Table 13 Analysis of v changes on alternative ranking 

v Compromise 
solution 0 A4 

0.25 A4 
0.5 A4, A5 
0.75 A4, A5 

1 A4, A5,A1 
 

This process relies heavily on managers’ opinions. Considering different weights for the 

managers, factors, and sub-criteria may significantly impact the results. The weights of factors 

are defined with respect to the expectations and conditions of the company. In this section the 

most important scenarios for the above case study are presented.  Analysis shows that for v = 0.5,  

when only the social factor is considered in the decision-making process, the A5, A4, and A1 
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strategies are obtained as the compromise solution set: the total productive maintenance is the 

most confirmative strategy to social criteria. If only social and environmental criteria are 

considered as the decision-making criteria, the compromise solution set remains as before (A4, 

A5), which indicates the importance of the other criteria rather than the economic ones, which 

have been mostly ignored in previous research studies for the MSSP. Ignoring the impact of 

social and economic factors (considering only environmental pillar) yields the same results 

showing the impact of the environmental factors in MSSP. Considering only the economic 

criteria, the model gives (A3, A4) as the compromise solution set. Alternative A3 (reliability-

based) was not selected in any of the previous scenarios. It shows that including only the 

economic criteria may not be adequate for selecting a sustainability-based maintenance strategy. 

One can argue that the reliability-based strategy is mostly concerned about machine uptime and 

failure likelihood and is less sensitive to environmental and social issues, based on managers’ 

opinions.  

Companies are more sensitive to sustainability, especially to the environmental pillar, in 

the current competitive market. Although reducing environmental impact may increase the cost 

of operations, companies are investing towards a sustainable future, and enforcing this standard 

throughout their supply chains. 

2.8 Conclusion 

Instead of considering a large number of sub-criteria in a sustainability-based 

maintenance selection problem, the first phase of this chapter determines the leading factors in 

each sustainability pillar. In the second phase of this research a fuzzy VIKOR method is utilized 

to rate the maintenance strategy alternatives using sustainability factors. To our best knowledge, 
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the previous studies did not consider the simultaneous analysis of the social, environmental, and 

economic factors in MSSP. Because, VIKOR method provides a compromise ordered solution 

set, a company can incorporate the benefits of the selected strategies to be more efficient. The 

provided case study also approves the criticality of the social and environmental criteria for 

MSSP, which are mostly disregarded in the previous research papers.  

For more analysis, this decision-making process may be repeated considering all the 52 

criteria and compare the results with the outputs of the current study to investigate the amount of 

data loss through factor analysis. Also, the analytical network process method [14] can be 

applied to the sustainability criteria and the results of ANP can be compared with the proposed 

framework. 

Appendix 1: Fuzzy Numbers Theory  

Basic Definition: A triangular fuzzy number (TFN) can be defined as a triplet 

),,(~
321 aaaA  of crisp numbers ( 321 aaa  ) and membership function of )(~ xAf  for the fuzzy 

number A~  such that: 

 

Figure 6 Membership function of triangular fuzzy number 

Suppose that A~  and B~  are two TFNs shown as ),,( 321 aaa  and ),,( 321 bbb , respectively. 

The operational rules of these two TFNs are as follows [27]:  
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The distance between two TFNs A and B is calculated as [28]: 

2 2 2
1 1 2 2 3 3

1( , ) [( ) ( ) ( ) ]
3

d A B a b a b a b     
 

The fuzzy maximum of A and B is calculated using [27]: 

1 1 2 2 3 3max( , ) (v) ( v b , v b , v b )c A B A B a a a    
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CHAPTER 3 

INTEGRATED MAINTENANCE AND PRODUCTION PLANNING WITH 

ENERGY CONSUMPTION  

3.1 Abstract  

In production planning problems, it is assumed that machines are always available. 

However, in some time intervals the machines may not be available due to scheduled 

maintenance or unexpected repair actions. Machine/equipment degradation may result in a 

production shutdown or non-conforming products, and consequently loss of profit and market 

share. Moreover, this may increase processing times and result in greater energy consumption to 

satisfy a given amount of demand. Examples of such degradation can be seen in drill bits and 

aging motors. Maintenance, replacement, and repair of these components may return them to 

normal conditions, thus improving the time and amount of energy consumed. In this chapter, we 

propose two mathematical models for a joint production and preventive maintenance planning 

problem in a multi-product, multi-period, single-machine manufacturing environment with 

minimal repair and energy costs in order to minimize the overall cost of the system. In the first 

model, we study the impact of an “as-good-as-new” (AGAN) maintenance strategy on a 

production system, and in the second model, the incomplete maintenance strategy is investigated. 

Experimental analysis is provided to investigate the validity of the proposed models. 

Keywords: production planning, maintenance planning, energy consumption, minimal 

repair 
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3.2 Introduction 

Preventive maintenance (PM) is crucial for manufacturing companies, plays a key role in 

determining the overall cost affecting the manufacturing equipment and is of the greatest sources 

of investment within the company. Maintenance decreases machine degradation rate and 

unscheduled unavailability due to unrevealed failures. Machine/equipment degradation may 

result in production break or lower product quality, and consequently loss of profit and market 

share. On the other hand, production planning decisions are affected by maintenance decisions 

extensively since maintenance determines machine downtime, product quality, and/or processing 

time. Medium-term production planning addresses the lot-sizing problem to minimize overall 

system cost while satisfying demand, and it may influence maintenance decisions [1].   

Modeling production planning systems with machine unavailability intervals has gained 

more attention since the 1990s [2]. If a machine is not working under standard conditions due to 

degradation, two decisions might be made: stop the manufacturing to perform preventive 

maintenance (PM), or wait until the machine fails and then repair it. These rate-modifying 

activities (maintenance and repair) influence the machine differently and vary cost wise [3]. As 

the number of failures increases due to lack of an appropriate preventive maintenance plan, 

future repairs may become more time-consuming and costly [4].  

Although production and maintenance decisions are highly interrelated, they are usually 

planned independently in manufacturing companies [5]. Most of ERP modules include includes 

separate maintenance and production modules [6]. Inappropriate coordination of maintenance 

and production decisions may result in unsatisfied demand because inappropriate or unplanned 

maintenance will reduce machine availability for production. Integrated production-maintenance 

planning helps manufacturing companies regulate their production and satisfy the demand more 
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efficiently. Most current studies assume that the maintenance period is fixed, and production is 

scheduled with respect to a given maintenance interval as the constraint [7]. These types of 

studies address the conflict by favoring maintenance.  

When a machine degrades, its energy consumption increases over time [8]. It is assumed 

that power consumption does not increase; however, total energy consumption increases since 

when the machine degrades, the time required to perform a task also increases because the 

machine is working under substandard conditions. Therefore, the amount of energy consumption, 

defined as the product of processing power and time, needed to produce the same amount of 

throughput increases as the duration is prolonged. For example, degradation of cutting tools used 

by milling, drilling, and boring machines prolongs the processing duration. As a result, 

simultaneous planning of maintenance and production can have significant impact on machine 

performance. The ever-increasing attention towards energy-resource scarcity and sustainability 

makes energy consumption minimization an important criterion in planning decisions [8]. Based 

on a report provided by U.S. Energy Information, total world energy consumption will increase 

by 53 percent, from 504 quadrillion BTU in 2008 to 770 quadrillion BTU in 2035, in which the 

respective share of industrial energy consumption growth will increase from 191 quadrillion 

BTU to 288 quadrillion BTU (37 percent of total energy consumption) [9]. At the same time, 

energy unit prices have increased over the years, imposing extra cost to industrial firms. 

Manufacturing companies spend considerable effort minimizing their utility bills with the help of 

the Industrial Assessment Center (IAC) programs sponsored by the Department of Energy 

(DOE) [10]. Therefore, investigating a comprehensive framework to address production and 

preventive maintenance planning with respect to energy consumption seems a necessity.  
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In this chapter, we present a joint maintenance- production planning problem for a multi-

item capacitated lot-sizing problem to hedge against demand loss, unscheduled machine 

downtime, and replanning of activities in an energy-efficient manufacturing company. The main 

contribution of this chapter is to investigate the impact of maintenance decisions at a tactical 

(medium-term) level on production and total energy consumption. For this purpose two mixed-

integer nonlinear mathematical models are developed to show the maintenance-production 

interaction in a single-machine energy-efficient manufacturing system with perfect (as good as 

new) and imperfect maintenance and minimal repair. The goal of these models is to minimize the 

overall cost of the system while satisfying demand, time, and reliability constraints. 

The capacitated lot-sizing problem is a NP-Hard problem, and incorporating the concept 

of maintenance planning increases the inherent complexity [11]. The integrated production-

maintenance planning is a recent problem and is getting more attention in today’s competitive 

environment. This interaction is of more importance during periods of large production demand: 

production managers are not willing to stop the manufacturing process to take maintenance 

action; on the other hand, repair managers are not interested in postponing maintenance and 

increasing the risk of machine failure. 

This organization of this chapter is as follows: In section 3.3, a literature review of the 

problem is provided. In section 3.4, the problem is defined, and notations and assumptions are 

stated. Two mathematical formulations of the integrated model are also presented. Section 3.5 

provides the computational results using a case study, and some concluding remarks are 

discussed in section 3.6. 
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3.3 Literature Review 

 Several research papers have addressed the joint maintenance-production scheduling 

problem using different approaches at operational level. Berrichi et al. [5] present a bi-objective 

model to determine the best job-machine assignment and maintenance schedule, and minimize 

makespan and system unavailability for a parallel system. They utilize a genetic algorithm for 

solving the model, assume that the machine will be as good as new after each preventive 

maintenance action, and unavailability is an increasing function in the interval between 

maintenance actions. Das et al. [7] develop a mathematical model based on reliability and cost to 

define an optimum maintenance plan in a cellular manufacturing system with multiple products. 

They propose two individual cost-based and reliability-based approaches as well as a combined 

cost-reliability bi-objective model to determine the optimum maintenance interval. Cassady and 

Kutanoglu [12] study a single-objective model to minimize total weighted tardiness considering 

preventive actions. In their model, the completion time of a job includes job processing times, 

repair time, and preventive maintenance durations. The integration of scheduling and 

maintenance decisions leads to some savings in total tardiness and total completion time [13]. 

Yang and Yang [14] minimize total completion time with respect to maintenance decisions, 

defining processing time as a function of job position and time. They also consider the 

maintenance duration as a linear function of machine running time.  

The integration of production and maintenance planning is also investigated in a few 

studies, where the time is discrete and divided into several time horizons. Aghezzaf et al.  [15] 

present a total cost minimization model for an integrated periodic maintenance and production 

problem with minimal repair and interval-based maintenance actions. In their model, it is 

assumed each repair and maintenance consumes some portion of system availability.  
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In the integration of maintenance actions into tactical level production planning, two 

approaches may be analyzed: run-based and interval-based (periodic) [16]. In run-based 

preventive maintenance, decisions are made with respect to accumulative production run times, 

while in the interval-based approach, maintenance actions are based on time intervals. The run-

based approach is more profitable since it considers the time the machine has been actually 

working [16] . 

Ashayeri et al. [17] develop an integrated maintenance and production planning model 

for a multi-product multi-line manufacturing environment with backorder, setup, inventory, 

corrective and preventive maintenance costs, ignoring production costs. Pistikopoulos et al. [18] 

present a profit-maximization model, including production, design, and maintenance-planning 

concepts with minimal repair and as-good-as-new maintenance assumptions in a multi-period 

production planning for a multi-purpose process plant, assuming failure rate as a function of the 

preventive maintenance schedule. 

Zied et al. [19] propose a single-product joint production- maintenance planning model 

with minimal repair to minimize production, maintenance, and holding costs, and determine 

optimal production length and number of preventive maintenance actions with random demand. 

They define failure rate as a function of production rate accumulating over periods. Ayed et al. 

[20] study the joint maintenance and production problem to satisfy random demand over each 

period considering the possibility of subcontracting when demand exceeds production capacity 

and minimizing the overall cost of production and maintenance. Similar to Zied et al. [19], it is 

assumed that failure is a function of time and production rate and that it can be more economical 

to produce at  lower rate, in order to reduce machine degradation, and subcontract some portion 

of the demand. Najid et al. [6] present an integrated production-maintenance planning model 
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with time windows and shortage costs to minimize the overall expenses, where preventive 

maintenance actions occur during a time interval. They assume minimal repair and AGAN 

preventive maintenance actions, such that each action consumes different capacities of the 

system. Integrated capacitated lot sizing and the run-based preventive maintenance problem are 

investigated by Lu et al. [1] to minimize production, inventory, and holding costs while 

considering system capacity and reliability constraints for a multi-product production setting. 

Their study is similar to our first model (model); however, they have ignored stochastic failures 

during the production and define the production amount of products and maintenance decisions 

in each period. They did not consider the characteristics of the non-homogenous Poisson process 

(NHPP). In another investigation by Dehayem et al. [4], a joint production-maintenance problem 

is studied for a single-product manufacturing company, where repair time and cost are functions 

of the number of failures. In their model, they determine the production rate, and repair and 

maintenance schedules to minimize the overall cost using the semi-Markov decision process.    

In another study on integrated maintenance – production scheduling problem [21], the 

maximum weighted tardiness is minimized for a single-machine manufacturing setting where 

maintenance time is variable as a result of machine degradation. Sánchez and Goti [22] 

investigate the preventive maintenance scheduling problem in a production system where 

maintenance is impacting the production speed and quality. They show that production speed and 

output quality decrease as a machine ages. They present a cost-profit multi-objective model to 

minimize the total costs of direct maintenance, quality, and production speed loss, and maximize 

the overall profit for a multi-component production system. They did not consider energy costs 

in their model. 
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To our best knowledge, in all previous studies, the impact of machine degradation on 

product processing time is ignored and energy cost is not incorporated in the models, or it is 

considered a fixed unit cost. Among these studies, only Yan and Hua [23] analyze the impact of 

preventive maintenance planning on energy savings, showing that energy consumption increases 

dramatically when reliability decreases. However, they did not study the impact of production 

planning decisions. In the next section, the problem, assumptions and notations are defined and 

the mathematical models are developed. 

