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PREDICTIVE ANALYTICS FOR QUANTITATIVE 

TRADE-IN-TO-UPGRADE DECISION MAKING IN 

INTELLIGENT DISASSEMBLY-TO-ORDER SYSTEMS 

ABSTRACT 

The accelerated growth of technological advancements has triggered the expansion 

of customer demand leading to highly complex supply chain networks. One viable way 

original equipment manufacturers (OEMs) can respond to changing purchasing habits is to 

redesign their strategic and operational activities to build far-reaching information and 

resource avenues allied with effective marketing policies. These newly implemented 

policies need to comply with extended producer responsibility (EPR) guidelines that also 

well aligns with rising consumer awareness towards green consumption. To achieve this, 

manufacturers must create efficient end-of-life product (EOLP) return structures and 

ensure value creation through product recovery operations to dwindle the cascading waste 

of discarded products. From an environmental viewpoint, retrieving the value embedded 

in returned items through remanufacturing or recycling has been proven to be effective in 

reducing the amount of industrial solid waste.  
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EOLP processing operations are heavily reliant on customers’ participation in 

returning outdated devices making product collection a crucial step in point-to-point supply 

chains. To entice end-users, the OEMs need to design environmentally and economically 

benign product take-back strategies that would spark the volume of product returns. These 

constraints dictate two structural challenges: how manufacturers and consumers can 

become active participants of EOLP treatment activities, and how fast and efficiently 

OEMs can respond to the changing market and capital needs while preserving their 

sustainability levels. 

In terms of active participation, trade-in incentives can help stimulate additional 

revenue channels for OEMs through product remanufacturing while helping companies 

comply with the EPR legislations. Trade-in policies are set forth as part of long-term 

marketing strategies and include incentive programs that aim at enticing current and 

potential customers to trade-in their used products with newer generations at a discounted 

price or for instant credit. Within the context of purchasing behavior, trade-in programs 

positively impact customers’ buying decisions by granting buyers the ability to claim the 

scrap value of their existing devices. Particularly in oversaturated industries such as 

electronics and automotive, take-back incentives are a pipeline for OEMs to generate 

significant residual value by reselling remanufactured products on secondary markets. 

Moreover, offering special discounts or credits in lieu of old devices fuels new product 

sales by creating an additional revenue stream. 

Still, in today’s fast-changing market dynamics, inept trade-in practices that fail to 

eliminate the ambiguity surrounding the prediction of the true quality of returned products 
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bring functional and financial burdens to organizations. The conventional intransigent 

trade-in schemes fail to address this uncertainty leading to a number of unnecessary 

inspection, disassembly, and shipment steps resulting in increasing complexity and product 

recovery cost. Achieving an accurate trade-in scheme is a highly complex multi-

dimensional problem requiring novel solutions that traditional manufacturing and supply 

chain technologies are incapable of offering by design. Such challenging task inevitably 

necessitates strategic initiatives that stem from the utilization of cutting-edge 

groundbreaking information technologies for rapid response to customer needs and 

reduced complexity across all operational layers. 

Despite the numerous methodologies investigating the potential value gain from 

remanufacturing and product acquisition pricing policies, there is no study in related 

literature that incorporates trade-in programs into an intelligent remanufacturing structure. 

A majority of previous studies propose preventive models with pre-determined and rule-

based explicit model parameters hindering the practicability of the substantial volume of 

data generated by the increased use of technological tools. These models, inevitably, fall 

short in successfully incorporating long-term manufacturing goals into sustainable 

business strategies. 

With this motivation, the architectural framework this dissertation introduces 

addresses a predictive product recovery model for product returns to enable an 

autonomous, sensor-embedded, and decentralized disassembly and remanufacturing 

system. The main objective of this research is to investigate the feasibility of cost- and 

resource-effective end-of-life product management systems in a smart reverse logistics 
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network where trade-in rebate decisions take place in an autonomous ecosystem. This 

research, while filling the emerging gap in the utilization of current digital technologies to 

determine quality-dependent acquisition strategies, also provides a novel quantitative 

analysis on the efficiency of trade-in policymaking. This model can be employed in 

manufacturing industries for precise assessment of value creation amid digital 

advancements in a future-oriented platform. Due to its highly saturated formation, the 

consumer electronics industry offers a more suitable platform for this study. Therefore, this 

study examines a trade-in model for a specific technological product, game console, with 

the help of a case study.  

First phase of the dissertation evaluates the performance degradation pattern of 

discarded electronics products in a ubiquitous manner through timestamp data enablers. To 

handle this highly complex large-volume data, a discrete-event simulation model is 

developed from the original equipment manufacturer viewpoint. The model aims to 

examine the behavior of returned devices as well as the expected overall cost of product 

recovery operations. Following this, a design of experiments study is utilized for the 

experimentation using Taguchi’s Orthogonal Arrays (OAs).  

Employing the findings obtained in the first phase, the second phase of the study 

deals with trade-in policymaking to determine an engaging quotation for varying quality 

of returned products from the perspectives of all parties involved in the transaction. To 

achieve this, an initial model for trade-in-to-upgrade incentives is established for discrete 

sets of quality standards in case where returned products are grouped into three quality 

classes based on their usage time. The model is then expanded to compare two product 
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acquisition strategies, namely, trade-in-to-upgrade incentives and instant credits. To 

achieve a realistic strategy, two rebate models are constructed in a simulation-based game 

setting to mimic the customer behavior and to obtain the resulting payoffs for the OEM in 

a dynamic ecosystem. To handle the uncertainty in the customer’s decision towards the 

incentive offer, logistic regression analysis is conducted to maximize the likelihood of the 

acceptance rate. Finally, trade-in policies are compared to obtain favorable strategies 

augment revenue streams. 
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CHAPTER 1: INTRODUCTION 

This section provides an introduction to the dissertation. In Section 1.1, a brief 

statement of research problem and scope is presented. Section 1.2 discusses the motivation 

behind the specific research areas. Finally, the potential contributions of the proposed 

research to the relevant literature are provided in Section 1.3. 

1.1. Research Problem and Scope 

The ever-increasing demand for newer products coupled with shortened product 

life cycles results in growing need for raw materials and high complexity in product 

recovery operations. Growing environmental awareness of consumers and widening 

extended producer responsibility (EPR) provide a strong motivation for original equipment 

manufacturers to take-back their used products. These end-of-life (EOL) products usually 

required further processing such as remanufacturing, recycling, or reuse to reduce the 

quantities of disposal and solid. 

Consequently, trade-in programs have become increasingly available in highly 

saturated industries such as electronics, automobile, and high-tech due to their ability to 

facilitate the collection of end-of-life products and to retrieve the value embedded in EOL 

products [1]. As part of these programs, trade-up rebate option encourages existing and 

potential future consumers to substitute their low generation products with successive 

generations at a discounted price or an instant credit [2]. This strategy provide producers 

with the opportunity to maximize the green impact of their products and allows them to 
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link each return to a new product sale. However, unsteady trade-in programs may cause 

financial burden for OEMs who are highly dependent on the qualified good and component 

yields in compensating for the cost of product acquisitions. Therefore, determining a fitting 

replacement trade-off elicits strategic leverage for companies since it seamlessly absorbs 

numerous cost factors including the ones associated with disassembly, maintenance, labor, 

inspection and sorting, and warranty. With the rapid advancements in information 

technology, achieving a well-established acquisition policy requires careful investigation 

of the highly complex nature of operational layers in product recovery caused by the data 

explosion. Recent literature offers numerous studies on attaining the product replacement 

pricing differentiation through pre-defined preventive models regardless the presence of 

data complexity. An additional major limitation of most previous studies stems from the 

lack of consideration of disassembly and other related cost measures. These shortcomings 

hinder the reliability of model outcomes leading to inadequate trade-in policies that do not 

incorporate the need of customers. This leads to over or under recovery operations that are 

not linked to the market demand making it important to establish predictive trade-in models 

that consider dynamic processing of shared data gains to handle the complexity in reverse 

activities. 

1.2. Research Motivation 

Existing literature offers numerous methodologies investigating the potential value 

gain resulting from reverse flow of goods and trade-in promotions to foster the growth of 

economic and environmental sustainability [3-5]. Focusing on this, the body of literature 

can be examined in two distinct streams: environmentally concerned logistics and product 
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recovery and trade-in policies. Several studies focus on returned products in the context of 

environmentally conscious logistics and product recovery and develop prescriptive models 

for disassembly-to-order systems and remanufacturing processes [6-8]. Majority of these 

traditional methods rely on the predetermined rule- or time-based approaches with static 

and deterministic objectives using explicit model parameters. Similarly, the majority of 

studies in the trade-in literature examine product acquisition practices from the marketing 

perspective by employing analytical and empirical pricing models [9-11]. These methods 

primarily address the profitability of firms towards remanufacturing cost or 

remanufactured product sales and disregard the main cost-creating activities of product 

recovery operations including disassembly, inspection, recycling, and disposal.  

Previously studied publications also fall short in considering today’s 

communication channels that form a collaborative digital value network among the 

stakeholders. Such setting not only culminates a high level of uncertainty due to the 

expanding complexity in operational layers, but also generates a huge volume of 

diversified, heterogeneous, and unstructured data in the long run. Therefore, it is important 

to establish recovery systems that consider dynamic processing of shared data gains to 

handle uncertainty in reverse activities [12-15]. Accordingly, the literature proposes a 

variety of methodologies investigating the potential value creation of embedding advanced 

structures in manufacturing and logistics. These models concentrates solely on the forward 

flow of products and services, where the logistics of goods starts with the manufacturing 

facility and ends at the consumer. However, considering the accelerated growth of waste 
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streams caused by rapid technological advancements, these works become insufficient in 

developing intelligent models for reverse logistics flow and product recovery operations. 

The motivation of this research, while addressing above stated issues, is to create a 

conceptual and architectural framework for an intelligent product recovery process to 

examine quality-dependent trade-in-to-upgrade strategies. The framework includes 

consideration of overall product recovery costs including disassembly and 

remanufacturing. The primary focus here is to determine optimal trade-off for product 

acquisitions with varying remaining useful lives, which directly affects the cost of product 

recovery and hence, the sales of remanufactured products. 

1.3. Contributions 

The primary contribution offered by this dissertation is the introduction of a faster 

and more efficient decision making strategy in trade-in schemes by enhancing transparency 

in disassembly-to-order operations. Unlike existing methodologies, this research deals with 

constructing an architectural framework for an autonomous, sensor-embedded and 

decentralized pricing model aimed at delivering a novel sustainability structure replacing 

the traditional trade-in-to-upgrade policies. The work concentrates on the hypothesis that 

examines the profitability of a product recovery system based on the findings obtained 

from a unique quality-driven predictive analytics. This hypothesis is tested in two phases. 

First phase evaluates the performance of an intelligent infrastructure through the 

convergence of real-time data enablers such as blockchain and digital twins. A digital twin 

is signified as the virtual representation of a physical asset by transforming its properties 

and behavior into simulation models, information, and data. Digital twins are empowered 
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by utilizing the scattered data obtained through Internet-of-Things (IoT) devices such as 

sensors, radio-frequency identification (RFID) tags, and microprocessors. Yet, data 

gathered through RFID is signified as huge volume, great velocity, and high complexity, 

which requires the utilization of a predictive analytics.  

With this motivation, a discrete-event simulation model is developed from the 

original equipment manufacturer viewpoint to mimic the performance degradation pattern 

of smart products and their components throughout their in-use periods. This helps decision 

makers choose an appropriate disassembly process and decide on the right combination of 

recycling, remanufacturing, reuse, or disposal operations [8, 16]. The implementation of 

the model also allows manufacturers to create alternative scenarios to determine the best-

fitted trade-in policies. Following this, design of experiments is utilized to observe the 

system’s adaptability towards varying experimental conditions. Experiments are designed 

using Taguchi’s Orthogonal Arrays (OAs). 

Building on this approach, in the second phase, the model optimizes the revenue 

streams originating from the sales of remanufactured products and recycled materials, 

while minimizing landfill rate in addition to the costs of disassembly, transportation, and 

inventory. Hinging on these results, trade-in-to-upgrade rebates are presented to examine 

the optimal strategy for varying quality of EOLPs in terms of the OEM’s profitability while 

proposing an engaging price for customers.  

Focusing on this, a pricing model is established to obtain optimal trade-in incentives 

for discrete sets of quality standards, viz. high-quality, medium-quality, and low-quality. 

The model is then expanded to cover continuous age levels. Here, a dynamic rebate model 
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is formulated through a simulation-based game theory approach to compare two alternative 

product take-back strategies: trade-in-to-upgrade rebates and instant credits. Logistics 

regression is conducted to determine the likelihood of the product returns under the two 

product return policies.  

1.4. Outline 

This dissertation is concerned with the end-to-end digital transformation in product 

recovery operations to investigate faster and more accurate trade-in rebates for EOLPs at 

varying quality levels. A sequence of analytical techniques is employed to obtain the 

optimal strategy which help OEMs attain long-term competitive advantage in today’s 

complex market dynamics. With this motivation, the dissertation is organized as follows: 

Chapter 2 presents a literature review of supply chain management, 

environmentally concerned logistics operations, digital supply chain transformation 

towards sustainability, trade-in pricing policies. 

Chapter 3 provides a detailed description of research methodologies including 

discrete event simulation model, design of experiments study, and trade-in policymaking. 

Chapter 4 introduces implementation and results in detail. 

Chapter 5 summarizes the conclusions and discusses areas for future research. 
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CHAPTER 2: BACKGROUND AND LITERATURE REVIEW 

This section provides a detailed review of related previous work and summarizes 

the findings of the literature survey while highlighting the gaps in the related literature. 

2.1 Supply Chain Management 

The concept of supply chain management (SCM) first emerged in the early 1980s 

receiving a growing interest from both academics and practitioners in the mid-1990s. SCM 

originates from the theory of combining logistics operations with various business 

functions including planning, sourcing, production, and distribution in an effort to develop 

a dynamic flow of information, materials, services, and funds. One of the basic but very 

common definitions of SCM was provided by Handfield and Nichols [17] as “the supply 

chain encompasses all activities associated with the flow and transformation of goods from 

the raw materials (extraction), through the end user, as well as associated information 

flows. Material and information flow both up and down the supply chain.” By nature, SCM 

integrates all parties within a network including suppliers, manufacturers, 

wholesalers/distributors, retailers, and customers while enabling them for collaboration 

and coordination within and between organizations. To this end, SCM is an effective 

concept which, if conducted properly, can provide successful competitive advantage to 

organizations with its ability to examine entire business operations as well as respond to 

the changing needs of stakeholders. Figure 1 depicts a generic supply network flow model 

adapted from Chopra and Meindl [18]. Keeping in mind the network flow across the 

players presented in this figure, the pertinent chain design may vary according to 
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customers’ needs and organizations’ work stream to increase the overall value of supply 

chain. To illustrate an example, some companies may fulfill consumers’ orders directly 

without employing intermediaries such as retailers and/or wholesalers/distributors, 

whereas some others may engage with each channel of supply network in their business 

processes. 

Supplier DistributorManufacturer Retailer Customer

 

Figure 1. A generic supply chain network flow [18]. 

An optimum supply chain design is positively correlated with the value of the 

network which is signified as the difference between the revenue generated from the sales 

and the total cost incurred throughout the network [18]. As also stated by Ahi and Searcy 

[19], a desirable material stream notably triggers value creation, efficiency, and therefore, 

the overall performance of businesses. Such outcomes are characterized as value-creating 

activities within a supply chain, which also refers to the value chain. According to Porter 

[20], value chain distinguishes the primary internal and support activities that organizations 

are engaged in an effort to transform inputs to outputs, in other words, raw material 

acquisition to sales to end-users. In conventional supply chains, core internal activities 

comprise of inbound logistics, operations, outbound logistics, marketing and sales, and 

service, whereas support activities include firm infrastructure, human resource 
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management, technology, and procurement. These functional components as a whole 

ensure economically viable operations.  

Today, due to increasing demand for personalized products and environmental 

regulations mandated by government agencies, in addition to expanding operational layers 

in supply chains, companies encounter difficulties in securing their strategic position in the 

market. Adopting to new technologies alone becomes insufficient to achieve a sustainable 

competitive advantage. Many industries are now under pressure to also fulfill one or more 

of the requirements of competitiveness such as cost and energy efficiency, productivity, 

product differentiation, flexibility, adaptability, stability, resource conservation, and waste 

reduction [21, 22]. Consequently, corporates today are expected to develop advanced 

environmentally and socially sustainable supply chain network designs.  

Sustainability embedded supply chain management embraces economically viable 

activities while complying with the environmental and social aspects. Specifically, 

sustainable supply chains assemble the perception of environmentally concerned logistics 

and product recovery in typical internal business applications, where end-of-life product 

(EOLP) management embedded in a convenient reverse logistics flow is appended to the 

last stage of the value chain [23].  

2.2 Environmentally Concerned Logistics Operations: A Systematic 

Literature Survey 

Recently, environmentally concerned logistics operations (ECLO) have received 

attention from both industry and academia for their ability to reduce environmental 
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pollution caused by an increase in global transportation activities. Growing environmental 

awareness and strict regulations are two major factors that influence how producers and 

consumers carry out environmentally responsible production and product disposal 

operations [24]. As a result, several organizations restructured their business operations to 

be environmentally and ethically accountable [25]. Researchers have investigated the 

impact of these supply chain (SC) operations from a sustainability perspective.  

Supply chain management involves entire business operations such as planning, 

sourcing, production, and distribution. SCM includes all parties from the original suppliers 

to the end users. The concept, however, does not specifically address any one of these 

processes [26, 27]. On the other hand, sustainability embedded SCM considers factors 

beyond the supply chain network by including product design, manufacturing by-products, 

by-products produced during product use, product life extension, product end-of-life, and 

recovery processes at end-of-life [28]. As opposed to traditional or forward SCM, which 

focuses on the economic aspects of a logistics network, sustainable supply chain 

management (SSCM) embodies several supply chain operations and unites the traditional 

supply chain management while ensuring environmentally friendly practices [29]. 

Embedding sustainability into SCM also ensures corporations to maintain competitiveness 

in consideration of environmental and social issues while implementing economic 

sustainability [30]. Therefore, SSCM becomes a prominent area of research wherein the 

entire process is examined by the triple bottom line (TBL) that encompasses the 

environmental, social and economic aspects [31]. 
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Environmentally concerned SCM is divided into categories such as: sustainable 

SCM, green SCM (GSCM), low-carbon logistics, waste management and closed-loop 

SCM (CLSCM). Since the majority of GSCM, parts of CLSCM, waste management, and 

low-carbon logistics topics fulfill the environmental sustainability criteria, these categories 

are included within the SSCM concept [19, 30, 32, 33]. In this regard, a SSCM framework 

is constructed as depicted in Figure 2. Additionally, GSCM and CLSCM target many 

environmental and economic sustainability dimensions, while low-carbon logistics focuses 

on higher environmental performance. GSCM has a total of 12 definitions in the literature 

[19], and is also named green logistics, environmental logistics, environmental SCM, and 

supply chain environmental management [34-36]. Regardless, the topic is mainly 

examined in six categories such as green manufacturing and packaging, green logistics, 

green marketing, green suppliers, green stock, and green eco-design [25, 37]. Furthermore, 

environmental management systems and life cycle analysis are studied by GSCM [38]. 

CLSCM, on the other hand, is examined as reverse logistics, recycling, remanufacturing 

and reuse, and product recovery [26, 39]. Product recovery includes the collection, 

inspection, disassembly, reuse, remanufacturing, and recycling operations with a focus on 

retrieving the value added to EOL products [39, 40]. While low-carbon logistics have been 

studied under different topics such as greenhouse gas (GHG) emissions, carbon footprint, 

carbon emission, and CO2 emissions; waste management is often included in hazardous 

substance management and solid waste management research. Sbihi and Eglese [41] 

considered waste management to be a part of green logistics since the transportation of 

waste materials involves environmental movements. 
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Sustainable Supply 
Chain Management

Green Supply Chain 
Management

Closed-loop Supply 
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T
ri

p
le

 B
o

tt
o

m
 L

in
e

G
re

e
n

 M
a

n
u

fa
ct

u
ri

n
g

 
a

n
d

 P
a

ck
a

g
in

g

H
a

z
a

rd
o

u
s 

S
u

b
st

a
n

ce
 

M
a

n
a

g
e

m
e

n
t

S
o

li
d

 W
a

st
e

 
M

a
n

a
g

e
m

e
n

t

R
e

v
e

rs
e

 L
o

g
is

ti
cs

R
e

cy
cl

in
g

R
e

m
a

n
u

fa
ct

u
ri

n
g

R
e

u
se

P
ro

d
u

ct
 R

e
co

v
e

ry

D
is

a
ss

e
m

b
ly

G
re

e
n

h
o

u
se

 G
a

s 
E

m
is

si
o

n
s

C
a

rb
o

n
 E

m
is

si
o

n

G
re

e
n

 L
o

g
is

ti
cs

G
re

e
n

 M
a

rk
e

ti
n

g

G
re

e
n

 S
u

p
p

li
e

rs

G
re

e
n

 S
to

ck

G
re

e
n

 E
co

-d
e

si
g

n

E
n

v
ir

o
n

m
e

n
ta

l 
M

a
n

a
g

e
m

e
n

t 
S

y
st

e
m

L
if

e
 C

y
cl

e
 A

n
a

ly
si

s

E
n

e
rg

y
 E

ff
ic

ie
n

cy

 

Figure 2. Sustainable Supply Chain Management (SSCM) framework. 

The studies within the fields of ECLO offer a variety of qualitative and quantitative 

research approaches such as conceptual theory, case study, empirical analysis, and 

quantitative modeling. Conceptual theory studies focus on the concepts and introduce new 

methods; whereas, case studies provide real-life examples of these methods. Empirical 

analysis represents the statistical analyses conducted to test these methods. The quantitative 

modeling represents mathematical programming and solution approaches such as 

mathematical modeling, simulation, heuristics, hybrid and analytical models [25, 26, 30]. 

The need for quantitative models in environmentally conscious studies resulted in various 

deterministic, probabilistic, heuristics algorithms, and various software focused on 

economically viable design, manufacturing, logistics, recycling, disassembly and 

remanufacturing operations [24].  
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In spite of the increasing number of papers, sustainability integrated supply chain 

management is still an emerging field in literature. With this motivation, the review in this 

section provides a systematic literature review of quantitative models in the field of ECLO, 

by conducting a content analysis including 804 papers that appeared from 1994 to 2017 in 

English-written peer-reviewed journals and proceedings. This aims at identifying and 

prioritizing research gaps while discussing future research needs in related areas.  

Systematic literature reviews are structured comprehensive reviews that include a 

high level of transparency and consistency of information [42-44]. There are a large variety 

of literature survey approaches provided in the literature. Out of these, narrative synthesis, 

meta-ethnography, and realist synthesis have been reported to increase rapidly across 

different disciplines [45]. Content analysis, a widely used qualitative research technique 

[46], is known to be effective when a systematic descriptive review is required to accurately 

describe and determine the main contributing researchers and journals [47].  

Several literature on environmentally concerned surveys have been published. For 

instance, Srivastava [48] studied GSCM related research and focused on reverse logistics 

using several significant keywords such as remanufacturing, green supply chain, green 

purchasing, and waste management. Additionally, Sarkis, et al. [49] reviewed the literature 

on GSCM under nine organizational theories of complexity, ecological modernization, 

information, institutional, resource-based view, resource dependence, social network, 

stakeholder, and transaction and economics. Moreover, Igarashi, et al. [50] presented a 

literature review on green supplier selection and developed a conceptual model. Similarly, 
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Govindan, et al. [51] offered a literature review about green supplier selection and the 

evaluation of the multi-criteria decision making approaches. 

Another literature review on SSCM was conducted by Seuring and Müller [33]. 

They provided a conceptual framework and implemented a quantitative content analysis 

using the keywords of sustainability, sustainable development, environmental, green, 

ecological, and social and ethical. Furthermore, Gold, et al. [42] examined the literature to 

present a quantitative content analysis of case study publications by taking sustainability, 

green supply, corporate environmental responsibility and strategic purchasing into account, 

and then proposed a conceptual framework of SSCM. In addition, Ilgin and Gupta [24] 

conducted a systematic literature review in the field of environmentally conscious 

manufacturing and product recovery (ECMPRO) and investigated environmentally 

conscious product design, reverse logistics, closed-loop supply chains, remanufacturing, 

and disassembly; while Ilgin, et al. [39] further studied the literature on ECMPRO 

addressing the use of multi-criteria decision making (MCDM) techniques. Hassini, et al. 

[52] analyzed the literature on SSCM and the performance measures and highlighted the 

reliable performance measures. Also, Gao, et al. [53] studied a content analysis on 

sustainable supply chain innovation where they identified a conceptual framework 

including the characteristics of this field. 

Seuring [54] reviewed the modeling approaches for forward SSCM and concluded 

that the dominant modeling approaches consist of equilibrium models, multi-criteria 

decision making (MCDM) and analytic hierarchy process (AHP). Brandenburg, et al. [26] 

also investigated the SSCM related quantitative models. Additionally, Brandenburg and 



 

15 

 

Rebs [30] presented a content analysis of model based SSCM by aiming at categorizing 

modeling approaches according to their model types and model purposes.  

As with all comprehensive and consistent literature reviews, the survey followed 

the guidelines for reporting search strategies including the range of years, the purposive 

sampling strategy along with the inclusion and exclusions, language restrictions, the terms 

used and the electronic sources. Aiming at developing a reliable knowledge base by 

accumulating knowledge from a range of studies, explicit descriptions of the types of 

studies included in the systematic review are clearly outlined to limit selection bias [55]. 

The review included several ECLO categories, viz., SSCM, GSCM, CLSCM, reverse 

logistics, low-carbon logistics, and waste management, where sustainability in SCM is 

emphasized in order to answer the following research questions: 

• Which dimensions of sustainability are mostly employed in the literature? 

• Which quantitative methods and approaches are preferred in ECLO models? 

• Which future work suggestions should be examined? 

To answer these questions, a content analysis is applied to categorize and evaluate 

the related literature. To this point, the process of content analysis consists of four iterative 

steps [56, 57]. These steps are defined as follows [26, 56]: 

1. Material collection: The material to be collected and the unit of analysis are 

defined and delimited. 

2. Descriptive analysis: Formal aspects of the material are assessed. 
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3. Category selection: Structural dimensions including the major topics of analysis 

and related analytic categories with detailed classifications of each structural dimension 

are selected to be applied to the collected material. 

4. Material evaluation: The content of the papers is analyzed according to the 

structural dimensions and analytic categories to identify relevant issues and to interpret the 

results. 

In material collection phase, the unit of analysis is defined as research articles 

published in English-written peer-reviewed journals, proceedings, and book chapters. A 

keyword-based search via online databases is an easier and effective way to conduct a 

broad content check on a specific topic [26, 30, 58]. By replicating the content analyses of 

Seuring and Müller [33] and Brandenburg, et al. [26], a structured keyword search is 

implemented in major databases and publishers such as Elsevier, Emerald, IEEE Xplore, 

ProQuest ABI-Inform, Wiley, Springer, Taylor and Francis, Hindawi, and Inderscience. 

