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ABSTRACT 

 This study develops a reverse logistics network design for end-of-life (EOL) use of assets 

and asset management strategies with a retrofit for existing assets. The models specifically 

incorporate different EOL options for wind turbines (WTs) before their useful life. The reverse 

logistics network model and asset management model allow decision makers to accurately 

compute the trade-off between long-term costs and capital costs as a function of 

reliability/availability and maintenance in order to determine optimal decision strategies. These 

modeling endeavors are motivated by overwhelming evidence in the literature, which has clearly 

shown that operation and maintenance (O&M) costs increase as assets age. This has implications 

for an asset manager’s decision of when one should buy, use, retrofit or sell assets to minimize 

total operating and maintenance costs. Unfortunately, at some point in time, a significant number 

of WTs will reach the end of their service life. 

 In this study, we address this deficiency by first using mixed-integer linear programming 

(MILP) to develop a reverse logistics network for EOL assets. Second, we develop an MILP 

model in which the retrofitting option is integrated into the model to better analyze asset 

management strategies. This modeling approach is an improvement to previous asset 

management studies in that it incorporates (or includes) the retrofitting an option into asset 

management strategies. The goal here is to enable decision makers to accurately estimate 

operation and maintenance costs, the cost of purchasing an asset or retrofitting an existing asset, 

and optimal replacement timing. Last, reliability data is used to analyze the existing conditions of 

an asset, and based on the reliability/availability data, another model is developed and used to 

determine the asset management strategies for existing assets. In this study, we develop models 

that are applicable to any asset and illustrate these models on WTs over a finite horizon.  
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CHAPTER 1 

INTRODUCTION 

1.1 Overview 

In recent years, there has been significant interest in the sustainable processes for the end-

of-life (EOL) products to reduce resource consumption and landfill wastes. Among these 

processes, recycling and remanufacturing provide opportunities for companies to reduce the 

environmental impact while maintaining economic viability (Shi, 2013). Many organizations and 

industries typically own hundreds of assets such as airplanes, ships, and wind turbines, a 

significant number of which will either simultaneously or nearly simultaneously eventually reach 

the end of their useful service life. Thus, a sustainable process for making end-of-life decisions is 

needed for these assets to maximize the economic benefits while minimizing the environmental 

costs. Therefore, from a decision-maker’s standpoint, to be more sustainable, there is great need 

to optimize the economic and environmental benefits of remanufacturing or recycling assets. 

Ample evidence shows that operation and maintenance (O&M) costs tend to increase 

with the age of the assets. This characteristic of O&M costs implies that there is an optimal time 

to buy a new asset or sell an existing asset, which is also a function of the purchase price and the 

rate of the O&M cost increase. If this optimal replacement age is consistently utilized, then 

decision makers can minimize their total costs. Considering budget shortfalls, decision makers 

may also consider retrofitting as an option to increase energy production as well as reduce the 

O&M cost. 

Furthermore, decision makers must also deal with frequent breakdowns that typically 

mean increased downtime. There is no doubt that preventive maintenance helps to extend the life 

of an asset, but compared to preventive maintenance, retrofitting is currently the most successful 
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option within different industries. Implementing both options, however, will improve the failure 

rate of assets. With increased O&M costs (which may increase the overall total cost), there is a 

reduction in downtime, but a point is reached where the direct cost of O&M is greater than the 

savings made by increasing the availability of the asset. This is the point when it no longer 

makes financial sense to increase O&M spending (Post, 2013). Therefore, improving the existing 

failure rate may help decision makers decide which option to choose and when to choose in 

terms of asset management and end-of-life options. 

With this knowledge, the aim is to achieve sustainability by doing the following: (a) 

design a reverse logistics network (RLN) for wind turbines (WTs) improve the economic 

benefits of EOL use, (b) understand the retrofitting option and how replacing worn out asset 

components might increase production, and use retrofitting as part of an asset-management 

strategy to identify the optimal replacement decision that minimizes overall cost, and (c) analyze 

the effect of reliability/availability on EOL asset management strategies. More specifically, this 

study aims to develop models that are applicable to all types of assets and to illustrate those 

models on WTs over a finite horizon. 

1.2 Outline of Dissertation and Contributions 

Prior to introducing the models that were developed in this study, Chapter 2 summarizes 

the existing EOL literature. One of the goals of this chapter is to contribute to the reverse 

logistics literature, especially EOL use, by improving an understanding of why a reverse logistics 

network is needed and how it can be modeled effectively for asset EOL use. This chapter also 

provides background regarding RLNs for wind turbines (main challenges) and completes a broad 

revision of the existing EOL literature for different industries. In addition to emphasizing the 

need for an effective reverse logistics network, an explanation is provided for the environmental, 
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social, and economic benefits of the RLN for wind tunnel EOL use and how environmental, 

social, and economic benefits can be a part of the reverse logistics design. 

Chapter 3 formulates a reverse logistics network model consisting of remanufacturing 

and recycling options for the EOL assets. The model is applied to a case study involving wind 

turbines. Using different recycling ratios, an attempt is made to determine the potential locations 

of remanufacturing and recycling centers as well as the total network cost. Under this 

framework, analytical results show that the increase (decrease) of the recycling ratio leads to a 

higher (lower) network cost, which may also result in a higher (lower) level of the product 

weight, and vice versa. Hence, decision makers may not be able to pursue the option of recycling 

or remanufacturing and, therefore, are advised to consider the negative impact on other factors 

before any effort is taken to improve one factor. As a consequence, the increase (decrease) of the 

recycling rate may result in a higher level of the landfill quantity when the marginal recycling 

benefits are sufficiently high (lower). Also, under the right budget constraint, increasing the 

recycling ratio in the model can be achieved. However, an inappropriate value of recycling may 

also result in inferior environmental performance (i.e., a greater quantity of landfill) relative to 

the high remanufacturing rate case. Given these findings, the budget becomes critical for 

achieving high environmental efficiency and avoiding unintended negative environmental 

consequences. 

Chapter 4 discusses the fact that at any time throughout the life cycle of an asset, as the 

maintenance cost increases (due to component deterioration), decision makers have the option to 

terminate, recycle, replace, or retrofit an asset. Typically, depending on the physical condition of 

the asset, components are either retrofitted, replaced, or salvaged. Here, mixed-integer linear 

programing (MILP) is proposed in order to determine the optimal replacement scheduling for 



4 

retrofitting, replacing or keeping the assets. The proposed model is applied to a case study 

involving WTs, with real-world data to validate the approach. The model would incorporate 

different EOL options for WTs as well as associated O&M costs and fixed costs for each option, 

and would determine the optimal replacement schedule for retrofitting, replacing, or keeping the 

assets throughout a time horizon as well as maximizing the electricity production of wind farms. 

Increasing the problem size also increases the computational solution time exponentially; 

therefore, a subgradient optimization algorithm using Lagrangian relaxation (LR) is proposed by 

relaxing two possible complicating constraints to solve the asset management problem with 

retrofitting. This proposed method solves the asset management problem with retrofitting in a 

reasonable amount of time. Results show that retrofitting is less costly than keeping assets. The 

critical findings of Chapter 4 include the following: (a) O&M cost is the driver for decision 

makers to prolong the life of an asset, and (b) the higher efficiency of retrofitted assets may lead 

decision makers to implement the retrofitting option earlier. It is hoped that these findings, being 

the first research findings on the remanufacturing or recycling of existing wind turbine decisions 

via a real-options approach, will stimulate relevant discussions among industrial practitioners, 

governmental regulators, environmental groups, and academics. 

In Chapter 5, an MILP modelling approach is proposed to identify the optimum 

maintenance or retrofitting schedule under budget and energy production constraint(s) by 

improving failure rate of asset parts is developed. To avoid unanticipated failures and ensure 

high availability, instead of preventive maintenance, retrofitting could be considered a 

management option for aging assets or asset parts that have a high failure rate. The model is 

applied to a case study involving WTs. Computational experiments and analyses using key 

parameters are performed, and asset management strategies considering the effect of using 
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existing reliability/availability data are illustrated. The objective here is to find the least-cost 

replacement interval in order to achieve asset usage at the lowest possible cost. The 

mathematical model allows decision makers to simultaneously make optimal decisions about 

keeping or retrofitting the asset during its useful life by implementing failure rate data. The 

results of this study show that to reach the target reliability value with improved failure rate data, 

the model prefers retrofitting due to lower lost time and a high energy production rate of this 

option. The reason for selecting retrofitting is not only because less time is lost but also the 

existing failure rate of an asset component can be improved in order to reach the target 

reliability. This work differs from previous research in the asset management literature by 

addressing the following issues and previous deficiencies. 

 This is one of the first optimization models to use retrofitting with existing reliability data 

to assess the asset management strategies for existing assets. 

 This is one of the first optimization models to focus on improving the production 

efficiency of assets by implementing retrofitting as an asset management strategy. 

  The developed case study uses existing reliability, cost data, and insightful results to 

estimate the best asset management strategy for existing WTs. 

Chapter 6 of this study presents the findings and conclusions, with recommendations for 

future research. 
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CHAPTER 2 

 

LITERATURE REVIEW:  REVERSE LOGISTICS NETWORK DESIGN  

AND END-OF-LIFE USE FOR WIND TURBINES 
 
 

Abstract 

Because they leave a smaller environmental footprint, wind turbines are one of the most 

promising renewable technologies. Their estimated service life is between 20 and 25 years. In the 

near future, a significant number of them will reach the end of their service life, which is not 

only varied, but also difficult to accurately estimate, depending on a number of factors, including 

maintenance, environmental conditions, and use. Thus, a sustainable reverse logistics network is 

needed in order to maximize the environmental benefits of wind energy and to minimize the 

environmental impact while optimizing the total economic benefit. To date, end-of-life options 

for modern wind turbines have not been fully addressed. This chapter provides a literature 

review of RLN strategies that can be developed for wind turbine end-of-life use. This review 

distinguishes previous studies relative to EOL in terms of the RLN literature. The purpose of 

reviewing different industries is to obtain a general idea about how the existing RLN could be 

applied to WTs end of life. Based on these studies, the main challenges as well as requirements 

for further research on the reverse logistics network for WTs are determined. 

2.1 Introduction 

Wind turbines are a promising renewable energy technology of the future. In the United 

States, renewable energy sources provide 17.05% of total energy production, and of this 

percentage, the wind power share is 5.74% (Bossong & Campaign, 2015). Even though using 

this technology offers many advantages, such as low carbon emissions, the main concern is 

determining how to dispose of these gigantic pieces of equipment at the end of their life. In order 
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to maximize the environmental benefits of wind energy, a sustainable process is needed for WTs 

at the end of their life (Ortegon et al., 2012a). 

According to the American Wind Energy Association (AWEA, 2011), approximately 40,361 

WTs have been installed in the U.S., 10,359 of which were installed before 1990 and are already 

reaching their end of life use (Ortegon et al., 2012b). The EOL alternatives for WTs are 

recycling, reconditioning, reuse, and remanufacturing. These alternatives present a valuable 

opportunity to reduce virgin material consumption, preserve energy, and reduce the carbon 

footprint as well as decrease the volume of material that will be sent to a landfill. However, in 

the literature, EOL options for modern WTs have not been fully addressed. 

The reverse logistics network design for WTs is an approach that can be used to improve 

the economic benefits of EOL use. There are many definitions of reverse logistics. Stock (1998, 

p. 20) defined the term “reverse logistics” as “the role of logistics in product returns, source 

reduction, recycling, material substitution, reuse of materials, waste disposal, and refurbishing, 

repair and remanufacturing.” According to Carter and Ellram (1998), the reverse logistics is “a 

process whereby companies can become more environmentally efficient through recycling, 

reusing and reducing the amount of materials used.” Hawks (2006) defined reverse logistics as 

“the process of planning, implementing, and controlling the efficient, cost effective flow of raw 

materials, in-process inventory, finished goods and related information from the point of 

consumption in order to recapture value or proper disposal.” More precisely, reverse logistics is 

the process of moving goods from their typical final destination for the purpose of capturing 

value, or proper disposal. Remanufacturing and refurbishing activities also may be included in 

the definition of reverse logistics. Reverse logistics is the mechanism used by a manufacturer to 

collect products at the end of the life cycle from the point of view of the consumer for possible 
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recycling and remanufacturing. Reverse logistics is primarily applied in order to improve the 

recovery of products when they are at the end of their life cycles (Meade et al., 2007). Products 

that are collected using reverse logistics can be used in four forms to achieve environmental and 

economic goals: direct reuse, repair, recycling, and remanufacturing. Reverse logistics can be 

established through any of the following: (a) original forward channel, (b) reverse channel, or (c) 

a combination using both forward and reverse channels. Therefore, developing an effective 

reverse logistics network to improve the collection of the EOL product is very important 

(Abdolhossein et al., 2012; Meade et al., 2007). Different studies involving automobile, 

electronic, and paper recycling have been completed to establish an effective reverse logistics 

network in terms of economic and environmental benefits (Srivastava, 2007; Thierry et al., 1995; 

Quariguasi et al., 2010). 

 Considering the elements of these definitions, the definition given by Meade et al. (2007) 

seems to be the most complete and seems to incorporate the principle characteristics. Therefore, 

henceforth in this work, reverse logistics according to this definition is considered. 

The literature on reverse logistics is truly overwhelming to the casual reader. Because the 

intent of this chapter is to review articles related to EOL using reverse logistics, the widely 

studied reverse logistics topics have been summarized under the three most-studied categories: 

facility location, production planning, and green logistics. This literature review was restricted to 

research papers published in this century (mostly after 2000). 

Based on a review of papers published for different industries, as shown in Table 2.2, 

reverse logistics network components can be applied to a variety of sectors and applications, 

including government support, disposition options, warranties, remanufacturing options, 

transportation and logistics, flow uncertainties, labor cost, and collection. Among these, due to 
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commonality, it has been determined that the main challenges of RLN design for WTs would be 

transportation, collection, disassembly, and labor. Compared to other industries such as small 

electronic goods, collecting and transporting WTs is one of the more formidable challenges in 

designing the RLN because of their size. A second challenge is the inherent uncertainties 

associated with the return flow. Because WTs are comprised of thousands of parts made of 

different types of materials, accurately determining the return flow for each component would be 

very difficult, if not impossible. Last, but not least, a significant challenge is the cost of finding 

qualified labor. For the application of EOL to electronic goods, companies can establish 

convenient drop-off locations for consumers. However, with WTs, qualified labor is required to 

disassemble the WTs at each wind farm location, which in turn increases the cost of labor. As a 

result, transportation and collection, remanufacturing, and recycling centers warrant further 

discussion later on. 

Reverse logistics network design and facility location: Reverse logistics network and 

facility location design has been widely studied in various industries and for various products. 

The main objective of the RLN design is to develop a network, which either minimizes cost or 

maximizes profit while determining the location of reverse logistics facilities. Some of these 

studies are as follows: Barker and Zabinsky (2008), Kannan et al. (2009), Das and Chowdhury 

(2011), Mutha and Pokharel (2009), Piplani and Saraswat (2012), Alumur et al. (2012), Vahdani 

et al. (2013), Amin and Zhang (2013a), Lu and Bostel (2007), Du and Evans (2008), 

Wollenweber (2008), Eskandarpour et al. (2013), Lee and Rhee (2009), Lee and Dong (2008), 

Pishvaee et al. (2010a), Suryabatmaz et al. (2014), Xanthopoulos et al. (2011), Kannan et al., 

(2012), Quariguasi Frota Neto et al. (2008), Fleischmann et al. (2000), Kumar and Putnam 

(2008), Diabat and Govindan (2011), Paksoy et al. (2010), Clifford et al. (2009), Sheu et al. 
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(2005), Lee and Dong (2009), Jayaraman et al. (2003), Salema et al. (2007), Mounir et al. 

(2011), and Benaissa and Benabdelhafid, (2010). In addition, an extensive review of research on 

reverse logistics is presented by others:  Srivatsava and Srivatsava (2006), Pokharel and Mutha 

(2009), Ye and Zhenhua (2014), and Aravendan and Panneerselvam (2014). 

Reverse logistics network design and production planning: The main objective of 

production planning is how much to produce in an industrial facility, taking into consideration 

the transportation of products to the customers and final disposition of materials after 

consumption. Some of the studies relative to production planning are as follows: Bouras and 

Tadj (2015), Lu and Bostel (2007), Hai-Jie et al. (2007), Romeijn et al. (2010), Ashfari et al. 

(2014), Lu et al. (2007), Bostel et al. (2005), Guide (2000), Jayaraman (2006), and Shi et al. 

(2011). 

Reverse logistics network design and green logistics: The green logistics network 

design primarily consists of all network design issues that benefit the environment, as well as the 

RLN and closed-loop supply chain (CLSC) network. The main objective is to identify the facility 

locations and respective flow quantities between locations (similar to a typical decision involving 

any facility allocation problem). Some of the green logistics network design literature is provided 

as follows: Cirovic and Bozanic (2014), Xie and Wang (2010), Pati et al. (2013), Pishvaee et al. 

(2012), Dekker et al. (2012), Ramudhin et al. (2008), Srivastava (2007), Sarkis (2003), Harris et 

al. (2009), Ubeda et al. (2011), McKinnon et al. (2015), and Min et al. (2012). 

The objective of this chapter is to identify the primary factors necessary for the wind 

turbine sector to develop and use a rigorous reverse logistics network in the WT lifecycle. These 

factors include the following:  

 Identifying the drivers of a growing market for recycled and remanufactured WTs. 
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 Creating an RLN that is economically efficient for EOL WT (i.e., remanufacturing, reuse, 

recycling) 

 Identifying the challenges that can be learned when designing an RLN for the WT 

industry. 

 This chapter makes three contributions. First, it provides background regarding reverse 

logistics networks for WTs (main challenges). The second contribution is a review of the 

existing EOL literature for different industries and summarizing that literature. One of the goals 

of here is to contribute to the reverse logistics literature, especially EOL use, by improving an 

understanding of why RLNs are needed and how effective they can be modeled for WT EOL 

use. By emphasizing the need for an effective RLN, this chapter also explains the environmental, 

social, and economic benefits of an RLN for WT EOL use. 

The rest of this chapter is organized as follows. Section 2.2 presents the reverse supply 

chain and end of life use studies. Section 2.3 discusses end-of-life use strategies for wind 

turbines. Section 2.4 focuses on the environmental, social, and economic impacts of reverse 

logistics for EOL use for WTs. Section 2.5 presents reverse logistics networks for different EOL 

use products. Section 2.6 explains the use of reverse logistics networks to optimize WT EOL use. 

Finally, Section 2.7 presents a conclusion and some possible recommendations for future 

research areas. 

2.2 Reverse Supply Chain and End-of-Life Use Studies 

In the last two decades, researchers have spent considerable effort studying how reverse 

logistics can reduce costs, and how to establish an effective and efficient reverse logistics 

structure of EOL use for various industries. This section presents relevant studies completed in 

the field of reverse logistics for EOL use, as well as a summary of the reviewed studies. This 
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review process would be useful to determine the main similarities or differences in designing an 

RLN for WT EOL use, and also to highlight the main challenges that can be encountered. 

In Sections 2.2.1 to 2.2.4, the existing EOL RLN design studies are grouped, based on 

different industrial applications. 

2.2.1 Reverse Logistics for Recycling and Reuse 

Recycling and reuse are resource-recovery mechanisms that include the collection and 

reprocessing stages. Reverse logistics systems for recycling begin with the collection of 

materials from the end user and finish with the end market (Do Valle et al., 2009). By applying 

the RLN, companies can become more environmentally efficient by reducing their waste, 

recycling, and reusing the material. Several RLN design studies have been completed to show 

how this method can be used effectively to improve the recycling rate and waste management 

strategies (Ahmet, 2014). Some of these studies are summarized below: 

Kroon and Vrijens (1995) considered the design of a logistics system for used plastic 

containers. They propose a mixed-integer linear programming (MILP) model to determine the 

number of containers required to run a five echelon system under consideration with an 

appropriate service, distribution and collection fee per shipment for empty containers and the 

location of depots for empty containers. 

Biehl et al. (2007) simulated a carpet reverse logistics supply chain which uses a 

designed experiment to analyze the impact of the system design factors on the operational 

performance of the reverse logistics system. In this study, it is concluded that it is unlikely that 

the carpet industry can meet its goals without a large increase in the rate of return flows and 

recycling of its products. 
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Sheu (2007) presented a coordinated reverse logistics management system for the 

treatment of multi-source hazardous wastes in a given region. In this study, a linear multi-

objective analysis model was used to minimize both the total reverse logistics operating costs 

and corresponding risks. Quariguasi Frota Neto et al. (2008) designed an algorithm for the multi-

objective linear model with three objectives: to minimize cost, to accumulate energy demand, 

and to deal with waste in a reverse logistics network. 

Pati et al. (2008) developed a mixed-integer goal programming model to determine 

proper management of the paper-recycling logistics system. In this model, multiple objectives of 

a recycled paper distribution network were investigated. Lee et al. (2009) proposed a model to 

determine the optimal numbers of disassembly and processing centers. 

Sasikumar and Haq (2011) used an MILP model to optimize the close-loop distribution 

supply chain network for recycling lead acid batteries. The mathematical model generated in this 

study is suitable for most manufacturers involved in recycling and recovering hazardous 

material. 

Graczyk and Witkowski (2011) focused on the economic and environmental optimization 

of reverse logistics processes in plastics manufacturers. In this article, they developed application 

methods for the settlement of environmental-economic support for reverse logistics processes 

aimed at reducing consumption of energy and raw materials by plastics manufacturers. 

Kannan et al. (2011) developed a multi-echelon, multi-period, multi-product CLSC 

network model to determine the raw material level, production level, distribution and inventory 

level, disposal level, and recycling level at different facilities with the objective of minimizing 

the total supply chain cost. In this study, the optimum usage of secondary lead recovered from 
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spent lead-acid batteries for producing a new battery is presented. The proposed heuristics-based 

genetic algorithm (GA) is applied as a solution methodology to solve the MILP model. 

Schultmann et al. (2006) developed an MILP model to evaluate the consequences of 

using closed-loop recycling concepts in designing the recycling network for spent batteries. Also, 

a hybrid approach was developed to establish a CLSC for spent batteries that combines an 

optimization model for planning a reverse-supply network and a flow-sheeting process model 

that enables a simulation tailored to potential recycling options for spent batteries in the 

steelmaking industry. Their results show that almost complete recycling of spent batteries can be 

achieved by transforming the current structure into a modified recovery network. 

Listeş and Dekker (2005) applied stochastic models to a representative real case study on 

recycling sand from demolition waste in The Netherlands. The facility location model was set up 

and solved by a combination of valid inequalities, heuristic rounding-off procedures, and 

iterative exact solving of subproblems. The objective of the study was to maximize profit. 

Kusumastuti et al. (2004) established a multi-objective and multi-period MILP reverse 

logistics network design for modularized products. They present an approach to designing an 

RLN for product recovery, incorporating multi-objective functions, multi-period planning 

horizons, and uncertainties. This approach consists of both mathematical and simulation 

models—the former utilizing mixed-integer programming (MIP) to model the multi-objective, 

multi-period problem of the network design, and the latter to incorporate uncertainties. Due to its 

complexities, spanning-tree-based GAs are utilized to find non-dominated solutions. 

Louwers et al. (1999) developed a mixed-integer linear facility location and allocation 

model for reusing carpet material, which differs from other mathematical models for supporting 

the design of the logisticsstructure of reuse networks, among others, in a completely free choice 
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of the locations for preprocessing and in explicitly taking into account depreciation costs. Nenes 

and Nikolaidis (2012) proposed an MILP model for optimizing the decisions of a 

remanufacturing company carrying out procurement, remanufacturing, salvaging, and stocking 

of used products by using multiple periods of time. Mahmoudi et al. (2013) presented an integer 

linear programming model for a multi-layer, multi-product mathematical model for optimizing a 

reverse supply chain, including transportation, operation, maintenance, and remanufacturing 

costs. The objective of this model was to minimize the transportation costs of products and parts 

among centers, and also operation parts, maintenance, and remanufacturing costs at the same 

time. They also aimed to minimize the costs of fixed opening facilities, transportation, and 

shipping of products and parts between centers. 

Donmez and Turkay (2013) developed a multi-period MILP model for designing a 

reverse logistics network for collecting, sorting, exporting, recycling, and disposing of waste 

batteries at a landfill area. The objective of this model was to minimize the total present value of 

the waste battery management system in order to provide an effective decision support tool and 

offer useful outputs to decision makers. 

2.2.2 Reverse Logistics for Electronic Products 

Due to technological changes and market growths of electrical and electronic products, 

and the amount of valuable materials that could be recovered, recycling and remanufacturing of 

these products after their useful life is very important. In order to reduce the negative impact of 

electronic waste on the environment at the end of the useful life, they need to be properly 

handled, processed, disposed of, and, if applicable, remanufactured, recycled, or reused (Dat et 

al., 2012). To be able to effectively handle this waste, designing a well-defined reverse logistics 
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network is crucial. Several RLN design studies that have been published for different electronic 

products are summarized here. 

An MILP model was established for a multi-echelon product recovery network design 

that focused on the remanufacturing of a certain type of copy photocopier. In this study a linear 

programming (LP) solver was used to obtain the optimal solution for instances of small problem 

size (Krikke et al., 1999). Shih (2001) utilized an MILP model to optimize the infrastructure 

design and the reverse network flow for computer recycling. The proposed model attempts to 

minimize the total cost, which consists of transportation cost, operating cost, fixed cost for new 

facilities, final disposal cost, and landfill cost, as well as the sale revenue of reclaimed goods. 

Nagurney and Toyasaki (2005) developed an integrated framework for modeling reverse 

supply chain management for electronic waste recycling in order to establish the variation 

inequality formulation in which a multi-tier e-cycling network equilibrium model was 

constructed. Xanthopoulos et al. (2011) focused on the optimal design of the recovery processes 

of the EOL electric and electronic products, with a special focus on disassembly issues. They 

presented a multi-product, multi-period MILP model to address the optimization of the recovery 

processes, while explicitly taking into account the lead times of the disassembly and recovery 

processes. A vehicle routing approach was presented for the transport of EOL consumer 

electronic goods for recycling in South Korea to minimize the distance of transportation of EOL 

goods collected by local authorities and major manufacturers’ distribution centers to four 

regional recycling centers (Kim & Lee, 2009). 

Rahman and Subramaninan (2012) used the cognition mapping process to identify critical 

factors in designing and implementing end-of-life computer recycling operations in reverse 

logistics. This paper proposed a framework for EOL computer recycling operations. It identified 
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critical factors for implementing EOL computer recycling operations and investigated the causal 

relationship among factors influencing computer recycling operations in reverse supply chains 

using cognition mapping. Krones (2007) provided a simple reverse logistics LP model for large-

scale material recovery from electronic waste. This study tried to determine the optimal 

configuration for an EOL reverse supply chain network. The transition from a decentralized to a 

centralized recycling network was shown to be dependent on the balance between transportation 

costs and facility costs. 

Tuzkaya  et al. (2011) developed a multi-objective model for a reverse logistics network 

design for white goods. They proposed a centralized return center evaluation stage and RLN 

design stage. In the first stage an integrated analytical network process (ANP) and fuzzy- 

technique for order preference by similarity to ideal solution (TOPSIS) methodology is utilized. 

In the second stage, GAs were applied to a case from the Turkish white goods industry. 

One RLN example is the cost-minimization model proposed by Nagurney and Toyasaki 

(2005), who designed an integrated framework for the modeling of reverse supply chain 

management of electronic waste. Assavapokee and Wongthatsanekorn (2012) addressed the 

importance of an effective reverse logistics infrastructure to support product-recovery activities. 

In their study, an MILP model was used to design the infrastructure of a reverse production 

system for electronic products. Ravi et al. (2005) used an ANP and zero-one goal programming 

(ZOGP) to determine a feasible reverse logistics network for EOL computers. In this study, it 

was assumed that the return rate of the computers is deterministic and the quality of the computer 

EOL is the same. Mishra et al. (2012) studied reverse logistics issues related to product recycling 

and reusability of waste products. Based on the type of product, many parts can be recycled and 

further separated into reusable components that can be reused or remanufactured. During this 
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process, a decision must be made regarding the kind of scrap to be recycled in the recycling unit 

relative to the logistics cost. In this study, a multi-agent architecture framework was proposed to 

handle the recycling and reverse logistics issues efficiently. 

Spengler et al. (2003) developed an MILP model to determine the interaction between 

choice of scrap to be recovered, disassembly, and bulk recycling. Pourmohammadi et al. (2002) 

developed a reverse logistics model by using an MILP to minimize the environmental and 

operational costs of exchanging waste and byproduct materials. The network in this study 

contained collection, disassembly, recycling, remanufacturing, and disposal centers as well as the 

virgin material market. The objective function of the model was to minimize the production cost 

and environmental cost. Chen and Taham (2010) developed a dynamic simulation model 

describing the behavior of the reverse logistics system for EOL management of waste electrical 

and electronic equipment (WEEE). The simulation model was used to analyze the reverse 

logistics system to measure system performance indicators, analyze system costs and benefits, 

gain insight into the behavior of the system over time, and determine the effect of different 

network structures on the performance of the system. Lee and Dong (2008) discussed the 

logistics network design for end-of-lease computer product recovery by developing a 

deterministic programming model for managing forward and reverse logistics flows. An MILP 

model was developed to minimize the total processing cost. Tabu search is a meta-strategy 

iterative procedure for building an extended neighborhood, with particular emphasis on avoiding 

being caught in a local optimum A two-stage heuristic approach was developed to decompose 

the integrated design of the distribution networks into a location-allocation problem and a 

revised network flow problem. Dat et al. (2012) developed an MILP model that minimizes the 
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total processing cost of multiple types of WEEE. The model considers a multi-echelon, multi-

returned products RLN. 

Wolfer et al. (2012) proposed a MILP formulation to determine the physical 

configuration of a reverse logistics system for WEEE. The resulting optimization-based 

warehouse location model was applied to a case study on the development of a formal WEEE 

recycling infrastructure. Based on the computational results, several crucial factors determining 

the cost-efficient configuration of the reverse logistics system were identified, and 

recommendations for integrated network design were derived. 

2.2.3 Reverse Logistics for Automotive Industry 

The automotive industry is one of the earliest adapters of remanufacturing. The 

automotive parts remanufacturing industry is estimated to be roughly an $85 to $100 billion 

industry worldwide. The value of the remanufactured parts is estimated to be $40 billion in the 

USA. Some of the remanufactured parts are engines, brake calipers, and servo pumps (Sundin 

and Dunbäck, 2013). Transporting, handling, and returning used parts present substantial 

challenges. They have been studied in detail and are summarized here. 

A multi-period reverse logistics optimization was developed for EOL vehicle recovery by 

Mansour and Zarei (2008). The main objective of this study was to minimize the collection cost 

and material flow cost between treatment facilities of EOL vehicles. Zarei et al. (2010) 

developed a mathematical model for EOL vehicle recovery, which minimizes the cost of setting 

up the network and also the relevant cost of transportation. Because of the complexity of the 

model, a solution methodology based on the genetic algorithm was designed to enable achieving 

good quality solutions in a reasonable algorithm run time. Golinska and Kawa (2011) studied the 

challenges and limitations of reverse flow in remanufacturing in the automotive industry. Here a 
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CLSC model was implemented in NetLogo, and the main problems within remanufacturing 

systems were identified. González‐Torre et al. (2010) used structural equation modeling to 

identify the main internal and external obstacles to implementing environmentally oriented 

reverse logistics practices in the automotive industry. Based on their findings, external barriers 

are defined as governmental and social factors, and internal barriers are defined as lack of 

knowing how to implement reverse logistics. It was concluded that for effective reverse logistics 

in the automotive industry, support is needed from government and the automotive industry 

itself. 

A model for optimizing the location of entities of an EOL vehicle recycling network in 

Mexico was presented in the work of Cruz-River and Ertel (2009). This model describes several 

features of establishing a CLSC for the collection of EOL vehicles in Mexico. The basic feature 

that distinguishes this model from others is that the locations of the regional distribution centers 

are not selected from among the initially set potential locations but are indicated by the model. 

Merkisz-Guranowska (2011) presented a mixed-integer LP model to fulfil the ecological 

requirements as well as efficient management of the entire recovery process by using the 

conceptual framework of a reverse logistics network. In this model, the collecting of vehicles, 

dismantling, and following processes of shredding and treatment in material recycling facilities 

are considered jointly. 

Nunes et al. (2011) investigated the main strategies of automotive companies to address 

the issue of dealing with EOL vehicles and spare parts. Furthermore, they investigated the 

reasons behind take-back strategies, i.e., how and why automotive companies undertake 

initiatives in reverse logistics. Their research findings indicate that companies are trying to 

respond to the EOL legislation based on cost-effective approaches as well as corporate 



22 

environmental responsibility. Schultmann et al. (2006) presented a closed-loop supply chain for 

the end-of-life vehicle (ELV) treatment in Germany. Reverse logistics aspects were modeled 

with vehicle routing planning. Their objective was to generate a tour schedule with minimal cost. 

The tabu search approach was also implemented. Due to the flexibility of the metaheuristic 

approach, this model can be used for planning purposes for a wide range of CLSCs. 

Mahmoudzadeh et al. (2013) developed a third-party reverse logistics network for end-of-

life vehicles in Iran. They formulated the model using MILP to determine the optimal locations 

of scrap yards over the country, their optimal allocations, and material flows. They categorized 

ELVs into three quality levels with different output material streams, and they analyzed two 

managerial scenarios in addition to the current situation, in order to provide insight into future 

situations. It was found that most scrap yards are opened with serving only one or two quality 

levels. 

Mao and Jin (2014) examined the current status of reverse logistics in the automotive 

industry. Their objectives were to find answers to the following questions: What is the 

importance of reverse logistics implementation in the automotive industry? What are the existing 

problems of reverse logistics in the automotive industry? How is it possible to improve 

management of current EOL automobiles based on an environmental view? Based on a multiple-

case study, a qualitative approach was used, and they described how reverse logistics performed 

in automotive industries. 

2.2.4 Reverse Logistics Network Design for Remanufacturing End-of Life Products 

Choosing efficient methods for the collection and recovery of EOL products has become 

an important issue. EOL products may have valuable parts, components, and materials that can 

be used again or returned to the production cycle (Zarei et al., 2010). To fully benefit from EOL 
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product recovery, the establishment of reverse logistics networks for remanufacturing of various 

EOL products is gaining significant importance (Mutha and Pokarel, 2009). Studies that have 

been completed EOL product remanufacturing are briefly summarized as follows: 

The reverse logistics network of an electronic equipment remanufacturing firm in 

America was analyzed, and a multi-product capacitated warehouse location MILP was presented 

and solved to obtain optimality for different supply-and-demand scenarios (Jayaraman et al., 

1999). Millet (2011) analyzed a framework to allow the generating and assessing of different 

reverse logistics channel structures for remanufacturing EOL products. In this study, it is stated 

that the location of treatment activities in the reverse logistics channel can be a major 

determinant of the performance of a remanufacturing system while using the current forward 

logistics facilities. Min and Ko (2006) developed an MILP to optimize the product recovery 

collection and redistribution level, and to determine the location and capacity of 

remanufacturing, inventory, and transportation facilities. Ortegon et al. (2012a) investigated the 

end of service life of WTs, including recovery alternatives, reverse logistics challenges, and 

environmental and economic benefits.  

Jayant et al. (2011) described a reverse logistics networks model and simulation for 

collecting EOL products from a company located in India. This model helped to analyze the 

future performance of the network and to understand the complex relationship between the 

parties. In this model, cycle time, transfer time, transfer cost, and resource utilization were 

calculated using the Arena 11.0 simulation package. Hosseinzadeh and Roghanian (2012) used a 

probabilistic MILP model to design an RLN for return products. In this study, the subsets of 

disassembly centers and the number of processing centers, transportation strategy, minimum 

number of recycling centers, and total shipping cost were determined by using a genetic 
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algorithm. Their aim was to find the RLN satisfying the demand determined by manufacturing 

centers and recycling centers with minimum total cost under uncertainty conditions. Amin and 

Zhang (2013b) developed a three-stage model to evaluate and choose the best suppliers, 

remanufacturing subcontractors, and refurbishing sites based on qualitative and quantitative 

criteria. In this model, the fuzzy set theory is used to overcome uncertainties in demand and 

process selection. In addition, an MILP model is used to determine the closed-loop supply chain 

network. Ozkir and Basligil (2012) described the specific features of green supply-chain design 

considering EOL products. Here, a MILP model was developed to obtain the optimal closed-loop 

supply-chain network design, which takes into consideration the recovery of material, the 

component, and the product. An MILP model was presented by Jayaraman et al. (2003) to 

determine the location of remanufacturing/distribution facilities, trans-shipment, production, and 

stocking of optimal quantities of remanufactured products. 