3.4 Problem Statement 

Model parameters 

fjt: Unit production cost of product j in 
period t 

uj:  Processing time of product j in period 
one 

sjt:  Unit setup cost of product j in period t cr: Repair cost 
hjt: Unit holding cost of product j in period t cp:  PM cost 
et: Unit energy cost in period t β:  Shape parameter 
pp: Processing power η:  Scale parameter  
ct:  Production capacity in period t α:  Age factor due to PM 
Rtrs(t): Machine reliability threshold in period t r:  Repair duration 
m:  Maintenance duration wt:  Production capacity in period t 
θ:  Increase percentage of processing times 

if no PM occurs in a period 
π:  Increase percentage of processing times 

due to degradation (π < θ) 
  

Decision variables 

xjt: Production volume of product j in period t zjt:  zjt: Setup indicator in period t, binary variable  
Ijt:  Inventory volume of product j in period t aet:  aet: Machine age at the end of period t 
ljt: Processing time of product j in period t abt:  abt: Machine age at the beginning of period t 
yt: Preventive maintenance indicator in 

period t, binary variable  

 

In this chapter, two mathematical models are presented to address a multi-period multi-

item integrated production and preventive maintenance planning in an energy-efficient single-

machine manufacturing facility. This machine is assumed to be new, maintainable, and 
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repairable, with an increasing rate of occurrence of failure (ROCOF), ρ(t), such that t is 

following the run-based approach indicating the actual time the machine is running for 

production purposes. Some preventive and corrective (repair) maintenance will be performed on 

the machine to satisfy the reliability and availability requirements of the system. 

The aim of the preventive maintenance (PM) actions is to minimize the unscheduled 

machine downtime by preventing failures before they actually occur. Here, we consider two 

types of PM actions occurring at the end of a period: in the first model (model I), the PM strategy 

is an as-good-as-new (AGAN) strategy, i.e., maintenance reduces the machine age to zero. In the 

second model (model II), PM improves (reduces) the effective age of the machine but not to 

AGAN situation. In the proposed models, it is assumed that corrective maintenance (repair) is 

performed upon the machine failure and is usually more costly and time consuming in 

comparison to preventive maintenance. Repair can be a renewal or minimal process, but in both 

models, we consider only the minimal repair case. Here, repair leaves the system in the same 

state (age) as it was prior to the failure [24]. As a result, we have a Non-Homogeneous Poisson 

Process (NHPP) because the time intervals between failures are not independent identically 

distributed variables. We define the ROCOF, ρ(t), as the rate of change of the expected number 

of failures, N(t), by [24-26]:  

 ( ( ))( ) dE N tt
dt

   (1) 

A very common form of the ROCOF, power law process, is used here to model the 

machine failure:  

 1( )t t     (2) 
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where η and β are the scale and shape parameters of the system, respectively, and β > 1, to 

illustrate the wear-out process with an increasing failure rate. Note that when β = 1, the model is 

reduced to a homogenous Poisson process (HPP). Following NHPP, the expected number of 

failures in each period is given by 

 1( ) ( ( )) ( ) {( ) ( ) } ; 1,...,
t t

t t

ae ae

t t
ab ab

m t E N t t dt t dt ae ab t T             (3) 

Under NHPP assumptions, the reliability of the machine during each period t, R(t), (i.e., 

the probability of no failure over a given period) is defined as 

 
( )

{( ) ( ) }( ) ; 1,...,

aet

abt t t

t dt
ae abR t e e t T

 






 


     (4) 

Several assumptions are made to develop the mathematical models: (a) preventive 

maintenance is performed at the end of a period; (b) during preventive maintenance, the machine 

is turned off completely, and no energy is consumed; (c) in case of any failure during a job, 

processing will resume after the repair with no extra processing time added; d) the machine is 

turned off if there is no job to process in each period, i.e., the age of the machine depends on 

total production; and e) failures are detected instantly and repaired.  

3.4.1 MODEL I- Integrated Production and AGAN Maintenance Planning with Minimal 

Repair 

Based on the above assumptions, the first mathematical model, a mixed-integer nonlinear 

problem (MINLP), is developed to minimize the overall cost of the system with an AGAN 

maintenance strategy in a multi-period, multi-product manufacturing environment. Components 

of the model are introduced below: 
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Objective: The objective function, aiming at minimizing the overall costs of the system, 

is given by 

 
1 1 1

Total cost ( ) ( )
n T T

jt jt jt t jt jt jt jt p t r t t
j t t

Min x f ppl e s z h I c y c ae ab 
  

         (5) 

The first four terms address total production, energy, setup, and holding costs, 

respectively. The energy consumption cost is calculated based on the processing time of the 

products in each period. The fifth and sixth terms illustrate the preventive maintenance and 

repair costs in each period.  

Processing time of each product in each period: Equation (6) calculates the processing 

time of each product in each period. Product processing times in the first period are known (lj1 = 

uj). If PM is not performed at the end of the previous period (yt-1 = 0), then the time to process a 

part increases by a constant percentage (θ), and total energy consumption and associated cost 

increase accordingly. However, if PM is performed, the age of the machine decreases to zero 

(AGAN strategy), and the processing times are the same as that of the first period. 

 1 1 1(1 )(1 ) 2,..., , 1,..., ,jt j t t jtl u y y l t T j n           (6) 

Inventory balance constraint: Equation (7) presents the inventory balance per period for 

each product, such that there is no inventory at the beginning of the first period (Ij0 = 0): 

 , 1 1,..., , 1,...,jt j t jt jtx I I d t T j n        (7) 

Production capacity constraint: Equation (8) determines that maximum production limit 

of each product in each period, which should not be greater than an allowed production capacity: 

 1,..., , 1,...,jt t jtx w z t T j n      (8) 
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Machine age constraint: Equations (9) and (10) calculate the age of the machine in each 

period with respect to PM actions recursively, given that the age of the machine is zero at the 

beginning of the first period (ab1 = 0): 

 1 1(1 ) 2,...,t t tab ae y t T      (9) 

 
1

1,...,
n

t t jt jt
j

ae ab x l t T


     (10) 

Constraint (9) shows that the age of the machine at the beginning of a period is equal to 

the age of the machine at the end of the previous period, if no maintenance is performed. 

Whenever PM occurs, the age of the machine decreases to zero at the beginning of the next 

period (AGAN). The age of the machine at the end of each period is calculated with equation 

(10). The age of the machine at the end of the period is the simple summation of the age at the 

beginning of the period and total processing time during that period. 

Reliability constraint: Equation (11) assures that the reliability of the machine will not 

drop below a given reliability threshold in each period: 

 ( )
( ) 1,...,t tae ab

tres te R t T
  

    (11) 

 Time capacity constraint: Equation (12) presents the time constraint in each period, such 

that the total production, maintenance, and repair times cannot be greater than the total time 

available in a period: 

 
1

{( ) ( ) } 1,...,
n

jt jt t t t t
j

x l my r ae ab C t T 


       (12) 
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Two approaches are utilized to determine the maximum available time during each period 

(Ct). One approach is the actual length of the availability period, which can be defined by the 

manager or the machine’s mechanical specifications. The second approach is derived from the 

reliability constraint (equation 11), such that if aet – abt  = H, we have 

  ln( )H tres
tres

Re R H



 
    (13) 

Therefore, Ct =Min ( ln( )tresR


 , Time allowance by machine mechanical specifications).  

The final mathematical model is summarized as: 

1 1 1
Total cost ( ) ( )

n T T

jt jt jt t jt jt jt jt p t r t t
j t t

Min x f ppl e s z h I c y c ae ab 
  

                     (14) 

Subject to: 

1j jl u                  (15) 

1 1 1(1 )(1 ) 2,..., , 1,...,jt j t t jtl u y y l t T j n                   (16) 

0 0jI                  (17) 

, 1 1,..., , 1,...,jt j t jt jtx I I d t T j n                 (18) 

1,..., , 1,...,jt t jtx w z t T j n               (19) 

1 0ab                     (20) 

1 1(1 ) 2,...,t t tab ae y t T                  (21) 

1
1,...,

n

t t jt jt
j

ae ab x l t T


              (22)  
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1
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                (24) 

      , {0,1} ; , , 0jt t jt jt jtz y x I l   
 

The proposed model includes T(3n + 4 ) – n constraint, and T(4n + 3) – 2n variables, 

among which T(n + 1) variables are integer.  

3.4.2 MODEL II - Integrated Production and Incomplete Maintenance Planning 

with Minimal Repair 

Model II considers the incomplete maintenance where PM improves the age of the 

machine but not to an AGAN status. The equations in this model are similar to those in the 

previous model, but equations (6) and (9) are modified to reflect the impact of the incomplete 

maintenance strategy. In this scenario, if there is PM at the end of the previous period, then the 

age of the machine at the beginning of the next period is reduced by a constant percentage called 

the improvement factor (IF). We define α = 1 – IF, such that 

 1 1 1(1 ) 2,...,t t t tab ae y y t T         (25) 

When α = 0 (IF = 1), the equation is reduced to AGAN maintenance strategy, and when α 

= 1, maintenance keeps the machine as bad as old, i.e., maintenance has no effect on the age of 

the machine. 

If PM is performed at the end of a period, then the processing times in the next period 

increase by α percent in comparison to the first period, because the maintenance is not an AGAN 

strategy. If there is no maintenance, then the processing times in the subsequent period increase 

by π percent such that π > α. Therefore, the processing times for t = 2,…,T is given by 
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 1 1 1(1 ) (1 )(1 ) 2,..., , 1,...,jt t j t jtl y u y l t T j n             (26) 

3.5 Computational Results 

In order to illustrate the validity of the proposed model, we study a single-machine 

production system that is producing three types of products. Demand forecast information is 

available for six months (mid-term decision), using the rollover forecast for the next six periods 

of the year. In this system, we assume the machine with η = 0.0001 and β = 1.1 as the scale and 

shape parameters, respectively; cp = $ 300 and cr = $2,000 as the maintenance and repair costs, 

respectively; m = 2 hours and r = 8 hours as the maintenance and repair time durations, 

respectively. We also set the reliability threshold of R = 0.9 per period, with processing times of 

0.5, 1.5, and 1 hour per product, and θ = 0.2 as an increase percentage in processing times when 

there is no maintenance performed. The other input parameters such as setup cost, unit 

production cost, holding cost, and demand of each product, as well as energy price and total 

available capacity in each period are presented in Table 1.  

Table 14 Experimental analysis data  

Period 1 2 3 4 5 6 
s1 ($) 100 100 100 110 100 100 
s2 ($) 80 80 80 80 80 70 
s3 ($) 70 70 70 70 70 60 
f1 ($) 20 20 20 20 20 20 
f2 ($) 15 15 15 15 15 15 
f3 ($) 10 10 7 10 7 7 
h1 ($) 2 2 2 2 2 2 
h2 ($) 1 1 1 1 1 1 
h3 ($) 1 1 1 1 1 1 

d1 (unit) 40 90 90 80 90 100 
d2 (unit) 30 30 20 20 40 20 
d3 (unit) 80 60 60 70 70 50 

e ($) 2 2 1 1 1 2 
c (hr) 421 421 421 421 421 421 
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Using the global solver of LINGO software, the model provides the total cost of 

$21,263.32 with maintenance and production schedules as presented in Table 2. 

Table 15 Model I experimental results 

Period 1 2 3 4 5 6 
yt 0 1 0 1 0 0 
x1t 40 90 90 80 190 0 
x2t 60 0 40 0 60 0 
x3t 140 0 130 0 120 0 

 

One of the distinguishing features of this model is to consider the impact of variable 

energy prices over different periods on maintenance and production decisions. Energy prices 

may change due to various reasons such as policy changes, demand load variation, climate 

(seasonal) changes, and consumption time (day/night) [27]. Table 3 presents the production and 

maintenance decisions when energy cost is ignored in the model.  

Table 16 Model I experimental results with no electricity cost 

Period 1 2 3 4 5 6 
yt 0 0 0 0 0 0 

Product 1 (x1t) 40 90 90 80 90 100 
Product 2 (x2t) 80 0 0 80 0 0 
Product 3 (x3t) 140 0 130 0 120 0 

 

Ignoring the impact of the energy cost influences the production amount in some periods 

and reduces the number of required maintenance actions. Consequently, total cost of the system 

decreases to $17,205.66. In practice, sometimes the machine is in good standing and the products 

are of acceptable quality, however, the time required to process the product increases or machine 

energy consumption rate rises due to machine degradation. This leads to energy wastage because 

the machine must work for a longer duration to satisfy a given amount of demand. Considering 
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the impact of energy consumption in a joint production-maintenance problem necessitates 

incorporating more maintenance actions, which influences the production planning decisions 

accordingly. As a result, one can claim that studying the energy-consumption profile of the 

machine may influence the hidden need of maintenance in manufacturing systems. 

The results provided in Tables 2 and 3 are obtained using the global solver of LINGO 

software. When the number of products and periods increases, obtaining the global optimum will 

be more time consuming. As a result, several test problems ranging from 3–10 products, with 3–

6 periods are solved with various parameter values to test the optimality gap obtained by global 

and local solvers, indicating that the local optimum is given in considerably less amount of time. 

In all cases, it is observed that the differences range between 0–1% in the objective function 

values. This variation in the overall cost of the system may justify the time efficiency of 

nonlinear solvers (in lieu of global solver) for larger problems that give the local optimum. The 

tradeoff between time and quality of the answer depends on criticality of the budget and 

managerial decisions in the manufacturing company. In this integrated problem which 

incorporates a long term (maintenance) [28] and a mid-term (production) decision, the number of 

products and periods are not extremely large in most manufacturing companies. As a result the 

proposed solution approach is capable of delivering optimal operational decisions in a time-

efficient manner for real-case scenarios. Table 4 provides a comparison between the global and 

local optimum values versus time for some numerical examples. The stopping criterion for the 

global solver is assumed to be eight hours. 
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Table 17 Local vs. Global optimum 

  Global Local   

  Time 
(second) 

Objective 
Function ($)  

Time 
(second) 

Objective 
Function ($)  Gap 

3-Period/ 3-product 0 7329.13 0 7336.18 0.10% 
4-Period/ 3-product 5 14085.12 0 14085.12 0.00% 
5-Period/ 3-product 0 18009.47 0 18009.47 0.00% 
6-Period/ 3-product 11 21263.32 0 21377.22 0.54% 
6-Period/ 3-product 
(no electricity) 1190 17205.66 0 17272.20 0.39% 

7-Period/ 3-product 2 61502.70 0 61502.7 0.00% 
12-Period/ 3-product 37 102736.80 0 102773.40 0.04% 
12-Period/ 6-product 37 138556.5 0 138556.5 0.00% 

 

When the repair cost of the machine decreases, the overall cost of the system and 

required number of maintenance actions decrease accordingly. Three examples of this scenario 

are provided in Table 5. 