The steps of the structured keyword is depicted in Figure 3. The first stage is a broader 

search where a general keyword search for pairs of terms such as (“Sustainability” OR 

“Sustainable”) AND (“Supply Chain” OR “Logistics”), (“Green” OR “Environmental”) 

AND (“Supply Chain” OR “Logistics”), (“Closed-Loop” OR “Low-Carbon”) AND 

(“Supply Chain” OR “Logistics”) is performed [26, 52].  
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Elsevier 
Emerald  

IEEE Xplore 
ProQuest  

Wiley
Springer

Taylor and 
Francis

Related to ECLO 
between 1994-2017

Structured 
keyword search

804 papers

ECLO 
topics

Sort relevant 
publications

688 papers

Quantitative 
models

425 papers

  

Figure 3. Material collection flowchart. 

In the second stage, the search is focused on quantitative models, and then particular 

methods are further added into the keywords. In the final stage, the papers which do not 

meet all four criteria, given below, are excluded from the overall pool of papers: 

• Papers must be written in the English language in peer-reviewed scientific 

journals, conference proceedings, or book chapters that cover the 24 year-period from 1994 

to 2017. 
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• Publications that do not address environmental criteria of sustainability, and 

focus on economic, ethical behaviors, or political science are excluded from the analysis. 

• The paper contains formal and quantitative model-based publications in the field 

of ECLO.  

• Publications which do not focus on supply chain as the main topic are excluded 

from the analysis. 

After the initial search, 804 publications that appeared from 1994 to 2017 are 

collected. Figure 4 presents the number of publications categorized according to the 

sustainability dimensions. As it can be observed from the figure, there are 724, 707, and 

292 publications that address the economic dimension, the environmental dimension, and 

the social dimension, respectively. In these papers, environmental criteria are also 

interchangeably used with environmental performance or environmental sustainability by 

various authors. The papers that cover the three dimensions of sustainability, namely triple 

bottom line, constitutes 347 of 804 papers, whereas only 98 out of the total sample use the 

term of “Triple Bottom Line”. In this paper, the articles that did not consider environmental 

criteria are excluded from the analysis even though they contain the keyword 

“sustainability”. Those papers focused on either economic sustainability or social 

sustainability. 
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Figure 4. Assignments of publications to the sustainability dimensions. 

The remaining 707 papers are analyzed for their quantitative models. In this step, 

the papers that studied conceptual framework, literature review, case studies and empirical 

researches are excluded. Therefore, 425 of the publications containing formal quantitative 

models are extracted from the sample. Out of these 425 publications, 268 of them embodied 

fuzzy, grey sets, rough set, MCDM and game theory. 156 articles out of the total 804 papers 

that matched 19% of the total number of papers comprised fuzzy environmentally 

concerned logistics methodologies.  

As being the second phase, formal assessments of collected materials are conducted 

in the descriptive analysis. The formal assessment of the analysis includes annual data for 

the total number of publications over time. The top ten cited articles are also provided along 

with the distribution of papers in leading journals for the same time frame. The publications 

are sorted based on this assessment. The body of literature on ECLO contains 707 papers 

extracted from 246 journals, 31 proceedings, and 4 books from 1994 to 2017 as shown in 

Figure 5. The figure indicates the number of publications have shown substantial growth 

over the last 13 years. Conversely, publications hardly increased during 1994 through 2004. 
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One plausible explanation for this trend is growing sustainable practices fostered by 

increasing environmental awareness. 

 

Figure 5. Yearly distribution of the publications over time. 

The next stage of this content analysis, category selection and material evaluation 

are defined and evaluated based upon the content’s analytical and structural dimensions. 

In order to extract meaningful information, the articles are divided into six categories as 

provided in Table 2.1. 

Table 1. Main classifications of the papers. 
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provides a clear understanding of complex issues [44, 54], sustainability can be examined 
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sustainability are reviewed and analyzed while purely economic or social, or socio-

economic studies are excluded. Referring to Seuring and Müller [33] and Seuring [54], the 

papers are first categorized according to their environmental, economic, and social 

sustainability dimensions. Out of 707 papers, 273 articles discussed all three dimensions 

in which 228 of these contained the term of “Sustainability”. Even though the term is not 

mentioned, sustainability is addressed in all papers that include environmental, economic, 

and social dimensions. Figure 6 shows the annual distribution of the papers according to 

their sustainability dimensions. As illustrated in the figure, the publications on 

sustainability show a significant growth in the last decade. 

 

Figure 6. Annual distribution of the papers across sustainability dimensions. 

Farahani, et al. [59] stated that supply chain operations should be implemented in 

order to minimize the total cost, and to make the network more flexible and responsive 

against environmental and social changes. In this review, environmentally concerned 

logistics operations (ECLO) is formed through five structural dimensions of SSCM, 

GSCM, CLSCM, low-carbon logistics, and waste management. The relationship between 

these dimensions and their subfields are depicted in Figure 7. Different terms of the same 
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subfield are grouped around the related dimensions, i.e., greenhouse gas or carbon emission 

instead of low-carbon logistics. 
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Figure 7. The relationship between environmentally concerned logistics operations 

(ECLO) drivers with their subfields. 

Figure 8, below, depicts the percentages of paper categorization of ECLO 

dimensions. Detailed analysis of each structural dimensions of ECLO is provided in the 

following sections. 
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Figure 8. The percentages of paper categorization of ECLO dimensions. 

2.2.1. Sustainable Supply Chain Management 

In the last decades, related studies considered optimal supply chain network design 

and incorporated both environmental and social aspects into the economic dimension. Ahi 

and Searcy [19] indicated that the literature offered a total of 12 unique definitions for 

SSCM. According to their research, the most accepted definition is initially introduced by 

Seuring and Müller [33], who defined SSCM as “the management of material, information 

and capital flows as well as cooperation among companies along the supply chain while 

taking goals from all three dimensions of sustainable development, i.e., economic, 

environmental and social- into account which are derived from customer and stakeholder 

requirements”. However, Ahi and Searcy [19] also found that some of the definitions of 

SSCM address only two dimensions. Similarly, Seuring [60] emphasized the two important 

SSCM dimensions as environmental and social. Accordingly, Frota Neto, et al. [61] 

described sustainable logistics as the balance of environmental and economic aspects. 

Therefore, it is evident that there is a consensus on accepting environmental considerations 

as an integral part of SSCM. 
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In this analysis, 217 papers are classified as SSCM. Figure 9 depicts the number of 

SSCM papers across SSCM practices that mainly include supplier selection/evaluation, 

performance measurement/assessment, corporate social responsibility, facility 

location/allocation, life cycle assessment, network design, and carbon emissions. Here, 

although sustainable development is the most published subfield of SSCM, network design 

and supplier selection/evaluation are ranked second and third. 

 

Figure 9. Number of SSCM articles across SSCM subfields. 

2.2.2. Green Supply Chain Management 

Srivastava [48] defined GSCM as “integrating environmental thinking into supply-

chain management, including product design, material sourcing and selection, 

manufacturing processes, delivery of the final product to the consumers as well as end-of-

life management of the product after its useful life”. In the literature, the term GSCM is 

studied under different keywords such as green logistics, environmental SCM, 

environmental logistics, and cleaner SCM. GSCM includes a wide-range of topics from 

forward logistics to reverse logistics [25, 29, 38, 48, 59, 62, 63]. In this regard, Rao and 

Holt [64] and Govindan, et al. [65] claimed that GSCM practices embody the entire supply 
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chain processes that begins with the manufacturer and ends with the customer. These 

GSCM practices includes reverse logistics, green design, green purchasing, carbon 

management, and integration of product life cycle. 

According to the literature survey conducted by Ahi and Searcy [19], GSCM 

depicts sustainability characteristics, whereas, the environmental dimension of 

sustainability focuses on GSCM. It is evident that the integration of the environmental and 

economic criteria is delineated as green criteria or green sustainability in the literature [19, 

25, 66]. In this analysis, the 66% of the GSCM related manuscripts take into account two 

dimensions, 22% of the manuscripts factor in study all of the three dimensions, and the 

remaining 12% address only the environmental dimension. According to these results, 

GSCM optimizes environmental and economic dimensions and should be classified 

SSCM. The number of the articles based on according to GSCM main subfields is given in 

Figure 10.  

 

Figure 10. Number of GSCM articles across GSCM subfields. 

The wide scope of GSCM covers a variety of subfields that include facility location 

to supplier selection/evaluation, where supplier selection/evaluation is the most studied 

0 10 20 30 40 50 60 70 80

Supplier selection/evaluation

Carbon emissions

Environmental management

Performance assessment

Sustainable development

Purchasing

Life cycle assessment

Network design

Corporate social responsibility

Risk management

3PLs

Facility location

Number of Articles

S
u

b
fi

el
d

s



 

26 

 

subfield. Accordingly, the least preferred subfield is the facility location/allocation-related 

issues. Figure 10 further shows that various papers on sustainable development of GSCM 

encompass all three dimensions of sustainability. 

2.2.3. Closed-Loop Supply Chain Management 

CLSCM embodies all of the processes of product recovery including reverse 

logistics, product disposition, remanufacturing, recycling, reuse, and refurbishing [38, 48]. 

CLSCM is defined by Guide and Van Wassenhove [67] as “the design, control, and 

operation of a system to maximize value creation over the entire life cycle of a product 

with dynamic recovery of value from different types and volumes of returns over time”. 

Since CLSCM addresses reverse logistics as well as remanufacturing, recycling and reuse 

of end-of-life products, there is not a consensus on combining CLSCM and SSCM in the 

literature. Although Taticchi, et al. [68] state that SSCM encompasses the entire process of 

the product life cycle, Brandenburg and Rebs [30] point out that these two concepts can 

partly be combined in definition. Furthermore, they indicate that SSCM and CLSCM are 

examined differently according to the preferred research methodologies. A variety of 

papers studies SSCM or GSCM from only forward logistics perspective [26, 30, 33, 44], 

while some consider SSCM as the combination of reverse and forward logistics flows [25, 

48, 69-71]. Additionally, various papers in the literature acknowledge that closing the loop 

with reverse logistics is a green practice [41, 52, 64, 65, 72, 73]. 

Since forward logistics flows are known as the management of downstream 

material flows, reverse logistics flows are defined as the management of upstream material 

flows [33, 74]. Ilgin and Gupta [24] indicated that CLSCM is simultaneously controlled by 
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upstream and downstream channels; whereas Guide and Van Wassenhove [67] stated that 

reverse material flows dominate the forward supply chains within CLSCM operations. 

Reverse logistics, which is also described as reverse SCM, is part of the process that 

collects used materials within CLSCM aimed at maintaining environmental sustainability 

within SCM [75-77]. Kongar, et al. [77] emphasized that reverse logistics activities focus 

on finding environmentally, economically, and socially sustainable solutions through the 

transparency of information with regards to the logistics flows. Fleischmann, et al. [74] 

further highlighted that reverse logistics is the sustainable management of upstream flows, 

while Agrawal, et al. [78] emphasized that reverse logistics is vital for sustainable 

competitiveness. Hence, it can be deduced that reverse logistics also encompasses 

economic sustainability. Even though existing literature surveys discuss SSCM related 

literature while excluding CLSCM, reverse logistics operations of CLSCM research for 

remanufacturing, reuse, and/or refurbishing is included in this work. The most influential 

topics in CLSCM are presented in Figure 11. According to the subfield analysis, reverse 

logistics is the most popular subfield with network design a close second. Additionally, the 

subfield of sustainable development is identified as a field that lacked attention indicating 

a gap in the related literature. 
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Figure 11. Number of CLSCM articles across CLSCM subfields. 

2.2.3.1. Reverse Logistics  

Bartodziej [21] defines logistics as a part of supply chain management which 

governs an effective and efficient point-to-point flow of products, services, and related 

information to match customers’ requirements. Sustainable logistics facilitates two types 

of material flows: downstream and upstream. While the management of downstream flow 

is known as forward logistics, the management of upstream flow is defined as reverse 

logistics. Here, forward logistics refers to traditional product delivery routes addressing the 

optimization of long-term financial return of supply network. Unlike such typical 

distribution approach, reverse logistics is a relatively new concept which is initiated by 

manufacturers as part of their supply chain strategy over the last decade. The concept of 

closed loop supply chain is emerged from the idea of assembling forward and reverse 

supply flows to establish environmentally friendly operational business strategies. With 

regards to this approach, reverse logistics (RL) aims at regaining the value embedded in 

discarded products in an efficient and effective way and ultimately utilizing acquired 

output as an input in the forward system. Not for long, reverse logistics rapidly became a 
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mandatory task that must be aligned in corporations’ long-term business practices due to 

shortened product life cycles and growing environmental concerns and regulations 

imposed by governments. 

In its working discipline, RL incorporates the reverse distribution of products and 

materials between channel members, and it concentrates on identifying environmentally, 

economically, and socially viable solutions through the transparency of information flow 

Tozanli, et al. [23]. Specifically, RL primarily encompasses the processes of the collection 

of used products, inspection and sorting, remanufacturing, recycling, reuse, and/or 

disposal, distribution, and integration to the forward logistics channel.  In this regard, 

upstream management briefly is summarized as retrieving the value added from scrap or 

reusable products and inserting them into the downstream route to be used as raw material 

in the production line of new products. A basic presentation of forward and reverse network 

flows is shown in Figure 12.  
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Figure 12. A basic presentation of forward and reverse logistics flow [78]. 

The integral of forward and reverse transportation fosters the growth of closed-loop 

product life cycles where the products move from facilities to end-users and back to 

facilities for product recovery on a continuous basis. As indicated in Tozanli, et al. [23], 

the closed-loop supply chain is one of the distinctive scopes in the sustainable value chain, 

and its proper handling constitutes a vital role to endorse sustainable competitiveness. With 

this motivation, it can be declared that only corporations which have the competency to 

harmonize these two channels within their value chain are capable of achieving sustainable 

material flows for their products throughout their life cycles. 
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2.2.3.2. End-of-Life Product Management 

One primary goal of EOLP management is to align environmentally, economically, 

and socially benign production strategies while focusing on the sustainability of natural 

resources [13, 79]. Alqahtani and Gupta [80] states that this process can be initiated in two 

forms of product returns: end-of-life products (EOLPs) or end-of-use products (EOUPs). 

Here, EOLPs represent the products with reduced or diminished functionality, whereas 

EOUPs are classified as functioning returned products with adequate lifetimes [80]. 

Following the collection of these products, OEMs or remanufacturers utilize disassembly 

processes to cultivate the value added in EOLPs. In many instances, proper handling of 

EOLPs comprises component reuse and material recovery through recycling, whereas 

EOUPs are reverted to “as new” condition through a remanufacturing process. In this study, 

both EOLPs and EOUPs are referred to as end-of-life (EOL) products. 

Disassembly is crucial in product recovery operations since it allows for the 

selective separation of desired parts and materials [24]. Disassembly is the most imperative 

and challenging phase in the EOLP management since the yield of valuable parts and 

components significantly depends on the well-established selective dismantling operations 

[6, 79]. Disassembly problem is handled from a variety of approaches including 

scheduling, design for disassembly, disassembly line balancing, disassembly sequencing, 

and disassembly-to-order systems. Focusing on these, disassembly scheduling pinpoints 

the timing and quantity of disassembly to meet the demand for components and materials 

over a planning time horizon [81-86], while design for disassembly models concentrates 

on designing products for the ease of disassembly to attain value creation from EOLPs [15, 
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87-91]. Additionally, disassembly line balancing research involves the disassembly task 

assignments to an optimal set of workstations by minimizing the number of stations and 

idle times between stations [92-95]. Disassembly sequencing enables a systematic 

dismantling method of valuable parts and components in the used product architectures 

[79, 96-99]. Disassembly-to-order systems, on the other hand, form a generic model of 

product recovery taking into account the optimum number of EOL products to be 

disassembled in order to meet the demand for components and materials ordered from 

multiple origins [6, 7]. Recently, autonomous architectures in disassembly gained 

increased attention due to its high impact on decreasing the manual labor costs [13, 100, 

101]. 

Disassembly-to-order (DTO) systems, the focus of this study, deal with finding 

optimum levels of disassembly to meet the demand for regained materials and parts. From 

the reverse logistics systems point of view, a DTO system is of a vital importance since it 

constitutes a general form of a product recovery system taking into account different costs 

and revenues originating from multiple sources. Therefore, the system is charged with the 

task of determining the optimum number of EOL products to be disassembled in order to 

meet the demand for materials and components derived from EOL products. The EOL 

products can be taken back, collected or purchased from end users, landfills or second-

hand sellers. Kongar and Gupta [6] presented a multi-objective optimization model of a 

DTO system to find the best combination of end-of-life product take-backs to fulfill the 

demand for materials and items retrieved through disassembly in order to maximize overall 

profit, minimize the number of items sent to landfills, minimize the inventory cost, and 
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minimize the total disassembly cost. Kongar and Gupta [102] further investigated optimal 

solutions through a linear physical programming model. This model also provided the 

number of items to be disassembled, remanufactured, recycled, and stored. Similarly, 

Lambert and Gupta [103] presented a tree network model by combining disassembly graph 

approach and component-disassembly optimization in a DTO problem. Gupta, et al. [104] 

examined a DTO system profitability to determine the optimal number of product returns 

to satisfy the desired criteria of the system by implementing neural network technique. 

Due to the possible changes in the product structures during and after their useful 

lives, EOL products are often associated with high levels of uncertainty. The wide variety 

of returned products adds to this uncertainty making disassembly yield highly 

unpredictable. Remanufacturing can be considered as another key foundation of product 

regaining processes which is initiated by disassembly operations [79, 105, 106]. In 

accordance with the unpredictable nature of disassembly output, remanufacturing 

applications are also acknowledged in a highly variable and uncertain framework. Many 

researchers discussed supply network designs to meet the remanufacturing demand and the 

profitability of these reprocessed products [107-109]. Inderfurth and Langella [110] 

focused on stochastic yields in a DTO problem through one-to-one and one-to-many 

heuristics methods. Kongar and Gupta [111] applied fuzzy goal programming model to 

overcome the uncertainty in generic DTO systems. In their study, Kongar and Gupta [111] 

defined the goals in “approximately more (less) than” and/or “more (less) is better” form. 

Massoud and Gupta [112] investigated the DTO under stochastic yields, limited supply, 
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and quantity discounts, where they employed a heuristics approach to convert stochastic 

variable to their deterministic equivalents. 

A variety of researchers utilized state-of-the-art technologies in product 

architectures to deal with the uncertain yield of discarded item disassembly operations. 

Meyer, et al. [113] published a review on intelligent products to scrutinize their technical 

foundations and the achievable practical goals in the contexts of manufacturing, supply 

chain management, and life cycle assessments. They emphasized the opportunities of smart 

products in improving the manufacturing and remanufacturing operations as well as 

advancing logistics routes and ensuring security in supply chain avenues. The literature on 

the utilization of digital technologies in order to decrease the unpredictability in 

dismantling and to increase the quality in remanufacturing yields will be elaborated in the 

Section 4.3. 

2.2.4. Low-Carbon Logistics and Waste Management 

The articles that focus on low-carbon logistics are studied as a subfield of GSCM, 

SSCM, or CLSCM [71, 114-116]. Some papers define low-carbon optimization as a green 

practice [50, 73, 115, 117]. Low-carbon logistics exists in different forms in the literature 

such as greenhouse gas emissions, carbon emissions, CO2 emissions, carbon footprints, and 

carbon management. Igarashi, et al. [50] defined low-carbon logistics as the visualization 

and reduction of CO2 emissions that are achievable through the entire supply chain that 

extend beyond a single organization. In addition, they further studied a design for lower 

disassembly cost, higher recycling, and CO2 saving rates by an environmental and 

economic parts selection. Similarly, low-carbon logistics models are examined by using 
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the word “eco-efficiency” or “eco-driving”. Here, the focus of the articles includes energy 

efficient transportation, low fuel consumption, and high usage of green fuels [72]. 

One essential factor of sustainability is low-carbon logistics [118]. Sundarakani, et 

al. [115] underlined that integrating low carbon emissions into SCM increases the use of 

energy efficient vehicles, and also minimizes waste pollution by increasing the volume of 

recycling. The majority of the various models that individually study carbon emissions 

without integrating the topic into SSCM, GSCM or CLSCM focus on environmental and 

social sustainability. The remaining papers involve either environmental and economic 

aspects of sustainability or all three dimensions. Therefore, these models can be accepted 

as a narrow form of sustainable development and can be considered as part of SSCM. 

Location selection for hazardous waste storage and efficient transportation of waste 

are two problems that are commonly studied in waste management research [119]. The 

goal of these models is to reduce environmentally hazardous substances and energy usage. 

The majority of articles on the topic of waste management also included topics such as 

low-carbon logistics, GSCM, CLSCM, or SSCM where the transportation of waste 

materials and energy savings are considered. For the purpose of sustainability, waste 

management is also an indicator of sustainable development [41, 75, 120-122]. Through 

this research, it is found that the number of individually studied papers in these two fields 

comprises of only a small portion of the overall sample of 707 papers. Furthermore, it can 

be claimed that the studies on low-carbon logistics and logistics focused on waste 

management are correlated and should be considered as subsets of GSCM or CLSCM 

activities. Furthermore, papers that discussed the field of waste management with logistics 
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concentration tends to remain stable over the years and points out a gap in the literature. 

Figure 13 depicts the distribution of the papers according to subfields of low-carbon 

logistics and waste management. As observed from the figure, even though it is evident 

from Figure 13 that the subfield of network design is the leading subtheme, articles on 

sustainable development and life cycle assessment also contributes to substantial number 

of papers on low-carbon logistics. Additionally, the exhibition shows that hazardous 

substance management is the most frequent subfield on logistics related waste 

management. 

 

Figure 13. Number of articles across subfields of low-carbon logistics and waste 

management. 

2.2.5. Quantitative Research Methodology in the field of ECLO 

In this analysis, research methods utilized in the related literature are divided into 

five categories: the conceptual/theoretical model, quantitative modeling, empirical 

analysis, case study, and literature review. The number of papers across these research five 

methodologies is shown in Figure 14. Some of the 707 papers discuss a combination of 

methodologies that include conceptual/theoretical model and case study (5%), 
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conceptual/theoretical model and empirical analysis (13%), conceptual/theoretical model 

and literature review (2%), literature review and case study (1%), literature review and 

empirical analysis (1%), quantitative modeling and case study (74%), quantitative 

modeling and empirical analysis (4%), and quantitative modeling and literature review 

(1%). Therefore, implementing a case study in quantitative model-based research is found 

as the most preferred approach in ECLO focused papers. 

 

Figure 14. Number of the ECLO papers across research methods. 

Furthermore, these research papers are analyzed and categorized according to their 

research methodologies for each field of ECLO. The most preferred research method on 

SSCM emerged from quantitative modeling papers, where 100 out of 217 papers employed 

quantitative modeling and case study, followed by conceptual/theoretical model papers. 

Furthermore, the major research methodology implemented in the GSCM papers also 

quantitative modeling involving 176 out of 282 papers. Similarly, 120 out of 121 papers 

are found that apply quantitative modeling to CLSCM where hypothetical models 

constituted the majority of these studies. These results show that, SSCM concept is mainly 

discussed over its conceptual perspective, while GSCM and CLSCM are primarily studied 

by quantitative modeling methodologies. 
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Quantitative modeling techniques include operations research tools such as 

mathematical programming, decision analysis, heuristics, simulation, and others.  

Figure 15 provides a basic framework of the analysis and depicts each model with 

its corresponding sub-classes [26, 40, 123]. In total, 425 out of 707 papers are labeled as 

quantitative modeling papers. Using the framework provided in Figure 15, mathematical 

models are categorized into single-objective models and multi-objective optimization 

(MOP) models. These models include linear programming (LP), nonlinear programming 

(NLP), mixed integer programming (MIP), mixed integer linear programming (MILP), 

goal programming (GP), robust programming (RP), stochastic programming (SP), dynamic 

programming (DP), possibilistic programming, queuing theory, fuzzy mathematical 

programming, and bi-objective programming [114, 124-130]. Typically, in quantitative 

modeling techniques, heuristics are combined with other methodologies. Within this 

research, it is also determined that heuristics present a viable solution methodology when 

used with additional methods. Furthermore, heuristics can be categorized under two main 

classes referred as exact heuristics and meta-heuristics. In addition, neural network (NN) 

models can also be included under the umbrella of heuristics [26]. With this reasoning, this 

paper categorized heuristics under three classes as follows: exact heuristics, meta-

heuristics, and NN. These papers are then separated based on their designated class in 

accordance with the constructed framework which is depicted in Table 2.2. 
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Figure 15. A basic framework of the modeling techniques. 

It is also observed that limited number of papers discussed simulation models. In 

this regard, system dynamics is included in 3 papers [131-133], whereas discrete event 

simulation models and Monte Carlo simulation models are utilized in 4 and 3 papers, 

respectively [134-139]. 

Various decision analysis methods include multi-criteria decision making, fuzzy 

set theory, rough set theory, game theory, grey systems, and life cycle analysis. When 

various papers on decision analysis are compared, it is found that several papers cross-

referenced fuzzy set theory and rough set theory with artificial intelligence techniques [26, 

51]. Additionally, various papers discuss fuzzy set theory as an individual methodology in 

decision making [140-142], while the vast majority of papers integrates fuzzy approaches 

into multi-criteria decision making (MCDM) [143-149]. Here, out of the 156 quantitative 

modeling papers that employ fuzzy techniques only 9 of them focus on fuzzy sets as the 

only method. It is also found that the majority of papers using fuzzy approaches is primarily 

correlated with MCDM, followed by mathematical programming. More specifically, the 
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fuzzy MCDM approach constitutes 96 out of the 147 fuzzy papers, while fuzzy 

mathematical programming is used in 53 out of the 147 fuzzy papers.  

Table 2. Assignments of the papers according to the related modeling techniques (a). 

Modeling 

Techniques 

No. of 

Articles 

Modeling 

Approach 

No. of 

Articles 
Solution Methods 

No. of 

Articles 

Mathematical 

programming 
209 

Single objective 

models 
86 LP/NLP/MIP/MILP/MINLP 23 

  
Multi-objective 

models 
123 

MOMIP/MOMILP/MOMINLP/MOLP/M

ONLP 
45 

    
Bi-objective/Multi-objective 

LP/NLP/MIP/MILP/RP/GP/DP/SP 
51 

    e-constraint method 14 

    GP 4 

    RP 11 

    SP 12 

    
Fuzzy mathematical 

programming/Possibilistic programming 
46 

    Queuing theory 4 

Decision Analysis 220 MCDM 176 AHP/ANP 105 

  Fuzzy Sets 156 DEMATEL 24 

  Rough Sets 7 TOPSIS 31 

  Grey Systems 20 VIKOR 10 

  Game theory 15 DEA 24 

  LCA 7 QFD 3 

    PROMETHEE 5 

    Multiple attribute utility theory 3 

    Rough set theory 7 

    Grey approach/Grey numbers 8 

    Grey Relational Analysis 9 

    Fuzzy entropy 3 

    
Fuzzy membership function/Linguistic 

preferences/Fuzzy arithmetic 
95 

    Fuzzy c-means clustering 2 

    Intuitionistic fuzzy sets 2 

    Game theoretical analysis 4 

    Evolutionary game theory 2 

    Game equilibrium analysis 3 

    Variational inequality theory 2 

    Two-stage game model 4 

    Others (b) 33 

Heuristics 61 Exact heuristics 16 Lagrangian heuristics 1 

  Meta-heuristics 45 Greedy heuristics 1 

  NN 8 Branch and Bound 3 

    Memetic algorithm 2 

    Genetic algorithm 24 

    Simulated annealing 3 

    Tabu search 2 

    Variable neighborhood search 3 

    Particle swarm optimization 6 

    Artificial NN 6 

    Others (c) 16 

Simulation 10 SD 3   
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Discrete event 

simulation 
4   

  
Monte Carlo 

simulation 
3   

(a) The inequality between the total number of the papers assigned to each technique and the total number 

of the papers assigned to each approach is caused by the hybrid studies combining two or more 

approaches; (b) ELECTRE, MACBETH, Grey Correlation Analysis, Grey entropy, Fuzzy axiomatic 

design, Fuzzy logic controller, Incomplete preference relations, Interpretive ranking process, Fuzzy 

integrated enhanced Russell measure, Dual-role factors, Online analytical processing data (OLAP) cube 

model, Weight analysis, Graph theoretic and matrix approach, Fault-tree analysis, Adaptive neuro-fuzzy 

inference system, Fuzzy nominal group technique, Governing network equilibrium model, Fuzzy 

inference system, Fuzzy extent analysis, Input-output analysis, Stackelberg scenario analysis, Best-

Worst Method, Interval-valued fuzzy hesitant set, Fuzzy ranking method;  
(c) Two-phased heuristics, Adapted imperialist competitive algorithm, Nested integrated cross-entropy, 

Adaptive neuro-fuzzy inference system, Clarke-Wright algorithm, Ant colony optimization, Nearest 

neighborhood search, Artificial bee colony, Sample average approximation, Decomposition heuristics, 

Differential evolution algorithm, Continuous approximation. 

