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Abstract: Reverse logistics (RL) is closely related to remanufacturing and could have a profound
impact on the remanufacturing industry. Different from sustainable development which is focused
on economy, environment and society, circular economy (CE) puts forward more requirements on
the circularity and resource efficiency of manufacturing industry. In order to select the best reverse
logistics provider for remanufacturing, a multicriteria decision-making (MCDM) method considering
the circular economy is proposed. In this article, a circularity dimension is included in the evaluation
criteria. Then, analytic hierarchy process (AHP) is used to calculate the global weights of each
criterion, which are used as the parameters in selecting RL providers. Finally, technique for order of
preference by similarity to ideal solution (TOPSIS) is applied to rank reverse logistics providers with
three different modes. A medium-sized engine manufacturer in China is taken as a case study to
validate the applicability and effectiveness of the proposed framework.

Keywords: reverse logistics; multicriteria decision-making; circular economy; collection modes;
remanufacturing

1. Introduction

As the third source of profit next to resources and manpower [1], logistics has gained
increasing attention in various industries globally. These activities include research on not
only forward logistics but also reverse logistics (RL), which has been proved to have a
positive impact on productivity and the natural environment [2]. The definition of RL was
proposed by Rogers and Tibben-Lembke [3]: “RL is the process of planning, implementing,
and controlling the efficient, cost effective flow of raw materials, in process inventory,
finished goods and related information from the point of consumption to the point of
origin for the purpose of recapturing value or proper disposal”. Companies concentrate
more on RL practices in order to gain more profits and be more socially responsible [4].
However, the implementation of RL requires a systematic and well-thought-out strategy;
otherwise, it will increase the cost of the enterprise and will not achieve the desired
objectives. On the other hand, along with green design and product recovery, RL is a new
core aspect of supply chain management [5]. Traditionally, third-party reverse logistics
providers are only responsible for transportation tasks. This can no longer meet the demand
for sustainability and circularity. An RL that can meet the needs of enterprises in both
economic and environmental aspects is needed.

The manufacturing industry is one of the industries that very closely related to RL.
A good balance between economic benefits and environmental impacts may be achieved
through RL via recycling and remanufacturing. Remanufactured products with high added
value can reduce the overall cost of products by 50–60%, and their performance indexes
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are as good as those of new products, thus significantly improving enterprises’ economic
benefits [6]. In fact, most manufacturing enterprises cannot carry out remanufacturing
activities well due to the lack of abundant capital and professional technical support, which
requires significant investment and increases the economic burden of enterprises at the
beginning [7]. In the current market situation, where the original equipment manufacturer
(OEM) remanufacturing mode is difficult to implement due to the lack of a professional
logistics system, the third-party remanufacturer (TPR) remanufacturing mode has become
the mainstream mode due to its economic advantages provided by its efficient and mature
logistics network [8]. A precondition of remanufacturing is the collection of waste products.
Currently, there are three collection modes, depending on the operating party of the RL
provider in the supply chain: third party take-back (TPT), manufacturing take-back (MT)
and retailer take-back (RT) [9]. In MT mode, the manufacturer in the forward supply chain
completes the process of collecting, disassembly, cleaning, renovation, testing, assembly, etc.
and remanufactures the waste products into new products. In contrast, collecting is carried
out by retailers/distributors in the forward supply chain in RT mode. Usually, this mode
is used for collecting waste products with fewer varieties and small volumes. In TPT
mode, the collection task is undertaken by a professional third-party logistics provider.
Manufacturers outsource the collecting and part of remanufacturing of waste products
to third-party logistics providers by paying outsourcing costs. In this article, a new kind
of RL provider based on the concept of value-added service is proposed, in which the
third-party logistics providers in TPT mode not only are responsible for the collection
of waste products but also provide customized value-added services such as cleaning,
damage degree identification and classification based on the OEMs’ needs.

Normally, several alternative providers may be short-listed, the selection criteria are
important for the identification of the optimal alternative. Although the evaluation index
system for the selection of RL providers is formed by considering the needs of enterprises,
most researchers build a complete index system based on an assumption that each criterion
is dependent on the others, and their interactions are modeled and optimized to achieve
a comprehensive evaluation and selection of alternatives [10]. In recent years, many
articles have been published on the topic of “sustainability”, and the circular economy,
which is considered to be a subset of sustainability [11], has become a research hotspot.
While sustainable development research is focused on the integration of economic and
environmental aspects, the cores of circular economy are “reduction, reuse and recycling”,
which have more demands on the circularity and resource efficiency of the manufacturing
industry [12]. Instead of focusing on the social, economic and environmental dimensions
of sustainability, a new index system is proposed in this article taking “circularity” as one
of the dimensions according to the circular economy theory.

