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DERIVING WEIGHTS OF DECISION MAKERS IN GROUP DECISION
MAKING AND APPLICATIONS IN MEDICAL DECISION MAKING AND
SENSOR FUSION
SUMMARY
The motivation behind the rational decision-making method is to determine the most
proper alternative(s) from a set of alternatives regarding the predefined criteria. A
structured and reasonable decision making process is essential to settling on rational
and appropriate decisions. Especially, the use of rational approaches instead of
subjective techniques stimulates organizations to take the correct decisions and cope
with any difficulties, efficiently. Consequently, decision making methods have been
applied efficiently in a variety of complex areas, such as the military, economics,
government organization, and are increasingly attracting the attention of academics
for years.
Quality of the solution of the decision making depends fundamentally on the nature
of the problem, but mostly on the characteristics of decision makers. As the
complication of the socio-economic environment increases, it gets more problematic
for single decision maker to handle all the relevant features of the problem. Most
decision making problems in real world occur in a group environment and this adds
too much complexity to the analysis. Therefore, academics are searching for
appropriate group decision making (GDM) approaches in recent years to overcome
this problem.
GDM is a method in which a group of experts (i.e. decision makers, group members,
voters, stakeholders) are gathered to find out the solution of the decision making
problem. In this process, motivation and understanding of a common problem differ
from one decision maker to other depending on the knowledge, background, and
expertise of these decision makers. At this point, different weights can be assigned to
these people reflecting their importance or perceived reliability for the given
problem.
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In GDM problems, experts describe their preferences by taking each criterion into
account, and final decision is reached by merging all decision matrices into an
aggregated solution applying a proper operator. At this point, it is important to
develop a better technique for aggregating different decision makers’ preferences to
obtain an acceptable decision making result.
In the literature, GDM methods commonly assume that the decision makers have
same level of importance weights and disregards the relative weights. This situation
may cause inappropriate and inaccurate outcomes that cannot be compensated in the
final result. Consequently, reliability and the significance of decision makers on the
final decision should be taken into consideration. At that point, how to derive the
appropriate weights of decision makers stands as a new challenge.
Same challenge is also valid for the multi-source fusion problems that effort to find
an appropriate technique to combine the data from multiple sources; for example,
sensors, where each sensor may have different features. The key difference here is
that the sensors, which may differ in specifications, are replaced with the decision
makers whose expertise, background, or knowledge may also vary. Therefore,
methods, which are developed to overcome this challenge, have several applications
in wireless sensor networks, image fusion, etc.
In literature, researches on deriving the weight of decision makers are relatively
limited. Moreover, a comprehensive literature review on determining the weight of
decision makers is missing among a limited number of studies. Consequently, in the
second chapter of the thesis, the literature on deriving the objective weights of
decision makers is studied and a new scheme for classification is proposed.
According to the stated classification scheme; objective methods are divided into five
groups:

Similarity-based

approaches,

index-based

approaches,

cluster-based

approaches, integrated approaches, and other approaches. Literature review and
analysis of the studies in literature were conducted with respect to these categories.
In the third chapter of the thesis; in order to demonstrate the application of integrated
approaches, a new method, that derives decision makers’ combined weights using the
geometric weights consensus index (objective method) and the subjective weights
provided by a supervisor, is developed. The application of the method is verified on a
case study in a medical decision making problem, specifically, selection of a suitable
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anesthesia method to apply in the surgery which involves three alternatives such as
the general anesthesia, local anesthesia and sedation.
In the fourth chapter, a large scale GDM approach is proposed for the sensor fusion.
Since the proposed method is a cluster-based method, it provides acceptable results
in sensor networks consisting of multiple sensors. The method can operate under
uncertainty as a result of converting raw data from sensors into basic probability
assignments. In addition, by assigning three objective weights, the reliability of the
sensor clusters was also taken into account. In addition to these objective weights,
the proposed method allows subjective weights to be allocated to integrate the
experience and knowledge of supervisors into the problem area. The applicability
and validity of the proposed method have been checked with two real classification
data sets. Experiments show that when the proposed method is applied to two data
sets, the classification rate increases significantly. In the last part of the study, the
effect of the expansion parameter, objective weights, reliability threshold, number of
clusters and clustering method on the classification rate and probability of detection
are examined.
In the last chapter of the thesis, the results obtained from these studies, problem
areas, limitations and potential research directions are discussed.
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GRUP KARAR VERMEDE KARAR VERICI AGIRLIKLARININ
BELİRLENMESİ VE TIBBİ KARAR VERME İLE SENSÖR FÜZYONUNDA
UYGULAMALAR
ÖZET
Karar vermenin amacı, sonlu bir kriter kümesine göre uygulanabilir alternatifler
setinden en uygun alternatifi veya alternatifleri seçmektir. Karar verme; standart
günlük hayat faaliyetleri başta olmak üzere ekonomi, askeri ve yönetim gibi daha
karmaşık olan çeşitli alanlara yoğun bir şekilde uygulanmıştır ve son yıllarda giderek
daha fazla ilgi görmektedir.
Birden fazla alternatifin olduğu ve bu alternatiflerden bir veya birkaçının mantıksal
bir takım yöntemler ile seçilmesine ihtiyaç duyulan her ortamda bir karar verme
süreci işlemektedir. Dolayısıyla insanoğlu ile beraber ortaya çıkan bu sürecin doğru
bir şekilde yürütülmesi, karar vericilerin sağlıklı kararlar almasına ve seçimleri
sonucu en yüksek seviyede fayda sağlamalarına sebep olacaktır.
Sosyo-ekonomik çevrenin artan karmaşıklığı, tek bir karar vericinin bir sorunun tüm
ilgili yönlerini dikkate almasını daha az mümkün kılmaktadır. Sonuç olarak, gerçek
hayatta birçok karar verme süreci grup ortamında gerçekleşir. Tek karar verici
ortamından grup karar ortamına geçmek, karar verme sürecine yönelik yapılması
gereken analizlere yüksek seviyede karmaşıklık katmaktadır. Karar vericilerin bilgi,
beceri, deneyim ve kişilik açısından benzersiz özelliklere sahip olması karar
vericilerin genel karar sonucunda farklı etkiler yapması gerekliliğini ortaya
koymuştur. Yani, karar vericilerin ağırlıkları farklı olmalıdır. Bu nedenle, karar
verme probleminde uzman ağırlıklarının belirlenmesi, ilginç ve önemli bir araştırma
konusu olarak karşımıza çıkmaktadır.
Diğer bir yandan toplumun ve ekonominin köklü gelişimi nedeniyle, tek bir karar
verici için karmaşık bir sorunun tüm ilgili yönlerini hesaba katmak çok zordur ya da
gerçekçi görünmemektedir. Bu tip problemlere, grup yaklaşımının daha iyi çözüm
getirebilmesi sebebiyle son yıllarda grup karar verme yöntemlerinin geliştirilmesine
yönelik çalışmaların sayısında ciddi bir artış gözlemlenmektedir. Örneğin;
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üniversiteler için farklı burs çeşitleri için başvurular arasından uygun olanları
seçmek, farklı fonlama politikaları için projeler seçmek veya üniversite fakülte
üyelerini atama ve yükseltme değerlendirmeleri gibi birçok karar verme problemi
grup karar verme ortamında gerçekleşir.
Genellikle grup karar verme süreci; uzmanların her niteliğe göre alternatifler
üzerinde tercihlerini belirtmeleri ve tüm bireysel karar matrislerinin, uygun bir
toplama operatörü kullanarak toplu bir karar matrisi içine birleştirilmesi ile nihai
karara varılması şeklinde bir yapıya sahiptir. Bu nedenle, üst akıl, tatmin edici bir
karar verme sonucu elde etmek için farklı uzman görüşlerini sentezleyebilecek bir
takım yöntemlere ihtiyaç duymaktadır. Bu noktada, hangi uzmanın ne kadar etki
edeceğinin belirlenmesi ayrı bir problem olarak karşımıza çıkmaktadır.
Literatür incelendiğinde pek çok durumda, bu uzmanlar arasındaki bilgi ve deneyim
farklılığı dikkate alınmamış ve tüm uzmanlara eşit ağırlıklar verilmiştir. Uzmanların
göreceli ağırlıklarının göz ardı edilmesi önemsiz gibi görünür, ancak maalesef bu
durum

nihai

çözümlerde

telafi

edilemeyecek

yanlış

ve

hatalı

sonuçlar

doğurabilmektedir.
Konvansiyonel grup karar vermenin bir uzantısı olarak, yirmiden fazla karar
vericinin karar alma sürecine dahil olduğu büyük ölçekli grup karar verme sürecinde
de (Large Scale Group Decision Making- LSGDM) aynı sorun yaşanmaktadır.
Atanması gereken ağırlıkların sayısı, karar vericilerin sayısı arttıkça arttığı için,
LSGDM’de nesnel yöntemlerin, karar vericinin her ağırlığının bir süpervizör veya
karşılıklı değerlendirmeler tarafından atandığı subjektif yöntemlerden daha makul
sonuçlar vermesi beklenmektedir. Ancak, LSGDM ile ilgili literatür oldukça
kısıtlıdır ve LSGDM'de karar verici ağırlıklarının belirlenmesiyle ilgili çalışma sayısı
bir elin parmaklarını geçmemektedir.
Grup karar vermede bir diğer önemli sınıf, belirsizlik altında karar vermedir
(Decision Making Under Uncertainty-DMUU). Karar verme probleminde, karar
vericiler, sonuçlanabilecek olası seçimler dizisinin farkındadırlar, ancak önceden
belirlenmiş kriterler ile ilgili en uygun alternatifi bilmezler. Bu nedenle, hangi karar
verme yaklaşımını (nesnel veya öznel) kullanırlarsa kullansınlar, verilen bilgiyi
analiz etmeli ve verebilecekleri en iyi kararı vermeye çalışmalıdırlar. Karar
vericilerin tahminleri ve beklentileri seçimlerini güçlü bir şekilde etkilediğinden,
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karar verme sürecinin her aşamasında belirsizlikle mücadele etmek zorundadırlar.
Öte yandan, sorunla ilgili verilen bilgilerin kendisi de belirsizliğe sahiptir ve belirsiz
bilgilerin modellenmesi ve temsil edilmesi de karar vermede önemli bir görevdir.
Grup karar verme ortamında karşılaşılan ve yukarıda belirtilen problemlerle, çoklu
kaynaklardan gelen bilgilerin toplanmasını içeren veri füzyonu veya sensör füzyon
probleminde de karşılaşılmaktadır. Buradaki tek fark, bilgi, deneyim ve geçmişi
değişken olan karar vericiler yerine özellik ve çeşitlilik açısından farklılık
gösterebilecek olan kaynakların veya sensörlerin yer almasıdır.
Literatür incelendiğinde, karar vericilerin ağırlıklarının belirlenmesi ile ilgili
çalışmaların oldukça sınırlı olduğu görülmektedir. Ayrıca, sınırlı sayıda çalışma
arasında karar vericilerin ağırlığının belirlenmesi ile ilgili kapsamlı bir literatür
taraması bulunmamaktadır. Bu nedenle tezin ikinci bölümde, karar vericilerin
ağırlıklarının belirlenmesine ilişkin literatür gözden geçirilmiş ve söz konusu
yöntemleri sınıflandırmaya yönelik yeni bir sistem önerilmiştir. Söz konusu
sınıflandırma sistemine göre; karar vericilerin ağırlıklarını belirlemek için nesnel
yöntemler beş kategoriye ayrılır: Benzerliğe dayalı yaklaşımlar, dizin tabanlı
yaklaşımlar, kümelenmeye dayalı yaklaşımlar, entegre yaklaşımlar ve diğer
yaklaşımlar. Yine bu bölümde, literatür taraması ve çalışmaların analizi bu
kategorilere göre yapılmış ve araştırma sonuçları sunulmuştur.
Tezin üçüncü bölümünde; hem geometrik ağırlıklar konsensüs indeksini (nesnel
yöntem) hem de bir supervisor tarafından sağlanan sübjektif ağırlıkları (öznel
yöntem) kullanarak karar vericilerin birleşik ağırlıklarının belirlenmesine olanak
sağlayan bir grup karar verme yöntemi yer almaktadır. Yöntemin uygulanması, tıbbi
karar almada bir vaka çalışması üzerinde gösterilmiştir.
Dördüncü bölümde, sensör füzyonu için büyük ölçekli bir GDM yaklaşımı
önerilmiştir. Önerilen yöntem kümelenmeye dayalı bir yöntem olduğundan, çoklu
sensörlerden oluşan sensör ağlarında kabul edilebilir sonuçlar vermektedir. Yöntem,
sensörlerden elde edilen ham verilerin temel olasılık atamalarına dönüştürülmesinin
bir sonucu olarak belirsizlik altında çalışabilir. Ayrıca üç objektif ağırlık atayarak
sensör kümelerinin güvenilirliğini de göz önünde bulundurulmuştur. Bu objektif
ağırlıklara ek olarak, önerilen yöntem süpervizörlerin deneyimlerini ve bilgilerini
problem alanına entegre etmek için öznel ağırlıklar tahsis edilmesini olanak
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sağlamaktadır. Önerilen yöntemin uygulanabilirliği ve geçerliliği iki gerçek
sınıflandırma veri seti ile kontrol edilmiştir. Deneyler, önerilen yöntem iki veri
kümesine