Table 2.1 provides a list of the literature reviewed, classified according to the nature of 

supply chain, industry, modeling approach used, objective of the study, and solution approach. It 

was observed that most of the modeling approaches are MILP with the objective of minimizing 

network cost. 
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Table 2.1: Summary of Reverse Supply Chain and End-of-Life Use Studies 

Paper 
Nature of Supply 

Chain Application 
Industry 

Modeling 

Approach 
Objective 

Solution  

Approach 

Krikke et al, 1999 reverse logistic photocopiers MILP; LP versus 
MILP  

minimization of cost optimization of 
forward and reverse 
logistics network 

Louwers et al (1999) reverse logistic carpet material MILP  
 

minimization of cost  

Schultmann et al. 
(2006) 

closed-loop 
supply-chain 
network design 

Spent batteries MILP  
 

profit maximization  

Kusumastuti et. al 
(2004) 

reverse logistic Product recovery MILP  
 

minimization of cost GA  

Kroon & Vrijens 
(1995) 

reverse logistic Plastic containers MILP model 
 

minimization of cost  

Nagurney &Toyasaki 
(2005) 

reverse logistic electronic waste multitiered e-cycling 
network  

profit maximization equilibrium 
framework 

Listeş & Dekker 
(2005) 

reverse logistic demolition waste probabilistic MILP  
 

profit maximization  

Sasikumar & Haq 
(2011) 

reverse logistic battery MILP  
 

minimization of cost  

Min & Ko (2006) reverse logistics 
network 

return products  minimization of cost  particle swarm 
optimization (PSO) 
algorithm; GA 

Jayaraman et al. 
(2003) 

reverse logistics 
network 

management of 
product return 

MILP; developing a 
strong and a weak 
formulation  

minimization of distribution 
cost 

heuristic expansion 

Sheu (2007) coordinated reverse 
logistics (CRL)  

hazardous wastes  minimization of total 
operational cost and 
corresponding risk-induced 
penalties 

  

Quariguasi Frota 
Neto et al. (2008) 

reverse logistic paper and pulp 
sector 

multi-objective linear 
problem 

optimization of network cost 
and environmental impact 
objectives 

 

Pati et al. (2008) reverse logistic Indian paper 
industry 

mixed integer goal 
programming (MIGP); 
multi-item, multi-
echelon, and multi-
facility decision 
making 

minimization of reverse 
logistics cost 

 

Lee & Dong (2009) 
 

reverse logistics remanufacturing 
system 

multi-stage reverse 
logistics network 
problem (m-rLNP) 

minimization of total cost hybrid genetic 
algorithm 

Merkisz-Guranowska 
(2011) 

reverse logistics automotive 
industry  

MILP  
 

minimization of cost  

Lee & Dong (2008) reverse logistics computer  MIP  
 

 meta-heuristics; tabu 
search 

Ozkir & Basligil 
(2012) 

closed-loop 
supply-chain 
network design 

customer-sourced 
EOL products 

MILP  
 

maximization of profit   

Tuzkaya et al. (2011) reverse logistics Turkish white 
goods industry 

ANP and TOPSIS minimization of cost and 
maximization of weighted 
product volume  

GAs; meta-heuristics 

Spengler et al. (2003) reverse logistics electronic and 
electric equipment 

MILP  
 

maximization of total profit  

Assavapokee & 
Wongthatsanekorn 
(2012) 

reverse logistics electronic products 
in state of Texas 

MILP  
 

maximization of total profit  

Sasikumar & Haq 
(2011) 

closed-loop 
distribution supply 
chain 

battery recycling MILP  
 

maximization of total supply 
chain cost 

fuzzy multi-criteria 
decision-making 
(FMCDM) model 
 

Graczyk & 
Witkowski (2011) 

reverse logistics plastic recycling  provision of framework for 
economic and environmental 
optimization of reverse 
logistics processes in 
production enterprises 
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Table 2.1 (continued) 
 

Paper 

Nature of Supply 

Chain 

Application 

Industry 
Modeling 

Approach 
Objective 

Solution  

Approach 

Golinska & Kawa 
(2011) 

closed-loop supply 
chain model 

automotive industry simulation-NetLogo   

Ravi et al. (2005) reverse logistics EOL computers MILP  
 

holistic approach to selected 
multi-criteria decision-making 
problem 
 
 

multi-criteria 
decision making 

Pourmohammadi et 
al. (2002)  

reverse logistics waste and 
byproduct materials 

MILP  
 

maximization of  
environmental and 
operational costs of 
exchanging waste and by-
product materials 

GAs 
 

Jayant et al. (2011)  reverse logistics  simulation-arrena 
 

analysis of future 
performance of network 

 

 
 
Dat et al. (2012) 

reverse logistics electric and 
electronic waste 

MILP: multi-echelon 
and multi-facility 
decision making 
 

minimization of cost  

Chen & Taham 
(2010) 

reverse logistics  waste electrical and 
electronic 
equipment 

simulation: stochastic 
and deterministic 

measurement of system 
performance indicators  

 

Xanthopoulos et al. 
(2011) 

reverse logistics electrical and 
electronic 
equipment 

MILP; a simulation-
based solution 
approach proposed for 
capturing uncertainties 
in reverse logistics 

recoverance of as much 
ecological and economic 
value as possible, and 
reduction of overall produced 
quantities of waste 

 

Hosseinzadeh & 
Roghanian (2012) 

reverse logistics 
network 
 

recovery of used 
products 

probabilistic MILP  
 

minimization of total cost of 
reverse logistics 

priority-based GAs 

Kannan et al. (2011) reverse logistics 
network 
 

battery  MILP minimization of total cost of 
reverse logistics 
 

GAs  

Rahman & 
Subramaninan (2012) 
 

reverse logistics 
network 

computer EOL  provision of ramework for 
EOL computer recycling 
operations 

 

Amin & Zhang 
(2013a) 

closed-loop supply 
chain 

product return stochastic mixed-
integer nonlinear 
programming and 
multi-objective MILP 

maximization of expected 
profit 
 

fuzzy sets theory 

Wolfer et al. (2012) reverse logistics  WEEE MILP  minimization of reverse 
logisticscost 

 

Krones (2007) reverse logistics electronics waste LP minimization of reverse 
logisticscost 

 

Sheu (2007) reverse logistics hazardous waste MILP-multi objective minimization of reverse 
logisticscost 

 

Quariguasi Frota 
Neto et al. (2008) 

reverse logistics waste multi-objective linear 
with three objectives 

minimization of reverse 
logisticscost 

 

Pati et al. (2008) reverse logistics paper-recycling multi-objective linear  minimization of reverse 
logisticscost 

 

Biehl et al. (2007) reverse logistics Carpet MILP  minimization of reverse 
logisticscost 

 

Schultmann et al. 
(2006) 

closed-loop supply 
chain 

spent batteries MILP  minimization of reverse 
logisticscost 

 

Nenes & Nikolaidis 
(2012)   

reverse logistics remanufacturing  MILP minimization of reverse 
logisticscost 

 

Mahmoudi et al. 
(2013) 

reverse logistics recycling product multi-layer, multi-
product MILP 

minimization of reverse 
logisticscost 

 

Donmez & Turkay 
(2013) 

reverse logistics waste bateries MILP minimization of reverse 
logisticscost 

 

Shih (2001 reverse logistics computer recycling MILP minimization of reverse 
logisticscost 

 

Nagurney & 
Toyasaki (2005) 

reverse logistics electronic waste 
recycling 

MILP minimization of reverse 
logisticscost 
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Table 2.1 (continued) 

 

Paper 

Nature of Supply 

Chain 

Application 

Industry 
Modeling 

Approach 
Objective 

Solution  

Approach 

Kim & Lee (2009) reverse logistics end-of-life 
consumer electronic 
goods 

   

Tuzkaya et al. (2011) reverse logistics white goods ANP and fuzzy-
TOPSIS  

 GAs 

Mishra et al. (2012) reverse logistics product recycling 
and reusability of 
waste products 

multi-agent 
architecture framework 

  

Spengler et al. (2003) 
 

reverse logistics recycling. MILP minimization of reverse 
logisticscost 

 

González‐Torre et al. 
(2010)  

reverse logistics  automotive industry  the main obstacles reverse 
logisticsin automotive ind. 

 

Cruz-River & Ertel 
(2009) 

closed-loop supply 
chain  

automotive industry MILP; incapacitated 
facility location  

minimization of reverse 
logisticscost 

 

Merkisz-Guranowska 
(2011) 

reverse logistics Recycling  MILP  fulfillment of ecological 
requirements and efficient 
management of entire 
recovery process 

 

Nunes et al. (2011) 
 

reverse logistics automotive industry  how and why automotive 
companies undertake 
initiatives in reverse logistics 

 

Mahmoudzadeh  
et al. (2013) 

reverse logistics automotive industry MILP  determination of optimal 
locations of scrap yards 
around the country 

 

Mao & Jin (2014) reverse logistics automotive industry  examination of current status 
of reverse logistics in 
automotive industry 

 

Millet (2011) reverse logistics remanufacturing 
end-of life products 

 analysis of framework to 
allow generating and 
assessing different reverse 
logistics channel structures 

 

Min & Ko (2006) reverse logistics remanufacturing MILP optimization of product 
recovery collection and 
redistribution level 

 

Ortegon et al. (2012a)  reverse logistics WT  address reverse logistics 
challenges as well as 
environmental and economic 
benefits 

 

 
 
 
Figure 2.1 shows a percentage summary of the number of reviewed papers relative to reverse 

supply chain and end-of-life use studies in the areas of recycling and reuse, electronic waste, and 

the automotive industry. It can be seen that the area of recycling and reuse with a 48% rate is the 

most-studied area of these three.  
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Figure 2.1: Review Summary of Number of Papers Relative to Reverse Supply Chain and End-
of-Life Use Studies 

 
As indicated earlier, although, many studies have investigated effective reverse logistics for EOL 

use for different industries, only a few of them have been done on an RLN for WTs. Section 2.3 

presents the potential challenges that may be encountered while designing RLNs for EOL use of 

WTs. 

2.3 End-of-Life Use Strategies for Wind Turbines 

Traditionally, when products reach their end of useful life, organizations do not have to 

take responsibility for them. They are disposed of in landfills or incinerated, which causes 

damage to the environment. To manage EOL products effectively, the reverse supply chain is 

available to organizations as a key strategy to handle and dispose of products returned from end 

users. This section examines the key reverse supply chain issues that need to be determined to 

ensure successful recovery of WTs. Here, critical components of a reverse supply chain network 

are mentioned and how these components in reverse logistics for EOL WTs will be addressed. 

It has been determined that despite being environmentally responsible, an effective 

management of reverse logistics operations will result in higher profitability through a reduction 

in transportation, inventory, and warehousing costs as well as a reduction in environmental 

negative impacts (Ilgin & Gupta, 2010). To have an effective reverse logistics process, the key 

48% 

38% 

14% 

Recycling/Reuse Electronic Automotive
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performance measures should be evaluated. Therefore, while designing a reverse logistics, one 

should consider transportation, collection center location, remanufacturing facility location, 

selection of the proper type of recovery, and disposal options for each component. 

2.3.1 Transportation  

The increasing size and scale of wind turbine components, such as blades, towers, and 

nacelles, as well as transporting these components are challenging (Cotrell et al., 2014). 

Transportation of WT parts is a regional issue and varies by state, country, and continent. 

Transportation across different regions is one of the most challenging issues faced by carriers, 

whether at the state or county level (Gary, 2010; Brown, 2012). In the United States, in terms of 

permitting, some states are stricter than others. For example, for routes through Texas, the 

infrastructure, routing, and permitting of WTs is fairly straightforward (Zapp, 2010). In addition, 

there is a limited supply of trucks and trailers that can haul large WT components. Due to the 

high cost and specialized equipment used to carry WT components, most of which cannot be 

used for other types of hauling, few companies are willing to invest in them in order to increase 

the supply. Increasing fuel costs and the availability of trained drivers are also negatively 

impacting the industry. Due to the increasing size of the turbines, the WT carrier must select 

alternative routes that are permissible in many states. Alternative modes of transportation, such 

as railways or waterways, would take some pressure off roads and offer potential methods of 

transport in some regions (TranSystems, 2010). It should be noted, however, that these 

alternatives do not provide full service, since very few installations would be adjacent to a river 

or railway tracks. Therefore, even if these modes of transport are employed, trailers would be 

needed for “last-mile” access to these sites. In addition, a large investment in loading and 
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unloading equipment would be required in developing waterway or railway terminals (AIMU 

Technical Services Committee, 2012). 

As previously mentioned, transportation plays a key role in moving from one step of an 

EOL solution to another. By designing a reverse logistics network for WTs, it would be possible 

to select the best locations for collection centers, recovery facilities, and testing centers, while 

examining the availability and adequacy of shipping options and distance to existing 

manufacturing facilities. To be able to design an effective reverse logistics network, information 

on existing WTs in the U.S. was gathered (Figure 2.2, http://www.darrinward.com/lat-long), in 

order to determine when and where most of the WTs will be retired (to reach their EOL). Based 

on this data, which will be helpful to determine potential supply points of EOL WTs, it was 

determined that the majority of these WT retirements will occur in California, Texas, and Iowa 

(Table 2.2). Existing WT location data and installation dates were used to obtain a general idea 

of where the retirement of WTs would take place: between 5 to 15 years, between 15 to 20 years, 

and between 20 to 30 years (Figures 2.3–2.5). Therefore, collection and recycling center 

locations should be closer to those areas where the most retirement will take place, but the 

location of existing manufacturing plants should also be taken into consideration.  

 

Figure 2.2: Wind Farm Locations throughout U.S. 

http://www.darrinward.com/lat-long
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Table 2.2: Number of Wind Turbines Reaching End of Life in 10, 20, and 30 Years 
 

Years CA TX IA CO KS OK OR MN WY WI IL ID PA NY 

ND 

and 

SD 

Totals 

10 3168 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3168 

20 797 1349 0 354 170 0 364 596 152 34 0 0 71 0 0 3887 

30 1623 6303 2233 1114 1080 975 1401 821 523 199 1711 530 432 822 1534 21301 

 

      

    Figure 2.3: Wind Turbines Reaching                      Figure 2.4: Wind Turbines Reaching  

                End of Life in 5–15 Years                                    End of Life in 15–20 Years 

 

 

Figure 2.5:  Wind Turbines Reaching  

End of Life in 20–30 Years 
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Some software tools can be used to determine the cost of transportation (Gateway, 2013). 

Hansen (2000) used the EDS-RLog software tool to determine strategies for a reverse logistics 

network. This model covers the number and geographic locations of collection points and 

recycling plants as well as their capacities. Similar tools such as ILOG or mathematical models 

can be used to determine the appropriate locations for facilities in an effective RLN. 

In addition to selecting the location of WT remanufacturing or recycling centers, 

investors (such as remanufacturers) should also consider available state and local government 

economic support. In the U.S., as a part of its renewable energy program, some state and local 

governments provide property tax abatements, sales tax reductions, and low-interest loans to 

investors, as well as support for worker training. Therefore, when selecting the location for a 

remanufacturing facility, states providing financial initiatives should be considered first (U.S. 

Department of Energy, 2013; Green.Illinois.Gov, 2014). 

2.3.2 Collecting, Sorting, and Remanufacturing Facility Location  

The collection of EOL wind turbines is the first step in the reverse logistics network 

design process. With this come considerable uncertainties in quantity, timing, and quality of 

WTs. Therefore, collection can be difficult. WTs are mostly pre-disassembled at the wind farm 

and then transferred to a central inspection center. The first step is to decide where and when to 

open the collection centers to minimize the transportation cost. Several studies have addressed 

the collection of EOL product. Ondemir and Gupta (2008) used mixed-integer nonlinear 

programming to address the problem of locating a center for a company that collects used 

products from product holders. 

After deciding the location of the collection center, another main component of the 

reverse logistics network is to determine which parts of the WTs should be recycled, 
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remanufactured, or disposed of. To be able to maximize profit, the aim here is to recycle and 

remanufacture as many WT parts as possible. In this sense, each WT component should be 

identified based on its cost and its effect on the environment. Most WT components have a 

secondary market option, either remanufacturing, reusing, or recycling. In the collection center, 

testing and sorting processes are performed to access the quality of the WT parts (Ortegon et al., 

2012 b). During the sorting process, if the quality of WT is high, then, after testing, replacing the 

worn out parts, and cleaning, WTs can be remanufactured. Companies that remanufacture WTs 

at the end of their life already exist. Aeronautics companies are one of the remanufacturers of 

WTs in the U.S. 

Due to their lower cost, as renewable energy demand increases, used wind turbines 

become an option for small ranches, industrial parks, commercial complexes, and small 

neighborhoods. The price for reconditioned units is claimed to be as much as 50% lower than 

new turbines. In addition, particularly in developing countries, installation of new turbines is not 

always affordable; however, the capital investment for used WTs is lower than new WTs. 

Therefore, for developing countries, using cheaper, second-hand WTs are a viable alternative 

(Ortegon et al., 2012a, Hulshorst, 2008). 

In addition, somehow these sizable and massive wind turbines, such as a 2 MW WT with 

a total mass of 1,389.64 tons, must be handled, either by recycling or landfilling (Haapala & 

Prempreeda, 2014). Therefore, considering the number of WTs that will reach their end of life, 

total mass becomes a huge issue in their disposal. Instead of paying a landfill disposal cost, 

through the effective reverse logistics network, wind farm operators could eliminate the amount 

of valuable material sent to the landfill, in turn eliminating unnecessary transportation moves, 
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thus helping to reduce carbon emissions and improve air quality as well as increase their profit 

by recycling or remanufacturing EOL WTs instead. 

 2.4 Environmental, Social, and Economic Impacts of Reverse Logistics for End-of Life 

Wind Turbines 

The following sections present the environmental, social, and economic impacts of 

reverse logistics for end-of-life use of wind turbines. 

2.4.1 Environmental Impacts 

Due to a growing environmental awareness and more restrictive environmental 

legislation, environmentally conscious manufacturing and sustainable production are gaining 

attention. Wind turbines reaching their end-of-life stage have the potential for polluting the 

environment. However, their valuable parts, components, and materials, can be re-utilized or 

returned to the production cycle. These massive pieces of equipment are composed of many parts 

made of different types of materials; therefore, their recovery is a complicated step in the EOL 

process. Based on the quality of WT parts and their economic value, different recovery and 

disposal options can be selected, including reuse, remanufacture, material recycling, incineration, 

and landfill. At some point, due to a shortage of raw materials, such as an insufficient supply of 

carbon fiber and an insufficient supply of rare earth materials, there will be an extreme need to 

use recycled or remanufactured products. In terms of WTs, rising demand and the increasing size 

of turbines has led to a shortage of large castings as well as rare earth metals. 

Wind turbines cannot function without rare earth metals. Neodymium, terbium, and 

dysprosium are essential ingredients in the magnets of WTs. Wind power has grown to be around 

7% a year, increasing by a factor of 10 over the last decade. Every megawatt of electricity needs 

200 kilograms of neodymium. In addition, the heavy rare earth metal dysprosium, which is used 

to increase the longevity of magnets in WTs, is becoming more difficult to find. To overcome the 
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bottleneck of supplying rare earth metals, mines can be developed, but the increased mining of 

rare earth metals could cause more environmental degradation and human health hazards. In 

addition, the refinement process for rare earth metals uses toxic acids and results in polluted 

wastewater that must be properly disposed of (Cho, 2012). Although recycling cannot satisfy the 

rapidly growing demand for rare earth metals, it is one way to help decrease the shortage. 

Recycling and reusing materials also save the energy used in mining and processing, conserve 

resources, and reduce pollution and greenhouse gas emissions. As the use of these materials in 

WTs increases, recycling could make more economic sense. Recycled content could become 

valuable as a secondary source on the market, which could ease periods of tight supply (Bauer et 

al., 2010; Hahn & Gilman, 2012). 

The main components of wind turbines are blades, towers, generators, gearboxes, 

transformers, and nacelles. Table 2.3 lists the alternative recovery options for these parts, each of 

which has the potential to be recycled, reused, or remanufactured. Minimizing the cost of 

collecting WTs and delivering them to appropriate facilities leads to a reverse logistics network 

design problem. Therefore, designing an effective RLNworks requires an evaluation of the 

environmental benefits of the EOL use. Several studies have been completed to determine the 

environmental and economic benefits of EOL use. Yimsiri (2009) used a genetic algorithm to 

design a multi-objective reverse logistics network satisfying both cost and environmental 

objectives. In this study, it was emphasized that environmental and economic factors are 

important when designing such a network. Skrainka (2012) analyzed the environmental impact 

of remanufacturing WTs and concluded that remanufacturing the component inside the nacelle 

has a smaller impact than remanufacturing new components. Arvesen and Hertwich (2012) 

assessed the life-cycle environmental impacts of wind power, estimating that the EOL phase of 
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WTs reduces emissions and decreases greenhouse gas emissions by 19%. Rydh et al. (2004) 

investigated and compared the effect of replacing old WTs in terms of energy and carbon dioxide 

(CO2)emissions, and from environmental and economic perspectives. 

Table 2.3: Wind Turbine End-of-Life Use Alternatives 

Components Recycling Remanufacturing Reuse Disposal 

Turbine Blade (resin, fiber glass, cast iron) X X X X 
Towers (steel) X X X  
Generators and Gearboxes (silica, copper, resin) X  X X 
Concrete Foundations (concrete, iron, steel) X   X 
Cabling  X    
Transformers and Switchgears (silica, copper) X  X  
Granular Materials (roads, tower sites, etc.) X  X  
Oil/Lubricants X  X  
Hazardous Materials    X 
Miscellaneous Non-Recyclable Materials    X 
Sources: Martinez et al., 2009;  Haapala & Prempreeda, 2014 
 
Because of the increasing demand for renewable energy resources, the main manufacturers of 

WTs are struggling to keep up with the increasing demand for new units. A longer waiting 

period for most parts of the major turbine makes remanufacturing very attractive. It has been 

established that traditional remanufacturing activities are capable of returning most WT 

components to an “as-new” condition (Walton & Parker, 2008). Therefore, remanufacturing the 

valuable components of WTs at the EOL is an effective way to meet their increasing demand. 

Due to the valuable content of WTs that can be reused, recycled, or remanufactured, it is 

essential to determine an effective reverse logistics network for WT EOL use. Using an RLN 

provides environmental benefits such as reducing greenhouse gas emissions and the shortage of 

rare earth metals.  

2.4.2 Social and Economic Impacts 

As well as environmental benefits, recycling, reusing, or remanufacturing WTs at the 

EOL would provide societal benefits, such as opening a remanufacturing plant, which would 
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generate jobs and business opportunities for the local community. Federal and state funds are 

already available for using renewable energy sources in local communities. In the U.S., most 

states provide financial incentives as well as education and training for the local community. 

Some states have offered support for research and development and the deployment of new 

technology (U.S. Department of Energy, 2013; Green.Illinois.Gov, 2014).  

2.5 Reverse Logistics Networks for Different End-of-Life Use Products 

This section summarizes the reverse logistics network challenges of the EOL use of 

different industries Several case studies were conducted to determine the main challenges in 

various industries. Sundin and Dunbäck (2013) studied the challenges in remanufacturing 

automotive devices. They determined that one of the challenges is collection and another is lack 

of control regarding quantity, quality, and timing of the returned products. In addition, 

disassembly (such as how to remove parts without damaging them) was determined as an 

important component of the EOL process. Another challenge is storage, an important factor since 

cores containing electronics are sensitive to moisture; therefore, it is important that bus cores are 

stored in dry and preferably warm environments. Transportation is also a concern, in that cores 

not handled and stored properly during transportation can be damaged on their way to the 

remanufacturer or core broker. 

Lehtinen and Poikela (2006) studied the challenges of waste electrical and electronic 

equipment on the reverse logistics network. They concluded that the logistical costs of collecting 

and recycling WEEE are high and that there are unnecessary handling and transportation stages. 

They also concluded that the responsibilities and roles of different parties have been unclear, 

which have increased the handling stages and logistics costs. Finally, they pointed out that long 
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distances in sparsely populated areas and the diversity of WEEE brings special challenges to 

efficiently manage the reverse logistics. 

Based on reviewed papers for different industries, which are listed in Table 2.4, reverse 

logistics network components can be government support, disposition options, warranties, 

remanufacturing options, transportation and logistics, flow uncertainties, labor cost, and 

collection. Among these, due to commonality, it has been determined that the main challenges of 

RLN design for WTs would be transportation, collection, disassembly of WTs, and labor. 

Comparing with other industries, such as used small electronic goods, collecting and transporting 

WTs, due to the size, can be one of the main challenges in designing the reverse logistics 

network. The second challenge would be uncertainties of the return flow. Since WTs are 

comprised of thousands of parts made of different types of materials, determining the return flow 

for each component would be very difficult. Last, but not least, a big challenge would be the cost 

of finding qualified labor. For electronic goods EOL use, companies can establish drop-off 

locations, and consumers can leave their products at these locations. However, with WTs, 

qualified labor is required to disassemble the WTs at each wind farm location, which in turn 

increases the cost of labor. As a result, transportation and collection, remanufacturing, and 

recycling centers need to be discussed further. 
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Table 2.4: Comparison of Reverse Logistics Networks Applied to EOL for Different Industries 

Representative 

Reverse Logistics 

Network Components  

Used Vehicles 

Waste Electrical 

and Electronic Equipment 

(WEEE) 

Wind Turbines 

Government Support  European Union (EU) end-
of-life vehicle  

EU WEEE Financial incentives, 
government incentives  

Disposition Strategies  Auctions, donations, 
redistribution, repair, 
refurbishment, recycling, 
incineration, landfill disposal  

Second-hand markets, 
online costumers 

Remanufacturing recycling, 
reconditioning, landfill  

Warranties Only for short time period Only for short time period  Only for certain number of 
years (e.g., five)  

Transportation and 

Logistics 

Moderate transportation cost Moderate transportation  Expensive, difficult to 
transfer large parts, different 
regulations for each state for 
large items, transportation 
cost high 

Labor Cost Moderate  Moderate High, qualified labor 
required 

Uncertainties Choice of recovery options 
for return flows, quality of 
returned objects, quantity, 
and reprocessing time high 

Choice of recovery options 
for return flows, quality of 
returned objects, quantity, 
and reprocessing time high 

Choice of recovery options 
for return flows, quality of 
returned objects, quantity, 
and reprocessing time high 

Collection Moderate Commercial retailers, non-
profit or municipal 
organizations, reuse and 
refurbishment organizations, 
special one-time, full service 

Problematic due to large 
components 

 
After identifying the potential challenges, Section 2.6 proposes a reverse logistics network 

design for EOL WTs, which helps wind farm operators to increase their profit as well as reduce 

negative environmental impacts. 

2.6 Use of Reverse Logistics Networks to Optimize Wind Turbine End of Life Use 

The increasing number of wind turbines and the environmental impact associated with 

them has made the final destination of end-of-life WTs a concern for wind farm operators. 

However, solutions to problems associated with this concern is not obvious. WTs are complex 

products consisting of several types of materials (steel, fiberglass, precious metals, etc.), which 

can create difficulties and significant environmental impact if having inappropriate final 
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disposal. Given the complexity and importance of wind energy industry, wind farm operators 

should engage in reversing their supply chains. In order to reduce negative environmental 

impacts from the disposal of WTs while maximizing economic benefits, the criteria is to provide 

multiple life cycle options for WT parts, which can be obtained by means of a reverse logistics 

network design (Ortegon et al., 2012a). Therefore, based on existing studies, the reverse logistics 

network for EOL WTs was simplified, as shown in Figure 2.6).  

 

 
 
 
 
 
 
 
 

Figure 2.6: Reverse logistics of wind turbines 

 
As can be seen, used products flow from the wind farms to the collection center where sorting or 

disassembling for recovery, reuse, or disposal is carried out. An integrated WT reverse logistics 

network should address the following significant factors: plans for the collection of WTs, 

estimation of recyclable and recovered quantities of WT parts, and remanufacturing and 

remarketing of recovered WT items. Reverse logistics activities for WTs EOL use can be 

grouped into three stages: (1) product/part collection; (2) inspection, separation, and sorting; and 

(3) recovery and disposition. Wind turbines that reach the end of their useful life have many 

reusable components and materials, but they are often simply scrapped because it can be too 

expensive to recover or remanufacture them. Thus, a well-designed reverse logistics network that 

can help to identify what can be reused, recycled, or remanufactured is needed for WT EOL use. 

By developing a cost-effective and environmentally friendly RLN for EOL WTs, the wind farm 
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operator could reduce the network cost, extract more value out of scrap, and build an 

environmentally responsible image. 

 2.7 Conclusion 

Due to increasing environmental concerns, resource reduction, landfill capacity 

reduction, stricter government regulations, and global pressure to reduce CO2 emissions, 

industries have started implementing end-of-life strategies in their reverse logistics network. This 

chapter reviewed the reverse logistics network for EOL use for different EOL products, such as 

electric/electronic goods and vehicles. The primary motivation for reviewing an EOL RLN is to 

compare and contrast these studies with an RLN design for WT EOL use. It appears that no 

investigation has been done to examine a general network design for WT EOL use; that is, no 

existing studies provide a detailed reverse logistics network for WT EOL use. 

With the scope of this study in mind, approximately 70 articles published between 1999 

and 2015 dealing with the EOL use RLN design issues were identified. Compared to other end-

of-life products (such as computers, cell phones, etc.), wind turbines are composed of thousands 

of parts made of different types of materials. Therefore, the recovery of WTs is a complex 

process, and for this reason, it is essential to design an effective RLN for its EOL use. 

The goal in this study was to identify the main challenges of a WT reverse logistics 

network and provide potential solutions to overcome these challenges. Based on the literature 

review of the WT industry, the possible challenges of designing an accurate RLN involve 

transportation, collection, disassembly, and labor cost. Transportation plays a key role in moving 

from one stage of the EOL process to the next. Therefore, designing an RLN for WTs and 

selecting the best location for collection, testing/sorting, and recovery centers would minimize 

the overall transportation cost. In addition, due to the uncertainty of WT component recovery, it 
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is difficult to determine the reverse flow of WT components. As a result, it is not easy to 

determine how many collection centers should be opened, and where and when they should be 

opened. Therefore, an effective sorting strategy for different WT components is required. 

Another goal of this study is to increase the understanding of why a reverse logistics 

network is needed and how an effective one can be modeled for WT EOL use. As part of this, 

the environmental, social, and economic benefits of an RLN for WT EOL use are presented. A 

major contribution of this comparative literature review study is providing a wide range of end-

of-use RLN studies as well as strategies that a WT manufacturer should consider when designing 

their systems for EOL WTs. It is clear that an effective RLN for WTs can generate direct gains 

by reducing the use of raw materials, adding value with recovery and reducing disposal costs and 

recycling. This includes saving valuable landfill space and energy while reducing CO2 emissions, 

all of which results in a far more sustainable supply chain. 

Despite the progress made in this study, additional research and information is needed for 

designing effective EOL WT reverse logistics network. Questions that need answering are the 

following:  

 What would be the least number of collection centers that would be needed? 

 Where should these collection centers be located? When should they be opened? 

 How will disposition be determined for each WT part? 

 What would be environmental and economic benefits of WTs reverse logistics? 

In order to identify the best answers to these questions, various concepts, mathematical 

models, and estimation tools need to be developed. Therefore, development of a mathematical 

modeling program for end-of-service life for wind turbine reverse logistics should be a major 

future goal. 



43 

References 

 

Abdolhossein, S., Ismail, N., Ariffin, M. K. A., Zulkifli, N., Mirabi, H., & Nikbakht, M. (2012). 
Closed-loop supply chain networks: An overview. International Journal of Innovative Ideas 
(IJII), 12(4), 1-6. 
 
Ahmet, R. (2014). Recycling of aluminum cans. URL: http://www.ecomena.org/recycling-
aluminium-cans/ [cited May 13, 2014]. 
 
AIMU Technical Services Committee. (2012). Wind turbine paper. URL: 
http://www.aimu.org/aimupapers/AIMUWindTurbinefinal7.24.pdf [cited April 13, 2014]. 
 
Alumur, S.A., Nickel, S., Gama, F.S.D., & Verter, V. (2012). Multi-period reverse logistics 
network design. European Journal of Operational Research, 220, 67-78. 
 
Amin, S. H., & Zhang, G. (2013a). A three-stage model for closed-loop supply chain 
configuration under uncertainty. International Journal of Production Research, 51(5), 1405-
1425. 
 
Amin, S. H. & Zhang, G. Q. (2013b) A multi-objective facility location model for closed loop 
supply chain network under uncertain demand and return. Applied Mathematical Modeling, 37, 
4165-4176. 
 
Aravendan, M., & Panneerselvam, R. (2014). Literature review on network design problems in 
closed loop and reverse supply chains. Intelligent Information Management, 6, 104-117. 
 
Arvesen, A., & Hertwich, E. G. (2012). Assessing the life cycle environmental impacts of wind 
power: A review of present knowledge and research needs. Renewable and Sustainable Energy 
Review 16, 5994-6006. 
 
Ashfari, H., Sharifi, M., ElMekkawy, T. Y., & Peng, Q. (2014). Facility Location decisions 
within integrated forward/reverse logistics under uncertainty. Procedia CIRP, 17, 606-610. 
 
Assavapokee, T., & Wongthatsanekorn, W. (2012). Reverse production system infrastructure 
design for electronic products in the state of Texas. Computers & Industrial Engineering, 62(1), 
129-140. 
 
AWEA (American Wind Energy Association). (2011). U.S. Wind Industry Annual Market 
Report 2011.  
URL: http://www.awea.org/Resources/Content.aspx?ItemNumber=5357 [cited July 10, 2014]. 
 
AWEA (American Wind Energy Association). (2010). Transportation and logistics impact wind 
project costs, turbine engineering.  
URL: http://www.awea.org/Issues/Content.aspx?ItemNumber=5035 [cited May 2014]. 
 

http://www.ecomena.org/recycling-aluminium-cans/
http://www.ecomena.org/recycling-aluminium-cans/
http://www.aimu.org/aimupapers/AIMUWindTurbinefinal7.24.pdf
http://www.awea.org/Resources/Content.aspx?ItemNumber=5357
http://www.awea.org/Issues/Content.aspx?ItemNumber=5035%20


44 

Barker, T. J., & Zabinsky, Z.B. (2008). Reverse logistics network design: A framework for 
decision making. Proceedings of the 2008 Industrial Engineering Research Conference, 
Vancouver, B.C., May 7–21, 2008, pp. 1290-1295. 
 
Bauer, D., Diamond, D., Li, J., Sandalow, D., Telleen, P., & Wanner, B. (2010). U.S. 
Department of Energy Critical Materials Strategy. 
URL:http://www.energy.gov/news/documents/criticalmaterialsstrategy.pdf [cited August 2014]. 
 
Benaissa, M., & Benabdelhafid, A. (2010). A multi-product and multi-period facility location 
model for reverse logistics. Polish Journal of Management Studies, 2, 7-19. 
 
Biehl, M., Prater, E., & Realff, M. J. (2007) Assessing performance and uncertainty in 
developing carpet reverse logistics systems, Computers & Operations Research, 43(2), 443-463. 
 
Blanco, M. I. (2009). The economics of wind energy. Renewable and Sustainable Energy 
Reviews, 13(6), 1372–1382. 
 
Bossong, K., & Campaign S. D. (2015). Wind and solar account for 100 percent of new US 
generating capacity in April. URL: 
http://www.renewableenergyworld.com/articles/2015/05/wind-and-solar-account-for-100-
percent-of-new-us-generating-capacity-in-april.html [cited April 2014]. 
 
Bostel, N., Dejax, P., & Lu, Z. (2005). The design, planning, and optimization of reverse 
logistics networks. In Logistics systems: Design and optimization (pp. 171-212). Springer US. 
 
Bouras, A., & Tadj, L. (2015). Production planning in a three-stock reverse-logistics system with 
deteriorating items under a continuous review policy. Journal of Industrial and Management 
Optimization, 11(4), 1041-1058. 
 
Brown, J. (2012). Transporting wind turbines: An Oversized challenge. URL: 
http://www.inboundlogistics.com/cms/article/transporting-wind-turbines-an-oversized-challenge/ 
[cited March 2014]. 
 
Carter, C. R., & Ellram, L. M. (1998). Reverse logistics: A review of the literature and 
framework for future investigation, Journal of Business Logistics, 19(1), 85-102.  
 
Chen, C., & Taham, F. (2010). Reverse logistics networks with the gateway-corridor 
components: A case of waste electrical and electronic equipment. Proceedings of the 29010 Asia 
Pacific Gateway & Corridor Initiative Conference. 
 
Cho, R. (2012). Rare earth metals: Will we have enough? Blog from the Earth Institute, 
Columbia, University. URL: http://blogs.ei.columbia.edu/2012/09/19/rare-earth-metals-will-we-
have-enough [cited May 2014]. 
 

http://www.energy.gov/news/documents/criticalmaterialsstrategy.pdf
http://www.renewableenergyworld.com/articles/2015/05/wind-and-solar-account-for-100-percent-of-new-us-generating-capacity-in-april.html
http://www.renewableenergyworld.com/articles/2015/05/wind-and-solar-account-for-100-percent-of-new-us-generating-capacity-in-april.html
http://www.inboundlogistics.com/cms/article/transporting-wind-turbines-an-oversized-challenge/
http://blogs.ei.columbia.edu/2012/09/19/rare-earth-metals-will-we-have-enough
http://blogs.ei.columbia.edu/2012/09/19/rare-earth-metals-will-we-have-enough


45 

Ćirović, G., Pamučar, D., & Božanić, D. (2014). Green logistic vehicle routing problem: Routing 
light delivery vehicles in urban areas using a neuro-fuzzy model. Expert Systems with 
Applications, 41(9), 4245-4258. 
 
Clifford Defee, C., Esper, T., & Mollenkopf, D. (2009). Leveraging closed-loop orientation and 
leadership for environmental sustainability. Supply Chain Management: An International 
Journal, 14(2), 87-98. 
 
Cotrell, J., Stehly T., Johnson J., Robert, O. J., Parker Z., Scott G., & Heimiller, D. (2014). 
Analysis of Transportation and logistics challenges affecting the deployment of larger wind 
turbines: Summary of results. Technical Report NREL/TP-5000-61063. National Renewable 
Energ Laboratory. U.S. Department of Energy. 
 
Cruz-Rivera, R., & Ertel, J. (2009). Reverse logistics network design for the collection of end-of-
life vehicles in Mexico. European Journal of Operational Research, 196(3), 930–939. 
 
Das, K., & Chowdhury, A. H. (2011). Designing a reverse logistics network for optimal 
collection, recovery and quality based product-mix planning. International Journal of 
Production Economics, 135, 209-221. 
 
Dat, L. Q., Truc Linh, D. T., Chou, S. Y., & Yu, V. F. (2012). Optimizing reverse logistic costs 
for recycling end-of-life electrical and electronic products. Expert Systems with Applications, 
39(7), 6380-6387. 
 
Dekker, R., Bloemhof, J., & Mallidis, I. (2012). Operations research for green logistics—An 
overview of aspects, issues, contributions and challenges. European Journal of Operational 
Research, 219(3), 671-679. 
 
Diabat, A., & Govindan, K. (2011). An analysis of the drivers affecting the implementation of 
green supply chain management. Resources, Conservation and Recycling, 55(6), 659-667. 
 
Do Valle, P. O., Menezes, J., Reis, E., & Rebelo, E. (2009). Reverse logistics for recycling: The 
customer service determinants. International Journal of Business Science and Applied 
Management, 4(1), 1-17. 
 