Table 18 Model I Repair Cost Variation 

Repair Cost ($) Total Cost ($) y1 y2 y3 y4 y5 y6 
2,000 21,263.32 0 1 0 1 0 0 

500 21,064.27 0 1 0 0 0 0 
100 20,990.29 0 1 0 0 0 0 

 

Analyzing the impact of variations of reliability parameters (shape parameter and 

characteristic life) shows that increasing the value of parameter β, the shape parameter, increases 

the value of the ROCOF, thus leading to an increase in the objective function value. For 

example, in the above case study, increasing the value of β by 25% raises the overall cost of the 

system by 11%. However, the proposed model is more resistant to variations of the η parameter 
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(characteristic life), such that increasing η by 10 times, the total cost increases by less than 1% 

(0.82%) for a given set of data. 

Model I assumes that if there is no maintenance in a period, processing times increase by 

a constant percentage (θ) in the subsequent period. Table 6 provides some insights about the 

impact of this parameter on the model. In systems in which the processing times are highly 

impacted by maintenance, i.e., larger values of θ, the total cost of the system increases due to an 

increase in processing times, thus leading to an increase in energy costs; therefore, more 

maintenance may be required to minimize the overall cost of the system. 

Table 19 Variation of θ in Model I 

θ Total Cost ($) y1 y2 y3 y4 y5 y6 
0 20614.54 0 0 0 0 0 0 

0.1 21184.4 0 0 0 1 0 0 
0.2 21263.32 0 1 0 1 0 0 
0.5 21308.72 0 1 0 1 0 0 
0.8 21524.55 1 1 0 1 0 0 

 

Solving the second model with incomplete maintenance, using the data provided in Table 

1, but  d35 = 50, α = 0.1, and π = 0.3, gives a total cost of $21,292.50 and the production and 

maintenance decisions as presented in Table 7 using the global solver. The global optimum is 

calculated within 332 seconds, while the local optimum gives the total objective function value 

of $21,298.88 (0.03% gap) in less than a second. 

Table 20 Model II experimental results  

Period 1 2 3 4 5 6 
yt 0 1 0 1 0 0 

Product 1 (x1t) 130 0 90 80 190 0 
Product 2 (x2t) 60 0 40 0 60 0 
Product 3 (x3t) 140 0 130 0 100 0 
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In this problem, if maintenance is performed at the end of a period, an increase of 10% is 

still observed in processing times of the subsequent period, in comparison to the first period, due 

to the incomplete nature of the maintenance being performed. On the other hand, if there is no 

maintenance, processing times increase by 30%. A similar conclusion is obtained ignoring the 

electricity cost in model II, with a total cost of $17,182.65, using the global solver and the 

production and maintenance decisions shown in Table 8. The required time to solve the model in 

the global solver is 6,158 seconds while the local optimum yields the total objective function of 

$17,271.77 (0.5% gap) immediately.   

Table 21 Model II Experimental results with no electricity cost 

Period 1 2 3 4 5 6 
yt 0 0 0 0 0 0 

Product 1 (x1t) 40 90 90 80 90 100 
Product 2 (x2t) 80 0 0 80 0 0 
Product 3 (x3t) 140 0 130 0 100 0 

 

Electricity cost is a key factor in maintenance planning of the second model as well. In 

this model, by increasing the value of π, more maintenance is required to keep the reliability 

level of the machine and minimize the overall cost. For example, for π = 0.7, the maintenance 

vector over periods one to six changes to [0,1,1,0,1,0], in comparison to the initial scenario 

projected in Table 6, with an increase in the total cost of  the system (objective function value = 

$21,859.53).  

In the second model, maintenance partially improves the age of the machine, i.e., 

maintenance reduces the age to a percentage (α) of the age at the end of the previous period. In 

other words, maintenance is more effective when α is a smaller value. Note that in this model, α 

< π, showing the importance of maintenance on processing times. As the value of α increases, the 

total cost of the system increases accordingly (Figure 1), emphasizing the effect of maintenance 
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efficiency on overall cost. When α = 0, maintenance strategy is an AGAN strategy leading to the 

minimum cost of the system.  

 
Figure 7 Changing the value of α vs. total cost 

3.5.1 Design of Experiments 

For the purpose of more analysis, a 23 factorial design is performed on Model I (Table 9) 

to evaluate the impact of reliability parameters (shape parameter and scale parameter) and the 

percentage of time change (θ) on model output when the machine reliability threshold is defined 

at 50% to avoid infeasibility of the model.  

Table 22 Model I factorial design 

Scenario  θ  β η Total cost ($) 
1 0.2 1.1 0.00001 21008.79 
2 0.2 1.1 0.0001 21263.32 
3 0.2 1.6 0.00001 21491.98 
4 0.2 1.6 0.0001 25580.81 
5 0.8 1.1 0.00001 21030.87 
6 0.8 1.1 0.0001 21524.55 
7 0.8 1.6 0.00001 21527.66 
8 0.8 1.6 0.0001 25580.81 

 

The results of this analysis are presented in Table 10. Providing a pairwise comparison 

between the first four scenarios with the rest of the scenarios in Table 9 (e.g.  scenario 1 vs. 

scenario 5, scenario 2 vs. scenario 6,….) , it can be seen that increasing the percentage of change 
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in time due to maintenance (θ), the overall cost of the system increases, and this may also 

increase the number of maintenance actions (scenario 5 vs. scenario 1, and scenario 6 vs. 

scenario 2). 

Three types of analysis are performed using data provided in Table 9: (a) the values of θ 

and η are fixed, β increases; (b) the values of θ and β are fixed, and η increases; and (c) the 

values of β and η are fixed, and θ increases. Among these categories, the total cost of the system 

is affected more significantly in groups (a) and (b) because the variable parameter, which is the 

reliability parameter, is increasing. In other words, reliability parameters are the key factors in 

integrated production-maintenance problems (P-value (β η) = 0.02). 

The maximum cost among the eight scenarios is obtained when the reliability parameters 

are at their maximum (scenarios 4 and 8). The same pairwise comparison between the first and 

second four scenarios shows that by increasing the value of θ for a given set of reliability 

parameters, more production is scheduled in the initial periods, in order to assure demand 

satisfaction within the time capacity limit (Table 10). 
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Table 23 Model I factorial design results 

  Scenario 1 Scenario 2 
Period 1 2 3 4 5 6 1 2 3 4 5 6 

Product 1 (x1t) 40 90 90 80 190 0 40 90 90 80 190 0 
Product 2 (x2t) 60 0 100 0 0 0 60 0 40 0 60 0 
Product 3 (x3t) 140 0 130 0 120 0 140 0 130 0 120 0 

yt 0 1 0 0 0 0 0 1 0 1 0 0 
  Scenario 3 Scenario 4 

Period 1 2 3 4 5 6 1 2 3 4 5 6 
Product 1 (x1t) 40 90 90 80 90 100 40 90 90 80 90 100 
Product 2 (x2t) 60 0 40 0 60 0 60 0 20 80 0 0 
Product 3 (x3t) 140 0 130 0 120 0 80 60 130 0 120 0 

yt 0 1 0 1 0 0 1 1 1 1 1 0 
  Scenario 5 Scenario 6 

Period 1 2 3 4 5 6 1 2 3 4 5 6 
Product 1 (x1t) 130 0 170 0 190 0 40 90 170 0 190 0 
Product 2 (x2t) 60 0 40 0 60 0 60 0 40 0 60 0 
Product 3 (x3t) 140 0 130 0 120 0 140 0 130 0 120 0 

yt 0 1 0 1 0 0 1 1 0 1 0 0 
  Scenario 7 Scenario 8 

Period 1 2 3 4 5 6 1 2 3 4 5 6 
Product 1 (x1t) 130 0 170 0 190 0 40 90 90 80 90 100 
Product 2 (x2t) 60 0 40 0 60 0 60 0 20 80 0 0 
Product 3 (x3t) 140 0 130 0 120 0 80 60 130 0 120 0 

yt 0 1 0 1 0 0 1 1 1 1 1 0 
 

A full factorial design (24) analysis is also performed on the second model to evaluate the 

effect of reliability parameters (η and β) as well as the age reduction factor α and duration 

change parameter π (Table 11). Analysis shows that the effect of parameter π is insignificant on 

the overall cost of the system (P-value = 0.3189).  
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Table 24 Model II factorial design 

Scenario α β η π Total Cost ($) 
1 0.1 1.6 0.00001 0.6 21,584.9 
2 0.1 1.1 0.0001 0.6 21,297.6 
3 0.1 1.6 0.0001 0.6 26,452.67 
4 0.1 1.1 0.00001 0.6 21000.96 
5 0.4 1.1 0.0001 0.6 21,884.75 
6 0.4 1.6 0.0001 0.6 30,934.8 
7 0.4 1.1 0.00001 0.6 21,513.3 
8 0.4 1.6 0.00001 0.6 22,490 
9 0.1 1.1 0.00001 0.9 21,000.96 
10 0.1 1.1 0.0001 0.9 21,297.59 
11 0.1 1.6 0.0001 0.9 26,625.6 
12 0.1 1.6 0.00001 0.9 21,786.3 
13 0.4 1.6 0.00001 0.9 23,005.69 
14 0.4 1.1 0.00001 0.9 21,513.28 
15 0.4 1.6 0.0001 0.9 30,934.79 
16 0.4 1.1 0.0001 0.9 21,884.75 

 

The analysis concludes that for larger values of α (less-effective maintenance), the 

production schedule changes, which leads to an increase in the overall cost of the system for a 

given set of reliability parameters, emphasizing the necessity of effective maintenance in the 

production system. Therefore, similar to model I analysis, three analysis categories are provided 

for a fixed level of π: (a) the values of α and η are fixed, β increases; (b) the values of α and β are 

fixed, and η increases; and (c) the values of β and η are fixed, and α increases. Results are similar 

to the previous analysis: the total cost of the system is affected more in groups (a) and (b) 

because the variable parameter is increasing, showing the importance of reliability parameters in 

integrated production-maintenance problems. Figure 2 presents the interaction between these 

parameters.  
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Figure 8 Interactions between reliability parameters and maintenance efficiency factor 

3.6 Conclusion  

In this chapter two mixed-integer nonlinear mathematical models are presented to 

investigate the multi-period multi-product integrated production-maintenance planning problem 

with energy costs and minimal repair. Increasing attention toward energy prices, governmental 

policies, along with scarcity of energy resources necessitates considering energy consumption 

and associated costs in planning decisions. We assume that machine degradation prolongs the 

processing times of the products and consequently the amount of energy consumed to satisfy the 

demand is affected. Maintenance and repair, which influence machine degradation, play key 

roles in this regard. The first model addresses the as-good-as-new maintenance strategy, where 

the age of the machine is reduced to zero after each maintenance, and processing times are 

reduced to the initial durations of the very first period. The second model addresses imperfect 

maintenance where the age of the machine is partially reduced. It is observed that in both 

models, energy costs influence the total cost of the system, as well as the maintenance and 

production decisions significantly, however, this impact was ignored in previous studies in the 

literature. As a result, analyzing the energy-consumption profile of manufacturing machines can 

determine the hidden need of maintenance, which in turn influences machine availability for 

η 

η η 

η η η 
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production. We also provided several analyses to evaluate the impact of various parameters on 

system cost and production and maintenance schedule. 

This model can be extended for a multi-machine production setting where the integrated 

problem would be more complex. Because the capacitated lot size problem by itself is NP-hard 

and integrating the maintenance decisions increases the associated complexity, a meta-heuristic 

method can be developed to solve the models for a larger number of products and period in 

multi-machine environment setting. However, in practice, because the joint production-

maintenance planning is a medium-term decision and the number of periods and products are 

limited, the proposed approaches in this study are able to solve the practical cases efficiently 

within an acceptable time frame.  
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CHAPTER 4 

 ECONOMIC MANUFACTURING QUANTITY PROBLEM WITH IMPERFECT 

QUALITY 

4.1 Abstract  

In classic Economic Production Quantity (EPQ) models, setup, unit production and 

inventory holding costs are fixed parameters and the production process is assumed to be perfect, 

i.e. there is no defective item produced. Also, energy cost is usually assumed to be a fixed part of 

the unit production cost. In this study, we present a nonlinear mathematical model for the EPQ 

system where unit production cost of material, energy and machining is a convex function of 

production rate, and production defective rate is also an increasing function of the economic 

batch size. Moreover, investment opportunities can improve the flexibility of the system and 

decrease the setup cost and production defective rate. The goal of this chapter is to minimize the 

total cost of inventory, production, investment in technology, and rework by determining 

economic production quantity, production rate and setup cost (i.e., investment amount).  A 

special case of this model for just in time systems is solved analytically. The proposed models 

are analyzed via numerical experimentation.  

Keywords: Economic Production Quantity (EPQ), imperfect quality, flexibility, 

inventory, geometric programming, Just in Time (JIT) 

4.2 Introduction 

A classical EPQ model is formulated as the minimization of set-up, production, and 

inventory holding costs where a) demand is constant and known, b) no backorder and lost sales 

are allowed and no excess stock is carried, c) lead time is zero, d) setup cost and unit production 
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costs are fixed, and e) production process is perfect [1]. The objective of EPQ models is to 

determine the optimum production amount in each cycle or production run length to minimize 

total cost of the production system. In EPQ model, it is assumed that production starts at time 

zero at a given rate of P and at time t when the production stops, the accumulated inventory 

depletes to satisfy the demand.  

 

 

In this study, we determine the optimal production batch size, setup cost and production 

rate for an economic production quantity (EPQ)/ economic manufacturing quantity (EMQ) 

model with imperfect quality. The existing literature on imperfect EPQ ignores energy cost and 

is considered as a fixed unit production cost. Moreover, in most of the studies in the literature, 

production rate and setup cost are assumed to be known input parameters, and the defective 

production rate is a constant. 

 In this chapter, we propose a model that considers a variable unit production cost 

including cost of energy and a variable defective rate as a function of production lot size. We 

determine the appropriate production rate and setup cost per batch to define the flexibility level 

of the production system and minimize the overall cost of the system.  

p-d -d 

Production 

Time 

Depletion 

Time 

Cycle Time 

Time 

Inventory 

Level 

p 

Figure 9 Economic Production Quantity (EPQ) model 



70 
 

In this chapter we extend the classical EPQ problem in two directions: First we assume 

that production process is not perfect. For an EPQ setting when the manufacturing process is not 

of perfect quality, determining the efficient production run length to stop the production process 

and perform maintenance is very critical. If the production period is not planned appropriately, 

having the process shifting into an out of control state during a production cycle is a possibility. 