uygulandığında

sınıflandırma

oranının

önemli

ölçüde

arttığını

göstermektedir. Çalışmanın son kısmında, genişleme parametresi, objektif ağırlıklar,
güvenilirlik eşiği, küme sayısı ve kümeleme yönteminin, sınıflandırma oranı ve tespit
olasılığı üzerindeki etkisi incelenmiştir.
Tezin son bölümünde ise yukarıda sunulan çalışmalardan elde edilen sonuçlar
yorumlanmış, çalışmaların limitleri değerlendirilmiş ve problem sahaları ile
potansiyel çalışma alanları belirtilmiştir.
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1. INTRODUCTION
The inspiration driving the rational decision-making process is to discover the most
proper alternative(s) from a set of feasible alternatives with respect to the predefined
criteria. An organized and logical decision making procedure is fundamental to
settling on reasonable and applicable decisions. It is especially crucial for the
dynamic business condition, where managing complicated nature and uncertainty is
the key factor for the success of the organizations. Specifically, the use of objective
techniques instead of subjective techniques encourages organizations to settle on the
correct decisions and deal with any difficulties, effectively. In this manner, decision
making techniques have been applied intensively in an assortment of complex areas,
for example, economics, the military, government organization, and are attracting the
attention of researchers progressively in recent decades.
Quality of the decision making process relies essentially on the nature of the
problem, and for the most part on the nature of decision makers in the problem area
[1]. As the complexity of the socio-economic environment expands, it gets more
diligently for single decision maker to manage all the pertinent features of the
problem [2]. Most decision making problem in real world need to happen in a group
environment and this situation adds too much complexity to the process. Therefore,
researchers are pondering for proper group decision making (GDM) approaches for
years to overcome this problem [3-5].
GDM is a method in which a group of people (i.e. experts, decision makers, group
members, voters, stakeholders) get involved [6]. In this process, inspiration and
comprehension of a common problem contrasts from individual to individual
depending on the expertise, background, and knowledge of these people. At that
point, if experts do not share same level of expertise, background, and knowledge,
different weights can be appointed to these experts mirroring their significance or
perceived reliability in dealing with the specific problem [7], [8].
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GDM problems are frequently complex and ambiguous, limited to experts’
understanding, knowledge and experience. In GDM problems, decision makers
express their preferences by considering each criterion, and final decision is taken by
combining all decision matrices into an aggregated decision utilizing a proper adding
operator [9]. At that point, it is essential to find a better way of combining different
expert opinions to acquire a reasonable decision making result.
In GDM, it is practically difficult to have a homogeneous group shaped by experts
whose understanding, knowledge and experience are same or similar. Nevertheless,
in the literature, GDM methods frequently accept that the experts have same
significance weights and ignores the relative weights of decision makers. This may
result in incorrect and erroneous results that cannot be compensated in the final
solution [10]. Therefore, reliability of decision makers’ opinions and the relative
effect of each decision maker on the final decision should be taken into account.
Here, how to find the proper weights of decision makers presents as a new challenge.
A similar challenge is also valid for the multi-source data fusion problem that tries to
apply a suitable method to combine the data from numerous sources, for example,
sensors, where each source may have various specifications and features. The main
distinction here is that the sources or sensors, which may differ in specifications and
features, are substituted by the decision makers whose expertise, background, or
knowledge vary. As a result, approaches, which are developed to handle this
challenge, have many applications in different areas such as GDM [11], wireless
sensor networks [12], and image fusion [13], etc.
1.1 Purpose of Thesis
Upon examination of available literature, although the number of studies on
determining weights of criteria is quite high, studies on determining the weights of
the decision makers are limited [14-16]. Therefore, in this thesis, we focus on the
objective techniques for deriving decision makers’ weights in a GDM environment.
We first review the related literature to present the state-of-the-art in all known
objective methods for deriving decision makers’ weights in GDM environment and
propose a new classification system. Furthermore; we develop an integrated method
to determine the decision makers’ weight. This method combines consensus based
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objective weights, which is determined by the geometric cardinal consensus index,
and subjective weights. In order to represent the implementation of the method, a
case study in a medical decision making is also included. And finally, we develop a
clustering based LSGDM approach to sensor fusion. The proposed method considers
the reliability of the sensors clusters by assigning three objective weights. It also
enables to assign subjective weights to integrate supervisors/intelligence analyst
experiences and knowledge in the problem field.
After a brief introduction, which summarizes the challenges and necessity for weight
determination in GDM environment, we present our accepted papers in SCI-E
indexed journals and a book chapter in an international book.
The studies on determining the weights of the decision makers are limited. Besides,
there is no comprehensive literature review or survey related to the determination of
decision makers’ weight among the limited numbers of studies. Therefore, in Chapter
2, the literature on deriving decision makers’ weights is reviewed to present the stateof-the-art in the group decision making environment. Subsequently, a new
classification system is proposed. Objective methods for deriving decision makers'
weights are classified into five categories: Similarity-based approaches, index-based
approaches, clustering-based approaches, integrated approaches, and other
approaches. The literature review and analysis of the studies are conducted based on
these categories; moreover, challenges and potential research directions are
identified.
The complexity of problem grows as multiple individuals involve in the decision
making process. Since each individual may have different experience, attitudes, and
knowledge, their approaches might be different from each other on a same problem.
Therefore, more comprehensive techniques are needed in group decision making
methods in order to determine how much a decision maker’s contribution is
considered in the final solution (i.e., weight of each decision maker). Chapter 3
presents the proposed method to determine the combined weights of decision makers
based on both the objective weights, using the geometric cardinal consensus index,
and the subjective weights provided by a supervisor. In order to represent the
implementation of the method, the study includes a case study in a medical decision
making.
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In Chapter 4, a large scale GDM approach for sensor fusion is proposed. Since the
proposed method is a clustering-based method, it provides acceptable results in the
sensor networks consisting of multiple sensors. It can work under uncertainty as a
result of converting the raw data obtained from sensors to the basic probability
assignments. It also considers the reliability of the sensors clusters by assigning three
objective weights. In addition to these objective weights, the proposed method
enables to assign subjective weights to integrate supervisors/intelligence analyst
experiences and knowledge in the problem field. The applicability and the validity of
the proposed method are checked through two real classification datasets: ionosphere
and forest type mapping dataset. Experiments show that the classification rate is
increased significantly when the proposed method is applied to two datasets. Finally,
effect of extension parameter, objective weights, reliability threshold, number of
clusters and clustering method on the classification rate and the detection probability
are examined.
The results obtained from these studies, problem areas, limitations and potential research
directions are discussed in Chapter 5.
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2. DERIVING DECISION MAKERS’ WEIGHTS IN GROUP DECISION
MAKING: AN OVERWIEW OF OBJECTIVE METHODS1
In GDM, it is almost impossible to have a homogeneous group formed by experts
whose experiences, attitudes, knowledge are same or similar. However, in the
literature, GDM methods mostly assume that the experts have the same importance
weights. Ignoring the relative weights of experts can lead to incorrect and erroneous
results that cannot be compensated for in the final solutions [10]. For that reason, the
credibility of experts' opinions and the effects of their opinions on the final decision
should be considered according to their contribution to the final decision. At that
point, deriving the weights of experts presents as a new challenge.
The same challenge is also valid for the multi-source information fusion problem that
seeks to find an appropriate way to fusion the information from multiple sources
such as sensors, where each source may have different specifications and features.
This is just like sensors are decision makers with different experiences, attitudes,
knowledge etc. in GDM. Therefore, methods, which are developed to overcome this
challenge, have many applications in various fields in information fusion including,
but not limited to, GDM [11], wireless sensor networks [12], image fusion [13], etc.
However, upon examination of available literature, although the number of studies
on determining weights of criteria is quite high, studies on determining the weights
of the decision makers are limited [14-16]. Moreover, although researchers present
related earlier methods in their studies, there is no comprehensive literature review or
survey related to the determination of decision makers’ weight among the limited
numbers of studies.
In their literature review of multiple attribute GDM, Kabak and Ervural state that
only 41% of the top cited papers in this field take into account the weights of
decision makers [17]. It is also mentioned that, in almost all of the papers, decision

This chapter is based on the paper “Koksalmis, E., and Kabak, Ö., Deriving Decision Makers’
Weights in Group Decision Making: An Overview of Objective Methods. Information Fusion, 2019,
49, 146-160. DOI:10.1016/j.inffus.2018.11.009”
1
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makers are directly assigned weights using ratings, while none of the articles provide
a comprehensive method for assignment of the weights.
In the related literature, the methods for determining weights of decision makers are
clustered into two groups; the subjective methods and the objective methods. In
subjective methods, weights of decision makers are assigned by a supervisor or
mutual evaluations of each other depending on experts’ statuses, professions, ages,
experiences, etc [18], [19]. On the other hand, objective methods use quantitative
techniques to determine the weights of decision makers. They use the data in hand,
particularly the evaluations of decision makers, and avoid the subjectivity. They
obtain the objective weights of decision makers from the information in individual or
collective decision matrices through the use of mathematical models.
The aim of this study is to review the related literature to present the state-of-the-art
in all known objective methods for deriving decision makers’ weights in GDM
environment in order to help researchers deepen their understanding in that area.
Additionally, we also propose a new classification system and have classified the
literature based on this system.
2.1 GDM Approaches and Use of Decision Makers’ Weights
This section aims to introduce GDM in general and present how the weights of
decision makers are incorporated into the GDM approaches. For this, we begin with
a classification of GDM approaches in Figure 2.1.