Donmez, I., & Turkay, M. (2013). Design of reverse logistics network for waste batteries with an 
application in Turkey. Chemical Engineering Transactions, 35, 1393-1398. 
 
Du, F., and Evans, G. W. (2008). A bi-objective reverse logistics network analysis for post-sale 
service. Computers & Operations Research, 35, 2617-2634. 
 
Eskandarpour M., Nikbakhsh, E., & Zegordi, S.H. (2013). Variable neighborhood search for the 
bi-objective post sales network design problem: A fitness landscape analysis. Computers & 
Operations Research, 52(B), 300-314. 
 



46 

Fleischmann, M., Krikke, H. R., Dekker, R., & Flapper, S. D. P. (2000). A characterisation of 
logistics networks for product recovery. Omega, 28(6), 653-666. 
 
Gary T. (2010). Transportation Problems challenge the wind industry. ULR: 
http://www.renewableenergyworld.com/rea/news/article/2010/07/wind-transport-needs-
challenge-industry [cited October 2014]. 
 
Gateway. (2013). Wind power. ULR: http://en.openei.org/wiki/Gateway:Wind [cited February 
2014] 
 
Golinska, P., & Kawa, A.(2011). Remanufacturing in automotive industry: Challenges and 
limitations. Journal of Industrial Engineering and Management, 4(3), 453–466. 
 
González‐Torre, P., Alvarez, M., Sarkis, J., & Adenso‐Díaz, B. (2010). Barriers to the 
implementation of environmentally oriented reverse logistics: Evidence from the automotive 
industry sector. British Journal of Management, 21(4), 889-904. 
 
Graczyk, M., & Witkowski, K. (2011). Reverse logistics processes in plastics supply chains. 
Total Logistic Management, 4, 43-55. 
 
Green.Illinois.Gov. (2014). Funding opportunities. 
URL: http://www2.illinois.gov/gov/green/Pages/FundingOpportunities.aspx [cited June 2014] 
 
Guide, V. D. R. (2000). Production planning and control for remanufacturing: Industry practice 
and research needs. Journal of Operations Management, 18(4), 467-483. 
 
Haapala, K. R., & Prempreeda, P. (2014). Comparative life cycle assessment of 2.0 MW wind 
Turbines, Int. J. Sustainable Manufacturing, 3(2), 170-185. 
 
Hahn, M., & Gilman, P. (2012). Offshore wind market and economic analysis. Prepared for U.S. 
Department of Energy. URL: 
http://www1.eere.energy.gov/wind/pdfs/offshore_wind_market_and_economic_analysis.pdf 
[cited November 2014]. 
 
Hansen, U. (2000). Reverse logistics is the key for remanufacturing and a sustainable 
development. In Proceedings of the 2000 IEEE International Symposium o Electgronics and the 
Environment, San Francisco, CA, May 8–10, pp. 238–242. 
 
Harris, I., Mumford, C., & Naim, M. (2009). The multi-objective uncapacitated facility location 
problem for green logistics. In 2009 IEEE Congress on Evolutionary Computation, Trondheim, 
May 18–21, pp. 2732-2739. 
 
Hawks, K. (2006). "What is reverse logistics?" Reverse Logistics Magazine, Winter/Spring. 
URL: http://www.rlmagazine.com/edition01p12.php [cited June 2015]. 
 

http://www.renewableenergyworld.com/rea/news/article/2010/07/wind-transport-needs-challenge-industry
http://www.renewableenergyworld.com/rea/news/article/2010/07/wind-transport-needs-challenge-industry
http://en.openei.org/wiki/Gateway:Wind
http://www2.illinois.gov/gov/green/Pages/FundingOpportunities.aspx
http://www1.eere.energy.gov/wind/pdfs/offshore_wind_market_and_economic_analysis.pdf
http://www.rlmagazine.com/edition01p12.php


47 

Hosseinzadeh, M., & Roghanian, E. (2012). An optimization model for reverse logistics network 
under stochastic environment using genetic algorithm. International Journal of Business and 
Social Science, 3(12), 249-264. 
 
Hulshorst, W. (2008). Repowering and used wind turbines. Leonardo Energy. URL: 
http://www.leonardo-energy.org/sites/leonardo-energy/files/root/pdf/2008/repowering-wind.pdf 
[cited May 2015]. 
 
Ilgin, M. A., & Gupta, S. M. (2010). Environmentally conscious manufacturing and product 
recovery (ECMPRO): A review of the state of the art. Journal of Environmental Management, 
91(3), 563-591. 
 
Jayant, A., Gupta, P., & Garg, S. K. (2011). Design and simulation of reverse logistics network: 
A case study. In Proceedings of World Congress on Engineering (WCE-2011), London, UK, 
July 6–8.  
 
Jayaraman, V. (2006). Production planning for closed-loop supply chains with product recovery 
and reuse: An analytical approach. International Journal of Production Research, 44(5), 981-
998. 
 
Jayaraman V., Guige, J., & Srivastava, R. (1999). A closed-loop logistics model for 
remanufacturing. Journal of the Operational Research Society, (50), 497-508 
 
Jayaraman, V., Patterson, R. A., & Rolland, E. (2003). The design of reverse distribution 
networks: Models and solution procedures. European Journal of Operational Research, 150(1), 
128–149. 
 
Kannan, D., Diabat, A., Alrefaei, M., Govindan, K., & Yong, G. (2012). A carbon footprint 
based reverse logistics network design model. Resources, Conservation and Recycling, 67, 75-
79. 
 
Kannan, G., Pokharel, S., & Sasi, Kumar, P. (2009). A hybrid approach using ISM and Fuzzy 
TOPSIS for the selection of reverse logistics provider. Resources, Conservation and Recycling, 
54, 28-36. 
 
Kannan, G., Sasikumar, P., & Devika, K. (2011). A genetic algorithm approach for solving a 
closed loop supply chain model: A case of battery recycling. Applied Mathematical Modelling, 
34(3), 655-670. 
 
 
Krones, J. S. (2007). Reverse logistics and large-scale material recovery from electronics waste. 
Doctoral Dissertation, Massachusetts Institute of Technology. 
 
Krikke, H. R., van Harten, A., & Schuur, P. C. (1999). Business case Océ: Reverse logistics 
network re-design for copiers. OR Spektrum, 21(3), 381-409. 
 

http://www.leonardo-energy.org/sites/leonardo-energy/files/root/pdf/2008/repowering-wind.pdf


48 

Kroon, L., & Vrijens, G. (1995). Returnable containers: An example of Reverse Logistics, 
International Journal of Physical Distribution and Logistics Management, 25(2), 56-68. 
 
Kusumastuti, R. D., Piplani, R., & Lim, G. (2004). An approach to design revese logistics 
networks for product recovery. In Proceedings of IEEE International Engineering Management 
Conference, vol. 3, Singapore, pp. 1239-1243 
 
Kumar, S., & Putnam, V. (2008). Cradle to cradle: Reverse logistics strategies and opportunities 
across three industry sectors. International Journal of Production Economics, 115(2), 305-315. 
 
 
Lee, D. H., & Dong, M. (2008). A heuristic approach to logistics network design for end-of-lease 
computer products recovery. Transportation Research Part E: Logistics and Transportation 
Review, 44(3), 455-474. 
 
Lee, D. H., & Dong, M. (2009). Dynamic Network design for reverse logistics operations under 
uncertainty. Transportation Research Part E, 45, 61-71.  
 
Lee, J. E., Gen, M., & Rhee, K. G. (2009). Network model and optimization of reverse logistics 
by hybrid genetic algorithm. Computers & Industrial Engineering, 56(3), 951–964. 
 
Lehtinen, U., & Poikela, K. (2006). Challenges of WEEE on reverse logistics: A case study on a 
collection network in Finland. In Proceedings of Logistics Research Network Annual Conference 
2006, M. Bourlakis et al., Eds., Newcastle upon Tyne, UK, September 6–8, The Chartered 
Institute of Logistics and Transport (UK). 
 
Listeş, O., & Dekker, R. (2005). A stochastic approach to a case study for product recovery 
network design. European Journal of Operational Research, 160(1), 268-287. 
 
Louwers, D., Kip, B. J., Peters, E., Souren, F., & Flapper, S. D. P. (1999). A facility location 
allocation model for reusing carpet materials. Computers & Industrial Engineering, 36(4), 855-
869. 
 
Lu, Z., & Bostel, N. (2007). A facility location model for logistics systems including reverse 
flows: The case of remanufacturing activities. Computers & Operations Research, 34, 299-323.  
 
Mahmoudi, H., Fazlollahtabar, H., & Mahdavi, I. (2013). Mathematical modeling for minimizing 
costs in a multilayer multi-product reverse supply chain. Industrial Engineering & Management, 
2, 1-6. 
 
Mahmoudzadeh, M., Mansour, S., & Karimi, B. (2013). To develop a third party reverse 
logistics network for endof- life vehicles in Iran. Resources, Conservation and Recycling, 78, 1-
14. 
 



49 

Mansour, S., & Zarei, M., (2008). A multi-period reverse logistics optimisation model for end-
of-life vehicles recovery based on EU directive. International Journal of Computer Integrated 
Manufacturing, 21(7), 764-777. 
 
Mao, Z., & Jin, Y. (2014). Reverse logistics in automotive industry—A multipe case study in 
automotive industry. Master Thesis, Högskolan I Gävle University. URL: http://www.diva-
portal.se/smash/get/diva2:725973/FULLTEXT01.pdf [cited June 2014] 
 
Martinez, E., Sanz, F., Pellegrini, S., Jimenez, E., & Blanco, J. (2009). Life cycle assessment of a 
multi-megawatt wind turbine. Renewable Energy, 34(3), 667-673. 
 
McKinnon, A., Browne, M., Whiteing, A., & Piecyk, M. (Eds.). (2015). Green logistics: 
Improving the environmental sustainability of logistics. Kogan Page Publishers. 
 
Meade, L., Sarkis, J., & Presley, A. (2007). The theory and practice of reverse logistics. 
International Journal of Logistics Systems and Management, 3(1), 56-84. 
 
Merkisz-Guranowska, A. (2011). End-of-life vehicles recycling network design. Journal of 
KONES, 18, 261-268. 
 
Millet, D. (2011). Designing a sustainable reverse logistics channel: The 18 generic structures 
framework. Journal of Cleaner Production, 19(6), 588-597. 
 
Min, H., Jeung Ko, H., & Seong Ko, C., (2006). A genetic algorithm approach to developing the 
multi-echelon reverse logistics network for product returns. Omega, 34(1), 56-69. 
 
Min, H., & Kim, I. (2012). Green supply chain research: Past, present, and future. Logistics 
Research, 4(1-2), 39-47. 
 
Mishra, N., Kumar, V., & Chan, F. T. S. (2012). A multi-agent architecture for reverse logistics 
in a green supply chain. International Journal of Production Research, 50(9), 2396-2406. 
 
Mounir, B., Afifa, K., & Habib, C. (2011). Facility location model for reverse logistics. 
Advances in Production Engineering & Management, 6(1), 37-44. 
 
Mutha, A., & Pokharel, S. (2009). Strategic network design for reverse logistics and 
remanufacturing using new and old product modules. Computers & Industrial Engineering, 
56(1), 334-346. 
 
Nagurney, A., & Toyasaki, F. (2005). Reverse supply chain management and electronic waste 
recycling: A multitiered network equilibrium framework for e-cycling. Transportation Research 
Part E: Logistics and Transportation Review, 41(1), 1-28. 
 
Nenes, G., & Nikolaidis, Y. (2012). A multi-period model for managing used product returns. 
International Journal of Production Research, 50(5), 1360-1376. 
 

http://www.diva-portal.se/smash/get/diva2:725973/FULLTEXT01.pdf
http://www.diva-portal.se/smash/get/diva2:725973/FULLTEXT01.pdf


50 

Nunes, B., Bennett, D., Shaw, D., & Quariguasi Frota Neto, J. (2011). Challenges and 
opportunities for reverse logistics initiatives in the automotive industry. In 18th International 
Annual Conference of the European Oprations Management Association (EurOMA Conference), 
Cambridge, UK July 3–6, 10 pp. 
 
Ondemir, O., & Gupta, S. M., (2008). Selection of collection centers for reverse logistics 
networks. In Proceedings of the 2008 Northeast Decision Sciences Institute Conference, vol. 
1239, Brooklyn, NY, March 28-30, pp. 592-596. 
 
Ortegon, K., Nies, L. F., & Sutherland, J. W. (2012a). Preparing for end of service life of wind 
turbines. Journal of Cleaner Production, 39, 191-199 
 
Ortegon, K., Nies, L. F., & Sutherland, J. W. (2012b). Remanufacturing: An alternative for end 
of use of wind turbines. In Leveraging technology for a sustainable world (pp. 155-160). 
Springer, Berlin Heidelberg. 
 
Ozceylan, E., & Paksoy, T. (2013). A mixed integer programming model for a closed-loop 
supply-chain network. International Journal of Production Research, 51(3), 718–734. 
 
Özkir, V., & Başlıgıl, H. (2012). Modelling product-recovery processes in closed-loop supply-
chain network design. International Journal of Production Research, 50(8), 2218-2233. 
 
Paksoy, T., Özceylan, E., Weber, G.-W., Barsoum, N., Weber, G. W., & Vasant, P. (2010). A 
multi objective model for optimization of a green supply chain network. Global Journal of 
Technology and Optimization, 2, 84-96.  
 
Pati, R. K., Jans, R., & Tyagi, R. K. (2013). Green logistics network design: A critical review. In 
24th Annual Conference of the Production and Operations Mangement Society (POMS), vol. 25, 
Denver, May 3–6, pp. 1-10. 
 
Pati, R. K., Vrat, P., & Kumar, P. (2008). A goal programming model for paper recycling 
system. Omega, 36(3), 405–417. 
 
Piplani, R., & Saraswat, A. (2012). Robust Optimization approach to the design of service 
networks for reverse logistics. International Journal of Production Research, 50, 1424-1437. 
 
Pishvaee, M. S., Farahani, R. Z., and Dullaert, W. (2010a). A memetic algorithm for bi-objective 
integrated forward/reverse logistics network design. Computers & Operations Research, 37, 
1100-1112. http://dx.doi.org/10.1016/j.cor.2009.09.018 
 
Pishvaee, M. S., Kianfar, K., & Karimi, B. (2010b). Reverse logistics network design using 
simulated annealing. International Journal of Advanced Manufacturing Technology, 47, 269-
281. http://dx.doi.org/10.1007/s00170-009-2194-5 
 

http://dx.doi.org/10.1016/j.cor.2009.09.018
http://dx.doi.org/10.1007/s00170-009-2194-5


51 

Pishvaee, M. S., & Torabi, S. A. (2010). A possibilistic programming approach for closed-loop 
supply chain network design under uncertainty. Fuzzy Sets and Systems, 161, 2668-2683. 
http://dx.doi.org/10.1016/j.fss.2010.04.010 
 
Pishvaee, M. S., Torabi, S. A., & Razmi, J. (2012). Credibility-based fuzzy mathematical 
programming model for green logistics design under uncertainty. Computers & Industrial 
Engineering, 62(2), 624-632. 
 
Pokharel, S. & Mutha, A. (2009). Perspectives in reverse logistics: A review Resources, 
Conservation and Recycling, 53(4), 175-182. 
 
Pourmohammadi, H., Dessouky, M., & Rahimi, M. (2002). A reverse logistics model for the 
distribution of waste/by-products. University of Southern California Epstein Department of 
Industrial and Systems Engineering. ULR: 
http://www-bcf.usc.edu/~maged/publications/A%20Reverse%20Logistics%20Model.pdf [cited 
November 2014]. 
 
Quariguasi Frota Neto, J., Bloemhof-Ruwaard, J. M., van Nunen, J. A. E. E., & van Heck, E. 
(2008). Designing & evaluating sustainable logistics networks. International Journal of 
Production Economics, 111(2), 195-208. 
 
Quariguasi Frota Neto, J., Walther, G., Bloemhof, J., Van Nunen, J. A. E. E., & Spengler, T., 
(2010). From closed-loop to sustainable supply chains: The WEEE case. International Journal of 
Production Research, 48(15), 4463–4481. 
 
Rahman, S., & Subramanian, N. (2012). Factors for implementing end-of-life computer 
recycling operations in reverse supply chains. International Journal of Production Economics, 
140(1), 239-248. 
 
Ramudhin, A., Chaabane, A., Kharoune, M., & Paquet, M. (2008). Carbon market sensitive 
green supply chain network design. In IEEE International Conference on Industrial Engineering 
and Engineering Management, pp. 1093-1097). 
 
Ravi, V., Shankar, R., & Tiwari, M. K. (2005). Analyzing alternatives in reverse logistics for 
end-of-life computers: ANP and balanced scorecard approach. Computers & Industrial 
Engineering, 48(2), 327–356. 
 
Romeijn, H. E., Sharkey, T. C., Shen, Z.-J. M., & Zhang, J. (2010). Integrating facility location 
and production planning decisions. Networks, 55(2), 78-89. 
 
Rubio, S., Chamorro, A., & Miranda, F. J. (2008). Characteristics of the research on reverse 
logistics (1995–2005). International Journal of Production Research, 46(4), 1099-1120. 
 
 
 
 

http://dx.doi.org/10.1016/j.fss.2010.04.010
http://www-bcf.usc.edu/~maged/publications/A%20Reverse%20Logistics%20Model.pdf


52 

Rydh, C. J., Jonsson, M., & Lindahl, P.k. (2004). Replacement of old wind turbines assessed 
from energy, environmental and economic perspectives. 
URL: http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.524.8291&rep=rep1&type=pdf 
[cited November 12, 2014]. 
 
Salema, M. I. G., Barbosa-Povoa, A. P., & Novais, A.Q. (2007). An optimization model for the 
design of a capacitated multi-product reverse logistics network with uncertainty. European 
Journal of Operational Research, 179(3): 1063-1077. 
 
Sarkis, J. (2003). A strategic decision framework for green supply chain management. Journal of 
Cleaner Production, 11(4), 397-409. 
 
Sasikumar, P., & Haq, A. N. (2011). Integration of closed loop distribution supply chain network 
and 3PRLP selection for the case of battery recycling. International Journal of Production 
Research, 49(11), 3363-3385. 
 
Sbihi, A., & Eglese, R. W. (2007). Combinatorial optimization and green logistics. 4OR: A 
Quarterly Journal of Operaitos Research, Sprigner Verlag, 5(2), 99-116. 
 
Schultmann, F., Zumkeller, M., & Rentz, O. (2006). Modeling reverse logistic tasks within 
closed-loop supply chains: An example from the automotive industry. European Journal of 
Operational Research, 171(3), 1033-1050. 
 
Sheu, J. B., Chou, Y. H., & Hu, C. C. (2005). An integrated logistics operational model for 
green-supply chain management. Transportation Research Part E: Logistics and Transportation 
Review, 41(4), 287-313. 
 
Sheu, J. B. (2007). A coordinated reverse logistics system for regional management of multi-
source hazardous wastes. Computers & Operations Research, 34(5), 1442–1462. 
 
Shih, L. H. (2001). Reverse logistics system planning for recycling electrical appliances and 
computers in Taiwan. Resources, Conservation And Recycling, 32(1), 55-72. 
 
Shi, J., Zhang, G., & Sha, J. (2011). Optimal production planning for a multi-product closed loop 
system with uncertain demand and return. Computers & Operations Research, 38(3), 641-650. 
 
Sosa Skrainka, M. (2012). Analysis of the environmental impact on remanufacturing wind 
turbines. Master's Thesis, Rochester Institute of Technology. 
 
Spengler, T., Ploog, M., & Schröter, M. (2003). Integrated planning of acquisition, disassembly 
and bulk recycling: A case study on electronic scrap recovery. OR Spectrum, 25(3), 413–442. 
 
Srivastava, S. K. (2007). Green supply-chain management: A state-of-art literature review. 
International Journal of Management Review, 9(1), 53-80. 
 

http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.524.8291&rep=rep1&type=pdf


53 

Srivatsava, S. K., & Srivatsava, R. K. (2006). Managing product returns for reverse logistics. 
International Journal of Physical Distribution and Logistics Management, 36(7), 524-546. 
 
Stock, J. R. (1998). Development and implementation of reverse logistics programs. Council of 
Logistics Management, Oak Brook, IL. 247 pp. 
 
Sundin, E., & Dunbäck, O. (2013). Reverse logistics challenges in remanufacturing of 
automotive mechatronic devices. Journal of Remanufacturing, 3(1), 1-8. 
 
Suryabatmaz, A. C., Altekin, F. T. & Sahin, G. (2014). Hybrid simulation-analytical modeling 
approaches for the reverse logistics network design of a third-party logistics provider. Computers 
and Industrial Engineering, 70, 74-89. http://dx.doi.org/10.1016/j.cie.2014.01.004 
 
Thierry, M. C., Salomon, M., Nunen, J. V., & Wassenhove, L. V. (1995). Strategic issues in 
product recovery management. California Management Review, 37(2), 114-135. 
 
TranSystems. (2010). Newton, Kansas logistics park analysis: Final report. (2010). URL: 
http://www.kansaslogisticspark.com/pdf/Newton%20Kansas%20Logistics%20Park%20Analysis
%2010-22-10%20FINAL.pdf [cited May 2014]. 
 
Tuzkaya, G., Gülsün, B., & Önsel, Ş. (2011). A methodology for the strategic design of reverse 
logistics networks and its application in the Turkish white goods industry. International Journal 
of Production Research, 49(15), 4543-4571. 
 
Ubeda, S., Arcelus, F. J., & Faulin, J. (2011). Green logistics at Eroski: A case study. 
International Journal of Production Economics, 131(1), 44-51. 
 
U.S. Department of Energy. (2013). Federal incentives for wind power. URL: 
http://www1.eere.energy.gov/wind/pdfs/57933_eere_wwpp_federal_incentives.pdf [cited June 
2014] 
 
Vahdani, B., Mogaddham, R. T., & Jolai, F. (2013). Reliable design of a logistics network under 
uncertainty: A fuzzy possibilistic-queuing model. Applied Mathematical Modeling, 37, 3254-
3268. http://dx.doi.org/10.1016/j.apm.2012.07.021 
 
Walton, S., & Parker, D. (2008). The potential for remanufacturing of wind turbines. Product 
Group Study, Centre for Remanufacturing & Reuse.  
URL: http://www.remanufacturing.org.uk/pdf/story/1p259.pdf? [cited April 2015]. 
 
Wolfer, S., Sander, H., & Gogoll, F. (2012). Reverse logistics for waste electrical and electronic 
equipment (WEEE) in China. URL:  
https://www1.th-koeln.de/imperia/md/content/globuswebsite/globus_wp_2011-
4_wolfer_et_al.pdf [cited June 2014]. 
 

http://dx.doi.org/10.1016/j.cie.2014.01.004
http://www.kansaslogisticspark.com/pdf/Newton%20Kansas%20Logistics%20Park%20Analysis%2010-22-10%20FINAL.pdf
http://www.kansaslogisticspark.com/pdf/Newton%20Kansas%20Logistics%20Park%20Analysis%2010-22-10%20FINAL.pdf
http://www1.eere.energy.gov/wind/pdfs/57933_eere_wwpp_federal_incentives.pdf
http://dx.doi.org/10.1016/j.apm.2012.07.021
http://www.remanufacturing.org.uk/pdf/story/1p259.pdf?
https://www1.th-koeln.de/imperia/md/content/globuswebsite/globus_wp_2011-4_wolfer_et_al.pdf
https://www1.th-koeln.de/imperia/md/content/globuswebsite/globus_wp_2011-4_wolfer_et_al.pdf


54 

Wollenweber, J. (2008). A multi-stage facility location problem with staircase costs and splitting 
of commodities: Model, heuristic approach and application. OR Spectrum, 30, 655-673. 
http://dx.doi.org/10.1007/s00291-007-0114-3 
 
Xanthopoulos, A., Vlachos, D., & Iakovou, E. (2011). Optimal sourcing decisions for unreliable 
reverse supply chains. Asia-Pacific Journal of Operational Research, 28, 125-146. 
http://dx.doi.org/10.1142/S0217595911003090 
 
Xie, S.-X., & Wang, W.-F. (2010). The route for green logistics: The strategic choice for green 
logistic upgrading. China Business and Market, 5, 005. 
 
Ye, T., & Zhenhua, Y. (2014). Reverse logistics network: A literature review. Journal of 
Chemical & Pharmaceutical Research, 6(7), 1916-1921. 
 
Yimsiri, S. (2009). Designing multi-objective reverse logistics networks using genetic 
algorithms. Ph.D. Dissertation, The University of Texas at Arlington. 
 
Yu, H.-J., Li, X.-Y., & Su. (2007). Material recovery facility location and waste flow assignment 
problem based in scatter search. Proceedings of the Sixth International Conference on Machine 
Learning and Cybernetics, vol. 4, Hong Kong, August 19–22, pp. 2368–2372. 
 
Zapp K. (2010). Bigger turbines come with bigger transport headaches. ULR: 
http://www.windpowerengineering.com/news/bigger-turbines-come-with-bigger-transport-
headaches [cited January 2015]. 
 
Zarei, M., Mansour, S., Husseinzadeh Kashan, A., & Karimi, B. (2010). Designing a reverse 
logistics network for end-of-life vehicles recovery. Mathematical Problems in Engineering, 
2010, 16 pp. http://dx.doi.org/10.1155/2010/649028  
  

http://dx.doi.org/10.1007/s00291-007-0114-3
http://dx.doi.org/10.1142/S0217595911003090
http://www.windpowerengineering.com/news/bigger-turbines-come-with-bigger-transport-headaches/
http://www.windpowerengineering.com/news/bigger-turbines-come-with-bigger-transport-headaches/
http://dx.doi.org/10.1155/2010/649028


55 

CHAPTER 3 

 

REVERSE LOGISTICS NETWORK DESIGN FOR END-OF-LIFE OPTIONS FOR 

WIND TURBINES 

 

 

Abstract 

Energy generation from wind turbines shows an increasing trend for the last two decades. 

As the amount of wind generation increases, WT operators face challenges with finding 

alternative disposal options for WTs over their useful life. Wind farm operator (decision makers) 

can benefit from a well-designed reverse logistics network to determine the best disposal 

alternative for WT end-of-life use. This chapter is an example of the recovery of valuable 

material that can be recycled/recovered or remanufactured at the end of WTs useful life by 

designing an effective reverse logistics network. Here, a mixed integer linear programming 

model is proposed to determine a long-term strategy for WT EOL. The objective in this model is 

to minimize the transportation and operating cost as well as finding the best locations for 

recycling and remanufacturing centers. The results of this study show that due to the high 

operating cost at remanufacturing centers, sending most WTs to them is costlier than sending 

them to recycling centers. In addition, it was found that transportation cost depends on the 

amount of flow that has been sent to the recycling or remanufacturing center. 

3.1 Introduction 

Due to the increased awareness of environmental issues and more restrictive 

environmental regulations, renewable energy sources such as wind, solar, hydro, and geothermal 

are becoming more popular. In addition, due to the increase in total energy consumption, 

attaining a sustainable energy supply will be a challenge in the near future for the world. Using 

renewable energy sources effectively is one of the options to help overcome this problem. The 
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main driver for interest in wind turbines is to produce electrical power with very low CO2 

emissions, which is one of the largest contributors of greenhouse gas emissions, the insidious 

cause of climate change (Ghenai, 2012).  

Life expectancy for WTs is about 20 years (Post, 2013; Haapala & Prempreeda, 2014). 

Due to increasing demand of using wind energy as a renewable energy source, at some point, 

many WTs will reach the end of their service life. Thus, a sustainable process that can be used 

when WTs reach the end of their service life is needed in order to maximize the environmental 

and economic benefits of wind energy and to minimize the environmental impact. To date, end-

of-life options for modern WTs have not been fully addressed. Even though using this 

technology offers many advantages, such as low CO2 emissions, the main concern is determining 

how to dispose of these gigantic pieces of equipment at the end of their life (AWEA, 2011). The 

EOL options for WTs are recycling, reconditioning, reuse, and remanufacturing. These options 

provide a valuable opportunity to reduce virgin material consumption, preserve energy, and 

reduce the CO2 emission as well as decrease the volume of material that will be sent to a landfill. 

To address governmental regulations and consumer concerns regarding the 

environmental issues, companies have focused on recycling, reuse, and any other possible 

alternatives to reduce the amount of waste stream going to landfills. To assist the reverse flow of 

used products from consumers to manufacturers in an efficient manner, the most appropriate 

approach is to create a reverse logistics network (Chien and Shih, 2007). Reverse logistics 

networks for product recovery can be described as a mechanism that can be used by a 

manufacturer to collect products at the end of the life cycle from the point of the consumer for 

possible recycling and remanufacturing (Meade et al., 2007). Products that are collected using 

reverse logistics can be used in four forms to achieve environmental and economic goals: direct 
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reuse, repair, recycling, and remanufacturing. Reverse logistics can be established through any of 

the following: (a) original forward channel, (b) reverse channel, or (c) a combination using both 

forward and reverse channels. 

In the literature, a significant number of studies focus on the reverse logistics network for 

different EOL products, such as electric/electronic products and vehicles. Reverse logistics 

strategies and different application methods for various products are already being reviewed by 

others:  Elwany et al. (2007), Chanintrakul et al. (2009), Pokharel et al. (2009), Sheu (2007), 

Quariguasi Frota Neto et al. (2008), Pati et al. (2008), Ozkir and Basligil (2012), Mansour and 

Zarei (2008), Jayaraman et al. (2003), Lu & Bostel (2007), Kara & Onut (2010), Sundin and 

Dunbäck (2010), Cruz-River & Ertel (2009), Nunes et al. (2011), Nagurney and Toyasaki 

(2005), Xanthopoulos et al. (2011), Rahman and Subramaninan (2012), Krones (2007), Tuzkaya 

et al. (2011), Chen and Taham (2010), Lee and Dong (2008), Dat et al. (2012), and Wolfer et al. 

(2012). However, no study providing an optimization model and a detailed analysis of WTs EOL 

using reverse logistics has been found. Therefore, this study has attempted to cover this lack of 

knowledge through the development of an effective RLN design with a mathematical 

programming model for WTs EOL use. This work focuses on the development of mixed-integer 

linear programming models to assist the decision maker in the wind energy industry at a strategic 

level. Furthermore, there has not been a study that considers remanufacturing as an important 

EOL option for WTs. With the increase in the number and size of these turbines, it is essential to 

reduce their environmental impact and to obtain economic benefits from the disposal stage by 

integrating a proper EOL strategy (such as recycling and remanufacturing) into the RLN design. 

To date, remanufacturing and recycling alternatives have not been formulated simultaneously in 

an optimization model that could be part of a decision support framework. In addition, somehow 
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these sizable and massive wind turbines, such as a 2 MW WT with a total mass of 1,389.64 tons, 

must be handled, either by recycling or landfilling (Haapala & Prempreeda, 2014). Therefore, 

considering the number of WTs that will reach the end of life, the total mass of disposal is a 

major issue. As a result, research is needed to incorporate these disposal alternatives into a 

mathematical decision model. Proposed here is a multi-period, single product, multi-component, 

a MILP approach to design a reverse logistics network for WT EOL use. This model 

incorporates different EOL options for WTs such as recycling, remanufacturing alternatives, and 

associated transportation and operating costs for each option, and determines the optimal 

numbers of recycling and remanufacturing centers throughout time horizon. The objective of this 

MILP model is to minimize total cost, including operating cost, transportation cost, and 

installation cost, while considering the impacts of different recycling and remanufacturing ratios 

over a finite planning horizon. 

In this study, a multi-echelon reverse logistics network is designed, andthe model is 

illusrasted using a case study that has ten wind farms having 1.5 MW WT, which are widely 

used on wind farms throughout the U.S. The proposed model considers only one type and one 

style of WT having three main components (i.e, gearbox, generator tower, and/or blades), which 

are shipped between different echelons of supply chain at the end of their life for reusing, 

recycling, and remanufacturing of WTs. 

Unlike previous research, the work here modeled generation points as collection points. 

Installing numerous collection centers in near proximity to generation points (and inspection 

centers) may make sense when collecting small assets, like plastic bottles for curbside collection. 

However, this is not a rational approach for large assets like WTs, where generation points are 

typically far apart, which would render a network of collection centers complicated and 
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economically infeasible. The improved model formulation provides a much more realistic 

representation of real-world economics for large assets, and therefore yields a more accurate 

optimization of long-term costs. In summary, the reverse logistics network considered in this 

dissertation is different than networks in the reverse logistics literature. While RLN design for 

EOL has been studied by many researchers under various settings, there is still need for further 

research that examines the modeling of different recycling ratios in order to overcome quality 

uncertainty of WT component. Consequently, the results of the literature review, outlined in 

Chapter 2, show that deterministic models commonly ignore uncertainty associated with the 

RLN design process. 

It has been found that little work explores reverse logistics network design in the WT 

industry. The proposed model closes this research gap by contributing to the RLN design and the 

WT industry literature in the following ways: 

 This study presents an MILP formulation to solve the wind turbine reverse logistics 

network (WTRLN) problem. This optimization model is applicable to all kinds of WTs, 

and the model is applied to study the different recycling and remanufacturing ratios over 

a finite horizon, in order to overcome the uncertainty associated with RLN design. The 

investigation of different disposal options (such as recycling and remanufacturing) for 

EOL WTs in terms of cost components could be part of a decision support framework. 

 Computational studies and detailed sensitivity analysis of the proposed MILP model are 

performed, and the impact of key cost drivers on network cost is analyzed. Extensive 

numerical investigation is completed to determine the effect of each disposal option. 

These computational experiments allow decision makers to observe the impact of 

important parameters or factors on location and number of recycling and remanufacturing 
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centers to be opened. The proposed model determines the reverse logistics cost of 

different disposal options, which help decision makers decide which option at which time 

period to consider, based on the budget allocated for EOL WT disposal.  

 In addition, this model provides the flexibility of choosing a reverse logistics channel 

between recycling and remanufacturing centers for EOL WTs. 

 The input data utilized in this chapter is gathered by employing various sources in the 

literature. Therefore, this paper also provides detailed cost and RLN data to researchers 

and managers in the WT industry. 

 This chapter provides a useful reference for the WT industry in RLN design decision-

making and could also be utilized as a decision support tool for allocating limited budget 

among the various operations in order to minimize the total network cost while 

considering the effect of different recycling and remanufacturing ratios. 

While designing a reverse logistics network for WTs EOL use, in general, with the 

proposed model, the following questions can also be answered. 

 What would be the least number of inspection, recycling, and remanufacturing centers 

needed? 

 If a remanufacturing center were to be opened, what would be its capacity, and how does 

this change the total cost of the reverse logistics network? 

 What would be the end-of-life disposal options such as recycling or remanufacturing?  

 Is it viable to remanufacture or just recycle EOL WTs? 

The answers to these questions will be examined in the following sections. However, before 

providing details of the proposed model, it is best to understand the WT supply chain, which 

along with the role of the reverse logistics network, is discussed in Section 3.2.  
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3.2 Wind Turbine Supply Chain 

Over the last decade, wind power has grown at around 7% a year, increasing by a factor 

of 10. The U.S. Department of Energy aims for 20% of U.S. electricity to be wind produced by 

2030 (Centers of Excellence, 2009). Figure 3.1 presents the projected annual WT gigawatts 

(GW) installed to meet the 20% growth path for wind energy. 

 

Figure 3.1: Growth Path for Wind (adapted from Centers of Excellence, 2009) 

To reach this goal, there must be enough raw materials to manufacture the wind turbines. Every 

megawatt capacity of WT requires 200 kilograms of neodymium. In addition, the heavy rare 

earth metal dysprosium, which is used to increase the longevity of magnets in WT, is becoming 

more difficult to find. To overcome the difficulty of supplying rare earth metals, mines could be 

developed, but the increased mining of rare earth metals could create more environmental 

degradation and human health hazards (Cho, 2012). In addition, the refinement process for rare 

earth metals uses toxic acids and results in polluted wastewater that must be properly disposed 

of. Although recycling cannot satisfy the rapidly growing demand for rare earth metals, it is one 

way to help decrease the shortage. Recycling and reusing materials also save energy that is used 

in mining and processing, conserves resources, and reduces pollution and greenhouse gas 
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emissions. As the use of these materials in WTs increases, recycling would make more economic 

sense. Recycled content could become valuable as a secondary source on the market, which can 

ease periods of tight supply (Bauer et al., 2010; Hahn & Gilman, 2012). Figure 3.2 represents a 

generic wind turbine supply chain. As can be seen, the last step of WT supply chain management 

is end of life. In this chapter, WT EOL options will be examined, focusing on  RLN design of 

recycling and remanufacturing options. 

A framework for EOL options for WTs is provided in Figure 3.3. An integrated WT 

reverse logistics network should address the following significant factors: plans for collection of 

WT components, estimation of recyclable and recovered quantities of WT parts, and 

remanufacturing and remarketing of recovered WTs items. Reverse logistics activities for WT 

EOL use can be grouped into three stages: (1) product/part collection, (2) inspection, separation, 

and sorting, and (3) recovery and disposition. 

 
 

Figure 3.2: Wind Turbine Supply Chain 
(adapted from U.S. Department of Labor, 2010) 
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Figure 3.3: End-of-Life Options for Wind Turbines 
(adapted from U.S. Department of Labor, 2010) 

 
Because of increasing demand for renewable energy resources, the main manufacturers of WTs 

are struggling to keep up with the increasing demand for new units (Ghenai, 2012). Due to the 

recent growth of demand for wind energy, there is a global shortage affecting some of the 

components. Table 3.1 summarizes the components of WTs and their shortage risk (Lehner & 

Roastogi, 2012). 

Table 3.1: Global Shortage of Wind Turbine Components 
 

Component Shortage Risk 

Blades High 
Bearing High 
Gearbox High 
Controls Low 
Generators Low 
Castings Low 
Tower Low 

Adapted from Lehner & Roastogi, 2012 
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A longer waiting period for most parts of the major turbine makes remanufacturing very 

attractive, since traditional remanufacturing activities are capable of returning most WT 

components to “as-new” condition (Walton & Parker, 2008). Therefore, remanufacturing the 

valuable components of WTs at the EOL may be an effective way to meet their increasing 

demand. 