When the process is out control, the product quality is imperfect and the defective units are either 

totally scrapped or some rework is required which as a result impose additional cost on the 

system. As the second direction of extension we assume the model includes a variable unit 

production cost to address the material, energy, and depreciation cost of the machine. 

Various studies in the literature discuss the imperfect EPQ models but a few of these 

studies include energy price and mostly consider a fixed unit production and setup cost, and 

production rate. In one of the initial studies, Rosenblatt and Lee investigate the impact of static 

and dynamic process deterioration modeled using an exponential distribution in an EPQ for a 

single product- single machine system [2]. They show that the optimum run length is shorter in 

comparison to classical EPQ models. The dynamic approach assumes a growing trend in 

degradation over time after production process shifts and generally the static approach can be a 

good estimation of the dynamic approach. In another study, Rosenblatt and Lee [3] propose a 

joint maintenance and EPQ model for a single product, single machine problem to determine the 

production run length and number of inspections in a cycle. Khouja and Mehrez [4] define the 

process failure probability and unit production cost as a function of production rate in the 

presence of an exponentially distributed in-control duration, and determine the production rate 

and lot size to minimize the overall cost of the inventory and production. Kim et al. [5] find the 

production run length and number of inspections simultaneously for a deteriorating EPQ system 
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to minimize total cost.  Chen and Lo [6] study the production run length when backorders are 

replenished in an imperfect production system considering production, inventory holding, 

shortage, as well as the restoration and warranty costs. Salameh and Jaber [7] investigate the 

imperfect EPQ model where the items with poor quality are sold at the end (not stored) and as a 

result the economic production batch size increases as the rate of defective items increase. Chiu 

[8] develop a model for EPQ with rework cost where only a portion of defective items are 

eligible for rework and the remaining are discarded to minimize the cost and determine the 

optimum values of production lot size and maximum backorder level. 

 In another study on imperfect production systems, where unit production cost and length 

of the time process shifts to an out of control state are functions of production rate, total profit is 

maximized to determine the optimum production amount and production rate [9]. Ben-Daya et 

al. [10] study the imperfect EPQ model to minimize the cost and determine optimum production 

run time where the process deterioration which is a function of machine tool life causes 

production speed loss. Mandal and Roy [11] propose a geometric programming model for a 

multi-product imperfect economic production quantity system to minimize total cost and 

dispersion value of cost where only a percentage of the defective items are acceptable for rework 

and cost parameters are hybrid numbers. Leung [1] present a model to study the EPQ system 

with flexibility and reliability considerations and utilize geometric programming to minimize the 

total cost, and determine the production batch size, reliability level and setup cost such that 

investment in flexibility improvement reduces setup cost. 

In summary, the main contribution of this chapter is that in contrary to most of the studies 

in the literature on cost minimization of imperfect EPQ models, the production rate and setup 

cost are not constant and assumed to be decision variables determined by the model.  These 
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decision variables provide a basis for investment planning of the required infrastructures in a 

production facility. Also, simultaneous considerations of energy cost, variable unit production 

cost, and variable production defective rate as a function of production rate and batch size 

respectively, are the other distinguishing features of this study.  

The chapter is organized as follows: in the next section the problem statement, 

mathematical notation, and model assumptions are described and then the mathematical 

formulation of the problem is presented and the solution approach is discussed. In Section 4.4 a 

numerical experiment is given and sensitivity analyses of parameters are studied. Section 4.5 

develops a special case of the proposed model for a just in time production system which is 

solved analytically followed by a numerical study for this special case. Summary and concluding 

remarks are presented in Section 4.6. 

4.3 Mathematical Model 

In this section an economic production quantity model is presented to determine the 

production batch size, production rate and the setup cost when product demand is constant and 

known. The production process is imperfect, i.e., some percentage of the production is defective. 

Rework which brings the quality of defective production to perfect quality is performed at an 

extra cost to satisfy the demand.  

The mathematical notation that we will utilize in this chapter is summarized as follows: 

λ: Percentage of defective items q: Production lot size (decision variable) 
d:  Demand rate p: Production rate (decision variable) 
c: Unit production cost s:  Setup cost (decision variable) 
r: Rework cost per unit of defective item θ: Scaling constant of failure rate 
h: Inventory holding cost per unit of 

product per unit of time 
f: Failure rate elasticity of the technology 

investment cost 
c0: Material cost per unit of item b: Setup cost elasticity of technology 

investment cost  
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k: Energy cost per unit of time γ: Batch size elasticity of failure rate 
m: Increase in tool cost due to an increase 

in production rate  
a: Scaling constant in technology investment  

 

The objective function is to minimize the overall cost of the production system. The cost 

function per cycle is determined by: 

2

( / ) (1 )
2

b fhq dMin Cost cycle s cq as r q
d p

                  (1) 

In this model, the unit production cost is assumed to be varying and is a nonlinear convex 

function of the production rate as shown in [9, 10]: 

   0 0 , , , 0kc c mp c m k
p

                       (2) 

where c0 is the material cost per unit of product, and m includes machining/tool 

degradation cost when the production rate increases. Parameter k includes the energy costs per 

unit time, which is a decreasing function of production rate. The machine is always on during a 

cycle and k is the average cost of energy per cycle. Therefore, higher production rate in a given 

cycle decreases the cost of energy per unit of item. The k
p

term addresses the charges related to 

energy waste when machine is running idle or no production occurs within a cycle. As a result of 

this equation, more production in a given cycle decreases the per unit energy cost, while 

increasing machine degradation expenses. As discussed in [9] the proposed per unit production 

cost function (equation 2) is a convex function which will have its minimum ( 0c
p





) at

1( )* 1( )kp
m




 . 
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The percentage of defective items is also considered as a nonlinear function of production 

lot size such the defective rate increases by the production batch size in a given cycle: 

, 0q           q

q









            (3) 

where parameter γ shows the changes in failure rate when the batch size increases by one unit 

(i.e., marginal failure rate).  

The technology investment cost function F(s,λ) addresses the impact of machine 

flexibility on setup cost and failure rate [1]. Machine reliability can be improved by more 

investment on new technologies which in turn decreases the scrap production rate and the 

associated rework cost and material waste. However, modern technologies require a great 

amount of capital investment which increases the interest and depreciation charges, and are more 

costly to maintain. Also, this investment increases machine flexibility and leads to a decrease in 

setup time and cost over time which allows the possibility of producing smaller batches and 

decreases the inventory holding cost. 

( , ) , , 0b fF s as a b f           ,

F F
sb fF F
s





 

            (4) 

In the above equation, when λ→0, the cost function f(s, λ)→∞, emphasizing the fact that 

the process will never be  perfect (i.e., 100%) quality [1].  It is assumed that machine reliability 

is equal to the percentage of the produced items which are of perfect quality, because the 

defective rate of production is directly affected by machine reliability. Also, parameters b and f 
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indicate the impact of a unit variation in setup cost and failure rate on technology investment cost 

function. 

Substituting equations (2) to (4) into the objective function (1) yields:  

  
2

0( / ) (1 ) ( ) ( ) ( )
2

b fhq d kMin Cost cycle s c mp q as q r q q
d p p

                     (5) 

Multiplying the above equation by total number of cycles ( d
q

), we have: 

     1
0( ) (1 )

2
f b fd hq d kMin Total Cost TC s c d mp d d a d s q rd q

q p p
                      (6) 

The material cost (c0d) is a fixed cost and can be removed from the optimization model. 

Since no shortage is allowed in this model, we need to assure that production rate is at least as 

much as the demand. As a result, the nonlinear cost minimization model is reformulated as 

follows:     

        

1 1 1 1( )
2 2

, , 0

f b fhq hdMin Total Cost TC sdq qp md p kdp a d s q rd q

d p
s q p

                





  (7) 

For solving the above constrained nonlinear model, the necessary conditions of 

optimality are given by the Karush-Kuhn-Tucker (KKT) theorem; however, the objective 

function must be convex in order to determine the global optimal solution.  

The KKT theorem gives the following conditions: 
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Assuming that s, p, q> 0 for a given amount of demand, as we expect to have production 

to satisfy the demand, it can be conclude that: 

2 3 4
1

1 1 1 * 1

2 1 1 2

1 2 2
1

0

0 ( )
1 ( 1) 0

2 2
1 0
2

f f b f f b
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          (9) 

Solving the above nonlinear equations to obtain explicit values for q and p is very 

complicated. To determine the convexity of objective function, the Hessian matrix should be 

positive definite [12]: 

2 2 2

2

2 2 2

2

2 2 2

2

( , , ) 0

TC TC TC
s s q s p
TC TC TCH s q p
q s q q p
TC TC TC
p s p q p

   
 
     

   
  

     
   
       

 

Such that 



77 
 

2
1 2

2

2 2
3 2 3

2 2

2
3 3 2

2

2 2
1 2

( 1) 0 , , , , , 0

2 ( 1) ( 1) ( 2) 0 ( 1)

2 ( 2)

( 1)

f f b

f b f

f b f

TC b a d b q s for a b d q s
s
TC TCdsq d r q f f ad s q for
q q
TC dkp dhqp d mp
p
TC TC abd f s q dq
s q q s



 





 

      

 

 

    

     

  

     


   



 
        

 


   



 
   

   

2

2 2

2 2
2

0

1 0 , , 0
2

TC TC
s p p s
TC TC dhp for d h p

q p p q


 
 

   

 
   

   

       (10) 

To have a positive definite Hessian Matrix, the principal minors should be positive, i.e. 

 

2 2

22 2 2 2
2

1 2 32 2 22 2

2

0, det ( ) 0, det ( , , ) 0

TC TC
s s qTC TC TC TCD D D H s q p

s s q s qTC TC
q s q

  
 
             

      
 
   

     (11) 

Using equations (11), it is not easy to make any conclusion on convexity of the objective 

function, so global optimality of any solution is not easy to verify.   

Considering the model as a geometric programming approach to present the closed-form 

solution is also challenging in this problem as the degree of difficulty is 8-(3+1)=4 (see 

Appendix 1). As a result, we need to solve and analyze the model numerically.  

4.4 Numerical Experiments 

To analyze the behavior of the model, a case with the following parameters is developed: 

d=100 units per month, h=$5/unit, k=$1000, m=0.02, a=5, b=1.1, f=1.1, θ=0.05, γ=0.06, δ=1.2, 

and r=$50. The model output for [s, q, p]=[9.57,49.27≈50,118.56≈118] Using these values the 

optimum production run length is t= q/p=50/118=0.42 month. Also, to get more insight about the 
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impact of parameters variation, a sensitivity analysis is performed and the results are provided in 

Table 1. 

As it is shown in Table 1, by increasing the value of parameter θ, constant coefficient of 

failure rate function, failure rate per production batch arises which causes an increase in total 

rework cost and thus higher total cost of the system. To provide a balance in rework cost, the 

batch size and setup cost decrease to illustrate the need for extra investment in a more flexible 

production system that is capable of producing smaller batches. At the same time, increasing the 

failure rate increases the production rate to satisfy the demand since no shortage is allowed. 

Larger values of batch size elasticity of failure rate, γ, indicate more sensitivity of the 

failure rate function to production lot size. This enforces producing smaller batches in each 

production run to minimize rework and total cost of the system. In addition, production rate 

increases to satisfy demand for a higher failure rate. At the same time, by increasing the value of 

this parameter, setup cost decreases as a result of the investment in new technologies and 

flexibility improvements programs to allow the production of smaller batches, so the total cost of 

the system increases.  

By increasing the value of parameter a, the fixed coefficient of the technology investment 

cost function, setup cost increases (i.e., less flexible system) to balance this cost function and as a 

result, there is  less production but in larger batches to justify the higher cost of setup per 

production run. As expected this change leads to an increase in the overall cost of the system. 

Increasing setup cost elasticity of technology investment cost function, parameter b, 

provides more emphasis on setup cost. This variation decreases setup cost and justifies a more 

flexible system with possibility of producing smaller lots, less setup and rework cost, and thus 
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less total cost of the production system. It is interesting to observe that the additional investment 

in technological advanced systems to decrease setup cost results in higher production rate at a 

lower total cost. 

Parameter f indicates the importance of failure rate in determining the cost of investment 

in modern flexible technologies, F(s,λ). Increasing the value of this parameter results in higher 

setup cost to reduce (balance) the value of cost and depreciation function and also in higher 

production batch size to justify the higher setup cost per cycle.  

Further analysis shows that as expected, increasing demand (d) increases production rate 

and batch size, which implicitly requires extra investment in a more capable and advanced 

system with lower setup cost. Inventory holding cost is one of the main problems in production 

systems. As the holding cost per unit of item (h) increases, production rate and lot size decrease 

to reduce the cost of the system. Increasing the rework cost per unit of defective item, increases 

the total cost of the system and reduces the batch size to ensure that the number of defective 

products are minimized per production run.  