Figure 2.1 : Classification of group decision making models [17].
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The classification in Figure 2.1 is presented in Kabak and Ervural that is developed
based on [6], [20], [21]. In the following subsections, we will only name the methods
which fall into those categories and which provide the general idea of weight
determination techniques in each category since the aim of this survey is to analyze
and review the GDM literature in terms of deriving experts’ weight. In order to get
more detailed information about the GDM methods, references are also provided for
further reading.
2.1.1 Process-oriented approaches
Decision problems in government, business, industry, and education are highly
complex, often interdisciplinary or transdisciplinary, with social, economic, political,
and emotional factors intertwined with more quantifiable factors of physical
technology. High-quality GDM requires the decision maker to see through the
problem and its complexities. In addition to that, new problems (e.g., risky shift,
group polarization and escalation of commitment) have been encountered due to
factors present in the natural environmental structure of GDM, such as individual
group members’ desire for consistency, the tendency to avoid admitting a mistake, or
being strong in a group [22]. In order to overcome these vital problems, which could
lead to serious, undesirable situations in an organization or a society, researchers
have been searching for decades in order to find new methods that focus on the
process itself more so than the solution of the problem. In the related literature, these
methods are called process-oriented approaches, and their main aim is to create a
systematic, reasonable and respectful group decision making environment where
stakeholders of the problem can share their opinions in a better way [17].
Brainstorming, brain-writing, nominal group technique, Delphi method, devil’s
advocacy and mind mapping can be counted as the most distinguished among these
methods; details of these methods can be found in [23-28].
In process-oriented approaches, every idea and every person have equal worth.
Therefore the weights of decision makers are considered to be equal. There is no
method, fairly no need, for determining individual expert weights in the processoriented approaches.
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2.1.2 Content-oriented approaches
The second category for GDM is content-oriented approaches. The main objective in
these approaches is to find a solution for the problem given the preferences of the
decision makers. Content-oriented approaches are divided into three sub-categories:
implicit multiple-attribute evaluation, explicit multiple-attribute evaluation and game
theoretic approaches.
2.1.2.1 Implicit multiple-attribute evaluation
Implicit multiple-attribute evaluation, also called social-choice theory, is a theoretical
context used to analyze the merging of individual opinions, preferences, or welfares.
The main idea is to provide an agreed-upon decision (i.e. consensus) or social
welfare as in other methods. In an implicit multiple-attribute evaluation, criteria
available to choose from among the alternatives (e.g. honesty, general political
stance, trustworthiness etc.) are evaluated in decision makers’ minds and do not
appear explicitly [29]. With regard to decision makers’ weighting, a numerical
measure that shows the individual voter’s ability to influence a decision is called as
the voters’ power indices in social-choice theory [30]. There are three well-known
approaches to measure the power of voters; Banzhaf index [31], Shapley-Shubik
index [32] and Deegan-Packel index [33]. These indices provide a measure of
probability that a specific voter could change the result of an election. Since these
methods are mostly the subjects of political science, we will not go into the details of
these methods in this survey. For more details, readers can refer to Fara et al. [34].
2.1.2.2 Explicit multiple-attribute evaluation
The main difference between implicit and explicit evaluation depends on the
situation of decision makers’ evaluation on alternatives. Unlike the implicit multipleattribute evaluation, decision makers’ criteria and the preference for choosing among
the alternatives appear clearly in an explicit multi-attribute evaluation. However,
there are dozens of different methods in the explicit multiple-attribute evaluation or
called Multiple Attribute Group Decision Making, most popular methods can be
highlighted as ELECTRE [35], AHP [18], ANP [36], TOPSIS [37], PROMETHEE
[38] and their extensions (e.g. ELECTRE II-III-IV). According to Tzeng and Yuang,
explicit multi-attribute evaluation methods share the following characteristics:
multiple objectives/attributes, conflict among criteria, incommensurable units (unit
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of measurement must be different for each objective and attribute) and
design/selection [39].
The more the methods are developed, the higher the number of books and survey
papers, which are available in GDM literature. One of the most comprehensive
studies includes two main parts, in which authors present the theory of methods and
numerical examples for realistic GDM problems so as to integrate theory and
practice for the readers [39]. A recent book covers the concept and framework of
decision making in terms of multi-objective, multi-attribute, GDM, decision support
systems and fuzzy systems [6]. It also presents useful information about GDM within
an uncertain environment in detail. A distinguished literature review summarizes a
generic conceptual framework and a classification structure for multiple attribute
GDM methods [17]. The authors also classify the most cited paper in this field in
order to explain the state-of-the-art of the problem and to suggest future research
directions.
Even though judgments from decision makers are represented as crisp numbers in
early methods, it may be difficult to qualify those using precise values, as they are
often vague in real-life. Therefore, researchers prefer to use different formats such as
the ordered language model [40], 2-tuple model [41], fuzzy numbers [42] and/or
linguistic [43], [44] in recent studies. In GDM literature, there are also some studies
that present an aggregation process for dealing with non-homogeneous information
[45].
From the perspective of weight determination, as presented in the following sections,
the majority of the objective methods in the literature deal with the explicit GDM,
mainly because the provided information by the decision makers is more detailed
that is adequate to interpret the importance weights. Therefore, in the scope of our
study, we present the objective weight determination methods utilized in explicit
GDM, with details of the studies provided in the following sections.
2.1.2.3 Game theoretic
In traditional decision making techniques, it is accepted that other decision makers
do not affect a decision maker’s actions. However, in the real world, they are
unsurprisingly affected by other decision makers’ actions while each stakeholder of
the problem tries to maximize his or her benefit [46]. Therefore, in order to get the
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maximum benefit, each decision maker must take his or her action with respect to
other stakeholders’ actions just like in a game [47].
There are two approaches in game theory: the cooperative and the non-cooperative.
From decision making point of view, as cooperative approach copes with coalitions,
it is also accepted as a GDM method, where decision makers are accepted as the
players of a cooperative game [48], [49]. This subject has attracted the interest of
researchers for years. For instance, Tao et al. summarized the objective methods
such as Shapley Value [50] and its extensions [51-53] to determine the importance of
the players in a cooperative game. In a recent study, Hart also summarized the
objective methods in the cooperative game theory [54]. However, as Tao et al. state,
these methods are infrequently applied to GDM problems [49]. Therefore, details of
these methods are not provided.
Determination of decision makers’ weight is one of the main issues in multi-criteria
GDM. In any GDM problem and any method, how decision makers’ weights are
determined is a key step of the decision process. In the following section, a new
classification system is proposed to facilitate the future research in that area.
2.2 Classification of Objective Methods for Deriving Decision Makers’ Weights
Even though researchers have classified and summarized related studies in their
literature reviews, to the best of our knowledge, none of them have proposed a
complete classification for deriving decision makers’ weights. Therefore, in our
study, a new classification system in Figure 2.2 is presented for objective methods
that are used to derive weights of decision makers in GDM.
We conducted an extended analysis of the related literature, which is provided in the
next section, and identified the methods used in previous studies through reading the
papers themselves.
According to the classification given in Figure 2.2, there are four different types of
approaches for deriving experts’ weights. We also include a class of “other
approaches” that do not fall into the four types. The explanation and details of the
classes are given in the following subsections. We also provide examples to illustrate
how each type of approach is used to find experts’ weights.
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Figure 2.2 : Classification of objective methods for deriving decision makers'
weights in GDM.
2.2.1 Similarity-based approaches
In the related literature, researchers use two similarity indices to assign weights to
decision makers. In the first approach, similarities among decision makers are taken
into account. In the second one, the similarity of decision makers to the collective
decision is considered.
2.2.1.1 Similarity among evaluations of decision makers
One of the most preferred methods for deriving experts’ weights is the pairwise
comparison of decision makers’ evaluation. In these approaches, decision makers’
evaluations are compared in a pairwise manner in order to find the ways in which a
decision maker diverges from (or is similar to) other decision makers. If the
divergence is significantly large, a smaller weight is assigned to the decision maker
to give less importance to him/her. On the contrary, a larger weight is assigned to a
decision maker with less divergence. Therefore, in this type, first, a similarity (or
divergence) must be determined.
In a GDM environment, decision makers can utilize different scales to show their
preference. Therefore, researchers use different techniques to find the similarity of
decision makers’ evaluations to get the final weights.
A generic example is provided by Wang et al. in [55]. The similarity degrees of two
partial rankings (R1 and R2), which are given by two different decision makers, are
measured by equation (2.1). This value is used to find the individual weights.
𝑛
≻
⋃[𝐴𝑖 ]
|
𝑅1
𝑅2
𝑛
𝑛
∑𝑖=1 log2
≻
≻
| [𝐴𝑖 ]
⋂[𝐴𝑖 ]
|
𝑅1
𝑅2

∑𝑛
𝑖=1 log2

𝑠𝑖𝑚𝐴 (𝑅1 , 𝑅2 ) =

| [𝐴𝑖 ]

≻

(2.1)

where 𝐴 is set of objects and 𝐴 = {𝐴1 , 𝐴2 , … , 𝐴𝑛 }; (𝑛 > 1). 𝑅1 , 𝑅2 are two rankings
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on A, and 𝑅1 ≠ 0 or 𝑅2 ≠ 0.
They prove that the similarity degree defined in equation (2.1) is a proper
mathematical structure for computing the divergence between two partial rankings
provided by two decision makers. Since a smaller weight should be assigned to the
decision maker to give less importance to him/her when the divergence is
significantly large (or vice versa), they use equation (2.2) to calculate the weights of
decision makers.
𝑤𝑖 = ∑𝑛

1+𝑇𝑖

𝑗=1(1+𝑇𝑗 )

(2.2)

where 𝑤𝑖 is the relative weight of ith decision maker and 𝑇𝑖 = ∑𝑙𝑗=1 𝑠𝑖𝑚(𝑅𝑗 , 𝑅𝑖 ).
Lu et al. propose a similarity measure for a problem where decision makers provide
their preference as basic probability assignment (BPA) of evidence [56]. In this
study, they calculate the similarity of two decision makers by the following equation
(2.3) and (2.4), which measures the similarity of two BPAs.
𝑆𝑖𝑚(𝑚1 , 𝑚2 ) = 1 − 𝑑𝐵𝑃𝐴 (𝑚1 , 𝑚2 )

(2.3)

where
1

𝑑𝐵𝑃𝐴 (𝑚1 , 𝑚2 ) = √2 ( ⃗⃗⃗⃗⃗
𝑚1 − ⃗⃗⃗⃗⃗
𝑚2 )𝑇 D( ⃗⃗⃗⃗⃗
𝑚1 − ⃗⃗⃗⃗⃗
𝑚2 )

(2.4)

and 𝑚1 , 𝑚2 are the BPAs provided by different experts and D is a 2 x 2 matrix.
Using the same idea (larger weight should be assigned for larger similarity or vice
versa), they simply calculate the relative weight of ith decision makers by equation
(2.5).
𝑤𝑖 =

∑𝑛
𝑗=1,𝑗≠𝑖 𝑆𝑖𝑚(𝑚𝑖 ,𝑚𝑗 )
𝑆𝑖𝑚∗

(2.5)

where 𝑆𝑖𝑚∗ is the max { ∑𝑛𝑗=1,𝑗≠𝑖 𝑆𝑖𝑚(𝑚𝑖 , 𝑚𝑗 )}.
2.1.1.2 Similarity to solution based approaches
While similarity is calculated by pairwise comparison of decision makers’
evaluations in the first category, methods falling into the “similarity to solution based
approaches” category determine the weight of each decision maker by measuring
his/her distance to aggregated or collective decision (solution). Depending on the
data type, researchers utilize different distance measures such as Hamming,
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Manhattan, and Euclidean in order to obtain the relative closeness indices of each
decision maker to the solution.
In the weighting perspective, the decision maker who has the closest evaluation to
the collective decision gets the highest weight among the decision makers.
A straightforward example of this approach is provided by Yue [57]. A weight
determination method based on distance measure for interval-valued intuitionistic
fuzzy GDM is proposed. The ideal decision of the group is taken as the mean of
decision makers’ evaluations and calculated by equation (2.6).
𝑋 ∗ = (𝑋̃𝑖𝑗∗ )𝑚𝑥𝑛 =(([𝜇 𝑙∗ , 𝜇 𝑢∗ ], [𝑣 𝑙∗ , 𝑣 𝑢∗ ]))𝑚𝑥𝑛

(2.6)

where 𝐴 is the set of alternatives 𝐴 = {𝐴1 , 𝐴2 , … , 𝐴𝑚 }; 𝑈 is the set of attributes 𝑈 =
{𝑢1 , 𝑢2 , … , 𝑢𝑛 }; decision makers represent their preferences in an interval-valued
intuitionistic fuzzy number defined as ([𝜇 𝑙 , 𝜇 𝑢 ], [𝑣 𝑙 , 𝑣 𝑢 ]) and the ideal decision is the
average of all decision makers’ evaluation represented by ([𝜇 𝑙∗ , 𝜇 𝑢∗ ], [𝑣 𝑙∗ , 𝑣 𝑢∗ ]).
In the study, the similarity of decision the maker (i) to ideal solution is calculated by
the formula presented as equation (2.7).
𝑠𝑖𝑚(𝑋𝑖 , 𝑋 ∗ ) = ∑𝑚

𝑛
̃ 𝑘 ∗𝑐
∑𝑚
𝑖=1 ∑𝑗=1 𝑑(𝑋𝑖𝑗 ,𝑋𝑖𝑗 )

𝑛
∗𝑘 ∗𝑐
̃𝑘 ∗
𝑖=1 ∑𝑗=1(𝑑(𝑋𝑖𝑗 ,𝑋𝑖𝑗 )+𝑑(𝑋𝑖𝑗 ,𝑋𝑖𝑗 )

(2.7)

where 𝑑 is the distance measure for interval-valued intuitionistic fuzzy numbers.
Using the value of similarity of each decision maker to ideal solution 𝑠𝑖𝑚(𝑋𝑖 , 𝑋 ∗ ),
the individual weight of the ith decision maker (𝑤𝑖 ) is calculated by equation (2.8):
𝑤𝑖 =

𝑠𝑖𝑚(𝑋𝑖 ,𝑋 ∗ )
𝑙
∑𝑖=1 𝑠𝑖𝑚(𝑋𝑖 ,𝑋 ∗ )

(2.8)