In addition, because of the growing demand for energy in developing countries, and the 

interest in renewable energy sources, i.e., wind energy, which provides a sustainable and 

environmentally friendly power supply, remanufacturing of EOL WTs could be helpful to satisfy 

this growing need for power. Most of these developing countries may not be able to afford  brand 

new WTs as a source of renewable energy. Therefore, providing used refurbished WTs in these 

locations offers several benefits, such as lower capital investment, shorter project duration, 

reduction of CO2 emissions, and a contribution to sustainable development (Hulshorst, 2008).  

Several studies discussed the reduction in carbon dioxide (CO2) by comparing different 

alternatives for treatment and replacement of old WTs. The highest amount of CO2 emissions for 

energy generation from WTs was found to be in the material production phase, which is 60% to 

64% of total emissions, and the next was in wind turbine production. Transportation, 

disassembly, and renovation/maintenance contributes only 2% to 3% of CO2 emissions (Riyadh 

et al., 2004). Sosa Skrainka  (2012) analyzed the environmental impact of remanufacturing WTs 

and concluded that remanufacturing of the component inside the nacelle has a smaller impact on 

the environment than manufacturing new components. Arvesen and Hertwich (2012) assessed 

the life-cycle environmental impacts of wind power and estimated that the EOL phase of WTs 

reduces emissions, decreasing greenhouse gas emissions by 19%.  
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Table 3.2 shows the benefits of recycling parts of the WTs at the end life of their useful 

life, producing less CO2 than the landfilling process. It can be seen that the dominant phase that 

is consuming more energy and producing more CO2 emissions is the material phase and primary 

material production of the WT parts. More energy is consumed and high amount of CO2 is 

released in the atmosphere during these two phases. Results also show the benefits of recycling 

materials at the end life of the WT. If all materials are sent to the landfill at the WT end of life, 

then 2.18 E+011 J of energy (1.1% of total energy) is needed to process these materials, and 

13,095.71 Kg of CO2 (0.9% increase of total CO2) are released to the atmosphere. If WT material 

is recycled at the EOL, then a total energy of 6.85E+012 J (54.8% of total energy) is recovered. 

A net reduction of CO2 emissions by 495,917.28 Kg (55.4% of total CO2) is obtained by 

recycling the WT material (Ghenai, 2012). 

Table 3.2: Energy and CO2 Footprint Summary—Wind Turbine 

Life Cycle of Wind Turbine with Landfilling Life Cycle of Wind Turbine with Recycling 

Phase Energy (J) CO2 (kg) Phase Energy (J) CO2 (kg) 

Material 1.759E+013 1.2546E+006 Material 1.759E+013 1.2546E+006 
Manufacture 1.3593E+012 107669.7209 Manufacture 1.3593E+012 107669.7209 
Transport 2.4336E+011 17278.6954 Transport 2.4336E+011 17278.6954 
Use 1.6778E+011 11912.557 Use 1.6778E+011 11912.557 
EOL Landfilling 2.1826E+011 13095.7080 EOL Recycling -6.8512E+011 -495917.2797 
Total 1.9583E+013 1.4054E+006 Total 1.2513E+013 895503.8906 
Adapted from Ghenai, 2012 
 
Based on the environmental and economic factors, the supply chain would greatly benefit if a 

reverse logistics network was integrated into the whole supply chain process. By doing so, the 

WT supply chain would become environmentally more responsible by recycling, reusing, or 

remanufacturing the WT. In addition, there is a possibility of economic gain from recycling and 

remanufacturing. Recovery of products and parts can be good alternatives to manufacturing new 

products and parts and virgin resources (Krikke et al., 1999; Geyer & Jackson, 2004). It is clear 
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that an effective reverse logistics for WTs can generate direct gains by reducing the use of raw 

materials, adding value with recovery, reducing disposal costs, recycling to save landfill space 

and energy, and reducing CO2 emissions, in turn providing a more sustainable supply chain. In 

Secion 3.3, the proposed reverse logistics supply chain for WTs is proposed, and the proposed 

model notations, parameters, and formulations are introduced. 

3.3 Wind Turbine Reverse Logistics Network Mathematical Model 

This section presents a mathematical model of the WTRLN problem. First, the reverse 

logistics network considered in this work is described. Then the variables and parameters of the 

model for the proposed RLN design model are given. Last, a formulation of the model is 

proposed. 

The main objective of this model is to minimize the cost associated with logistics and 

operating cost of different disposal options (i.e., recycling or remanufacturing) for EOL WTs. 

The proposed model considers the design of a multi-echelon reverse logistics network that 

consists of wind farms, inspection centers, remanufacturing centers, recycling centers, and 

secondary market. The general structure of an RLN for WTs is shown in Figure 3.4. 

 

Figure 3.4: Reverse logistics of wind turbines 
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As can be seen, reverse flow starts at the wind farms. It is assumed that the major 

components of WTs (i.e., nacelles, blades, and tower, etc.) are dismantled and transported to 

inspection centers, which sort the materials and components by identifying quality of the parts. 

At inspection centers, better conditioned WT parts are transported to remanufacturing centers, 

while WT parts that are in bad condition are sent to recycling centers. It is difficult to predict the 

physical condition of WTs at the end of their useful life. Therefore, constraints are introduced to 

provide flexibility to run the model with different recycling ratios. The following assumptions 

are made: 

 Locations are known. 

o Potential inspection, recycling, and remanufacturing centers 

o Markets for recycling and remanufacturing 

o Disposal centers 

 There is no storage in the inspection/recycling and remanufacturing centers, therefore no 

holding cost. 

 Dismantling operations take place at wind farms, and WT parts are transported to 

inspection centers for testing and cleaning. 

 A fixed cost is associated with opening inspection, recycling, disposal, and 

remanufacturing centers. 

 Even though a wind turbine has many components, only three main components are 

considered in this study (blades, nacelle (gearbox and generator), and tower). 

 Transportation cost is determined per mile, and total transportation costs in the objective 

function are obtained by multiplying these costs by distances between two nodes. These 

distances are calculated by haversine formula (Longitude Store.com, 2014). 
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 Wind farms as generator points or collection centers are used interchangeably. 

 For the initial runs, landfilling (disposal) cost is not considered in this model It is 

assumed that only a small percent of WT components are going to be sent to disposal 

centers from the inspection, recycling, and remanufacturing centers. Therefore, the cost 

associated with disposal activities such as transportation cost will be minimal, and this 

cost is already included in the operating cost of inspection, recycling, and 

remanufacturing centers. 

 Only one type of WT is considered in this model.  

3.3.1  Model Notation 

In order to propose our model for the problem, the sets, indexes, parameters, cost, and 

decision variables used in the model are given as follows: 

c wind turbine components, cC ={1,…,|C|} 

j all possible locations jJ ={1,…,|J|} 

t time period, t T ={1,…,|T|} 

w location of wind farms, wW ={1,…,|J|} 

i potential inspection centers, i I={1,…,|I|}⊆ 𝐽 

m potential remanufacturing centers, m M ={1,…,|M|}⊆J 

r potential recycling centers, r R ={1,…,|R|}⊆J 

s potential market, sS ={1,…,|S|}⊆J 

ds potential disposal center, dsDS ={1,…,|DS|}⊆J 

Parameters: 

Qwct: supply of WT component c  at wind farm w in period t 

Dcst: demand of WT component c at secondary market s in period t 
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Dcrt: demand of WT component c at recycling center r in period t 

Dcmt: demand of WT component c at remanufacturing center m in period t 

CAPIit: capacity of inspection center i in period t 

CAPRrt: capacity of recycling center r in period t 

CAPMmt: capacity of remanufacturing center m in period t 

CAPDdt: capacity of disposal center m in period t 

α: % of WT component c sent from inspection center to recycling center 

β: % of WT component c sent from inspection center to remanufacturing center 

Costs: 

FCIit: fixed cost opening inspection center i in period t ($) 

FCMmt: fixed cost opening remanufacturing center m in period t ($) 

FCRrt: fixed cost of opening recycling center r in period t ($) 

FCDst: fixed cost of opening recycling center r in period t ($) 

OPIct: cost of processing one unit of WT component c at inspection center i in period 

 t ($) 

OPRct: cost of processing one unit of WT component c at recycling center r in period 

 t ($) 

OPMct: cost of processing one unit of WT component c at remanufacturing plant m in 

 period t ($) 

OPDct: cost of accepting one unit (lb) of WT component c at disposal center in period 

 t ($) 

Twict, Tirct, Timct: Transportation distance of one unit of WT component c from w to i,  

 i to r, i to m, or i to d (mile) 
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𝜃 Unit transpiration cost factor ($/mile) 

Decision Variables: 

X1wict: number of WT components c shipped from wind farm to inspection center i in 

 period t 

X2imct: number of WT components c shipped from inspection center i to 

 remanufacturing center m in period t 

X3irct: number of WT components c shipped from inspection center i to recycling 

 center r in period t 

X4msct: number of WT components c shipped from remanufacturing center m to 

 market s period t 

X5idsct: number of WT components c shipped from inspection center i to disposal 

 center ds in period t 

Binary Variables: 

  

Yit ={
1             𝑖𝑓 𝑎𝑛 𝑖𝑛𝑠𝑝𝑒𝑐𝑡𝑖𝑜𝑛 𝑐𝑒𝑛𝑡𝑒𝑟 𝑖 𝐼 is operating in period 𝑡 𝑇,

  0   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 

Zmt ={
1             𝑖𝑓 𝑎𝑛  𝑟𝑒𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑐𝑒𝑛𝑡𝑒𝑟 𝑚 𝑅𝑀 is operating in period 𝑡 𝑇,

  0        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 

Urt ={
1             𝑖𝑓 𝑎𝑛  𝑟𝑒𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑐𝑒𝑛𝑡𝑒𝑟 𝑟 𝑅 is operating in period 𝑡 𝑇,

  0              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 

Adst ={
1             𝑖𝑓 𝑎𝑛  𝑑𝑖𝑠𝑝𝑜𝑠𝑎𝑙 𝑐𝑒𝑛𝑡𝑒𝑟 𝑑𝑠 𝐷𝑆 is operating in period 𝑡 𝑇,

  0              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 

3.3.2 Mathematical Model 

The proposed model determines the location of collection, recycling, and 

remanufacturing sites in each period and the flow between these sites. This model aims to 

minimize the costs of EOL WT recovery, including transportation costs; operating costs of 
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inspection, recycling, and remanufacturing centers; and capital cost of opening inspection, 

recycling, and remanufacturing centers. 

Min ∑ ∑ 𝐹𝐶𝐼𝑖𝑡𝑡𝑖 ∗ (𝑌𝑖𝑡 − 𝑌𝑖,𝑡−1) ∗ (1 + 𝑑𝑟)−𝑡+ ∑ ∑ 𝐹𝐶𝑀𝑚𝑡𝑡𝑖 ∗ (𝑍𝑖𝑡 − 𝑍𝑖,𝑡−1) ∗ (1 + 𝑑𝑟)−𝑡+ ∑ ∑ 𝐹𝐶𝑅𝑟𝑡𝑡𝑖 ∗
(𝑈𝑖𝑡 − 𝑈𝑖,𝑡−1) ∗ (1 + 𝑑𝑟)−𝑡+ ∑ ∑ ∑ ∑ 𝑇𝑤𝑖𝑐𝑡 ∗ 𝛳 ∗ 𝑋1𝑤𝑖𝑐𝑡𝑖𝑤𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ ∑ 𝑇𝑖𝑟𝑐𝑡 ∗ 𝛳 ∗ 𝑋3𝑖𝑟𝑐𝑡𝑟𝑖𝑐𝑡 ∗

(1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ ∑ 𝑇𝑖𝑚𝑐𝑡 ∗ 𝛳 ∗ 𝑋2𝑖𝑚𝑐𝑡𝑚𝑖𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ ∑ 𝑇𝑖𝑚𝑐𝑡 ∗ 𝛳 ∗ 𝑋4𝑚𝑠𝑝𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑚𝑖𝑝𝑡 +

∑ ∑ ∑ 𝑂𝑃𝑀𝑚𝑡𝑐𝑚𝑐𝑡 ∗ 𝑋2𝑖𝑚𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ 𝑂𝑃𝑅𝑟𝑡𝑐𝑚𝑐𝑡 ∗ 𝑋3𝑖𝑟𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ 𝑂𝐼𝑤𝑖𝑐𝑡𝑖𝑐𝑡 ∗ 𝑋3𝑖𝑟𝑐𝑡 
∗ (1 + 𝑑𝑟)−𝑡      

(3.1) 

Constraint (3.2) is a flow balance constraint which is the number of disassemble WTs parts at 

wind farms (generation points) equal to the number of WT parts sent to inspection centers. 

 𝑄𝑤𝑐𝑡 = ∑ 𝑋1𝑤𝑖𝑐𝑡                 𝑖∈𝐼𝐼                   𝑤 ∈ 𝑊, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇  (3.2) 

Constraints (3.3 to 3.4) model the flow balance between inspection centers, and recycling and 

remanufacturing centers, i.e., the total number of WT components at the inspection centers is 

equal to number of WT components shipped to recycling and remanufacturing center. 

∑ 𝛼 ∗ 𝑋1𝑤𝑖𝑐𝑡

𝑤∈𝑊

= ∑ 𝑋2𝑖𝑚𝑐𝑡                 

𝑖∈𝐼

         𝑚 ∈ 𝑀, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                                  (3.3) 

∑ 𝛽 ∗ 𝑋1𝑤𝑖𝑐𝑡

𝑤∈𝑊

= ∑ 𝑋3𝑖𝑟𝑐𝑡                 

𝑖∈𝐼

         𝑟 ∈ 𝑅, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                                     (3.4) 

Constraint (3.5) shows the total inflow component coming from remanufacturing centers is equal 

to the outflow of WTs sold to secondary market. 

 

∑ 𝑋4𝑚𝑠𝑐𝑡   

𝑚∈𝑀

= ∑ 𝑋2𝑖𝑚𝑐𝑡                 

𝑖∈𝐼

   𝑠 ∈ 𝑆, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                 (3.5) 

Constraint (3.6) formulates the number of WTs sold to the secondary market are no more than 

the demand for the remanufactured WTs at each time period. 

∑ 𝑋4𝑚𝑠𝑐𝑡  

𝑚∈𝑀

≤ 𝐷𝑠𝑐𝑡                              𝑠 ∈ 𝑆, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                                  (3.6) 
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Constraint (3.7) assures that the number of WT components sent to a recycling center is no more 

than the demand of component at each time period. 

∑ 𝑋3𝑖𝑟𝑐𝑡  

𝑖∈𝐼

≤ 𝐷𝑟𝑐𝑡                                     𝑟 ∈ 𝑅, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                        (3.7) 

Constraint (3.8) ensures that the amount of WT component sent to remanufacturing center is no 

more than the demand of component at each time period. 

∑ 𝑋2𝑖𝑚𝑐𝑡  

𝑖∈𝐼

≤ 𝐷𝑚𝑐𝑡                                     𝑚 ∈ 𝑀, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                 (3.8) 

Constraint (3.9) is the capacity constraint for production in the inspection center. 

∑ ∑ 𝑋1𝑤𝑖𝑐𝑡

𝑐∈𝐶𝑤∈𝑊

≤ 𝐶𝐴𝑃𝐼𝑖𝑡 ∗ 𝑌𝑖𝑡                                    𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇                                     (3.9) 

Constraint (3.10) is the capacity constraint for production in the recycling center. 

∑ ∑ 𝑋3𝑖𝑟𝑐𝑡

𝑐∈𝐶𝑖∈𝐼

≤ 𝐶𝐴𝑃𝑅𝑟𝑡 ∗ 𝑈𝑖𝑡                                    𝑟 ∈ 𝑟, 𝑡 ∈ 𝑇                                     (3.10) 

Constraint (3.11) is the capacity constraint for production in the remanufacturing center. 

∑ ∑ 𝑋2𝑖𝑚𝑐𝑡

𝑐∈𝐶𝑖∈𝐼

≤ 𝐶𝐴𝑃𝑀𝑚𝑡 ∗ 𝑍𝑖𝑡                                    𝑚 ∈ 𝑀, 𝑡 ∈ 𝑇                                     (3.11) 

Constraints (3.12 to 3.14) ensure that once a center is installed, it remains operating until the end 

of the planning horizon.   

𝑦𝑖𝑡 ≤ 𝑦𝑖,𝑡+1                𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇                                                                              (3.12) 

𝑢𝑟𝑡 ≤ 𝑢𝑟,𝑡+1                𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇                                                                           (3.13) 

𝑧𝑚𝑡 ≤ 𝑧𝑟,𝑡+1               𝑚 ∈ 𝑀, 𝑡 ∈ 𝑇                                                                           (3.14) 

Constraint (3.15) is the non-negativity constraint, and constraint (3.16) is the integrality 

constraint. 

𝑋1𝑤𝑖𝑐𝑡 , 𝑋2𝑖𝑟𝑐𝑡 , 𝑋3𝑖𝑚𝑐𝑡 , 𝑋4𝑖𝑠𝑐𝑡 , 𝑋5𝑖𝑑𝑐𝑡 ≥ 0                                                                  (3.15) 
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}1,0{ity , }1,0{rtz , }1,0{mtu   TtMMRrIi  ,,,                                               (3.16) 

In the following sections, we present an application of the model considering EOL WTs. 

3.4 Case Study 

The wind turbine reverse logistics network model explained in Section 3.3 has been 

applied to the case of a RLN design for EOL WTs. A five-echelon network consisting of ten 

wind farms (generating plants) was considered for the model implementation. A simple 

illustration of the model—a single WT type with three components—is considered. The other 

necessary input parameters used in the model with detailed explanations are provided next. 

3.4.1 Input Parameters 

Here, the data collected from various resources to formulate the case study is presented. 

In this study, it is assumed that WTs are to be collected from wind farms. For each wind farm 

location, the number of WTs is determined randomly, and the distance matrix is created between 

ten wind farm locations. It is assumed that three types of WT components are sent to each center. 

Based on expert opinion and literature data, the following section provides the detailed cost data 

and the base of each cost selected for this study. 

 The transportation cost between wind farms, potential recycling and remanufacturing 

centers, and potential markets are based on the transportation cost provided for transporting 

blades from the manufacturing facility to wind farms. Five cost categories for transporting blades 

from the manufacturing facility to the wind farms are summarized in Table 3.3. As a 

conservative, approach, it is assumed that for each WT component, the transportation cost is 

more or less similar to the transportation cost for the blades. A WT has several main 

components. This model considers the transportation of only three large components (blades, 

tower, and hub or nacelle). These components will be transported to recycling or 
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remanufacturing centers, and transportation unit cost ($unit/mile) for each component will be the 

same. (Sandia National Laboratories, 2003). 

Table 3.3:  Transportation Cost of Wind Turbine Blades 

Transportation Cost Category Cost Factor (per mile) 

Freight  $1.55 

Overdimension Charge $1.25 

Escort Charge (per escort) $1.40  

Total Unit Cost  $4.2  
         Adapted from Sandia National Laboratories, 2003 
 
The dismantling cost for WTs at wind farms can be considered a fixed cost that can be added to 

the operating cost of the inspection center for each WT. Based on the literature review, the total 

dismantling cost per WT is estimated to be $36,600. A cost breakdown is given in Table 3.4. 

Labor cost and foundation disassembly or site remediation activities costs are not taken into 

consideration in this study (Repowering Solutions, 2011). The typical price of replacement 

components (set of rotor blades, gearbox, and generator) is 15% to 20% of the price of new 

components. A new turbine costs approximately $1,400 to $1,600 per kilowatt-hour of 

generating capacity, and the remanufactured cost is in the range of $700 to $800 per kilowatt-

hour (McDermott, 2009) 

The price for a refurbished/remanufactured WT is claimed to be up to 50% lower than 

new turbines. Based on this cost data, it is assumed that 50% of the refurbished WT cost is due to 

repairing or buying new parts and installing them during remanufacturing (Walton & Parker, 

2008). Research by Tegen et al. (2012) indicates that the gearbox price was 137 $/kW for a 1.5 

MW baseline project in 2010. The price for a new gearbox for a 2 MW turbine can hover 

between $184,000 and $218,500. A gearbox with a standard refurbish, in which bearings are 
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replaced, the gear teeth are overhauled and reground, and the components measured costs from 

$103,500 to more than $115,000 (Knight, 2011).  

Table 3.4:  Dismantling Cost of Wind Turbine 

Procedure Cost Factor ($) 

Dismantling Hubs 1,200 

Dismantling Blades 1,200 

Dismantling Nacelle 1,200 

Dismantling Tower 5,500 

Hiring Crane and Demobilizing 22,500 

Other Additional Procedures 5,000 

Dismantling Total 36,600 

  Adapted from Repowering Solutions, 2011. 

A typical remanufacturing center for WTs includes a dirt room with a service bay for receiving, 

staging, initial washing, and tearing down the gearbox/main shaft assemblies; a temperature-

controlled clean environment room; testing room; oil conditioning system; and condition 

monitoring equipment (vibration, oil, temperature analysis). The typical size of the warehouse 

can be 33,500 square feet, with a storage room for complete kW and MW gearbox parts and 

assemblies. Based on this, it is clear that remanufacturing operation and installation costs would 

be higher than operation and installation costs of recycling centers.  A summary of the 

cost data used in this study is provided in Table 3.5. To be able to determine the total profit of 

remanufacturing and recycling operations, the total material composition of a 1.65-MW WT and 

total recycling cost of each material are provided in Tables 3.6 and 3.7, respectively. 
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Table 3.5: Summary of Cost Data 

Item Cost Reference 

Transportation cost $4.2 per mile [4] 
New wind turbine cost (GE 1.5 XLE 1.5 MW $1,400,000 [2], [3] 
Remanufactured turbine cost (GE 1.5 SL) $500,000 [2], [3] 
Operating Cost Operating cost at remanufacturing 

center 
[$10,000–$50,000] Estimated based on expert 

opinion (gearbox, generator, 
towers or blades) [1] 

Operating cost at inspection center 
plus added dismantling cost 

[$1,000–$5,000] 
[$35,000 added 
dismantling cost]  

Estimated based on expert 
opinion (gearbox, generator, 
towers or blades) [1] 

Operating cost at recycling center [1,000-5,000] Estimated based on expert 
opinion (gearbox, generator, 
towers or blades) [1] 

Installation cost 
of centers 

Inspection, remanufacturing, and 
recycling centers 

[15,000 - 70,000] Estimated based on expert 
opinion [1] 

Remanufactured 
turbine  
component cost 

Gearbox 10-15% total cost of WT $50,000–$75,000 [2], [3] 
Generator 5-10% total cost of WT $25,000–$50,000 
Tower cost 10-25% total cost of 
WT 

$50,000–$125,000 

Blades 10-15% total cost of WT $50,000–$75,000  
Recycling cost 
profit 

Generator $12,500 Estimated based on typical 
materials and quantities 
required for Vestas V82 1.65-
MW turbine.  

Gear box $7,000 
Tower $75,600 

[1]  Renew Energy Maintenance, 2012 
[2]  Cost analysis of material composition of the wind turbine blades for Wobben Windpower/ENERCON GmbH 

Model E-82,  Wagner Sousa de Oliveira and Antonio Jorge Fernandes, Cyber Journals: Multidisciplinary 
Journals in Science and Technology, Journal of Selected Areas in Renewable Energy (JRSE), January Edition, 
2012 

[3]  Repowering Solutions, 2011.  
[4]  Adapted from Sandia National Laboratories, 2003 
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Table 3.6:  Typical Materials and Quantities Required for Vestas V82 1.65-MW Wind Turbine 
 
 

Turbine Component Materials Tonnes per Turbine* 
Percent 

Recycled 

Tower   135.2  

 Steel  126.1 90 
 Aluminium  2.6 90 
 Electronics  2.2  
 Plastic  2.0  
 Copper 1.3 90 
 Oil  1.0  
Nacelle  50.6  

 Cast iron  18.0 90 
 Steel, engineering  13.0 90 
 Stainless steel  7.8 90 
 Steel  6.3 90 
 Fibreglass  1.8  
 Copper  1.6 90 
 Plastic  1.0  
 Aluminium  0.5 90 
 Electronics  0.3 90 
 Oil  0.3  
Rotor   42.1  

 Cast iron  11.3 90 
 Steel  4.2 90 
 Steel, engineering  1.5 90 
Blades Epoxy, fiber glass, birchwood, 

balsa wood, etc.  25.2   

Foundation   832  

 Concrete  805 90 
 Steel  27 90 
Internal Cables    0.82  

 Aluminum  0.35 90 
 Plastic  0.30  
 Copper  0.17 90 
Transformer Station   0.95  

 Steel  0.50 90 
 Copper  0.13 90 
 Transformer oil  0.21  
 Other: insulation, paint, wood, 

porcelain etc.  0.11  

External Cables   14.9  

 Plastic  8.35  
 Aluminum  5.24 90 
 Copper  1.31 90 

*Source: Vestas, 2006.  
 



78 

Table 3.7 shows the breakdown of salvage and disposal costs for a typical 1.65-MW WT. 

Based on the composition of a 1.65-MW WT, it is assumed that the composition of a 1.5-MW 

WT would be close to that of a 1.65-MW WT composition, and the total disposal cost and 

salvage value of a 1.5-MW WT is calculated based on that assumption. One should note that the 

cost of metal fluctuates daily. Therefore, the cost data provided at the time of this study may not 

be accurate in the future. 

Table 3.7: Salvage Value and Disposal Cost of Material and Mass for 1.5-MW Wind Turbine 
 

Salvage Value  Ton
3
 Cost ($/ton)  ($) 

Recycling  
Steel   186.4 5221 97,039 
Copper 4.51 4,5501 3,000 
Aluminum 8.69 1,4821 2,443 

Total Revenue 102,482 

Disposal Cost  Ton Cost ($/ton)  

Disposal 
Epoxy, plastic, fiber 38.65 332 1,289 
Concrete 805 852 68,905 
Lubricant 3003   

Disposal Cost 70,14 
1  Atlantic County Utilities Authority, 2016 
2  Milanese, 2009  
3 given away free to used oil collectors 

 
The generator replacement was selected over replacing other nacelle components, because it 

contained a large amount of copper, e.g., the generator consisted of around 35% copper and 65% 

steel, compared to around 1% copper, 1% aluminum, and 98% steel in the gearbox (Ancona & 

McVeigh, 2001). All cost values are assumed to increase by the yearly inflation rate of 1.7%, as 

published by the U.S. government (U.S. Government Inflation Rates, 2014).   

3.4.2 Wind Turbine Reverse Logistics Network Model Run 

The WTRLN was coded in the General Algebraic Modeling System (GAMS). A set of 

data was prepared to reflect the real case situation. Fifty (50) time periods, each representing one 

year, were used during each model run. The impact of key parameters was evaluated based on 
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the results. The effect of different disposal options of EOL were investigated in order to 

determine the cost of each option. 

For the initial base run, it was assumed that 40% of the total supply would be 

remanufactured and the remaining 60% would be recycled. It was assumed that this is not the 

case for all WTs, since several factors may affect their remaining life and that some of the WTs 

may still be in good conditions, or vise versa. Therefore, several other scenarios with different 

increased or decreased in recycling ratios were run. Each of these scenarios was modelled using 

ratio (α) values between 0.1 and 0.9, in increments of 0.1, to evaluate the effects of 

recycling/remanufacturing costs during the decision-making process. During model runs, the 

other parameters were kept the same. For the first three scenarios, considering that only small 

percentages of WT parts would be sent to the disposal center from the inspection center, the 

disposal center-related cost was not added to these scenarios. 

The sensitivity analysis involved the investigation of the impact of high and low 

transportation costs and high and low operating costs of recycling and remanufacturing centers. 

Opening either a low- or high-capacity remanufacturing center is another parameter that is 

expected to affect the model results. Therefore, different scenarios with different supply data 

were run to see how the model reacts under different supply conditions. 

3.4.3 Model Results 

We carried out analyses on various scenarios to understand the possible changes in the 

network with variation in recycling and remanufacturing quantities. Table 3.8 shows the solution 

to Scenario 1.  For the first scenario, different recycling ratios were used to observe the effect of 

flow on the total network cost. It was observed that with increasing recycling ratio, the total 

network cost decreased from $1,091,403,000 to $765,191,900, which represents a 30% decrease. 
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This is because the operating cost of remanufacturing centers is higher that that of recycling 

centers. Therefore, it can be concluded that in the assumed case study, in addition to 

transportation and other logistics costs, operating cost is also an important factor in the design of 

a reverse logistics network. Table 3.9 shows the number of inspection, recycling, and 

remanufacturing centers opened for Scenario 1. For different recycling ratios, the network 

requires four inspection centers, a maximum of two remanufacturing centers, and two recycling 

centers. With a decreasing recycling ratio, the number of recycling centers decreased, 

respectively. This is because fewer WT components are sent to recycling centers.  

 

Table 3.8: Solution to Scenario 1 

Scenario 
R 

Ratio 

RM 

Ratio 

Network 

Cost ($) 

Operating 

Cost R ($) 

Operating 

Cost RM ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

0 
(base case) 60 40 3,498,145,000 38,556,000 311,760,000 105,046,600 70,031,040 

1 50 50 3,796,639,000 32,130,000 389,700,000 87,538,810 87,538,810 

2 40 60 4,095,133,000 25,704,000 467,640,000 70,031,040 105,046,600 

3 30 70 4,393,687,000 19,278,000 545,580,000 52,523,280 122,554,300 

4 20 80 4,692,181,000 12,852,000 623,520,000 35,015,520 140,062,100 

5 10 90 4,990,675,000 6,426,000 701,460,000 17,507,760 157,569,900 

RM: Remanufacturing Center, R: Recycling Center 
 

Table 3.9:   Number of Inspection, Recycling, and Remanufacturing Centers  
Opened for Scenario 1 

 
Recycling  

Ratio 
Inspection  

Centers 
Recycling  
Centers 

Remanufacuring  
Centers 

0 (base case) 4 2 1 
1 4 2 1 
2 4 2 1 
3 4 1 2 
4 4 1 2 
5 4 1 2 
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Figures 3.5 and 3.6 show the cost variation, transportation, and operating cost of 

recycling and remanufacturing centers for each scenario based on the total cost. In addition, 

Figure 3.7 shows the percent distribution of operating and transportation cost of recycling and 

remanufacturing centers in comparison to the overall network cost. It is clear that when the 

recycling ratio decreases, the operation and maintenance cost increases up to 14% due to the high 

cost of processing at the remanufacturing center. The percent contribution of the transportation 

cost for recycling and remanufacturing centers stays between 3% and 4%.  Figure 3.8  depicts the 

recycling and remanufacturing ratios versus total network cost. 

 

 
 

Figure 3.5:  Network Cost and Transportation Variation 
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Figure 3.6: Network Cost and Operating Cost Variation 
 
 

 

 
 

Figure 3.7  Recycling and Remanufacturing Operating and Transportation Cost  
Percent Distribution 
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Figure 3.8: Recycling and Remanufacturing Ratios versus Total Network Cost 
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recycled or remanufactured. But this may not always be the case. It can be assumed that some of 
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this would be the case, then consideration may be given to maintaining these WTs on site and 

keeping them in place and using them for several more years. Therefore, instead of installing 

only one size of remanufacturing plant, two different sizes of remanufacturing centers are 
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case, if the supply of the WTs is less than predicted, then instead of opening large 

remanufacturing centers, the model can have flexibility to decide to open a remanufacturing 

center with a low capacity. This would decrease the fixed cost of a remanufacturing center and, 

overall, reduce the reverse logistics network cost. Therefore, for Scenario 2, the constraint 

number 3.11 was modified, a binary variable defining the “if then constraint” for either opening 

either capacity remanufacturing center based on supply was added. 

∑ ∑ 𝑋2𝑖𝑚𝑐𝑡

𝑐∈𝐶𝑖∈𝐼

≤ 𝐶𝐴𝑃𝑀𝐿𝑚𝑡 ∗ 𝑣𝑚𝑡 + 𝐶𝐴𝑃𝑀𝐻𝑚𝑡 ∗ 𝑣′𝑚𝑡                   𝑚 ∈ 𝑀, 𝑡 ∈ 𝑇                    (3.17) 

 

600,000,000

700,000,000

800,000,000

900,000,000

1,000,000,000

1,100,000,000

1,200,000,000

0.6 0.5 0.4 0.3 0.2 0.1

To
ta

l N
et

w
o

rk
 C

o
st

 (
$)

 

Recyling Ratio (%) 

0

1,000,000,000

2,000,000,000

3,000,000,000

4,000,000,000

5,000,000,000

6,000,000,000

0.4 0.5 0.6 0.7 0.8 0.9

To
ta

l N
e

tw
o

rk
 C

o
st

 (
$

) 

Remanufactruing Ratio (%) 



84 

where CAPMLmt  is a lower capacity of remanufacturing center m, and CAPMHmt is a higher 

capacity of remanufacturing center m.  Decision variables include the following: 

𝑣𝑚 = {
1 𝑖𝑓 𝑎 𝑙𝑜𝑤𝑒𝑟 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑟𝑒𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑐𝑒𝑛𝑡𝑒𝑟 𝑖𝑠 𝑜𝑝𝑒𝑛𝑒𝑑 𝑎𝑡 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑚, 𝑚 𝑀 = {1, … , |𝑀|}

0                                                                                                                                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝑣𝑚
′ = {

1 𝑖𝑓 𝑎 ℎ𝑖𝑔ℎ𝑒𝑟 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑟𝑒𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 𝑐𝑒𝑛𝑡𝑒𝑟 𝑖𝑠 𝑜𝑝𝑒𝑛𝑒𝑑 𝑎𝑡 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑚, 𝑚 𝑀 = {1, … , |𝑀|}

0                                                                                                                                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

 
For Scenario 2, additional constraints for opening either low- or high-capacity 

remanufacturing centers were introduced. Because each type of remanufacturing center has 

different installation and operating costs, it is obvious that opening a low-capacity 

remanufacturing center would also be less costly. For this strategy, the model was modified and 

run for different recycling ratios. The results of Scenario 2 are given in Tables 3.10 and 3.11. 

Figures 3.9, 3.10, and 3.11 show the cost variation, and transportation and operating cost of 

recycling and remanufacturing centers for Scenario 1 based on total cost. Figure 3.12 shows the 

cost difference between Scenarios 1 and 2, which is less than 3%. Even though this percentage 

number looks very minimal, in terms of dollar amount, it is roughly $900,000 to $1,000,000, 

which can be a substantial savings under a tight budget constraint. 

Table 3.10:  Solution to Scenario 2 
 

Scenario 
R 

Ratio 

RM 

Ratio 

Network 

Cost ($) 

Operating 

Cost R ($) 

Operating 

Cost RM ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

0 
(base case) 60 40 3,113,349,050 38,556,000 311,760,000 121,854,056 70,031,040 

1 50 50 3,379,008,710 32,130,000 389,700,000 101,545,020 87,538,810 

2 40 60 3,644,668,370 25,704,000 467,640,000 81,236,006 105,046,600 

3 30 70 3,910,381,430 19,278,000 545,580,000 60,927,005 122,554,300 

4 20 80 4,176,041,090 12,852,000 623,520,000 40,618,003 140,062,100 

5 10 90 4,441,700,750 6,426,000 701,460,000 20,309,002 157,569,900 

RM: Remanufacturing Center, R: Recycling Center 
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Table 3.11:  Number of Inspection, Recycling, and Remanufacturing Centers  
Opened for Extended Model 

 
Recycling  

Ratio 
Inspection  

Centers 
Recycling  
Centers 

Remanufacturing  
Centers 

0 (base case) 4 2 1-0 
1 4 2 1-0 
2 4 2 0-1 
3 4 1 1-1 
4 4 1 1-1 
5 4 1 1-1 

 
 

 
 

Figure 3.9: Network and Transportation Cost Variation 
 
 

 
 

Figure 3.10:  Network and Operating Cost Variation 
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Figure 3.11: Recycling and Remanufacturing Operating and Transportation Cost  
Percentage Distribution 

 

 
 

Figure 3.12: Percent Cost Difference between Base and Extended Model 
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Table 3.12: Solution to Scenario 3 
 

Scenario 
R 

Ratio 

RM 

Ratio 

Network 

Cost ($) 

Operating 

Cost R ($) 

Operating 

Cost RM ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

0 
(base case) 60 40 4,022,866,750 45,496,080 367,876,800 123,954,988 82,636,627 

1 50 50 4,366,134,850 37,913,400 459,846,000 103,295,796 103,295,796 
2 40 60 4,709,402,950 30,330,720 551,815,200 82,636,627 123,954,988 
3 30 70 5,052,740,050 22,748,040 643,784,400 61,977,470 144,614,074 
4 20 80 5,396,008,150 15,165,360 735,753,600 41,318,314 165,273,278 
5 10 90 5,739,276,250 7,582,680 827,722,800 20,659,157 185,932,482 

RM: Remanufacturing Center, R: Recycling Center 
 
 

Table 3.13: Number of Inspection, Recycling, and Remanufacturing Centers  
Opened for Scenario 3 

 

Recycling  
Ratio 

Inspection  
Centers 

Recycling  
Centers 

Remanufacturing  
Centers (Low-

High) 
0 (base case) 5 3 1-1 

1 5 3 1-1 
2 5 2 0-2 
3 5 2 0-3 
4 5 1 0-3 
5 5 1 0-3 

 

Scenario 4 considers that some of the WTs cannot be recycled or remanufactured due to their 

present condition, and only 10% of WT parts are assumed to be sent to the disposal center from 

the inspection center. This is a very conservative assumption. In reality, compared to the total 

weight of a 1.65-MW WT, which is roughly 1,631 tons, the components that need to be sent to 

the disposal center (such as fiberglass, oil, plastic, and rubber) only comprise about 2% of the 

total weight (Haapala & Prempreeda, 2014). To account for the disposal center costs, in addition 

to revising the objective function and budget constraints, the following constraints were added to 

the original model: 
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Constraint (3.18), the total ratio of components that are sent to recycling, 

remanufacturing, and disposal centers, is equal to one. 

 
 α+β+ϴ=1 (3.18) 
 
Constraint (3.19) models the flow balance between inspection centers and disposal centers. 
 