 

In an effort to further understand the relationship between fuzzy sets and its 

utilization in ECLO fields and subfields, a relationship matrix is generated as illustrated in 

Figure 16. 

 



 

42 

 

      Fuzzy Environmentally Conscious Logistics Operations

GSCM CLSCMSSCM
Low-Carbon 

Logistics
Waste 

Management
S

u
p

p
li

er
 S

el
ec

ti
o

n
/E

v
al

u
at

io
n

N
et

w
o

rk
 D

es
ig

n

P
er

fo
rm

an
ce

 A
ss

es
sm

en
t

C
ar

b
o

n
 E

m
is

si
o

n
s

S
u

st
ai

n
ab

le
 D

ev
el

o
p

m
en

t

E
n

v
ir

o
n

m
en

ta
l 

M
an

ag
em

en
t

S
u

p
p

li
er

 S
el

ec
ti

o
n

/E
v

al
u

at
io

n

N
et

w
o

rk
 D

es
ig

n

P
er

fo
rm

an
ce

 A
ss

es
sm

en
t

C
ar

b
o

n
 E

m
is

si
o

n
s

S
u

st
ai

n
ab

le
 D

ev
el

o
p

m
en

t

E
n

v
ir

o
n

m
en

ta
l 

M
an

ag
em

en
t

Fuzzy Set Theory
Fuzzy 

Mathematical 
Programming

Fuzzy MCDM

F
u

zz
y

 L
P

/N
L

P

F
u

zz
y

 M
IP

/M
IL

P
/M

IN
L

P

F
u

zz
y

 M
O

L
P

/M
O

N
L

P
/

M
O

M
IP

/M
O

M
IL

P

F
u

zz
y

 G
P

F
u

zz
y

 R
P

F
u

zz
y

 A
H

P
/A

N
P

F
u

zz
y

 T
O

P
S

IS

F
u

zz
y

 D
E

M
A

T
E

L

F
u

zz
y

 V
IK

O
R

F
u

zz
y

 D
E

A

F
u

zz
y

 P
R

O
M

E
T

H
E

E

F
u

zz
y

 M
A

C
B

E
T

H

Fuzzy Grey 
System

Fuzzy Game 
Theory

R
is

k
 M

an
ag

em
en

t

C
o

rp
o

ra
te

 S
o

ci
al

 R
es

p
o

n
si

b
il

it
y

L
if

e 
C

y
cl

e 
A

ss
es

sm
en

t

R
ev

er
se

 L
o

g
is

ti
cs

F
ac

il
it

y
 L

o
ca

ti
o

n

R
ev

er
se

 L
o

g
is

ti
cs

T
h

ir
d

-p
ar

ty
 P

ro
v

id
er

s

O
rd

er
 A

ll
o

ca
ti

o
n

L
if

e 
C

y
cl

e 
A

ss
es

sm
en

t

S
u

p
p

li
er

 S
el

ec
ti

o
n

/E
v

al
u

at
io

n

N
et

w
o

rk
 D

es
ig

n

P
er

fo
rm

an
ce

 A
ss

es
sm

en
t

C
ar

b
o

n
 E

m
is

si
o

n
s

S
u

st
ai

n
ab

le
 D

ev
el

o
p

m
en

t

S
u

st
ai

n
ab

le
 D

ev
el

o
p

m
en

t

H
az

ar
d

o
u

s 
S

u
b

st
an

ce
 

M
an

ag
em

en
t

 

Figure 16. Classification of fuzzy methods with techniques. 

The majority of the quantitative modeling articles, specifically 241 out of the 425 

papers, focused on technology-related industries such as electronics, automotive, energy, 

and bioenergy followed by consumable goods that included food, apparel and paper. Table 

3 depicts the industry distribution across ECLO-focused manuscripts. 

Table 3. Industry categorization across ECLO papers (number of studies per industry). 

Industry 
No. of  

Papers 
Industry No. of Papers Industry 

No. of  

Papers 

Electronics industry 59 Recycling industry 7 Furniture industry 3 

Automotive industry 25 Plastic industry 7 Steel industry 2 

Energy industry 25 Textile industry 6 Aluminum industry 2 

Food industry 25 Paper industry 5 Packaging industry 2 

Bioenergy industry 18 Apparel industry 4 Fashion industry 2 

Manufacturing industry 9 Healthcare industry 4 Pharmaceuticals 2 

Logistics industry 9 Mining industry 4 Miscellaneous * 11 

Chemicals industry 7 Glass industry 3   

* Construction, Geyser, Lumber, Resin, Scooter, White goods industry, High-tech industry, Gold industry, 

Irrigation, Tank, and Publishing industry. 
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According to Table 3, the top three industry categories are electronics, automotive, 

and energy for quantitative modelling ECLO papers; hence, based on all the literature, the 

most favored industry focus is technology.  

The results indicate that there has been an increase in research focusing on 

sustainability in logistics operations. Three dimensions of sustainability (also known as 

Triple Bottom Line) include economic, social, and environmental dimensions. The papers 

considered economic dimension of sustainability constitute the vast majority of the papers, 

whereas economic dimension is considered as an integral part of environmentally 

concerned models. It is interesting to note that, despite the fact that total number of papers 

that discussed the social dimension shows a significant growth in recent years indicating 

the need additional research in this area. In addition, the utilization of innovative 

technologies is an emerging topic in the literature, and therefore, its utilization should be 

recognized as an ECLO subfield. Simulation and statistical models are among the least 

employed research methodologies. Considering the prospective logistics and product 

recovery architecture resulting in unprecedented degree of complexity in operational flows, 

these models require more attention providing a research opportunity for future researches. 

2.3. Integration of Disruptive Technologies into Closed-Loop Supply Chain 

Operations 

Today, manufacturing companies are facing major disruptions in their markets as a 

result of globalization, individualization, and virtualization. The complexity in 

manufacturing networks is also steadily growing along with the ever-increasing market 

requirements. Simply put, fast-growing demand for newer and customized products results 
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in shortened product life cycles requiring faster and more reliable production technologies. 

In addition, the growth in global business activities compels firms to build advanced 

communication channels via far-reaching networks. Growing environmental concerns and 

regulations obligate companies to carefully assess the sustainable impact of their products 

and services considering environmental, economic, and social aspects at all stages of a 

product life cycle [150]. 

Responding to these requirements, corporations adapt state-of-the-art technologies 

in their business operations to maintain their competitiveness in today’s highly complex 

market environment. However, as acclaimed by Stock and Seliger [151], traditional 

production and supply chain technologies have become insufficient to simultaneously 

overcome the ever-increasing complexity and ensure sustainable development in their 

manufacturing functions. As a result of insufficient capability of traditional technologies 

on value creation, Hofmann and Rüsch [22] pointed the emerging need for intelligent 

technologies to enhance total value added in terms of cost efficiency, productivity, 

modularity, flexibility, adaptability, stability, and sustainability in supply chains. With this 

motivation, the term Industry 4.0, also referred to as the Fourth Industrial revolution, is 

developed so as to shape a concept of integrated industry to achieve effective management 

of production and supply chain and value creation in the product recovery towards 

sustainability [152].  

In the subsequent sections, the role of closed-loop supply chains in sustainable 

supply chain operations are presented. Following this, the context of Industry 4.0 and its 
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deliverables to the long-term operational strategies are elaborated through an in-depth 

discussion so as to provide a better understanding of this topic. 

2.3.1. Industry 4.0: A Disruptive Industrial Movement 

Ever since the beginning of the Industrial Revolution in the late eighteenth century, 

industries have been influenced by ongoing developments. The past three industrial 

revolutions emerged by technical innovations has led to radical changes in industry. 

Specifically, the first industrial revolution is in the field of mechanization by the use of 

water- and steam-powered manufacturing; the second industrial revolution is the 

evolvement to mass production and assembly lines by the intensive use of electricity; and 

the third revolution is the transition to the digitalization in conjunction with computer aided 

manufacturing and automation systems. 

As mentioned in the previous sections, companies are challenged by dramatically 

expanding complexity and market needs. Among these, demand for high product variety 

at high quality levels and low costs, capital for maintaining global corporate activities, and 

capability of achieving developments towards sustainability constitute some of the major 

needs. To address these challenges, industries seek faster and more reliable business 

technologies to be utilized in their manufacturing and logistic processes throughout their 

supply chain in order to attain sustainable competitive advantage. Consequently, the 

German government established an initiative under the name “Industrie 4.0” in order to not 

only secure the future production requirements of German manufacturing industries but 

also to stimulate the industrial sector as a forerunner ensuring German market 

competitiveness in the world [21, 22]. The utilization of Industry 4.0 significantly 
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consolidates the German manufacturing industry since it elevates the efficiency of 

domestic production and the volume of export significantly contributing to their GDP.  

Industry 4.0 represents the developments towards the fourth stage of 

industrialization. The background of this concept relies on the year 2011 when it was first 

presented at the Hannover Messe Trade Fair and published by Kagermann, et al. [153] in 

a German-speaking manuscript. The idea here was introduced as the establishment of 

autonomous, knowledge-based, sensor-embedded, self-organized and decentralized IT-

driven production systems. Therefore, the Fourth Industrial revolution was simply 

described as the future production systems that run modular and efficient manufacturing 

operations where the products control their own manufacturing processes. Endorsing its 

importance, Kagermann, et al. [154] stated that the active participation in the Industry 4.0 

is vital for companies to overcome possible challenges and opportunities in future 

production systems in terms of industrial value creation. Industry 4.0 was not common 

outside of German-speaking areas until the Industrial Internet Consortium in the US 

promoted it in 2015. Subsequently, it was listed as a main topic on the 2016 World 

Economic Forum’s (WEF) agenda [22, 151, 155]. Since then, this promising concept has 

received attention from both academia and industry due to its ability to cope with the 

complexity of the market dynamics by putting forward the vision of future-oriented 

manufacturing and logistics processes. Lasi, et al. [152] have categorized these potential 

benefits as application (pull) and technology (push). With regards to Lasi, et al. [152], 

application describes the benefits from operative aspects such as individualization on 

demand, higher flexibility in product development and mass production, while technology 
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indicates certain innovative advantages such as advanced mechanization and automation, 

and self-organized digital structures. 

Industry 4.0 is considered as the transition from current industrial technologies to a 

new fully digitalized industrial age. This evolution can basically be signified as the 

convergence of disruptive technologies such as Cyber Physical Systems (CPS), Internet-

of-Things (IoT), cloud computing, big data analytics, artificial intelligence, blockchains, 

advanced robotics and autonomous systems, augmented reality, and additive 

manufacturing [155]. Undoubtedly, CPS and IoT here can be remarked as the most 

powerful core enablers which form the basis of the fourth stage of industrialization. In 

particular, IoT provides manufacturers the ability to keep track of individual products 

throughout the value chain on a continuous basis via embedded devices such as high-

quality sensors, actuators, RFID tags, and microprocessors [156, 157]. CPS decodes the 

ongoing digital-to-physical and physical-to-digital cycles, therefore, it maintains the 

communication between these intelligent structures and humans. Emphasize its potential 

power, Hofmann and Rüsch [22] described the CPS platform as an unprecedented degree 

of end-to-end control, surveillance, transparency, and efficiency in the value chain.  

Digital twins are considered as one of the major CPS platforms empowered by IoT 

sensors. A digital twin is signified as the virtual representation of a physical asset by 

transforming its properties and behavior into simulation models, information and data [158, 

159]. In particular, digital twins are empowered by utilizing the scattered data obtained 

through Internet-of-Things (IoT) devices such as sensors and RFID tags [160]. Embedding 

IoT devices in products facilitates a high degree of traceability of individual goods along 



 

48 

 

their life spans. Capturing data from the networked IoT infrastructure via a cloud, digital 

twins form the abstract models of point-to-point supply chains or individual activities such 

as manufacturing, inventory, or transportation and logistics [158, 161]. These virtual 

instances can be constructed for both products via 3D models and processes via discrete 

event simulations [162, 163]. Concatenating product and process abstractions, OEMs can 

create a completely automated network at which they apprehend omnipresent performance 

and health status of products and then synchronize the process simulation to facilitate a 

real-time optimization and analytical capability [164]. Such continuous physical-to-digital-

to-physical chain allows manufacturers to envision possible outcomes and to remarkably 

reduce error rates at operational levels [165]. 

Furthermore, big data analytics, blockchain, and cloud computing serve as data 

enablers. Accordingly, blockchain can be defined as a distributed peer-to-peer ledger 

technology that can log transactions in a shared database between parties by eradicating 

many trusted intermediaries in a secure and permanent way [166, 167]. Through 

blockchain-generated environment, big data analytics transforms large volumes of data 

obtained from intelligent IoT processors into valuable real-time information in a secure 

and protected way. Bartodziej [21] delineated this structure as a self-optimizing intelligent 

system which stimulates the reduction of lead time and energy consumption as well as the 

increase of quality. Additionally, cloud computing demonstrates a user-friendly interface 

of advanced digital platform which delivers a rapid real-time network connection. With 

regards to its working discipline, data gathered from intelligent objects are sent to a server, 

processed via big data analytics, and sent back to the designated location. Through all 
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enablers, companies can reduce the complexity and uncertainty in their business processes 

by governing end-to-end real-time information flow.  

The fourth stage of industrialization introduces an embedded system where current 

advanced manufacturing technologies are integrated into CPS in manufacturing and supply 

chain operations as well as IoT in industrial processes [21]. Specifically, this concept aims 

at fully integrating industrial technologies to establish smart objects including smart 

factories, smart logistics, smart products and services embedded in CPS and IoT in order 

to optimize overall industrial value added [151]. 

Industry 4.0 also facilitates a paradigm shift in corporate strategies by extending 

business functions beyond an advanced and highly flexible platform. To this end, the new 

business environment accommodates a decentralized, modular, self-organizing, flexible, 

innovative, and sustainable structure. High flexibility together with increasing innovation 

capability decreases the product development periods while concurrently performing mass 

production. Decentralized organizational structures notably accelerate the decision making 

processes while modularity allows for individualization on demand and removes strict 

production hierarchies. In addition, Industry 4.0 paves the way to a remarkable level of 

resource- and eco-efficiency in terms of sustainability. 

The prominent value creation modules of Industry 4.0 embraces an interplay of the 

intelligent technologies in association with up-to-date corporate strategies. With the help 

of these key modules, the benefits of Industry 4.0 can be compiled as an advanced 

mechanization and automation, simultaneous information flow and real-time coordination 

with a communication technology infrastructure, reduction of complexity costs, and the 
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emergence of new services and innovative business models while expediting eco-

efficiency, adaptation of human needs into the system, and corporate social responsibility. 

In general, the oncoming industrial age revolutionizes conventional ways of value 

creation by transforming all point-to-point steps in production and supply chain models, 

and therefore constructs a bridge between human needs and advanced technologies [21, 

155]. This novel system as a whole builds the term called Smart Factory which allows for 

the base components of industry such as machine, product, human, and organization to 

communicate with one another using ubiquitous flow of smart data in an integrated 

network. Moreover, the intelligent infrastructure reinforces the capability of the value chain 

including inbound and outbound logistics, manufacturing, production and service 

operations [151, 152]. 

2.3.2. Impacts of Industry 4.0 on Supply Chain Operations towards 

Sustainability 

Industry 4.0 conveys a noteworthy perception to the future of supply chain 

management, Supply Chain 4.0. In Supply Chain 4.0, a successful aggregation of 

compatible technologies leads to a concrete value-creating capability. Utilization of one or 

more of such intelligent systems prompts a unique, secure, agile, dynamic, responsive, 

knowledge-based, and customer-oriented constellations which help to succeed in long-term 

competitiveness. Similar to technological developments, sustainable and secure flow of 

materials is another fundamental surroundings for corporations to be capable of utilizing 

their resources effectively, therefore, becoming more competitive in industry [21, 168].  
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The intersection of intelligent and operative systems in the digital era yields more 

sustainable value creation and delivers superior benefits to firms against their competitors. 

Through the Supply Chain 4.0 setting, organizations become more responsive to the 

rapidly-changing market environment, more flexible to settle new technological functions 

in their existing systems, and more interactive by binding all parties in a network 

throughout their forward and reverse logistics operations [169]. Additionally, this 

interdisciplinary cornerstone avoids firms from wasting their time and resources by using 

the help of autonomous IT-based platform.  

Smart supply chain management can be examined under the umbrella of three 

overarching strategic pillars for actions such as horizontal integration, end-to-end digital 

integration in product life cycle, and vertical integration [151]. In this regard, horizontal 

integration addresses the same level value-adding activities along supply chain of a firm or 

between multiple firms. This integration puts forward a collaborative digital value network 

of multiple companies including an exchange of materials, energy, and information [21]. 

This network constitutes greater significance for Small Medium Enterprises (SME) due to 

its capability of expanding resource channels conjointly with reducing the complexity of 

manufacturing processes and business layers [156]. End-to-end digital integration supports 

the concatenation of IT-driven systems into entire product life cycle steps beginning from 

raw material acquisition to end-of-life product [151]. Consequently, vertical integration 

arranges the intelligent end-to-end solutions between different hierarchical levels from 

production management and manufacturing stations to sales and marketing in supply chain 

of a smart factory [21, 151, 170]. Contrary to the horizontal merger, vertical aggregation 
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gives firms the opportunity to reduce their operational costs and increase effectiveness and 

efficiency by acquiring varying levels of managerial capabilities. The 2017 WEF’s report 

“Impact of the Fourth Industrial Revolution on Supply Chains” endorses its economic 

potential by indicating that the majority of companies who achieved altering their digital 

transformation appears in the manufacturing sector (79.9%) and the logistics sector 

(85.5%). Here, the manufacturing industry has achieved having a positive impact on the 

cost reduction plus additional revenues by 20.1% while the logistics sector has increased 

by 17.8%.  

From the technical standpoint, Supply Chain 4.0 authorizes manufacturers to unify 

people, objects, and operating systems in an integrated network and uplifts business models 

towards a new degree of value creation. The Fourth Industrial revolution presents a union 

of physical and digital value chain. Here, the physical value chain analyzes the impacts of 

advanced models on organizational and strategic structures allied with economic, 

environmental, and social perspectives, while the digital value chain evaluates the long-

term value-adding pattern from the technological viewpoint. The implications of such 

modern interconnected value chain can be examined in different characteristics such as 

digitalization, localization, customization, and collaboration [155, 171].  

Focusing on these, digitalization facilitates an unprecedented degree of surveillance 

and quality control along the point-to-point value chain from product design to end-of-life 

product recovery. The integration of key technologies such as CPS, IoT, big data, and cloud 

computing intelligently links all primary objects within a factory such as human, machine, 

and product as well as all partners within a supply chain such as supplier, manufacturer, 
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logistics provider, and consumer to each other. In particular, as outlined previously, IoT 

pertains to small, widely distributed, and virtually connected ubiquitous devices which 

read, collect, and store continuous real-time data in a cloud. CPS transforms these collected 

data into real-time information via the cloud using the help of big data analytics. This 

system generates the emergence of environmentally friendly smart grids where the need 

for energy generation of advanced factories is met by renewable energies or short-term 

energy storages [21, 151]. This profound progress as a whole develops the intelligent 

logistics system. The workflow of the Supply Chain 4.0 setting is exhibited in Figure 17.  

In SC 4.0, firms are capable of monitoring an online material flow, and hence 

reducing errors on forecast analysis through the stream of smart data. Therefore, 

digitalization helps organizations improve a transportation system by eliminating the 

uncertainty in both their forward and reverse logistics flows. Moreover, localization and 

customization imply decentralized organizational structures accompanied with flexible and 

agile production logistics. Based on these features, manufacturers obtain individualization 

on demand in high quantities and mass customization. Collaboration eventually stimulates 

the involvement of all actors along the end-to-end value chain, and therefore, provokes 

transparency in the logistics network. As a consequence, the characteristics of corporations 

substitute with highly flexible, adaptable, innovative, digital, and responsive features 

through advanced communication channels. 
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Figure 17. The workflow of the Supply Chain 4.0 setting. 

2.3.2.1. Product Recovery Operations in the Supply Chain 4.0 Setting 

Ilgin and Gupta [14] discussed several designs that contribute to the uncertainty in 

disassembly yield involving the functionality, existence and type of each EOL component. 

Ondemir and Gupta [7] utilized the Internet-of-Things technology in order to eliminate 

uncertainty regarding existence, types, conditions, and remaining lives of components in 
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EOLPs. Huang, et al. [172] discussed a cloud-based design for disassembly in order to 

create a generic model for the relationship of components, easing components 

disassemblability through providing dismantling guidelines in the design stage. Alqahtani 

and Gupta [173] presented a quantitative analysis of the impact of warranty provisions on 

remanufactured products in a sensor-embedded disassembly-to-order system.  

These studies mainly focus on preventive and prescriptive analysis and utilize 

optimization models. The high-volume data involved in cutting-edge product return 

systems however, prevent these models from being considered as viable options. Predictive 

analyses, on the other hand, are capable of evaluating systems through a continuous real-

time condition monitoring and foresee what is likely to happen through simulation models 

and statistical tools [174, 175]. Accordingly, Dulman and Gupta [16] compared the cost of 

maintenance operations between sensor-embedded product design and conventional 

product design. Similarly, Bumblauskas, et al. [174] established a smart framework to 

predict recommended maintenance actions by utilizing Internet-of-Things developments.  

In the area of blockchain, Litke, et al. [176] analyzed the technology in supply chain 

activities over particular elements such as scalability, performance, consensus mechanism, 

privacy considerations, and location proof and cost. Tseng, et al. [177] studied the data 

flow of drugs in a blockchain-enabled environment to create a transparent and traceable 

transaction data. Bahga and Madisetti [178] designed an architectural decentralized and 

peer-to-peer platform for an IoT based on the blockchain technology. Similarly, Christidis 

and Devetsikiotis [166] reviewed blockchains and smart contracts for IoT to identify the 

outcomes of these two disruptive systems. Their study showed that such combination paves 
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the way for novel, powerful, and distributed applications. Teslya and Ryabchikov [179] 

analyzed an architectural framework for combining IoT and blockchain technologies to 

mitigate the distrust issues between the stakeholders in a smart factory. Bahga and 

Madisetti [178] designed an architectural decentralized and peer-to-peer platform for an 

IoT based on the blockchain technology. Treiblmaier [180] discussed the integration of IoT 

and blockchain technology into modern supply chains from the triple bottom line 

viewpoint. In spite of the large number of research conducted in IoT technologies, the 

literature focusing on technical features of blockchain in supply chains offers significant 

gaps [176].  

Using IoT-embedded blockchain technology to create digital twins for product 

recovery is a relatively new area with limited related literature. Majority of studies focusing 

on digital twins are discoursed in the Industry 4.0 context [181-183], specifically as part of 

the Cyber-Physical System paradigm [162, 163, 184]. Uhlemann, et al. [185] defined the 

digital twin as a key technology of Industry 4.0 and evaluated a real-life data acquisition 

model for production processes through the digital twin concept. Wang and Wang [183] 

presented a digital twin-based product recovery system for waste electronic products to 

reinforce the efficiency of remanufacturing operations. Similarly, Goodall, et al. [186] 

developed an advanced data-driven simulation model with the help of RFID tags to 

construct a knowledge-based material flow system in electronics product remanufacturing 

facility. Contradicting with the extensive number of research conducted in IoT technology, 

there is little research focusing on blockchain-enabled digital twins in product recovery 

operations. 



 

57 

 

In the Supply Chain 4.0 architecture, these models mainly focus on smart 

production and logistics structures in terms of environmentally, technologically, and 

economically compatible output. Approving this fact, Chang, et al. [187] addressed that 

the gap between sustainable disassembly operations and technological advancements and 

created a conceptual framework for design for disassembly and relative operations. Even 

though this structure may pave the way for a sustainable future-driven remanufacturing 

and logistics, there is a noteworthy gap in the literature utilizing quantitative structures in 

smart remanufacturing and disassembly operations.  

2.4. Trade-in-to-Upgrade Policies for Smart Product Recovery 

In CLSCs, end-of-life product (EOLP) management is typically appended to the 

last stage of the value chain as a reverse logistics flow to the last stage of the value chain 

as a reverse logistics flow [23], with producers permanently engaged in product recovery 

operations [188, 189]. Product recovery relies on the processes of the collection of these 

devices, followed by the disassembly, inspection and sorting, remanufacturing, recycling, 

and/or reuse operations. From the environmental viewpoint, retrieving the value added in 

EOLPs through converting them into ‘like-new’ condition via remanufacturing operations. 

Retrieving their components for reuse, or recycling the products have been proven to be 

effective in reducing the amount of industrial solid waste [1, 173, 190]. In EOL processing 

operations, the entire process is reliant on the customers’ willingness to return their 

discarded equipment making the collection step the crucial one in the overall system. Thus, 

OEMs in the electronics industry design environmentally and economically-benign 

product take-back strategies that would spark the volume of product returns as well as 
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achieving tenable price advantage against independent remanufacturers. These constraints 

dictate two structural challenges: how manufacturers and consumers can become active 

participants of EOLP treatment activities, and how fast and efficiently OEMs can respond 

to the changing market and capital needs while preserving their sustainability objectives 

[23, 24]. 

Motivated by these challenges, several OEMs such as Apple, HP, Xerox, Mercedes 

and Amazon launch trade-in programs as a marketing strategy to encourage existing and 

future consumers to substitute their low generation products with successive versions at a 

discounted price [10, 11, 191]. Trade-in rebate is increasingly becoming a norm in highly 

saturated industries including electronics, automobile, and high-tech due to its multi-

benignant structure [1]. Pointedly, product takeback plans convey noteworthy 

environmental and financial benefits to firms. Focusing on the environmental framework, 

aggregating EOLPs through trade-up promotions helps producers align their operations 

with the EPR principles as well as facilitating the accessibility of used goods. This process 

prominently dwindles the cascading waste of outdated products, and therefore, influences 

an unprecedented degree of EOLP treatment in the CLSCs [192]. Similarly, granting 

special discounts or credits in lieu of old devices helps boost new or remanufactured goods 

sales leading to higher purchasing frequency of current and future consumers [9]. This 

catalyst gives firms the ability to obtain a unique profit-generating venue [5]. 