Many studies have been conducted on RL provider selection, most of which have em-
ployed a hybrid approach of fuzzy number or grey theory and analytic hierarchy process (AHP).
However, many researchers are skeptical of such an overly broad approach. For example, Saaty,
the founder of AHP theory, questioned the scientific and logical nature of fuzzy AHP methods
because AHP itself is generated from the fuzzy theory [13], which is difficult to verify. Thus, in
this article, fuzzy logic is not adapted in the proposed decision method.

The rest of the article is organized as follows: In Section 2, a literature review and
summary of the RL provider research are provided. In Section 3, the framework of the
proposed RL provider selection problem is introduced and the composition of the criteria
system is described. The framework is applied to a case study in Section 4, and the results
are discussed in Section 5. Finally, in Section 6, the conclusions and limitations of this paper
are summarized and views on future research are presented.

2. Literature Review

This section is divided into two parts. The first part describes the common methods
used in the existing literature for RL provider selection. The second part introduces the
criteria classification theory and criteria selection in relevant research.
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2.1. RL Provider Selection Methods

RL provider selection is a multicriteria decision-making (MCDM) problem in which a
number of alternative providers are evaluated according to a set of criteria [14]. Generally,
a hybrid MCDM method, namely two (or more) different decision-making methods com-
bined, is used to calculate the relative weight of evaluation criteria and rank the alternatives
accordingly. There is a growing number of studies on RL provider evaluation and selection
owning to the increasing recognition of RL in the circular economy. Zhang et al. (2020), in
a systematic review of 41 articles on this topic, pointed out that fuzzy theory is useful for
decision making since it can quantify the subjective criteria indicators. AHP, as a mature
method used to deal with pairwise comparison, has become the most frequently used method
in calculating the relative weights between criteria [10]. There are other methods that are also
frequently used to calculate weights individually or in combination with other evaluation
methods in different contexts, such as analysis network process (ANP) [15–18], data envelop-
ment analysis (DEA) [19–21], interpretive structural modeling (ISM) [22–24] and best–worst
method (BWM) [25–27]. The next step, when ranking alternatives, is to use a variety of
ranking methods. The common ones are ViseKriterijumska Optimizacija I Kompromisno
Resenje (VIKOR) [26,28–33], technique for order of preference by similarity to ideal solution
(TOPSIS) [22,34–38] and multiobjective optimization by ratio analysis (MOORA) [39–41].
Zarbakhshnia et al. (2020) proposed a novel hybrid MCDM approach integrating fuzzy AHP
and grey MOORA and used the MOORA method as the baseline to verify the reliability of
the new method [39]. Santos et al. (2019) developed a hybrid Entropy-TOPSIS-F framework
to weight the criteria and select the provider with the best environmental performance [34].
Garg et al. (2018) used an integrated BWM–VIKOR framework to evaluate and select out-
sourcing partners for an electronics company in India [26]. Li et al. (2018) developed an
integrated cumulative prospect theory (CPT)-based MCDM approach to identify sustainable
third-party reverse logistics providers (3PRLPs) [42]. Zarbakhshnia et al. (2018) proposed
a fuzzy stepwise weight assessment ratio analysis (SWARA) to weight the evaluation crite-
ria, based on which the approach of fuzzy complex proportional assessment of alternatives
(COPRAS) was applied to rank and select the sustainable 3PRLPs for the automotive indus-
try [43]. Sen et al. (2017) developed a decision support framework based on the dominance
measure concept integrated with grey set theory, which can determine the dominance of
two alternatives according to a specific criterion [44].

According to the above review, MCDM methods adapted by the combination of
several techniques are widely utilized to deal with the problem of RL provider selection.
Compared with other approaches, the ease of applicability in pairwise comparisons makes
AHP a more useful tool. As the two most widely used ranking methods, both VIKOR and
TOPSIS are based on the principle of compromise programming. The former focuses on
sorting and selecting a set of alternatives in the presence of conflicting criteria, while the
latter has no strict restrictions on data distribution and indicators.