Investigating the scenarios presented in Table 1 reveals that production rate is more 

sensitive to parameters δ, k, m, d. As the value of energy cost per month (k) increases, production 

rate increases accordingly to minimize the associated costs and reduce machine idle time. The 

value of k is a key factor influencing production decisions. Energy cost may vary over the 

production period; however, we assume the value of this parameter to be the average of the 

energy cost in a cycle.  The variations of parameters δ and m, as indicators of machine sensitivity 

to production load, impact the model output in the same manner. A larger value of these 

parameters implies more degradation of the machine. Therefore, as the values of these 

parameters grow, production rate decreases. 
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Table 25 Numerical experiment 

Parameter Variation (%)  q(units) s($) p (unit/month) objective function($) 

a 

-50% 39 6.93 120 1820.20 
-25% 45 8.37 119 1826.93 
25% 53 10.62 118 1835.92 
50% 57 11.56 117 1839.26 

θ 

-50% 79 13.56 114 1684.59 
-25% 60 11.05 117 1757.92 
25% 42 8.56 118 1906.17 
50% 36 7.82 121 1979.95 

f 

-50% 29 4.68 122 1807.29 
-25% 38 6.71 120 1819.07 
25% 65 13.59 116 1845.64 
50% 87 19.19 113 1860.66 

γ 

-50% 64 10.13 116 1797.89 
-25% 56 9.84 118 1814.74 
25% 43 9.33 119 1849.37 
50% 38 9.11 120 1867.01 

b 

-50% 89 13.29 112 1861.63 
-25% 63 11.39 116 1844.63 
25% 41 8.14 120 1822.32 
50% 35 7.04 121 1814.86 

d 

-50% 23 9.81 123 954.19 
-25% 32 9.70 121 1398.11 
25% 94 9.38 125 2255.02 
50% 94 9.38 150 2746.91 

h 

-50% 58 9.52 122 1820.81 
-25% 53 9.55 120 1826.77 
25% 47 9.58 117 1836.46 
50% 45 9.59 116 1840.51 

m 

-50% 35 9.67 165 1460.84 
-25% 41 9.62 137 1664.55 
25% 71 9.46 104 1974.89 
50% 94 9.38 100 2100.95 

k 

-50% 94 9.38 100 1349.76 
-25% 94 9.38 100 1599.76 
25% 42 9.62 134 2029.80 
50% 38 9.64 147 2207.87 
75% 36 9.66 158 2371.63 

δ 

-50% 25 9.77 1142 659.14 
-25% 29 9.73 302 1090.86 
-17% 32 9.70 215 1303.55 
25% 94 9.38 100 3347.39 
50% 94 9.38 100 9309.53 

r 

-50% 60 9.51 117 1673.09 
-25% 54 9.54 118 1752.74 
25% 45 9.59 119 1910.68 
50% 42 9.62 120 1989.05 
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4.5 EPQ Model for a Just In Time (JIT)  Production System 

In this section, we will analyze a special case of the proposed model to investigate the 

impact of Just-in Time philosophy. For a just-in-time (JIT) production system, where p=d, the 

proposed model reduces to: 

1 1
1( )

, 0

f b fMin Total Cost TC dsq a d s q r d q
s q

         


        (12) 

To solve the total cost function TC1 for setup cost (s) and economic production batch size 

(q) the KKT conditions are given as follows: 

1 1 11 0f f bTC dq ba d q s
s

     
  


             (13) 

2 2 11 ( 1) 0f b fTC dsq f ad s q d r q
q

         
     


           (14) 

Solving equations (13) and (14) for s and q, we have: 
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             (16) 

Solving the highly nonlinear equation (16) to obtain a closed-form solution for q is very 

complicated and it does not provide an explicit solution. To obtain the feasible solutions for the 

JIT model, the Hessian matrix of the TC1 function must be positive definite: 
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where  

2
1 21

2 ( 1) 0 , , , , , 0f f bTC b b a d q s for a b d s q
s

     
   


          (17) 

2 2 11 ( 1) f b fTC dsq f ad s q d r q
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Based on the above equations 
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2 0TC
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and 
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1
2 0TC

q





when γ>1 for a,b,d,s,q,θ >0. To 

have a positive definite Hessian matrix we need
2 2 2

21 1 1
2 2 ( ) 0TC TC TC

s q q s
  

 
   

. In this case, no 

conclusion can be made on the convexity of the objective function. However, a corresponding 

geometric programming modeling approach may provide a closed-form optimal solution for the 

JIT problem. In the next section, we will first summarize geometric programming and then 

investigate the implications for the EPQ model in a JIT system.   

4.5.1 Geometric Programming 

Geometric programming (GP) introduced by Duffin, Peterson, and Zener [13] is a 

powerful mathematical technique for many real-world engineering problems and is based on the 

inequality between arithmetic and geometric means [14]: 

1 2
1 1 2 2 1 2... ... Tz z z

T T Tz v z v z v v v v             (21) 

A general standard geometric programming model (GP) is presented as follows:  
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      (22) 

In this setting when all 0k and ik are positive the model is a posynomial and if some of 

these two parameters are negative, the model is a signomial geometric program. One of the most 

important issues in GP is the degree of difficulty of the model which is defined as the total 

number of terms minus number of variables plus one. As the degree of difficulty of the model 

increases, the model gets more difficult to solve. When the degree of difficulty is zero, the 

geometric programming approach is an efficient method to obtain the global optimum for 

nonlinear problems with terms in the exponential form [1].  

To solve the GP models which are not generally convex we define the convex dual 

program over a convex region with linear dual constraints through the following mathematical 

program [15].  
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In geometric programming problems, the objective function values of the primal and dual 

are equal at optimality [12].Using the dual constraints, the values of dual variables (wik) are 

calculated and the dual objective function value is obtained accordingly. Thereafter, based on the 

relations between the dual and primal models, where dual variables are indicators of the relative 

weights of each term in the primal model, the values of the variables in the primal model are 

determined [14] . 

To minimize the total cost function for the JIT-EPQ system (TC1) which is an 

unconstrained posynomial geometric program with zero degree of difficulty (3-(2+1)=0), we 

form the dual problem as follows: 

     31 2
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Solving the above set of linear equations results in the following values of dual variables: 

       1 2 3
1, ,

( 1) 1 ( 1) 1 ( 1) 1
b b fw w w

b f b b f b b f b
  

  

 
  

                       (25) 

Substituting the values of (w1,w2,w3) into the dual objective function gives the objective 

function value (DTC*). Using the third term of the equation (12), the value of q is obtained as: 

   q = w3× DTC1
* 

1 1
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                 (26) 

Based on the first term of equation (12), it is concluded that: 

1 * *
1 1 1 1

qdsq w DTC s w DTC
d

                (27) 

The geometric programming provides a closed form optimal solution to the special case 

of EPQ problem. In the next section, we will provide some numerical experimentation for this 

model.  

4.5.2 Numerical experiment for the JIT system 

To analyze the validity of the proposed approach for the JIT production system, we 

consider the following set of parameters d=200 units per month, a=10, b=2, f=0.5, θ=0.01, γ=0.2, 

and r=$20. Based on the equation set (22), we obtain (w1,w2,w3)= (0.1081, 0.0541,0.8378), 

giving $115.037 as the dual objective function value. Therefore, using equation (25), 

q=81.225≈82 units as the production lot size, and s=$ 5.0507 per production run. As a result, the 
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optimum production run length to minimize the overall cost of the system and stop the 

production perform a maintenance is t= 0.4061 month. 

The other advantage of the geometric programming is its simplicity in sensitivity 

analysis, because the values of dual variables (wi) do not vary by changing the coefficients of the 

objective function. In this model, we have some common parameters in the coefficients and 

exponents, however, we still can take the advantage of the GP concept for the variations of the 

uncommon parameters such as a, θ. By changing the values of parameters a and θ, the objective 

function value is updated as follows:  

2 2 2* * *2
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wa aDTC DTC DTC
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         (28)

32* *
1 ' ( ) ( )

f
ww

fDTC DTC 

 

 



 

 



        (29) 

For example, if the value of parameter a changes from 10 to 5, from the initial solution, 

we had w2=0.0541, DTC1*=$115.037, as a result the new objective function value is calculated 

as follows: 

* 0.0541
1

5' 115.037*( ) 110.8
10a aDTC            (30) 

Analysis shows that in JIT model, the parameters θ and γ (failure rate function 

parameters) are more sensitive as their variations cause more considerable changes in the total 

cost of the system. This observation is expected because these parameters are key factors in 

determining the batch size in this JIT model. Generally, the findings of this analysis confirm the 

outcomes of the analysis of the main model. Increasing the values of parameter θ, γ, a, b, f has 
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the same impact on the batch size, setup cost and total cost of the system.  It is noticeable that 

when the parameter γ is of small values (marked with * in Table 2), the sensitivity of failure rate 

to batch size decreases, and as the current production system is a JIT and there is no holding cost, 

the batch size grows significantly, decreasing the overall cost of the system.  

Table 26 Numerical experiment for the JIT system 

Parameter Variation (%)  q(units) s($) objective function($) 

a 

-50% 67 4.03 110.81 
-25% 75 4.6 113.26 
25% 86 5.43 116.43 
50% 91 5.76 117.59 

θ 

-50% 156 5.55 65.58 
-25% 107 5.25 91.1 
25% 66 4.9 137.85 
50% 55 4.78 159.81 

f 

-50% 62 3.72 109.31 
-25% 71 4.34 112.76 
25% 93 5.87 117.95 
50% 105 6.8 120.89 

γ 

-50% 236(*) 5.37(*) 75.87(*) 
-25% 128 5.19 94.96 
25% 56 4.94 135.91 
50% 42 4.85 157.4 

b 

-50% 150 7.78 129.72 
-25% 105 6.16 121.02 
25% 67 4.29 110.69 
50% 57 3.76 107.39 

 

4.6 Conclusion 

In this chapter, a nonlinear model is proposed to evaluate an imperfect EPQ system with 

variable unit production cost and failure rate. The EPQ model minimizes the overall cost of the 

production, inventory holding, rework, and technology investment costs while determining 

production rate, production lot size and setup cost. The features distinguishing this study from 
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the literature are the simultaneous consideration of investment cost function, variable failure rate, 

and variable unit production cost with respect to material, energy, and machining costs. A 

numerical experiment is presented to analyze the model. The model is also analyzed for a JIT 

system and the results of the numerical analysis are consistent with the findings of the original 

model. The analyses of these models show the interaction between flexibility improvement cost, 

and production decisions (batch size and production rate) and were not addressed in the previous 

studies. 

In this problem, we consider a fixed demand; while considering a stochastic demand 

function with the possibility of the shortage, or defining demand as a nonlinear function of unit 

selling price and marketing cost are of possible areas of research for this model [16-18]. Also, we 

can consider a dynamic failure rate with a distribution function where production shifts to an out 

of control state at random points. Moreover, incorporating the concept of maintenance planning 

within each cycle may define another area of future research. 

Appendix 1. 

The proposed model is a signomial geometric program. As signomial models are difficult 

to solve and give a local optimum [14], the model is transformed into a posynomial model where 

a global optimum is guaranteed. For the purpose of transformation we consider: 

   1 1 1 1

( ) ( )

( )
2 2

f b f

Min TotalCost Max Total Cost
hq hdMax Total Cost sdq qp md p kdp a d s q rd q         

  

         
(30) 

For the above maximization problem, we define a lower bound (x0), such that by 

maximizing the lower bound the problem will be maximized [16, 19, 20].  
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            (31) 

As a result the initial signomial model is transformed into a standard posynomial GP. To 

solve this model, the following set of linear equations is required to be solved to determine the 

values of the dual variables.   

0

0 1 1

2 6

1 2 3 4 6 7 8

1 2 4 5 6 7

1 1 2 3 4 5 6 7

2 8

1
0 1
0

( 1) 0
2 ( 2) ( 1) 0

w
w w w

w bw
w w w w w w w

w w w w f w w
w w w w w w w
w



 







    

 

       

        

      



 

It is very difficult to obtain the explicit solution for dual variables of (wi) as the number 

of equations is less than total number of variables (4 degrees of difficulty). As a result, applying 

GP for this model does not reduce the complexity of the model. 
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Chapter 5 

Energy Efficient Single-Machine Scheduling Problem with Reliability Constraints 

5.1 Abstract  

In this chapter, a mixed integer nonlinear multiobjective mathematical model is proposed 

to minimize total completion time and energy consumption, and maximize the reliability of a 

single-machine manufacturing environment. In this problem, jobs arrive over time, and their 

release dates are known. The machine failure rate is fixed but varies for each operation mode. 

The model defines the optimal jobs processing and off/on schedules in order to achieve the 

minimum failure, completion time, and energy consumption under operational constraints using 

breakeven duration concept. Breakeven duration is defined based on time, energy, and various 

machine failure rates during different operation modes. The proposed model is solved using a 

weighted sum multiobjective optimization approach and is linearly estimated to solve the model 

in a more time-efficient manner. Some sensitivity analyses are performed to investigate the 

impact of parameter variation such as machine failure rates and energy related factors on 

operational decisions.  

Keywords: Reliability, Energy Efficient, Job Scheduling, Multiobjective optimization, 

Total Completion Time 

5.2 Introduction   

Energy consumption in the industrial sector has increased significantly in the last 50 

years. This sector consumes 30% of the total energy in industrialized countries [1]. Based on the 

International Energy Outlook 2011, world’s energy consumption increases by 53% from 2005 to 

2035[2]. In the United States, the industrial sector consumes approximately 34% of all energy, 
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3.4% of which is electricity [3]. Industrial energy consumption grows from 191 quadrillion Btu 

in 2008 to 288 quadrillion Btu in 2035 [2]. Scarcity of energy resources, increase in price of 

energy, along with the growing concern about global warming and other environmental issues 

have all resulted in greater efforts to minimize energy consumption. World energy-related carbon 

dioxide emissions rise from 30.2 billion metric tons in 2008 to 35.2 billion metric tons in 2020 

[2]. As a result, applying energy conservation methods in manufacturing is gaining more 

attention for environmental sustainability and economic growth of companies [1]. Companies 

perform energy auditing to find some potential opportunities to reduce their utility bills as much 

as possible while improving their efficiencies [4]. Motion control strategies aimed at minimizing 

the power consumption and cycle times are turning to be more prevalent [5], but the impact of 

these approaches on machine reliability has not yet been investigated comprehensively.  

Wasting energy by running machines idle during the interarrival time between jobs 

processing, when no value-added activity is performed, is common in most manufacturing firms. 

Almost 30% of the energy consumed by manufacturing equipment such as mills and lathes is 

used for background processes [6]. As a result, this amount of energy is wasted when these 

equipment are running idle. An alternative strategy is turning the machine off during idle time to 

save energy [5, 7]. Mouzon et al. [3] show that energy can be saved when a non-bottleneck 

machine is turned off instead of running idle. They define a breakeven-time duration to justify 

turn off/on and compare that with the interarrival time between two consecutive jobs to decide if 

turning off the machine would be more profitable. Although this strategy is helpful to save 

energy, it can adversely influence machine reliability due to the resulting shocks when the 

machine is turning on. As the frequency of load cycling increases, mean time to failure decreases 

due to material fatigue caused by these shocks [8]. On the other hand, as machine reliability 
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decreases over long term, energy consumption increases proportionately. Yan and Hua [9] show 

the relation between reliability and energy consumption versus lifetime for machine tools and 

that energy consumption increases as machines age and reliability decreases. Moreover, off/on 

scheduling influencing the electricity demand and accordingly the demand charge is gaining 

more attention in manufacturing companies. Demand charge defined based on the customers’ 

maximum 15-minute electricity demand can be controlled by means of an efficient running and 

turn off/on schedule, especially since the turning on action poses an extra demand load and 

increases the utility cost. 

Frequent turning off policy to save the idle energy, not only increases machine 

degradation, but also can lead to a delay in scheduling objectives as it may reduce the machine 

availability when the jobs are ready to be processed. On the other hand, a scheduling algorithm 

which is only targeting the scheduling objectives may causes a high probability of failure in 

machine [10] and also an increase in energy consumption [7]. 