Traditionally, majority of consumer electronics manufacturers that offer business-

to-consumer trade-in practices use a quality-dependent plan that spans over a minimum of 

one month [193]. A typical product acquisition system on a business-to-consumer basis 
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succinctly begins with customers returning their outmoded products to OEMs [11]. Figure 

18 depicts the general workflow of traditional trade-in programs.  
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Figure 18. The general workflow of traditional trade-in programs. 

Upon the delivery of eligible items, OEMs provide buyers with trade-in discounts, 

instant credits, or gift card to be redeemed in their forthcoming purchases. This offer is 

usually exclusively applicable for upgraded device purchases. Following this, compiled 

appliances are incorporated into the end-of-life recovery process, and are first sent to the 

disassembly field to be inspected for their valuable components. Hinging on this condition 

analysis, manufacturers conduct one of the proper handling methods for EOLPs, viz., 

remanufacturing for secondary markets, reusing high-quality components, or recycling 

mostly the precious metals and other materials in demand. 

On the other side, unsteady trade-in programs may cause financial burden for 

OEMs who are highly dependent on the qualified good and component yields in 
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compensating for the cost of product acquisitions. Consequently, many companies avoid 

entering the trade-in market and some others only offer limited rebate programs. Another 

challenge as it relates to EOLPs stems from the ambiguity of the information about the 

condition of the products that are being disassembled [173]. Along with the exponential 

growth in the number of item returns, possible modifications in the returned product 

structures, and the lack of information about the remaining useful life of components, the 

disassembly yields of EOLPs demonstrate a highly unpredictable pattern [12, 80]. To 

overcome this uncertainty, producers perform disassembly operations regardless of 

components’ functionality prior to inspection and sorting. Even though this process gives 

manufacturers the ability to sort products and components more efficiently, the upshot is 

that numerous unnecessary disassembly steps result from this conventional inspection 

process. This laborious and time-consuming procedure markedly hinders the profitability 

of overall recovery operations [12, 174].   

Similarly, even though remanufactured electronics are characterized by low cost 

and high technology, the majority of customers exhibit a timid behavior against the 

reliability of goods remanufactured [8]. Endorsing this statement, a number of consumer 

research studies indicates that perceived uncertainty and reduced value affiliated with such 

products hinder the sales of remanufactured products. One way of dealing with negative 

customer perception is to provide value-added services surrounding remanufactured 

products. Such services prominently involve binding subordinate product sales to warranty 

provisions [80]. This approach can be identified as a key pillar towards preserving 

customer security as well as confirming the durability of such devices [8]. However, 
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equipment assurances may culminate inescapable financial damping in sales revenues by 

introducing an additional maintenance cost to companies in the long run. Therefore, 

determining a fitting replacement trade-off elicits strategic leverage for companies since it 

seamlessly absorbs numerous cost factors including the ones associated with disassembly, 

maintenance, labor, and inspection and sorting. Above all, a well-established acquisition 

policy also leads to a critical upsurge on sales based on the changing customer behavior 

making EOLP returns more appealing, eventually increasing companies’ overall 

profitability. 

Achieving an accurate trade-in scheme grows into a highly complex multi-

dimensional problem requiring novel solutions that traditional manufacturing and supply 

chain technologies are incapable of offering by design. Incorporating intelligent high-tech 

solutions into the formation of production and logistics architectures can simultaneously 

preserve OEMs profitability and ensure the sustainable development of the CLSC activities 

[152]. These smart infrastructures define today’s disruptive technologies en masse, and 

include Cyber Physical Systems (CPS), Internet-of-Things (IoT), cloud computing, big 

data analytics, artificial intelligence, blockchains, advanced robotics and autonomous 

systems, augmented reality, and additive manufacturing [155]. The utilization of one or 

more of these innovative conceptions in business processes can be characterized as the 

paradigm shift since it carries traditional industrial operations to a highly intelligent digital 

era.  

The hybrid applications of blockchain and Internet of Things (IoT) has received 

significant attention from both researchers and industry due to their ability to address 
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growing complexity and uncertainty of CLSC operations by extending business functions 

beyond an advanced and fully digitalized platform. In particular, IoT can be considered as 

the core enabler with its ability to keep track of individual items throughout their life cycles. 

A series of embedded processors such as high-quality sensors, actuators, RFID tags, and 

microprocessors have the ability to capture external data such as temperature, vibration, 

humidity, magnetism, or chemicals that products are exposed to in addition to wirelessly 

transfer this data to the cloud. Through this instrument, OEMs become capable of 

collecting and storing product life span data on a continuous basis [156]. While IoT makes 

remote data collection efficient, blockchain, a distributed peer-to-peer ledger technology, 

ensure its security and perpetuity [166, 167]. Adopting to blockchain-powered 

compositions brings distinctive potential advantages to corporations [178], due to 

blockchain’s ability to accommodate a decentralized, knowledge-based, modular, and a 

self-organized digital structure [194]. Such adequacy notably accelerates the decision 

making processes while reducing the complexity of business layers and bureaucracy [167]. 

The convergence of these two disruptive technologies is allied with the vision of 

prospective manufacturing, logistics, and product recovery practices. From the logistics 

viewpoint, a pertinent data sharing between stakeholders facilitate an immense degree of 

communication and collaboration ability throughout forward and reverse supply streams. 

Here, all primary partners within the supply network such as suppliers, manufacturers, 

logistics providers, and consumers are linked to one another. Together with such 

competence committed to OEMs, stakeholders can access customized alternatives directly 

corresponding to their needs. These unique qualifications foster the growth of unique, 
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secure, agile, dynamic, responsive, knowledge-based, customer-oriented, transparent, and 

sustainable logistics solutions. 

Besides critical deliverables in logistics networks, the concatenation of such IT-

driven systems allows tracking of end-to-end real-time product information and material 

flow along manufacturing and product recovery processes. High degree of surveillance of 

goods in this point-to-point value chain allows firms to proactively take appropriate actions 

to improve the integrated forward-reverse logistics processes [12, 195]. This novel capacity 

paves the way for a remarkable level of resource- and eco-efficiency in terms of 

sustainability. Specifically, through the use of IoT-equipped blockchains, producers and 

supply chain participants receive ubiquitous flow of timestamp data starting from the raw 

material phase down to store shelves, and from the end-users to material recovery in a 

completely confidential fashion [151]. These participants may encompass any players 

associated with the supply network flow such as suppliers, wholesalers/distributors, 

retailers, and end-users. Here, manufacturers have the privilege to fetch and store dynamic 

product usage data regarding operating conditions of the devices and permanently store 

this data in the digital ledger during the post-sale period including the end-of-life stage. 

Along with digitized employment of EOLP procurement practices, manufacturers 

apprehend product life cycle data in a simulated scenario once they receive used products 

[178]. This eliminates the inspection and sorting steps and also reduces disassembly time 

since sensors provide information regarding the functionality components within the goods 

[16].  For instance, Apple examines the quality status of returned products by analyzing 

product power consumption pattern in a simulated scheme [196]. Sorting the products 
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according to their conditions, Apple determines the most appropriate recovery method. Its 

disassembly robot, Daisy, retrieves high-quality level components preventing further 

damage to the product architecture [196].  

In addition to active condition monitoring of items, this intelligent system 

authorizes consumers to possess more information regarding how their goods are produced, 

whether they are sustainably sourced and securely preserved, and even the ownership 

transfers [167]. Groupe Renault drives a blockchain-enabled maintenance book to collect 

and store vehicle consumption data and odometer readings by a simulation accessible to 

the asset owners [197]. By examining the data collected through predictive analyses, 

vehicle quality status and maintenance schedule become traceable and visible in a closed 

ecosystem. IBM, Amazon, Siemens, DHL, Mercedes-Benz, Toyota, and Apple are among 

the other companies that utilize or explore the blockchain technology to increase the overall 

transparency in their supply chains. 

Through sensor embedded blockchains, OEMs can now mitigate the uncertainty in 

disassembly yield while surmounting the customer hesitation towards remanufactured 

products [8]. Such value-creating capability helps not only eliminate unnecessary EOLP 

operation costs but also boost remanufactured item sales by ensuring the correct quantity, 

quality, cost, time, and place requirements [21, 194]. This critical talent provides 

manufacturers a noteworthy opportunity with determining the proper trade-in-to-upgrade 

policy based on the remaining useful life of components within a product.  

Trade-in policies are widely applicable for durable products such as consumer 

electronics, automobile, and high-tech industry due to its revenue generating feature [1, 



 

65 

 

191, 198]. Out of these, Heese, et al. [2] defined trade-in strategies as a strong competition 

in a duopoly since OEMs paves two distinct avenues in the market through offering 

remanufactured product sales as well as applying discounts on new product purchases. This 

strategy has a potential fall back since it may adversely impact the consumer surplus in 

remanufacturing product market [199].  

Trade-in policies are extensively studied both in economics and closed-loop supply 

chain management fields [9, 10]. Researchers addressed many issues involved in product 

take-back acquisition decisions including the competition between OEMs and 

remanufacturers in a monopoly market [10, 200, 201], or duopoly ecosystem [189, 202-

204], the comparison between trade-in alternatives and leasing options [205], the trade-off 

between online or offline platforms [11, 206], the analysis of buyback and discounts 

programs [4], and the optimal rebate decision in business-to-consumer foundation [5, 207, 

208]. Moreover, some researchers approached the problem from a quality-dependent 

perspective [1, 209], while the latter neglected the condition of the returned products [3, 

10]. 

The competition between the OEMs and independent remanufacturers and 

expedience of companies in entering the equipment replacement market are well studies in 

the literature [190, 204, 210]. Majumder and Groenevelt [202] analyzed two-period model 

of remanufacturing from the OEM’s standpoint. Ferrer and Swaminathan [211] proposed 

multi period scenarios in a duopoly where the producers are only able to manufacture new 

products in the first period but can remanufacture in the following periods. Chen and Hsu 

[9] considered when an OEM should launch the replacement program to achieve price 
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discrimination against the independent remanufacturer. Correspondingly, Agrawal, et al. 

[10] examined a pricing model for a high-tech manufacturer whether should offer rebates 

and compete with third-party remanufacturers. Cao, et al. [11] studied trade-in programs 

on dual-format retailing business-to-consumer platforms and investigated the optimal 

trade-in rebate offers among gift cards and cash coupons alternatives. Aras, et al. [212] 

considered the optimal pricing policy for a company that offers both new product leases 

and remanufactured product sales. Building on this, Li and Xu [205] compared trade-up 

and leasing options in order to find the optimal pricing strategy for the company’s benefit.  

Majority of previous studies solely focus on the economic sustainability 

disregarding the green considerations and the life cycle of acquired devices. However, 

consumer products are subject to a variety of changes through their lifetimes making their 

quality unpredictable and highly volatile. Focusing on the quality-dependent models, one 

of the widely accepted research is introduced by Guide, et al. [209], where the authors 

handled uncertain product conditions in discrete quality levels to attain the optimal 

acquisition offer. Similarly, Ray, et al. [1] compared different pricing schemes for 

acquisition rebates by taking into account return channels, age of returned products, 

customer segmentation, and price discrimination options by considering the continuous age 

of returned devices. Cole, et al. [4] examined the contrast of buyback and trade-in schemes 

over the impact of product life cycle dynamics over time. Han, et al. [208] analyzed the 

conditions looking into the time and conditions of the OEM trade of remanufactured 

devices. Zhou, et al. [213] analyzed the pricing strategies of new and remanufactured high-

tech products based on generation data. Miao, et al. [214] compared trade-in strategies in 
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different closed-loop supply chain models to evaluate the exchange policies from an 

environmental perspective. Miao, et al. [3] further analyzed the optimal pricing policies for 

remanufacturing considering carbon regulatory and financial factors. While Yin, et al. 

[191] studied optimal pricing policies in market heterogeneity and product uncertainty, 

whereas Zhang and Zhang [5] assessed a similar problem from the environmental aspect. 

In their study, Zhang and Zhang [5] investigated the impact of strategic consumer behavior 

on the economic and environmental values under trade-in remanufacturing practices. Fang 

and Rau [215] considered different product usage modes and different recycling award 

schemes. Hahler and Fleischmann [193] focused on strategic grading in a traditional 

product take-back scheme. 

The literature offers limited number of studies that focus on disassembly. Out of 

these, Mitra [216] established a pricing model to maximize the expected revenue from the 

recovered products. Wu [217] examined the impact of product design in pricing strategies 

for remanufacturing in the competitive market from the OEM perspective. Extending this 

research, Wu [210] analyzed different strategic interactions between OEMs and 

remanufacturers in terms of the effect of the manufacturer’s disassembly design strategy 

on remanufacturers in entering the market. 

There is no study in the literature that focuses on trade-in-to-upgrade policies in 

intelligent disassembly-to-order systems. We seek to fulfill this gap by identifying the 

optimal acquisition strategies to compensate the cost of procurement and disassembly-to-

order system through the remanufactured product sales. 
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CHAPTER 3: RESEARCH PLAN 

This section describes and analyzes the performance of a closed-loop supply chain 

flow of a consumer electronics manufacturer to obtain the overall cost of a disassembly-

to-order system. 

In the first section, a discrete event simulation model is developed for disassembly 

and remanufacturing lines. The simulation model considers the stochastic nature of related 

operations and incorporates these considerations in its structure. The returned products in 

this system are intelligent sensor-embedded devices facilitating the estimation of the 

condition of these products and their remaining useful lives prior to dismantling. Here, 

returned products are disassembled and remanufactured based on their quality levels.  

In the second section, a design-of-experiments study is conducted to observe the 

system’s behavior under different experimental conditions. To test the simulation model, 

Taguchi’s Orthogonal Arrays (OAs) method is employed as part of a three-level full 

factorial design.  

The third section deals with trade-in policymaking and examines an engaging 

quotation for varying quality of returned products from the perspectives of all parties 

engaged in the transaction. A base model is first formulated to obtain viable trade-in-to-

upgrade rebates based on discrete sets of quality standards. The model is then enhanced to 

compare two acquisition strategies, namely, trade-in-to-upgrade incentives and instant 

credits.  
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The following sections detail the building blocks of the simulation model for the 

disassembly-to-order system followed by the design-of-experiments study and trade-in 

policymaking, respectively. 

3.1. Performance Analysis of Disassembly-to-Order System for Sensor-

Embedded Products 

In this part of the study, a discrete-event simulation model is developed to identify 

the influence of blockchain-based IoT on the disassembly-to-order system. This model 

provides OEMs with the ability to determine the optimal trade-in-to-upgrade rebate by 

obtaining the cost of product recovery including disassembly, remanufacturing, inventory, 

and backorder costs. By accessing the true quality status of products and the expected total 

cost of the DTO system, manufacturers can determine more realistic trade-in pricing 

policies for customers with different purchasing preferences for products with varying 

quality levels.   

In this model, a manufacturer is assumed to have the capability of obtaining real-

time data streams regarding product usage patterns and quality conditions with the help of 

IoT sensors. Each product is distinguished via a unique identification code, viz. a serial 

number, stored in blockchains, a fully connected and decentralized network. Once the serial 

number is inquired in the system, the product information including bill of materials and 

assembly/disassembly instructions in addition to sensor data sealed in blockchain is 

retrieved. Here, product serialization designates a unique code to each product carrying 

critical information regarding the product’s origin, bill of materials, remaining life time, 

assembly and disassembly instructions, in addition to the user’s manual. Blockchain 
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technology allows firms to permanently store such data in addition to the information 

regarding timestamp product usage via a decentralized network. Relevant data is then 

transmitted into the process twin via a cloud. Discrete event simulation (DES) is deployed 

as an illustration to pinpoint the implementation of a conceptual digital twin of product 

recovery line. 

DES captures the stored data to evaluate the real-time behavior and performance of 

the overall processes in a simulated scheme. Retrieving the characteristics of returned 

products along with their quality status, the simulation creates a series of events that can 

possibly occur over time throughout the system. This gives companies the opportunity to 

observe and analyze various what-if scenarios. Through digital twins, the manufacturer 

predicts the remaining useful life of products and virtually computes the overall product 

recovery cost via the online simulation model. This prediction allows the OEM save time 

and resources, enhance profit margins, reduce overall cost and risk in point-to-point 

operations. 

3.1.1. System Description 

The smart product recovery system is analyzed using sensor-embedded game 

consoles as returned products. Here, customers return their old generation game consoles, 

EOLPs, to be exchanged for newer counterparts. EOL game consoles arrive at the system 

for key information retrieval using RFID sensors stored in the blockchain. The key is then 

stored in the facility’s database. The cost of information retrieval is assumed to be lower 

than the cost of inspection and sorting. EOLP interarrival rate follows a Poisson 

distribution. Returned products are examined according to their usage time and condition. 
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In some rare events, customers return their products with less than 30 days of utilization. 

The system investigates whether the returned products are fully functional or in need for 

repair. In case of full functionality, the EOLPs are sent to high-quality product inventory, 

which is referred to as Bin 1 product inventory. Otherwise, a series of condition-based 

recovery processes are successively performed. The flowchart of the product recovery 

system is depicted in Figure 19. 
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Figure 19. Product Recovery System. 

Game consoles consist of six components including hard drive, power supply, disc 

drive, motherboard, heat sink, and fan. The precedence relationships between these six 

components are shown in Table 4. 
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Table 4. Game console components and precedence relationship. 

Component Name Station Code Precedence Relationship 

Hard Drive  1 A - 

Power Supply  2 B - 

Disc Drive 3 C B 

Motherboard 4 D A, C 

Heat Sink 5 E D 

Fan 6 F E 

 

Before being shipped to the first disassembly line station, the EOL products are 

classified according to their usage time (u), where 𝑢 ∈ [0,3]. In this regard, game consoles 

are considered in three age classes: high-, medium-, and low-quality products. Figure 20 

exhibits the quality classification prior to disassembly. 

EOLP Arrives
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High Quality 
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Medium Quality 
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Low Quality 

Product 
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Figure 20. Quality Classification Prior to Disassembly. 

Triangular distribution is selected as the most appropriate distribution to represent 

the usage of EOLPs (u). The probability density function for triangular distribution can be 

shown as follows [218]: 
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𝑓(𝑢|𝑎,𝑚, 𝑏)

{
 
 

 
 

2

(𝑏 − 𝑎)

(𝑢 − 𝑎)

(𝑚 − 𝑎)
,   𝑓𝑜𝑟 𝑎 ≤ 𝑢 ≤ 𝑚

2

(𝑏 − 𝑎)

(𝑏−)

(𝑏 − 𝑚)
,   𝑓𝑜𝑟 𝑚 ≤ 𝑢 ≤ 𝑏,

0,             𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒

 
 

(3.1) 

where a is the minimum; b is the maximum; and m is the most likely usage value in years. 

Here, devices with less than one year of handling are considered as high-quality 

products, whereas devices with at least one year but no more than two years of usage are 

classified as medium-quality products. Low-quality products are recognized as older than 

two years. Based on the historical data, the devices with older than three years of usage are 

not accepted in trade-in events. Poisson distribution is utilized to replicate the interarrival 

rates of EOLP game consoles and demand for each component, whereas disassembly and 

assembly times at each station follows an exponential distribution. The probability density 

function for Poisson distribution and exponential distribution are shown in Equations (3.2) 

and (3.3), respectively [219]. 

𝑓(𝑥|𝜆) =
𝜆𝑥

𝑥!
𝑒−𝜆, 𝜆 > 0, 

 (3.2) 

     

where 𝑥 (0 ≤ 𝑥 < ∞) demonstrates the number of occurrences of an event with mean 

number of events 𝜆 > 0 per interval. 𝜆 is the shape parameter indicating the average 

number of events occurring in a fixed interval of given time rate. 

𝑓(𝑥) = 𝜆𝑒−𝜆𝑥, 𝜆 > 0,           (3.3) 
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where 𝑥 (0 ≤ 𝑥 < ∞) demonstrates the distance between successive events with mean 

number of events 𝜆 > 0 per unit arrival. 𝜆 is single scale parameter inducing an exponential 

random variable. This parameter can also be defined as an event occurrence rate. 

In its working principle, Poisson distribution and exponential distribution are 

utilized due to the memoryless and randomness properties of these events. In particular, 

Poisson process is a discrete probability distribution, where the precedence events provide 

no information about the likelihood of successive events. Exponential distribution is the 

continuous distribution function that has lack of memory property giving it superior 

advantage when dealing with stochastic processes in the system. The memoryless property 

of an exponential process can be expressed as follows [219]: 

𝑃(𝑋 > 𝑡1 + 𝑡2|𝑋 > 𝑡1) =
𝑃(𝑋 > 𝑡1 + 𝑡2 𝑎𝑛𝑑 𝑋 > 𝑡1)

𝑃(𝑋 > 𝑡1)
, (3.4) 

𝑃(𝑋 > 𝑡1 + 𝑡2|𝑋 > 𝑡1) =
𝑃(𝑋 > 𝑡1 + 𝑡2)

𝑃(𝑋 > 𝑡1)
, (3.5) 

𝑃(𝑋 > 𝑡1 + 𝑡2|𝑋 > 𝑡1) =
𝑃(𝑋 > 𝑡1 + 𝑡2)

𝑃(𝑋 > 𝑡1)
=
𝑒−𝜆(𝑡1+𝑡2)

𝑒−𝜆𝑡1
, (3.6) 

𝑃(𝑋 > 𝑡1 + 𝑡2|𝑋 > 𝑡1) = 𝑒
−𝜆𝑡2 . (3.7) 

where 𝑡1 and 𝑡2 are two positive real numbers representing two successive events. The 

memoryless feature ensures that regardless of how long a disassembly and/or 

remanufacturing process of component take, the disassembly and assembly time would 

remain unaltered for upcoming components. 
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3.1.2. Disassembly Process 

Complete disassembly is carried out to remove each component in a product, where 

the order of disassembly stations follows the path defined by the precedence relationships. 

This requires a six-station disassembly line where six components are disassembled and 

then stored according to their quality levels, viz., high (Bin 1), medium (Bin 2), or low (Bin 

3). After quality categorization, the EOLP game consoles are transferred to the station 1 

for hard drive disassembly or to another station depending on the existence of the 

component. Disassembly can be performed in two forms depending on the condition of 

components: non-destructive or destructive. Non-destructive disassembly is in cases where 

the component is in good shape and functioning, whereas destructive disassembly is used 

for components with zero remaining lifetime or broken components. Since the non-

destructive process ensures that the working component is not damaged during 

disassembly, unit disassembly time and cost of non-destructive disassembly is higher than 

destructive disassembly. Therefore, each component in an EOLP is checked for their 

functionality in order to decide on the form of disassembly. A generic flowchart of the 

disassembly process is exhibited in Figure 21. Similar disassembly flow is observed for 

each high-, medium- and low-quality product dismantling. Moreover, component life bin 

inventory is assigned based on the quality of the components such as Bin 1, Bin 2, and Bin 

3 for high-, medium-, and low-quality level components, respectively. Following 

dismantling, additional component testing becomes unnecessary since the component 

conditions are quantified through RFID sensors. The OEM eradicates the uncertainty in 

disassembly yield hence, eliminating inspection and sorting steps and reducing the total 
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disassembly time. Two assumptions involve lifecycle information for EOLPs are being 

available and known, and the information retrieval being less costly than inspection and 

sorting. 
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Figure 21. Disassembly Flow of High-Quality EOLP Game Consoles. 
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3.1.3. Inventory Flow 

Disassembled functioning components are sent to component inventory bins based 

on their quality level, whereas broken components are sold to third party recyclers for 

material recovery. Demand for material recovery is assumed as constant and at a high rate. 

In case where high- and medium-quality component bins are full, the components are 

placed to lower quality bins and are insufficiently utilized. If a low quality component bin 

is full, components are sold for their components or are transported to third-party recyclers. 

Additionally, in order to prevent the underutilization of components in better condition, 

additional incentives are also considered trade-in models. Figure 22, Figure 23, and Figure 

24 depict high-, medium-, and low-quality component inventory assignments, respectively. 

A similar inventory placement can be observed for medium- and low-quality components. 
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Figure 22. High-Quality Components Inventory Assignment. 
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Figure 23. Medium-Quality Components Inventory Assignment. 
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Figure 24. Low-Quality Components Inventory Assignment. 

Recovered component inventory are used to fulfill two types of demand: internal 

and external. Internal demand is the number of components required for the in-plant 

remanufacturing line, whereas external demand is for the second-hand components market. 
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The component inventory is primarily used to satisfy the internal demand for the 

remanufactured product line. Excess component inventory is used to fulfill the external 

demand. Moreover, in line with the environmental regulations, the manufacturer is required 

to regain the value embedded in EOLPs as functioning components or usable materials to 

avoid disposal. To ensure environmental compliance and zero disposal, additional surpass 

inventory is assumed to be sold to recyclers for material recovery. Backorder cost occurs 

once inventory falls short in meeting external component demand, whereas the 

manufacturer can generate revenue through the sales of used components and recyclable 

materials. 

3.1.4. Remanufacturing Process 

Following their disassembly, the EOL components are directed to remanufacturing 

in order to meet the product demand. Products are remanufactured in a quality-dependent 

basis such as high-, medium-, and low-quality products. When reprocessing like-new 

condition products, only high component inventory is utilized. Medium and low 

component inventories are used for medium- and low-quality product remanufacturing, 

respectively. Recovered components are assembled through six assembly stations using the 

precedence relationship given in Table 4. Assembly time at each station follows an 

exponential distribution. Here, disassembly-to-order system utilizes component bins 

inventory to satisfy the internal item demand for remanufacturing. In the case where the 

internal demand is not fulfilled, components are procured from outside suppliers. End 

products are placed to the product bins according to their quality levels such as high, 
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medium, or low, namely Bin 1, Bin 2, Bin 3, respectively. Similar to the disassembly line, 

station assembly times follow exponential. 

Pricing policies for remanufactured product sales vary according to the value of the 

remaining life of the device. Specifically, the revenue generated through higher quality 

product sales is greater than the revenue generated by the remanufactured products with 

lower product qualities. Remanufacturing process for high-quality products is exhibited in 

Figure 25. Medium- and low-quality remanufacturing flows are similar to high-quality 

reprocessing. Alternatively, product life bins are assigned as Bin 2 and Bin 3 for medium 

quality and low quality level products, respectively. 
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Figure 25. Remanufacturing Flow of High-Quality EOLPs. 
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3.2. Design of Experiments Study 

Design of experiments (DOE) is a systematic methodology that is used to examine 

cause-and-effect relationship within a process in order to optimize the output [80]. In this 

research, with the help of DOE, the system’s behavior is tested under various experimental 

conditions through three-level factorial design. Unlike the two-level factorial designs (2𝑘), 

3𝑘 designs are capable of modeling possible curvatures in the response function as well as 

examining the quadratic relationship between the response and factors. However, in most 

cases, implementing a full factorial design for three levels requires an extensive number 

experiments due to the number of 3𝑘 possible combinations between the factors. 