2.2. RL Provider Selection Criteria

Establishing the selection criteria is the first step in RL provider selection [10]. Various
evaluation criteria have been utilized depending on applications. Widely applied criteria
include sustainability, green supply chain management (GSCM), circular economy (CE)
and performance dimensions, as shown in Table 1.
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Table 1. Summary of factors for reverse logistics (RL) provider selection.

Factors Relevant Characteristics in the Literature References

Sustainability
The evaluation criteria are determined

based on the three dimensions of economy,
environment and society

[20–25,27,29,37,38]

GSCM

Green recycling, green purchasing, green
transportation, resource and environmental

management capabilities, social
responsibility benefits, green core

competencies

[14,26,33]

CE

Air pollution, environmental standards,
eco-friendly raw materials, eco-design,

eco-friendly packaging, eco-friendly
transportation, clean technology

[13]

Performance dimensions

Reverse logistics services, reverse logistics
functions, organizational role, user

satisfaction, RL activities, organizational
performance criteria, IT application

[15,16,32,34]

Most articles in the field of sustainability focus on the three pillars of sustainability,
namely society, economy and environment, to determine the evaluation criteria. In articles
related to GSCM, more attention is paid to the reduction of the negative environmental im-
pact in the transportation and manufacturing process when establishing evaluation criteria.
Similarly, attention is also placed on the environment in the topic of CE, but when selecting
evaluation criteria, greater importance is placed on the product being environmentally
friendly in design for the reuse of end-of-life products. Another commonly used criterion
is performance, for which evaluation criteria are established from the perspective of exam-
ining various aspects of RL provider capabilities. Some articles do not take the above four
factors as the foundation but instead consider the application-specific requirements as the
criteria. For instance, Liu et al. (2019) studied the recycling and disposal of used mobile
phones. Considering that noises of different frequencies and intensity are emitted during
the recycling process, noise pollution was taken as one of the evaluation criteria [25].

By summarizing and analyzing the existing research results, it can be concluded that
sustainability is a popular research topic, and many integrated evaluation methods have been
combined with fuzzy theory. Compared with existing works, this paper mainly makes the
following contributions: (1) A new index system is proposed in this article taking circularity
as one of the dimensions according to the circular economy theory. (2) Because the validity
of the combination of fuzzy logic and various evaluation methods has not been proven, an
MCDM approach consisting of AHP and TOPSIS was applied to select the best RL provider.

3. Methodology

Govindan et al. proposed a two-stage 3PRLP selection model that utilized AHP to
identify factors and ANP to select providers [18]. Kumar and Dixit [28] and Liu et al. [29]
combined this two-stage model with MCDM and upgraded it to a three-stage approach.
This paper applies a three-stage process created through the synthesis of Govindan [18],
Kumar and Dixit [28] and Liu et al.’s [29] frameworks for the RL provider selection as
shown in Figure 1. In the first stage, the selection criteria for RL providers are determined
based on an extensive literature review. In the second stage, AHP is used to calculate the
relative weights of criteria. In this stage, the data of rating are collected from social groups
through questionnaires via the Internet. In the last stage, the scores of RL providers in all
three modes are collected, and then TOPSIS is used to calculate and rank the final scores of
each RL provider. The best partner is the one with the highest final score.
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Figure 1. Proposed research framework for RL provider selection.

3.1. Evaluation Criteria of RL Provider Selection

Based on literature review and according to the Govindan’s [15] application of CE theory
in supplier selection and the operation mode of reverse logistics in the remanufacturing
industry proposed by Tian et al. [45], a hierarchical structure of RL provider evaluation
and selection is established as shown in Figure 2. The attributes contained in the first three
dimensions of economy, society and technology are mainly derived from the improvement
on the basis of the framework proposed by Tian et al. [45]. Tian et al.’s criteria focus on the
evaluation of manufacturing enterprises [45]. By combining his framework with relevant
research in the logistics industry [18,22,28,31,38,45–47], the criteria that need to be considered
when evaluating and selecting RL providers can be determined. The attributes of the CE
cluster are determined according to the theory of CE and the processes that may affect the
environment when a product is moved in the supply chain. For example, the processes of
collection, transportation and dismantling of waste products will all have an impact on the
environment [15,45,48,49], which necessitates the consideration of these attributes.