The objective of this chapter is to determine the most appropriate operational decisions to 

save energy, and maximize machine reliability while minimizing total completion time with 

respect to the timing constraints.  The impact of off/on cycling has been studied by Teng and 

Kolarik [11]. They define seven scenarios based on a combination of three covariates of voltage, 

off/on cycling, and load for the DC motors, and the lifetime is recorded in each scenario. As a 

result, the shape parameter of the Weibull reliability function shows a linear relation to the three 

independent covariates. They also develop a stress-factor model to help decision-makers decide 

whether to turn the machine off or keeping it running.  

Production scheduling constraints play key roles in making operational decisions. One of 

the most common scheduling objectives is to minimize the total completion time which is a well-
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studied problem in the literature [12, 13]. In order to achieve minimum total completion time, 

machine(s) might be running idle for some period of time because of operating constraints such 

as the release dates, working hours, job priorities, or completion times of the predecessors. In 

some cases, it might be possible to turn off the machine instead of having it run idle to save 

energy, but it may increase the machine failure rate.  

In this chapter, a multiobjective model is presented to address the conflict among energy 

consumption, reliability, and total completion time considering some operational constraints. 

Incorporating various failure rates during different operation modes influences the decisions 

significantly and is not addressed in the previous research papers. Here, the negative impact of 

off/on decisions on energy consumption and machine reliability is studied, and operational 

scheduling decisions are made accordingly. 

The negative impact of the dynamic power management (DPM) approach on system-on-

chip (SoC) reliability has been analyzed by Simunic et al. [14], who develop a methodology for 

optimizing reliability, power consumption, and performance. DPM is applied to reduce power 

consumption by running the device in different modes of active, idle, sleep, or off, while 

achieving the required level of performance. This strategy, conversely impacts the overall 

reliability of the components. Applying the DPM strategy for the SoC decreases power 

consumption, which in turns reduces temperature, and as a result, electromigration and time-

dependent dielectric breakdown rates decrease. However, the thermal cycling failure rate 

increases significantly because of switching between different power consumption operation 

modes, and it considerably influences the overall mean time between failures of the system [14]. 

Pop et al. [15] investigate the interaction between energy consumption and reliability in real-time 
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embedded systems, showing that lowering the voltage to reduce energy consumption increases 

the failure rate significantly.   

Xie and Sun [16] analyze the impact of energy-saving methods like hibernators on disk 

reliability. Considering energy savings and disk reliability as conflicting objectives, they propose 

a predictor model for assessing the impact of energy-saving schemes on disk reliability. This 

model translates “energy-savings-related reliability affecting factors” like operating temperature, 

speed transition frequency, and disk utilization into “annual failure rate.” They define the age, 

temperature, altitude, duty cycle, activity level, and spindle start/stop frequency as the key 

factors influencing reliability. In the final tradeoff, high failure rates resulting from starts/stops 

for energy-saving purposes would cost more than the resultant savings in the amount of energy 

consumed. They also discuss that the energy consumption and time costs of a speed transition 

between two contiguous speed levels are less than that of a spindle start/stop. Start/stops cause 

material fatigue due to thermal cycling and causes damage at the spindle heads and the motor. 

 The impact of power management systems through frequency and voltage scaling on 

reliability of real-time embedded systems is investigated by Zhu et al. [17], where the failure rate 

is defined as a function of frequency and voltage. They mention that when energy is saved using 

the voltage scaling methodology, reliability decreases significantly. As a result, applying power-

saving systems through frequency and supply voltage scaling without considering their impact 

on system reliability is not a realistic approach. Hakem and Butelle [18] investigate the 

interaction between reliability and scheduling in heterogeneous computing systems and present a 

bi-objective model to minimize makespan and failure rate at the same time. They did not 

consider processor failure during idle time. Chitra et al. [19] also propose a multiobjective 

problem for minimizing makespan and maximizing reliability simultaneously in heterogeneous 
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systems where maximizing reliability implies an increase in makespan. In summary, the 

interaction between energy consumption, the scheduling objective, and various failure rates 

during different operating conditions has not been studied previously. 

The main contribution of this chapter is to investigate the reliability-based integrated 

energy efficient job scheduling problem for a single-machine manufacturing environment and 

develop an efficient mathematical model to reduce energy consumption and total completion 

time, and maximize machine lifetime simultaneously. Another contribution of this research is 

presenting a new efficient breakeven duration based on reliability, energy and time approaches. 

Also, we have considered various failure rates for each operation mode in order to address the 

practical aspect of operating conditions which have been ignored in all the previous studies. 

This chapter is organized as follows: In the next section, machine reliability is defined 

considering different failure rates during various operation modes. In section 5.3 the problem 

statement is explained, and model assumptions are described. In section 5.4 the breakeven 

duration concept in introduced. Section 5.5 presents the mathematical model, and the linear 

estimation of the model is provided. Section 5.6 discusses the solution approach and Section 5.7 

is concerned with the experimental sensitivity analysis results. The conclusion and future work 

are discussed in section 5.8. 

5.3 Problem Statement 

In a production setting, the manufacturing machines may run idle because jobs are not 

ready to be released. For example, in a company that manufactures small aircraft parts, machines 

were running idle 16% of an eight-hour shift [7] leading to idle-power consumption with no 

value-added activity. Even running a machine in a low-energy mode results in energy waste 
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because no value-added activity is in process. This amount of idle energy can be saved by 

turning off the machine when there is no product to be processed and there is enough time to 

perform a setup (turn off/on). Generally, machines are made of mechanical transmission systems 

and electric components (power supply, electric motor, and motor control) which may be 

adversely affected by the constant turning on/off action. If not planned properly, turning off the 

machine may lead to a delay in the processing of jobs which in turns causes an increase in the 

total completion time due to required startup and warm-up durations. On the other hand, if 

machines are running idle, energy is consumed while no job is processed, and the reliability of 

the machine is reduced by the failure rate associated with the idle mode. Minimization of the 

conflicting objectives of energy consumption and completion time is studied by [7] and [3]; 

however, they assumed that the machine is always in perfect condition and ignored the impact of 

machine reliability. One needs to address the interaction among reliability, energy consumption, 

and job-completion time. This chapter studies the multiobjective reliability, energy and 

completion time (MOREC) joint problem and investigates the optimal decisions. 

 A machine is running in different modes over its lifetime; therefore the machine’s 

operational lifetime can be considered as the summation of all processing times, idle times, and 

setup times. In other words, the machine’s lifetime is observed as a series system in which its 

components are the three operation modes (Figure1). 

Processing Times Idle Times Setup Times

 

Figure 10 Machine’s operational lifetime 
 

Considering each mode (k) as a serially related component, the overall machine reliability 

during its lifetime, R(t), is defined as :
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where λk is the constant failure rate of a machine during mode k. In this research, the 

machine failure rate is a function of operation mode and is constant but different for each of the 

idle, processing, and setup modes. Note that degradation and failures occurring when the 

machine is off are ignored.  The off/on operation impacts the reliability of the machine 

significantly due to the stress and extra load resulting from spike energy, or spike voltage 

imposed on machine components [20]. Moreover, as the temperature of the machine components 

and load increase during the processing time in comparison to idle time, the failure rate increases 

consequently. As a result, considering λi, λp, and λs as the failure rates during idle, processing, 

and setup modes, respectively, one can assume that    .i p s      

5.3.1 Assumptions  

 
The MOREC model makes the following assumptions: (1) two jobs cannot be processed 

at the same time; (2) preemption is not allowed; (3) if the machine fails while processing a job, 

then after the repair, the processing is continued to finish the rest of the work within the 

remaining processing time; (4) no failure and energy consumption occurs when the machine is 

off; (5) the aging effect and other degradation factors are assumed to be under control via an 

effective preventive maintenance plan; (6) failure probabilities during the machine warm-up and 

start-up periods are combined and defined as setup reliability; and (7) repair is minimal and 

restores the machine to its condition before failure and the machine is turned off during the 

repair. In other words, there is no change in the failure rates and energy consumption before and 

after the repair. 
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Before the mathematical MOREC model is presented, the next section derives a 

breakeven duration that defines when it is logical to turn off the machine instead of keeping it 

idle.   

5.4 Breakeven Duration 

The breakeven duration concept [3] and [7] is defined as the minimum required time to 

perform a setup (i.e., turn off the machine and then turn it back on) during the interarrival period 

between two consecutive jobs (T). In this chapter, by incorporating various machine failure rates 

during different operating modes, three approaches of energy-based, time-based, and reliability-

based breakeven durations are developed to calculate the breakeven time (TB). Figure 2 

illustrates a simple two-job problem with an interarrival period of T, where the decision should 

be made to turn the machine off or leave it running idle during time period T.  

 
Figure 11 Two-job problem with interarrival period of T 

 

5.4.1 Energy-Based Breakeven Duration 

The first approach is an energy-based approach (ETB), which compares the idle power 

(IP) consumption during the interarrival period (T) with the setup energy (SE), defined as the 

spike energy used during an off/on (startup cycle) process and the power consumed during the 

warm-up period.  In this approach, the machine is turned off, only if the idle energy consumption 

is greater than the setup energy.  

Job 1

Job 1

Idle Off

idle energy,  λi
 setup energy, λs

Job 2

Job 2

T
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As shown in equation (2), if the machine is running idle without any failure during the 

interarrival time between two consecutive jobs, then it consumes idle power; however, if it fails, 

then it will use idle power as well as setup energy to restart it. It is assumed that in case of any 

failure during the off/on process, the machine is not turned on, and as a result, no extra energy is 

consumed. In addition, machine failure during the idle mode occurs at the end of the idle period. 

Therefore, defining Ri as the reliability of the machine during idle mode yields: 

 

(1 ) ( )

(0, )
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i i
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i

i
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(2)

  

 

Newton’s method [21] is utilized to solve the above equation for T. Note that if Ri = 1, 

then the breakeven duration defined in [7] is obtained. 

5.4.2 Time-Based Breakeven Duration 

The second approach is a time-based approach (TTB), which compares the interarrival 

period between jobs (T) and the setup time (Ts), considering the time required for the repair (Tr) 

and setup reliability (Rs). In this approach, it is assumed that if the machine fails during the turn-

off-and-on process with the probability of 1-Rs, it is minimally repaired to be used again. Note 

that setup time (Ts) is the summation of the warm-up period and start-up duration with the spike 

energy consumed. Time-based analysis yields: 

 
(1 )( )

(1 )s s

s s s s r

B s r
T
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   (3) 
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5.4.3 Reliability-Based Breakeven Duration 

The third approach, the reliability-based approach (RTB), compares reliability of the 

machine during idle and setup modes. Based on this approach, the machine is turned off only if 

the probability of failure decreases by running the machine idle for a long period. 

 

i s sT T
i s i s s

s s
B

i

R R e e T T
TRT T

   





 
      

  
 (4) 

The overall breakeven duration is defined as   

 max{ , , }B B B BT ET TT RT  (5) 

In other words, if the interarrival duration between any two consecutive jobs is greater 

than the calculated breakeven duration with respect to time, energy, and reliability, then the 

machine can be turned off, resulting in less energy consumption and lower machine failure rate. 

 For the purpose of illustration, a two-job example is presented using the data shown in 

Table 1. 

Table 27 Experimental Analysis Data 

PP: 3 hp M: 1000 
IP: 1 hp λp:9×10-3 failures/hour) 
Tr: 2 hour λi: 9×10-4 failures/hour 
Processing times (Pj): 1,2 hour Ready times (Rj): 0, 1.5 
Warm-up power: 2 hp Start-up power: 5 hp 
Warm-up time: 0.05 hour Start-up time: 1 second 

 

If the warm-up takes 0.05 hour with 2 hp as the associated amount of power consumed, 

and the start-up takes 1 second with a spike in the power (5 hp), then the values of Ts and SE are 

calculated as 0.0503 hour and 0.101 horsepower hour (hp.hour), respectively. Assuming the 
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probability of failure of  6×10-4 per setup (λs= 0.012), the breakeven duration is calculated as the 

max {0.101, 0.052, 0.667} = 0.667 hour. In other words, if the interarrival period between two 

consecutive jobs is greater than 0.667 hour, then the machine should be turned off efficiently 

with respect to time, energy, and reliability constraints.  

Reliability and energy consumption are two conflicting objectives. Defining breakeven 

duration considering reliability along with time and energy concerns plays a key role in this 

conflict, which was not considered in the work by [3] and [7]. Three scenarios are defined for 

this specific example to illustrate the existing conflict. In the first scenario, job 1 will start as late 

as possible in order to prevent any idle or setup energy. In this case, maximum machine 

reliability and minimum energy consumption are achieved where the maximum total completion 

time is obtained. In the second scenario, the machine is running idle during the interarrival 

period because this time interval is less than TB = 0.667 hour. The third scenario assumes that 

reliability impact is ignored in the breakeven duration determination, which gives TB = 0.101, 

and the machine can be turned off during the interarrival period. Comparing the second and the 

third scenarios shows that ignoring the impact of reliability in determining breakeven duration 

results in less energy consumption with the cost of less reliability.  

 

Figure 12 Reliability and energy consumption conflict 

1

2

3

Idle Off

Job1

Job1

Job2

Job2

Job2Job1

1.50 1.02 3.54



104 
 

Table 28 Reliability, Completion Time, and Energy Consumption Conflicts 

Scenario Total Energy 
Consumption Total Completion Time Reliability 

1 9.15 5.04 0.9729 
2 9.63 4.56 0.9725 
3 9.25 4.56 0.9723 

 

As observed in this simple example, if the machine is turned off for any duration less 

than TB, the conflict arises; i.e., the energy consumption decreases and machine reliability 

degrades.  

5.5  Mathematical Model 

In this section, a multiobjective model is proposed to investigate the simultaneous impact 

of completion time, energy, and reliability on operational decisions in a single-machine 

manufacturing environment while considering scheduling constraints. The proposed 

mathematical model and the notations are presented below: 

Notation 

PP: Processing power per unit of time SE:  Setup energy 
IP:  Idle power per unit of time TB:  Breakeven time 
Pj: Processing time of job j λp:  Failure rate during processing mode 
Rj: Ready time of job j λi:  Failure rate during idle mode 
cj:  Completion time of job j λs:  Failure rate during setup  
Ts:  Setup time j=1,…,n: Number of jobs 
Tr:  Repair time l=1,…,n: Number of job positions 
M:  Large number  

 

Decision variables: 

Pposl: Processing time of the job at 
position l b1l,b2l: Binary decision variables 

Rposl: Release time of the job at position 
l 

kl: Setup indicator between positions l and l 
+ 1  

cposl:  Completion time of the job at 
position l 

xjl:  Binary decision variable, 1 if job j is 
assigned to position l ; otherwise 0 
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The first objective, equation (6), shows the total energy consumption during processing, 

idle, setup modes. The variable kl , as a setup indicator, shows that whenever there is a setup 

between two consecutive jobs, setup energy is consumed. The last term of this equation (

1
(1 )p j

n
P

j
j

PP P SE e 



    ) representing the power consumption during processing times is a 

fixed and inevitable amount of energy consumption which can be eliminated from the model. 