To reduce the number of experiments to a practical level, a subset of combinations 

of those factors should be selected which reflects the most significant features of the 

problem studied [80]. In other words, the subset consists of minimum number of 

combinations that yields the maximum information about the performance of the response 

function [220]. To comply with these requirements, Taguchi built a special set of arrays, 

namely Orthogonal Arrays (OAs), to provide a solution approach for implementing these 

types of experiments [221]. OAs were also studied in varying forms by many researchers 

including Addelman [222], Box, et al. [223], Cochran and Cox [224], Kempthorne [225], 

Plackett and Burman [226], Raghavarao [227], Seiden [228], and Taguchi [221]. Taguchi’s 

Orthogonal Arrays focus on finding the minimum number of experiments within the 

statistical accuracy and reducing the problem to a researchable level. In this technique, 

degrees of freedom approach is utilized to obtain the most powerful subset of 

combinations.  



 

84 

 

The first step to fit a specific case study is to count the total degrees of freedom 

which conveys the least number of combinations that is required to study all the selected 

control factors [229]. Motivated by this, a two-level control factor can be represented by 

one degree of freedom. One degree of freedom is affiliated with the overall mean regardless 

of the number of factors to be examined. A three-level control factor counts for two degrees 

of freedom since there are two possible comparisons between the levels. Particularly, two 

comparisons depict the changes in the response function when the levels are differently 

combined. Therefore, the number of degrees of freedom related to a factor is equal to one 

less than the number of levels for that factor [229]. The minimum number of experiments 

required (𝑁𝑇𝑎𝑔𝑢𝑐ℎ𝑖) to be formulated based on total degrees of freedom approach 

(∑ (𝐿𝑖 − 1)
𝑁𝑉
𝑖=1 ) is as follows: 

𝑁𝑇𝑎𝑔𝑢𝑐ℎ𝑖 = 1 +∑(𝐿𝑖 − 1),

𝑁𝑉

𝑖=1

 (3.8) 

where 𝐿𝑖 is the number of levels for each factor (𝐿𝑖 = 1, 2, 3); 𝑁𝑉 is the total number of 

factors (𝑁𝑉 = 𝑘); and 𝑖 is the index for each factor (𝑖 = 1, 2, 3, … , 𝑘). In terms of 

orthogonality, this equation can be indicated as 𝐿𝑁𝑇𝑎𝑔𝑢𝑐ℎ𝑖(3
𝑘) OAs required to implement 

the experimentation. The OAs assume that there is no interaction between any two factors 

[229].  

3.3. Trade-in-to-Upgrade Policymaking in Disassembly-to-Order Systems 

Within the context of trade-in policymaking, end-users can be classified under two 

categories: replacement customers and one-time buyers who prefer to (i) trade-in their 
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discarded products to purchase upgraded versions, and (ii) exchange their used products 

for an immediate credit without the need for new product purchases, respectively. Based 

on this classification, different product acquisition policies can be developed by the OEM 

to entice each type of customer. 

Performing recovery operations in a digital twin-supported platform powered by 

IoT and blockchain technologies provides OEMs with the opportunity to leverage data 

exchange between operational layers throughout the entire supply chain. With this ability, 

the manufacturer can obtain accurate data regarding the true product condition and utilize 

this data to implement a real-time performance analysis and cost optimization. Unlike the 

traditional product take-back models, this novel approach authorizes the producer to set 

true pricings for discarded products in real time without relying on the subjective 

perceptions. This ability caters significant margin enhancement in operational layers by 

eliminating the costs of inspection, sorting and unnecessary shipment.  

With similar motivation this research investigated the optimal trade-in rebates for 

varying product qualities after a careful analysis of simulation scenarios. The initial trade-

in-to-upgrade pricing model is constructed based on discrete sets of quality standards and 

examined the most fitting incentives for returned products under three quality classes, viz. 

high-, medium-, and low-quality.  

The extended model is charged with the task of comparing two product acquisition 

strategies, namely, trade-in-to-upgrade incentives and instant credits. To achieve an 

optimal strategy, a general pricing scheme is introduced to obtain theoretical acquisition 

prices for returned products on continuous age basis. Following this, the pricing model is 
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embedded in a simulation-based game setting to mimic the customer behavior and the 

resulting payoffs for the OEM in a dynamic ecosystem. The following sections elaborate 

on the two pricing policymaking models.  

3.3.1. Trade-in-to-Upgrade Policy Model 

The model notations, assumptions and the formulation for discrete acquisition 

model are presented in this section. 

3.3.1.1. Notations 

i : Set of quality levels i = {1, 2, 3} 

j : Set of price levels j={1, 2, 3, 4, 5, 6} 

𝑖𝑛𝑐𝑡𝑖 : Incentive offered to a customer for a product at quality i 

𝐷𝑖 : Demand for remanufactured product at quality i 

𝑝𝑖 : Market price for a remanufactured product at quality i 

𝑢𝑖 : Perceived incentive of a customer for a product at quality i 

𝑐𝐷𝑇𝑂 : Expected total cost of disassembly-to-order system (DTO) 

𝛽𝑖 : Minimum expected incentive of a customer replacing a product at 

quality i 

𝑈𝑖 : Maximum expected incentive of a customer replacing a product at 

quality i 

𝑅(𝑖𝑛𝑐𝑡𝑖) : Return rate of EOLPs at quality i 

𝑄 : Total number of returned EOLPs 
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𝛼𝑖𝑗 : Binary variable equals to 1 if a product at quality i is offered at 

incentive j, 0 otherwise 

𝑙𝑖𝑗 : Discrete price level for a product at quality i is offered at incentive j 

3.3.1.2. Assumptions 

In the following, the assumptions of the model are presented along with a short 

discussion. 

Assumption 1. The costs introduced by forward supply flows are not included in 

the model. The EOLP recovery management problem involves an infinite-time horizon.  

Assumption 2.  EOLP and remanufactured product qualities, also referred to as 

age, are classified into three discrete sets of quality standards, viz. high quality, medium 

quality, and low quality. Specifically, EOLPs with a usage time between 0 and 1 year, 1 

and 2 years, and 2 and 3 years are assumed as high-, medium-, and low-quality, 

respectively. Remanufactured products are sold at price 𝑝𝑖 for each quality level i. Demand 

for remanufactured products (𝐷𝑖) and the sale price of remanufactured products are known 

and deterministic. 

Assumption 3. Customers have a perceived incentive value regarding their 

products. The usage time of used products affects their residual value. Perceived incentive 

(𝑢𝑖) of a customer for a product at quality i is heterogeneous and follows uniform 

distribution (𝑢𝑖~𝑈[𝛽𝑖, 𝑈𝑖]). 𝛽𝑖 is the minimum expected incentive of a customer trading a 

product at quality i, and 𝑈𝑖 presents the maximum expected incentive of a customer trading 

a product at quality i. Therefore, any acquisition price presented to a customer for a product 
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at quality i should be no less than 𝛽𝑖 since no customer would be willing to join the trade-

in program. In this case, the return rate of used products would equal to zero (𝑅(𝛽𝑖) = 0). 

Therefore, the customer surplus becomes: 

𝑖𝑛𝑐𝑡𝑖 − 𝑢𝑖.       (3.9) 

3.3.1.3. Formulation 

This section describes the building blocks of mathematical model to obtain the 

optimal trade-in offer to the customers with products at different quality levels. 

Hinging on Assumption 3, the probability of EOLP returns for trade-in can be 

obtained. Given that the probability density function of uniform distribution is denoted 

by 𝑓(𝑡), 𝑓(𝑡) = 1 (𝑈𝑖 − 𝛽𝑖)⁄ . To this end, the probability of a randomly chosen customer 

returning a product at quality i at incentive 𝑖𝑛𝑐𝑡𝑖: 

𝑅(𝑖𝑛𝑐𝑡𝑖) = 𝑃𝑟(𝑖𝑛𝑐𝑡𝑖 − 𝑢𝑖 ≥ 0) = {

        0         0 ≤ 𝑖𝑛𝑐𝑡𝑖 ≤ 𝛽𝑖
𝑖𝑛𝑐𝑡𝑖−𝛽𝑖

𝑈𝑖−𝛽𝑖
      𝛽𝑖 ≤ 𝑖𝑛𝑐𝑡𝑖 ≤ 𝑈𝑖

1        𝑖𝑛𝑐𝑡𝑖 ≥ 𝑈𝑖

,                   (3.10) 

Figure 26 depicts the product return probability based on their conditions for 

incentives offered to the customers.  
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Figure 26. Product return probability based on the offered incentive. 

Based on the graph, Equation (3.11) presents the slope of return function for devices 

at varying quality classes. 

𝑅(𝑖𝑛𝑐𝑡𝑖) = 𝛿𝑖(𝑖𝑛𝑐𝑡𝑖 − 𝛽𝑖),      (3.11) 

where 𝛿𝑖 is denoted as 1 𝑈𝑖 − 𝛽𝑖
⁄ . 

Equation 4 presents the incentive for EOLP trade-in for defined quality level. 

𝑖𝑛𝑐𝑡𝑖 = 𝛽𝑖 + (𝑈𝑖 − 𝛽𝑖)𝑅(𝑖𝑛𝑐𝑡𝑖).   (3.12) 

Knowing that 𝑅(𝑖𝑛𝑐𝑡𝑖) = 0 for 0 ≤ 𝑖𝑛𝑐𝑡𝑖 ≤ 𝛽𝑖 and 𝑅(𝑖𝑛𝑐𝑡𝑖) = 1 for 𝑖𝑛𝑐𝑡𝑖 ≥ 𝑈𝑖, 

the slope of return function is divided into six equal discrete price levels as demonstrated 

in Figure 27. This approach is adopted from the graphical framework proposed by [230].  
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Figure 27. Discrete price levels for the slope of return function. 

Therefore, Equation (3.13) depicts the price levels (𝑙𝑖𝑗) for each quality level. 

𝑖𝑛𝑐𝑡𝑖 = 𝛽𝑖 + (𝑈𝑖 − 𝛽𝑖)((𝛽𝑖 − 𝛽𝑖)𝛼𝑖1𝛿𝑖 + (𝑙𝑖1 − 𝛽𝑖)𝛼𝑖2𝛿𝑖 + (𝑙𝑖2 − 𝛽𝑖)𝛼𝑖3𝛿𝑖 +

(𝑙𝑖3 − 𝛽𝑖)𝛼𝑖4𝛿𝑖 + (𝑙𝑖4 − 𝛽𝑖)𝛼𝑖5𝛿𝑖 + (𝑈𝑖 − 𝛽𝑖)𝛼𝑖6𝛿𝑖) − 𝛽𝑖 ∗ 𝛼𝑖1.         (3.13) 

Motivated by these, the objective function is to minimize the incentive offered for 

EOLP at varied quality levels, formulated as follows: 

min ∑ ∑ 𝛽𝑖(𝑙𝑖𝑗 − 𝛽𝑖)𝛿𝑖𝛼𝑖j
4
𝑗=1

3
𝑖=1 + ∑ ∑ (𝑈𝑖 − 𝛽𝑖)(𝑙𝑖𝑗 − 𝛽𝑖)

2𝛿𝑖
2𝛼𝑖j

6
𝑗=1

3
𝑖=1 .  (3.14) 

From the OEM’s standpoint, the trade-in offer for EOLPs at quality i should be less 

than the margin between the total demand for remanufactured products at quality i sold at 

market price 𝑝𝑖 and the total cost of the disassembly-to-order system 𝑐𝐷𝑇𝑂 as shown in 

Constraint 7. Here, it should be stated that the validated simulation output for the total cost 

of the disassembly-to-order system is treated as the true characteristics of the 𝑐𝐷𝑇𝑂 

parameter. 
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∑ 𝑖𝑛𝑐𝑡𝑖𝑄𝑅(𝑖𝑛𝑐𝑡𝑖)
3
𝑖=1 ≤ (∑ 𝐷𝑖𝑝𝑖

3
𝑖=1 ) − 𝑐𝐷𝑇𝑂.     (3.15) 

Equation (3.16) presents that one incentive price level only can be assigned for a 

product at quality i.  

∑ 𝛼𝑖j
6
𝑗=1 = 1.           (3.16) 

All variables are restricted to non-negative values. Thus, 

𝛼𝑖j ∈ {0,1},   ∀𝑖, 𝑗,  

𝑢𝑖 , 𝑖𝑛𝑐𝑡𝑖, 𝑅(𝑖𝑛𝑐𝑡𝑖) ≥ 0,   ∀𝑖.               (3.17)  

3.3.2. A Comparison of Two Different Trade-in Pricing Policies 

In this section, two product acquisition strategies are compared: trade-in-to-upgrade 

incentives and instant credits. To achieve an optimal strategy, a general pricing scheme is 

first introduced to obtain theoretical acquisition prices for returned products at varying 

quality conditions. Following this, the pricing model is embedded in a simulation-based 

game setting to mimic the customer behavior and the resulting payoffs for the OEM in a 

dynamic ecosystem. 

The model notations, assumptions and formulation are elaborated in the following 

sections. 

3.3.2.1. Notations 

𝑖 : Quality index (𝑖 = {1,2,3}) 
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𝑡 : Age of a returned product within the useful lifespan (0 ≤ 𝑡 ≤ 3) 

𝑝𝑡𝑟(𝑡) : Age-dependent new product price for any customer returning a product at age 𝑡 

𝑎𝑐𝑟(𝑡) : Age-dependent instant credit for any customer returning a product at age 𝑡 

𝑝𝑖 : Maximum price for a remanufactured product at quality 𝑖 can be sold in the market 

𝑝𝑛 : Market price for a new product 

𝑝𝑝 : Perceived discounted price of any customer joining trade-in for new product 

purchases  

𝜑 : Maximum price that any customer pays for new product purchases 

𝜃𝑖 : Perceived residual value of any customer returning a product at quality 𝑖 for instant 

credit 

𝛽𝑖 : Minimum instant credit offered to any customer replacing a product at quality i 

𝑈𝑖 : Maximum instant credit offered to any customer replacing a product at quality 𝑖 

𝑐𝑑𝑡𝑜 : Unit cost of disassembly-to-order system 

𝑐𝑟𝑒𝑚 : Unit cost of remanufacturing 

𝑐ℎ : Unit cost of product handling including inventory 

𝑐𝑏𝑐 : Unit backorder cost for unmet remanufactured product demand 

𝑅(𝑡) : Return revenue function of an EOLP at age 𝑡 

∆ : Discount factor for the achievable margin in the payoff of the OEM offering instant 

credits 

3.3.2.2. Assumptions 

Following assumptions have been considered in the model set to simplify the 

analysis: 
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i. The costs introduced by forward supply flows are not included in the model. 

ii. The trade-in program is considered as a business-to-consumer model. 

iii. Due to the reusability of components in the remanufacturing line, devices 

upmost three years of usage are accepted to the product take-back program. 

Based on system obsolescence concerns, utilizing components older than three 

years in remanufactured products incurs a higher failure rate resulting in higher 

warranty costs. 

iv. End-users joining the trade-in-to-upgrade program can exchange their products 

with newer versions only. 

v. Return revenue function relies on the product age and behaves independently 

for each product return. 

vi. Trade-in schemes are considered in a dynamic game setting where the OEM 

and the end-user have complete information. The acquisition process is 

constructed in a finite horizon, where two players behave rationally. 

3.3.2.3. Basic Model 

The basic framework is based on a profit-maximizing policy adopted from the 

pricing scheme proposed by Ray, et al. [1]. The model aims at obtaining optimal quality-

dependent pricing offers for trade-in incentives and instant credits.  

The OEM obtains the true quality of the products distinguished between three 

quality indexes (𝑖), viz. high quality, medium quality, and low quality. These quality 

indexes present product age profiles based on the range of product age (0 ≤ 𝑡 ≤ 3). 

Specifically, products at age (𝑡) between 0 and 1 year, 1 and 2 years, and 2 and 3 years are 



 

94 

 

considered as high-, medium-, and low-quality, respectively. Customers exchanging their 

products for trade-in-to-upgrade are charged 𝑝𝑡𝑟(𝑡) (≤ 𝑝𝑛) at new product purchases, 

whereas end-users returning to receive instant credits are offered 𝑎𝑐𝑟(𝑡) (≤ 𝑈𝑖). 

Product holders’ decision on joining the trade-in program demonstrates a strong 

linear dependence on the surplus they receive. This surplus value can be examined 

separately for two take-back schemes. Assuming a buyer replacing a product at age 𝑡 for 

trade-in-to-upgrade has a perceived price (𝑝𝑝) satisfying the new device purchasing 

decision. The end-user surplus can be expressed as: 

𝑝𝑝 − 𝑝𝑡𝑟(𝑡). (3.18) 

To provide an analytically tractable framework, 𝑝𝑝 is assumed as heterogeneous 

and follows uniform distribution (𝑝𝑝~𝑈[0, 𝜑]). The uniform distribution is accepted as a 

standard approach in the literature due to its ability to convey a large degree of variability. 

Hinging on this assumption, the probability of randomly chosen customer with a product 

at age 𝑡 accepting the promotion at price 𝑝𝑡𝑟(𝑡) can be obtained as: 

𝑃(𝑡𝑟𝑎𝑑𝑒) = 𝑃(𝑝𝑝 − 𝑝𝑡𝑟(𝑡) > 0) = ∫
1

𝜑 − 0
𝑓(𝑡)𝑑𝑡

𝜑

0

=
𝜑

𝜑
−
𝑝𝑟(𝑡)

𝜑
. (3.19) 

𝑃(𝑡𝑟𝑎𝑑𝑒) = 𝑃(𝑝𝑝 − 𝑝𝑡𝑟(𝑡) > 0) =
φ − 𝑝𝑟(𝑡)

𝜑
. (3.20) 

Given the discounted price within the range [0, 𝜑] (0 ≤ 𝑝𝑡𝑟(𝑡) ≤ 𝜑), the 

probability of customer returning products remains positive. Moreover, at each device 

return, the OEM incurs return revenue 𝑅(𝑡) correlated with the reusability of devices at the 
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remanufacturing line. Remanufactured products are sold with an associated price based on 

their quality classes in the secondary market. Since the deterioration increases with the 

years of usage, the profitability of reprocessing items decreases based on the age of the 

product and the related selling price level in the market. Therefore, the net return revenue 

function is assumed to be a non-increasing function of age 𝑡 and quality class 𝑖, formulated 

as follows: 

𝑅(𝑡) =  𝑐𝑟𝑒𝑚 − 𝑐ℎ − 𝑖𝑡.  (3.21) 

Given the above definitions, the objective function is to maximize the expected 

profit from the trade-in-to-upgrade incentives: 

𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡)) = 𝐸𝑡𝑟𝑎𝑑𝑒[(𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))𝑃(𝑡𝑟𝑎𝑑𝑒)]. (3.22) 

𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡)) = 𝐸𝑡𝑟𝑎𝑑𝑒 [(𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))
φ − 𝑝𝑟(𝑡)

𝜑
]. (3.23) 

𝐸[𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡))] =
1

𝜑
∫(𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))(𝜑 − 𝑝𝑡𝑟(𝑡))𝑓(𝑡)𝑑𝑡

𝜑

0

. (3.24) 

The optimal price 𝑝𝑡𝑟(𝑡) for any given product at age 𝑡 that maximizes the expected 

profit in trade-in-to-upgrade program is presented by the first-order derivative condition 

𝜕𝐸[𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡))] 𝜕𝑝𝑡𝑟(𝑡)⁄ = 0. Therefore, for any product at age 𝑡, 0 ≤ 𝑡 ≤ 3, the 

optimal trade-in price is easily interpreted as: 

𝜕𝐸[𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡))]

𝜕𝑝𝑡𝑟(𝑡)
= (𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))(𝜑 − 𝑝𝑡𝑟(𝑡)) = 0. (3.25)   
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2𝑝𝑡𝑟(𝑡) − 𝜑 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡) = 0. (3.26) 

𝑝𝑡𝑟
∗(𝑡) =

𝜑 + 𝑐𝑑𝑡𝑜 − 𝑅(𝑡)

2
. (3.27) 

Similar to trade-in-to-upgrade promotions, individuals preferring instant credits 

desire to maximize their surplus. Considering a customer has a perceived residual value 

(𝜃𝑖) for a product return, the surplus can be shown as: 

𝑎𝑐𝑟(𝑡) − 𝜃𝑖 , (3.28) 

where 𝜃 heterogeneous and uniformly distributed (𝜃𝑖~𝑈[0, 𝑈𝑖]).  

Perceived residual value is also defined as the minimum expected instant credit of 

a customer. The OEM sells remanufactured products in the market based on their quality 

levels, viz. high-, medium-, and low-quality. Therefore, the price category for reprocessed 

items is determined based on these quality classes. An incentive offered to a customer 

returning a product at age 𝑡 and at quality 𝑖 falls into the margin between the maximum 

price 𝑝𝑖 at which remanufactured product at the quality 𝑖 can be sold, and the cost of the 

disassembly-to-order system (𝑝𝑖 − 𝑐𝑑𝑡𝑜). To allow analytical tractability, the upper bound 

(𝑈𝑖) for an instant credit offered to any customer replacing a product at the quality 𝑖 is 

limited with this margin (𝑈𝑖 = 𝑝𝑖 − 𝑐𝑑𝑡𝑜). Any acquisition price exceeds this bound can 

never be profitable and therefore not considered.  

Motivated by these, the probability of a randomly chosen customer with a product 

at age 𝑡 belonging the quality group 𝑖 accepts the credit at price 𝑎𝑐𝑟(𝑡) can be expressed 

as: 
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𝑃(𝑐𝑟𝑒𝑑𝑖𝑡) = 𝑃(𝑎𝑟(𝑡) − 𝜃𝑖 > 0) = 1 − 𝑃(𝑎𝑟(𝑡) − 𝜃𝑖 > 0).  (3.29)  

𝑃(𝑐𝑟𝑒𝑑𝑖𝑡) = 1 − ∫
1

𝑈𝑖 − 0
𝑓(𝑡)𝑑𝑡

𝑈𝑖

0

=
𝑎𝑐𝑟(𝑡)

𝑈𝑖
. (3.30) 

Return revenue function for instant credits follows the same pattern as incurred in 

the trade-in-to-upgrade policy. In the acquisition process for immediate cash credits, the 

OEM aims to maximize the trade-off between the remanufactured product sales 𝑝𝑖 and 

buyback credit. Here, the manufacturer is subjected to a discount factor in the achievable 

margin since the customers sell their outmoded products to the manufacturers without the 

need for any product purchases. Therefore, the margin obtained from the buy-back policy 

is discounted by ∆ (0 ≤ ∆≤ 1).  

Conditioned by these descriptions, the objective function is to maximize the 

expected profit from the cash credits: 

𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡)) = 𝐸𝑐𝑟𝑒𝑑𝑖𝑡[((𝑝𝑖 − 𝑎𝑐𝑟(𝑡))∆ − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))𝑃(𝑐𝑟𝑒𝑑𝑖𝑡)]. (3.31) 

𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡)) = 𝐸𝑐𝑟𝑒𝑑𝑖𝑡[((𝑝𝑖 − 𝑎𝑐𝑟(𝑡))∆ − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))
𝑎𝑐𝑟(𝑡)

𝑈𝑖
]. (3.32) 

𝐸[𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡))] =
1

𝑈𝑖
∫(((𝑝𝑖 − 𝑎𝑐𝑟(𝑡))∆ − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))𝑎𝑐𝑟(𝑡))𝑓(𝑡)𝑑𝑡.

𝑈𝑖

0

 (3.33) 

The optimal buyback credit 𝑎𝑐𝑟(𝑡) for any given product at age 𝑡 that maximizes 

the expected profit through the sales of remanufactured products at quality 𝑖 is presented 

by the first-order derivative condition 𝜕𝐸[𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡))] 𝜕𝑎𝑐𝑟(𝑡)⁄ = 0. Therefore, for 
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any product at age 𝑡, 0 ≤ 𝑡 ≤ 3, falling into quality category 𝑖, the optimal trade-in price 

is formulated as:  

𝜕𝐸[𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡))]

𝜕𝑎𝑐𝑟(𝑡)
= ((𝑝𝑖 − 𝑎𝑐𝑟(𝑡))∆ − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))𝑎𝑐𝑟(𝑡) = 0. (3.34) 

2𝑎𝑐𝑟(𝑡)∆ − 𝑝𝑖∆ + 𝑐𝑑𝑡𝑜 − 𝑅(𝑡) = 0. (3.35) 

𝑎𝑐𝑟
∗(𝑡) =

𝑝𝑖∆ − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡)

2∆
. (3.36) 

3.3.3. Dynamic Simulation-Based Game Model 

Game theory model assumes that there is a complete information, where the 

customer is aware of incentive strategies the manufacturer would possibly offer and the 

manufacturer knows the perceived residual value of the customer for the used product. 

However, in some cases, the true condition of the device can be more deteriorated than the 

product holder anticipates. In such situations, conforming customers’ expectations grows 

into a complex decision process since the OEM may fail to offer valid rebates from the 

customer standpoint. This fact results in an uncertainty in predicting the customer behavior. 

To interpret the game in a realistic form, this assumption is required to be relaxed by taking 

into consideration of this ambiguity in the residual value of each customer. Addressing this 

issue, the proposed framework is constructed as a game model in a simulated environment 

to allow the manufacturer to keep track of how an individual customer reacts against the 

allocated incentive. Knowing the individuals’ behavior, the producer can form binding 

rebates conjointly with maximizing the overall profit. Such a dynamic setting also 
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originates from the concept of smart contracts in a dynamic business-to-consumer 

environment.  

Focusing on this structure, applying preventive analysis hinders the practicability 

of the substantial volume of data generated by the increased use of technological tools. 

This insufficiency necessitates the utilization of predictive analyses such as simulation and 

statistical tools to foresee the patterns of large datasets and what is likely happen. 

Therefore, the presented base pricing model is embedded in a simulation-based game-

theoretic principle to analyze the resulting payoffs for trade-in-to-upgrade and cash rebates 

from the OEM perspective in a dynamic ecosystem. Trade-in schemes are considered in a 

basic game setting, where the OEM and the end-user behave rationally. It is assumed that 

each consumer can make a single product submission only in a finite horizon. Having a 

perceived residual value in mind, the customer has no anticipation regarding what the 

potential trade-in value is. Figure 3 depicts the interaction between the manufacturer and 

the end-user during the acquisition process in the proposed game setting. 

Manufacturer

End-user

End-user

Offers trade-in-to-upgrade

Offers instant credit

Accepts

Rejects

Accepts

Rejects

(𝑝𝑡𝑟 (𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡); (𝑝𝑛 − 𝑝𝑡𝑟 (𝑡))𝛿) 

(−𝑐ℎ − 𝑐𝑏𝑐 ; 𝜃𝑖) 

(∆𝑚 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡); 𝑎𝑐𝑟 (𝑡)) 

(−𝑐ℎ − 𝑐𝑏𝑐 ; 𝜃𝑖) 
 

Figure 28. Product acquisition process in the simulated game setting. 
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This dynamic game is initialized by the product holder’s decision on joining the 

trade-in program either for a discount or cash value. Once the consumer provides the 

unique serial number of the device through the online platform or an authorized retail store, 

the OEM retrieves the sensor data regarding the product’s actual condition sealed in 

blockchain and transmits it to the simulation model via a cloud. Processing the procured 

data under multiple scenarios, the manufacturer makes the first move by offering either of 

two choices to the product holder: new product purchase at a discounted price or immediate 

cash value. Responding to the manufacturer’s move, the end-user either accepts the 

incentive and returns the device, or rejects the rebate and keeps the product.  