Operating cost (E1) is the expense paid by logistics providers to maintain their normal
operation and development. It is related to the operation of enterprises and the operation
of equipment, components and facilities. The operating cost composition of RL providers
with different modes is different, but a sound operation can improve the efficiency of
enterprises [18,45].

RL cost (E2) determines whether remanufacturing activities can bring benefits to
enterprises, and it includes transportation cost, inventory cost, inspection cost, packaging
cost and material handling cost. The high cost of RL is one of the main obstacles to cost-
effective remanufacturing production. Reducing RL cost is a common concern to both
manufacturers and logistics companies [22,45].

Source of raw materials (E3) refers to the sources and channels of collecting waste
products of logistics companies. Waste products come from a variety of sources. One of the
advantages of having a logistics provider for the collection of waste products is that they
can benefit the existing logistics network, which makes the collection and transportation
process more efficient and cost-effective, thus reducing time and capital costs.
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Resource utilization (E4) refers to the ability to compare the value and cost of waste
products after collection and to process them in different ways. Waste products are the
essential resources of remanufacturing enterprises, and analyzing their effectiveness and
utilization is an important step [45]. For RL providers, a preparation step is paramount to
analyze and classify waste products and send them to different processing centers [28].

User satisfaction (E5) includes effective communication with customers and partners,
service improvement and overall working relationship. For an RL provider, whether communi-
cating with partners or customers, efficient transmission of information is crucial as it can reduce
unnecessary economic or time loss and improve the enterprise’s reputation [42]. In addition, it
is also necessary to pay attention to the timely upgrade and improvement of services [18].

Quality management (E6) is used to measure integrity and quality after the processing
of waste products. The quality of the remanufactured products is the final criterion for the
entire remanufacturing process [45]. Although the quality of the remanufactured product
should be comparable to that of the new product, more attention should be paid to quality
management, such as providing a clear quality level after remanufacturing [31].

Remanufacturing process technology (E7) is the key to product remanufacturing. For
RL providers who are mainly responsible for the collection process, it mainly includes some
remanufacturing pre-preparation technologies such as disassembly technology, cleaning
technology and inspection technology [45].

Excellent RL providers can not only complete basic reverse logistics services according
to the requirements of the entrusted enterprises but also provide some value-added services
(E8) [38]. Such services may include testing, classification of parts of waste products,
remanufacturing of parts that only need to be simply refurbished before entering the
secondary market, disposal of waste that is considered not to be worthy of remanufacturing
and after-sales service [46,47].
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Ecological efficiency (E9) refers to the improvement of the resource transformation
efficiency and environmental pollution reduction in the process of product collection
through appropriate transportation and processing methods. Transportation activities are
one of the main causes of ecological climate change [45]. Therefore, ecological efficiency is
one of the evaluation criteria in the process of remanufacturing.

Environmental standards (E10) are used to determine whether RL providers are com-
plying with environmental protection standards for the collection of waste products [15].

Eco-friendly raw materials (E11) refer to the utilization and reuse of recyclable materi-
als in the product remanufacturing process. There is a trend to realize a recyclable product
production process [48]. In this process, enterprises need to pay attention to what kind of
raw materials are used in the manufacturing/remanufacturing process of products.

In the theory of circular economy, it is necessary to design a product with the minimum
environmental degradation effect and the maximum recovery capacity while trying to
reduce the cost in the manufacturing process [15]. This is the concept of eco-design (E12).
For the current situation where the scale of remanufacturing activities is about to be
expanded, the design is one of the main factors affecting remanufacturing [49].

Clean technology (E13) measures the ability of RL providers to process products using
the appropriate technology. This criterion not only considers the process of collecting
waste products but also includes the distribution processing of products, such as labeling,
packaging and assembly procedures [15,50].

The framework consists of three parts: goal (B), cluster (A) and attribute (E). The goal
is RL provider selection. The cluster includes economy (A1), society (A2), technology (A3)
and CE (A4). The economic cluster includes attributes covering operating cost (E1) and RL
cost (E2). The society cluster includes attributes of source of raw materials (E3), resource
utilization (E4) and user satisfaction (E5). The technology cluster includes attributes of quality
management (E6), remanufacturing process technology (E7) and value-added services (E8).
The CE cluster includes attributes of ecological efficiency (E9), environmental standards (E10),
eco-friendly raw materials (E11), eco-design (E12) and clean technology (E13).