Based on this term, the required energy for processing a job is equal to processing energy and the 

setup energy which may be required if the machine fails with the known probability of (1 )p jPe 
 . 
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 (6) 

The second objective, equation (7), is the scheduling objective that aims at minimizing 

total completion time. 

 2
1

min
n

l
l

F cpos


   (7) 

The third objective, equation (8), maximizes the machine reliability during its life time. 

Note that the machine failure rate during processing time is fixed and can be removed from this 

objective. 

 

1 1

1 1
1 1 1

( )(1 )

3 max

n n n

p j i l l l l s s l
j l l

P cpos Ppos cpos k T k

F e e e
  

 

 
  

       
    (8) 

The model constraints are described as follows: Equations (9) and (10) show that each 

job is assigned to only one position, and each position includes only one job. 
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 (10) 

Equation (11) indicates that each job is processed after its ready time. 

 ( (1 )( )) 1,...,p p jPj P
j j j s r jc e P e P T T R j n  
         (11) 

Based on equation (12), a job is released at a position if the job at the previous position is 

completed because only one job can be processed at a time on the machine. 

 1 1 1,..., 1l l lcpos Ppos cpos l n       (12) 

Equations (13) and (14) show that if job j is assigned to position l, then the processing 

time of position l is the same as the processing time of the assigned job to that position. 

 (1 )( ) (1 ) , 1,...,p j p jP P
l j j s r jlPpos e P e P T T x M l j n  
         (13) 

 (1 )( ) ( 1) , 1,...,p j p jP P
l j j s r jlPpos e P e P T T x M l j n  
         (14) 

Similarly, equations (15) and (16) enforce the completion time of the position l  to be the 

same as the completion time of the associated job assigned to this position. 

 (1 ) , 1,...,l j jlcpos c x M l j n     (15) 

 ( 1) , 1,...,l j jlcpos c x M l j n     (16) 

According to the constraint set (17), if the interarrival time between two consecutive jobs 

is greater than the calculated breakeven duration, then the machine is turned off (k = 1); 

otherwise, it is running idle with no setup performed (k = 0).  
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1 1 , 1,..., 1
1

0

l l l B

l

l

if cpos Ppos cpos T l n
k

else
k

      





 (17) 

 
, {0,1}

, , , 0
l jl

l l l j

k x
cpos Ppos Rpos c




 

The equation set (17) as well as the first and third objective functions are simplified by 

introducing a new decision variable 1 1( )(1 )l l l l lz cpos Ppos cpos k     . This simplification, 

changes the constraint set (17) to the following: 

 

1 1

1 1

, 1,..., 1
1
0

0

l l l B

l

l

l

l l l

if cpos Ppos cpos T l n
k
z

else
k
z cpos Ppos cpos

 

 

     







  

 (18) 

Based on these equations, if the interarrival period is greater than the breakeven duration, 

then the machine is turned off (i.e., a setup is performed, k = 1 and z = 0), and setup energy is the 

only amount of energy used in the energy minimization objective function. As a result, only 

setup failure exists, and no idle failure occurs during the interarrival period.
 

Similarly, the first objective function is modified to: 

 
1

1
1

min (1 )i l

n
z

l l
l

F IP z e SE k SE






        (19) 

The third objective function, the reliability maximization function described in equation 

(8), is accordingly equivalent to the minimization of failure rates such as the following equation: 
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1

3
1

min
n

s s l i l
l

F T k z 




   (20)

  

 

The mixed-integer nonlinear mathematical model can be summarized as follows:  

1

1
1

min (1 )i l

n
z

l l
l

F IP z e SE k SE






                   (21) 

2
1

min
n

l
l

F cpos


                 (22)  

1

3
1

min
n

s s l i l
l

F T k z 




                (23) 

Subject to 

1
1 1,...,

n

jl
j

x l n


  
              (24) 

1
1 1,...,

n

jl
l

x j n


  
              (25) 

( (1 )( )) 1,...,p p jPj P
j j j s r jc e P e P T T R j n  
                  (26) 

1 1 1,..., 1l l lcpos Ppos cpos l n                  (27) 

(1 )( ) (1 ) , 1,...,p j p jP P
l j j s r jlPpos e P e P T T x M l j n  
                 (28) 

(1 )( ) ( 1) , 1,...,p j p jP P
l j j s r jlPpos e P e P T T x M l j n  
                 (29) 

(1 ) , 1,...,l j jlcpos c x M l j n                 (30) 

( 1) , 1,...,l j jlcpos c x M l j n                 (31) 

For 1,..., 1:l n      

1 1 1(1 )l l l B lcpos Ppos cpos T M b                  (32) 

11l lk Mb                              (33) 
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11l lk Mb                  (34) 

1l lz Mb                 (35)  

1l lz Mb                  (36) 

1 1 2( ) (1 )l l l B lcpos Ppos cpos T M b                   (37) 

2l lk Mb                 (38) 

2l lk Mb                  (39) 

1 1 2( )l l l l lz cpos Ppos cpos Mb                  (40) 

1 1 2( )l l l l lz cpos Ppos cpos Mb                  (41) 

1 2 1l lb b                  (42) 

1 2, , , , {0,1}
, , , , 0

l l l jl l

l l l l j

k b b x z
cpos Ppos Rpos z c



  

The ε in equation (37) is a very small number, which helps justify the decision for not 

turning off the machine when the interarrival period is equal to the breakeven duration. 

5.5.1 Model Linearization 

The exponential term 1- i lze  yields a nonlinear mathematical model. This model is 

concave because i lze   is strictly convex, and as a result, the - i lze   is strictly a concave function 

(Appendix 1). Since nonlinear models are more difficult and time consuming to solve [22], the 

model is linearly approximated using Taylor series expansion. Taylor series expansion of an 

exponential function gives [23]: 

 
( ) 2 3

0

( )( ) ( ) 1 ... ; ( , )
! 2! 3!

kn
x k

k

f a x xf x e x a x x
k

               (43) 
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In the proposed model, the term i lze  , where 

1 1

1 1

0 ,
,

l l l l B

l l l l otherwise

z cpos ppos cpos T
z cpos ppos cpos

 

 

   


  
 is nonlinear, and λi  is the machine failure rate 

per unit of time during idle mode and (cl+1 - Pl+1 - cl ≥ 0) is the interarrival time between two 

consecutive positions of l and l+1. Considering the first two terms of the Taylor series expansion 

gives a linear estimation of the exponential term. The approximated model transforms the 

nonlinear objective function (F1) into a linear equation by substituting the 1 1( )i l l lcpos Ppos cpose     

with 1 11 ( )i l l lcpos Ppos cpos     . 

 To find the upper bound on the estimation error, using the Lagrange remainder term 

[24], we have  

 
( 1)

1( )( ; ) ( ) ; [ , ]
( 1)!

n
n

n
f bR x a x a b a x
n


  

  (44) 

To calculate the error, considering 1 1( ) 1i l l lc P c xe e x        , we conclude: 

 
( 1) (2)

1 2 2( ) ( )( ; ) ( ) ( ) ( ) ; [ , ]
( 1)! 2! 2

n b
n

n
f b f b eR x a x a x a x a b a x
n

 
      


 (45) 

For a = 0, we have 1 1( )i l l lb c P cpos pos pos
 

   . The Lagrange remainder will be at its 

maximum value (worst-case scenario), if b is equal to its upper limit. As a result: 

 
1 1

2
( )

2
1 1 1( )Maximumerror ( ;0)

2

i l l lcpos Ppos cpos

i l l lc P c
eR x pos pos pos




   

 
    (46) 

For example, if the company decides to turn off the machine if it is not used for any 

processing activities within eight hours, and the machine failure rate during the idle mode is 10-4 

failures per hour, then the error of the proposed linear estimation is 6.395*10-7 ((0.0007997–

0.0008000)/0.0008000 = 0.04% error), which is a very small value. Expectedly, by improving 
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machine reliability during the idle mode, the failure rate decreases and the resulting error will 

decrease as well. Moreover, because the proposed scheduling model is discussed over short-term 

horizon as it addresses day-to-day operation planning, the interarrival period is less than eight 

working hours per shift. Therefore, if the machines are turned off for shorter time intervals, then 

the interarrival period decreases, and the error percentage reduces consequently. 

5.6  Solution Approach 

The presented MOREC model is solved using the weighted sum approach. This approach 

is the most common approach for solving multiobjective optimization problems [25], [19]. For 

this purpose, the objectives are scaled [25] and combined using the weighted sum approach, 

where the weights are positive numbers and obtained from decision makers such that 3

1
1i

i
w



 . 

The weights show the relative importance of the objective functions with respect to decision 

makers’ preferences. The single objective resulting from the linear combination of the objectives 

is defined as: 

 
3

1

min
max min

i i
i

i i i

F FF w
F F


 


  (47) 

where the maximum and minimum of each objective function are the results of 

maximization and minimization of each objectives over the constraint set.  

 A five-job example using the information provided in Table 1 is presented to analyze the 

proposed model. The processing times are 1, 2, 0.4, 0.3, and 0.2 hour, with ready times of 0, 1.5, 

4, 5, and 6 hour(s), respectively. This problem is solved using LINGO software for the initial 

nonlinear integer programming model, and the global optimum is obtained in less than three 

seconds for different sets of weights on a computer with Intel ® Core ™ i7-3770S CPU @3.10 
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GHz and 8 GB of RAM . Weights are obtained from decision makers and are subject to variation 

based on their preferences. In the first step of scaling, the objectives are solved individually to 

determine the minimum and maximum value of each objective, and then the model is solved for 

several scenarios. As anticipated, the minimum values of F1 and F3 are equal to zero when 

solved individually, which means that all jobs are started as late as possible to prevent any idle 

time or setup action.  

Some of the main scenarios are investigated in Table 3. In the first three scenarios, the 

model is solved using the weight sets of (w1, w2, w3) = (1, 0, 0), (0, 0, 1), and (0, 1, 0), 

considering each of the objective functions individually. Scenarios 1 and 3 consider minimizing 

energy consumption (F1) and failure rate (F3) objective functions, which yield large values for 

total completion time. Since the energy consumption and failure rate during processing times are 

removed from the model, the values of the first and third objectives are equal to zero. In the 

second scenario, the model is solved considering the weight set of (w1, w2, w3) = (0, 1, 0) giving 

the minimum amount for total completion time. As a result of this scenario, there will be some 

idle/setup power consumption as well as idle/setup failures due to scheduling of jobs to achieve 

the minimum of total completion time. In this scenario, the jobs are released at the earliest 

possible time (smaller values of Rpos in comparison to the other scenarios) which leads to a turn 

off action between the fourth and fifth positions due to the resulted long idle time in this 

interarrival duration (k4=1). The fourth scenario, showing equally important weights assigned to 

all the objective functions by decision makers, reveals the real trade-off between the objective 

functions and is used as the reference for performing a sensitivity analysis for parameter 

changes. As a result of this scenario, the job release times (Rpos) are between the values obtained 
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by the first three scenarios.  Any changes in the weights of the objectives impacts the job 

processing schedule (xij) considerably. 

Solving the five-job problem using the nonlinear integer model for the equally weighted 

scenario (Scenario 4) takes less than three CPU seconds to calculate the global optimum. If the 

model is solved using the linear approximation, the global optimum is obtained within one 

second, where the values of all the decision variables and the original objective functions are 

equal. The savings in time is more tangible when the number of jobs increases.  

Table 29 Five-Job Problem Scenarios 
Scenario 1 2 3 4 
Weights (1,0,0) (0,1,0) (0,0,1) (0.333,0.333,0.333) 

F1 0 1.639 0 0 
F2 40.387 20.472 30.297 26.334 
F3 0 1.98E-03 0 0 
k [0,0,0,0] [0,0,0,1] [0,0,0,0] [0,0,0,0] 

Rpos [6,6.204,6.611,8.648, 8.953] [0,1.5,4,5,6] [2.963,5,5.307,6.324,6.731] [2.232,3.25,5.287,5.593,6] 

cpos 
[6.204,6.611,8.648, 

8.953,9.972] [1.018,3.537,4.407,5.306, 6.204] [5,5.307,6.324,6.731,6.935] [3.251,5.287,5.593,6,6.204] 

xij 
x(1,5)=1,x(2,3)=1, 
x(3,2)=1,x(4,4)=1, 

x(5,1)=1 

x(1,1)=1,x(2,2)=1,     
x(3,3)=1, x(4,4)=1,    

x(5,5)=1 

x(1,3)=1,x(2,1)=1,   
x(3,4)=1, x(4,2)=1,                   

x(5,5)=1 

x(1,1)=1,x(2,2)=1,    
x(3,4)=1, x(4,3)=1,     

x(5,5)=1 
z [0,0,0,0] [0.482,0.463,0.593,0] [0,0,0,0] [0,0,0,0] 

B1 [1,1,1,1] [1,1,1,0] [1,1,1,1] [1,1,1,1] 
 

5.7 Numerical Experiment 

This section provides a sensitivity analysis of some parameters for the presented five-job 

problem to evaluate the impact of changes on model outputs.  

For the given set of data since the breakeven duration is obtained considering the reliability-

based approach (equations (3) and (4)), it can be concluded that increasing the repair time (Tr) up 
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to ( ) / ( 1) 1027s sTs s
s

i

TT e 




    hours will not impact the breakeven duration for the given set of 

data.  

     (1 ) ( ) / (1 )s s s ss s s s
s r s r

i i

T TT TT e T T e T  

 

 
              (48) 

However, the start times of the activities (jobs release times) will be affected by changing 

the repair time: When the repair time increases, jobs tend to start earlier. For example, in the 

scenario with equally weighted objectives, if Tr = 8 hours, then the first job will be released at 

time 2.034, and when Tr = 20 hours, then the release time of the first job will change to 1.637 in 

order to consider the probable delays due to a repair.  