∑ 𝛳 ∗ 𝑋1𝑤𝑖𝑐𝑡

𝑤∈𝑊

= ∑ 𝑋5𝑖𝑑𝑠𝑐𝑡                 

𝑖∈𝐼

         𝑑 ∈ 𝐷𝑆, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                  (3.19) 

 
Constraint (3.20) assures that the number of WT components sent to a disposal center is no more 

than the demand of component at each time period. 

 

∑ 𝑋5𝑚𝑠𝑐𝑡  

𝑖∈𝐼

≤ 𝐷𝑑𝑠𝑐𝑡                              𝑑𝑠 ∈ 𝐷𝑆, 𝑐 ∈ 𝐶, 𝑡 ∈ 𝑇                                                  (3.20) 

Constraint (3.21) is the capacity constraint for production in the disposal center. 
 

∑ ∑ 𝑋5𝑖𝑑𝑠𝑐𝑡

𝑐∈𝐶𝑖∈𝐼

≤ 𝐶𝐷𝑆𝑑𝑠𝑡 ∗ 𝐴𝑑𝑠𝑡                                    𝑑 ∈ 𝐷𝑆, 𝑡 ∈ 𝑇                                     (3.21) 

These results were compared with the model that has only one type of remanufacturing 

center capacity (Scenario 1). Comparing results with the previous run, it can be seen that the 

network cost decreased from 4% to 3% for Scenario 4, due to the fact that fewer WTs were sent 

to the remanufacturing and recycling centers, which have higher processing costs than disposal 

centers. Table 3.14 shows the results for Scenario 4.  The cost difference between Scenarios 1 

and 4 are shown in Figure 3.13. In addition, the cost of opening a disposal center is not taken into 

account for this scenario. It is assumed that the waste will be shipped to existing municipal 

landfills.  

  



89 

Table 3.14:  Solution to Scenario 4 (Adding Disposal Center to Scenario 1) 
 

Scenario 
R 

Ratio 

RM 

Ratio 

Network 

Cost ($) 

Operating 

Cost R ($) 

Operating 

Cost RM ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

Transportation 

Cost to IN ($) 

0 
(base case) 60 40 3,351,139,523 45,496,080 233,820,000 105,046,600 52,606,070 7,945,372 

1 50 50 3,649,622,489 37,913,400 311,760,000 87,538,810 70,024,408 7,945,372 

2 40 60 3,948,107,062 30,330,720 389,700,000 70,031,040 87,530,499 7,945,372 

3 30 70 4,246,400,777 22,748,040 467,640,000 52,523,280 105,036,561 7,945,372 

4 20 80 4,549,777,972 15,165,360 545,580,000 35,015,520 122,542,707 7,945,372 

5 10 90 4,843,653,063 7,582,680 623,520,000 17,507,760 140,048,808 7,945,372 

IN: Inspection Center, RM: Remanufacturing Center, R: Recycling Center 
 

 
 

Figure 3.13: Percent Cost Difference between Scenarios 1 and 4 
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recycling centers by 10%, the optimal solution increased by more than 3%, which proves that 

operating cost has more impact on the WTs reverse logistics network decision. Graphical 

representation for the sensitivity analysis is provided in Figures 3.14 to 3.16. 

Table 3.15: Sensitivity Analysis Results for Transportation Cost 
 

Scenario 
Transportation 

Cost Increase (%) 

Network 

Cost ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

0 (base case)  3,498,145,000 38,556,000 311,760,000 

1 10 3,522,461,798 38,784,000 311,850,000 

2 20  3,546,252,761 39,056,000 312,070,000 

3 30 3,570,204,407 39,225,000 312,260,000 

RM: Remanufacturing Center, R: Recycling Center 
 

 
Table 3.16: Sensitivity Analysis Results for Operating Costs at Remanufacturing Center 

 

Scenario 
Operating Cost 

Increase RM (%) 

Network  

Cost ($) 

Operating  

Cost R ($) 

Operating  

Cost RM ($) 

0 (base case)  3,498,145,000 38,556,000 311,760,000 

1 10 3,600,032,718 38,556,000 340,101,818 

2 20 3,704,888,040 38,556,000 368,443,636 

3 30 3,812,797,401 38,556,000 396,785,455 

RM: Remanufacturing Center, R: Recycling Center 
 

 
Table 3.17: Sensitivity Analysis Results for Operating Costs at Recycling Center 

 

Scenario 
Operating Cost  

Increase R (%)  

Network 

Cost ($) 

Operating Cost R 

($) 

Operating  

Cost RM ($) 

0 (base case)  3,498,145,000 38,556,000 311,760,000 

1 10 3,583,465,610 38,784,000 311,850,000 

2 20 3,670,867,212 39,056,000 312,070,000 

3 30 3,760,400,555 39,225,000 312,260,000 

RM: Remanufacturing Center, R: Recycling Center 
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Figure 3.14:  Network Cost with Increased Transportation Cost 
 
 

 
 

Figure 3.15:  Network Cost with Increased Remanufacturing Center Operating 
 

 
 

Figure 3.16: Network Cost with Increased Recycling Center Operating Cost 
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By analyzing each scenario, it is clear that in addition to transportation cost, operating 

cost is also one of the main cost contributors to overall reverse logistics cost for this case study.  

Increasing the recycling ratio increases the operating cost at recycling centers, and decreasing the 

recycling ratio increases the operating cost at remanufacturing centers. Therefore, wind farm 

decision makers should pay attention to the operating cost of each disposal alternative for their 

end-of-life wind turbines.  

By analyzing the results of the scenarios, it is clear that the model indicates that the total 

overall costs for the third scenario with different recycling ratios are higher than the costs of the 

first and second scenarios. This is expected, since the demand and supply data were modified, 

and there are more inspection centers and remanufacturing centers opened. As summarized 

throughout this chapter, by increasing the recycling ratio, the transportation cost of sending the 

WT components to a recycling center is higher than the transportation cost of sending the WT 

components to a remanufacturing center. 

During the model run, for the first scenario, the supply increased throughout the time 

horizon. In the third scenario, in order to see the effect of different supplies, the supply was 

randomly increased and decreased to force the model to run under extreme conditions. In 

addition, with sensitivity analysis, the processing and transportation costs were increased to see 

the individual effect of each to total network cost. 

Comparing the results of these different scenarios show that proposed reverse logistics 

network fits all scenarios quite well, with the potential to be adjusted to fit the strategic change of 

recycling and remanufacturing options. The key issue is the availability of data related to 

physical conditions of WTs. If decision maker does not have the data to decide which WTs need 

to be sent  to recycling or remanufacturing center, results from the modeling provides guidance 
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in decision making by quantifying the difference, in terms of transportation and operating cost of 

reverse logistics of WTs. 

3.4.5 Effect of Remanufacturing Center Locations 

For the previous run, it was assumed that potential remanufacturing centers are close to 

potential wind farm locations.  In reality, this may not be the case, because most wind farms are 

installed in remote areas; therefore, it is not realistic to install remanufacturing centers close to 

wind farm locations due to labor availability and the potential secondary market. For the 

following case, it was assumed that remanufacturing centers are far from the existing wind 

farms. Random locations, which are hypothetically closer to city centers for remanufacturing, 

were selected randomly to run the model based on this assumption. Comparing the results of 

Scenario 5 with Scenario 1, it is observed that there is a 12% to 15% cost difference between 

them. This is due to the transportation cost of potential remanufacturing centers. It is also 

observed that the number of remanufacturing centers and recycling centers opened at each time 

period are the same, but transportation cost is higher in Scenario 5 than in Scenario 1, due to the 

large distance between potential inspection centers and potential remanufacturing centers. The 

results of Scenario 5 are presented in Table 3.18. 

Table 3.18: Solution to Scenario 5 
 

Scenario 
R  

Ratio 

RM  

Ratio 

Network  

Cost ($) 

Operating Cost 

R ($) 

Operating Cost 

RM ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

0 
(base case) 60 40 4,001,475,000 108,900,000 290,400,000 133,195,800 2,847,253 

1 50 50 4,590,511,000 88,450,000 357,150,000 107,511,700 107,511,700 

2 40 60 4,923,090,000 70,760,000 428,580,000 86,009,370 129,014,100 

3 30 70 5,255,704,000 53,070,000 500,010,000 64,507,030 150,516,400 

4 20 80 5,588,283,000 35,380,000 571,440,000 43,004,690 172,018,700 

5 10 90 5,920,861,000 17,690,000 642,870,000 21,502,340 193,521,100 

RM: Remanufacturing Center, R: Recycling Center 
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3.5 Wind Turbine Reverse Logistics Network Problem with Total Profit Objective 

(WTRLN-TP) 

 

To be able to better analyze the results and determine if recycling or remanufacturing of 

existing WTs are profitable, the objective function was modified by adding the total profit from 

selling the remanufactured components and also by recycling the three main components of 

WTs. For the sake of simplicity in our analysis, we consider three main components of WTs, 

blades/tower, generator and gearbox. The cost data for each component are gathered from 

several different works of literature and are summarized in Table 3.7. The objective function 

includes total profit, which comes from remanufacturing, recycling minus the transportation, and 

operation and installation cost of each center. All other constraints remain the same as in the 

original problem. 

Maximize    ∑ ∑ ∑ ∑ 𝑃𝑈𝑅𝑀𝑚𝑐𝑡 ∗ 𝑋2𝑖𝑚𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑚𝑖𝑐𝑡 + ∑ ∑ ∑ ∑ 𝑃𝑈𝑅𝑅𝑟𝑐𝑡 ∗ 𝑋3𝑖𝑟𝑐𝑡𝑚𝑖𝑐𝑡 ∗ (1 +

𝑑𝑟)−𝑡-
(∑ ∑ 𝐹𝐶𝐼𝑖𝑡𝑡𝑖 ∗ (𝑌𝑖𝑡 − 𝑌𝑖,𝑡−1) ∗ (1 + 𝑑𝑟)−𝑡+ ∑ ∑ 𝐹𝐶𝑀𝑚𝑡𝑡𝑖 ∗ (𝑍𝑖𝑡 − 𝑍𝑖,𝑡−1) ∗ (1 + 𝑑𝑟)−𝑡+ ∑ ∑ 𝐹𝐶𝑅𝑟𝑡𝑡𝑖 ∗
(𝑈𝑖𝑡 − 𝑈𝑖,𝑡−1) ∗ (1 + 𝑑𝑟)−𝑡+ ∑ ∑ ∑ ∑ 𝑇𝑤𝑖𝑐𝑡 ∗ 𝛳 ∗ 𝑋1𝑤𝑖𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑖𝑤𝑐𝑡 +∑ ∑ ∑ ∑ 𝑇𝑖𝑟𝑐𝑡 ∗ 𝛳 ∗𝑟𝑖𝑐𝑡

𝑋3𝑖𝑟𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ ∑ 𝑇𝑖𝑚𝑐𝑡 ∗ 𝛳 ∗ 𝑋2𝑖𝑚𝑐𝑡𝑚𝑖𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ ∑ 𝑇𝑖𝑚𝑐𝑡 ∗ 𝛳 ∗ 𝑋4𝑚𝑠𝑝𝑡 ∗𝑚𝑖𝑝𝑡

(1 + 𝑑𝑟)−𝑡 + ∑ ∑ ∑ 𝑂𝑃𝑀𝑚𝑡𝑐𝑚𝑐𝑡 ∗ 𝑋2𝑖𝑚𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡+∑ ∑ ∑ 𝑂𝑃𝑅𝑟𝑡𝑐𝑚𝑐𝑡 ∗ 𝑋3𝑖𝑟𝑐𝑡 ∗ (1 +

𝑑𝑟)−𝑡+∑ ∑ ∑ 𝑂𝐼𝑤𝑖𝑐𝑡𝑖𝑐𝑡 ∗ 𝑋3𝑖𝑟𝑐𝑡 ∗ (1 + 𝑑𝑟)−𝑡       
(3-22) 

subject to the following constraints: (3.2), (3.3), (3.4), (3.5), (3.6), (3.7), (3.8), (3.9), (3.10). 

(3.11), (3.12), (3.13), (3.14), (3.15), and (3.16). 

where PURMmct is the nit price of component c at remanufacturing center m at time period t ($), 

and PURRrct is the nit price of component c at remanufacturing center r at time period t ($). 

For the scenario analysis, the remanufacturing market demand is changed while keeping 

recycling demand constant. It can be seen that by increasing the remanufacturing market 

demand, total profit increases. Despite the increase in operating cost and transportation cost of 

remanufacturing activities, with increasing remanufacturing demand, there is an approximately 



95 

1% to 2% net profit increase. The results of these scenarios are presented in Table 3.19 and 

Figure 3.17. 

Table 3.19: Net Profit 
 

Scenario 

RM 

Demand 

Ratio 

Total Profit 

($) 

Operating 

Cost R ($) 

Operating 

Cost RM ($) 

Transportation 

Cost to R ($) 

Transportation 

Cost to RM ($) 

0 
(base case)  251,078,100 6,437,500 692,050,000 7,835,069 207,188,400 

1 10 251,578,100 6,437,500 692,350,000 7,822,210 207,201,200 

3 20 253,250,800 5,500,000 693,925,000 6,744,017 208,279,400 

4 50 255,133,800 4,687,500 695,550,000 5,727,190 209,296,200 

 
 

 
 

Figure 3.17:Total Network versus Total Operation and Transportation Cost 
 

 3.6 Conclusions 

This chapter has presented a cost minimization model for minimizing the total 

transportation cost and operating cost of multi-type components for a multi-period reverse 

logistics network design for end-of-life wind turbines by using a scenario study approach. In 

comparison to previous literature on addressing EOL WTs, none of those studies addressed the 

RLN design for WTs. The proposed model will help the decision maker to choose the most 

suitable disposal method with the remanufacturing and recycling alternatives. Together with a 

baseline run of the current situation, various scenarios are modeled. The results of this study 
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show that due to the high operating cost at remanufacturing centers, sending most WTs to 

remanufacturing centers is costlier than sending them to recycling centers. In addition, it was 

shown that transportation cost depends on the amount of flow that has been sent to the recycling 

or remanufacturing center. Although not the objective of this study, one should consider that the 

total profit of remanufacturing WTs would be higher than recycling them. To increase the total 

profit of remanufacturing, it is evident that a well-designed reverse logistics network would be 

the key to reaching that goal. 

In addition, to help the decision maker, the ratio factor was added during the initial 

inspection/sorting phase. Even though, this would help the decision maker see what would be the 

reverse logistics network cost of different recycling and remanufacturing ratios, it would be 

essential to use reliable data to determine which WT components should be remanufactured or 

recycled. Reliability data can help decision makers decide on which option to use for EOL WTs; 

for instance, if the reliability of some of the EOL WT component  is higher than the required 

threshold (i.e., 96%), then remanufacturing would be the best option, because the component has 

the ability to be brought back to “as good as new” condition. In addition, assuming that the 

reliability of certain components is lower than the required reliability, this may provide an idea 

of how much investment is required for the remanufacturing operation. By comparing the cost 

for each option, the decision maker could decide whether to remanufacture or recycle the WT 

components. In the future, it would be interesting to use reliability data for expanding the reverse 

logistics network for WTs. 

The real-world reverse logistics network for WT EOL can be more complicated than the 

one considered in this paper. As such, some additions to the model are proposed, in order to 
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extend the current MILP formulation to more realistic real-world RLN structures for a WT EOL 

network, including the following: 

 Consider multiple types of WTs to evaluate dynamic situations. 

 Incorporate landfilling (waste disposal) and inventory holding costs within the model. 

 Include the randomly selected location of potential inspection, recycling, 

remanufacturing, and secondary market to make the model more widely applicable. 

 Utilize complex stochastic programming techniques for developing a reverse logistics 

network to better account for the stochastic nature of the problem. 

The main objective of many models developed and analyzed in the area of RLN 

optimization, logistics management, and transportation systems analysis is to minimize costs. 

Most recently, there is interest to incorporate environmental and social effects into the objective 

function.  Opening remanufacturing or recycling centers definitely creates more job opportunities 

for local communities as well as reduces the negative effect of manufacturing new WTs. Adding 

an environmental constraint to the model by estimating carbon dioxide emissions due to 

transportation of the EOL WT or determining the correlation between remanufacturing WTs 

versus new WT manufacturing would be another contribution. Combining economic and 

environmental constraints would help to determine how to control CO2 emissions by selecting 

the shortest distance between inspection and recycling/remanufacturing centers. Considering the 

positive environmental effects of remanufacturing, one should include the environmental 

constraints, modify the model objective, and run the model as a multi-objective problem.  
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CHAPTER 4 

 

1. ASSET MANAGEMENT WITH RETROFITTING: A WIND TURBINE CASE 

STUDY 

 

Abstract 

In this chapter, a parallel replacement problem with retrofitting (PRP-R) model is 

proposed in order to determine the trade-off between retrofitting and replacing an asset. The 

primary objective here is to identify the optimum replacement,  maintenance, and  retrofitting 

schedule that minimizes purchasing new assets, operation and maintenance cost, and retrofitting 

cost under budget and production constraints resulting in a mixed-integer linear programming 

formulation. Since the increasing problem size increases the computational solution time 

exponentially, proposed here is a subgradient optimization algorithm using Lagrangian 

relaxation by relaxing two possible complicating constraints to solve the asset management 

problem with retrofitting. The proposed subgradient optimization method solves the asset 

management problem with retrofitting in a reasonable amount of time. This model is applied to a 

case study involving wind turbines. Results show that due to a lower O&M  cost, retrofitting is 

less costly than keeping the WTs. The reason for this is the high O&M cost of old WTs. In 

addition, the effects of key parameters such as O&M  cost, retrofitting cost, budget allocated for 

retrofitting, governmental subsidy, and different energy demands on the optimal replacement 

policy on total cost are studied.  

4.1 Introduction 

Ideally, an asset that completes its service life needs to be replaced with a new one. 

Although replacing the aged asset is the most desirable option from a quality point of view, 
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budgetary constraints may force decision makers to find alternative asset management options 

for their aged assets. 

When needing to make an asset-replacement decision, consideration may be given to 

replacing the asset with either exactly the same thing or a similar asset that has been “improved” 

with technological enhancements. In both cases, the replacement is considered brand new. 

Technological improvement may result in greater efficiency, higher operational capacity, and 

lower O&M cost (Lampe and Büyüktahtakin, 2012). 

One disadvantage of replacing an asset may be its initial fixed purchase cost. As a result, 

one may consider purchasing a used asset that has been modified with newer/better components, 

or modifying an existing asset with newer/better components, i.e., retrofitted with a better design. 

It is expected that the retrofit will improve the efficiency of the existing asset. Retrofitting can 

also be considered a technological improvement. However,  in this case, instead of replacing the 

existing asset with a new enhanced technology/model asset, only certain components have been 

replaced. In particular, retrofitting allows new or updated parts to be fitted to old or outdated 

assemblies usually at a lower cost compared to purchasing a new asset. Thus, in addition to 

replacing or keeping an asset, retrofitting as an option an be integrated into asset replacement 

strategies. Integrating retrofitting into asset management by itself (i.e., keeping preventive 

maintenance, replacing an asset with a new one and/or retrofitting) generalizes the parallel 

replacement problem (PRP) (i.e., PRP is a special case of the problem analyzed in this chapter). 

The following section presents a literature review of some of the main parallel asset replacement 

studies. 

Asset replacement problems can be categorized as either serial or parallel. Serial 

replacement deals with economically independent assets over some period of time, and 
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replacement can be determined for each of these assets independently. However, parallel asset 

replacement focuses on the replacement of economically interdependent assets that operate in 

parallel, such that demand, budget constraints and economies of scale could cause the 

interdependence. Decision makers replace assets when the costs of retaining them outweigh the 

benefits (Sharma et al., 2007). 

Vander Veen (1985) presents a mixed-integer program that determines both replacement 

decisions and utilization levels for assets over some horizon. Due to the difficulty of solving the 

model, dynamic programming procedures were used to find approximate solutions. Jones et al. 

(1991) analyzed the parallel machine replacement problem using dynamic programming and 

assuming that a fixed charge was incurred in each period of replacement, thus proving that 

cluster of the same-age assets would either be kept or replaced (no-splitting rules) as a group in 

any period if demand was constant. They also proved the older-cluster-replacement-rule, under 

mild cost assumptions, which states that older assets must be replaced before younger assets, 

given non-decreasing O&M costs in asset age and non-increasing salvage value in asset age. In 

addition, a fixed number of assets required each period over the horizon and no capital budgeting 

constraints were assumed. 

Chen (1998) provided algorithms for the constant demand problem by using 0-1 integer 

programming and solving with Bender’s decomposition. Rajagopalan (1998) and Chand et al. 

(2000) analyzed the problem when there is non-decreasing demand. Hartman (2000) examined 

the impact of fluctuating demand and budgeting consideration of the parallel replacement 

problem under economies of scale, where the purchase of an asset is subject to a fixed charge, 

regardless of the order size, and a capital budgeting constraint in each period. With this in mind, 

it is concluded that if the binary variables that are required to impose a fixed charge with asset 
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purchases are fixed, then the optimal solution to the linear programing relaxation of the resulting 

formulation is an integer value, if a feasible solution exists. Karabakal et al. (1994) addressed a 

different parallel replacement problem with capital budgeting constraints solved by a branch-

and-bound algorithm. Karabakal et al. (2000) provide a heuristic multiplier adjustment method 

for solving large, realistically sized problems. Hartman & Dearden (1999) presented integer 

programing solutions that allow decision makers to determine minimum cost-replacement 

strategies with variable utilization schedules and categorize assets based on age and cumulative 

utilization. With this model, tactical replacement decisions and operational decisions may be 

examined simultaneously, and the tradeoff between capital expenses (replacement costs) and 

operating expenses (utilization costs) may be analyzed. By adding a third dimension for 

utilization that is created by discretely approximating periodic utilization and its associated 

O&M cost, the modeling of nonlinear costs in asset utilization can be incorporated. Hartman and 

Clarke (2002) integrated a production planning problem with a parallel replacement problem, 

and illustrated how their integer programming model accurately predicts costs production 

decisions and may alter replacement decisions. They also provided insight into solving large-

scale problems with the use of cutting plane methodologies developed for several asset-

replacement problems. Hartman (2004) examined asset replacement decisions, based on age and 

cumulative utilization, under variable periodic utilization with multiple, parallel assets under 

various cost and demand assumptions, and provided an efficient optimal solution procedure 

through the use of stochastic dynamic programming, thus illustrating a threshold optimal policy 

under common cost assumptions and presenting a method to easily examine solutions for the 

two-asset case. 
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Büyüktahtakın et al. (2014) studied the parallel asset replacement problem under 

economies of scale with multiple challengers. They proved that parallel replacement problems 

under economies of scale are NP-hard. They formulated the problem as a mixed-integer linear 

program by using valid inequalities. Abensur (2010) used integer programing for equipment 

replacement to minimize the present value of the total cost.  

The literature that addresses the problem of equipment replacement under technological 

change is given as follows: Hopp and Nair (1991) considered the problem of deciding whether to 

keep a piece of equipment or replace it with a more advanced technology in an environment of 

technological change. Their model assumes that the costs associated with the presently available 

technology and future technologies are known, but that the appearance times of future 

technologies are uncertain. They developed a procedure for computing the optimal keep-or-

replace decision that iteratively incorporates a technological forecast. Hopp and Nair (1994) 

considered the classic equipment replacement problem under Markovian deterioration with the 

additional feature that the replacement technology is subject to change via a breakthrough, and 

they presented an algorithmic forecast horizon approach to determining whether or not to keep 

the present piece of equipment that makes use of a finite amount of future forecasted data. Nair 

and Hopp (1992), Nair (1995) and Rajagopalan et al. (1998) also studied equipment replacement 

under technological change. All of these studies modeled the problem as a Markov decision 

process and used some form of stochastic dynamic programming as a solution methodology. 

Büyüktahtakın and Hartman (2015) also studied the parallel replacement problem under 

technological changes. They solved the MILP formulation problem by developing cutting planes 

and showed that using cutting planes improves the integrality gap and solution time for the 

parallel replacement problem under technological changes. 
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As fleets are utilized over time, vehicle operating and maintenance costs increase as 

vehicles age. A fleet manager must deal with the tradeoff between the lower operating and 

maintenance costs of newer fleets and their higher initial capital costs as well as the tradeoff 

between conventional and fuel-efficient bus technologies. Many companies have already created 

asset management optimization models for aging fleets. Keles and Hartman (2004) provided a 

bus fleet replacement problem with multiple asset types under economies of scale, such that a 

fixed charge is assessed for each period any time an asset is purchased. Figliozzi et al. (2013) 

studied the fleet replacement optimization to minimize the operation cost and emissions costs by 

using MILP. Boudart (2011) studied bus-replacement optimization using MILP. It was found 

that early bus replacement, relative to the optimal replacement decision, is more expensive in 

economic terms than tardy replacement. Mishra (2013) developed an optimization model for 

allocation of funds among different fleet improvement programs (different improvement options, 

rehabilitation, remanufacturing, or replacement options available and each option increasing the 

remaining life of the bus) within a budget constraint by using integer programing. Winebrake 

(2005) identified optimal control strategies for meeting nitrogen oxides and particulate matter 

reduction targets, and defined two general types—engine repowering and emissions control—for 

fleet replacement using mixed-integer nonlinear programming (MINLP). Stasko and Gao (2010) 

used integer programing to maximize a retrofit replacement strategy for the selected fleet. This 

model was intended as a tool for both fleet owners and government administrators who have 

access to fixed grants for performing retrofits and grants per gram of pollution prevented. 

Retrofits were all assumed to take place in the present, but the benefits and costs are distributed 

over time. Stasko and Gao (2012) studied fleet-replacement minimization using a combination of 
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operational costs (including the cost allocated for the retrofit budget used for retrofits or 

replacements) and penalties for emissions produced by using MILP. 

In comparing the above studies, most of these asset management studies considered 

either keeping or purchasing a new asset to meet the various different types of demand. They 

include retrofitting options in the field of fleets, which consider retrofitting as modifying existing 

parts, primarily to improve the greenhouse gas emission rate. This chapter considers retrofitting 

as improving the condition and efficiency of the existing asset. 

Although the parallel replacement problem has been studied by many researchers under 

various settings, it appears that none of the previous work considers retrofitting as an 

improvement option in an optimization model. There is a need for such an asset management 

model that provides a strategic operation and management plan to decision makers under budget 

and energy constraints. Using retrofitting as an improvement option over older assets may 

provide financial benefits and thus motivate asset replacement decisions (McKenna, 2012). 

There are two primary reasons that generate the necessity for replacing an asset: 

deterioration and/or obsolescence. The deterioration process arises from the natural wear induced 

by usage and the passage of time. As a result, system components start failing or working in a 

less-efficient way (Oliveira, 2012; Raposo et al., 2014). Obsolescence is a new development or 

refinement of an older asset, which makes the previous way of accomplishing an objective less 

appealing (Sørensen & Stuart, 2000). The existing equipment maintains a good performance, but 

new alternatives arriving in the market would provide better results. 

Due to deterioration and obsolescence, decision makers should evaluate system 

performance periodically and decide on the top asset replacement strategies that ensure the best 

combination of cost and performance for their existing assets. The main issue for decision 
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makers is finding the optimal time to invest in maintenance, retrofitting, replacement. Investing 

at the wrong time can prove to be a very expensive decision (Christer and Scarf, 1994). 

Considering the motivations above, the objective in this chapter is to propose a parallel 

replacement problem with retrofit model to aid in the replacement and retrofitting decision 

making for an aging fleet. The goal is to improve the efficiency of replacement, hence to reduce 

the total system costs and service interruptions. 

Due to the scale of the problem involved, potential cost savings from even modest 

improvements in asset usage can be significant. Through the analysis of different industry 

requirements, following questions are of interest when asset management-related decisions are to 

be made: 

 Which assets should receive maintenance or retrofitting? 

 How can one minimize the maintenance and economic cost, or maximize the substation 

economic benefit while meeting target production and budget constraints? 

The proposed PRP-R model closes this research gap by contributing to the asset 

replacement problem and the WT asset management literature in the following ways: 

 It appears that this study is the first to present a PRP-R MILP formulation to solve the 

asset management problem with retrofits. Here, a model applicable to all types of assets 

is developed and illustrated on WTs over a finite horizon. Despite potential costs and 

benefits in optimally managing WTs, the literature does not consider the retrofitting 

option, which has enormous implications for both expected profits and costs. 

 This study presents the framework for an asset management approach for WTs similar to 

that of Büyüktahtakın et al. (2014), Büyüktahtakın and Hartman (2015), and Hartman et 

al. (1999), which can be adapted by wind farm operators (decision makers) for optimal 
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allocation of their resources. Existing MILP, developed by Hartman et al. (1999), is 

extended to determine the optimal replacement scheduling for retrofitting, keeping, or 

replacing WTs. WT asset replacement scheduling decision analysis would be a useful 

tool, offering individuals and organizations the techniques to model economic decision-

making problems, such as maintenance and replacement decisions, and determine an 

optimal decision for wind farm operators. The wind farm operator (decision maker) can 

choose from various options, such as to keep, repair, or perform preventive maintenance 

on the existing WT or retrofit it with new wind turbine parts. 

 Computational studies and detailed sensitivity analysis of the MILP model are performed 

here, and the impact of key cost drivers of operation, retrofitting, and replacement are 

analyzed to provide insights into an optimal replacement policy for WT industry. Optimal 

cost, replacement, and retrofitting decisions as well as problems with difficulty with 

change at various levels of retrofitting scenarios are also analyzed. 

 When the size of the problem is increased,  the computational time to solve the problem 

increases exponentially. Therefore, in order to solve the problem faster, a Lagrangian 

relaxation algorithm is developed and implemented to pick a set of complicating 

constraints, which, if relaxed, is much easier to solve than the original problem. 

 The input data utilized in the work explained in this was gathered by employing various 

sources such as the literature and the opinions of WT operators and manufacturers. 

Therefore, this paper also provides detailed cost and asset replacement data to researchers 

and decision makers involved in WT industry asset management. 

 This paper provides a useful reference for wind farm operators involved in WT asset 

management decision making and could also be utilized as a decision support tool for 
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allocating limited budget among the various operations in order to minimize the total cost 

in asset management while considering retrofitting as an improvement option. 

A description of the problem is outlined in Section 4.2, and the model assumptions, 

model notations, and model, which takes the form of MILP, are then presented in Sections 4.2.1, 

4.2.2, and 4.2.3, respectively. Section 4.3 presents the subgradient optimization method for this 

problem. Section 4.4 presents a case study that validates the model and sensitivity analysis to 

provide interesting insights into the problem and demonstrate its utility in answering key 

research questions. Finally, Section 4.6 summarizes the findings and provides directions for 

future research. 

4.2 Parallel Replacement Problem with Retrofit Model 

Here, a PRP-R MILP model is developed to determine the optimal replacement policy 

with retrofitting option. A typical PRP model network is shown in Figure 4.1 (Büyüktahtakın & 

Hartman, 2015; Keles & Hartman, 2004). The original PRP network illustration is adapted, and 

the notation and model formulation with a network illustration is shown in Figure 4.2. 
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In Figure 4.1, the network is drawn on two axes, with the y-axis representing the age of 

an asset (i = 1….., N), and the x-axis representing the end of the time period (t = 1….., T). This 

represents a problem with N = 3 and T = 7. Nodes are labeled according to the age of an asset 

and the end of the time period, (i; t). The number of i-period-old initial assets (hi) is represented 

by the supply at each node (i; 0), i > 0 and i < N. The notation Pt represents the amount of 

purchase of assets at the end of time period t. In this model, it is assumed that a purchased asset 

is new and must be retained for a minimum of one period before being eligible for salvage. The 

salvage of an asset is represented as flow, Sit. Flow between nodes (i; t) and (i + 1; t + 1) 

represents a wind turbine in use (Uit)  from the end of period t to the end of period t + 1, at which 

time the asset is i + 1 periods old.  

Figure 4.1:  Representation of PRP as network with flow representing purchase (P), 
retrofitting (V), utilization (U), and salvage (S) variables, and initial asset (h)  

with N = 3 and T = 7 
 

Time (T=7) 0 1 2 3 4 5 6 7

P0 P1 P2 P3 P4 P5 P6

Age (N=3)

0

Uoo Uo1 Uo2 Uo3 Uo4 Uo5 Uo6

h1

U1o U11 U12 U13 U14 U15 U16

h2

U2o U21 U22 U23 U24 U25 U26

h3

S10 S11 S12 S13 S14 S15 S16 S17

S20 S21 S22 S23 S24 S25 S26 S27

S30 S31 S32 S33 S34 S35 S36 S37
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Similar to Figure 4.1, the PRP-R model network is shown in Figure 4.2. The main 

difference between Figure 4.1 and 4.2 is such that at each time period, the existing asset is either 

kept, retrofitted, or salvageed. Flow between nodes (i; t) and (i + 1; t + 1) represents an asset in 

use (Uit) or in retrofitting (Vit) from the end of period t to the end of period t + 1, at which time 

the asset is i + 1 periods old.  Note that the salvage of a retrofitted asset is represented as flow, 

SNit. Flow between nodes (i; t) and (i + 1; t + 1) represents retrofitted assets in use (UNit) from 

the end of period t to the end of period t + 1, at which time the assets are i + 1 periods old. 

 
 

V10,V20,V30V11,V21,V31 V12,V22,V32 V13,V23,V33 V14,V24,V34 V15,V25,V35

Time 0 1 2 3 4 5 8 9 Age

0 Unewo1 Unewo2 Unewo3 Unewo4 Unewo5 Unewo6

P0 P1 P2 P3 P4 P5 P6

Age

0 h0

Uoo Uo1 Uo2 Uo3 Uo4 Uo5 Uo6

V10 V11 V12 V13 V14 V15 V18

1 h1

U1o U11 U12 U13 U14 U15 U16

V20 V21 V22 V23 V24 V25 V28

2 h2

U2o U21 U22 U23 U24 U25 U26

3 h3 V30 V31 V32 V33 V34 V35 V38

U3o U21 U22 U23 U24 U25 U26

4 h3 V40 V41 V42 V43 V44 V45 V48

U4o U21 U22 U23 U24 U25 U26

5 h3 V50 V51 V52 V53 V54 V55 V58

1 R1=0 Unew11 Unew12 Unew13 Unew14 Unew15 Unew16

2 R2=0 Unew21 Unew22 Unew23 Unew24 Unew25 Unew26

S10 S11 S12 S13 S14 S15 S16 S17

3 R3-0

S20 S21 S22 S23 S24 S25 S26 S27

S30 S31 S32 S33 S34 S35 S36 S37

Snew12 Snew13 Snew14 Snew15 Snew16 Snew17

Snew22 Snew23 Snew24 Snew25 Snew26 Snew27

Time Periods

 
Figure 4.2  Representation of PRP-R as network with flow representing  purchase (P), 

retrofitting (V), utilization (U), salvage (S), retrofitted asset salvaged (SNEW),  
retrofitted asset utilized (UNEW) variables, initial assault (h, R),  

and initial retrofitted asset (R) with N = 3 and T = 7 
 
Sections 4.2.1 and 4.2.2 describe model assumptions and model notations, respectively. Then, 

the variables and parameters of the model are presented, and ultimately, a formulation of the 

model is proposed. 
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4.2.1 Model Assumptions 

Similar to other PRP studies (Keles & Hartman, 2004; Hartman, 2000, Büyüktahtakın & 

Hartman, 2015), the following assumptions are made: 

 The fleet has only one type of asset, i.e., assets are homogenous. 

 Purchase is allowed at the end of each period (Hartman, 2000). 

 At the end of the maximum planned life of an asset, it is either salvaged, utilized, or 

retrofitted. 

 Production (demand) at each time period is met by retrofitted, existing, and purchased 

assets. 

 Assets deteriorate due to aging. 

 Salvage value is assumed to decrease due to aging. 

 The inflation rate is considered in the model. 

 Aassets can be purchased, sold, utilized, or retrofitted in any period (Hartman, 2000) 

 The purchase of assets is not subject to a fixed charge 

 Operation and maintenance costs may increase due to aging of the assets. 

4.2.2 Model Notations 

The model for the proposed problem has the following sets, indexes, parameters, cost, 

and decision variables. 

i asset age, iI ={1,…,|I|} 

t time period, t T ={1,…,|T|} 

Parameters: 

Bt: budget at time period t ($) 

FRETt: fixed cost of retrofit at the end of year t ($) 
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ENOLDit: production of an old aset at age i at time period t (kW) 

ENNEWt:  production of a new asset or retrofitted asset at time period t (kW) 

ENRETt: energy production of a retrofitted asset at time period t (kW) 

Ecostt: unit cost of electricity at time period t ($/Kw) 

Costs: 

OMPNi: maintenance costs for i year old asset receiving preventive maintenance ($) 

OMRi: maintenance costs for i year old asset receiving retrofit ($) 

Sit: salvages revenue (negative cost) from selling old assets at time period t ($) 

SNit: salvage revenue (negative cost) from selling retrofitted asset at time period t ($) 

PURt: cost of purchasing a new asset at the end of year t ($) 

dr: inflation rate 

Decision Variables: 

Uit: number of i-year-old assets that received preventive maintenance at end of 

year t 

UNit: number of i-year-old assets that received retrofitting and utilized at end of 

year t 

Vit: number of i-year-old assets that received retrofit at end of year t 

VNit: number of i-year-old asset that received retrofit at end of year t 

Pt: number of assets purchased at end of year t (new asset) 

hi: number of existing assets age i at time period zero 

ri: number of retrofitted assets age i at time period zero 

Sit: number i-year-old assets salvaged at end of year t 

SNit: number i-year-old retrofitted asset salvaged at end of year t for retrofitting 
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4.2.3 Asset Management with Retrofitting MILP Model 

In the original model (Hartman, 2000), existing assets are either salvaged or utilized at 

the end of time period t. The model here is extended further by adding the retrofitting option, 

which allows for retrofitting assets at each time period. In this model, not only is retrofitting 

allowed, but the retrofitted assets are kept track of separately. This system is defined as a 

homogenous aging retrofit. After the first time period, the retrofitted assets behave similarly to 

new assets.  Furthermore, the number of retrofitted assets can be tracked and have different aging 

and electric production structures. Therefore, an extended version of the original model 

(Hartman, 2000) is proposed—a model that allows for analyzing retrofitting assets separately. In 

this extended model, a retrofit is allowed at each time period. This assumption creates an asset 

replacement network, as shown previously in Figure 4.2. 