3.2. Selection Methodology for RL Provider

In order to determine the best RL provider for remanufacturing, an MCDM approach
consisting of AHP and TOPSIS is applied. Saaty, the author of the AHP approach, ques-
tioned the rationality of the combination of fuzzy set theory and AHP [13] and believed
that fuzzifying is a kind of interference without substantially changing the judgments.
Therefore, the methods in this paper do not apply fuzzy numbers, and the results of AHP
are compared with those of fuzzy AHP.

3.2.1. Analytic Hierarchy Process (AHP)

The basic idea of AHP is to hierarchize the problem to be analyzed (Saaty, 1980) [51].
According to the overall goal to be achieved, the problem is decomposed into different
influence factors, which are combined in different levels according to their association
and relationship to form a multilevel analysis structure model; finally, the alternatives are
compared and ranked. The steps of AHP are as follows (Figure 3) [28,51]:

Step 1: Build a hierarchical structure. The top level indicates the problem to be
solved. The second level consists of the decision criteria. The bottom level represents the
alternatives.

Step 2: Construction of judgment matrix. In this step, data are usually collected
through questionnaires or scores from a panel of experts. Decision-makers are required
to make pairwise comparisons between decision dimensions and criteria according to the
scale in Table 2. In order to obtain a more detailed attitude difference of the respondents
and a more precise rating, this paper uses a 9-point scale.
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Table 2. Scale of preference.

Scale Explanation

1 Two factors are of equal importance compared to each other
3 One factor is slightly more important than the other
5 One factor is obviously more important than the other
7 One factor is strongly more important than the other
9 One factor is extremely more important than the other

2, 4, 6, 8 Intermediate values
Reciprocals Reciprocals for inverse comparison

Step 3: Calculate the geometric mean of each row of the judgment matrix, and
normalize it to obtain relative weights of dimensions and criteria, so as to obtain global
weights and ranking of each criterion.

Step 4: Conduct the consistency test. Consistency ratio (CR) was calculated to evaluate
the consistency of the comparisons. CR is the ratio of consistency index (CI) to random
index (RI). CI is obtained as follows:

CI =
(λmax − N)

(N − 1)
(1)

where λmax is the maximum eigenvalue and N is the size of the matrix. Random index
(RI) is obtained from Table 3. It is generally believed that when CR < 0.1, the inconsistency
degree of the matrix is within the allowable range and indicates that the result has passed
the consistency test. Otherwise, the judgment matrix should be reconstructed to improve
the consistency.
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Table 3. Random index (RI).

N 1 2 3 4 5 6 7 8 9 10 11

RI 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 1.51
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3.2.2. TOPSIS

TOPSIS, an analysis method that compares and selects multiple alternatives based
on multiple criteria, was firstly proposed by Hwang and Yoon (1981) [52]. Fundamental
for TOPSIS is to determine the positive ideal solution and negative ideal solution of each
attribute. The positive ideal solution is the optimal solution among the alternatives, and its
attribute values reach the best value, while the negative ideal solution is the worst solution.
After calculating the Euclidean distance between each scheme, the positive ideal solution,
the distance between each scheme and the negative ideal solution, the approximate degree
of each alternative to the optimal solution can be obtained, which can be used as the basis
for evaluating the merits of the alternatives. The TOPSIS method has many advantages.
It has no strict constraints on the data distribution and sample content. It is applicable to
the analysis of small samples as well as large systems with multiple evaluation units and
indexes. It is flexible and convenient to use and has universal applicability. The steps of
TOPSIS are as follows (Figure 4):
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Figure 4. Process of technique for order of preference by similarity to ideal solution (TOPSIS).
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Step 1: Obtain and normalize the original decision matrix.
Assuming that there are N criteria and M alternatives, the decision matrix formed by

them is

X =

 x11 · · · x1n
...