Another similarity-based method for determining decision makers weights is the
projection method [58]. In this method, the similarity of decision makers to the ideal
or aggregated solution is obtained by the projection of each decision maker’s
preference to the group decision. The idea is illustrated in Figure 2.3. In this figure, 𝛼
represents the individual preference matrix and 𝛽 is the aggregated decision.
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Figure 2.3 : Projection of decision makers’ preferences to group decision [58].
Projection of individual decision (𝛼), on the aggregated decision (𝛽) is defined as
𝑃𝑟𝑗𝛽 (𝛼) and calculated by equation (2.9).
(𝑖)

𝑃𝑟𝑗𝛾 (𝑋𝑖 ) =

𝑛
∗
∑𝑚
𝑘=1 ∑𝑗=1(𝑋𝑘𝑗 ,𝑋𝑘𝑗 )
𝑛
∗ 2
√∑𝑚
𝑘=1 ∑𝑗=1(𝑋𝑘𝑗 )

(2.9)

(𝑖)

∗
where 𝑋𝑘𝑗
is the ideal decision of group and 𝑋𝑘𝑗 represents the preference matrix of

ith decision maker. The bigger the projection, the higher the weight which is assigned
to the decision maker. Therefore, the formula in equation (2.10) is used to find the
relative weights.
𝑤𝑖 = ∑𝑡

𝑃𝑟𝑗𝛾 (𝑋𝑖 )

𝑖=1 𝑃𝑟𝑗𝛾 (𝑋𝑖 )

(2.10)

2.2.2 Index-based approaches
The second group is named as an index-based approach. In this group, indices such
as consensus index and consistency index are used to determine the weights of
decision makers in GDM.
2.2.2.1 Consensus-based approaches
Consensus is generally defined as the full and unanimous agreement of all experts
regarding all possible alternatives. However, in a GDM environment, this definition
is unsuitable mainly because reaching a full and unanimous agreement is not always
possible and it only allows for two possible situations: existence or absence of
consensus [59]. Hence, a new concept of consensus, which is called as “soft”
consensus, is presented [60], [61]. In this concept, there are two ways for achieving a
higher degree of consensus: asking decision makers to discuss their preferences
and/or changing decision makers’ weights.
Therefore, in consensus-based approaches, weights are determined by the degree of
consensus. The main idea is to maximize the level of consensus by adjusting the
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weight of decision makers with the help of a feedback mechanism, which favors the
decision maker who has the higher contribution to overall degree of consensus. In
this approach, assigned weights may be dynamic during the process in order to get
the best or at least as high as a predefined threshold value of consensus level. Pang et
al propose a new method for the adaptive consensus process [62]. In this study,
first, the closeness is calculated based on the current experts’ weights, and then the
current optimal experts’ weights are determined by a nonlinear model given in
equation (2.11).
𝑡

max 𝐺𝐶𝐼

(𝑙)∗

=

𝑡
(𝑙)∗
(𝑙)∗
∑ 𝑤𝑘 ∑ 𝑤𝑘
𝑘=1
ℎ=1

𝑈𝐶 (𝑙) (𝑥𝑘 , 𝑥ℎ )

∗

∑𝑡ℎ=1 𝑤𝑘(𝑙) 𝑈𝐶 (𝑙) (𝑥𝑘 , 𝑥ℎ ) ≥ 𝐺𝐶𝐼 (𝑙) (𝑥𝑘 ), 𝑘 = 1, … , 𝑡
∗

{ ∑𝑡𝑘=1 𝑤𝑘(𝑙) = 1

𝑠. 𝑡.

(𝑙)∗
𝑤𝑘

> 0,

(2.11)

𝑘 = 1, … , 𝑡

∗

where 𝐺𝐶𝐼 (𝑙) is the optimal value of group consensus index after 𝑙 rounds, 𝑥 is the
set of decision makers, 𝑤𝑘 is the weight vector of kth decision maker, 𝑈𝐶 (𝑙) (𝑥𝑘 , 𝑥ℎ )
is the total closeness between kth and hth decision makers.
In further steps, the consensus indices are calculated between each decision maker
and the group, and the decision makers who need to reevaluate their assessments are
determined. This iteration is repeated until they reach the threshold value for
consensus degree or maximum iterative times. This approach also allows managing
non-cooperative behaviors in a group by giving small weights to non-cooperative
decision makers and higher weights to cooperative ones.
2.2.2.2 Consistency-based approaches
In several GDM problems, the decision makers evaluate unknown weights of criteria
or preference values of alternatives and it is expected that they would be consistent
while estimating these values. Unfortunately, decision makers cannot always provide
accurate judgments, and that leads to inconsistent evaluations of criteria or
alternatives. Therefore, consistency has always been an interesting subject for
researchers and there are some studies using consistency indexes of individual
decision makers against the group decision in order to determine the weights of
decision makers.
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For instance, Zhang and Xu defined two indexes, the group ranking consistency
(GRC) index and the group assessment consistency (GAC) index, which measure the
consistency between each individual decision and the ideal decision of the group
[63]. While GRC in equation (2.12) reflects the consistency degree in the rank of
decision information between individual decision and ideal decision, GAC in
equation (2.13) measures the magnitude of decision information.
∗≥
[𝐴𝑖 ]𝑘≥
𝑥 ∩[𝐴𝑖 ]𝑥

1

𝑗
𝐺𝑅𝐶𝑘∗ (𝑥𝑗 ) = 𝑚 ∑𝑚
𝑖=1 |[𝐴 ]𝑘≥ ∪[𝐴 ]∗≥ |
𝑗

𝑖 𝑥𝑗

(12)

𝑖 𝑥𝑗

where 𝐴 is the set of objects 𝐴 = {𝐴1 , 𝐴2 , … , 𝐴𝑚 } ; (𝑚 > 1), 𝑋 is the finite set of
attributes

𝑋 = {𝑥1 , 𝑥2 , … , 𝑥𝑗 } and [𝐴𝑖 ]𝑘≥ denotes the dominance class of the

alternative 𝐴𝑖 .
𝐺𝐴𝐶𝑘∗ (𝐴𝑖 , 𝑥𝑗 ) =

(∗)𝑐

∆𝑘

(𝐴𝑖 ,𝑥𝑗 )
(∗)𝑐

∆∗𝑘 (𝐴𝑖 , 𝑥𝑗 )+∆𝑘

(13)

(𝐴𝑖 ,𝑥𝑗 )

where ∆∗𝑘 (𝐴𝑖 , 𝑥𝑗 )defines the relative distance between assessment value of expert ek
and e* for alternative 𝐴𝑖 with respect to the attribute 𝑥𝑗 and * denotes the ideal
solution.
They utilize a bi-objective model equation (2.14), which maximizes both GRC and
GAC simultaneously with respect to each expert’s ranking and the magnitude of
decision information in order to find the relative weights of the decision makers.
𝜃(

1

∑𝑝 ∑𝑛 ∑𝑚 𝜆 𝜔
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∗≥
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𝑋 ∩[𝐴𝑖 ]𝑋 |
𝑗

𝑗
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|[𝐴𝑖 ]𝑘≥
𝑋𝑗 ∪[𝐴𝑖 ]𝑋𝑗 |
(∗)𝑐
∆𝑘 (𝐴𝑖 ,𝑥𝑗 )
𝑗 ∗
(∗)𝑐
∆𝑘 (𝐴𝑖 , 𝑥𝑗 )+∆𝑘 (𝐴𝑖 ,𝑥𝑗 )

(1 − 𝜃) (𝑚 ∑𝑝𝑘=1 ∑𝑛𝑗=1 ∑𝑚
𝑖=1 𝜆𝑘 𝜔

(14)
)
}

where 0 < 𝜃 < 1 is a parameter which tunes the importance of GRC and GAC
depending on the problem at hand. Here, all variables are known in advance except
for the 𝜆𝑘 , which shows the relative weight of kth decision maker.
2.2.3 Clustering-based approaches
Some studies in the literature utilize clustering in order to find the relative weights of
decision makers, especially when the group size is large. For instance, Liu et al,
propose a two layer (decision maker layer and cluster layer) weight determination
method for complex multi-attribute large GDM (CMALGDM) in a linguistic
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environment as seen in Figure 2.4 [64]. The method chosen depends on the idea that
decision makers in the same cluster must have optimum weights in order to
maximize the level of agreement in the cluster. Additionally, different clusters should
have different weights so that they have more impact on the final solution if they
have more useful information.

Figure 2.4 : Graphic abstract of the two-layer expert weights determination method
[64].
As provided in Figure 2.4, for the decision maker layer (first layer), the minimized
variance model was used to obtain the cluster weights, and for the second layer
(cluster layer), the entropy weights model was utilized in order to obtain decision
makers’ weights. However, they do not provide a clustering method, and assume that
the decision makers are already classified.
2.2.4 Integrated approaches
In recent years, there has been a growing recognition of the benefits obtained from
integrating several approaches for solving GDM problems. A similar trend can also
be seen in deriving decision makers’ weights.
For instance, two approaches were used by Qi et al [65]. In the first part of the study
a model to calculate the similarity degree of an individual to the ideal solution was
developed. In the second part, another model based on the generalized cross-entropy
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measure was formed from the perspective of similarity degree between individual
decision matrices. These weights were simply integrated by a parameter, which
reflects the attitudinal characteristics of decision organizations.
In another study Liu and Li, subjective weight assignments were integrated with the
relative importance of the decision makers in order to adjust the decision makers’
subjective weights [66]. Based on these values, a plant growth simulation algorithm
was implemented to find the generalized Fermat–Torricelli point of every point set
(individual preferences), which represented the coordinates of preference of group as
a whole. To find the similarity indexes of decision makers, a similarity-based
objective approach was used. Subsequently, both subjective and objective weights
were integrated to find the final weights of decision makers.
2.2.5 Other approaches
There are some other studies in the related literature that do not belong to any
category provided in previous subsections. For instance; Bodily used Markov
Chain’s theory for finding the weights of individuals in a GDM environment, where
decision makers influence the final decision not only by their own weights but also
by their ability to get higher weights from other decision makers [67].
Another novel approach is presented by He et al, in which the entropy weighting
technique was used to determine the weights of decision makers [68]. A single
weight vector, which is the closest vector to aggregated decision vector, is obtained
by minimum cross-entropy method.
In another interesting study, Cooke et al. represent two approaches, namely, social
network weighting and likelihood weighting [69]. These two techniques were
compared and the researchers concluded that the statistical accuracy of the social
network weighting is disappointingly low even though it gives better results than
equal weighting. Therefore, it is emphasized that social network weighting does not
offer an alternative to the performance-based combination of expert judgments.
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2.3 Method and Literature Review
2.3.1 Method
In this section, a literature review of objective methods is presented. In this review,
we examined journal articles, conference proceedings papers, book chapters and
books pertaining to determine decision makers’ weights. The research is carried out
with the systematic literature review method. In order not to miss any related article
and to cover all aspects of the subject, snowballing approach is also included. The
main source for the articles is the Web of Science database (Core Collection- Science
Citation Index Expanded, Social Sciences Citation Index, Conference Proceedings
Citation Index, Book Citation Index etc.), which is a major multidisciplinary journal
article database of Thomson Reuters Web of Knowledge.
The review of the articles was systematically conducted as follows:
•

“Decision Maker Weight” and “Expert Weight” keywords are searched in the
title, abstract, keywords and keywords plus sections.

•

“Decision Maker” and “Expert” keywords are searched in the same sections
(the title, abstract, keywords and keywords plus), but this time with limited
Web of Science categories such as “Management”, “Operations Research
Management Science”, “Engineering Industrial” and other related categories.