Increasing failure rate during the idle model causes a decrease in breakeven duration to 

prevent the machine running idle (Figure 4). It is apparent that the maximum threshold of λi is 

the same as the machine failure rate during the processing time (λp). In this example, when the 

processing and idle failure rates are equal (λi = λp = 0.009), the breakeven duration decreases to 

0.101 hour and is be obtained via the energy-based approach.  

 

Figure 13 Impact of idle failure rate on breakeven duration 
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The impact of this change is more observable in scenarios with the maximum weight 

assigned to the second objective function. For example, by decreasing λi = 0.0009 to 0.0005 

failures per hour (56% decrease) and the given weight set of (0, 1, 0), the machine should not be 

turned off between the fourth and fifth positions (K4  = 0), while λi = 0.0009 gives K4  = 1. As a 

result, in comparison to the second scenario of Table 3, energy consumption (F1) increases to 

2.2323 hp.hour and failure decreases since there is no setup (conflict of first and the third 

objectives). Ignoring the impact of failure rate during the idle mode is investigated in detail by 

[26]. 

If the failure during setup is ignored, then the breakeven duration will be the maximum of 

setup time (Ts) and time calculated by the energy-based approach. In the above example, 

considering λs= 0, the breakeven duration is shorter and obtained through the energy-based 

approach (0.101 hour) and influences the operational decisions accordingly. Comparing the new 

model outputs with the second scenario of Table 3 shows that the new short breakeven duration 

yields the turning-off decision in all the interarrival periods, leading to less power consumption. 

Ignoring the impact of failure rates during idle, setup, and processing will change the model to a 

bi-objective problem with the energy and scheduling objectives, which is investigated 

extensively by Yildirim and Mouzon [7].  

Considering homogenous failure rates during different operation modes changes the 

breakeven duration amount as follows: 

(0, )
max{ (1 ) , , }sT

B s r s

SElambertw
IPT T e T T
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(0, )

max{ (1 ) , }sT
B s r

SElambertw
IPT T e T






     (49) 

This concept is interesting because the reliability-based approach ( s s
B

i

TT 


 ) is a key 

factor in determining the breakeven duration, and the relation between λi and λs is of great 

importance. In machines sensitive to the shocks during the off/on process, i.e., λs is significantly 

larger than λi (λs >>λi), the reliability-based equation is more critical in breakeven duration 

determination and that is the main reason preventing the manufacturing companies to turn off the 

machines during the idle time. However, for the machines resistant to shocks, all the three 

equations (2-4) should be calculated to define the breakeven duration and no assumption can be 

made in advance. Figure 5 provides some insights about the relations between λi and λs such that 

for λi > λs the breakeven duration is defined using the energy-based approach and thereafter the 

reliability-based approach determines the breakeven duration. 

 

Figure 14 Impact of setup failure rate on breakeven duration for a given λi 

Moreover, as the spike energy or warm-up duration increases depending on the machine 

type, setup energy (SE) and setup duration increase consequently which impact the breakeven 

duration. The behavior is illustrated in Figure 6 for various levels of setup failure probability. As 

λs > λi 
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can be seen, increasing warm-up duration increases the breakeven duration and it is of more 

importance when the machines are more sensitive to setup shocks (larger values of probability of 

failure during the setup).  

 

Figure 15  Impact of warm-up duration on breakeven duration for various probability of failure 
per setup (PFs) 

 

For more analysis, another numerical example is provided for a 10-job problem using 

following information: 

Table 30 Ten-job case study data 

PP: 5 hp λp:1×10-6 failures/minute 
IP: 2 hp λs:2×10-8 failures/ minute 
Tr: 4 hours λi: 1×10-8 failures/ minute 
Processing times (Pj): 10,20,30,10,5,10,7,5,5,10 min 
Ready times (Rj): 0, 10,10,60,80,180,260,360,400,450 min 
Warm-up power: 3 hp Start-up power: 8 hp 
Warm-up time: 30 min Start-up time: 1 second 

 

Similar calculations give the SE=90.13 hp. minute and TB= 

max{30.0171,45.065,60.034}=60.034 minutes. Table 5 provides the resulted model outputs 

using the nonlinear approach within 8.17 minute; however, linear estimation yields the same 

decision variables results within 0.22 minute. 
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Table 31 Ten-job problem objective function values 

Weights (0.333,0.333,0.333) (1,0,0) (0,1,0) (0,0,1) 
F1 90.130 0 450.35 0 
F2 2505.961 5268.207 1942.057 5195.19 
F3 6.00E-07 0 2.70E-06 0 

 

Solving the model using the weighted approach, it is observed that weights of the 

objective function influence the operational decisions: assigning more weights to F3, the decision 

variable k includes more of zero value to keep the machine running idle and preserve machine 

reliability. In addition, the schedule of the jobs (xij) differs along with the variation in the 

objective functions weights. As a result, selecting the best operational decisions will entirely rely 

on the opinions of decision makers in the company and how they define the weights of the 

objective functions. Figures 7- 9 illustrate the interaction between objective functions:  

Figure 7 presents the conflict between energy consumption and total completion time 

minimization objective functions.  

 
Figure 16.Completion time vs. energy 

Figure 8 illustrates the conflict between failure and energy consumption objective 

functions. 
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Figure 8 Total failure vs. energy 

 

Figure 9 depicts the total completion time and failure rate minimization conflict. As it can 

be seen in Table 2 these two objectives are in conflict initially, however, appropriate definition 

of breakeven duration with respect to the time, reliability, and energy approaches prevents this 

conflict (Figure 9). Because these objectives are of different natures and are in conflict 

originally, we considered them as separate objective functions.   

 

 
Figure 9 Completion Time vs. total failures per minute 

 
Table 6 provides a comparison based on the required time to solve the equally weighted 

model with five, 10 and 20 jobs using nonlinear and the linear estimation approaches. The exact 
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decision variables’ values– job schedules (Rposl, xij) and setup decisions (k) – are obtained using 

both approaches. 

Table 32 Time comparison for 5, 10, and 20-job problems with weight set (0.333, 0.333, 0.333) 

        Time 
(minute) 

Weighted 
sum 

5- job 
Nonlinear 0.033 0.0662 
Linear 0.017 0.0662 

10- job 
Nonlinear 8.167 0.1459 
Linear 0.217 0.1459 

20- job (using 10-job 
case data) 

Nonlinear 115.183 0.1601 
Linear 40.167 0.1420 

 

5.8  Conclusion 

In this chapter, a multiobjective, mixed integer nonlinear programming model is 

proposed to minimize total completion time, machine reliability and energy consumption for a 

single-machine manufacturing problem. The interaction between total completion time, machine 

reliability and energy consumption is not studied in the literature and this study is the first to 

investigate this integrated problem. 

 The model is solved for small-scale problems using the weighted sum approach where 

global optimum is obtained for each set of weights defined based on the decision makers’ 

preferences. The proposed model is also approximated by a linear model. Since the 

approximation error is very small, the quality of the answers will not decrease. Among 

scheduling problems, minimization of total completion time with release dates is an NP-Hard 

problem [26]. As a result, increasing the number of jobs results in exponentially longer solution 

times. Consequently, a heuristic approach like genetic algorithm can be proposed to solve the 
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model in an efficient time. However, the global optimum is not guaranteed in heuristic 

approaches, and a tradeoff between time and the accuracy of the results should be considered. 

The impact of parameter variations is illustrated through an experimental case study. It is 

observed that considering various failure rates during different operation modes plays a key role 

in determining the breakeven duration and any changes in failure rates may influence operational 

decisions (off/on activity and job orders) extensively. This fact has been mostly ignored in the 

previous studies. Moreover, the impact of repair time, warm-up duration, and setup energy on 

breakeven duration is analyzed. The economic impacts of turning on/off decisions such as energy 

saving costs versus electricity demand charge, and machine degradation costs necessitate 

developing models to appropriately define the turning on/off policies especially in multi-machine 

manufacturing environments with intensive energy consuming machines.   

In this setting, determining the optimal operational policies to release the jobs and turn 

off/on the machine depends on decision makers’ preferences and how they evaluate the relative 

importance (weights) of each objective function. It was observed that assigning more weights to 

completion time objective function increases the number of setups while degrading the machine, 

whereas considering more weights to the reliability and energy consumption objective functions 

increases the total completion time. A decision making approach such as AHP, TOPSIS, or 

VIKOR can be proposed to evaluate the various alternatives based on the criteria specified by the 

decision makers.  

Appendix. Convex function 

Definition. A function f (x) is called convex if, for every u and v and every 0 ≤ α  ≤ 1 [22], 

f [αu + (1 − α)v] ≤ αf (u) + (1 − α) f (v). 
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( (1 ) ) (1 )u v u ve e e            

Also, the positive combination of convex function will be convex, and multiplying a 

convex function by minus one gives a concave function. 
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CHAPTER 6 

CONCLUSION AND FUTURE WORK 

This chapter discusses the major findings of this dissertation and some possible future 

research areas are proposed for each chapter. This dissertation addressed several operational 

management problems in different levels of decision making with respect to sustainability and 

energy, as well as the reliability and maintenance considerations in a single machine 

environment.  

In Chapter 2 a new generic framework was presented for maintenance strategy selection 

problem in a sustainability-based manufacturing company. As this problem is involved with 

strategy selection, it is a long term planning problem. In this chapter, the best maintenance 

alternative can be selected with respect to three sustainability pillars of social, economic and 

environmental, as well as the opinions of a group of decision makers. For this purpose a two-step 

framework was presented: in the first step, the criteria associated with each sustainability pillar 

were evaluated and the leading factors were determined using factor analysis approach. This step 

gave a reduced decision making tree to decrease the complexity of the decision making process. 

In the second phase, a fuzzy VIKOR method was applied to select the most appropriate 

maintenance strategy by the decision makers of the company with respect to the leading factors. 

The proposed approach is general and is applicable to any other decision making problem. We 

also determined the leading factors for each sustainability pillar, which not only reduces the size 

of the problem and simplifies the decision making process, but also provides a basis for other 

sustainability-based decision making problems in a manufacturing company pursuing sustainable 

development plans. Moreover, the inherent ambiguity in data was addressed through the fuzzy 

approach. 
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For more analysis, the proposed maintenance selection procedure may be repeated 

considering all the 52 criteria and compare the results with the outputs of the current study to 

investigate the impact of data loss through factor analysis. Also, the analytical network process 

(ANP) method can be applied to the sustainability criteria and the results of ANP can be 

compared with the proposed framework. Obtaining the actual data from local manufacturing 

companies and implement the proposed approach provides a great application and validation for 

the proposed solution and analysis approach in this chapter.  

In Chapter 3 (problem 2) a short-medium term planning problem was investigated: a joint 

maintenance-production planning problem was studied in this chapter for a single machine, 

multi-period, multi-product manufacturing company with respect to the impact of maintenance 

and repair actions on energy consumption amount and the associate costs. The objective function 

was aiming at minimizing the overall cost of repair, maintenance, production, inventory, and 

setup cost, under incomplete and perfect maintenance and minimal repair actions. In this chapter 

it was observed that incorporating the impact of maintenance on energy consumption can 

influence the maintenance and production plans significantly. 

The proposed mixed integer nonlinear model can be extended for a multi-machine 

production setting where the integrated problem is more complex. Also, in this chapter, the age 

of the machine was defined only based on the processing times of the products. However, the 

actual age of a machine is summation of the idle and processing times and developing a 

production scheduling model which includes the machine idle time into the age definition with a 

different level of impact is of great value. The proposed model was solved for small and medium 

size problems within short amount of time which was practical for most of the real case studies, 

especially since the nature of this problem is a medium term planning problem. However, 
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investigating the possibility of some approaches to linearize the model to simplify its solution 

approach is an open future research area for this problem. Also, proposing meta-heuristic 

methods such as genetic algorithm to solve the model for large scale problems might be another 

possible area of future work. In this chapter we studied the interaction of maintenance and 

energy consumption on the machine, assuming that an inefficient maintenance increases the 

processing times, causing an increase in energy consumption. However, there are not enough 

studies in the literature to address the impact of degradation on energy consumption profile of 

the manufacturing machines. As a result, designing some experiments to show this interaction on 

various machines in manufacturing or healthcare systems is so valuable.  

In Chapter 4 (problem 3), we studied the economic production quantity model (EPQ) 

with imperfect quality, variable unit production cost and unit energy cost considering system 

flexibility. The proposed model was a constrained nonlinear model aiming at minimizing the 

total cost of production, inventory, energy, interest and depreciation, and rework, and 

determining the production rate, setup cost, and economic production lot size. In this short-

medium tem planning model, we considered setup cost and production rate as decision variables 

while in most of the existing studies, they were assumed to be fixed parameter. We also 

performed several analyses to evaluate the impact of parameters variations such as energy cost 

on production rate and batch size. 

There are several areas of developments for this chapter: here, we were assuming demand 

to be a known parameter, however, in reality, demand is a function of product price and unit 

marketing costs which are affected by rivals’ activities in the market. As a result, defining 

demand as a function of unit selling price and marketing cost and developing a profit 

maximization problem to determine production rate, batch size, unit selling price and marketing 
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cost can be one area of future research. Also considering budget costs and including the 

maintenance intervals into a cycle provide some other possible future work areas. In the current 

model, we were assuming a single defective rate for the entire production cycle. However, we 

may assume an increase in the failure rate at some points in the middle of the production process 

following a probability distribution function. In this study, energy cost per period was a constant 

parameter, but we may need to consider variable energy price, because energy price varies over 

the production period.  

In Chapter 5 (problem 4), a short term planning model was developed to minimize total 

completion time and energy consumption, and maximize the reliability of the machine 

simultaneously for a single machine manufacturing environment. To my best knowledge, the 

proposed multiobjective mixed-integer nonlinear model was the first study to consider various 

failure rates during different operation modes of setup, idle and processing. It was observed that 

the relation between failure rates can influence the job processing schedules. Moreover, in the 

multiobjective model, assigning more weights to completion time objective function increases 

the number of setups (turn on/off actions) while degrading the machine.  

The model was solved for small scale problems and a heuristic or meta-heuristic 

approach like genetic algorithm can be developed to solve the larger scale problems in a time-

efficient manner. The presented model depends on decision makers’ preferences and how they 

evaluate the relative importance (weights) of each objective function. A decision making 

approach such as AHP, TOPSIS, or VIKOR can be proposed to evaluate the problem based on 

the criteria specified by the decision makers. Also, some other job scheduling objective functions 

such as cmax (maximum completion time) or tardiness minimization may be considered for this 

type of problem.  
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