. . .
...

xm1 · · · xmn

 (2)

To eliminate the effects of various scales of criteria, the normalized decision matrix (B)
is given by

bij =
xij√

∑m
i=1 xij

2
, i = 1, 2, . . . , m; j = 1, 2, . . . , n (3)

Step 2: Obtain the weighted normalized matrix.
The weighted normalized matrix (Z) is obtained by

zij = bij·wj, i = 1, 2, . . . , m; j = 1, 2, . . . , n (4)

where wj is the weight of the criterion.
Step 3: Determine the positive ideal solution (V+) and the negative ideal solution

(V−) using the following equations:

V+ =
(
z+1 , z+2 , . . . , z+n

)
where z+j = max

{
zij
}

, i = 1, 2, . . . , m; j = 1, 2, . . . , n (5)

V− =
(
z−1 , z−2 , . . . , z−n

)
where z−j = min

{
zij
}

, i = 1, 2, . . . , m; j = 1, 2, . . . , n (6)

Step 4: Calculate the distance of each alternative from V+ and V− using Equations (7)
and (8):

D+ =

√√√√ n

∑
j=1

(
zij − z+j

)2
, i = 1, 2, . . . , m (7)

D− =

√√√√ n

∑
j=1

(
zij − z−j

)2
, i = 1, 2, . . . , m (8)

Step 5: Obtain the closeness coefficient (CC) of each alternative as follows:

CCi =
D−

i
D+

i + D−
i

, i = 1, 2, . . . , m (9)

Step 6: Rank the alternatives.
The alternatives are ranked according to the value of CC. The best alternative has the

highest closeness coefficient.

4. Application in Case Study

A case study with data from a Chinese engine manufacturer was conducted to verify
the proposed approach. In recent years, increasing attention has been paid to the research
and development of automobile remanufacturing in China. Compared with traditional
manufacturing, remanufacturing has the characteristics of energy saving and material sav-
ing, which are important in the circular economy. With the introduction of relevant policies
and the increase in public awareness of environmental issues, more and more automobile
enterprises are actively engaging in remanufacturing activities. By June 2020, the motor
vehicle population in China has reached 360 million, among which more than 270 million
are automobiles [6]. The annual maintenance and replacement parts output value is nearly
1 trillion yuan, which represents a huge potential market for remanufacturing [6]. As an
automobile part with high standardization and strong versatility, mainly made of metal
materials, the engine is the automotive part that is commonly remanufactured.
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For engine remanufacturing, the main process is the dismantling and cleaning of faulty
or obsolete engine parts. This is followed by technical processing and transformation,
according to the size modification requirements. Finally, after being reassembled and
tested, it will be made into a new engine [53]. Before the remanufacturing processes, the
reverse logistics of waste products should be completed first, which is a process requiring
systematic operation. The company’s production equipment level is above the average level
of the same industry in China. At present, its products include remanufactured engines
from various brands which have more than ten variations, including Steyr, Cummins and
Chaochai 6102, which are used as maintenance parts for the after-sale market. This paper
takes the problem of this company as an example and applies the proposed framework to
select a suitable RL provider for it.

4.1. Application of AHP

First, an online AHP questionnaire was created according to the hierarchy shown
in Figure 2. The questionnaire was sent to 340 respondents between September 14 and
October 5, and 200 responses were collected after it was issued. Then, pairwise comparison
matrices for each level were obtained according to the collected data. The weights of the
four dimensions after data screening and processing are shown in Table 4 (this matrix
passed the consistency test). “Technology” had the highest weight, followed by “circularity”
and “society” at similar importance, and “economy” was the least important factor.

Table 4. The weights and ranking of the four dimensions.

Dimensions
Pairwise Comparisons

Weights Rank
A1 A2 A3 A4

Economy (A1) 1 0.5 0.2 0.25 0.0749 4
Society (A2) 2 1 0.25 0.8 0.1419 3

Technology (A3) 5 4 1 5 0.5950 1
Circularity (A4) 4 1.25 0.2 1 0.1883 2

The weights of each criterion are listed in Table 5. Global weights were obtained by
multiplying the relative weights between each criterion and the weights of each dimension.
The CR of each matrix was less than 0.1 and could be used for evaluation and selection.
Compared with “operating cost (E1)”, “RL cost (E2)” is considered to be a more important
indicator. “Resource utilization (E4)” and “quality management (E6)” are considered as the
most important indicators in the social dimension and the technical dimension, respectively.
“Eco-friendly raw materials (E11)” is the most important criterion and “environmental
standards (E10)” is the least important criterion in the circularity dimension.

Table 5. The weights and ranking of criteria.