Our analysis of the Web of Science database covers a time span of 47 years, from
1970 to December 2017. Since we ended up with thousands of articles, we examined
them first by title, then by abstract if needed and related articles were collected as a
full text. In order not to miss any related article and to cover all aspects of the
subject, references and citations of these articles were also looked through for further
valuable literature. In addition to the Web of Science database, the Scopus database,
ScienceDirect database, Google Scholar academic search engine and Research Gate
website were explored.
As a result of all searches, we ended up with thousands of articles. To identify the
papers that were just related to the determination of decision makers’ weights, we
filtered them first by title, then by abstract. Finally, we identified 119 papers
published since 1977. However, when the full-text papers of the 119 papers were
reviewed, it was observed that only 55 of them were related to the decision makers’
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weights, while the remaining were related to criteria weighting. Therefore, we
continued with those 55 papers.
The 55 studies were analyzed with respect to the following criteria:
•

Journal Name

•

Publishing year

•

Methodology (based on the classification developed in Section 3)

•

Static/Dynamic method

•

Data type

•

Numerical Example

•

Method Itself or Part of a Method

To give an idea of how the studies were evaluated, the classification of the selected 9
studies are provided here as an example in Table 2.1. Five of them are among the top
cited ones, which have 100 or more citations, and remaining four of them have the
highest average of citation per year (more than 15 citations per year).
In the following subsections, the results of the literature review are summarized.
2.3.2 Classification by methodology
Figure 2.5 presents the distribution of the studies with respect to the classification
system proposed in Section 3. It is clear that the majority (42%) of the studies fall
into the similarity-based approaches, while index-based approaches take 26%,
clustering-based and integrated methods take only 11% and 9%, respectively. When
the subgroups are taken into account, 29% of the studies use the similarity to
solution-based approaches, 13% of the studies use the similarity approach among
decision makers, and both consensus and consistency-based approaches take the 13%
of the studies. Details of the studies are presented in the following subsections.
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Figure 2.5 : Classification of the studies based on the methodologies.
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Table 2.1 : Classification of the selected studies.
Selection
Criteria

Title of the Study

Journal/Proceeding
Name

Publishing
Year

TNC*

ANC**

Methodology

Static or
Dynamic
(Method)

Data
Type

Numerical
Example

Method
Itself or
Part of a
Method

TNC>100

Combining Expert Judgments: A Bayesian
Approach
Linguistic-Labels Aggregation and
Consensus Measure for Autocratic
Decision Making Using Group
Recommendations
An Extended TOPSIS for Determining
Weights of Decision Makers with Interval
Numbers
A Method for Group Decision-Making
Based on Determining Weights of Decision
Makers Using TOPSIS
A New Consensus Model for Group
Decision Making Problems with NonHomogeneous Experts

Management Science

1977

393

9.6

Static

Other

Illustrative

IEEE Transactions on
Systems, Man, and
Cybernetics

2006

238

19.8

Other
Approaches
ConsensusBased

Static

Linguistic

Illustrative

Part of a
Method
Part of a
Method

Knowledge-Based
Systems

2011

209

29.9

Similarity to
Solution

Static

interval
numbers

Illustrative

Itself

Applied Mathematical
Modeling

2011

159

22.7

Similarity to
Solution

Static

Crisp

Illustrative

Itself

IEEE Transactions on
Systems, Man, and
Cybernetics

2014

148

37.0

Similarity
among decision
makers

Dynamic

Fuzzy

Illustrative

Part of a
Method

Decision Support
Systems

2016

58

29.0

ConsensusBased

Static

Other

Illustrative

Itself

IEEE Transactions on
Fuzzy Systems

2014

90

22.5

ClusteringBased

Static

Crisp

Real-Life

Part of a
Method

Management Science

2014

73

18.3

Static

Crisp

Real-Life

Itself

Computers & Industrial
Engineering

2015

49

16.3

Similarity to
Solution
Integrated

Static

Fuzzy

Illustrative

Part of a
Method

ANC >15

Integrating Experts' Weights Generated
Dynamically into the Consensus Reaching
Process and Its Applications in Managing
Non-cooperative Behaviors
A Consensus Model to Detect and Manage
Noncooperative Behaviors in Large-Scale
Group Decision Making
Identifying Expertise and Using It to
Extract the Wisdom of the Crowds
Generalized Cross-entropy Based Group
Decision Making with Unknown Expert
and Attribute Weights Under Intervalvalued Intuitionistic Fuzzy Environment
* TNC: Total number of citations (in Google Scholar)
** ANC: Average number of citations per year
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2.3.2.1 Studies based on similarity
Similarity among evaluations of decision makers
As already mentioned in previous section, studies using similarity measures assign a
higher weight to the decision maker if he or she has a higher degree of similarity
with other decision makers in the group. In GDM literature, researchers use different
measures to find the similarity among decision makers.
For instance, Lu et al. presented a method based on calculating the evidence
similarity of decision makers in order to find the objective weights of decision
makers [56]. In order to calculate the evidence similarity, they introduced the
evidence distance, which shows the similarity of evaluation given by two decision
makers. In a similar study, Wang et al. measured the similarity or difference among
decision makers’ judgments by using the similarity degree of each pair of dominance
granular structures which show the mutual relations of the ordinal rankings [55]. In
another study, van den Honert determined group members’ weights using the
multiplicative AHP and SMART (together form the REMBRANDT system), which
uses the pairwise comparison of decision makers and direct rating respectively [70].
In their study, Olcer and Odabasi determined the relative importance of each decision
maker by comparing their preference (in the form of trapezoidal fuzzy numbers) with
the most important person’s preference using the method introduced by Chen and
Lin [7], [71]. In a recent study, Wan et al. calculated confidence degrees depending
on the similarities of decision makers and used this value in order to find the relative
weights [72]. In a similar study, Deng et al. measured the Jousselme distance of
evidences between two belief structures and used these distances in order to find the
similarity and support degrees (weight) of each belief structure [46].
Unlike the most studies provided above, Mianabadi and Afshar utilized both the
subjective (weight assigned directly to a decision maker by a manager) and objective
method (weight calculated by the similarity of decision makers’ evaluation) [10].
They integrate these two weights by two predetermined parameters, which imply the
influence of subjective and objective weights on the final weight. Another novel
approach is proposed by Pérez and Herrera-Viedma [73]. The authors presented a
model which includes a new feedback mechanism that calculates the amount of
advice with respect to decision makers’ importance level (weight). In this study,
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objective weights of decision makers were obtained by the similarity of decision
makers.
Studies based on the similarity to solution
While studies in the first group assigned weight to a decision maker with respect to
his or her similarity to other decision makers, methods in this group assign weight to
a decision maker by his or her similarity to the ideal or aggregated solution. The
rationale is very similar to the well-known TOPSIS method, in which the decision
maker with the closest evaluation to PIS and farthest evaluation from NIS gets the
higher weight.
One of the earliest examples of this group is provided by Garcia-Lapresta [74]. The
author measured the contribution of a decision maker to the aggregated solution in
order to assign a weight. This study differs from other studies because the method
expels a decision maker from the group if he or she contributes negatively to the
solution. Therefore, in this method, weights of decision makers need to be calculated
in each step dynamically, if at least one decision maker is expelled from the group.
The author presents a similar study in his study [75]. Another comprehensive study is
introduced by Yue [76]. In this study, Yue used the extended TOPSIS method where
PIS is accepted as the average of group preferences. NIS consists of two parts called
left and right values, which are the minimum and maximum values of the group
decision. Yue, in his studies [77], [78]; defines NIS as the maximum separation from
PIS, while PIS is defined as the average of group decision. Different from his
previous study [76], preferences of decision makers are provided in interval numbers
and the distance of each decision maker from PIS and NIS is calculated by Euclidean
distance. He also applies the same idea to another type of data, in which decision
makers express their preferences by interval-valued intuitionistic fuzzy numbers
[57]. The same author defines PIS and NIS as a matrix in his study and compares the
results to the previous study of Lin et al. [79], [80]. In a recent study, Yang et al.
derived PIS and NIS from a rough group decision matrix and used these values in
order to obtain the relative closeness of each decision maker [81]. Jiang and Wang
utilized the same approach to find the weights of decision makers [82]. A distance
measure is also introduced to find the similarity between two interval intuitionistic
trapezoidal fuzzy matrixes.
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Other than using methods like TOPSIS, researchers use approaches such as
projection and cosine methods to measure the similarity of a decision maker to an
ideal or aggregated solution in order to determine the relative weights of decision
makers. Using the projection method for deriving decision makers’ weight was first
introduced by Yue in his studies

and details are provided in Section 2.3 and

Figure 2.3 [58], [83]. However, Yang and Du proved that the projection method itself
is not sufficient to measure the similarity of a decision maker to the solution, since
the projection of two different vectors on vector can be the same even if their
magnitude is different [3]. Therefore, the projection method and angle cosine method
should be used together in order to measure the similarity of decision makers’
evaluation to the ideal solution.
In addition to the studies provided above, there are other studies in which different
similarity measures are used. For instance, Hai-feng and Yi used the grey correlation
degree to measure the similarity between decision makers and group decision in
order to assign the initial weights of decision makers [84]. Since the aggregated
decision changes in relation to the deviation in weight, they implemented 2-Norm
Minkowski (dynamic approach) to derive the steady weights and final solution.
Another dynamic approach was introduced by Tao et al. [49]. They utilized a group
decision error matrix to find the deviations of all decision makers with given initial
weighting vector and in order to reduce the sum of decision error, an iterative
algorithm is considered. A similar study was proposed by Zhang et al [85]. The
authors established a nonlinear optimization model that minimizes the deviation
between group solution and individual decision maker evaluation. Budescu and Chen
also introduced a model that assesses the decision makers’ performance using a
contribution measure which is based on the comparison of individual judgment to
the aggregated solution [86].
2.3.2.2 Index-based approaches
Methods using consensus degree
There are two ways to achieve a higher degree of consensus: ask decision makers to
discuss their preferences and/or change decision makers’ weights [87]. Therefore,
studies provided in this section derive decision makers’ weights based on their
degree of consensus. The rationale of this method depends on increasing the
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consensus level by adjusting the weight of decision makers with the help of a
feedback mechanism, which supports the decision makers who have a higher
contribution to group consensus degree.
For instance, Xu and Chai established a nonlinear optimization model (reduced to a
goal programming model) and developed a genetic algorithm in order to find the
optimal weights which minimize the group discordance and maximize consensus
values [9]. Ben-Arieh and Chen also proposed a method which updates the initial
weights of decision makers (Equal weights) with respect to the consensus level [88].
The introduced algorithm checks the group consensus level in each iteration and
changes the weights in the favor of a higher consensus level. Dong et al. introduced a
consensus reaching process for groups with non-cooperative decision makers [89]. In
this method, decision makers’ weights are generated dynamically and integrated into
the process by a self-management mechanism (optimization model), which is based
on multi-attribute mutual evaluation matrices. Another consensus reaching process
was proposed by Quesada et al. [90].

In this study, the authors calculated a

cooperation coefficient for each expert and computed the cooperation degree based
on this value. Uniform aggregation operators are then utilized in order to observe the
behavior of each decision maker during the consensus reaching process. Pang et al.
also focused on the consensus problem with uncertain linguistic information and
proposed an adaptive method for decision makers’ weights as earlier mentioned in
Section 3 [62].
On the other hand, in some studies in the related literature, researchers used both
strategies to reach a higher consensus level. For instance, Fu et al. proposed a two
layer algorithm [87]. In the first layer, decision makers are asked to change their
assessment in order to reach a consensus on solution. If the predefined consensus
level is not reached after two consecutive rounds, an optimization algorithm then
adjusts the weights of the decision makers so as to approach to an acceptable
consensus level. Pan and Zhang introduced an algorithm which utilizes initial
decision makers’ subjective weights and attribute weights [91]. In each step, a
consensus level is calculated. Decision makers are requested to change their
preference matrix or decision maker with the smallest weight can be removed from
the group and new weights can be assigned in order to obtain a better consensus
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level. However, the authors did not provide an example to illustrate the feasibility of
their proposed algorithm.
Methods using consistency degree
One of the objectives of utilizing a GDM method is to reach a consistent result with
highly reliable decision makers’ opinions through the negotiation and aggregation of
decision-makers [92]. Therefore, some studies in the literature use consistency
indexes of individual decision makers against the group decision in order to
determine their relative weights.
For instance, Liu et al. developed a method to optimize the consistency level of
black-start GDM result by modifying the initial weights of decision makers, which is
initially obtained by AHP and using the entropy weight method [92]. Zhang and Xu
defined two indices, which are the group ranking consistency (GRC) index and the
group assessment consistency (GAC) index [63]. As already mentioned in Section 3,
they apply a bi-objective model, which maximizes GRC and GAC simultaneously
with respect to the ranking and the magnitude of decision information in order to find
the relative weights of decision makers.
Shanteau et al. argued that only people who can distinguish between similar but not
precisely equal alternatives and repeat their choice consistently could be considered
as an expert [93]. They also developed the CWS index to measure the consistency of
a decision maker. Depending on that definition, Herowati et al. utilized the CWS
index to determine the expertise level of decision makers and used CWS index
values to obtain their relative weights [94], [95]. In a recent study, Chen et al.
constructed a collective consistency matrix for fuzzy preference relation given by
each decision maker and calculated the consistency degree of each decision maker to
derive their relative importance weights [96]. A recent and novel approach was
provided by Blagojevic et al. [97]. Similar to the study of Zhang and Xu, the authors
developed a method to derive the relative weight of decision makers with respect to
the three group consistency measures: geometric cardinal consensus index (GCCI),
group minimum violation coefficient (GMV) and ordinal consensus measure (OCM)
[63]. It should also be mentioned that the method has the ability to punish outliers
who have less expertise than the other group members and biases their preferences
which could push the central tendency towards their own preferences. Another
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straightforward method was proposed by Toloie-Eshlaghy and Farokhi [98]. The
authors used the number of iterations needed to reach a consistent solution in order to
derive the weights of decision makers. In using this method, the lower the number of
iterations for convergence, the higher the weight of a decision maker.
2.3.2.3 Studies based on clustering
Although it is not as common as other methods, the clustering-based approach is also
used for determining decision makers’ weights in a GDM environment especially
when the group size is large. Using this approach, decision makers are divided into
several groups with respect to their similarity of preferences, which provides for
simplicity, ease of calculation and accuracy in the aggregation procedure [66].
Chen named this type of problem the complex multi attribute large GDM
(CMALGDM) problem and explained its characteristics as follows: (a) the group
size is relatively large (more than 20 decision makers); (b) the decision makers can
evaluate the alternatives in different locations and at different times via internetbased systems; (c) the decision attributes tend to be complex; and (d) in addition to
the complexity of the decision making problem, the decision makers themselves are
also complex [99].
Liu et al, proposed a two layer (decision maker layer and cluster layer) weight
determination method for complex multi-attribute large GDM (CMALGDM) in a
linguistic environment [64]. Details of the approach are given in Section 3. In a
recent study, Palomares et al. presented a consensus-based method for a problem
with a large group of decision makers in which there might be some decision makers
who present non-cooperative behaviors during the consensus-building process [100].
The fuzzy clustering-based scheme is used to identify decision makers with noncooperative behaviors and a weight penalizing method is suggested to reduce their
weights correspondingly. In another study, Zhu and Di used a grey correlation
clustering method to cluster the decision makers and the weights of decision makers
in each subgroup are obtained by the weight trial calculation [101]. In a recent study,
Rodriguez et al. also deal with the large scale GDM and present a new consensus
reaching process [102]. They apply a clustering process to calculate the weights of
decision makers’ sub-groups that takes into account sub-groups’ size and cohesion.