The main objective of this mathematical model is to determine the replacement and/or 

retrofitting schedule of assets in each period in order to minimize total cost. The objective 

function includes the operation and maintenance cost, purchase cost of a new asset, and fixed 

cost of retrofitting the main components (i.e., structure, motors, gearbox, blades, generator, etc.) 

of an existing asset. 

The objective function, shown as equation (4.1), minimizes the sum of purchasing, 

maintaining, operating, and salvaging over the period of analysis, i.e., from time zero (present) to 

the end of year t. Constraints (4.2) and (4.3) ensure that there is enough energy production to 

satisfy periodic demands at time zero and after time zero, respectively. Constraint (4.4) ensures 

that purchase costs, operation and maintenance costs, and fixed costs cannot exceed the yearly 

budget. Constraints (4.5) to (4.10) are referred to as flow conservation constraints (see network 

interpretation below). The age of any asset in use will increase by one year after each time period 
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(4.5). Constraint (4.6) ensures that the conservation of assets, i.e., the initial asset (not 0-age 

ones) must be used, sold, or retrofitted.  At the end of the last time period, there will be no asset 

in use for any age or type of asset, i.e., all assets will be sold in the corresponding salvage value, 

which is a function of asset age.  Constraint (4.7) is the initial boundary condition for an asset at 

age 0 at time period t is equal to a newly purchased plus retrofitted asset at period t – 1 (previous 

period). Constraints (4.8) and (4.9) are flow balance constraints for the last period of an existing 

asset, which should be either retrofitted or salvaged from the previous period. Constraint (4.10) 

is a flow balance constraint for the number of assets utilized during year zero, which must be 

equal to the sum of existing assets plus purchased assets. The decision variables associated with 

purchasing, utilization, retrofitting, and salvaging decisions must be integer positive numbers, as 

shown in expression (4.11). 

Note that the salvage of a retrofitted asset is represented as a flow, SNit. Flow between 

nodes (i; t) and (i + 1; t + 1) represents a retrofitted asset in use (UNit), or in retrofitting (Vit) or 

re-retrofitting (VNit) from the end of period t to the end of period t + 1, at which time the WT us 

i + 1-periods old.  

 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑ 𝑂𝑀𝑃𝑁𝑖𝑡 ∗ 𝑈𝑖𝑡

𝑖∈𝐼\{|𝐼|}𝑡∈𝑇\{|𝑇|}

∗ (1 + 𝑑𝑟)−𝑡 + ∑ ∑ 𝑂𝑀𝐿𝑅𝑖𝑡 ∗ 𝑈𝑁𝑖𝑡

𝑖∈𝐼\{|𝐼|}

∗ (1 + 𝑑𝑟)−𝑡

𝑡∈𝑇\{|𝑇|}

+ ∑ 𝑃𝑈𝑅𝑡 ∗ 𝑃𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑡∈𝑇\{|𝑇|}

+ ∑ ∑ 𝐹𝑅𝐸𝑇
𝑖𝑡

∗ 𝑉
𝑖𝑡

∗ (1 + 𝑑𝑟)−𝑡
+ ∑ ∑ 𝐹𝑅𝐸𝑇

𝑖𝑡
∗ 𝑉𝑁

𝑖𝑡

𝑖∈𝐼𝑡∈𝑇\{|𝑇|}𝑖∈𝐼𝑡∈𝑇\{|𝑇|}

∗ (1 + 𝑑𝑟)−𝑡 − ∑ ∑ 𝑆𝐴𝐿𝑡𝑖 ∗ 𝑆𝑖𝑡

𝑖∈𝐼\{0}𝑡∈𝑇

∗ (1 + 𝑑𝑟)−𝑡 − ∑ ∑ 𝑆𝐴𝐿𝑡𝑖 ∗ 𝑆𝑁𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑖∈𝐼\{0}𝑡∈𝑇

 

Subject to: 

 (4.1) 

∑ 𝑈𝑖(𝑡𝑜)

𝑖∈𝐼\{|𝐼|}

∗ 𝐸𝑁𝑂𝐿𝐷𝑖 + 𝑃(𝑡0) ∗ 𝐸𝑁𝑁𝐸𝑊(𝑖0) ≥  𝐸𝑛𝐷𝑒𝑚(𝑡0)  (4.2) 

𝑃𝑡+1 ∗ 𝐸𝑁𝑁𝐸𝑊(𝑖) + ∑ 𝑉(𝑖+1)𝑡

𝑖∈𝐼

∗ 𝐸𝑁𝑅𝐸𝑇(𝑖) + ∑ 𝑉𝑁(𝑖+1)𝑡

𝑖∈𝐼

∗ 𝐸𝑁𝑅𝐸𝑇(𝑖) ∑ 𝑈𝑖(𝑡+1)

𝑖∈𝐼

∗ 𝐸𝑁𝑂𝐿𝐷𝑖 + ∑ 𝑈𝑁𝑖(𝑡+1)

𝑖∈𝐼

∗ 𝐸𝑁𝑁𝐸𝑊𝑖 ≥  𝐸𝑛𝐷𝑒𝑚(𝑡+1) 
 

  𝑡 ∈ 𝑇\{|𝑇|} (4.3) 
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∑ 𝑈𝑖𝑡

i∈𝐼\{|𝐼|}

∗ 𝑂𝑀𝑃𝑁𝑖𝑡 + ∑ 𝑈𝑁𝑖𝑡

i∈𝐼\{|𝐼|}

∗ 𝑂𝑀𝐿𝑅𝑖𝑡 + ∑ 𝑉𝑖𝑡

i∈𝐼\{0}

∗ 𝐹𝑅𝐸𝑇𝑖𝑡 + ∑ 𝑉𝑁𝑖𝑡

i∈𝐼\{0}

∗ 𝐹𝑅𝐸𝑇𝑖𝑡 + ∑ 𝑃𝑡

𝑡∈𝑇\{|𝑇|}

∗ 𝑃𝑈𝑅𝑡

− ∑ 𝑆𝑖𝑡 ∗

𝑖∈𝐼\{0}

𝑆𝐴𝐿𝑡𝑖 − ∑ 𝑆𝑁𝑖𝑡 ∗

𝑖∈𝐼\{0}

𝑆𝐴𝐿

𝑡𝑖

≤  𝐵𝑢𝑑𝑔𝑒𝑡(𝑡) 

 

𝑡 ∈ 𝑇\{|𝑇|} (4.4) 

𝑈(𝑖−1)(𝑡−1) = 𝑈𝑖𝑡 + 𝑉𝑖𝑡 + 𝑆𝑖𝑡                i ∈ 𝐼\{0},         
𝑡 ∈ 𝑇\{0} 

(4.5a) 
 

𝑈𝑁(𝑖−1)(𝑡−1) = 𝑈𝑁𝑖𝑡 + 𝑉𝑁𝑖𝑡 + 𝑆𝑖𝑡            i ∈ 𝐼\{0},         
𝑡 ∈ 𝑇\{0} 

(4.5b) 

ℎ𝑖 = 𝑈𝑖0 + 𝑉𝑖0 + 𝑆𝑖0                         i ∈ 𝐼\{0} (4.6a) 
 

ri0 = 0                                                        i ∈ 𝐼\{0} (4.6b) 
𝑈(0)(𝑡+1) = 𝑃𝑡+1 + ∑ 𝑉𝑖𝑡                            𝑖∈𝐼   i ∈ 𝐼\{0}, 

𝑡 ∈ 𝑇\{|𝑇|} 
(4.7a) 

𝑈𝑁(0)(𝑡+1) = ∑ 𝑉𝑖𝑡 + ∑ 𝑉𝑁𝑖𝑡                     𝑖∈𝐼   𝑖∈𝐼   𝑖 = {|𝐼|}, 
𝑡 ∈ 𝑇\{|𝑇|} 

(4.7b) 

𝑈(𝐼−1)𝑡 = 𝑆𝐼(𝑡+1) + 𝑉𝐼(𝑡+1)                   𝑖 = {|𝐼|}, 
𝑡 ∈ 𝑇\{|𝑇|} 

(4.8a) 
 

UN(|I|−1)t = SN|I|(t+1)                      𝑖 = {|𝐼|} , 
𝑡 ∈ 𝑇\{|𝑇|} 

(4.8b) 

𝑈𝑖(|𝑇|−1) = 𝑆(𝑖+1)|𝑇|                                  𝑖 ∈ 𝐼\{|𝐼|} (4.9a) 

UNi(|T|−1) = SN(i+1)|T|                       𝑖 ∈ 𝐼\{|𝐼|} , 
𝑡 = {|𝑇|} 

(4.9b) 

𝑈00 = 𝑃0 + ℎ0  (4.10) 
𝑈𝑖𝑡  ,  𝑆𝑖𝑡, SNit, 𝑉𝑖𝑡, VNit, UNit,, 𝑃𝑡  ∈ 𝑍 +      

 
𝑖 ∈ 𝐼, 

𝑡 ∈ 𝑇 
(4.11) 

 
The mathematical model has 6*|I|*|T|+|T| variables, which are binary, and 

9*|I*T|+2*|T|+3*|I|  constraints. The computational time to solve the MILP model using 

commercial solvers increases exponentially when the maximum age and/or the planning horizon 

increases. Thus, Lagrangian relaxation is proposed here. 

4.3 Subgradient Optimization Method Based on Lagrangian Relaxation to Solve PRP-R  

 

The traditional approach to solving equipment replacement problems is to use either an 

economic service life approach, dynamic programing, or MILP. With the economic service life 

method, the asset should be replaced every time it reaches its economic life. This technique 

requires the economic service life to be static; therefore, technological change is usually ignored. 
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To evaluate a separate keep-or-replace decision when there are additional constraints 

requires a more sophisticated modeling approach such as dynamic programming or integer 

programming (Fan et al., 2013).  

In the PRP-R, when the size of the problem is increased, it can be seen that the 

computational time to solve it increases exponentially. In order to solve the problem faster, a 

Lagrangian relaxation algorithm is proposed. This algorithm penalizes a set of complicating 

constraints to the objective function, which results in a problem easier to solve than the original 

problem, and a subgradient optimization method is used to update the penalty. 

In other words, the LR method lifts these complicating constraints and makes use of the 

special structure to solve the relaxed problem. This produces a lower bound for a minimization 

problem. There are two general techniques to implement a Lagrangian relaxation algorithm: sub-

gradient optimization and multiplier adjustment methods. With LR, a good approximate solution 

or the best (tight) bound can be obtained by subgradient optimization methods where a 

subgradient vector is obtained by minimizing the relaxed primal problem, and the dual variables 

are updated iteratively along the direction of this subgradient vector (Beier, 2011). Several 

authors, including Fisher (2004) and Lemaréchal (2001), use LR with the subgradient 

optimization method. A multiplier adjustment method is an iterative method that generates a 

series of monotonically increasing lower bounds. The key feature is the adjustment of only a 

limited number of multipliers per iteration, as opposed to the subgradient method where all 

multipliers are adjusted simultaneously. In general, a multiplier adjustment method requires less 

iteration than the subgradient method per iteration. On the other hand, it cannot guarantee lower 

bounds that are a good as those produced by the subgradient method (Brandimarte and Villa, 

1995). 
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In the problem here, constraints (4.3) and (4.4) (production and budget constraints, which 

are inequalities) are selected as complicating constraints and the objective function is modified 

by penalizing  these constraints to the objective function and solving the problem using the 

subgradient optimization technique. The resulting objective function is as follows: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ ∑ 𝑂𝑀𝑃𝑁𝑖𝑡 ∗ 𝑈𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑖∈𝐼\{|𝐼|}𝑡∈𝑇\{|𝑇|} + ∑ ∑ 𝑂𝑀𝐿𝑅𝑖𝑡 ∗ 𝑈𝑁𝑖𝑡 ∗𝑖∈𝐼\{|𝐼|}𝑡∈𝑇\{|𝑇|}

(1 + 𝑑𝑟)−𝑡 + ∑ 𝑃𝑈𝑅𝑡 ∗ 𝑃𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑡∈𝑇\{|𝑇|} + ∑ ∑ 𝐹𝑅𝐸𝑇𝑖𝑡 ∗ 𝑉𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡 +𝑖∈𝐼𝑡∈𝑇\{|𝑇|}

∑ ∑ 𝐹𝑅𝐸𝑇𝑖𝑡 ∗ 𝑉𝑁𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑖∈𝐼𝑡∈𝑇\{|𝑇|} − ∑ ∑ 𝑆𝐴𝐿𝑡𝑖 ∗ 𝑆𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑖∈𝐼{0}𝑡∈𝑇 −

∑ ∑ 𝑆𝐴𝐿𝑡𝑖 ∗ 𝑆𝑁𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑖∈𝐼\{0} + ∑ ∑ 𝛷𝑖𝑡𝑖∈𝐼\{|𝐼|} ∗𝑡∈𝑇\{|𝑇|} (𝐸𝑛𝐷𝑒𝑚 − 𝑃𝑡+1 ∗𝑡∈𝑇

𝐸𝑁𝑁𝐸𝑊(𝑖0) + ∑ 𝑉(𝑖+1)𝑡𝑖∈𝐼 ∗ 𝐸𝑁𝑅𝐸𝑇(𝑖0) + ∑ 𝑉𝑁(𝑖+1)𝑡𝑖∈𝐼 ∗ 𝐸𝑁𝑅𝐸𝑇(𝑖0) ∑ 𝑈𝑖(𝑡+1)𝑖∈𝐼 ∗ 𝐸𝑁𝑂𝐿𝐷𝑖 +
∑ 𝑈𝑁𝑖(𝑡+1)𝑖∈𝐼 ∗ 𝐸𝑁𝑁𝐸𝑊𝑖) +  ∑ ∑ 𝛿𝑖𝑡𝑖∈𝐼\{|𝐼|} ∗𝑡∈𝑇\{|𝑇|} (∑ 𝑈𝑖𝑡i∈𝐼\{|𝐼|} ∗ 𝑂𝑀𝑃𝑁𝑖𝑡 + ∑ 𝑈𝑁𝑖𝑡i∈𝐼\{|𝐼|} ∗

𝑂𝑀𝐿𝑅𝑖𝑡 + ∑ 𝑉𝑖𝑡i∈𝐼\{0} ∗ 𝐹𝑅𝐸𝑇𝑖𝑡 + ∑ 𝑉𝑁𝑖𝑡i∈𝐼\{0} ∗ 𝐹𝑅𝐸𝑇𝑖𝑡 + ∑ 𝑃𝑡𝑡∈𝑇\{|𝑇|} ∗ 𝑃𝑈𝑅𝑡 −

∑ 𝑆𝑖𝑡 ∗𝑖∈𝐼 𝑆𝐴𝐿 − ∑ 𝑆𝑁𝑖𝑡 ∗𝑖∈𝐼 𝑆𝐴𝐿𝑡𝑖 − 𝐵𝑢𝑑𝑔𝑒𝑡)                                    (4.12) 

Subject to constraints (4.2), (4.5a), (4.5b), (4.6a), (4.6b), (4.7a), (4.7b), (4.8a), (4.8b), (4.9a), 

(4.9b), (4.10), and (4.11). 

The subgradient algorithm used for this problem is shown below. Two Lagrangian 

relaxation multipliers based on MILP formulation are used for the original problem. First, the 

budget and energy constraints are relaxed; then a relaxation with the integrality property is 

obtained. This is useful for solving the MILP relaxation of the original problem approximately. 

Relaxation is obtained by dualizing the set of constraints (4.4) and (4.5) with 𝛷𝑖𝑡  and 𝛿𝑖𝑡 ≥ 0, 

where 𝛷𝑖𝑡 𝑎𝑛𝑑  𝛿𝑖𝑡 are multipliers associated with budget and energy constraints, respectively, of 

period t. 

 𝛷𝑖𝑡   𝑎𝑛𝑑  𝛿𝑖𝑡 ≥ 0    𝑖 ∈  𝐼 and 𝑡 ∈  𝑇 

The pseudo code for the proposed Lagrangian algorithm is presented in Table 4.1. 
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Table 4.1: Pseudo Code for Proposed Subgradient Optimization Algorithm Based on Lagrangian 
Relaxation for PRP-R  

 
Input: LLBP();                    //Lagrangian lower bound 
Input: Lup;  //Upper bound value for original problem 
{Initialization}  
𝜃:= 𝜃𝑖𝑛𝑖𝑡;     //Subgradient agility, suggested 𝜃𝑖𝑛𝑖𝑡=2(1) 

An initial value 𝛷0 ≥ 0 , 𝛿0 ≥ 0 //Lagrangian multiplier 
𝐿𝑚𝑎𝑥 = −∞;                                 //Best lower bound so far 
  for µ=0,1,…. {Sub-gradient iterations}  
𝛾𝑡 ≔ 𝑔(𝑥𝑡)      
𝜎𝑡 ≔ 𝑔(𝑦𝑡)                                                                       

//Gradient of 𝐿(𝛷𝑡)   and 
//Gradient of 𝐿(𝛿𝑡)   

𝜕𝑡 ≔ 𝜃𝑡(𝐿∗ − 𝐿(𝛷𝑡))/|| 𝛾𝑡||2                 and 
𝜓𝑡 ≔ 𝜃𝑡(𝐿∗ − 𝐿(𝛿𝑡))/|| 𝜎𝑡||2             

//Compute step size 
 

𝛷𝑡+1 ≔ max {0, 𝛷𝑡+𝜕𝑡𝛾𝑡}                    and 
𝛿𝑡𝑡+1

≔ max {0, 𝛿𝑡𝑡+𝜓𝑡𝜎𝑡}                  
//Update step size 
 

If ||𝛷𝑡+1-𝛷𝑡|| < 휀       and 
If ||𝛿𝑡+1-𝛿𝑡|| < 휀 then                                         

// Suggested 휀 = 0.01(1)                                       
 

          Stop 
            End if 
If no progress in more than K iterations, then  
𝜃𝑡+1:= 𝜃𝑡/2 

//Reduce agility 
 

else 
𝜃𝑡+1:= 𝜃𝑡 
        End if 
µ: = µ + 1 
end for 

 

               (1) From Putz, 2007 
 
Three different sizes of problems are used to illustrate the efficiency of the proposed approach. 

Computational experiments with Lagrangian relaxation suggest that subgradient optimization is 

quite effective in solving large-scale problems. When the problem planning period is 100 time 

units, the subgradient algorithm solves the problem in approximately less than 1.5% of the CPU 

time that the PRP-R model requires to find the optimal solution using CPLEX. Each run results 

in a number of iterations, which are provided in Table 4.2. 
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Table 4.2: Run Times with Lagranian Relaxation 
 

Time Period 

Main 

Problem 

CPU (sec) 

LR CPU 

(sec) 

Number of 

Iterations 

25 10 0.08 3 
50 70 2 7 
100 4,568 60 15 
100—Case a 
(20% operation and maintenance cost increase) 4,452 56 12 

100—Case b 
(20% retrofitting cost  increase) 4,376 49 10 

100—Case c 
(20% increasing energy demand) 4,735 83 14 

 
 

The following Section 4.4 focuses on WT asset replacement management, retrofitting the WT, 

the motivation behind this study, and the problem statement.  Operations and cost data sets are 

presented for a WT farm, which is used as input into the model. Additionally, experimental 

design, numerical analysis, and discussion of the base case results in this section are provided. 

4.4   Wind Energy Asset Management Case Study 

The wind energy industry has experienced an extensive and worldwide growth in the last 

two decades. Wind power energy growth rates worldwide have averaged about 30% annually. 

The U.S. Department of Energy (DOE) and the National Renewable Energy Laboratory (NREL), 

under the “20% Wind Energy by 2030” plan, announced that the United States could feasibly 

increase its wind energy contribution to account for 20% of the total electricity consumption in 

the U.S. by 2030 (U.S. Department of Energy, 2008). Based on the projected growth of wind 

energy, one can expect to have more WTs installed throughout the USA (U.S. Department of 

Energy, 2012).  
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Considering the life expectancy of a wind turbine as being 20 years (Post, 2013; Haapala 

& Prempreeda, 2014), at some point, many of them will reach the end of their service life. There 

are several asset management options, including keeping WTs with preventive maintenance, 

retrofitting them, and/or repowering them with a new WT; however, to date, the resulting asset 

management problem with alternative asset management decisions has not been fully addressed. 

The “keeping” option involves maintaining an existing WT with minimal or extensive 

preventive maintenance. The “repowering” option is the decommissioning of an existing turbine 

and installing a more modern and powerful version (Wind Energy Upate, 2012). The 

“retrofitting” option is essentially improving an existing turbine efficiency and capacity by 

implementing a new or improved technology such as better blade design. With retrofitting, one 

can extend the productive life span of older turbines and make them more efficient with 

improved technologies, i.e., that is, wind turbines could produce energy for 30 years, compared 

to 20 years of useful life, thus providing additional years of revenue for a wind farm. Retrofitting 

can improve the WT performance with higher energy production, increased reliability, and also 

extended lifetime by using new components and technologies (Maxey, 2014; ABB Wind 

Retrofit, 2014; Valldeperes, 2012). In addition, the retrofitting option provides a valuable 

opportunity to reduce virgin material consumption, preserve energy, and reduce the carbon 

footprint as well as decrease the volume of material that will be sent to a landfill. Additionally, 

upgrading components with advanced technology will improve the turbine’s efficiency and 

performance, which cuts operating and maintenance costs and keeps them low over the long term 

because of better reliability of the replaced part and increased productivity. 

Presently, retrofitting may look as the most promising asset management option within 

the wind industry. The question will be should wind farm operators keep existing WTs with a 
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higher maintenance cost, invest capital to replace them with newer and more efficient ones, or 

improve existing WT parts with more advanced technologies, thus paying less than purchasing a 

new WT? Despite the importance of this question, how to effectively answer it is not addressed 

in the WT asset management literature. 

It has been suggested that the deterioration rate (capacity factor) for a WT declines up to 

2% per year due to wear and tear (Bach, 2012), i.e., aging wind turbines are less efficient than 

new wind turbines. Due to technological changes and new designs, a new WT capacity factor 

could increase from 40% to 60%. For example, the average hub height of turbines installed in 

2013 was 80 meters, up 45% from 1999. Also, 75% of installed turbines have a rotor diameter of 

100 meters in length or more. Increased hub heights and larger rotors allow turbines to generate 

more renewable electricity, in part by taking advantage of the stronger, more consistent winds 

that are often found at higher altitudes (Richardson, 2015). Considering the technological 

improvement in the field of wind energy, in addition to keeping or purchasing new WTs, 

retrofitting can be another alternative for the wind farm operator while determining their asset 

management strategies. 

 Retrofitting is mainly considered as improving the performance of the WT. Performance 

improvements can be achieved by increasing blade size, modernizing controls, and making 

capacity upgrades to drivetrains. Therefore, WT retrofitting can be done by performing the 

following: 

 
 Introducing/incorporating modified components and/or systems that are based on more 

advanced and superior technology. For instance, such retrofitting activity might involve a 

reworked gearbox with enhanced robustness. 
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 Adding mechanical, electrical/electronic, or hydraulic upgrades, or a combination of 

these; adding a control system with additional advanced functionality such as supervisory 

control and data acquisition (SCADA) and/or a conditioning monitoring system (CMS). 

 Replacing the non-functional or obsolete original control system, or enhancing grid 

integration requirements beyond the original control capabilities. 

The main goal of retrofitting is to improve the energy production of wind farms. This can 

lead to the development of additional advanced options, such as an upgrade involving the fitting 

of longer, slenderer blades together with the latest controller technology. The aim is to operate as 

close to 100% of the load available from the design of the machine to capture as much energy as 

possible (AAB Retrofitting, 2014). 

Based on the above retrofitting definition, in this study, we define retrofitting as 

improvement of existing WTs by implementing new or better designed blades, gearbox, or 

generator, which are the three most expensive parts. During the retrofitting decision, we use 

different energy production levels for retrofitting (energy production as high as a new WT, better 

and/or worse than a new WT).  Even though, retrofitting is considered an improvement option, 

several studies were run to show if retrofitting does not improve the system performance. 

4.4.1 Data for 1.5 MW Wind Turbine 

To illustrate how the proposed extended MILP model could help the wind farm operator 

make optimal replacement decisions, a case study with one type (1.5 MW) wind turbine serving 

required energy demands is considered. According to reviews of manufacturers’ product 

declaration documents, the life span for a WT is estimated to be between 20 and 25 years (Post, 

2013; Haapala & Prempreeda, 2014). Therefore, in this study, the maximum age is set to 25, and 

the planning horizon is estimated to be 100 years, approximately four times the maximum age of 
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the WT. According to the Nebraska Energy Office (2006), a 1.5 MW WT can produce more than 

4,500,000 kWh per year, or enough energy to power between 400 and 500 homes. The NREL 

cost of wind energy review (Lantz et al. (2012)  report estimated average installed capital costs 

of $2,098 per kW of wind power capacity, with a range of $1,400 to $2,900 per kW. This cost 

figure represents the costs of the WT and towers including transportation and installation, 

balance of plant wiring and equipment, design and engineering costs, financing, and other costs 

necessary to develop and build a wind power facility. The Berkeley Laboratory’s latest 

calculations of average capacity factors ranged from a low near 28% in 1999 to a high of about 

34% in 2007 (Wind Technologies Market Report, 2014). The NREL cost of wind energy review 

(Lantz et al. (2012) employed an $11 per MWh estimate of annual operating expense, with 

possible values ranging from $9 to $20 per MWh. It has been suggested that the capacity factor 

for a wind turbine declines up to 2% per year due to wear and tear (Bach, 2012). Based on EIA 

report, the capacity factor of 1.5 MW GE wind turbine is increased from 39% to 52% from year 

2002 to 2009 (Kwartin, 2010). Based on this data, it is assumed that existing WT energy 

production is less than that for retrofitted or newly purchased WTs (International Energy 

Agency, 2013). The typical price of replacement components (set of rotor blades, gearbox, and 

generator) is 15%  to 20% that of the same components in a new turbine (Wind Measurement 

International, 2015). 

As significant increases in profits might be achieved by retrofitting, it is also assumed 

that due to the increasing reliability of the system with retrofitting, the O&M cost of the 

retrofitted WTs would be less than the old WTs.  Summing all the cost data provided above for 

the experimental design is presented in Table 4.3.   
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Table 4.3: Cost Data for 1.5 MW Wind Turbine 
 

Parameter Symbol Data Reference 
Unit purchase cost P1;1 $1,400-$2000 per kw  increasing by 2% each time period t [1] 

 
Unit O&M cost  

 

OMPN1;1 
OMLR1;1 

$ 9 -$20 per MWh increasing by 10% each time period   [1] 
 
 

 
Unit salvage value 

 
S1;1 
SN1;1 

80% of P1;1 and decreasing by 20% each time period t Estimated value 
 
 

New wind turbine cost (GE 1.5 
XLE 1.5 MW) 

P1;1 $1, 400,000 [4], [5], [6]  

Gearbox 10-15% of total cost of 
WT 

V1;1, VN1;1 

 

 

 

 

 

 

$140,000-$210,000 [4], [5], [6] 

Generator %5-10 of total cost of 
WT  

$70,000-$140,000; 

Blades %10-25  of total cost of 
WT 

$140,000-$210,000; 

Tower cost %10-35  of total cost of 
WT 

$140,000-$350,000 

Demand EnDem 15,500,000-45,000,000 kWh per year 
Estimated value 

Energy production 
EN 4,500,000 kWh per year for 1.5 MW WT [2] 

Budget 
Budget $250,000-$1,500,000 Estimated value 

Cost of electricity 
ECost 0. 02-0.05$/kW [2] 

 [1] The NREL cost of wind study) (The NREL cost of wind energy review (Lantz et al. (2012)  
 [2] Operation and Maintenance Costs for WTs (Wind Measurement International, 2015.) 
  [3] Cost analysis of the material composition of the wind turbine blades for Wobben Windpower/ENERCON GmbH model E-82 ,  Wagner    
Sousa de Oliveira and Antonio Jorge Fernandes, Cyber Journals: Multidisciplinary Journals in Science and Technology, Journal of Selected 
Areas in Renewable Energy (JRSE), January Edition, 2012 
 [4]http://www.repoweringsolutions.com/english/sales_brochure/Brochure_refurbished_wind_turbines.pdf 
 [5]https://www.irena.org/documentdownloads/publications/re_technologies_cost_analysis-wind_power.pdf 
 [6] (Wagner Sousa de Oliveira and Antonio Jorge Fernandes, 2012 
 
 
4.4.2 Experimental Design 

In this section, we present an optimal replacement policy for one type WT under different 

cases by solving the proposed model. We perform all computational experiments on a personal 

computer equipped with Windows 7, 1:80 GHz CPU and 4 GB memory. This model is coded in 

the Generic Algebraic Modeling System (GAMS). The model is formed in order to reflect the 

reality between the years 2016 and 2116. Each unit of time refers to 1 year. 

 

We carried out scenario analysis to understand how possible changes in the retrofitting 

level affect the WTs asset management schedule. To illustrate how these models can help wind 

http://www.repoweringsolutions.com/english/sales_brochure/Brochure_refurbished_wind_turbines.pdf
https://www.irena.org/documentdownloads/publications/re_technologies_cost_analysis-wind_power.pdf
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farm operator to make optimal replacement and/ or retrofitting decisions, real word WT cost data 

are analyzed and incorporated into the model. Before giving the model results, it would be ideal 

to explain the each Case/Scenario.  

Case 1 is no retrofitting option: In this scenario, it is assumed that at each time period, 

existing WTs either will be aged or salvaged. 

Case 2 is retrofitting option: In this scenario; it is assumed that at each time period, 

existing WTs either will be aged, salvaged or retrofitted. Retrofitted WTs assumed to produce 

the same amount of electricity new WT and their O&M cost is less than the aged WTs. This 

extended model allows us to keep track of retrofitted WTs separately. In original network, 

purchased WTs would be counted as existing WT after the age one. Therefore, they would be 

aged as existing WT and O&M costs and energy production would be the same as existing WTs 

which is not realistic. Therefore, extending the existing model with retrofitting option gives 

flexibility of tracking the retrofitted WTs. 

Each case includes two experiments. The first experiment is to assume that there are no 

existing WTs at wind farm; therefore, the initial WTs composition is empty and the second 

experiment is to assume that there are WTs exist at the beginning of the time period. 

Other than adding retrofitting option, all other parameters are kept constant for each case. 

In these two cases, we assume that a retrofitted WT will have the same level of energy 

production as a new turbine. For alternative scenarios we will use different levels of retrofitting, 

i.e. a retrofitting WT producing more/less energy than a new WT to observe the effect of the 

retrofitting level on total cost.  Each of these scenarios is shown in Table 4.4. 
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Table 4.4: Experimental Setup for Experiments 1 and 2 
 

 
 
 
 

 

 

4.4.3 Results 

This section provides computational results and data analysis to evaluate the performance 

of the model formulation using the baseline data from Tables 4.5. 

Case 1 and 2: The instances of these cases are generated as follows. We let T = 100, N = 

25, and let the size of the initial wind turbine be zero  for the case 1 and let the size if the initial 

wind turbine is not to be zero in the case 2. It is assumed that, energy demand and budget is 

constant each year.  The purchase price of a new WT, the fixed charge of retrofitting, and O&M 

costs is taken from literature and are summarized in Table 4.2. We solve the instances using 

CPLEX in each case and illustrate the solution differences. 

Results of Case 1: We compare the no retrofitting scenario results with retrofitting 

network results. Based on the total cost data presented in Table 4.3, it was observed that 

comparing with the no retrofitting model, total cost decreases 20% for retrofitting model. The 

model results are depicted in Figure 4.3. It can be concluded that retrofitting (tracking of the 

retrofitted WT) has the higher cost reduction due to ability of tracking WT which requires low 

O&M cost during the time horizon. As the O&M cost of the retrofitted WTs assumed to be less 

than the existing WTs, this result is expected. In addition, comparing the total purchase cost, 

there is a significant cost difference between retrofitting and no retrofitting scenario. Purchasing 

cost of retrofitting model is less than no retrofitting case. This is because, once WT is retrofitted, 

energy production would be higher than the utilized WT, which would be enough to satisfy the 

Case 1 
(No Retrofitting) 

Case 2: (Retrofitting) Case 3: (Retrofitting with initial WT  with and 
without governmental subsidy 

Without initial WT Without initial WT  
With initial WT With initial WT ENRET=ENEW 
  ENRET>=ENEW 
  ENRET=<ENEW 
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existing demand. Therefore, there would be no need to buy a new WT. Comparing the two cases; 

it is that under similar cost structures, the introduction of retrofitting options decreases the total 

cost. These results will help decision maker to allocate their budget accordingly. Table 4.5 shows 

the results for no retrofit case and with retrofit case. 

 
Table 4.5  No Retrofit with Retrofit for 1.5 MW WTs with no initial WT exists 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 4.3:  Optimal cost breakdown for in No Retrofit and Baseline (Retrofit) 
 
To simplify the model runs, for the remaining runs and sensitivity analysis, we assume that our 

baseline would be such that retrofitted WTs produce the same amount of electricity as new ones 

and also consider that initial WT composition is not empty.  

Case 2: We change the retrofitting level to observe the effect of the different retrofitting 

level on total cost. The model results are consistent with the previous runs (Case 1) and still an 
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overall cost for retrofitting was less than the no retrofitting case. The model results are presented 

in  Table 4.6. It is observed that total cost decrease 51% for retrofitting. Comparing  the Case 2 

with Case 1, this percent decrease seems more, but one should note that the purchasing cost is 

avoided in Case 2. In addition, it is worth to mention that having WTs at the beginning of the 

time period help to reduce the purchasing cost, but increases the retrofitting cost. This is because 

of having aged of WTs, which need retrofitting to satisfy the energy demand. 

 

Table 4.6: No Retrofit with Base Line (Retrofitting) with Alternatives for 1.5 MW WTs with 
Initial Existing WTs 

 Cost No 

Retrofitting 

Retrofitting (energy production  as 

high as new WT) with Initial WTs 

Total cost $127,435,300 $77,294,040 
Purchase cost $92,400,000 $0  

Operation and 
maintenance cost $35,035,300 $27,000,000 

Retrofit cost $0 $50,300,000 

 

Case 3: The effect of Different Levels of Retrofitting with and without Governmental Subsidy. 

For the baseline, it is assumed that retrofitted WTs produce the same amount of energy as new 

WTs and retrofitting cost is high enough to cover the improvement of three main components. In 

the following scenarios, it is assumed that energy production may not be the same as a new WT 

due to frequent downtime, but still it will be better than existing WTs. Moreover, in the near 

future, with technological improvement, one may expect to see a cost decrease in new WTs. In 

addition, due to the global warming effect, at some point, the government may provide subsidies 

for existing wind farms to purchase new WTs to promote more renewable energy sources. 

Therefore, we assume that there is a governmental subsidy exists for investing in a new WT 

instead of retrofitting. As the Federal Business Energy Investment Tax Credit (ITC) is a 

corporate tax incentive that allows for owners of new wind energy systems of any size to receive 
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tax credits worth 30% of the value of the facility, we assumed that this can be expanded for 

future new turbine purchases (U.S Department of Energy, 2013). 

For our model runs, we suppose that for each new WT purchase, the government might 

still provide such tax credit or any other form of subsidy which make purchasing more attractive 

than retrofitting. Therefore, we assume that when wind farm operators decide to buy a new WT, 

the government may consider this as new investment and subsidy 50% of the new WT 

purchasing cost. We run the scenarios under 0% and 50% governmental subsidy. The results of 

each run are presented in Table 4.7 and graphical representation is provided in Figure 4.4. 

 
Table 4.7: Energy Production Variation with and without Governmental Subsidy 

 
  0%  Governmental Subsidy 50% Governmental Subsidy 

  

Retrofitting 
with high 
energy 
production 

Retrofitting 
with the 
same 
energy 
production  
as new WT 

Retrofitting 
with low 
energy 
production 

Retrofitting 
with high 
energy 
production 

Retrofitting 
with the 
same 
energy 
production  
as new WT 

Retrofitting 
with low 
energy 
production 

Total cost $73,295,050 $77,294,040 $93,839,160 $73,295,660 $76,700,000 $92,350,000 

Retrofitting 
Cost $22,200,000 $27,000,000 $32,400,000 $22,200,000 $24,000,000 $30,050,000  

Purchase 
Cost $0 $0 $0 $0 $1,400,000 $2,400,000  

O&M  
Cost $51,100,000 $50,300,000 $61,400,000 $51,100,000 $51,300,000 $59,900,000  
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Figure 4.4:   Total Cost Breakdown with and without Governmental Subsidy under Different 
Retrofitting cost and Retrofitting level 

 
It is observed that with the higher energy production with and without subsidy, the total cost is 

the same as the model still prefers retrofitting under with or without subsidy. This is because of 

the lower O&M cost of retrofitting. Decreasing energy production, under 50% subsidy, besides 

retrofitting, model prefers to purchase new WTs. Even though the cost of new WTs with subsidy 

may be low and close to retrofitting cost, besides purchasing  new WT, the model  still selects 

retrofitting due to the low O&M cost of retrofitted WTs. 

 4.4.4 Sensitivity Analysis 

In this section, we provide sensitivity analysis to determine the impact of various 

parameters such as budget, energy demand, fixed retrofitting cost, retrofitting O&M cost on total 

cost. In this study, we assume that retrofitted WTs can produce the same energy, more energy or 

less energy than  new WTs. For the sensitivity analysis, we change the main parameters such as 

O&M, the budget allocated for retrofit, and energy demand. The effects of these parameters were 

observed with governmental subsidy and without governmental subsidy. We assume that 
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governmental support will be available for purchasing new WT. All the sensitivity analysis will 

be performed that energy production is as high as new WT. 

4.4.4.1  Varying Operation and Maintenance Cost 

In this proposed network, it is clear that O&M cost is one of the main drivers of total 

network cost. As WTs aged, their O&M cost increase; therefore, to be able to see the effect of 

O&M cost, we increase the retrofitted WTs’ O&M cost by 10%, 20% and 50% under 0% and 

50% purchasing cost subsidy. The other parameters were kept constant during each run. The 

results for each run are presented in Table 4.8 and 4.9 and Cost breakdown for each scenario is 

given in Figures 4.5 and 4.6.  