As described in Section 3.3.2.3, the manufacturer generates rebates for the devices 

using a continuous age approach. Since the game is in a finite horizon with perfect 

information, the OEM and the user’s strategies can be examined through the backward 

induction process. Starting from the last nodes, the optimal action for the OEM can be 

investigated as follows: 

(1) Considering the trade-in-to-upgrade path, the OEM sets a price, 𝑝𝑡𝑟(𝑡) for 

individual products at age 𝑡. The OEM anticipates that a rational customer 

accepts 𝑝𝑡𝑟(𝑡) in case where the granted price 𝑝𝑡𝑟(𝑡) is less than the customer’s 

perceived reservation price, 𝑝𝑝. Thus, the probability of a randomly chosen 

customer accepting the trade-in 𝑃(𝑡𝑟𝑎𝑑𝑒) falls into [0,1] only if the discount 

satisfies 𝑝𝑡𝑟(𝑡) ≤ 𝑝𝑝.  

In the base model, 𝑝𝑝 is defined as a uniformly distributed random variable 

between 0 and 𝜑 (~𝑈[0, 𝜑]). In order to establish a more realistic foundation, 
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the perceived discounted price is enhanced by defining a lower bound 𝛼𝑖 for 

each quality class 𝑖 in the simulation model. As described in Section 4.3, the 

quality classes are grouped as high-, medium-, and low-quality based on the 

usage time. Using this information, the lower and upper bounds for uniform 

distribution is redefined as 𝑈[𝛼𝑖, 𝜑]. The gain of the customer accepting the 

offer is formulated as the difference between the price for the new product and 

the discounted price 𝑝𝑛 − 𝑝𝑡𝑟(𝑡). Since this incentive is granted only if the 

customer purchases a new product, the user’s outcome is multiplied with a 

discount factor 𝛿~[0,1]. The discount factor 𝛿 can also be explained as the 

conceptual depreciation for individuals being required to buy a new product. 

Therefore, the optimal decision of the OEM for this scheme can be expressed 

as: 

𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡) ≥ −𝑐ℎ − 𝑐𝑏𝑐. (3.37) 

Otherwise, the optimal strategy for the OEM is to offer a price lower than the 

customer’s outcome. In such case, the customer rejects the offer. Once the 

discounted value is dismissed, the product holder holds a perceived residual 

value 𝜃𝑖 of the product at quality class 𝑖, whereas the manufacturer incurs 

holding cost for component inventory and backorder cost for unmet demand for 

remanufactured products in the secondary market. This, apparently, is not 

considered as an ideal move for the producer.  

(2) Examining the instant credit choice, the manufacturer provides a cash value 

𝑎𝑐𝑟(𝑡) to the customer returning a product at age 𝑡. In this structure, the return 
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on investment for granting a refund is correlated with the quality level of 

products, viz. high-quality, medium-quality, and low-quality. The OEM sells 

the recovered products in the market based on these three quality indexes. 

Therefore, the manufacturer attempts to maximize the margin 𝑚 between the 

maximum market price of a remanufactured product at quality 𝑖 and the 

incentive offered to the end-user. The margin can also be expressed as:  

𝑚 = 𝑝𝑖 − 𝑎𝑐𝑟(𝑡).  (3.38) 

A realistic end-user accepts the cash rebate in case where the credit 𝑎𝑐𝑟(𝑡) is 

higher than the customer’s perceived residual value 𝜃𝑖. The user’s residual 

value is uniformly distributed and heterogeneous, 𝜃𝑖~𝑈[0, 𝑈𝑖]. Similar to the 

customer’s behavior towards accepting trade-in-to-upgrade offers, the 

perceived residual value is extended by assigning a lower bound 𝛽𝑖 allied with 

the designated quality level 𝑖. To this end, the simulation for the cash model is 

performed with the upgraded lower and upper bounds for the anticipated 

incentive (𝑈[𝛽𝑖, 𝑈𝑖]) in order to capture more practical results. The probability 

of a randomly chosen customer accepting cash promotion 𝑃(𝑐𝑟𝑒𝑑𝑖𝑡) falls into 

[0,1] only if the amount compensates 𝑎𝑐𝑟(𝑡) ≥ 𝜃𝑖 .  

As also detailed in Section 3.3.2.3, proposing immediate credits, the OEM 

encounters with a discount factor ∆ in the achievable margin since the end-users 

are not required to purchase any new or remanufactured products. 

Acknowledging the customer’s advantage, the optimal move for the producer 

can be expressed as: 
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∆𝑚 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡) ≥ −𝑐ℎ − 𝑐𝑏𝑐.  (3.39) 

Assuming that the OEM’s favorable move is to propose a value lower than the 

user’s residual value, the consumer withdraws and keeps the residual value 𝜃𝑖 

at the end of the game. This rejection invokes the backorder cost for the 

producer. Similarly, holding and backorder costs also emerge from the 

manufacturer’s standpoint.  

(3) In this step, the producer compares the payoff acquired from two nodes. 

Assuming that the optimal decision is to offer 𝑝𝑡𝑟(𝑡) for trade-in-to-upgrade 

node and 𝑎𝑐𝑟(𝑡) for cash credit node, the OEM prefers to provide discounted 

amount if following holds: 

𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡) ≥ ∆𝑚 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡). (3.40) 

Linking Equations (3.24) and (3.27), the manufacturer’s optimal decision for 

trade-in can be indicated as: 

𝑝𝑡𝑟
∗(𝑡) ≥ max (∆𝑚, (−𝑐ℎ − 𝑐𝑏𝑐)).  (3.41) 

Alternatively, the manufacturer’s choice to deliver a refund is: 

∆𝑚 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡) ≥ 𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡).  (3.42) 

Repeatedly, binding Equations (3.26) and (3.29), the producer’s optimal 

decision for instant credit can be expressed as: 

𝑚∗ ≥ max (𝑝𝑡𝑟(𝑡), (−𝑐ℎ − 𝑐𝑏𝑐)).  (3.43) 
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(4) The manufacturer’s final choice relies on the maximum expected profit attained 

from each node. Examining the probability of an end-user acquiring the rebate, 

the expected profit for trade-in-to-upgrade strategy is: 

𝐸[𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡))]  = (𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))𝑃(𝑡𝑟𝑎𝑑𝑒) +

(−𝑐ℎ − 𝑐𝑏𝑐)(1 − 𝑃(𝑡𝑟𝑎𝑑𝑒)).  

(3.44) 

Whereas the expected profit obtained from instant credit plan is: 

𝐸[𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡))] = (∆𝑚 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡))𝑃(𝑐𝑟𝑒𝑑𝑖𝑡) +

 (−𝑐ℎ − 𝑐𝑏𝑐)(1 − 𝑃(𝑐𝑟𝑒𝑑𝑖𝑡)). 

(3.45) 

Comparing two schemes, the superior game plan that yields higher output is 

selected. 

3.3.4. Empirical Prediction of Individual Consumer Behavior 

The consumer behavior is reliant on the conceptual depreciation value of 

purchasing a new product. Dynamic game theory model helps OEMs investigate the 

behavior of an individual customer holding products at varying quality conditions. 

Predicting the individual customer behavior the producer can estimate the effects of 

offering an engaging incentive to each customer. This prediction is then used to evaluate 

the overall profit margin of the product recovery system. Figure 29 depicts the dynamic 

simulation-based game model.  
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EOLP Arrives

Information Retrieval

Type of Incentive
Does the Customer 

Accept? 
Trade-in-to-upgrade

Does the Customer 

Accept?
Instant Credit

Increase the number of component 

backorders

Increase the number of product backorders

Increase backorder cost

Increase holding cost for components 

awaiting in the same quality bin

No No

Increase total cost

Satisfy the customer demand

Increase new product sales

Increase disassembly cost

Increase component inventory

Increase remanufacturing cost

Increase product inventory

Increase transportation cost

Increase inventory cost

Increase component and material sales

Increase return revenue

Increase overall margin

Satisfy the customer demand

Increase remanufactured product sales

Increase disassembly cost

Increase component inventory

Increase remanufacturing cost

Increase product inventory

Increase transportation cost

Increase inventory cost

Increase component and material sales

Increase return revenue

Increase overall margin

Yes Yes

 

Figure 29. Dynamic simulation-based game model. 

 Following the simulation model, an empirical analysis is implemented to estimate 

the individual consumer behavior. Since the customer decision for accepting the proposed 

offer is a strict “yes” or “no”, the simulation results are fed into a logistic regression model 

to obtain the probability of a customer accepting the offer based on the expected rebate and 
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the actual offer. This technique gives manufacturers the ability to grant unique offers to 

each customer leading to a faster and more efficient decision mechanism. The following 

section provides a detailed description of the logistic regression model employed in this 

research. 

3.3.4.1. Logistic Regression 

 Regression models are simply identified as linear regression and logistic 

regression. Linear regression is utilized to estimate the continuous response values, 

whereas logistic regression deals with the model outcomes of a categorical dependent 

variable. A linear regression model is not appropriate to measure outcomes on a ratio scale 

since the error terms are not normally distributed. To this end, logistic regression is a 

widely accepted statistical method that generates predicted values for a dichotomous 

dependent variable. In such model, the dependent variable can only take two possible 

values such as 0 and 1, “yes” or “no”, or “success” and “failure”. As the end user’s decision 

is a strict “accept” or “reject” to the given incentive, the logistic regression model is the 

most suitable technique for the simulated dataset. 

Consider a binomial variable x in a dataset with a total sample size of M. x is the 

column vector of M taking the value of 𝑥𝑖 for each observation. Given that each column 

(𝑥𝑖) exhibits the covariates or independent variables, and each row (𝑛𝑖) presents a 

combination of values of the independent variables, viz. population, 𝑛𝑖 is characterized as 

a row vector depicting the number of observations for a population i to N, where ∑ 𝑛𝑖
𝑁
𝑖=1 =

𝑀. Moreover, let 𝜋 is a column vector with a length N, where 𝜋𝑖 = 𝑃( 𝑥𝑖 = 1|𝑖), i.e., the 

probability of customer accepting the offer for any given observation in the ith population. 
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Assuming that Y is a column vector with a length of N which represents the number of 

acceptance decision for each population. Therefore, the probability of the acceptance can 

also be shown as 𝑃( 𝑦𝑖 = 1) [231]. 

The design matrix for the logistic regression model includes the independent 

variables and categorical components to be predicted. There is one parameter, 𝛽𝑖, 

corresponding to each column, viz. each independent variable. This parameter represents 

the odds ratio for a unit change in x. Considering K is the number of column vectors, for 

each row of the matrix takes the value of 𝑥𝑖0 = 1, therefore, 𝛽0 presents the intercept 

whereas 𝛽1, 𝛽2,…,𝛽𝑘 are interpreted as the slopes. The logit equation can be expressed as: 

logit (
𝜋𝑖

1 − 𝜋𝑖
) = ∑𝑥𝑖𝑘𝛽𝑘

𝐾

𝑘=0

,    ∀𝑖. (3.46) 

The logit formulation can also be defined as the log-odds of the probability of 

customer accepting the offer that depends on k covariates (𝑃(𝑌 = 1)). Using an inverse 

function, the formulation can be simplified as: 

𝑃(𝑦𝑖 = 1) = 𝜋𝑖(𝑥𝑘) =
𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

1 + 𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘
. (3.47) 

logit[𝜋(𝑋)] = ln [
𝜋(𝑋)

1−𝜋(𝑋)
] . (3.48) 

= ln [

𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

1+𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

1−
𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

1+𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

]. (3.49) 
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= ln [

𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

1+𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘
1

1+𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘

]. (3.50) 

= ln[𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑘𝑥𝑘]. (3.51) 

= 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑘𝑥𝑘. (3.52) 

Logistic regression is a binomial model, where the goal is to estimate the 

coefficients, 𝛽. The regression coefficients are obtained by maximizing the corresponding 

likelihood function. Maximum likelihood estimation approach is implemented to 

determine the set of parameters for which the probability of the observed data is greatest. 

The likelihood function is derived from the binomial distribution of the dependent variable. 

𝜋(𝑥𝑖)
𝑦𝑖(1 − 𝜋(𝑥𝑖))

1−𝑦𝑖 . (3.53) 

For N number of observations, the formulation can be shown as: 

∏𝜋(𝑥𝑖)
𝑦𝑖(1 − 𝜋(𝑥𝑖))

1−𝑦𝑖

𝑁

𝑖=1

. (3.54) 

As described in Section 3.3.3, the expected profit for offering trade-in-to-upgrade 

promotion 𝐸[𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟(𝑡))] as well as the expected profit for offering instant credit 

𝐸[𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟(𝑡))] are reliant on the customer’s expected price and the rebate offer. 

Inserting the approximated probability function to Eqs. (3.44) and (3.45), the expected 

profit functions for two trade-in programs can be expressed as: 
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𝐸[𝜋𝑡𝑟𝑎𝑑𝑒(𝑝𝑡𝑟
∗(𝑡))]  = (𝑝𝑡𝑟(𝑡) − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡)) (

𝑒𝛽0+𝛽1𝑝𝑝+𝛽2𝑝𝑡𝑟(𝑡)

1+𝑒𝛽0+𝛽1𝑝𝑝+𝛽2𝑝𝑡𝑟(𝑡)
) +

(−𝑐ℎ − 𝑐𝑏𝑐)(1 −
𝑒𝛽0+𝛽1𝑝𝑝+𝛽2𝑝𝑡𝑟(𝑡)

1+𝑒𝛽0+𝛽1𝑝𝑝+𝛽2𝑝𝑡𝑟(𝑡)
).  

(3.55) 

𝐸[𝜋𝑐𝑟𝑒𝑑𝑖𝑡(𝑎𝑐𝑟
∗(𝑡))] = (∆𝑚 − 𝑐𝑑𝑡𝑜 + 𝑅(𝑡)) (

𝑒𝛽0+𝛽1𝜃𝑖+𝛽2𝑎𝑐𝑟(𝑡)

1+𝑒𝛽0+𝛽1𝜃𝑖+𝛽2𝑎𝑐𝑟(𝑡)
) +

(−𝑐ℎ − 𝑐𝑏𝑐)(1 −
𝑒𝛽0+𝛽1𝜃𝑖+𝛽2𝑎𝑐𝑟(𝑡)

1+𝑒𝛽0+𝛽1𝜃𝑖+𝛽2𝑎𝑐𝑟(𝑡)
). 

(3.56) 
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CHAPTER 4: IMPLEMENTATION AND RESULTS 

This section presents the implementation and the results of the performance 

analysis of DTO operations for sensor-embedded game consoles. The design of 

experiments study and the model for trade-in-to-upgrade policymaking in DTO systems 

are detailed in this section. 

4.1. Implementation of Performance Analysis of Disassembly-to-Order System 

for Sensor-Embedded Game Consoles 

Previous studies demonstrate that the smart infrastructures have a remarkable 

impact on reducing the disassembly and remanufacturing uncertainty in conjunction with 

improving the performance [7, 12, 173, 232]. Focusing on this claim, a discrete-event 

simulation model is built to analyze the performance of the smart disassembly-to-order 

architecture. The simulation model is constructed through ARENA v.15.1 in order to 

mimic the performance degradation pattern of smart products and their components 

throughout their in-use periods.  

Three-level factorial design (3𝑘) indicates a design with 50 factors, each at three 

level of low, intermediate, and high, where k represents the total number of factors. 

However, implementing a full factorial design for 50 factors at three levels requires an 

extensive number experiments which corresponds to 350 =

717,897,987,691,852,588,770,249 combinations between the factors. To reduce the 

number of experiments to a practical level, a subset of minimum number of combinations 
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that yields the maximum information possibly concerning all factors about the performance 

of the response function is selected. Such a design-of-experiments study is characterized 

as the Taguchi’s Orthogonal Arrays (OAs) design. Due to its convenience in experimenting 

high volume factorial analysis, OAs are often employed in industrial cases to identify the 

effect of several control factors. Once selecting the minimum set of the combinations, the 

number of OAs must be greater than or equal to the system’s degree-of-freedom, also noted 

as 𝐿101(3
50) ([(Number of levels – 1) x Number of Factors)] +1=101).  

Considering the OAs, total degrees of freedom is calculated to investigate the 

minimum number of experiments through the previously given formula: 

𝑁𝑇𝑎𝑔𝑢𝑐ℎ𝑖 = 1 + ∑ (𝐿𝑖 − 1)
50
𝑖=1 ,          (4.1) 

where 𝐿𝑖 is the number of levels for each factor (𝐿𝑖 = 1, 2, 3); the total number of factors 

is 50; and 𝑖 is the factors (𝑖 = 1, 2, 3, … ,50). 

Since all factors have three levels, the total degrees of freedom equals to 100, 

requiring a minimum of 101 experiments for the proposed disassembly-to-order system. 

Alternatively, this leads to 𝐿101(3
50) Orthogonal Arrays.  

Relevant data for factors are collected from the maintenance and remanufacturing 

facility of one of the leading Japan-based consumer electronics companies. Therefore, 

factors are constructed and a level value is assigned to each factor based on historical data. 

The implementation of OA design is influenced from the study conducted by Alqahtani 

and Gupta [80]. Parameters used in the simulation system are also estimated from the 

historical data. The usage of EOLPs follows a triangular distribution with parameters 0, 
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1.35, and 3. The distribution of the usage time of the EOLP game consoles is depicted in 

Figure 30.  

 

Figure 30. Distribution of Usage Time of Arrived EOLP Game Consoles. 

Hinging on the given histogram, triangular distribution demonstrates that the usage 

time of arrived EOLPs is in the interval [0, 3] with a mode of 1.35 and a mean of 1.49.  

Total cost and time of disassembly can efficiently be reduced in the intelligent 

products with the help of sensors. Through the ubiquitous data flow regarding the 

components condition, the proper dismantling process is implemented during the 

disassembly process. Additionally, retrieving information about missing components, 

components functionality, and components usage has a direct effect on the cost and quality 

of remanufactured game consoles and the number of components sold for component 

demand and material demand. Here, missing components and components functionality 

are considered as factors and included in the factorial design. Components are analyzed in 

three categories such as high-, medium-, and low-quality. Factors for components 

functionality are assigned based on these classification since the varying quality conditions 

may convey different probabilities for functionality. Each factor is assigned to a three-level 
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value. Table 5 exhibits the probability factors for each factor for missing components and 

functionalities. The probability of repair is also provided in the table. 

Table 5. Probability Factors for Product Repair, Missing Components and 

Functionalities. 

No. Factor Unit 
Levels 

1 2 3 

1 Probability of EOLP Game Consoles for Repair % 5 10 15 

2 Probability of a Missing Hard Drive % 5 10 15 

3 Probability of a Missing Power Supply % 5 10 15 

4 Probability of a Missing Disc Drive % 5 10 15 

5 Probability of a Missing Motherboard % 5 10 15 

6 Probability of a Missing Heat Sink % 5 10 15 

7 Probability of a Missing Fan % 5 10 15 

8 Probability of Nonfunctional High Quality Hard Drive % 5 10 15 

9 Probability of Nonfunctional High Quality Power Supply % 5 10 15 

10 Probability of Nonfunctional High Quality Disc Drive % 5 10 15 

11 Probability of Nonfunctional High Quality Motherboard % 5 10 15 

12 Probability of Nonfunctional High Quality Heat Sink % 5 10 15 

13 Probability of Nonfunctional High Quality Fan % 5 10 15 

14 Probability of Nonfunctional Medium Quality Hard Drive % 10 15 20 

15 Probability of Nonfunctional Medium Quality Power Supply % 10 15 20 

16 Probability of Nonfunctional Medium Quality Disc Drive % 10 15 20 

17 Probability of Nonfunctional Medium Quality Motherboard % 10 15 20 

18 Probability of Nonfunctional Medium Quality Heat Sink % 10 15 20 

19 Probability of Nonfunctional Medium Quality Fan % 10 15 20 

20 Probability of Nonfunctional Low Quality Hard Drive % 15 20 25 

21 Probability of Nonfunctional Low Quality Power Supply % 15 20 25 

22 Probability of Nonfunctional Low Quality Disc Drive % 15 20 25 

23 Probability of Nonfunctional Low Quality Motherboard % 15 20 25 

24 Probability of Nonfunctional Low Quality Heat Sink % 15 20 25 

25 Probability of Nonfunctional Low Quality Fan % 15 20 25 

 

In the implementation of the research, non-destructive and destructive disassembly 

times at each station are examined as the factors, each at three levels, in the 

experimentation. These factors and their levels are presented in Table 6. Here, station 
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numbers successively introduce Hard Drive Station, Power Supply Station, Disc Drive 

Station, Motherboard Station, Heat Sink Station, and Fan Station. 

Table 6. Time Factors for Non-destructive and Destructive Disassembly Stations. 

No. Factor Unit 
Levels 

1 2 3 

26 Mean Non-Destructive Disassembly Time for Station 1 Minutes 0.6 0.8 1 

27 Mean Non-Destructive Disassembly Time for Station 2 Minutes 0.8 1 1.3 

28 Mean Non-Destructive Disassembly Time for Station 3 Minutes 0.8 1 1.3 

29 Mean Non-Destructive Disassembly Time for Station 4 Minutes 1 1.5 2 

30 Mean Non-Destructive Disassembly Time for Station 5 Minutes 0.8 1 1.3 

31 Mean Non-Destructive Disassembly Time for Station 6 Minutes 0.6 0.8 1 

32 Mean Destructive Disassembly Time for Station 1 Minutes 0.3 0.5 0.6 

33 Mean Destructive Disassembly Time for Station 2 Minutes 0.4 0.5 0.7 

34 Mean Destructive Disassembly Time for Station 3 Minutes 0.4 0.5 0.7 

35 Mean Destructive Disassembly Time for Station 4 Minutes 0.6 0.8 1 

36 Mean Destructive Disassembly Time for Station 5 Minutes 0.4 0.5 0.7 

37 Mean Destructive Disassembly Time for Station 6 Minutes 0.3 0.5 0.6 

 

EOLP game consoles and component demand arrival rates follow an exponential 

distribution. Mean demand rate is assumed as including all component types regardless of 

their quality levels. Table 7 presents the factors for EOLP game consoles interarrival rate 

and demand interarrival rate for each component. Unlike the component demand, 

remanufactured product demand arrives for each product quality type. This demand type 

constitutes the most significant revenue-generating instrument for the OEM, therefore, 

determining the optimal trade-in-to-upgrade rebates. Due to its highly stochastic nature, 

demand for remanufactured products is not taken into consideration in the discrete event 

simulation presented in the current study. By doing so, possible imprecise results are 

eliminated from becoming a factor in product replacement decisions. Second-hand product 

demand will be considered in the future study as part of pricing policy models. 
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Table 7. Arrival Rate Factors for EOLP Game Consoles and Component Demand. 

No. Factor Unit 
Levels 

1 2 3 

38 Mean EOLP Game Consoles Arrival Rate   Products/hr. 10 20 30 

39 Mean Demand Rate for Hard Drive  Parts/hr. 10 15 20 

40 Mean Demand Rate for Power Supply Parts/hr. 10 15 20 

41 Mean Demand Rate for Disc Drive Parts/hr. 10 15 20 

42 Mean Demand Rate for Motherboard Parts/hr. 10 15 20 

43 Mean Demand Rate for Heat Sink Parts/hr. 10 15 20 

44 Mean Demand Rate for Fan Parts/hr. 10 15 20 

 

Remanufacturing process is implemented through six stations. Station numbers 

successively introduce Fan Station, Heat Sink Station, Motherboard Station, Disc Drive 

Station, Power Supply Station, and Hard Drive Station. Following the assembly line, end 

products are sent to product inventory bins based on different levels of quality. Table 8 

shows the factors for assembly times at each station and three levels of these factors. 

Table 8. Time Factors for Assembly Stations. 

No. Factor Unit 
Levels 

1 2 3 

45 Mean Assembly Time for Station 1 Minutes 0.6 0.8 1 

46 Mean Assembly Time for Station 2 Minutes 0.8 1 1.3 

47 Mean Assembly Time for Station 3 Minutes 1.3 1.5 1.8 

48 Mean Assembly Time for Station 4 Minutes 1 1.3 1.5 

49 Mean Assembly Time for Station 5 Minutes 1 1.3 1.5 

50 Mean Assembly Time for Station 6 Minutes 0.8 1 1.3 

 

Cost and revenue parameters that are employed in the discrete event simulation 

include backorder and inventory cost of components, assembly cost, non-destructive 

disassembly cost, destructive disassembly cost, price for component sales to meet 

component demand and material demand. Table 9 demonstrates cost and revenue 

parameters of the simulation model. 
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Table 9. Cost and Revenue Parameters for Disassembly-to-Order System. 

No. Parameter Unit Value 

1 Backordering Cost Rate % 40 

2 Holding Cost Rate % 10 

3 Disassembly Cost $ 1 

4 Assembly Cost $ 1 

5 Price for High Quality Hard Drive $ 75 

6 Price for High Quality Power Supply $ 70 

7 Price for High Quality Disc Drive $ 90 

8 Price for High Quality Motherboard $ 180 

9 Price for High Quality Heat Sink $ 45 

10 Price for High Quality Fan $ 45 

11 Price for Medium Quality Hard Drive $ 55 

12 Price for Medium Quality Power Supply $ 50 

13 Price for Medium Quality Disc Drive $ 70 

14 Price for Medium Quality Motherboard $ 150 

15 Price for Medium Quality Heat Sink $ 25 

16 Price for Medium Quality Fan $ 20 

17 Price for Low Quality Hard Drive $ 30 

18 Price for Low Quality Power Supply $ 25 

19 Price for Low Quality Disc Drive $ 35 

20 Price for Low Quality Motherboard $ 50 

21 Price for Low Quality Heat Sink $ 15 

22 Price for Low Quality Fan $ 15 

23 Price for Unit Material Recycling  $/lbs. 0.6 

24 Weight for Hard Drive lbs. 0.36 

25 Weight for Power Supply lbs. 1 

26 Weight for Disc Drive lbs. 1 

27 Weight for Motherboard lbs. 0.5 

28 Weight for Heat Sink lbs. 0.4 

29 Weight for Fan lbs. 0.36 

 

This study primarily focuses on determining the total cost of the disassembly-to-

order system. Knowing the total cost of the system in advance through discrete-event 

simulation helps the manufacturer to conduct more meaningful, better informed and more 

profitable product acquisition policies. Despite the fact that the system mainly alters the 

expenses, the revenue generated through component and material sales is also taken into 
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consideration. The time frame to run each experiment obtained through the OAs covers a 

period of eight hours per shift, one shift per day, five days per week for six months. 

ARENA model calculates the total cost during the simulation runtime using the 

following equation: 

Total Cost = DC + RMC + HC + BC + TC – (CS + MS),                  (4.2) 

where DC is the total disassembly cost of components; RMC is the total remanufacturing 

cost of products; HC is the total holding cost of components; BC is the total backorder cost 

of components; TC is the total transportation cost of products to the main facility; CS is the 

total revenue generated through component sales for component demand; and MS is the 

total revenue generated through component sales for material demand. Price for 

components depends on the quality level of the parts, whereas the revenue obtained from 

components sold to the recyclers is regardless of the condition of the components. Scrap 

value of components is calculated by multiplying the weight of component by the unit scrap 

revenue.  

In this research, demand for material recovery is considered at a significantly high 

rate. In this regard, all discarded products including the surpass volume of the functional 

components inventory are considered to be sold to the recyclers, therefore, no disposal cost 

is occurred in the process. The transportation cost is assumed to be $50 for each trip of the 

truck. 

Using the orthogonal arrays, a subset of 101 experiments is obtained as shown in 

Table 10. It is assumed that no factors are interaction occurs between two factors. 
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Table 10. Partial view of the Orthogonal Array (OAs) Design. 