28

Apart from other studies provided above, the proposed model in this study is
implemented and integrated in a decision support system.
2.3.2.4 Studies using integrated methods
As mentioned previously in Section 3, there are an increasing number of studies that
integrate more than one approach in order to derive decision makers’ weights in a
GDM.
For instance, Qi et al proposed a model to calculate the degree of similarity between
an individual and the ideal solution [65]. In the same study, a generalized crossentropy measure was proposed to find the similarity degree between individual
decision matrices. These weights are simply integrated by a parameter, which reflects
the attitudinal characteristics of decision organizations. Subjective weights and
objective weights were also integrated in Liu and Li [66]. An ideal matrix, which is
calculated to find the objective weights of decision makers, is determined by a plant
growth simulation algorithm and analyzing the similarity degree between each
decision maker’s evaluations. Jabeur et al used the arithmetic mean of subjective and
objective weights in order to get the final weights of decision makers [103]. Simos's
method (revised by Roy and Figueira [104]) is used to find the subjective weights
which are determined by other decision makers evaluation on the specific decision
maker [105]. On the other hand, objective weights are obtained using priority rules
that enable them to distinguish between decision makers who have an idea on
alternative x and alternative y, and decision makers who do not have any ideas about
these alternatives.
In a recent study, Yi and Hai-feng first determined the weights of decision makers
using grey correlation coefficients between the group aggregated decision and
individual decisions, and they obtained an aggregated solution using these initial
weights [106]. In the second part, new weights of attributes were calculated through
the use of entropy theory and they acquired a new decision result. In the final part,
decision makers’ weights were adjusted by comparing the initial solution to new
acquired solution until the deviation was smaller than the predefined threshold.
2.3.2.5 Other studies
In Section 3, we present examples, which do not belong to the aforementioned
groups, and were therefore grouped as ‘other studies’ [67-69]. In addition to the
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methods provided in these studies, Bulut et al. simply used the duration (in years) in
professional career of each decision maker and normalized them to find the relative
weights of decision makers [107]. Yue used the entropy measure of each decision
maker to determine the relative weight. In this approach, lower the entropy measure,
higher the weight is [108].
There are some studies that utilize GDM methods themselves in order to determine
the weights of decision makers. For instance, Aly and Vrana used fuzzy-AHP, in
which knowledge, experience and relevance are the criteria for evaluating the
importance of decision makers [109]. In this study, the alternatives to be selected are
the decision makers, and the output of the fuzzy-AHP is accepted to be the weights
of decision makers instead of ranking of alternatives (i.e. decision makers).
2.3.3 Analysis of the literature
In this subsection, for the purpose of possibility acquiring useful inferences, the
following studies are analyzed based on the classification criteria.
2.3.3.1 Trend of the studies
Figure 2.6a shows the increasing trend in studies focusing on Multi Attribute GDM
with a noticeable increase in the number of studies particularly after the year 2006.
The number of the studies increases to 256 in 2016 with the tenfold increase
compared to the numbers in 2006 (from 26 to 256) [17]. A similar increasing trend
can be observed in the number of studies about the determination of decision makers’
weights in Figure 2.6b. Even though our database search covers a time span of 47
years, from 1970 to 2017, only 3 studies were conducted before 2006. A dramatic
increase can be seen after 2011, with 76.4% (42 out of 55) of the surveyed studies
conducted between 2011 and 2017, which supports the idea that researchers have
been paying more attention to that subject over the last few years. Our analysis also
shows that researchers are paying more attention to the clustering-based approaches
in the recent years since the large scale GDM problem becomes an attractive research
field as the number of applications in this area grows. Five (out of six) clusteringbased studies are presented after 2014.
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Figure 2.6a : Distribution of GDM studies between 2006 and 2016 [17].
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Figure 2.6b : Distribution of studies related to the determination of the decision
makers’ weight between 2006 and 2017.
2.3.3.2 Source of studies
When the studies are analyzed according to the journals and conference proceedings
they are published in, “Information Fusion” is found to have had the highest number
of articles as seen in Table 2.2. “Applied Mathematical Modeling”, “Applied Soft
Computing”, “Expert Systems with Applications”, “IEEE Transactions on Systems,
Man, and Cybernetics”, International Conference on Modeling Decisions for
Artificial Intelligence”, “Computers & Industrial Engineering”, “Group Decision and
Negotiation”, “Knowledge-Based Systems” and “Management Science” each
published 2 or more studies. On the other hand, 52.8% (29 out of 55) of the studies
were published in 29 different journals and proceedings, which means that the
diversity of application areas of the studies is very high.
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Table 2.2 : Frequency distribution of the studies by journals and proceedings.
Journal / Proceedings Name

Frequency

Information Fusion
Applied Mathematical Modeling
Applied Soft Computing
Expert Systems with Applications
IEEE Transactions on Systems, Man, and
Cybernetics
Computers & Industrial Engineering
International Conference on
Modeling Decisions for Artificial Intelligence
Group Decision and Negotiation
Knowledge-Based Systems
Management Science
Other Journals and Proceedings

5
3
3
3
2

Frequency
(%)
9.1
5.5
5.5
5.5
3.6

2
2

3.6
3.6

2
2
2
29

3.6
3.6
3.6
52.8

2.3.3.3 Data type
Analysis shows that, researchers prefer to use crisp or fuzzy numbers for the majority
of the studies (62%). Even though, decision makers in a group may need to provide
their preferences in various data format even for the same GDM problem, our
analysis shows that, for most of the studies in literature, proposed methods are not
capable of working with different data format simultaneously. Figure 2.7 represents
the distribution of data types.
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Number of Studies

16
14
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Figure 2.7 : Classification of the studies based on the data type.
2.3.3.4 Weight alteration
Upon examination of the related literature in terms of the alteration of the weights
through the GDM process, methods were grouped into two classes: those with static
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weights and those with dynamic weights. In the first group, weights stay stable for
the entire process; in the second group, they may vary according to the objective of
the problem (e.g. higher consensus level). In addition to that, there may be a need for
assigning different weights depending on the expertise of decision makers on the
specific criteria. However, in literature, almost all of the methods assign only one
weight to each decision maker regardless of his/her expertise. On the other hand,
alteration of the decision makers’ weights must be analyzed carefully since they
directly affect the final solution and lead to incorrect and erroneous results that
cannot be compensated. One of the simplest ways of controlling the alteration of
weights is sensitivity analysis. However, as it is provided as a future research
direction in the following section, none of the studies provide a sensitivity analysis
on decision makers’ weight. When the complexity of these two classes is considered,
calculations through the GDM process in dynamic weighting are more complicated
than the static weighting. Therefore, more the dynamic weighting methods are
developed; necessity for a decision support system will increase. Figure 2.8 shows
the percentages of both of the methods for the analyzed studies. In the vast majority
of the studies (82%), weights of the decision makers did not alter through the GDM
process.
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Figure 2.8 : Classification of the methods in terms of the weight alteration.
2.3.3.5 The application type
In the vast majority of the studies (83%), the authors provided an illustrative example
to demonstrate the proposed method as shown in Figure 2.9. In only 11% of the
studies, they apply the method to a real-life problem. In 6% of the studies,
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researchers did not opt to give a numerical example; instead, they only explained the

Number of Studies

theoretical background of the proposed method.
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Figure 2.9 : Classification of the studies based on the application type.
2.3.4 Results of literature review
According to our literature review that covers fifty-five papers, the following
conclusions were derived:
Increase in related studies in the last few years: Even though our database search
covers a time span of 47 years, from 1970 to 2017, only 3 studies were conducted
before 2006 as seen in Figure 2.6b. A dramatic increase occurred after 2011, and
76.4% of the research was presented between 2011 and 2017, which supports the
idea that researchers have been paying more attention to that subject over the past
few years. Besides, interest in clustering-based approaches grows in the recent years
since the large scale GDM problem becomes an attractive research field. Five (out of
six) clustering-based studies are presented after 2014.
Frequency distribution of the studies by journals and proceedings: “Information
Fusion” was found to have the highest number of articles when the studies were
analyzed according to the journals and conference proceedings that they were
published in. On the other hand, 52.8% of the research was published in 29 different
journals and proceedings, which means that diversity of application areas of the
studies is very high. Frequency distribution of the studies by journals and
proceedings are presented in Table 2.2. Classification of the studies based on the
methodologies: It was found that a high percentage (42%) of the studies fell into the
similarity-based approaches, whereas index-based approaches took 26%, clusteringbased and integrated methods took only 11% and 9% of the studies, respectively.
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When the subgroups were also considered, 29% of the studies utilize the similarity to
solution based approaches and 13% of the studies use the similarity among decision
makers. Both the consensus and consistency-based approaches take the 13% of the
studies. Figure 2.5 presents the classification of the studies based on the
methodologies.
Classification of the studies based on the data type: According to our analysis, the
majority of the studies (62%) used crisp or fuzzy numbers in their proposed methods.
In addition to these data types, the researchers also preferred interval values,
linguistic and ranking. The classifications of the studies based on the data type are
presented in Figure 2.7.
Classification of the methods in terms of the weight alteration: In the vast majority of
the studies (82%), weights of the decision makers did not change (i.e. were static)
through the GDM process. Only in 18% of the studies were dynamic weighting
methods proposed. However, it is expected that the ratio of dynamic weighting
methods gets higher with the increase in index-based methods that require the
alteration of decision makers’ weights intrinsically.
Classification of the studies based on the application type: In 84% of the studies,
researchers provided an illustrative example to demonstrate the proposed method.
However, only 11% of the studies applied the method on a real-life problem. The
remaining studies did not provide any numerical examples.
2.4 Conclusion
Decision-making is a process to find the most appropriate alternative or alternatives
from the set of feasible alternatives with respect to pre-defined criteria. Making
rational and applicable decisions mostly depends on the quality of this process.
Especially, the application of objective methods rather than intuitive methods helps
to make the right decisions and manage any challenges, including the challenge in
weight determination, successfully.
Since the complexity of the socio-economic environment increases, it becomes
harder for a single decision maker to deal with all the relevant features of a problem
[2]. Therefore, many decision-making problems in the real world have to take place
in a group environment in which a group of decision makers take part [6]. In GDM,
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to have a homogeneous team formed by homogeneous decision makers whose
experiences, thoughts, and knowledge are equal or similar is not always possible.
However, in most of the GDM methods in the literature the decision makers are
assumed to have equal weights. This may cause incorrect and erroneous solutions in
the information fusion process. Consequently, in order to reflect the importance or
perceived reliability of decision makers in the information fusion process and avoid
this situation, a specific weight must be assigned to each decision maker. As a result,
determining the decision makers’ weight presents as a new challenge.
In GDM literature, there are limited number of studies about the determination of
decision makers’ weights and, in addition to that, there is no comprehensive
literature review or classification method for these studies. Therefore, in this study,
we aimed to review the literature to present the state-of-the-art in all known objective
methods in order to help decision makers and researchers to deepen their
understanding in that area. In addition to that, a new classification system was also
proposed.
According to our classification system classification system, methods are divided
into four different approaches: “similarity-based”, “index-based”, “clustering-based”
and “integrated” methods. A class of “other approaches” that do not fall into the four
types was also included. While “similarity-based” approaches were grouped into two
subgroups, which are “similarity to solution” and “similarity among decision
makers”, “consensus-based” and “consistency-based” methods are the two subgroups
of “index-based” approaches.
This classification system can help academicians or practitioner to decide on which
method to use for calculating the objective weights of decision makers in a GDM
problem or objective weights of data sources. As mentioned in the introduction
section, the use of objective weights is not limited to GDM problems. In information
fusion processes, while aggregating information from different data sources, an
appropriate weighting method is needed. Therefore, in such situations, the proposed
classification system can serve as a guide in the process of method choice.
The proposed classification system can also serve the researchers on developing a
new method for determining objective weights. As given in Section 2.3, we briefly
underlined the properties of the methods in each class and give examples of the
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methods. According to the characteristic of the problem on hand, an appropriate
method to find the objective weights can be selected based on the proposed
classification system.
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3. A COMBINED METHOD FOR DERIVING DECISION MAKERS’
WEIGHTS IN GROUP DECISION MAKING: AN APPLICATION IN
MEDICAL DECISION MAKING2
In literature, the techniques for deriving the decision makers’ weights are grouped
into three classes; the subjective techniques, the objective techniques and the
combination of these two [18], [19]. In subjective techniques, a supervisor, who
evaluates the decision makers, assigns weights to each of them depending on his or
her assessment about the decision makers or, these weights are obtained by mutual
evaluations of each decision maker, which may be accepted as a more democratic
way than the first one. On the other side, in objective methods, researchers use
numerical methods to determine the weights of decision makers. All the data in hand
are used in objective methods and it is aiming to be more objective in all aspects
when compared to subjective methods. In combined method, these two weights are
integrated into one weight, which reflects the effects of both objective and subjective
weights.
Kabak and Ervural state that only in 41% of selected studies, weights of experts are
taken into account [17]. It is also stated that, in most of the studies, subjective
methods are used. On the other hand, even though it is not as popular as criteria
weighting methods, there are some studies that utilize the objective methods in order
to determine the weights of decision makers. For instance, Wang et al. measure the
similarity degrees of two partial rankings given by two decision makers and use this
measure to find the relative weights of decision makers [55]. In this study, larger
weight is assigned to a decision maker with more similarity to other decision makers.
In a similar study, Yue finds the distance measure of each decision maker to