 
Table 4.8: Operating Cost Increase 

 
 
  

0%  Governmental Subsidy 50% Governmental Subsidy 

O&M 10% O&M 20% O&M 50% O&M 10% O&M 20% O&M 50% 
 
 Total Cost $82,040,660  $85,856,010  $90,506,540  $81,915,990  $84,391,460  $94,928,910  
Retrofitting 
cost $26,900,000  $26,000,000  $25,200,000  $25,800,000  $25,400,000  $6,000,000  

Purchase cost $0  $0  $0  $2,100,000  $7,000,000  $37,100,000  

O&M  cost of  
Utilized WT $1,639,566  $8,559,736  $18,741,918  $2,560,150  $6,739,604  $43,500,000  

O&M  cost of  
retrofitted WT $48,000,000  $45,800,000  $42,200,000  $46,782,730  $38,552,070  $4,891,314  
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Figure 4.5:  Cost Breakdown for Different Operating Cost 

 
 
 

Table 4.9: Number of WT Purchased, Retrofitted for Different Operating and Maintenance Cost 
 

  Base Case 0%  Governmental Subsidy 50% Governmental Subsidy 
  Base O&M 

10% O&M 20% O&M 50% O&M 10% O&M 20% O&M 50% 

Purchased # WT   0 0 0 0 3 10 50 
Time 
period 

    16,49,95 14,20,36,43,54,64,80,89,91,93 Every two years 

Retrofitted 
V 

#    5 4 4 5 6 12 10 

Time 
period 

0,2,3,4,7 0,1,3,7 0,2,3,4, 8 6,3,10, 5, 1 18,1,2,3,2, 1, 
0 

0,2,3,4,9,15,25,38,47,55,71,82 0,1,8,16,40,67,75,84,91,92 

Age of  
WT 

24,9,9,7,7, 18,20,9, 5, 
7 

22,9,7,8 9,10,11,18 2,8,6,8,9,18 18,1,9,7,9,5,2,4,2 24,9,11,5,8,9,9,9,8 

Retrofitted 
VN 

#   40 35 30 28 36 32 0 
Time 
period 

Every two 
or three 
years 

Every 
three or 
five 
years 

Every four 
and five 
years 

Every four 
and five 
years 

Every three 
or five years 

Every four and five years  

Age of  
WT 

9,10,11 8,9,10,11 7,8,9,10,11 7,8,9 7,8,9,10,11 4,5,6,7,8,9,10,11   
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Figure 4.6:   Number of WT Purchased and Retrofitted for Different O&M Cost 
 

As we increase the O&M cost, the objective function value increase and O&M cost for utilized 

WTs increased. This shows that with the increasing O&M cost of retrofitted WTs, the model 

prefers to utilize the existing WTs.  It is also observed that under 50% purchasing cost subsidy, 

objective value decreased by up to 5%. This decrease is due to more new WTs are purchased and 

less retrofitting is performed. This is due to reduction in purchasing cost provided by 

governmental subsidy, which make purchasing more attractive than retrofitting. This may not 

look realistic, but considering future technological improvement and the difficulty in finding 

spare parts for retrofitting, and more intensive measures to promote renewable energy resources 

this scenario may make sense in future.  

4.4.4.2  Increasing Retrofitting Cost 

In this study, retrofitting cost is calculated based on main component purchasing/ 

replacement cost. We assume that the retrofitting cost would be enough to retrofit at least three 

main components at each time period. As the replacement cost of these three main components 

are not low, retrofitting cost can be one of the drivers for the model runs. To be able to observe 
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the effect of retrofitting cost, we increase the retrofitting cost under 0% and 50% purchasing cost 

subsidy. The results of the each case presented in Table 4.10. In addition, number of purchased 

and retrofitted WTs at each time period are summarized in Table 4.11. 

 
Table 4.10: Retrofitting Cost Increase 

 
   Base Case 0%  Governmental Subsidy 50% Governmental Subsidy 

  Base  
10% higher 
Retrofitting 
cost 

20% higher 
Retrofitting 
cost 

50% higher 
Retrofitting 
cost 

10% higher 
Retrofitting 
cost 

20% higher 
Retrofitting 
cost 

50% higher 
Retrofitting 
cost 

Total Cost $77,294,040 $82,317,910 $83,558,240 $85,327,030 $82,317,910 $83,348,820 $84,901,980 

Retrofitting  
Cost $27,000,000 $28,905,000 $29,610,000 $32,400,000 $28,905,000 $28,980,000 $29,700,000 

Purchase Cost $0 $0 $0 $0 $0 $700,000 $2,800,000 

O&M  cost of  
Utilized WT 

$1,299,000 $2,029,137 $2,419,026 $2,425,726 $2,029,137 $2,157,388 $2,730,185 

O&M  cost of  
Utilized WT 

$49,001,000 $46,700,000 $46,600,000 $45,900,000 $46,700,000 $46,800,000 $46,100,000 

 
 
 

Table 4.11: Number of WTs Purchased and Retrofitted at Each Time Period Under Different 
Retrofitting Cost 

 
  Base 

Case 0%  Governmental Subsidy 50% Governmental Subsidy 

  Base 10% higher 
Retrofitting 
cost 

20% higher 
Retrofitting 
cost 

50% higher 
Retrofitting 
cost 

10% higher 
Retrofitting cost 

20% higher 
Retrofitting cost 

50% higher 
Retrofitting cost 

Purchased # WT   0 0 0 0  1 4 
Time 
period 

     93 9,15,22,75 

Retrofitted 
V 

#    5 4 4 5 5 6 6 

Time 
period 

0,1,2,3,8 0,1,2,3,8 0,1,3,4, 8 0,2,3,4,7 0,1,3,4,6 0,1,3,4,6,94 0,1,3,4,10,16 

Age of  
WT 

20,9,8,6,8 20,9,8,6,8 18, 9,9,7,8 22,9,09,7,7 23,9,9,7,6 24,9,9,7 22,9,8,6,16 

Retrofitted 
VN 

#   40 44 44 43 42 40 37 
Time 
period 

Every 
two or 
three 
years 

Every two 
or three 
years 

Every three 
or four years 

Every three 
or four years 

Every three or 
five years 

Every four and 
five years 

Every four and 
five years 

Age of  
WT 

9,10,11 8, 9,10,11 7,8,9,10,11 7,8,9,10,11 7,8,9,10,11 4,5,6,7,8,9,10,11  7,8,9,10,11 
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It is observed that the objective function value increases with increasing retrofitting cost, but the 

overall objective function value decreases 15% under 50% subsidy of purchasing cost. It is 

observed that the model prefers purchasing new WTs instead of retrofitting when 50% subsidy is 

provided. On the other hand, the model still prefers retrofitting due to relatively low retrofitting 

cost under 0% subsidy. This shows that existing budget is sufficient enough to select retrofitting 

even though the retrofitting cost is high. This can also explain that as long as we keep the 

retrofitting cost low or closer to the purchasing cost, the model still would prefer retrofitting due 

to the low O&M cost  of retrofitted WT compare to the high O&M cost  of utilized WT. 

4.4.4.3  Increasing Energy Demand 

To satisfy the energy demand, the amount of energy that each turbine can produce is 

critical in the optimization of wind farm asset management. To be able to determine how the 

existing model reacts under different energy demand, we increase the energy demand under 0% 

subsidy and, 50% subsidy. It is observed that under 50% purchasing cost subsidy, besides 

retrofitting, the model also purchased some new WTs. The results of the each case presented in 

Table 4.12. In addition, number of purchased and retrofitted WTs at each time period are 

summarized in Table 4.13. 
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Table 4.12: Increasing Energy Demand 

 
  Base Case  0%  Governmental Subsidy 50% Governmental Subsidy 

  Base ($) 
20% higher 
energy 
demand ($) 

50% higher 
energy 
demand ($) 

20% 
higher 
energy 
demand 
($) 

50% higher 
energy 
demand ($) 

Total Cost 77,294,040 100,459,500 117,072,300 98,316,390 116,626,800 

Retrofitting cost 27,000,000 28,900,000 38,100,000 28,300,000 35,300,000 

Purchase cost 0 0 0 6,300,000 2,800,000 

O&M  cost of  
Utilized WT 

1,299,000 1,991,863 3,247,887 8,856,573 5,178,753 

O&M  cost of  
Utilized WT 

49,001,000 63,200,000 68,800,000 49,900,000 67,600,000 

 
 

Table 4.13: Number of WTs Purchased and Retrofitted Under Different Energy Demand 
 

   0%  Governmental Subsidy 50% Governmental Subsidy 
  Base 10% higher 

energy demand 
20% higher 
energy demand 

50% higher 
energy 
demand 

10% higher energy 
demand 20% higher energy demand 

50% higher 
energy 
demand 

Purchased # WT   0 4 0 0 3 9 4 
Time period  25, 36,45,75   16,49,95 12,20,41,53,76,78,81,84,91 0,9,10,90 

Retrofitted V #    5 10 6 7 17 10 8 
Time period 0,2,3,4,7 0,1,3,6,7,12,37,4

8,57,87 
0,1,3,8 0,2,3,4,8 0,1,2,8,19,24,30,34,3

9,50,56,59,68,72,78,
89,94 

0,1,2,3,7,22,63,84,86,91 0,1,2,3,5,8,
17 

Age of  WT 24,9,9,7,
7, 

24,8,11,9,9,12,1
2,12,12,,12,12 

24,23,21,18,5,8 24,22,21,9,
9,7,8 

23,9,9,10,3,10,11,10,
9,11,10,10,9,10,10,9 

20,18,11,8,9,2,10,8,8,7 24,23,9,8,6,
5,8,8 

Retrofitted VN #   40 31 41 55 13 36 53 
Time period Every 

two or 
three 
years 

Every two or 
three years 

Every two or 
three years 

Every two 
or three 
years 

Every five or 7 years Every four and five years  

Age of  WT 9,10,11 8,9,10,11,12,13 9,10,11,12 9,10,11,12 7,8,9,10,11 6,7,8,9,10,11 4,5,6,7,8,9,
10,11 

 
With increasing energy demand to 50%, it is observed that instead of buying new WTs, model 

prefers to retrofit more WTs due to the low O&M cost of retrofitted WTs. As purchased WTs, 

after period one, will be counted as utilized and O&M cost will be high, the model prefers 

retrofitting with increasing energy demand. 
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4.4.4.4  Budget Allocated for Retrofitting 

To be able to see the effect of budget and for more realistic cases, we assume that only a 

certain percentage of the existing budget should be used for retrofitting at each time period. For 

the first run, we assume that we only use the 20% of the budget for retrofitting. This way we will 

be able to control the retrofitting decisions. In real life, repetitive retrofitting may not be very 

realistic. By allocating only a certain amount of budget for retrofitting, we can at least control the 

retrofitting decision by using the allocated budget. As retrofitting cost is almost always lower 

than purchasing a new WT, if there is a budget, the model would retrofit existing WTs. The 

results of the each case presented in Table 4.14. In addition, number of purchased and retrofitted 

WTs at each time period are summarized in Table 4.15. 

 
Table 4.14: Budget Allocated for Retrofitting 

 
    0%  Governmental Subsidy 50% Governmental Subsidy 

  Base 

20% total 
budget 
allocated to   
retrofitting 

50% total 
budget 
allocated to   
retrofitting 

20% total 
budget 
allocated to   
retrofitting 

50% total 
budget 
allocated to   
retrofitting 

Total Cost $77,294,040 $95,000,550 $95,983,440 $92,296,490 $91,496,690 

Retrofitting  $27,000,000 $21,600,000 $26,400,000 $18,600,000 $18,600,000 

Purchase cost $0 $9,800,000 $2,800,000 $18,200,000 $19,600,000 

O&M  cost of  $1,299,000 $12,000,000 $7,298,156 $24,400,000 $21,000,000 

O&M  cost of $49,001,000 $46,900,000 $54,100,000 $28,300,000 $29,400,000 

 
 

It is observed that by increasing the budget allocated for retrofitting, the objective function value 

increases under 0% subsidy for 20% and 50% increased budget for retrofitting. If there is enough 

budget and as the model still needs to satisfy the energy demand, more wind turbines are 

retrofitted which increase the objective function value. In terms of 50% subsidy, similar results 
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observed, but the total cost is lower than without subsidy case. Under 50% subsidy for new WTs, 

the model prefers purchasing more new WTs. It is also observed that even though the purchasing 

cost is as low as 50% of the original WT price, the model still prefers retrofitting due to low 

O&M cost. 

 
Table 4.15: Number of WTs Purchased and Retrofitted Under Different Budget Allocated for 

Retrofitting 
 

   0%  Governmental Subsidy 50% Governmental Subsidy 
  Base 10% higher 

budget 
20% higher 
budget 50% higher budget 10% higher budget 20% higher 

budget 50% higher budget 

Purchased # WT   0 0 7 11 30 27 28 
Time 
period 

  16,28,35,47,58
,75,88 

13,21,23,41,42,49,5
3,64,71,87,92 

Every four to five years Every four 
years 

Every four years 

Retrofitted V #    5 8 10 6 19 12 19 
Time 
period 

0,2,3,4,7 0,1,3,7,10,1
2,35,55 

0,1,3,4,6,28,38
,47,60,88 

1,2,3,4,25,74 0,1,2,9,15,19,35,43,47,50
,61,67,71,74,79,80,88,90,
93 

0,1,3,7,11,21,3
7,40,44,52,72,
90 

0,1,2,9,11,15,19,24,43
,47,50,61,67,71,74,79,
80,88,90 

Age 
of  
WT 

24,9,9,7,7, 18, 
9,9,10,12,1
2,12,12 

19,9,9,7,8,12,1
0,12,13,13 

25 21,9,9,6,9,8,11,5,7,7,9,8,
10,7,8,7,9,8,5 

24,9,6,7,8,10,9
,9,8,8,9,10 

21,9,9,5,9,6,8,9,5,7,7,
8,7,10,8,,7,10,8 

Retrofitted 
VN 

#   40 36 27 12 12 20 12 
Time 
period 

Every two 
or three 
years 

Every two 
or three 
years 

Every two or 
three years 

25 Every three or five years Every four and 
five years 

Every 5 to 6 years 
 

Age 
of  
WT 

9,10,11 8,9,10,11 7,8,9,10,11 27,28,29,30,53,54,5
5,56,79,80,81,82 

5,7,8,9,10,11,12 6,7,8,9,10,11  9,10,11,12 

 

4.4.4.5  Surplus Cost Adjustment under Low Budget 

In this scenario, we assume that the remaining (unspent) budget is carried forward to the 

next time period. As some of the yearly budget will not be used 100% and some of the budget 

would be left over, we assumed that this budget will be transferred to the next year. The results 

of the each case presented in Table 4.16. In addition, number of purchased and retrofitted WTs at 

each time period are summarized in Table 4.17. It can be seen that if there is more budget, the 

model keeps retrofitting as it is favorable to meet the energy demand. It is clear that existing 

budget is one of the key parameters while selecting retrofitting or utilizing existing WTs. We can 

see that with surplus costs, at each time period, there is more budget that can be used for 

retrofitting to meet the energy demand. 
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Table 4.16: Using the Unspent Budget from Previous Time Period 

 
  No Surplus Surplus 

 
Retrofitting (energy production  
as high as new WT) 

Retrofitting (energy production  as high as 
new WT) 

Total  Cost $77,294,040 $81,369,950 
Retrofitting Cost  $27,000,000 $30,600,000 
Purchase Cost $0 $0 

O&M  cost of retrofitted V $1,299,000 $2,395,722 

O&M  cost of retrofitted VN $49,001,000 $48,400,000 
 

 
Table 4.17: Number of WTs Purchased and Retrofitted under Unspent Budget 

 
 
 

 

 

 

 

4.4.4.6  Effect of Low Budget 

As we observed that the budget plays very important role in the asset management 

decision, we run the model under very tight budget to see the effect of replacement, repair and 

retrofitting decision. To be able to clearly see the effect of the existing budget, in this scenario, 

we decrease the existing budget to 50%. Under 50% low budget, we run several alternative 

scenarios under surplus cost adjustment. Each run results are given in Table 4.18 and 4.19. Based 

on the run results, we can see that the total cost decrease is very high and retrofitting frequency is 

lower than the scenarios with higher budgets. This seems to be a very accurate case, which 

shows that the wind farm operator may not always have a very high budget to select retrofitting 

  No Surplus Surplus 
purchased # WT   0 0 

Time period   

retrofitted 
V 

#    5 6 

Time period 0,2,3,4,7 0,1,2,4,6 

Age of  WT 24,9,9,7,7, 22,8,19,7,6 

retrofitted 
VN 

#   40 44 
Time period Every two or 

three years 

Every two or three years 

Age of  WT 9,10,11 9,10,11 
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as an alternative asset management. It is also worth to mention that under these scenarios, 

retrofitting usually start around age 17. This is due to using surplus cost which gives chance to 

use the accumulated money for the retrofitting. At the beginning the time period, wind farm 

operators may not have enough money to allocate for the retrofitting and once they start making 

a profit by selling the  produced energy, then they will have the flexibility to invest in alternative 

asset management strategies or their existing WTs. 

 
Table 4.18: Cost Data under Low Budget 

 

 Cost 

Retrofitting (energy production 
as high as new WT under high 
retrofitting cost  with 50% low 
budget 

Retrofitting (energy 
production as high as new 
WT under mid retrofitting 
cost  with 50% low budget 

Retrofitting (energy production 
as high as new WT under high 
retrofitting cost  with 50% low 
budget and 20% low energy 
demand 

Total Cost 24,485,250 27,434,950 17,971,300 

Purchase cost $0  $0  $0  

Operation and 
maintenance cost $14,886,221  $19,635,396  $8,975,102  

Retrofit cost $9,600,000  $1,950,000  $9,000,000  

 

4.4.4.7  A PRP-R problem with Total Profit Objective (PRP-R-TP) 

PRP-R examines the only total cost. To be able to determine if retrofitting is profitable as 

a WT asset management strategy, we modified the objective function based on total profit, which 

includes total electricity production price minus total operating, purchasing, and retrofitting 

costs. The cost data are given in Table 4.19. Figure 4.7 presents the total cost and total profit for 

each scenario.  

 
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑃𝑡+1 ∗ 𝐸𝑁𝑁𝐸𝑊(𝑖0) ∗ 𝐸𝑐𝑜𝑠𝑡𝑡 ∗ (1 + 𝑑𝑟)−𝑡 + ∑ 𝑉(𝑖+1)𝑡𝑖∈𝐼 ∗ 𝐸𝑁𝑅𝐸𝑇(𝑖0) ∗ 𝐸𝑐𝑜𝑠𝑡𝑡 ∗ (1 +

𝑑𝑟)−𝑡 + ∑ 𝑈𝑖(𝑡+1)𝑖∈𝐼 ∗ 𝐸𝑁𝑂𝐿𝐷𝑖 ∗ 𝐸𝑐𝑜𝑠𝑡𝑡 ∗ (1 + 𝑑𝑟)−𝑡 + ∑ 𝑈𝑁𝑖(𝑡+1)𝑖∈𝐼 ∗ 𝐸𝑁𝑁𝐸𝑊𝑖 ∗ 𝐸𝑐𝑜𝑠𝑡𝑡 ∗ (1 +

𝑑𝑟)−𝑡  − (∑ ∑ 𝑂𝑀𝑃𝑁𝑖𝑡 ∗ 𝑈𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑖∈𝐼\{|𝐼|}𝑡∈𝑇\{|𝑇|} + ∑ ∑ 𝑂𝑀𝐿𝑅𝑖𝑡 ∗ 𝑈𝑁𝑖𝑡𝑖∈𝐼\{|𝐼|}𝑡∈𝑇\{|𝑇|} ∗ (1 +

𝑑𝑟)−𝑡 + ∑ 𝑃𝑈𝑅𝑡 ∗ 𝑃𝑡𝑡∈𝑇\{|𝑇|} ∗ (1 + 𝑑𝑟)−𝑡 + ∑ ∑ 𝐹𝑅𝐸𝑇𝑖𝑡 ∗ 𝑉𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑖∈𝐼𝑡∈𝑇\{|𝑇|} −

∑ ∑ 𝑆𝐴𝐿𝑡𝑖 ∗ 𝑆𝑖𝑡𝑖∈𝐼{0}𝑡∈𝑇 ∗ (1 + 𝑑𝑟)−𝑡 − ∑ ∑ 𝑆𝐴𝐿𝑡𝑖 ∗ 𝑆𝑁𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡
𝑖∈𝐼\{0}𝑡∈𝑇 )   (4.14) 
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Subject to: 
 

Constraints: (4.2), (4.3), (4.4), (4.5a), (4.5b), (4.6a), (4.6b), (4.7a), (4.7b), (4.8a), (4.8b), 
(4.9a), (4.9b), (4.10), (4.11), and (4.12). 

 
Table 4.19: Net Profit Comparison of No Retrofitting and Retrofitting with Alternatives for 1.5 

MW Wind Turbines with Initial Wind Turbine  
 

 Cost No 

Retrofitting 

Base Case (Retrofitting as high as 

new with high retrofitting cost) 

Retrofitting with 

10% more energy 

production 

Retrofitting  with 

20% more energy 

production 

Retrofitting with  

50% more energy 

production 

Total cost $127,435,300 $77,294,040 $75,256,320  $73,336,600  $60,584,160  
Purchase cost $92,400,000 $0  $0  $0  $0  

Operation and 
maintenance cost $35,035,300 $27,000,000 $26,050,000 $25,008,500 $22,539,000 

Retrofit cost $0 $50,300,000 $49,280,000 $48,341,500 $38,061,000 

Net Revenue $162,630,320 $201,244,800 $221,369,280  $234,450,192  $283,302,367  

 
 

 
Figure 4.7:   Total Revenue  and Total Cost under Different Retrofitting and Energy Production 

Cases 
 
Comparing  no retrofitting case with retrofitting case, it is observed that total net revenue 

increases 23% with retrofitting (with the same level energy production as new WTs) and with 

increasing retrofitting levels (10%, 20%, and 50% more energy production), total revenue 

increases 29%, 32%, and 51%, respectively.  As a result, in this specific study, based on total 

cost data and net profit, it is clear that retrofitting can be considered as a profitable asset 

management strategy for WTs. 
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4.5 Conclusions and Research Questions 

This paper has presented and applied a WT replacement model that minimizes, over a 

planning horizon, total cost, including operation and maintenance cost, purchasing, salvage 

revenue cost and fixed retrofitting cost. Compared to the previous literature on addressing WTs 

asset management, in which, none of the studies addressed the asset management for WTs. The 

proposed extended model will help the decision maker to choose the most cost effective options 

while replacing or retrofitting the existing WTs. This paper analyzes the strategic alternatives of 

WTs asset management by scenario study approach. Together with a baseline scenario of the 

current situation, scenarios with various strategic changes are modeled. We extended the base 

network model by adding retrofitting network. The results of this study show that retrofitting is 

less costly than keeping WTs. The reason of this is the high O&M cost of old WTs. In addition, 

we provide insights into the effects of key parameters such as O&M  cost, retrofitting cost, 

budget allocated for retrofitting, and different energy demand on the optimal replacement policy 

and optimal costs by studying the integer programming formulation for solving the retrofitting 

models. All the scenarios are run with and without governmental subsidy. The effect of 

governmental subsidy for new WTs purchase is clearly more advantageous than without 

governmental subsidy. It is observed that objective function value decreases with governmental 

subsidy due to the lower purchase cost of   new WT. As we decrease the energy production rate, 

we tend to purchase more WTs. We also observe that increasing energy production reduces the 

total costs, while decreasing energy production increases the total costs. In addition, it is also 

observed that increasing problem size increases the computational solution time; therefore, we 

provide Lagrangian relaxation to solve the problem with relaxation two possible complicating 
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constraints. With the Lagrangian relaxation technique, it is observed the solution time for the 

problem decreased greatly. 

Real-world asset management for WTs can be more complicated than the one considered 

in this paper. As such, some additions to the model have been proposed, in order to extend the 

current MILP formulation to more realistic real-world asset management for WTs, including the 

following: 

 The consideration of multiple types of WTs to evaluate dynamic situations. In reality, 

each wind farm may have a different make and model of WTs which each may have 

different size (MW/kW). Considering this, existing model can be modified with the 

addition of the different type of WT at each constraint. 

 As we mention, repowering and an option for asset management strategies, model can be 

modified to observe the effect of repairing. 

 The Lagrangian relaxation algorithm which is developed to solve the large scale of the 

problem can be extended by implementing different solution methods. In this model, we 

use only subgradient method, but there are other algorithms such as, multiplier 

adjustment, that can be developed and test to see the difference between these two 

methods.  

It is worth mentioning that delivering bigger WTs adds more stress on the worldwide 

requirement for virgin materials, energy use and toxic wastes in manufacturing processes, energy 

consumption and greenhouse gas releases in the transportation of bigger components, and greater 

requirements for landfill sites. All these factors reaffirm that retrofitting should be employed as 

possible maintenance options. The idea of this work is to ensure that the trade-off decisions are 

made in the right framework so that WT developers analyze the benefits of employing a new WT 



148 

over a retrofitted WT. Therefore, another extension of the model could be introducing 

environmental constraints. In this model, we only considered cost factor.  Combining economic 

and environmental constraints will help to determine how much retrofitting would impact on 

total CO2 emissions. In addition, as the replacement of large WTs  requires crane that has limited 

availability and high costs as well as qualified labor. It could be advantageous to add these 

constraints and optimize the planning of these activities in order to reduce the production losses 

due to unavailable crane, labor or mobilization costs. This research contributes to the area of 

asset replacement by modeling and solving the asset replacement problem. The solution and 

analysis of this type of problem will enhance the effectiveness of the decision process and 

provide the asset manager insight into the WT replacement system. Moreover, to be able to solve 

the large scale problem, Lagrangian relaxation algorithm is developed to solve the problem. In 

addition, input data for cost parameters are determined by various sources. In that regard, this 

paper also provides researchers with cost data in WT asset management.  
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CHAPTER 5 

 

ENHANCING RELIABILITY/AVAILABILITY IN ASSET MANAGEMENT WITH 

RETROFITTING: A WIND TURBINE CASE STUDY 

 

 

Abstract 

In this study, a mixed-integer linear programming (MILP) modelling approach is proposed 

to identify the optimum maintenance or retrofitting schedule under budget and energy production 

constraint(s) by improving failure rate of WTs parts. The proposed Reliability/Availability Asset 

Management with Retrofitting (RAAMWR) model seeks to maximize the total net profit subject 

to achieving a target reliability/availability value and minimize the total improvement cost 

subject to a budgetary constraint. We apply our model to a case study involving wind turbines 

(WTs). The results of this study show that to reach the target reliability value with improved 

failure rate data, model prefer retrofitting due to lower loss time and high energy production rate 

of retrofitting options. The reason of selecting retrofitting is not only due to low loss time, but 

also improving the exiting failure rate of an asset to reach the target reliability. In addition, the 

effects of key parameters on total cost, such as O&M cost, retrofitting cost, budget allocated for 

retrofitting, and different target reliability values on the optimal improvement policy were 

studied.  

5.1 Introduction 

There are several asset management options available for aging assets. Some of these 

options are keeping, retrofitting and/or repowering (replacing with a new asset) the existing 

assets. When assets age, the decision makers need to identify the next step of their asset 

management. The questions will include whether they should keep the existing assets with a 

higher maintenance cost or invest capital to replace them with newer and more efficient ones? 
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Optimal timing of keeping or retrofitting is also an important factor in asset replacement. To 

increase the availability of an asset, more investment can be made on operation and maintenance 

(O&M) with the aim of reducing the probability of a significant downtime occurring. However, 

the frequency and cost of O&M must be weighed up against the cost of lost revenue, which is 

due to downtime. By increasing the investment in O&M, there is a reduction in downtime, but a 

point is reached where the direct cost of O&M is greater than the savings made by increasing the 

availability of the asset. This is the point when it no longer makes financial sense to increase 

O&M spending (Wilson and McMillan, 2014). It is known that preventive maintenance(PM) and 

retrofitting can improve the existing reliability of the equipment or components. Figure 5.1 

shows the effect of the PM on a wind generator (Abdusamad et al, 2014; Li and Singh, 2012),  

wherein with maintenance frequency increases, the failure rate is reduced. It can be seen that 

with preventive maintenance, system reliability is higher than the without preventive 

maintenance.  

 
Figure 5.1: The Reliability of a Wind Generator with and without Preventive Maintenance 

 
 

Frequent failure and unexpected down times may decrease the production of assets. In 

decreasing production, to accommodate the shortage, other means of resources would be used. In 

a sense, the sustainability of asset production depends on their reliability. Traditional systems-
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engineering practices have tried to anticipate and resist disruptions. In short, as well as 

identifying a next step of aged assets, we need to answer how existing assets are sustainable? 

The main goal should be such that developing a model which helps to determine asset 

management strategies that improve the reliability as well as make assets more sustainable over a 

planning horizon while maximizing total profit subject to set of constraints. 

Considering the motivations above, the objective of this work is to propose a 

Reliability/Availability Asset Management with Retrofitting (RAAMWR) model to aid the 

design decision making process in order to achieve a high retrofit benefit against the resources 

expended. The proposed RAAMWR model can be considered as the main research contribution. 

In particular, the following contributions are made: 

 To our knowledge, this study is the first to present a RAAMWR MILP formulation to 

determine the trade-off between preventive maintenance and retrofitting by using existing 

failure rate data of WT. This model also provides a general framework to achieve optimal 

preventive maintenance and retrofitting policies and, with modifications, can be used as a 

basic model for any type of system.  Implementing these two options improves the failure 

rate of a system/component. Therefore, the primary objective of this study is to identify 

the optimum maintenance or retrofitting schedule under budget and energy production 

constraint(s) by improving failure rate of WTs. 

 We perform computational studies and detailed sensitivity analysis of the MILP model 

and analyze the impact of key cost drivers of preventive maintenance and retrofitting to 

provide insights into an optimal replacement policy for the WT industry by using existing 

failure rate data. 
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 Input data utilized in this paper is gathered by employing various sources such as the 

literature and the opinions of WT operator and manufacturer. Therefore, this paper also 

provides detailed cost data to researchers and decision maker in WT industry. 

The remainder of the paper is structured as follows: Section 5.2 provides the main 

terminologies used in the field of reliability. Maintenance strategies for WTs are presented in 

Section 5.3. Finally, Section 5.4 provides the motivation, the objective of this study, and 

research opportunities. 

5.2 Reliability and Availability of Assets 

To be able to better explain the objective of this study, in the following section, we 

will define the most common terms in the field of reliability. Availability, a function of 

reliability, is a significant issue that needs to be addressed since it directly impacts the 

economic feasibility. An asset’s reliability is commonly assessed based on the availability it 

achieves. The availability is the proportion of time in which an asset is able to operate with 

acceptable output. An asset may be unavailable due to corrective or preventive maintenance 

(Wilson, 2014). Availability also can be defined as the probability that a product or a system 

is operating satisfactorily at any point in time, where the total time considered includes 

operating time, active repair time, administrative time and logistics time (Misra 2008). The 

availability of assets will significantly affect their economic viability (Haddad et al, 2014). 

Availability is a ratio between uptime and uptime + downtime. Uptime is measured by mean 

time between failure (MTBF) and downtime by mean time to repair (MTTR). Hence, it is 

desirable to develop assets not only with longer mean time between failure (MTBF) (i.e., 

higher reliability) but also with shorter mean time to repair (MTTR) (quicker to recover) 

(Lindqvist and Lundin, 2010; Sherbrooke, 1992). 
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Reliability is the probability that a product or a system will perform its intended functions 

satisfactorily (i.e. without failure and within specified performance limits) at a certain time. 

Reliability can be also expressed by the number of failures per unit of time, i. e. ‘Failure Rate’ 

(Hand and Rohrig, 2007). 

Failure rate, which is defined as the expected number of failures in a given time intervals 

is also expressed as the MTBF. Failure rate, λ, indicates how many times per unit time that a 

component fails (SS-EN 13306, 2001). MTBF indicates how long a time passes between each 

failure. In case of a constant failure rate, this MTBF equals to 1/𝜆 (Pham, 2007).  

Using reliability/availability as target parameters, decision makers can decide either 

retrofit or keep an asset with preventive maintenance when these target parameters are below a 

certain threshold, which are not economically advantageous. In this study, to be able to help 

decision makers, we create a mathematical model which incorporates these target parameters 

into a model to help decision maker to determine the most economical asset management 

strategies for existing assets. Figure 5.2 shows the flow of primary asset management for an 

asset. As indicated in Figure 5.2, availability or reliability can be set as target to evaluate the 

asset management strategies. 
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Figure 5.2: Asset Management Flow Diagram 

(Adapted from: Andrawus, 2007) 
 

The remainder of the paper is structured as follows: Section 5.3 provides the motivation and 

the objective of this study. Section 5.4 provides model, model data and model results; 

Maintenance strategies for WTs are presented in Section 5.5, finally, Section 5.6 provides the 

conclusions and future research. 

5.3 Motivation and Objective 

Reliability is an important engineering requirement for consistently delivering acceptable 

system performance over time. As an asset ages, structural failures are expected. Cost-effective 

life extension methods such as retrofitting may increase a design life of an asset 10 more years. 

With retrofitting, one can extend older assets productive life span and make them more efficient 

with improved technologies. Retrofitting can increase reliability, and extend lifetime by using 

new components and technologies (Maxey, 2014, ABB Wind Retrofit, 2014). There is no doubt 
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that preventive maintenance helps to extend the life of assets, but comparing retrofitting with 

preventive maintenance, it is retrofitting which is presently ‘winning the day’ within the 

industries. 

To avoid unanticipated failures and ensure high availability, instead of preventive 

maintenance, one may consider retrofitting as an asset management option for aged assets or 

assets with high failure rate. Many industries have begun to employ retrofitting that extends aged 

asset life as well as increasing energy production. To the best of our knowledge, none of the 

asset management studies use retrofitting option and reliability parameter together to design an 

asset management scheduling.  In order to derive optimal replacement time for aged assets, using 

historical failure rate data can be helpful. In this study, we propose to use existing failure rate 

data to determine the most economical asset management strategies for WTs. 

To our knowledge, this study is the first to present a despite the potential costs and 

benefits in optimally managing asset, the literature does not consider using failure rate to design 

asset management options for the WTs. In addition, the literature also fails to address reliability 

and availability which have enormous implications for both expected profits and costs like 

reliability problems due to system failures, etc.  

Considering the motivations above, the objective of this work is to develop and 

implement a model to aid the replacement decision-making for assets reached or almost reached 

their useful life. The goal is to improve the efficiency of replacement, hence to reduce total 

system costs and service interruptions. As so, the MILP was selected. The mathematical model 

developed in this study allows decision makers simultaneously make optimal decisions about 

keeping or retrofitting their assets during their useful life by implementing failure rate data. 

Furthermore, by incorporating alternative improvement options and reliability feature into the 
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model, additional realistic features (scenarios) not previously addressed, have explicitly been 

addressed i.e. the major concerns faced by decision makers who would seek to optimize their 

asset management. 

Besides improving total net profit, other objectives have been pursued including: 

 Improving system/component failure rate 

 Minimizing the system cost 

5.4 Reliability/Availability Asset Management with Retrofitting (RAAMWR) Model 

This section is dedicated to the presentation of RAAMWR model assumptions, model 

data, and mathematical formulation of the problem.  The model assumptions and model data 

are given first. The model data are given second. Then the variables and parameters of the 

model are given to the flow network. Last, a formulation of the model is proposed. 

5.4.1 RAAMWR Model Assumptions  

 The following assumptions are accepted in the model: 
 In our model, even though we use target reliability value, our main purpose is to 

improve the failure rate by decreasing down times. Therefore, the type of selected 

failure distribution (exponential or Weibull) is not very critical. Hence, for the 

simplicity reason, the exponential distribution is accepted. 

 Do-nothing is no action is to be taken on the component. Leaving the component in a 

state as is, where there is continuing deterioration. 

 Preventive maintenance is the case that the component is maintained. 

 Retrofitting is the case the component is to be replaced with better and newer 

technology. 
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 The time interval for the decision can be days/months or years. In this study, we 

select the time interval to be 1 year. Every time interval a tactical decision needs to be 

made either do nothing, preventive maintenance or retrofitting. 

 λ is the constant failure rate during each period 

 Only one type of asset exists. 

 At the end of the time horizon, existing assets are maintained either by implementing 

retrofitting, PM or do-nothing. 

 The initial failure rate can be for an asset’s components (i.e., gearbox or generator) or for 

an asset itself as a system, but for this model, instead of using failure rate for the asset, 

we use the most critical component that cause the most failures. 

  One may consider that the failure of any sub-assemblies lead directly to the failure of the 

asset. Li et al., (2015) define another state such that even though some of the asset 

components have failed, asset still works although possibly in a less efficient way. In 

order to describe these conditions, a third state of degraded operation is introduced which 

asset is performing its function but less efficiently. Therefore,  in this study, we assume 

that  in addition to  a common binary state description of the system function (operation 

or failure), there is a third state of degraded operation and with improvement options, i.e., 

retrofitting, we improve failure rates by decreasing downtimes as well as improving 

production rate. 