Expt. 

No. 
𝑳𝟏𝟎𝟏(𝟑

𝟓𝟎) 

1 2 3 4 5 6 7 8 9 10 ... 44 45 46 47 48 49 50 

1 15 5 10 15 10 15 10 10 5 15  10 0.8 1.3 1.3 1.8 1.5 1.3 

2 15 15 5 15 15 5 10 10 10 15  15 0.8 1.3 1.3 1 1.3 1 

3 15 10 5 10 10 5 15 15 15 10  10 0.6 1.3 1.8 1.8 1.3 0.8 

4 10 5 10 10 5 10 10 10 15 15 . 15 0.8 1 1.5 1 1.3 1.3 

5 5 15 10 15 10 5 15 15 15 10 . 10 0.6 1 1.3 1.8 1.3 1 

6 5 15 15 10 15 15 5 5 15 15 . 10 1 1.3 1.3 1 1.5 1.3 

7 15 5 5 15 15 15 5 5 15 10  20 0.8 0.8 1.8 1.3 1 1.3 

8 10 5 15 5 10 5 15 15 15 10  20 0.6 1.3 1.8 1.3 1.5 1 

9 5 10 10 5 15 15 5 5 15 10  20 1 1.3 1.3 1.8 1 0.8 

10 10 10 15 15 5 10 10 10 15 15  15 0.8 1 1.3 1.3 1 0.8 

...                    ...               

90 5 10 15 10 5 15 15 10 5 5  20 0.8 0.8 1.8 1.8 1 1.3 

91 10 10 10 10 5 10 10 5 5 15  20 0.6 1 1.3 1.8 1.3 0.8 

92 10 15 10 5 15 15 15 15 5 10  20 0.8 1 1.8 1.8 1.5 0.8 

93 10 15 15 10 5 10 15 15 15 5  10 1 1 1.8 1.3 1.5 1.3 

94 15 10 5 10 15 5 10 5 10 15 . 20 0.6 1.3 1.5 1 1.3 1.3 

95 10 10 5 15 5 10 5 5 10 10 . 10 0.6 0.8 1.8 1.8 1.5 1.3 

96 15 5 10 15 10 5 5 5 10 10 . 20 1 1 1.5 1.8 1 0.8 

97 15 10 5 15 10 10 15 10 5 10  10 1 0.8 1.8 1.3 1 1 

98 15 10 5 5 10 15 15 5 15 5  15 0.6 1 1.3 1.3 1 1.3 

99 15 15 5 5 15 10 10 15 5 15  20 0.6 1.3 1.3 1.8 1 1 

100 5 15 15 5 10 5 10 15 15 5  20 0.6 0.8 1.5 1 1 0.8 

101 5 10 10 5 10 5 5 5 10 10 ... 15 0.8 0.8 1.8 1.3 1.5 1 

 

In order to implement a predictive assessment for the system’s performance, the 

simulation is run for a sampling of 101 experiment obtained from OAs. Based on the 

experiments, both of which high-quality and low-quality product arrivals constitute 22% 

of the total EOLP arrivals on average, whereas the majority of used products are obtained 

as medium-quality with a 56% rate. 

The cost measures for 101 experiments are partially shown in Table 11. The 

detailed results of the simulation output are exhibited in Table 13 in Appendix.  
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Table 11. Cost Measures of the Disassembly-to-Order System. 

Expt. 

No. DC RMC HC BC TC CS MS Total Cost 

1 $190,329.83 $221,920.36 $260,721.60 $434,761.10 $14,620.00 $717,972.60 $45,752.96 $358,627.33 

2 $189,514.82 $221,725.28 $229,670.40 $555,015.41 $14,510.00 $917,063.70 $35,836.55 $257,535.66 

3 $190,208.72 $221,766.90 $261,669.60 $487,397.42 $14,760.00 $738,157.55 $44,033.07 $393,612.02 

4 $190,360.08 $220,585.14 $266,320.80 $516,813.07 $14,600.00 $840,770.35 $37,860.76 $330,047.98 

5 $189,869.46 $221,931.50 $268,651.20 $446,002.94 $14,610.00 $696,887.60 $42,929.45 $401,248.05 

6 $137,824.78 $140,076.69 $106,075.20 $266,066.06 $7,295.00 $377,800.85 $7,863.58 $271,673.30 

7 $120,432.54 $136,113.96 $67,305.60 $121,955.23 $4,905.00 $171,450.55 $3,042.17 $276,219.61 

8 $189,614.02 $223,544.12 $230,169.60 $432,051.31 $14,505.00 $735,756.80 $46,242.04 $307,885.21 

9 $121,039.59 $135,732.67 $64,970.40 $169,094.93 $5,015.00 $275,169.20 $2,874.44 $217,808.95 

10 $190,791.75 $221,379.64 $233,203.20 $500,544.10 $14,665.00 $775,627.25 $43,155.55 $341,800.89 

... ... 

90 $121,086.34 $134,679.19 $65,068.80 $162,878.40 $5,005.00 $272,429.55 $2,690.84 $213,597.34 

91 $121,036.23 $136,257.36 $64,886.40 $201,690.00 $4,985.00 $304,055.90 $1,803.81 $222,995.28 

92 $137,945.43 $146,605.26 $106,029.60 $245,239.01 $7,290.00 $370,616.70 $5,037.89 $267,454.71 

93 $120,136.42 $134,714.11 $66,266.40 $162,295.01 $4,885.00 $198,568.05 $2,321.15 $287,407.74 

94 $190,480.61 $221,543.10 $228,770.40 $473,296.18 $14,625.00 $792,661.05 $40,209.34 $295,844.90 

95 $137,037.38 $150,074.26 $105,679.20 $330,390.00 $7,195.00 $378,741.80 $3,744.44 $347,889.60 

96 $189,946.56 $220,236.56 $260,721.60 $438,993.74 $14,570.00 $762,300.00 $44,437.10 $317,731.36 

97 $188,482.25 $224,251.18 $259,202.40 $536,713.63 $14,850.00 $829,171.60 $36,478.48 $357,849.38 

98 $120,777.69 $138,795.45 $66,516.00 $162,264.58 $4,960.00 $226,350.50 $1,671.98 $265,291.24 

99 $138,592.73 $146,543.15 $105,710.40 $235,138.75 $7,370.00 $340,419.20 $5,684.94 $287,250.89 

100 $119,993.10 $138,665.88 $66,381.60 $153,499.06 $4,870.00 $205,794.65 $3,141.03 $274,473.96 

101 $119,773.00 $140,512.90 $64,929.60 $225,457.65 $4,870.00 $191,815.68 $2,384.04 $361,343.43 

Avg. $148,587.34 $166,963.62 $136,430.02 $301,774.22 $8,776.88 $446,834.52 $17,989.11 $297,708.47 

 

Based on the experimentation, average total cost is obtained as $297,708. The 

simulation model primarily aims at utilizing the components in product remanufacturing. 

Since the remanufactured product sales are not taken into consideration in the current 

system, this reflects as higher cost values. Moreover, different EOLP and demand 

interarrival rates result in fluctuating cost and revenue outputs, which can also be observed 

in all cost factors. Specifically, with a higher interarrival rate of EOLPs in a timely basis, 

a smaller number of EOLPs enter the system, and therefore, a smaller number of 



 

120 

 

components are dismantled. This results in a lower amount of material sale since the 

components are first used to fulfill the component demand.   

To achieve more accurate cost value to be utilized in the trade-in pricing models, 

one sample t-test is implemented to investigate the upper and lower limits of the total cost 

value within 95% confidence interval as exhibited in Table 12. 

Table 12. 95% Confidence Interval of the Total Cost. 

Lower Limit($) Upper Limit($)

Total Cost 297708.5 288687.465 306729.07 <0.0001

MeanMeasure
95% Confidence Interval of the Difference

p-value

 

The results show that the OEM can predict the disassembly-to-order system cost in 

the interval of 288687.465 and 306729.07 with 95% of confidence. This measure will be 

taken into consideration in the trade-in rebate model as the total cost of disassembly and 

remanufacturing. 

4.2. Implementation of Trade-in-to-Upgrade Policymaking Model in 

Disassembly-to-Order Systems 

This section details the findings from the two different trade-in-to-upgrade pricing 

policy models and examines the most fitting strategy for product acquisition. The initial 

model investigates the optimal pricing where the manufacturer offers trade-in rebates only. 

In this model, the manufacturer categorizes the returned products in three discrete sets of 

quality classes and determines the optimal rebate based on discrete price levels. Following 

this, the model is extended where trade-in-to-upgrade incentives and instant credits are 
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compared. To achieve a realistic strategy, two rebate models are constructed in a 

simulation-based game setting that mimics the customer behavior and obtains the payoffs 

for the OEMs. To handle the uncertainty in the customer’s decision towards the offered 

incentive, logistic regression analysis is implemented to maximize the likelihood of the 

acceptance rate. Finally, trade-in policies are compared to obtain favorable strategies 

boosting the revenue streams. 

4.2.1. Numerical Analysis for Discrete-Level Trade-in-to-Upgrade 

Policymaking 

Employing the findings of the discrete event simulation model, this analysis deals 

with trade-in policymaking to examine an engaging quotation for varying quality of 

returned products from the perspectives of all parties engaged in the transaction. Rather 

than evaluating the individual product condition, this policy focuses on attaining the best 

fitting take-back rebate for each product group based on their quality levels. In this regard, 

trade-in-to-upgrade incentives are established for discrete sets of quality standards in case 

where the returned products are grouped into three quality classes, viz. high quality, 

medium quality, and low quality, based on their usage time. EOLPs with a usage time 

between 0 and 1 year, 1 and 2 years, and 2 and 3 years are assumed as high-, medium-, and 

low-quality, respectively. Remanufactured products are sold at price 𝑝𝑖 for each quality 

level i. Demand for remanufactured products 𝐷𝑖 and the sale price of remanufactured 

products are known.  

Each customer has a uniformly distributed perceived incentive value regarding their 

products. The expected rebate value for each end-user also varies based on the product 
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quality level. The aim here is not only to find the engaging pricing strategy to encourage 

customers in three product groups to join the trade-in program but also to increase the 

remanufactured product sales. Table 13 depicts the model parameters for each quality 

classes. 

Table 13. Model parameters for each quality classes. 

Quality Class 1 2 3 

Demand for remanufactured products (𝐷𝑖) 100 100 50 

Price for remanufactured products (𝑝𝑖) 280 190 100 

Minimum expected incentive (𝛽𝑖) 100 75 50 

Maximum expected incentive (𝑈𝑖) 175 105 75 

 

The acquired total cost is embedded into the trade-in-to-upgrade policy model. 

Applying the proposed mathematical model, incentives are divided into six discrete price 

levels for each quality condition. Total quantity of returned products, demand for 

remanufactured products at varied qualities with their relevant sale prices, expected cost 

for disassembly-to-order system, and minimum and maximum incentives expected by the 

customers are assumed to be deterministic. Model parameters for each quality class is 

provided in Table 13. In addition to Table 13, total quantity of returned products (Q) is 

assumed as 2,000. The model is solved using LINGO v.17.0.74. 

The results for optimal trade-in incentives for varying qualities with return rates are 

depicted in Figure 31, Figure 32, and Figure 33 for high-quality, medium-quality, and low-

quality game consoles, respectively. 
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Figure 31. Optimal trade-in incentives for high-quality game consoles. 
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Figure 32. Optimal trade-in incentives for medium-quality game consoles. 
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Figure 33. Optimal trade-in incentives for low-quality game consoles. 

The return rate for medium-quality EOLPs is obtained as the highest in the DES 

model, followed by low- and high-quality EOLPs, respectively. Incentives for product 
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returns is attained as $110 for high-quality, $90 for medium-quality, and $55 for low-

quality products. 

This model is extended by considering a continuous age for each product return. 

Therefore, as an alternative to discrete pricings groups, incentives for individual products 

are calculated over two different acquisition schemes. The following section discusses the 

numerical analysis for the extended model in detail. 

4.2.2. Numerical Analysis for the Comparison of Two Different Trade-

in Policies 

4.2.2.1. Basic Model 

End-users can be categorized as replacement customers and one-time buyers who 

prefer to (i) exchange their discarded products to acquire newer versions, and (ii) give back 

their used products for an instant cash value without the need for new product purchases, 

respectively. Addressing these two customer segments, trade-in-to-upgrade incentives and 

instant credits are compared from the OEM perspective. To achieve an optimal strategy, a 

general pricing scheme is first implemented to obtain theoretical acquisition prices for 

returned products at continuous ages from 0 to 3. Following this, the base model is 

embedded in a dynamic game setting and simulated to mimic the customer behavior and 

the resulting payoffs for the OEM in each rebate program. 

Section 3.3.2.3 provides the analytical description of the optimal prices for trade-

in-to-upgrade and immediate credit policies. The numerical study for this precise form 

provides data for OEM’s rational reaction to the individual customer returning a product 
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at age t and quality i. Based on the characteristics of returning products, exchange rebates 

are analyzed by age, the quality index, return revenue, and the cost of the disassembly-to-

order system. Similarly, instant credits are evaluated by age, the quality index, the return 

revenue, remanufactured product sales and the cost of the disassembly-to-order system. 

Specifically, the age of an individual game console is a continuous variable ranging 

between 0 and 3. Each age level belongs to a discrete quality class, where EOLPs with a 

usage time between 0 and 1 year, 1 and 2 years, and 2 and 3 years are assumed as high-, 

medium-, and low-quality, respectively. A change in the quality index depends on the 

relative length of the lifespan of the product. Accordingly, a rate of change in the return 

revenue affects the utilization of remanufacturing and is highly reliant on the product 

lifetime and the quality index.  

In trade-in program, each customer has a perceived reservation price for a new 

product purchase once they return their discarded devices 𝑝𝑝. The market price for newer 

generation product to be released by the OEM in the future term is assumed to be $400 

(𝑝𝑛 = $400). Since it is assumed that the customers do not have anticipation for the market 

price for the upcoming product, the perceived value of a particular customer paying for 

new device is uniformly distributed 𝑝𝑝~𝑈[0, 𝜑], where 𝜑 = $550.  

Inferring a continuous linear return revenue function 𝑅(𝑡), the OEM increases the 

return revenue by obtaining higher quality components which linearly increases the 

performance of remanufacturing line. Employing the results retrieved from the simulation 

model, the unit cost variables for disassembly and remanufacturing are defined as 𝑐𝑑𝑡𝑜 =

75 and 𝑐𝑟𝑒𝑚 = 94, respectively. It should be noted that these cost variables also contain 
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the overall cost of operating disassembly and remanufacturing including the inventory 

holding cost and the backordering cost for both components and products. The return 

revenues for distinct products at age t is shown in Table 14. 

Table 14. Return revenue for returned products at age t in the trade-in program. 

Age 

(yr) 

𝑹(𝒕)  
($) 

0 58.8 

0.1 58.7 

0.2 58.6 

0.3 58.5 

0.4 58.4 

0.5 58.3 

0.6 58.2 

0.7 58.1 

0.8 58 

0.9 57.9 

1.0 57.8 

1.1 49.6 

1.2 49.4 

1.3 49.2 

1.4 49 

1.5 48.8 

1.6 48.6 

1.7 48.4 

1.8 48.2 

1.9 48 

2.0 47.8 

2.1 28.7 

2.2 28.4 

2.3 28.1 

2.4 27.8 

2.5 27.5 

2.6 27.2 

2.7 26.9 

2.8 26.6 

2.9 26.3 

3.0 26 
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Applying the basic model for the trade-in program, the optimal pricing for devices 

at varying qualities based on their age and quality, the return revenue, and the cost of DTO, 

is depicted in Table 15. Extracting the rebates from the new product price, the incentives 

for exchanging products is also provided in the table. 

Table 15. Optimal prices and incentives for returned products at age t. 

Age 

(yr) 

𝒑𝒕𝒓(𝒕) 
($) 

Incentive 

($) 

0 283.1 116.9 

0.1 283.15 116.85 

0.2 283.2 116.8 

0.3 283.25 116.75 

0.4 283.3 116.7 

0.5 283.35 116.65 

0.6 283.4 116.6 

0.7 283.45 116.55 

0.8 283.5 116.5 

0.9 283.55 116.45 

1.0 283.6 116.4 

1.1 287.7 112.3 

1.2 287.8 112.2 

1.3 287.9 112.1 

1.4 288 112 

1.5 288.1 111.9 

1.6 288.2 111.8 

1.7 288.3 111.7 

1.8 288.4 111.6 

1.9 288.5 111.5 

2.0 288.6 111.4 

2.1 298.15 101.85 

2.2 298.3 101.7 

2.3 298.45 101.55 

2.4 298.6 101.4 

2.5 298.75 101.25 

2.6 298.9 101.1 

2.7 299.05 100.95 

2.8 299.2 100.8 

2.9 299.35 100.65 

3.0 299.5 100.5 
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Accordingly, in immediate credit scheme, each customer has a perceived incentive 

value for each product return 𝜃𝑖 at quality i. The expected credit for a particular customer 

delivering a discarded product is uniformly distributed with 𝜃𝑖~𝑈[0, 𝑈𝑖]. To allow 

analytical tractability, upper bound 𝑈𝑖 is limited with the margin between the maximum 

market price for a remanufactured product at quality i and the cost of the DTO system. 

Reprocessed devices are sold on the secondary market according to their quality levels. In 

this regard, a high- (𝑝1), medium- (𝑝2), and low-quality (𝑝3) remanufactured product can 

be sold at highest for $280 (𝑝1 = $280), $200 (𝑝2 = $200), and $120 (𝑝3 = $120), 

respectively. The discount factor in the achievable margin is assumed to be ∆=0.85. 

Similar to the trade-in model, the return revenue function follows the identical 

characteristics in the instant credit form. To this end, Table 16 presents the results for return 

revenue function for products at varying age parameters. 
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Table 16. Cash program return revenue for returned products at age t. 

Age 

(yr) 

𝑹(𝒕) 
($) 

0.0 58.8 

0.1 58.7 

0.2 58.6 

0.3 58.5 

0.4 58.4 

0.5 58.3 

0.6 58.2 

0.7 58.1 

0.8 58 

0.9 57.9 

1.0 57.8 

1.1 49.6 

1.2 49.4 

1.3 49.2 

1.4 49 

1.5 48.8 

1.6 48.6 

1.7 48.4 

1.8 48.2 

1.9 48 

2.0 47.8 

2.1 28.7 

2.2 28.4 

2.3 28.1 

2.4 27.8 

2.5 27.5 

2.6 27.2 

2.7 26.9 

2.8 26.6 

2.9 26.3 

3.0 26 

 

Applying the basic model to the cash program, the optimal incentives for devices 

at varying qualities based on their age and quality, the return revenue, and the cost of DTO, 

is depicted in Table 17.  
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Table 17. Optimal incentives for returned products at age t. 

Age 

(yr) 

𝒂𝒄𝒓(𝒕) 
($) 

0.0 116.525 

0.1 116.475 

0.2 116.425 

0.3 116.375 

0.4 116.325 

0.5 116.275 

0.6 116.225 

0.7 116.175 

0.8 116.125 

0.9 116.075 

1.0 116.025 

1.1 77.925 

1.2 77.825 

1.3 77.725 

1.4 77.625 

1.5 77.525 

1.6 77.425 

1.7 77.325 

1.8 77.225 

1.9 77.125 

2.0 77.025 

2.1 33.475 

2.2 33.325 

2.3 33.175 

2.4 33.025 

2.5 32.875 

2.6 32.725 

2.7 32.575 

2.8 32.425 

2.9 32.275 

3.0 32.125 

 

Figure 34 provides a comparison among the incentives acquired for the two 

strategies in the basic model. The results indicate that the OEM is indifferent to the 

acquisition of high-quality products, whereas the trade-in-to-upgrade program can be 
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preferred in the collection of medium- and low-quality products. Furthermore, the pricing 

schemes drawing an exponential distribution implies that the specific item is likely to 

become older as the product moves through its life cycle as well as the incremental change 

in its innovation capacity. 

 

Figure 34. Comparison of incentives in two strategies. 

4.2.2.2. Dynamic Simulation-based Game Model 

ARENA 15.1 is used to implement the virtual game model mimicking the 

customers’ behavior towards the presented incentives. In some cases, the quality of a 

specific product can be independent from the product age. That is, the condition of 

components within a particular device may have non-functioning and/or non-existing items 

regardless of the product life cycle. This situation may lead to imprecise pricing decisions 

from the OEM standpoint brining additional financial burden in the long term. On the other 

hand, the manufacturer is required to offer valid rebates to conform customers’ 

expectations. This results in an uncertainty in predicting the customer behavior. Addressing 
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this issue, the simulation model is constructed to incorporate the uncertainty in the residual 

value of an end-user and to predict how an individual customer reacts against the allocated 

incentive. 

The ARENA simulation program is used to determine the actual quality of 

components revealing the true quality of return products under varying conditions. This 

helps the producer assess the return on investment in real time. The model provides the 

variables for customers’ decision as “accept” or “reject” based on the expected residual 

value of a particular customer, the price offered to the customer, the conceived age and the 

actual age of the device. Additionally, the simulation model extracts the cost and revenue 

parameters for each submission.  

The time frame spans a period of eight hours per shift, one shift per day, five days 

a week for six months with 100 replications. Total of 28,851 and 28,861 data points are 

assembled for the trade-in-to-upgrade and instant cash policies, respectively. Sample 

outputs for the two illustrative model are exhibited in Tables 18 and 19. In both tables, the 

end-user’s decision for accepting the rebate is presented as 1 (𝑃(𝑌 = 1)), and as 0 for 

rejecting the offer (𝑃(𝑌 = 0)). 
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Table 18. Sample output for customer decisions in trade-in-to-upgrade offers. 

Sample 
Perceived 

Age (yr) 

Actual  

Age (yr) 

Quality 

Index 

Return 

Revenue ($) 

Expected 

Price ($) 

Offered 

Price ($) 

Decision 

(Y) 

1 0.86 1.28 2 49.23 202.59 287.88 0 

2 1.51 1.51 2 48.77 318.06 288.1141 1 

3 0.81 2.03 3 28.90 230.67 298.05 0 

4 2.46 3.00 3 23.93 311.49 300.53 1 

5 2.15 2.58 3 27.27 342.70 298.86 1 

 ... 

28847 1.02 1.33 2 49.14 269.70 287.93 0 

28848 1.40 1.96 2 47.88 338.92 288.56 1 

28849 0.90 0.90 1 57.90 252.93 283.55 0 

28850 1.49 2.24 3 28.29 345.19 298.36 1 

28851 0.38 0.38 1 58.42 252.23 283.29 0 

 

Table 19. Sample output for customer decisions in instant credit offers. 

Sample 
Perceived 

Age (yr) 

Actual 

Age (yr) 

Quality 

Index 

Return 

Revenue ($) 

Expected 

Credit  ($) 

Offered 

Credit ($) 

Decision 

(Y) 

1 1.21 2.82 3 26.53 67.76 38.11 0 

2 1.11 1.11 2 49.58 61.17 91.66 1 

3 1.38 1.93 2 47.95 78.14 90.71 1 

4 1.11 1.44 2 48.91 91.21 91.27 0 

5 2.40 2.40 3 27.79 20.36 38.84 0 

... 

28857 1.07 1.40 2 49.01 124.90 91.33 0 

28858 0.65 0.97 1 57.83 76.08 136.52 1 

28859 1.30 2.92 3 26.24 77.74 37.94 0 

28860 1.21 1.69 2 48.42 67.16 90.98 0 

28861 2.60 3.65 3 24.06 38.37 36.65 0 

 

Obtaining the results from the virtual model, a predictive analysis is conducted to 

estimate the individual customer behavior towards the given offer. Since the customer 

choice or dependent variable is dichotomous in nature, a logistic regression model is 

performed to approximate the acceptance probability of a customer dependent on the 
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expected price and actual offer. The statistical software IBM SPSS Statistics v.20 is used 

to run the logistic regression analysis. 

For the trade-in-to-upgrade policymaking, before implementing the regression 

model, a Pearson correlation analysis is performed to examine any possible correlation 

between these two independent variables. Tables 20 shows the results for the correlation 

matrix for independent variables for the product exchange program. The results show that 

there is a moderate positive relationship between the covariates. 

Table 20. Correlation matrix for expected price and offered price in trade-in program. 

Correlations 

 Expected Price Offered Price 

Expected Price 

Pearson Correlation 1 .590** 

Sig. (2-tailed)  .000 

N 28851 28851 

Offered Price 

Pearson Correlation .590** 1 

Sig. (2-tailed) .000  

N 28851 28851 

** Correlation is significant at the 0.01 level (2-tailed). 

 

 

Using these two predictors, the model prediction for the customer behavior is 

degraded to one predictor only and is analyzed based on a variant for the difference 

between the expected price and offer for trade-in rebates: 

𝛼 = 𝑝𝑛 − 𝑝𝑡𝑟(𝑡). (4.3) 

Following this, the probability function for the customer’s acceptance decision can 

be formulated as: 
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𝑃(𝛼) = 𝑃(𝑌 = 1) =
𝑒𝛽0+𝛽1𝛼

1 + 𝑒𝛽0+𝛽1𝛼
. (4.4) 

Based on the extracted probability function, a binary logistic regression model is 

implemented for each take-back strategy. To derive the estimates of the coefficients 𝛽0 and 

𝛽1 for the given dataset, the likelihood function is maximized. Performing the logistic 

regression model for trade-in option, the model summary is presented in the following 

tables: Table 21 exhibits the Hosmer and Lemeshow goodness-of-fit test; Table 22 presents 

the classification table for the percentage of correct predictions; Table 23 shows the best 

fitting values for covariates 𝛽0 and 𝛽1. The overall significance level of the obtained model 

as the p-value below 0.001. 

Table 21. Hosmer and Lemeshow goodness-of-fit test for trade-in program. 

Hosmer and Lemeshow Test 

Step Chi-square DF p > ChiSq 

1 4706.179 8 .000 

 

Table 22. Classification table for trade-in program. 

Classification Tablea 

 

Observed 

Predicted 

 Decision Percentage 

Correct  0 1 

Step 1 
Decision 

0 14395 2882 83.3 

1 3648 7926 68.5 

Overall Percentage   77.4 

a. The cut value is .500 
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Table 23. Covariate estimation for trade-in program. 

Variables in the Equation 

 

𝜷 SE Wald  DF p > ChiSq Exp (𝜷) 

95% CI for  

Exp (𝜷) 

Lower Upper 

Step 1a 
𝜶 .048 .001 7088.54 1 .000 1.049 1.048 1.050 

Constant -.900 .017 2698.81 1 .000 .407 
  

a. Variable(s) entered on step 1: 𝛼. 

 

Based on Table 23, the coefficients are obtained as 𝛽0 = -0.900 and 𝛽1 = 0.048. The 

logit function and the predicted probabilities are attained for each submission as shown in 

Table 24. 

Table 24. Logit function and probability of acceptance for trade-in program. 

Sample 𝜶 Logit P(Y=1) 

1 -85.29 -1.007 0.01 

2 55.43 6.850 0.85 

3 29.81 1.586 0.63 

4 44.51 1.289 0.77 

5 18.23 -1.169 0.14 

... 

28847 -2.51 3.179 0.31 

28848 2.66 -1.357 0.26 

28849 -33.55 -3.043 0.67 

28850 -80.14 1.052 0.95 

28851 -17.62 2.05 0.48 

 

With the help of the approximated parameters, Figure 35 depicts the range of 

expected profit for each submission based on the price difference 𝛼. It can be observed that 

the expected profit ranges between [-88.74, 191.16] for trade-in-to-upgrade program. 
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Figure 35. The expected profit for each product submission in trade-in program. 