This chapter is based on the book chapter “Koksalmis E., Hancerliogullari Koksalmis G. and Kabak
O. (2019) A Combined Method for Deriving Decision Makers’ Weights in Group Decision Making
Environment: An Application in Medical Decision Making. In: Calisir F., Cevikcan E., Camgoz
Akdag H. (Eds.) Industrial Engineering in the Big Data Era. Lecture Notes in Management and
Industrial Engineering. (1st ed., Vol. 1, pp.503-513) Springer, DOI: 10.1007/978-3-030-03317-0_41”
2
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aggregated solution in interval-valued intuitionistic fuzzy GDM [57]. Pang et al. use
a technique depending on the consensus value to find the weights of decision makers
[62]. In their study, authors develop a mathematical model to maximize the
consensus degree, by altering the weights of decision makers. In a similar study,
instead of using the consensus value, Zhang and Xu use two different consistency
indexes [63]. Liu et al. utilize a two level (experts and cluster level) method to find
the weights of decision makers in complex multi attribute large GDM problem in a
linguistic environment where there are more than 20 decision makers [64].
In above literature and other related studies in GDM, decision makers chose to
express their preferences using different preference formats such as crisp value (real
numbers), interval numbers, fuzzy sets (e.g. hesitant fuzzy sets, Type-2 fuzzy sets,
intuitionistic fuzzy sets etc.), rankings, linguistics and other data types. However,
most of the approaches in the literature are independent from the data format.
Even though decision making problem can occur in many different real life
circumstances including economics, education, military, medical sciences and
logistics, the concentration on multi-criteria decision making in healthcare industry is
quite new. The methodologies implemented in medical and health care decision
making analysis are provided in the literature [110]. Among these, most of them
prefer using AHP in health care and medical decision making analysis, specifically,
evaluation and selection of medical treatments and therapies, for organ transplant
eligibility and allocation decisions [111-113]. Our study provides a case study on a
medical decision making, specifically, selection of a suitable anesthesia method to
apply in the surgery is a multi-criteria decision making which involves conflicting
criteria and several alternatives, to illustrate how the combined relative weights of
decision makers (doctors or experts) are derived.
We will apply the Analytic Hierarchy Process (AHP) based method in order to derive
the relative weights of decision makers depending on the geometric cardinal
consensus index (GCCI), and we will combine it with the subjective weights of
decision makers provided by a supervisor. Information about the method is provided
in the following section. For the details of the approach, readers can refer to the study
proposed by Blagojevic et al. [97].
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3.1 Methodology
In this section, before introducing the basis of the weight determination method
provided by Blagojevic et al., we provide some information about AHP and GCCI,
which is a well-known consensus index of AHP that is used in the proposed
approach [97].
3.1.1 AHP and geometric consistency index
AHP requires a problem that can be represented as a hierarchy. In this hierarchy, the
main goal of the problem should be placed at the top (Level 1), while alternatives
(Level 3) are placed at the bottom as presented in Figure 3.1.

Goal

Criterion 1

Alternative 1

Criterion 2

Criterion n

.

Alternative 2

...

Alternative m

Figure 3.1 : Hierarchy of the problem.
Here, main goal is the overall objective of the problem that must be satisfied by more
than one criterion (Level 2). In AHP, preferences of decision makers among the
alternatives and criteria are determined by pairwise comparison with respect to the
scale in Table 3.1 provided by Saaty [18].
As it can be easily seen on Table 3.1, if two elements are considered to have equal
importance and contributes same to the upper level, a value of “1” is given to the
related element (aij) of the following matrix A. In the same manner, a value of “9” is
given if one has extreme importance in pairwise comparison.
𝑎11
A=[ ⋮
𝑎𝑛1

⋯
⋱
⋯

𝑎1𝑛
⋮ ]
𝑎𝑛𝑛

The constructed matrix must be symmetric and reciprocal, which means all elements
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of the matrix must be greater than “0”, aij = 1/aji and all main diagonal elements must
be “1”. Saaty also proves that, for this matrix, the eigenvector method, which is
based on squaring and normalization of row sums, can be used to derive the required
priority vector, for both consistent and inconsistent evaluation of the decision maker
[18].
Table 3.1 : Importance scale proposed by Saaty [18].
Intensity of
importance

Definition

1

Equal importance

3

Moderate importance

5

Strong importance

7

Very strong or demonstrated
importance

9

Extreme importance

However, there are some other prioritization methods used in literature [combining
different prioritization methods in AHP synthesis] including least squares method
(LSM) proposed by Crawford and Cindy [114]. In this study, it is suggested that the
priorities can be calculated by the following non-linear mathematical model
[equation (3.1) and (3.2)]:
min ∑𝑛𝑖=1 ∑𝑛𝑖<𝑗(ln 𝑎𝑖𝑗 − (ln 𝑤𝑖 − ln 𝑤𝑗 ))2

(3.1)

𝑤𝑖 > 0, ∑𝑛𝑖=1 𝑤𝑖 = 1, 𝑖 = 1, … , 𝑛.

(3.2)

𝑤

subject to:

They also prove that the solution of the model is equal to the geometric means of the
rows of matrix A and simply can be calculated by the following equation (3.3).
𝑛

𝑤𝑖 =

√∏𝑛
𝑗=1 𝑎𝑖𝑗
𝑛

𝑛
∑𝑛
𝑖=1( √∏𝑗=1 𝑎𝑖𝑗 )

(3.3)

In this study, we use LSM based index like the study of Blagojevic, mainly because,
while eigenvector method produces different group priority vector for both AIJ
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(Aggregation of individual judgments-group acts like a unit) and AIP (Aggregation
of individual priorities- group acts separately), LSM produces same group priority
vector in both situations [97], [115].
After finding the final decision by aggregation procedures, the consistency index
must be measured to check the consistency of the preferences. In literature, there are
several consistency measures for AHP. One of the comprehensive studies about the
subject is proposed by Aguaron and Moreno-Jiménez [116]. They have developed
the geometric consistency index (GCI) in equation (3.4) in order to measure
individual consistency:
2

𝐺𝐶𝐼(𝐴) = (𝑛−1)(𝑛−2) ∑𝑛𝑖<𝑗(ln 𝑎𝑖𝑗 − ln 𝑤𝑖 + ln 𝑤𝑗 )2

(3.4)

Matrix A can be called as fully consistent if GCI (A) is equal to 0. It is acceptable
inconsistent if GCI (A) < 0.31 for n=3 and GCI (A) < 0.35 for n=4. For larger n
values, GCI must be less than 0.37.
In literature, consensus indexes including the GCCI, are computed by measuring the
distance of decision makers’ preference matrix to group aggregated preference
matrix [117,118]. For AHP, using the idea behind GCI, GCCI is developed by Dong
et al. and provided in equation (3.5) [119].
2

(𝑘)

(𝑔)

(𝑔)

𝐺𝐶𝐶𝐼(𝐴(𝑘) ) = (𝑛−1)(𝑛−2) ∑𝑛𝑖<𝑗 𝑖,𝑗=1(ln (𝑎𝚤𝑗 ) − ln(𝑤𝑖 ) + ln(𝑤𝑗 ))2

(3.5)

Since the GCCI is derived from GCI, LSM method must be used for prioritization in
AHP in order to calculate the GCCI, as it is provided by Blagojevic [97]. Here, it can
be stated that a decision maker is totally in cardinal consensus if he/she has a value
of 0 for the GCCI, and cardinal consensus for a decision maker decreases when the
GCCI value increases.
3.1.2 A method for deriving combined weights
As already mentioned in previous sub-section, in order to find the GCCI, LSM
prioritization method must be applied to obtain the decision makers’ priority vectors
from the preference matrices of each decision maker. Therefore, in the first step,
LSM must be applied to each decision maker’ preference matrix.
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In second step, these preference matrices must be aggregated into group decision and
aggregated priority vector must be determined. As in the first stage, aggregated
priority vector must be obtained by using LSM.
By using the equation (3.5), GCCI for each decision maker must be computed in the
third step.
In the fourth step, objective weight of each decision maker will be computed by the
following equation (3.6) as it is proposed by Blagojevic et al. [97]. Since cardinal
consensus for a decision maker decreases when the GCCI value increases,
reciprocals of GCCI values will be used in order to find the objective weight of kth
decision maker (wok ).
wok =

(GCCIk )−1
k −1
∑d
k=1(GCCI )

(3.6)

In the last step, decision makers’ objective weights wok are integrated with the
subjective weights wsk provided by a supervisor with a predefined proportion of α in
order to obtain the final combined weights wck , using equation (3.7).
wck = α(wok ) + (1 − α)(wsk )

(3.7)

3.2 An Illustrative Example
There are several approaches to handle multi-criteria problems in the literature. A
variety of decision making approaches and tools are available to support health care
and medical decision making. Hancerliogullari et al. study preferences of surgeons
for anesthesia method selection, which is the first in the literature, where multicriteria decision making tools, fuzzy Analytic Hierarchy Process and fuzzy
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), are used to
evaluate the anesthesia methods for a surgery [4]. Nevertheless, the objective and
subjective weights of the decision makers were not taken into account in that study.
Therefore, in order to show the application of the proposed method, we provide an
example in medical decision making. Medical doctors face with different alternatives
while selecting an appropriate anesthesia method to apply in the surgical procedures.
The decision is complex since there are several factors affecting the operations. The
alternatives of anesthesia methods performed include general anesthesia, local
anesthesia and sedation. Selection of a suitable anesthesia method and deciding the
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appropriate method is a real concern since an inappropriate method may threaten
patients’ lives and lead to loss of resources and time.
In this study, we provide an illustrative example to derive the combined relative
weights of three decision makers (DM1, DM2, DM3), specifically three medical
doctors, depending on the GCCI and subjective weights provided by a supervisor.
The alternatives of anesthesia methods, general anesthesia (A1), local anesthesia
(A2) and sedation (A3), are determined by the decision makers. We assume that
inconsistency of decision makers is greater than 0.31 since n=3. Other calculations
are expressed in the following steps below:
Step 1. Preference matrices of decision makers are provided in Table 3.2. Decision
makers’ priority vectors from the preference matrix of each decision maker is
calculated by LSM method (geometric means of the rows of matrix) formulation
provided in equation (3.3).
Table 3.2 : The preference matrices of each decision maker with priority vectors.
DM
A1
A2
A3
A1
A2
A3
A1
A2
A3

DM1

DM2

DM3

A1
1
1/3
1/5
1
1/5
1/3
1
1/3
1/3

A2
3
1
1/3
5
1
1/5
3
1
1

A3
5
3
1
3
5
1
3
1
1

LSM
0.63
0.26
0.11
0.63
0.26
0.11
0.64
0.21
0.15

Step 2. Preference matrix of each decision maker given in Step 1 must be aggregated
into group decision and aggregated priority vector must be determined. The
aggregated priority vector must be obtained by using LSM. Since we do not assign a
weight to decision makers at the beginning, we assume that they are equally
important. Therefore, in this step, we use subjective weights while aggregating the
decision makers’ preference matrix; Table 3.3 summarizes the group priority vector
values for each alternative.
Table 3.3 : Group priority vector.