5.4.2 Model Notations 

In order to propose our model for the problem, the sets and indexes used in the model are 

given as follows: 

i existing asset iI ={0,…,|I|} 
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t time period, t T ={0,…,|T|} 

Parameters: 

Bt: Budget available at time period t 

MinEnergyt: Minimum Energy requirement at time period t 

ENit: Energy produced by an asset i at time period t 

PLOSSt: Revenue loss ($) at time period t 

𝜆1   Achieved failure rate after high-level retrofit       

𝜆2   Achieved failure rate after mid-level retrofit       

𝜆3   Achieved failure rate after preventive maintenance 

𝜆𝑖0 Initial failure rate of existing asset’s  component i 

Initial values are taken as follows: 

𝜆10 : initial lambda value for asset1’s component or asset1 at time period zero 

𝜆20 : initial lambda value for asset2’s component or asset2 at time period zero 

𝜆30 : initial lambda value for asset3’s component or asset3 at time period zero 

α:degradation constant (0<α<1) for do-nothing option 

M: Big M value 

Rel: Target Reliability 

Cost: 

𝑈1𝑖𝑡  Cost of applying high-level retrofitting improvement to an asset or asset’s component i 

at period t ($) 

𝑈2𝑖𝑡  Cost of applying mid-level retrofitting improvement to an asset or asset’s component i 

at period t ($) 

𝑈3𝑖𝑡  Cost of applying preventive maintenance improvement to an asset or asset’s component 

i at period t ($) 
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𝑈4𝑖𝑡  Cost of doing nothing (if we are not doing anything, the cost is zero, but still we lose 

profit due to system disruption) to an asset or asset’s component i at time period t ($) 

𝑃𝐶𝑡  Revenue from selling energy at period t ($/hr) 

PL1it number of kw-hour lost when an asset or asset’s component i is down when high 

retrofitting implemented at time period t (kw-hour) 

PL2it number of kw-hour lost when an asset or asset’s component i is down when low-

retrofitting implemented at time period t (kw-hour) 

PL3it number of kw-hour lost when an asset or asset’s component i is down when preventive 

maintenance implemented at time period t (kw-hour) 

PL4it number of kw-hour lost when an asset or asset’s component is down due to do-nothing 

at time period t (kw-hour) 

Since retrofitting improves the system failure rate, it is expected that     

PL4it>PL3it>PL2it>PL1it 

TA1it processing time of implementing high retrofitting to an asset or asset’s component i at 

time period t (hours) 

TA2it processing time of implementing low-retrofitting to an asset or asset’s component i at 

time period t (hours) 

TA3it processing time of implementing preventive maintenance to an asset or asset’s 

component i at time period t (hours) 

TA4it processing time of implementing do nothing to an asset or asset’s component i at time 

period t (hours) (this is zero) 

It is assumed that retrofitting of an asset or asset’s component will take longer than preventive 

maintenance. Therefore, it is expected that 
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TA1it>TA2it>TA3it>TA4it 

TAt total time allowed at each time period t to be spent for each improvement option 

Binary variables: 

𝑌1𝑖𝑡 : Binary variable of high-level retrofit for an asset or asset’s component i at time period 

t 

𝑌2𝑖𝑡 : Binary variable of a mid-level retrofitting for an asset or asset’s component i at time 

period t 

𝑌3𝑖𝑡 : Binary variable of a preventive maintenance for an asset or asset’s component i at time 

period t 

𝑍𝑖𝑡 : Binary variable of do-nothing for an asset or asset’s component i at time period t 

Variable: 

𝜆𝑖𝑡   : expected number of failures for an asset or asset’s component i at time period t 

This objective function (5.1) computes the total net profit cost (total production cost 

minus the system "downtime" cost) in each period. It is certainly possible to compute a more 

accurate economic measure of these costs, such as net present value (NPV), using a suitable 

interest rate. One could also include the effects of inflation, by adding an inflation rate in the 

calculation of future costs. While these may make the model more accurate, we have avoided 

those minor refinements for the sake of notational simplicity. Constraint (5.2) ensures that 

preventive maintenance and retrofitting costs cannot exceed the yearly budget. The constraint 

(5.3) limits the total production losses. Constraint (5.4) ensures that we have enough energy 

production to satisfy periodic demands at each time period. The constraints (5.5a-5.4d) model the 

failure rate improvement based on each improvement option. The constraint (5.6) limits the time 

that can be spent for improvement options. The constraint (5.7) shows the reliability each asset 
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component is equal to target reliability value. The constraint (5.8) ensures that at each time 

period only one of the improvement options can be selected by model. The constraint (5.9) is a 

domain constraint. 

Maximize 
∑ ∑(𝐸𝑁1𝑖𝑡 − 𝑃𝐿1𝑖𝑡) ∗ 𝑃𝐶 ∗ 𝑌1𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑡∈𝑇𝑖∈𝐼

+ ∑ ∑(𝐸𝑁1𝑖𝑡 − 𝑃𝐿2𝑖𝑡) ∗ 𝑃𝐶 ∗ 𝑌2𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑡∈𝑇𝑖∈𝐼

+ ∑ ∑(𝐸𝑁1𝑖𝑡 − 𝑃𝐿3𝑖𝑡) ∗ 𝑃𝐶 ∗ 𝑌3𝑖𝑡 ∗ (1 + 𝑑𝑟)−𝑡

𝑡∈𝑇𝑖∈𝐼

+ ∑ ∑(𝐸𝑁1𝑖𝑡 − 𝑃𝐿4𝑖𝑡) ∗ 𝑃𝐶 ∗ 𝑍𝑖𝑡

𝑡∈𝑇𝑖∈𝐼

∗ (1 + 𝑑𝑟)−𝑡 
 

(5.1) 

∑ 𝑈1𝑖𝑡 ∗ 𝑌1𝑖𝑡

𝑖∈𝐼

+ ∑ 𝑈2𝑖𝑡 ∗ 𝑌2𝑖𝑡

𝑖∈𝐼

+ ∑ 𝑈3𝑖𝑡 ∗ 𝑌3𝑖𝑡

𝑖∈𝐼

+ ∑ 𝑈4𝑖𝑡 ∗ 𝑍𝑖𝑡

𝑖∈𝐼

≤ 𝐵𝑡 𝑡 ∈ 𝑇 = {1,2, … , |𝑇|}  
 

(5.2) 

 
∑ 𝑃𝐿1𝑖𝑡 ∗ 𝑌1𝑖𝑡 ∗ 𝑃𝐶𝑡

𝑖∈𝐼

+ ∑ 𝑃𝐿2𝑖𝑡 ∗ 𝑌2𝑖𝑡 ∗ 𝑃𝐶𝑡

𝑖∈𝐼

+ ∑ 𝑃𝐿3𝑖𝑡 ∗ 𝑌3𝑖𝑡 ∗ 𝑃𝐶𝑡

𝑖∈𝐼

+ ∑ 𝑃𝐿4𝑖𝑡 ∗ 𝑍𝑖𝑡 ∗ 𝑃𝐶𝑡

𝑖∈𝐼

≤ 𝑃𝐿𝑂𝑆𝑆𝑡  

𝑡 ∈ 𝑇 = {1,2, … , |𝑇|} (5.3) 

∑[𝐸𝑁𝑖𝑡 − (𝑃𝐿1𝑖𝑡 ∗ 𝑌1𝑖𝑡

𝑖∈𝐼

+ 𝑃𝐿2𝑖𝑡 ∗ 𝑌2𝑖𝑡 + 𝑃𝐿3𝑖𝑡 ∗ 𝑌3𝑖𝑡 + 𝑃𝐿4𝑖𝑡 ∗ 𝑍𝑖𝑡)]

≥ 𝑀𝑖𝑛𝐸𝑛𝑒𝑟𝑔𝑦𝑡 
 

 
𝑡 ∈ 𝑇 = {1,2, … , |𝑇|} 

(5.4) 

𝜆𝑖𝑡  − (𝜆1 ∗ 𝑌1𝑖𝑡 + 𝜆2 ∗ 𝑌2𝑖𝑡 + 𝜆3 ∗ 𝑌3𝑖𝑡) ≤ 𝑀 ∗ 𝑍𝑖𝑡           
 −𝜆𝑖𝑡  + (𝜆1 ∗ 𝑌1𝑖𝑡 + 𝜆2 ∗ 𝑌2𝑖𝑡 + 𝜆3 ∗ 𝑌3𝑖𝑡) ≤ 𝑀 ∗ 𝑍𝑖𝑡          

 𝜆𝑖𝑡  − 𝜆𝑖(𝑡−1) ∗ (1 + α) ≤ 𝑀 ∗ (1 − 𝑍𝑖𝑡 )                            
−𝜆𝑖𝑡  + 𝜆𝑖(𝑡−1) ∗ (1 + α) ≤ 𝑀 ∗ (1 − 𝑍𝑖𝑡 )                     

𝑡 ∈ 𝑇 = {1,2, … , |𝑇|}, 
𝑖 ∈ 𝐼 = {1,2, … , |𝐼|} 

(5.5a-
5.5d) 

∑ 𝑇𝐴1𝑖𝑡 ∗ 𝑌1𝑖𝑡

𝑖∈𝐼

+ ∑ 𝑇𝐴2𝑖𝑡 ∗ 𝑌2𝑖𝑡

𝑖∈𝐼

+ ∑ 𝑇𝐴3𝑖𝑡 ∗ 𝑌3𝑖𝑡

𝑖∈𝐼

+ ∑ 𝑇𝐴4𝑖𝑡 ∗ 𝑍𝑖𝑡

𝑖∈𝐼

≤ 𝑇𝐴𝑡  
 

𝑡 ∈ 𝑇 = {1,2, … , |𝑇|} (5.6) 

−𝜆𝑖𝑡  ≥ 𝐿𝑜𝑔 ( 𝑅𝑒𝑙)   𝑡 ∈ 𝑇 = {1,2, … , |𝑇|},  
𝑖 ∈ 𝐼 = {1,2, … , |𝐼|} 

(5.7) 

𝑌1𝑖𝑡+𝑌2𝑖𝑡+𝑌3𝑖𝑡 + 𝑍𝑖𝑡 =1 𝑡 ∈ 𝑇 = {1,2, … , |𝑇|}, 
𝑖 ∈ 𝐼 = {1,2, … , |𝐼|} 

(5.8) 

𝑌1𝑖𝑡 , 𝑌2𝑖𝑡 , 𝑌3𝑖𝑡 ,  𝑍𝑖𝑡 ∈  { 0,1} 𝑡 ∈ 𝑇 = {1,2, … , |𝑇|}, 
𝑖 ∈ 𝐼 = {1,2, … , |𝐼|} 

(5.9) 

 
The proposed model has and 4*|I|*|T| number of variables, and 3*|I|*|T|+|T| number of 

constraints. In the next section, we provide a case study of the wind industry to provide some 

insights into decision making for maintenance and retrofitting. For our case study, to illustrate 

how the proposed MILP model could help wind farm operator make optimal asset management 
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decisions, in the following section, we describe primary maintenance strategies that have been 

used to improve the WT reliability/availability. 

5.5 Maintenance Strategies for WTs 

Although corrective maintenance and time-based preventive maintenance strategies are 

widely used in the wind power industry, few methods are applied in the WTs’ asset management 

optimization. Scarf et al. (1997) overview and compare the different maintenance strategies for 

WT optimization. Stochastic optimization of WT maintenance was done by Rademakers, 

Seebregts and associates (1995). To optimize maintenance costs, Markov chain deterioration 

model as well as a Monte Carlo simulation was developed by Besnard (2010). Byon et al. (2010) 

use dynamic programming and a partially observed Markov process for studying stochastic 

deterioration. Andrawus et al. (2007) and McMillan and Ault (2008) use other stochastic 

approaches for maintenance optimization. Andrawus (2008) gives an extensive overview of 

approaches to wind power maintenance optimization and conducts a case study. Perez et al., 

(2013) determines Power Plant Preventive Maintenance Scheduling (PPPMS) from a reliability 

perspective, so the reliability of the system is maximized. The model presented considers the 

integration of wind power plants or wind farms into a traditional electric generating system 

comprising thermal, hydroelectric, and nuclear power units. Gustavsson et al.,  (2014) introduce 

the preventive maintenance scheduling problem with interval costs, which is to schedule 

preventive maintenance (PM) of the components of a system over a finite and discretized time 

horizon by using a 0-1 integer linear programming (0-1 ILP) model. Byon et al., (2010) examine 

optimal repair strategies for WTs operated under stochastic weather conditions. Their research 

objective is to derive an optimal preventive maintenance policy that minimizes the expected 

average cost over an infinite horizon. Barberá, L et al., (2013) introduce the concept of O&M 
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activities applied to WTs. A brief historical approach regarding the maintenance of these devices 

is described in order to continue with a review the condition based maintenance applied to these 

WTs. Abouel-seoud and Khalil (2013) introduce a preventive replacement (PR) strategy for 

determining an optimal replacement time for WT component that deteriorates over time. The 

models are used for the cost per unit time based on the stochastic behavior of the assumed 

system. The model reflects the cost of storing a spare as well as the cost of system downtime. 

Benmessaoud et al. (2013) focuses on the modeling and simulation of the performance of a wind 

farm with the objective of defining an optimal maintenance by using deterministic optimization 

model. 

Several other studies are also completed to show the effect of PM on system/component 

reliability and failure rate. To be able to see the effect of preventive maintenance on WTs 

reliability, as depicted in Figure 5.1, Abdusamad et al., (2014) and  Li et al., (2012) also indicate 

that when the maintenance frequency increases on a wind generator, the deterioration failure rate 

is reduced.  In addition, Ortegan et al., (2014) develop a model to show the interaction between 

maintenance, reliability, and technological obsolescence on the remanufacturing of a WT. Their 

model compares the WT reliability with and without PM. The opportunity cost due to downtime 

in which the WT is not generating electricity was also estimated. They conclude that if no PM is 

done, then more system failures are likely to occur. PM improves the system performance in 

terms of reliability and availability. Additionally, the opportunity cost of not generating 

electricity during the downtime was calculated.  

Obviously, preventive maintenance involves a basic trade-off between the costs of 

conducting maintenance/replacement activities and the cost savings achieved by reducing the 

overall rate of occurrence of system failures. Asset management strategies for WT should weigh 
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these individual costs in an attempt to minimize the overall cost of system operation. They may 

also be interested in maximizing the system reliability, subject to some sort of budget limitation. 

The biggest challenge is to accurately identify the optimal sequence of maintenance and 

replacement actions for each WT in the system in each period over a planning horizon. The 

optimal solution minimizes to the extent possible total costs subject to a system reliability 

constraint or, alternatively, the overall reliability of the system is maximized subject to a 

constraint on budget of the system. Considering the effect of PM on current conditions of the 

system/component, in the following section, we present the model, which proposes to 

incorporate different asset management strategies, i.e., retrofitting, and failure rate data to 

determine the effective asset management strategies for WTs. 

5.5.1 Case Study and Model Data: Wind Turbines 

To be able to better understand the proposed model, in the following section, some of the 

studies are given as background approaches which are used as a basis for the proposed model. 

For our model runs, we use WTs as assets for our case study. Therefore, to better understand the 

some of the assumptions that we made throughout the study, in the following section, we 

summarize some key studies that give background information for these assumptions. 

Hu et al., (2012) used a reduction method which assumes that the system can improve by 

reducing the failure rates of the set of system components by a factor ρ (0< ρ<1) and they 

formulate the availability of a component j in the subsystem after reducing the failure rate λ by ρ 

as follows. 

  𝐴𝑖𝑗,𝑝 =
𝜇𝑖

𝜇𝑖+𝜌𝜆𝑖
                                                           (5.11) 

 
Berting et al (2005) indicated that applying PM reduce the actual failure rate. In their 

study, they formulate the failure rate such a way that with the preventive maintenance, there is 
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percent improvement in failure rate after applying different levels of preventive maintenance. 

First, they assume that the component failure rate function can be obtained as a sum of 

contributions from the different causes of failures of type k, k=1….. m. Then, they assume that 

the effect of applying PM is a reduction of the actual failure cause k with % x reduction, where x 

C[0,a] and a, is the percent contribution to the total failure cause.  They also assume that the 

failure rate of the analyzed component is reduced by the same percentage. The resulting failure 

rate function is evaluated by: 

𝜆𝑖(𝑃𝑀) = 𝜆𝑎𝑣
𝑖 (1 − ∑ ∑

𝑥𝑗𝑘

100

𝑚
𝑘=1

𝑧
𝑗=1 )                                    (5.12) 

Based on the above studies, we use the similar assumptions that each improvement option 

would improve failure rate at a certain level. Such as, if preventive maintenance improves the 

exiting failure rate for WTs components 10%, retrofitting would improve the failure rate at least 

20%. When use the term improving “the failure rate”, we imply that system down times 

frequency will less, therefore; MTBF will be improved. Based on these assumptions, we 

proposed a model which improves the failure rate at certain extend as a function of cost, which 

each option has its own cost value.  

Failure rates are often determined using historical data (O&M logs, SCADA data) and 

operational data recorded on wind farms or experimental testing of turbine components. In the 

absence of empirical data, expert opinions are sampled through surveys to estimate failure rates. 

Table 5.1 summarizes the failure rate, MTBF, MTTR, repair time (RT), and the number of 

replacements during lifetime of the WT sub-assembly parts (Mensah et al., 2012; Ortegon et al., 

2014; George et al., 2012). In this study, since we are not able to collect field data to determine 

the failure rate for each WT or each WT’s component, to this effect, we use hypothetical initial 
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failure rate data to run the model.  We can use the average failure rate of WT and consider WT 

as a system or we can select the most critical WT’s component failure rate and run the model 

 
Table 5.1: Failure Data for 12-sub-assembly Wind Turbine System 

 
Subassembly Failure rate 

(λ)1 
MTBF2 Repair time  

(hr ) (MTTR)3 
# Remair2 RT2 Average cost  $/failure1 

Lower limit Lower limit 

Electrical 
subsystem 1  

0.320  25,708 106.6 6 36 5,520  87,056 

Rotor or 
blades 

0.190 39,297  4 96 6,581 52,956 

Electrical 
controls 

0.239     440 6,000 

Yaw system 0.116 69,604 249.4 2 60 401 9,121 
Generator 0.139 73,234 210.7 2 174 332 53,228 
Hydraulic 
subsystem 

0.131 79,363 43.2 2 24 158 1,276 

Gear box 0.134 87,174 256.7 2 150 1,476 153,601 

Pitch control 0.083 90,472 91.6 2 60 2,087 17,832 
Air brakes 0.040 180,078  1 72 3,076 3,076 
Mechanical 
brake 

0.055 223,447 125.4 1 96 200 1,483 

Main shaft 0.031 365,339  - 132 4,318 15,668 
All others 0.367     94,801 94,801 
Total 1.846 1,478    119,390 496,098 
Average 0.154120 123    9,949 41,342 

 
1Mensah, A. F., & Dueñas-Osorio, L. (2012).  2Ortegon (2014), 3Mensah, A. F., & Dueñas-Osorio, L. (2012) and George, R. S. 
(2012). 

 
Due to the high frequency and severity of failure, it is assumed that generator, gearbox, main 

shaft, and control system are the main components can be considered for the improvement 

options. Among these main components, different studies show that the gearbox represents 

between 4.6% and 9.8% of the total WT failures. The gearbox failure rate is not amongst the 

highest, with a share in wind turbine failures ranging from 4.6% to 9.8%. However the gearbox 

accounts for a remarkable share of the overall maintenance costs, caused by significant 

downtime and expensive repairs (van den Broek  et al., 2014).  As a result, the percentage of 

electricity production lost due to gearbox downtime is the highest of all subassemblies (See 

Table 5.1). Therefore, in this study, we focus on the gearbox since if gear box does not work then 

system fail. For the initial run, we assumed that there are three WTs exist at the wind farm and 
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we assume that the failure rate of each WT’s gearbox components is known based on field data.  

The cost associated gearbox replacement is provided in Table 5.2. 

 
Table 5.2: Gearbox Cost Data and Revenue Loss due to Downtime 

 
Gearbox for 2.5 MW Cost (€) Note 

PM cost  (euro) 6,360  

Direct cost includes labor, crane, material and 
consumables 

12,750  

Revenue loss for a week (euro) 8,820  
Typical downtime after failure (hr) 600 hours (25-60 days) Due to spare parts and crew is 

not available 

The repair takes (hr) 56 hr (One week)  
                       (Adapted from Byon et al, 2010) 
 
In order to illustrate the models numerically, and the proposed solution procedure, we develop a 
representative data set shown in Table 5.3 and 5.4. 
 

 
Table 5.3: 1.5 MW WT Cost data 

 
Parameter Data Reference 
New wind turbine cost (GE 1.5 
XLE 1.5 MW) 

$1, 400,000 [2], [3], [4] 

Gearbox 10-15% of total cost 
of WT 

$140,000-$410,000 [2], [3], [4] 

Preventive Maintenance cost 
10-15% of total cost of WT  

$ 9 -$20 per MWh increasing by 10% each time period   [4] 

Energy production 4,500,000 kWh per year for 1.5 MW WT [1] 
Cost of electricity 0. 02-0.05$/kW [1] 

[1] (Operation and Maintenance Costs for WTs (Wind Measurement Internaitonal, 2015.) 
[2]http://www.repoweringsolutions.com/english/sales_brochure/Brochure_refurbished_wind_turbines.pdf 
[3]https://www.irena.org/documentdownloads/publications/re_technologies_cost_analysis-wind_power.pdf 
[4] (Wagner Sousa de Oliveira and Antonio Jorge Fernandes, 2012) 
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Table 5.4:  Parameters of the Numerical Example 
 

Operation cost  
Preventive Maintenance cost ($) [10-50] 
Low Reliability cost ($) [140-200] 
High Reliability cost ($) [200-400] 
Energy Production  
Preventive Maintenance (kw/hr) [4,000-4,500] 
Low Reliability (kw/hr) [4,500-4,600] 
High Reliability (kw/hr) [4,600-4,700] 
Loss Hours  
Preventive Maintenance  (hr) [400-600] 
Low Reliability  (hr) [200-400] 
High Reliability (hr) [100-200] 

($)=1,000, kw/hr =1,000 

5.5.2 Model Runs 

We seek to establish a schedule for future maintenance and retrofitting actions for each 

WT over the period [0,|T|] by improving failure rate. At the end of each time period t, the WT’s 

component, in this case gearbox, is either maintained, retrofitted, or no action is taken. We 

assume that preventive maintenance or retrofitting activities reduce the rate of occurrence of 

failure for each WT. We incorporated the time required to maintain or retrofit the gearbox into 

the model. A small set of data is prepared to reflect the real case situation.  The model is formed 

in order to reflect the reality between the years 2015 and 2055. Each unit of time refers to 1 year. 

In the experiments below instances with a number of WTs {3, 24} and the number of farms WF 

{1} have been considered under either retrofitting  as an improvement or not an improvement in 

terms of increasing WT energy production. Each of these scenarios is shown in Table 5.5. We 

perform all computational experiments on a personal computer equipped with Windows 7, 1:80 

GHz CPU and 4 GB memory. This model is coded in GAMS (generic algebraic modeling 

system).   
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Table 5.5:  Experimental Setup 
 

Problem 
Instance 

#WT Time 
Period 

Scenarios 

Base case 3 50 No retrofitting (only preventive maintenance and do-nothing) 
1 3 50 Retrofitting with  low  down-time  
2 3 50 Retrofitting with high down-time  
3 24 100 Retrofitting with  low  down-time  
4 24 100 Retrofitting with high down-time  
5 50 100 Retrofitting with  low  down-time  
6 50 100 Retrofitting with high down-time  

 
5.5.3 Model Results 

We carry out scenario analysis to understand how possible changes in the retrofitting 

level and failure rates affect the WTs asset management schedule. The summary results of the 

different scenarios are presented in the following sections. In the first scenario (base), target 

reliability, value is assumed to be 0.96 and only preventive maintenance and do-nothing options 

are available as improvement options.  To observe the effect of different level of retrofitting, 

several other runs are performed assuming that retrofitted WTs produce the same energy with 

new WT or produce less amount of energy than a new WT. The model results are represented in 

Table 5.6. For the instance 1 and 2, we assume that we have only three WTs and retrofitted WTs 

produce the same energy with new WT or produce less amount of energy than a new WT.  For 

the instance 3 and 4, we increase the number of WTs exist at the wind farm and assume that 

retrofitted WTs produce the same energy with new WT or produce less amount of energy than a 

new WT. Comparing the base case scenario with alternative runs, we observe that the total profit 

is less than the alternative instances. It is observed that even though, high level retrofitting cost is 

high, the model still prefers retrofitting due to potential profit increase. It is also observed that 

increasing the number of existing WTs, increases the total profit and total retrofitting cost. This 

is expected due to more WTs means more improvement and also more energy production. As 

number of existing WTs does not play crucial role on the results, for the simplicity reason, for 
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sensitivity analysis, we assume that there are only three WTs exist at wind farms and we run the 

sensitivity analysis based on small scale model. 

 
Table 5.6: Small and Large Scale Instance Analysis 

 

Runs 
Total Net profit 
($) 

High Level 
Retrofit ($) Low Level Retrofit ($) 

Preventive 
Maintenance ($) 

Base Case -No retrofit (PM and Do-nothing) 
18,900 0 0 19,000 

Instance 1 
#3 WT (retrofitted WT energy production is as 
good as new WT) 

20,775 30,000 27,000 8,100 

Instance 2 
#3 WT (retrofitted WT energy production is 
not as good as new WT) 

19,1560 29,660 
 24,000 12,900 

 

Instance 3 
#24 WT (retrofitted WT energy production is 
as good as new WT) 

61,4223 50,0000 11,3500 0.0 

Instance 4 
#24 WT (retrofitted WT energy production is 
not as good as new WT) 

58,6600 45,0000 11,2500 24,100 
 

($)1,000 
 
5.5.4 Sensitivity Analysis  

The computational runs performed in the previous section were extended to see the effect 

of the main parameters on the total network cost. It is assumed that we have three WTs and 50 

time periods. Table 5.7 summarizes the scenarios that are completed for the sensitivity analysis. 

 
Table 5.7: Sensitivity Analyses Summary 

 
Parameters Scenarios 
Budget Under high budget with 0.96 reliability 

target 
Energy Demand Increase energy demand  
Loss Time Increase loss time for improvement 

options 
Target Reliability Value Changing the target reliability value 

(i.e., 0.75, 0.85,0.90) 
Power Price Increasing the power price 
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5.5.4.1 Effect of Budget 

In this model, it is clear that budget is one of the main drivers of total cost. As target 

component reliability is expected to be 0.96 and each improvement option has its own cost, the 

model prefers to select the improvement option which increases the reliability value to reach 

target value. To be able to see the effect of the budget, we increase the retrofitted WTs’ O&M 

cost budget by 10, 20, and 50%. Other parameters are kept constant during each run. The results 

for each run are presented in Table 5.8 and cost breakdown for each scenario is given in Figure 

5.3. It is observed that with increasing budget, the total profit increased. It is concluded that if 

there is enough budget, even though high levels of retrofitting is expensive, the model still prefer 

high level retrofitting which has high energy production and less loss time. 

 

Table 5.8: Total Net profit Under Increasing Budget 
 

Runs Total Net profit 
($)  High Level Retrofit ($) Low Level 

Retrofit ($) Preventive Maintenance ($) 

Base 20,775 30,000 27,000 8,100 

10% budget increase 21,140 78,000 28,500 5,200 

20% budget increase 21480 76,000 30,500 5,000 

50% budget increase 21,890 88,000 34,500 3,600 

($)=1,000 
 

 
 

Figure 5.3 Total Net profit Under Increasing Budget 
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5.5.4.2 Different Reliability Target  

Usually, expected reliability value of the systems or components is expected to be 

over 0.9. In the base case, we assume that the target reliability value for the WT component 

(gear box) is 0.96. To be able to see the effect of the target reliability value, we decrease the 

value. The model results for different target reliability values are presented in Table 5.9 and 

Figure 5.4. 

 
Table 5.9: Different Reliability Target 

 

Runs 

Total 
Net 

profit 
($) 

High 
Level 

Retrofit 
($) 

Low 
Level 

Retrofit 
($) 

Preventive 
Maintenance 

($) 

Base (0.96) 21,515 58,000 32,000 5,700 
0.95 21,465 58,000 31,000 5,900 

0.89 22,510 2,000 71,500 600 
0.75 21,175 40,000 31,500 6700 

 
 

 
 

Figure 5.4:  Total net Profit with Different Reliability Targets 
 
It is observed that when the reliability target value is low, the objective function seems to be 

lower than the base case.  It is also observed that when  target reliability is around 0.9 the net 
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profit is the highest. It is concluded that, even though, retrofitting cost is high if there is 

enough budget available, the model still prefers the retrofitting option due to high energy 

production rate as well as low loss time.  

5.5.4.3 Increasing Energy Demand  

To satisfy the energy demand, the amount of energy that each turbine can produce is 

critical while optimization of wind farm asset management.  To be able to determine how the 

existing model reacts under different energy demand, we increase the energy demand by 10%  

and 50%. The results of the each case presented in Table 5.10. In addition, the total net profit 

under different energy demand is presented in Figure 5.5. Based on the model results, it is 

observed that with increasing energy demand, under available budget, the model prefers 

retrofitting to satisfy the energy demand. In the base case, the model prefers between retrofitting 

and preventive maintenance, when energy demand increases, the model prefers retrofitting over 

preventive maintenance. One may think that as retrofitting is more expensive, the total net profit 

should be less than the base case value, but we should remember that  retrofitting operations loss 

time is lower than preventive maintenance; therefore, the total net energy production hours are 

higher than preventive maintenance. Therefore, overall net profit is higher than the base case. 

 
Table 5.10:  Total Net Profit Under Increasing Energy Demand 

 

Runs Total Net profit ($) High Level Retrofit($) 
Low Level 
Retrofit ($) 

Preventive 
Maintenance ($) 

Base 20,775 30,000 27,000 8,100 

10% energy demand 
increase 

21,030 32,000 28,500 6,400 

50% energy demand 
increase 

22,500 32,000 61,500 1,200 
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Figure 5.5: Total Net Profit Under Increasing Energy Demand 
 
5.5.4.4 Increasing Loss Time 

In this study, one of the main drivers is the loss time due to down time of each 

improvement option. To be able to see the effect of loss time on objective function value, we 

increase the loss time by 10, 20, and 50%. The results of the each case presented in Table 5.11. 

In addition, Total Net Profit under increasing loss time is presented in Figure 5.6. It is observed 

that with decreasing loss time for retrofitting options, the total profit increased. This is expected 

as the lower loss time means higher energy production; therefore, the model will prefer 

retrofitting options which leads to higher profit. 

 
Table 5.11: Total Net Profit Under Decreasing Loss Time 

 

Runs Total Net 
profit ($) 

High Level 
Retrofit ($) 

Low Level 
Retrofit ($) 

Preventive Maintenance 
($) 

Base 20,775 30,000 27000 8,100 

Reduce total hr (25 
%) 20,805 26,000 29000 7,900 

Reduce total hr(50 %) 22,660 2,000 74,500  0 
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Figure 0.6: Total Net Profit Under Decreasing Loss Time 
 

5.5.4.5  Effect of Power Price 

In this model, it is clear that the power price is one of the drivers of total net profit cost. 

To be able to see the effect of power price, we increase the power price by by 10, 20, and 50%. 

The other parameters are kept constant during each run. The results for each run are presented in 

Table 5.12. It is observed that with increasing power price, the total profit increased, but due to 

budget restriction, the model still prefers the same improvement options with different power 

cost. It is concluded that  power cost by itself is not the main driver  under the same budget, the 

model will select the improvement options which leads to profit regardless of the power cost 

increase. 

Table 5.12: Total Net Profit Under Increasing Power Cost 
 

Runs Total Net profit ($) High Level 
Retrofit ($) 

Low Level 
Retrofit ($) 

Preventive 
Maintenance ($) 

 Base 20,775 30,000 27,000 8,100 

10% power 
cost  increase 24,937 4,000 74,000 0 

20% power 
cost  increase 27,204 4,000 74,000 0 

50% power 
cost  increase 34,005 4,000 74,000 0 
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5.6 Conclusions and Future Research 

Compared the previous literature on addressing WTs asset management, none of the 

studies incorporated different asset management options and failure rate data. The proposed 

model helps decision makers to choose the most cost effective options while replacing or 

retrofitting the existing WTs by implementing failure rate data into an optimization model. 

This model seeks to maximize the total net profit subject to achieving some target reliability 

and minimize the total improvement cost subject to a budgetary constraint. This paper 

analyzes the strategic alternatives of WTs asset management by scenario study approach. 

Together with a baseline scenario of the current situation, scenarios with various strategic 

changes are modeled. The results of this study show that to reach the target reliability value 

with improved failure rate data, model prefer retrofitting due to lower loss time and high 

energy production rate of retrofitting options. The reason of selecting retrofitting is not only 

due to low loss time, but also improving on the existing failure rate of a WT component to 

reach the target reliability or average failure rate. We observe that as the energy demand 

increases, more WTs are retrofitted. We also observe that the budget plays a crucial role 

when selecting amongst the improvement options.  If enough budge exists, even though 

retrofitting options are more expensive and the target reliability value is not high, the model 

still prefers retrofitting due to higher energy production rate. 

Real-world asset management for WTs can be more complicated than the one 

considered in this paper. As such, some additions to the model have been proposed, in order 

to extend the current MILP formulation to more realistic real-world asset management for 

WTs, including the following: 
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 The consideration of multiple types of WTs to evaluate dynamic situations, as well as 

real, large-scale systems. 

 Considering WT as a system and incorporation system reliability or availability data 

within model may give more accurate results. Therefore, for future studies, one can 

consider WT as a system within the model. 

 The model could be extended with a more detailed turbine model, in which, e.g., 

gearbox could be modeled as a combination of gears, bearing, shafts, and lubrication 

system, with their respective different failure rate and inspection cost. However, the 

above described model extension, as well as application of the model restricted by 

availability and accessibility of suitable reliability data for WTs. The standardized 

and automated collection of failure and maintenance data from a large number of 

WTs is therefore considered a key prerequisite for the utilization of quantitative 

methods in WT asset management. 

 In addition, more work is needed to apply more complex stochastic programming 

techniques for developing an optimal asset management plan, which better accounts 

for the stochastic nature of the problem. 

This begs the question, is using reliability data suitable for designing the model that 

determines the asset replacement scheduling? Is there value targeting those systems (25% of 

failures cause 95% of downtime)? Is picking only one system reliability representative or 

gearbox is the most critical component? What benefit can be gained from targeting specific 

systems? 

This research contributes to the area of asset replacement by modeling and solving the 

asset replacement problem using existing failure rate. The solution and analysis of this type of 
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problem will enhance the effectiveness of the decision process and provide the asset manager 

insight into the WT replacement system. In addition, input data for cost parameters are 

determined by various sources. This paper also provides researchers with cost data in WT asset 

management.  
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CHAPTER 6 

 

CONCLUSIONS AND FUTURE WORK 

This chapter summarizes the main results from this dissertation and presents ideas for 

future work. 

6.1 Conclusions 

This dissertation presents models to optimize reverse logistics network design for wind 

turbines end-of-life use and asset management strategies for existing WTs.  The main results and 

recommendations for an RLN asset management strategies for existing WTs are presented in this 

here. 

6.1.1 Reverse Logistics Network 

A mixed-integer linear programing model was introduced to optimize the total 

networking cost of wind turbines. The main idea of the model is to evaluate the effect of 

recycling and remanufacturing based on operating costs. The model involves deterministic cost 

models dependent on transportation, operation, and the fixed cost of opening recycling, 

remanufacturing, or disposal centers. Results indicate that remanufacturing costs increase with 

the decreasing recycling ratio over the planning time horizon. The results also indicate under 

which conditions that remanufacturing is optimal and how these strategies can reduce the 

economic risk of investing in remanufacturing or recycling. 

6.1.2 Asset Management Strategies 

A complementary model was proposed to optimize the total operation and maintenance 

cost for wind turbines, considering several different options: keeping the existing WT with 

preventive maintenance, retrofitting, or purchasing a new WT. The model allows for determining 

the optimal asset management strategies for a given budget and energy demand requirement. An 
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analytical model enables fast computation of the optimization, which can be further investigated 

by a simulation model, in order to calculate energy-based availability and the risk associated 

with the solution. Results from a case study indicate that retrofitting provides an economic 

benefit in the range of % 20-30 compared to preventive maintenance. 

6.1.3 Asset Management with Reliability 

An MILP model was proposed to optimize the asset management strategies for existing 

WTs. This model enables one to determine the optimal replacement schedule of WTs according 

to the reliability of the WT and the cost of the maintenance options. 

6.2 Future Work 

6.2.1 Reverse Logistics Network 

The analytical model presented in this dissertation could be further improved 

considering multiple types of WTs to evaluate dynamic situations, including the randomly 

selected location of potential inspection, recycling, and remanufacturing centers, as well as 

secondary markets, in order to make the model more widely applicable. In addition, 

combining economic and environmental constraints will help to determine how to control the 

carbon dioxide emissions by selecting the shortest distance between inspection and 

recycling/remanufacturing centers. Moreover, complex stochastic programming techniques 

could be utilized to develop a reverse logistics network in order to better account for the 

stochastic nature of the problem. 

6.2.2 Asset Management Strategies for Wind Turbines 

The replacement of large WTs requires a crane, which has limited availability and high 

cost, and requires qualified labor. It would be advantageous to add these constraints and optimize 

the planning of these activities in order to reduce the production losses due to unavailable cranes, 
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labor, or mobilization costs. In addition, since each wind farm may have a different make, type, 

and size (MW/kW) of MT, the model could be modified by adding these differences at each 

constraint. In the model presented in this dissertation, we simply compared keeping or retrofitting 

options for existing WTs; another alternative would be to consider repowering as an alternative  

added to the model, and results could be compared to find the best asset scheduling for existing 

WTs. To reduce the computation time, the Lagrangian relaxation method was used to solve the 

model more efficiently. One could also use other algorithm methods to compare the computation 

time and model performance (Karabakal et al., 1994, 2000). In addition, designing a mathematical 

model that intersects reverse logistics and equipment replacement fields may provide valuable 

insight to both business asset managers and environmental policymakers 

6.2.3 Reliability Analysis 

In reality, the prerequisite for maintenance strategy optimization models is to have 

component reliability data. Unfortunately, reliability data for existing wind turbines were not 

available during the course of this dissertation research, primarily due to lack of a structured and 

systematic reliability data collection system, which, as a result, necessitated using reliability 

assumptions. Reliability and maintenance data collection has now received much focus, and 

standardized data collection systems would enable the development of asset management 

strategy models. It is important that not only failures but also inspection results are recorded in 

order to be able to develop deterioration models. Since the technology is evolving rapidly, a 

stochastic-based reliability model would be most beneficial to estimate the reliability of WTs, 

and to develop the models (Rademakers et al., 1992). Some components of interest for such 

models could be the blades, gearbox, and generator. 
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