Dimensions Criteria Relative Weights Relative Rank Global Weights Global Rank

Economy E1 0.1250 2 0.0094 13
E2 0.8750 1 0.0655 5

Society E3 0.2857 2 0.0405 8
E4 0.5714 1 0.0811 3
E5 0.1429 3 0.0203 10

Technology E6 0.5000 1 0.2975 1
E7 0.1000 3 0.0595 6
E8 0.4000 2 0.2380 2

Circularity E9 0.2034 3 0.0383 9
E10 0.0508 5 0.0096 12
E11 0.4068 1 0.0766 4
E12 0.0678 4 0.0128 11
E13 0.2712 2 0.0511 7
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4.2. Application of TOPSIS

The decision-making team composed of eight experts scored three different modes
(based on Figure 2, the three different modes were TPT, MT and RT) against the evaluation
criteria, as shown in Table 6. For each mode, better performance for a criterion is reflected
by a higher score. The range of the score is 1 to 9. Each final score was based on the sum of
the average scores of the eight experts.

Table 6. Original decision matrix of alternatives.

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13

MT 2.875 2 6.25 6.375 6.125 7 7.5 6.375 7 7 7.125 7.5 7.375
TPT 3.75 4 6.375 6.625 6.5 6.625 6.375 6.875 6.875 6.5 6 5.625 6.375
RT 3.125 3.375 6.125 6.25 6.5 5.25 5 6.25 6.125 5.625 5.5 5.125 5.25

After normalization (Table 7), the weight of each index was calculated to obtain the
weighted normalized matrix shown in Table 8. The positive ideal solutions V+ and negative
ideal solutions V− are listed at the bottom of the table.

Table 7. Normalized decision matrix.

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13

MT 0.5075 0.3570 0.5773 0.5734 0.5545 0.6378 0.6793 0.5658 0.6052 0.6314 0.6587 0.7020 0.6661
TPT 0.6619 0.7139 0.5888 0.5959 0.5884 0.6036 0.5774 0.6101 0.5944 0.5863 0.5547 0.5265 0.5758
RT 0.5516 0.6024 0.5657 0.5622 0.5884 0.4784 0.4529 0.5547 0.5296 0.5074 0.5084 0.4797 0.4742

Table 8. Weighted normalized matrix.

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12 E13

MT 0.0048 0.0234 0.0234 0.0465 0.0113 0.1897 0.0404 0.1347 0.0232 0.0061 0.0505 0.0090 0.0340
TPT 0.0062 0.0468 0.0238 0.0483 0.0119 0.1796 0.0344 0.1452 0.0228 0.0056 0.0425 0.0067 0.0294
RT 0.0052 0.0395 0.0229 0.0456 0.0119 0.1423 0.0269 0.1320 0.0203 0.0049 0.0389 0.0061 0.0242

V+ = (0.0062, 0.0468, 0.0238, 0.0483, 0.0119, 0.1897, 0.0404, 0.1452, 0.0232, 0.0061, 0.0505, 0.0090, 0.0340)
V− = (0.0048, 0.0234, 0.0229, 0.0456, 0.0113, 0.1423, 0.0269, 0.1320, 0.0203, 0.0049, 0.0389, 0.0061, 0.0242)

The distance of each alternative was then calculated using Equations (7) and (8).
Finally, Equation (9) was used to calculate the closeness coefficient, and the results are
shown in Table 9. The higher the closeness coefficient, the higher the alternative is ranked.
The results show that TPT is the best solution, and its CCi is 0.7565. MT has the furthest
distance from the negative ideal solution, ranking the second.

Table 9. Distances to ideal solution and closeness coefficient.

Alternatives D+ D− CCi Rank

MT 0.0258 0.0518 0.6679 2nd
TPT 0.0152 0.0471 0.7565 1st
RT 0.0540 0.0161 0.2296 3rd

5. Discussions of Findings

As seen in Table 4, the technology (A3) dimension is ranked the highest in the ranking
of dimensions by a large margin. This result indicates that both the technology to be used
in each specialized process of remanufacturing the engines and the general technology of
processing other parts are considered as the most important criteria in the remanufacturing
reverse logistics activities. As seen in Table 5, quality management (E6) has the highest
weight among the three criteria under this dimension. The final product of remanufacturing
is the product whose quality and performance are the same as (or better than) the new
product after the waste product has been processed. Therefore, it is particularly important
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to manage the quality of the output through professional technology and strict quality
control; otherwise, core competitiveness will be lost. The criterion of value-added services
(E8) is ranked after E6. Before remanufacturing, the waste products with excessive damage
should be screened out. If the RL provider can complete a series of preparatory work
steps before dispatching the good-quality waste products, it will save significant time and
improve efficiency for manufacturers/remanufacturers. Therefore, this is also an important
criterion. In contrast, remanufacturing process technology (E7) is less important for RL
providers who are mainly responsible for collection and logistics tasks.