Accordingly, a Pearson correlation analysis is performed to investigate any possible 

correlation between the expected credit and offered credit for instant credit policymaking. 

Tables 25 shows the results for the correlation matrix for independent variables for the cash 

program.  

Table 25. Correlation matrix for expected credit and offered credit in instant credit 

program. 

Correlations 

 Expected Credit Offered Credit 

Expected Credit 

Pearson Correlation 1 .638** 

Sig. (2-tailed)  .000 

N 28861 28861 

Offered Credit 

Pearson Correlation .638** 1 

Sig. (2-tailed) .000  

N 28861 28861 

** Correlation is significant at the 0.01 level (2-tailed). 
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In this model, the model prediction for the customer behavior is also degraded to 

one predictor and derived from the difference between the expected credit and offered 

credit for instant incentives: 

𝜌 = 𝑎𝑐𝑟(𝑡) − 𝜃𝑖 . (4.5) 

 

Following this, the probability function for the customer’s acceptance decision can 

be expressed as: 

𝑃(𝜌) = 𝑃(𝑌 = 1) =
𝑒𝛽0+𝛽1𝜌

1 + 𝑒𝛽0+𝛽1𝜌
. (4.6) 

A binary logistic regression model is implemented for each acquisition strategy 

next. To derive the estimates of the coefficients 𝛽0 and 𝛽1 for the given dataset, the 

likelihood function is maximized. The model summary is presented in the following tables: 

Table 26 exhibits the Hosmer and Lemeshow goodness-of-fit test; Table 27 presents the 

classification table for the percentage of correct predictions; Table 28 shows the best fitting 

values for covariates 𝛽0 and 𝛽1. The overall significance level of the obtained model as the 

p-value below 0.001. 

Table 26. Hosmer and Lemeshow goodness-of-fit test for instant credit program. 

Hosmer and Lemeshow Test 

Step Chi-square DF p > ChiSq 

1 4020.393 8 .000 
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Table 27. Classification table for instant credit program. 

Classification Tablea 

 Observed Predicted 

 Decision Percentage 

Correct  0 1 

Step 1s 
Decision 

0 19395 1779 91.6 

1 2884 4803 62.5 

Overall Percentage   83.8 

a. The cut value is .500 

 

Table 28. Covariate estimation for instant credit program. 

Variables in the Equation 

 

𝜷 SE Wald DF p > ChiSq Exp(𝜷) 

95% CI for 

Exp(𝜷) 

Lower Upper 

Step 1a 
𝝆 .088 .001 5452.496 1 .000 1.092 1.089 1.094 

Constant -.845 .019 1971.575 1 .000 .430 
  

a. Variable(s) entered on step 1: 𝜌. 

Based on Table 28, the coefficients are obtained as 𝛽0 = -0.845 and 𝛽1 = 0.088. The 

logit function and the predicted probabilities are attained for each submission as shown in 

Table 29. 

Table 29. Logit function and probability of acceptance for instant credit program. 

Sample 𝝆 Logit P(Y=1) 

1 -29.65 -1.031 0.03 

2 -7.43 -1.224 0.18 

3 1.86 2.976 0.33 

4 39.13 1.075 0.93 

5 13.94 -1.684 0.59 

... 

28847 23.83 -4.486 0.77 

28848 16.26 -2.793 0.64 

28849 -87.43 -1 0.00 

28850 -1.71 -1.369 0.26 

28851 -14.76 -1.117 0.10 
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With the help of the approximated parameters, Figure 35 depicts the range of 

expected profit for each submission based on the credit difference 𝜌. It can be concluded 

that the expected profit for offering take-back incentives falls between [-90.75, 132.04], 

whereas, in the majority of the cases, the manufacturer fails to offer engaging rebates 

feasible both for the OEM and the end-user. 

 

Figure 36. The expected profit for each product submission in instant credit program. 

Figure 37 depicts the comparison between the two product acquisition strategies 

based on the difference values of 𝛼 and 𝜌 and the expected profit. 
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Figure 37. Comparison of the two product acquisition strategies based on price 

difference. 

Figure 38 exhibits the comparison between the take-back policies based on the 

probabilities and the expected profits.  
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Figure 38. Comparison of the two product acquisition strategies based on the 

probabilities and expected profits. 

The comparison of the strategies reveals several interesting findings. Expected 

profit-based comparison results indicate that there is no significant difference between the 

possible margins. Based on the empirical analysis, the approximation of an individual’s 

behavior is statistically significant for both models as evidenced by the p-values (<0.001) 

and the correction predictions are over 75%. Assuming a classification cutoff value of 0.5 

for the regression analysis, the density of the customers falls under 50%, corresponding to 

the reject of the immediate cash offer. This implies that the manufacturer fails to offer 

appealing credits to the customers, which in return increases the overall backorder and 

handling costs. To avoid higher costs the model is more likely to recommend higher value 

cash rebates given that the balance between positive gains and lost acquisitions are not 
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sufficiently higher than expected. This situation decreases any possible risk for the OEM 

to generate a negative margin in the future term.  

Focusing on the trade-in-to-upgrade policy, the proportion of the customers 

accepting the proposal is almost identical to the proportion of those that reject the offer. In 

other words, an acceptance or rejection decision for an individual has the same likelihood 

of occurring. Moreover, concentrating on the achievable margin for this strategy, a higher 

yield of product submissions can be observed in the positive direction. This indicates that 

the producer carries lower risks when offering higher prices. One plausible explanation for 

this is that the results not only focus on short-term product submissions but also aim at 

achieving long-term customer loyalty to ensure sustainable profit generation. Trade-in-to-

upgrade incentives imply higher profit levels compared to instant credits. Therefore, a 

higher customer loyalty in addition to higher levels of economic and environmental output 

can be attained through the proposed trade-in-to-upgrade marketing strategy. 
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CHAPTER 5: CONCLUSIONS AND DISCUSSION 

Achieving economies of scale if manufacturing and distribution operations is 

relatively easier compared to reverse supplies where remanufacturing and product take-

back operations are involved. This is mainly due to the uncertainty involved in reverse 

operations caused by the vagueness in product quality, quantity and location. Due to limited 

financial prospects, the industry has been recalcitrant to invest on reverse manufacturing 

and logistics. The increasing availability and capacity of today’s communication and 

storage technologies however, offer a great opportunities to enterprises allowing them to 

increase visibility in the overall supply chain. Product take-back strategies are attempts to 

further increase the returned product turnover with a direct impact on the returned 

quantities. Creating a link between the quantity and quality of returns would not only 

increase the efficiency of end-of-life operations but would also have a direct impact on the 

company’s profitability. As a result, trade-in policies have become increasingly available 

to consumers as part of the manufacturers’ product take-back strategy. A well-established 

acquisition policy also leads to a critical upsurge on sales based on the changing customer 

behavior making EOLP returns more appealing, eventually increasing companies’ overall 

profitability.  

Existing literature offers numerous methodologies investigating the potential value 

gain resulting from product acquisition policies. However, the majority of the studies solely 

focus on environmental and economic perspectives disregarding the integration of 

technological advancements. These studies primarily investigate pricing strategies to 
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quantify the demand towards the replacement offers but fall short to consider technological 

advancements in their models. Moreover, there is no study in the literature that 

acknowledge the cost of disassembly, which constitutes the crucial expense prior to product 

remanufacturing process. Aiming to address this gap, this study incorporates trade-in-to-

upgrade policies into a smart disassembly structure. To achieve this, an architectural 

framework for a disassembly-to-order system is introduced to investigate cost- and 

resource-effective end-of-life product management in a blockchain-powered sensor-

embedded reverse logistics network. The main objective of the study is to create an 

autonomous trade-in decision making by examining the total cost of disassembly and 

remanufacturing operations to determine the quality-dependent product acquisition 

policies in consumer electronics industry.  

The framework included IoT-equipped blockchain technology to allow OEMs 

acquire performance degradation pattern of used electronics products in a ubiquitous 

manner through timestamp data enablers. This ability provides the manufacturer a high 

degree of product surveillance and quality control capability. Blockchain technology 

enables the company to access product usage data remotely and mimic the device usage 

condition in a simulated scheme. This opportunity helps the manufacturer predict the used 

product value and the profitability of acquiring the device. In this regard, a discrete-event 

simulation model is developed from the original equipment manufacturer viewpoint to 

mimic sensor-embedded products and their components during the period of utilization. 

Simulation model is based on three submodules including disassembly, remanufacturing, 

and inventory. EOLPs are considered in three quality levels: high-quality, medium-quality, 
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and low quality. Each type of device at varying quality levels is directed to the disassembly 

line. After the completion of dismantling operation, components are sent to component 

inventory bins, Bin 1, Bin 2, and Bin 3 for high-, medium-, and low-quality products, 

respectively. Following the disassembly operation, the parts in the different bin inventory 

are sent to the remanufacturing line. In the remanufacturing line, components in the same 

condition are grouped and assembled. Three different product types, high-, medium-, and 

low-quality, are obtained at the end of the simulation model. 

Following this, design of experiments are utilized for the experimentation through 

Taguchi’s Orthogonal Arrays (OAs). A total of 50 factors, each at three levels, are used in 

the discrete-event simulation model, which leads to an extreme number of combinations in 

the full factorial design. Here, OAs help reduce the number of combination by providing 

the minimum number of experimentation required. Using the OAs design, 101 

experimentation is constructed and fed into the simulation model to observe the system’s 

response in various scenarios. Results, in this regard, convey the average cost of 

disassembly and remanufacturing, which is utilized in the trade-in-to-upgrade pricing 

decision. 

Employing the findings obtained in the discrete event simulation model for the 

DTO system, two different pricing policy models are constructed. The first model 

examined the optimal incentives for returned products at discrete sets of quality standards. 

Following this, the used products are grouped into three quality classes, viz. high quality, 

medium quality, and low quality, based on their usage time. EOLPs with a usage time 

between 0 and 1 year, 1 and 2 years, and 2 and 3 years are assumed as high-, medium-, and 
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low-quality, respectively. Pricing decisions are investigated with discrete price levels. This 

model focused on trade-in policymaking and examined an engaging quotation for three 

quality sets of discarded products from the perspectives of all parties engaged in the 

transaction. Rather than evaluating the individual product condition, this policy focused on 

attaining the best fitting take-back rebate for each product group based on their quality 

levels.  

The second model focused on determining individual rebates for a particular 

product return. This model is then extended by comparing two product acquisition 

schemes: trade-in-to-upgrade and instant credits. In this regard, end-users who prefer to 

exchange their discarded products to acquire newer versions are identified under the trade-

in-to-upgrade program, whereas the customers who give back their used products for an 

instant cash value without the need for new product purchases are categorized as immediate 

cash policy. Considering these two different customer segments, trade-in-to-upgrade 

incentives and instant credits are compared from the OEM perspective. To achieve an 

optimal strategy, a general pricing scheme is first implemented to obtain theoretical 

acquisition prices for returned products at continuous ages. The base model is then 

embedded in a dynamic simulation-based game theory model to mimic the customer 

behavior and to obtain the resulting payoffs for the OEM in each product submission.  

ARENA 15.1 is used to implement the virtual game model and to mimic the 

customers’ behavior towards the presented incentives. The results obtained from the 

simulation is analyzed through a logistic regression model to approximate a particular end-

user’s behavior based on the customer’s expected rebate and the provided rebate. The 
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findings indicate that instant credit offers are less appealing to customers since the 

attendance to this program constitutes only 23% of the overall customers joining to the 

cash program. The results further show that the OEM fails to offer valid rebates that both 

satisfy the customer expectancy and its profitability. One plausible explanation for this 

outcome is that the results not only focuses on short-term view of each product submission 

but also convey the forecast for achieving long-term customer integrity for generating 

profits from future product returns. Trade-in-to-upgrade program, on the other hand, yields 

higher profits since it appeals to a wider range of customer segment. Additionally, product 

exchange approach helps the producer to increase the number of remanufactured product 

sales in the secondary market as well as the component and recycled material sale.  

In the future, the model can be enhanced by analyzing the dataset through a machine 

learning algorithm. Machine learning algorithms are specialized as a subfield of artificial 

intelligence and are remarkably convenient models in the digital era with their ability to 

identify trends and patterns in a dataset. Moreover, machine learning methodologies enable 

users to handle multi-dimensional and multi-variety data without the need for human 

interaction. To this end, applying these algorithms would help OEMs to obtain a faster and 

more efficient decision making platform for not only trade-in policymaking but also for 

wider applications such as warranty methods. 
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APPENDIX A 

SIMULATION OUTPUT FOR EACH COST MEASURE 

Table A. 1. Simulation Output for the Cost Measures. 

Expt. 

No. DC RMC HC BC TC CS MS Total Cost 

1 $190,329.83 $221,920.36 $260,721.60 $434,761.10 $14,620.00 $717,972.60 $45,752.96 $358,627.33 

2 $189,514.82 $221,725.28 $229,670.40 $555,015.41 $14,510.00 $917,063.70 $35,836.55 $257,535.66 

3 $190,208.72 $221,766.90 $261,669.60 $487,397.42 $14,760.00 $738,157.55 $44,033.07 $393,612.02 

4 $190,360.08 $220,585.14 $266,320.80 $516,813.07 $14,600.00 $840,770.35 $37,860.76 $330,047.98 

5 $189,869.46 $221,931.50 $268,651.20 $446,002.94 $14,610.00 $696,887.60 $42,929.45 $401,248.05 

6 $137,824.78 $140,076.69 $106,075.20 $266,066.06 $7,295.00 $377,800.85 $7,863.58 $271,673.30 

7 $120,432.54 $136,113.96 $67,305.60 $121,955.23 $4,905.00 $171,450.55 $3,042.17 $276,219.61 

8 $189,614.02 $223,544.12 $230,169.60 $432,051.31 $14,505.00 $735,756.80 $46,242.04 $307,885.21 

9 $121,039.59 $135,732.67 $64,970.40 $169,094.93 $5,015.00 $275,169.20 $2,874.44 $217,808.95 

10 $190,791.75 $221,379.64 $233,203.20 $500,544.10 $14,665.00 $775,627.25 $43,155.55 $341,800.89 

11 $189,546.98 $221,967.38 $261,129.60 $499,145.38 $14,495.00 $840,823.70 $38,579.65 $306,880.99 

12 $119,733.49 $135,774.58 $66,288.00 $187,864.75 $4,870.00 $238,945.95 $1,976.21 $273,608.66 

13 $137,698.91 $136,772.47 $107,340.00 $221,964.19 $7,255.00 $390,147.80 $6,665.28 $214,217.49 

14 $190,339.32 $221,778.12 $229,128.00 $444,027.65 $14,610.00 $755,381.85 $51,722.18 $292,779.06 

15 $137,385.48 $148,448.71 $105,369.60 $309,511.97 $7,230.00 $367,781.70 $3,821.88 $336,342.18 

16 $138,040.26 $145,091.06 $106,204.80 $289,613.14 $7,335.00 $375,544.35 $5,155.56 $305,584.35 

17 $120,677.02 $140,207.77 $66,132.00 $209,649.98 $4,955.00 $242,591.35 $1,725.73 $297,304.69 

18 $120,556.07 134304.08 $65,460.00 $177,602.26 $4,950.00 $251,065.75 $1,609.38 $250,197.28 

19 $137,389.50 $148,613.65 $106,461.60 $263,296.85 $7,215.00 $355,652.80 $6,656.01 $300,667.79 

20 $192,515.05 $220,693.52 $230,954.40 $446,215.63 $14,905.00 $802,971.05 $60,212.01 $242,100.54 

21 $120,154.48 $135,764.49 $64,864.80 $157,536.82 $4,890.00 $235,365.85 $2,429.39 $245,415.35 

22 $137,414.51 $148,829.91 $103,425.60 $371,171.18 $7,225.00 $439,317.40 $3,135.31 $325,613.49 

23 $120,662.92 $133,954.48 $64,742.40 $207,620.11 $4,980.00 $290,947.20 $2,919.15 $238,093.56 

24 $120,585.90 $136,720.40 $64,992.00 $177,353.18 $4,950.00 $271,087.95 $2,769.68 $230,743.85 

25 $138,108.64 $145,167.43 $106,353.60 $302,470.13 $7,325.00 $401,442.60 $5,249.90 $292,732.30 

26 $138,144.53 $147,877.56 $107,383.20 $254,186.40 $7,330.00 $400,558.20 $6,344.51 $248,018.98 

27 $120,359.87 $132,495.15 $65,476.80 $170,994.48 $4,930.00 $230,426.25 $1,425.87 $262,404.18 

28 $190,092.28 $219,169.53 $261,091.20 $544,616.69 $14,575.00 $793,547.05 $40,025.67 $395,971.98 

29 $120,567.45 $137,829.79 $64,828.80 $202,631.90 $4,960.00 $259,314.70 $2,987.35 $268,515.89 

30 $137,964.10 $148,774.55 $106,380.00 $295,998.34 $7,305.00 $364,459.80 $5,274.75 $326,687.44 

31 $119,994.17 $139,641.18 $66,285.60 $203,918.98 $4,875.00 $221,060.40 $2,412.25 $311,242.28 

32 $191,102.70 $219,197.19 $226,147.20 $397,680.82 $14,720.00 $729,277.50 $52,541.54 $267,028.87 

33 $121,083.67 $141,331.48 $65,865.60 $184,289.04 $4,980.00 $248,949.55 $1,835.92 $266,764.32 

34 $137,232.11 $148,879.31 $103,864.80 $251,034.62 $7,205.00 $338,091.35 $5,124.68 $304,999.81 
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35 $120,590.47 $138,888.66 $64,723.20 $137,890.70 $4,930.00 $224,179.40 $4,341.03 $238,502.60 

36 $189,679.14 $221,614.24 $230,030.40 $434,496.38 $14,510.00 $735,490.85 $46,459.03 $308,380.28 

37 $190,023.26 $222,118.45 $228,686.40 $708,246.29 $14,580.00 $1,077,169.30 $32,566.14 $253,918.96 

38 $121,020.76 $137,071.53 $66,787.20 $160,662.00 $4,965.00 $227,997.50 $2,424.02 $260,084.97 

39 $137,179.25 $147,930.98 $106,718.40 $263,127.89 $7,245.00 $325,212.05 $5,308.81 $331,680.66 

40 $189,463.23 $221,991.60 $262,351.20 $488,968.75 $14,485.00 $796,991.85 $40,632.29 $339,635.64 

41 $192,668.26 $214,177.67 $235,876.80 $465,465.12 $14,945.00 $819,413.70 $56,291.70 $247,427.45 

42 $121,231.93 $133,379.90 $65,577.60 $166,149.70 $4,995.00 $245,364.35 $4,039.19 $241,930.59 

43 $137,496.07 $147,661.12 $105,703.20 $242,588.83 $7,255.00 $318,346.50 $6,995.89 $315,361.83 

44 $137,808.18 $149,297.65 $106,893.60 $233,090.59 $7,285.00 $359,766.40 $7,421.90 $267,186.72 

45 $137,787.70 $145,694.64 $105,806.40 $215,557.34 $7,300.00 $324,125.70 $7,838.42 $280,181.96 

46 $138,457.35 $147,919.79 $106,908.00 $63,314.03 $7,365.00 $124,918.78 $17,890.46 $321,154.93 

47 $191,182.80 $208,248.86 $234,120.00 $126,087.79 $14,745.00 $286,759.08 $94,918.04 $392,707.33 

48 $137,014.69 $148,383.53 $106,144.80 $65,625.90 $7,225.00 $124,077.50 $95,945.82 $244,370.60 

49 $121,011.31 $133,742.26 $65,258.40 $55,709.41 $4,970.00 $111,989.40 $9,974.71 $258,727.27 

50 $120,257.67 $137,345.20 $64,800.00 $54,711.47 $4,935.00 $109,560.73 $9,461.66 $263,026.95 

51 $120,639.82 $136,198.62 $64,632.00 $177,334.85 $4,920.00 $255,915.50 $2,795.73 $245,014.06 

52 $137,687.81 $145,357.22 $106,548.00 $272,593.92 $7,415.00 $420,293.65 $7,964.64 $241,343.66 

53 $137,133.86 $149,928.14 $105,787.20 $302,578.75 $7,190.00 $344,011.90 $3,695.42 $354,910.63 

54 $120,648.60 $134,504.55 $65,409.90 $198,497.71 $4,950.00 $241,267.50 $2,047.95 $280,695.31 

55 $137,321.76 $147,326.36 $106,171.20 $243,971.38 $7,260.00 $352,335.50 $6,437.13 $283,278.07 

56 $137,553.32 $148,784.64 $104,539.20 $307,051.34 $7,230.00 $384,044.15 $5,620.85 $315,493.50 

57 $137,450.20 $149,249.33 $105,679.20 $283,095.05 $7,280.00 $349,856.05 $5,913.85 $326,983.88 

58 $192,110.93 $234,035.45 $268,365.60 $533,414.16 $14,825.00 $821,832.70 $37,323.58 $383,594.86 

59 $192,101.26 $231,799.00 $271,363.20 $551,910.19 $14,850.00 $868,997.75 $30,994.78 $362,031.12 

60 $137,534.63 $146,742.68 $108,321.60 $287,440.99 $7,270.00 $344,246.40 $6,183.69 $336,879.81 

61 $190,970.61 $222,035.05 $266,320.80 $406,920.77 $14,715.00 $739,991.15 $53,853.11 $307,117.97 

62 $190,317.76 $222,978.03 $265,228.80 $484,739.33 $14,600.00 $861,465.85 $49,882.03 $266,516.04 

63 $137,148.75 $147,098.77 $107,985.60 $274,778.40 $7,250.00 $329,222.80 $4,525.46 $340,513.26 

64 $222,035.05 $231,799.04 $266,320.80 $406,920.77 $14,715.00 $739,991.15 $53,853.11 $347,946.40 

65 $120,977.74 $134,246.34 $65,940.00 $184,502.78 $4,990.00 $236,299.25 $954.51 $273,403.10 

66 $190,509.18 $222,738.60 $229,737.60 $505,013.52 $14,655.00 $796,741.65 $39,269.51 $326,642.74 

67 $120,566.02 $139,217.87 $66,523.20 $182,953.20 $4,945.00 $224,716.05 $725.01 $288,764.23 

68 $190,884.14 $221,310.73 $228,213.60 $566,320.80 $14,670.00 $831,784.55 $43,588.12 $346,026.60 

69 $190,085.48 $223,061.95 $263,712.00 $514,964.50 $14,570.00 $772,376.50 $36,851.26 $397,166.17 

70 $121,064.59 $136,174.50 $65,337.60 $185,479.34 $4,945.00 $239,448.75 $1,676.14 $271,876.14 

71 $119,784.52 $134,395.10 $65,508.00 $186,476.21 $4,840.00 $204,464.50 $643.40 $305,895.93 

72 $121,519.33 $136,258.04 $65,344.80 $187,165.68 $5,060.00 $275,133.25 $2,415.58 $237,799.02 

73 $189,986.20 $219,571.00 $232,384.80 $518,962.51 $14,555.00 $769,367.20 $36,798.92 $369,293.39 

74 $120,411.27 $133,059.22 $65,426.40 $181,997.04 $4,885.00 $224,435.75 $1,436.39 $279,906.79 

75 $137,718.69 $149,851.60 $103,353.60 $272,135.57 $7,270.00 $363,990.35 $4,693.88 $301,645.23 

76 $138,047.30 $145,920.07 $107,263.20 $276,130.27 $7,315.00 $344,151.50 $4,077.35 $326,446.99 
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77 $138,522.43 $144,252.19 $105,271.20 $265,737.79 $7,365.00 $368,253.10 $5,892.13 $287,003.38 

78 $189,885.73 $219,132.91 $231,520.80 $529,270.18 $14,545.00 $790,980.05 $43,230.36 $350,144.21 

79 $119,769.74 $138,588.00 $66,381.60 $148,817.95 $4,870.00 $204,696.00 $3,691.66 $270,039.63 

80 $137,917.86 $146,262.33 $106,584.00 $274,188.82 $7,290.00 $399,574.65 $5,158.49 $267,509.87 

81 $120,089.47 $132,388.17 $64,915.20 $189,606.67 $4,870.00 $250,225.80 $2,431.19 $259,212.52 

82 $137,054.93 $148,796.25 $103,663.20 $293,480.06 $7,230.00 $345,164.75 $5,570.78 $339,488.91 

83 $138,159.49 $144,429.52 $105,856.80 $271,905.46 $7,375.00 $373,651.45 $7,908.32 $286,166.50 

84 $137,360.11 $149,480.47 $105,868.80 $289,732.56 $7,205.00 $375,103.20 $5,787.05 $308,756.69 

85 $120,413.16 $136,827.87 $66,220.80 $177,297.55 $4,870.00 $208,480.30 $3,151.75 $293,997.33 

86 $190,722.89 $221,139.36 $265,893.60 $712,912.27 $14,660.00 $1,081,902.30 $32,440.07 $290,985.75 

87 $119,957.81 $136,827.63 $66,228.00 $168,541.06 $4,875.00 $212,209.35 $2,576.60 $281,643.55 

88 $120,844.22 $135,766.68 $66,631.20 $216,961.49 $4,965.00 $244,674.00 $2,418.31 $298,076.28 

89 $188,920.24 $223,387.89 $231,504.00 $537,751.10 $14,410.00 $763,293.60 $38,117.05 $394,562.58 

90 $121,086.34 $134,679.19 $65,068.80 $162,878.40 $5,005.00 $272,429.55 $2,690.84 $213,597.34 

91 $121,036.23 $136,257.36 $64,886.40 $201,690.00 $4,985.00 $304,055.90 $1,803.81 $222,995.28 

92 $137,945.43 $146,605.26 $106,029.60 $245,239.01 $7,290.00 $370,616.70 $5,037.89 $267,454.71 

93 $120,136.42 $134,714.11 $66,266.40 $162,295.01 $4,885.00 $198,568.05 $2,321.15 $287,407.74 

94 $190,480.61 $221,543.10 $228,770.40 $473,296.18 $14,625.00 $792,661.05 $40,209.34 $295,844.90 

95 $137,037.38 $150,074.26 $105,679.20 $330,390.00 $7,195.00 $378,741.80 $3,744.44 $347,889.60 

96 $189,946.56 $220,236.56 $260,721.60 $438,993.74 $14,570.00 $762,300.00 $44,437.10 $317,731.36 

97 $188,482.25 $224,251.18 $259,202.40 $536,713.63 $14,850.00 $829,171.60 $36,478.48 $357,849.38 

98 $120,777.69 $138,795.45 $66,516.00 $162,264.58 $4,960.00 $226,350.50 $1,671.98 $265,291.24 

99 $138,592.73 $146,543.15 $105,710.40 $235,138.75 $7,370.00 $340,419.20 $5,684.94 $287,250.89 

100 $119,993.10 $138,665.88 $66,381.60 $153,499.06 $4,870.00 $205,794.65 $3,141.03 $274,473.96 

101 $119,773.00 $140,512.90 $64,929.60 $225,457.65 $4,870.00 $191,815.68 $2,384.04 $361,343.43 

Avg. $148,587.34 $166,963.62 $136,430.02 $301,774.22 $8,776.88 $446,834.52 $17,989.11 $297,708.47 

 

 

 

 