Circularity (A4) is slightly more important than society (A2). The reason may be that
the circularity dimension involves further requirements on both the technical and social
dimensions, thus becoming more important to decision-makers. Eco-friendly raw materials
(E11) ranked first of the five criteria. It makes sense that the primary task of implementing
the concept of circular economy is to use materials that have a less negative impact on the
environment and to reuse them properly. Next is clean technology (E13) and ecological
efficiency (E9). In addition to being environmentally friendly in terms of raw materials,
proper methods and technologies should be used in transportation and processing to
minimize unnecessary environmental pollution and energy consumption. It is also of
significance to promote the concept of industry sustainability and the implementation of a
circular economy [54]. Finally, eco-design (E12) and environmental standards (E10) rank
last, both of which are less practical and more theoretical.

The purpose of the collection of waste products and remanufacturing is to adhere to the
concept of sustainable development and improve the social prestige of companies [55]. For
the immature engine remanufacturing industry in China, if a motor vehicle manufacturer is
forced by policy or other reasons to carry out remanufacturing activities, it essentially trades
the economic benefits for the benefits of other aspects, so in comparison, the impact of the
economy (A1) dimension is lower than that of the social dimension under this circumstance.
The highest-ranking criterion for the society (A2) dimension is resource utilization (E4). Waste
products are the resources of RL providers, and these products have varying availability. The
ability to utilize these varying resources can reflect the adequacy of a company’s basic business
capacity in addition to transportation. Source of raw materials (E3) and user satisfaction (E5)
mainly represent the business scope and operational level of RL providers, making them less
important than resource utilization (E4). Regarding the operating cost (E1) and RL cost (E2)
under the economy (A1) dimension, RL cost (E2), which can better reflect the capabilities of
the main business, is considered to be more important.

As seen in Table 9, the ranking of the alternatives in descending order is TPT, MT and
RT. Since the first two have been applied to most cases, it is reasonable for RT to be ranked
as last. MT is more suitable for large enterprises that normally have sufficient capital
and can afford to invest in remanufacturing systems. For such medium-sized enterprises
as the case in this paper, TPT can effectively make up for problems such as a lack of
collecting channels, underdeveloped reverse logistics networks and systems with 3PRLPs’
more specialized logistics systems. RL providers that provide strong value-added service
capability can also share some of the manufacturing and remanufacturing processes.

6. Conclusions

Remanufacturing can be a risky decision for a manufacturer because it requires finan-
cial and technical support and affects the company’s overall operating performance [56].
Choosing a good RL provider is particularly critical, starting with choosing the right
take-back mode. This study proposes a new systematic index system and multicriteria
decision-making method to select the best RL providers. First, evaluation criteria were
established after an evaluation of the role of RL in manufacturing enterprises and a review
of literature related to the selection of RL providers. Then, the decision method composed
of AHP–TOPSIS was developed and the source data were collected in two different ways.
The data used by AHP were obtained from questionnaires. The criteria weights obtained in
this step were used as the input of TOPSIS, in which the environmental dimension obtained
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the highest weight. TOPSIS uses data provided by a panel of experts. The proposed
framework was applied to a medium-sized automobile engine manufacturer in China, and
the results show that TPT was the best RL provider mode.

The study presented in this paper has some limitations. The use of questionnaire data
can compromise the results in certain ways; for example, the data may become irregular or
too extreme because of a low level of professionalism of the respondents. This research
also does not consider the uncertainty of expert scoring data and actual operation in the
real situation due to the fuzzy theory not being introduced. Future research may discuss
finding a new way to eliminate uncertainty. In addition, AHP and TOPSIS are methods that
are widely applied due to their relatively simple calculation process, and they can easily be
combined with other methods to form new approaches (such as connection-degree-based
TOPSIS [57]). Future research may focus on the evaluation of various MCDM methods,
including various alternative methods such as DEA, ISM, VIKOR and MOORA, to identify
the optimal method that can be used to analyze the interrelationships between indicators
and to rank criteria and alternatives.
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