Aggregated-LSM

A1

A2

A3

0.63

0.25

0.12
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Step 3. By using the equation (3.5), geometric cardinal consensus index for each
decision maker is computed in the third step, and the results are provided in Table
3.4.
Step 4. Objective weight of each decision maker is computed by using the equation
(3.6), and the results are shown in Table 3.4.
Step 5. Decision makers’ objective weights wok are integrated with the subjective
weights wsk provided by a supervisor and combined weights wck are calculated, using
equation (3.7). The values of the combined weights are provided in Table 3.4. Here,
α, which shows the proportion of the impact of subjective and objective weights, is
taken 0.6. Subjective weights are assumed to be equal, 0.33 for each decision maker.
Table 3.4 : GCCI, objective, subjective and combined weights
for each decision maker.
GCCI
Objective Weights (Wok)
Subjective Weights (Wsk)
Combined Weights (Wck)

DM1
0.17
0.58
0.33
0.48

DM2
1.56
0.07
0.33
0.17

DM3
0.29
0.35
0.33
0.34

After having found the combined weights for each decision makers, we determine
the best alternative by using the Table 3.2, which is the preference matrices of each
decision maker with priority vectors and apply the weighted product method. When
weighted product method is used, weights become exponents associated with each
attribute value. This method requires that all ratings to be greater than 1 due to
exponent property. Otherwise, when an attribute has fractional ratings, as in this
study, all ratings in that attribute are multiplies by 10m to meet the following
requirement, given in equation (3.8). By applying the given formula, the order of the
alternatives is determined, as given in Table 3.5. As a result, A1, general anesthesia,
is determined to be the anesthesia method based on the decision makers’ preferences
and combined weights calculated by these preferences.
𝑉𝑖 = ∏𝑗(𝑥𝑖𝑗 )𝑤𝑗

(3.8)

Table 3.5 : Order of the alternatives.
Weighted product
method

A1
4.23
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A2
1.73

A3
1.32

3.3 Conclusion
The primary objective of the decision makers is to make the best decision among set
of different alternatives. The complexity of the situation grows as multiple decision
makers involve in decision making process. Since each decision maker may have
different background and perspective, their approaches might be different from each
other on a same problem, which is specifically called GDM problem in the literature,
and more comprehensive techniques are needed. Such decision making problems
take place in several occasions; especially military operations, medical sciences,
economics, etc. Here, the primary problem is to determine how much a decision
maker should contribute to the final solution (i.e., weight of each decision maker).
In literature, the techniques for deriving the decision makers’ weights are grouped
into three classes; the subjective techniques, the objective techniques and the
combination of these two. The main aim of this study is to propose a combined
method to determine decision makers’ weights in decision making environment. The
contribution of this study is twofold. First, the suggested method integrates the AHP
based methodology depending on the geometric cardinal consensus index proposed
by Blagojevic et al. and the subjective weights of decision makers provided by a
supervisor [97]. Second, an application in a medical decision making is provided; the
methodology is used to derive the pediatric surgeons’ weights for the first time. We
derive the combined relative weights of the medical doctors who face with different
alternatives while selecting an appropriate anesthesia method among 3 alternatives,
general anesthesia, local anesthesia and sedation, to apply in the surgical procedures.
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4. A SENSOR FUSION BASED ON DEMPSTER-SHAFER THEORY OF
EVIDENCE USING A LARGE SCALE GROUP DECISION MAKING
APPROACH3
When decision makers do not share similar levels of expertise, background, or
knowledge, it is better to assign weights to the decision makers reflecting their
importance or perceived reliability. At that point, deriving the weights of decision
makers presents as a new challenge. Koksalmis and Kabak presents the objective
methods for deriving the weights of decision makers in the GDM problem [120].
As an extension of the conventional GDM, the large scale group decision making
(LSGDM), where more than 20 decision makers is involved in decision making
process, faces the same problem [64]. Since the number of weights that must be
assigned is increased by the number of decision makers, it is obvious that, for
LSGDM, the objective methods are more reasonable than the subjective methods,
where each weight of decision maker is assigned by a supervisor or mutual
evaluations of each other. However, there is scare literature on LSGDM and studies
on weights determination in LSGDM can be counted on the fingers of two hands
[64,100,102].
Another important class of problem in GDM is decision making under uncertainty
(DMUU). In the decision making problem, decision makers are aware of the set of
possible choices that can result, however, they do not know the most proper
alternative regarding the predefined criteria [121]. Therefore, no matter which
decision making approach (objective or subjective) they use, they have to analyze the
given information and try to make the best decision that they can. Since the estimates
and expectations of the decision makers strongly affect their choices, they have to
contend with uncertainty in every step of decision making process [122]. On the

This chapter is based on the paper “Koksalmis, E., and Kabak, Ö., Sensor Fusion Based on
Dempster-Shafer Theory of Evidence Using a Large Scale Group Decision Making
Approach. International Journal of Intelligent Systems, 2020, 1-37. DOI: 10.1002/int.22237”
3
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other hand, the given information about the problem by itself has also uncertainty
and modeling and representation of uncertain information is also an important task in
decision making.
According to Koksalmis and Kabak, above mentioned problems which are
encountered in GDM environment, are also faced in the sensor fusion or data fusion
problem where information from multiple sources must be aggregated [120]. The
only difference here is that the sources or sensors, which may vary in specifications
and features, are replaced by the decision makers whose knowledge, experience and
background vary.
Information fusion is the exploration of effective automatic or semi-automatic
strategies to turn information from different sources and different periods of time
into a representation that presents effective support for the decision makers or
autonomous decision-making [123]. However, in the literature, sensor fusion, data
fusion and information fusion are frequently used interchangeably. In sensor fusion,
similar to the data fusion, main purpose is to obtain more accurate, improved and
qualified data about the target object or situation with the help of a sensor system
which consists of two sensors at least.
According to Xiao, using single sensor is not enough for a preferable and accurate
decision making outcome due to the complexity of the target objects [124].
Therefore, multiple sensors are needed. In addition to that, the undesirable situations
such as the data communication problems, sensor failures, bad weather conditions,
unreliable or even incorrect data can be gathered from the sensor fusion which also
enforces the use of multiple sensor fusion. It is stated that the anti-noise, reliability
and the accuracy performance of multiple sensor fusion is better than the single
sensor for the classification problem [12]. Along with all these benefits, transferred
data size and bandwidth demand can be significantly reduced, collisions may be
avoided and energy can be saved when information is fused in sensors and the fused
data are transferred to data center, instead of raw data [12], [125].
On the other hand, there are many problem areas associated with the sensor fusion.
For instance, in sensor fusion, information is always random, inaccurate, imprecise
and non-homogeneous. Consequently, uncertainty is encountered as the first problem
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area. In sensor fusion, uncertainty in the data arises in different circumstances (e.g.,
occlusions, weather, technical limitations) [126]. Therefore, the developed methods
for sensor fusion need to cope with uncertainty of data in order to attain satisfactory
fusion outcome. Furthermore, these methods must provide reasonable results when
there are conflicts among sensor data [127]. However, in literature, how to model,
represent and manage the uncertainty in data are still an open area [1].
Reliability of the sensors is another common issue in sensor fusion problem mainly
because information is not only uncertain but also unreliable in real-world. However
when the literature is examined, existing studies address uncertainty of information
more than reliability [128]. Conversely, the performance of the fusion process is
extremely determined by the performance of the sensors and unfortunately sensor
data are naturally unreliable and uncertain because of the technical factors and noise
[129]. Especially for heterogeneous sensors, it is irrational to assume that sensors
have same reliability level. Consequently, considering only the uncertainty or
reliability in fusing process is not sufficient and can cause erroneous solutions.
Therefore, both of them should be taken into the consideration in the proposed
methods. Related literature about uncertainty and reliability in sensor fusion is
presented in the following section.
Even though it is mentioned above that multiple sensors are needed for a preferable
and an accurate outcome, increasing the number of sensors causes some difficulties
for the sensor fusion process. First of all, the probability of getting a conflicting data
increases with the increase of number of sensors. The conflicting data may result in
counter-intuitive conclusion which attracted the interest of researchers for years
[130]. Another problem comes with the multiple sensors is the difficulty in the
distinction of the sensors’ reliability [131]. Since the reliability of each sensor is
included in sensor fusion process, increasing the number of sensors adds
computational complexity and costs to the system.
In this study, a LSGDM approach to sensor fusion is proposed where raw data in the
form of sensor readings are received and divided into two sets: training and test data.
The training data are used to model the basic probability assignments (BPAs)
determination process. The reliabilities of sensors are checked in terms of two
different reliability measures, and the low-reliability sensors are determined. In the
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second part, low-reliability sensors are eliminated from the test data by an exit
mechanism. The remaining test data are put into their corresponding models and
BPAs of sensors are calculated. Since the number of sensors is more than twenty,
sensors are clustered to calculate the relative objective weights/discounting factors
easily and to assign the subjective weights properly. Sensors’ BPAs are combined for
each cluster using the Demspter’s rule for combination [132]. The objective weight
of each cluster, which depends on number of sensors in clusters, similarity of
combined clusters’ BPAs and the average reliability of the sensors in the clusters, is
calculated. Clusters’ objective weights are combined with the subjective weights
which are assigned by a single supervisor or supervisors in order to find the
combined weights of the clusters. Finally, the weighted BPA of each cluster is
obtained and fused to find the final fusion result.
As aforementioned above, there is scare literature on the LSGDM and, to the authors'
best knowledge, none of them studies the LSGDM for the sensor fusion. Since the
proposed method is a clustering based method, it provides acceptable results in the
sensor networks consisting of multiple sensors. It can work under uncertainty as a
result of converting the raw data obtained from sensors to the BPAs. This conversion
also benefits the system in terms of energy consumption and bandwidth because,
instead of raw data, BPAs are transferred to fusion centers and processed [12].
Subsequently, it is considered that the exit mechanism on sensors, which takes the
reliability of sensors into the account, reduces the risk of having conflicting data that
may result in counter-intuitive conclusion. Assigning the objective and the subjective
weights to sensor clusters, instead of each sensor, provides ease of application and
calculation. The validity and the accuracy of the proposed method is demonstrated by
experiments using the Ionosphere [133] and forest type mapping [134] data set.
4.1 Literature Review
A lot of problems in engineering and management can be represented as a classical
GDM problem when at least two stakeholders are involved [135]. Therefore various
GDM methods, such as Analytic Hierarchy Process (AHP) [136], Technique for
Order Preference by Similarity to an Ideal Solution (TOPSIS) [137], ELimination
and Choice Expressing the REality (ELECTRE) [138,139] and Preference Ranking
Organization METHod for Enrichment Evaluations (PROMETHEE) [140], are
52

developed and presented in literature to address these problems.
From the perspective of multiple sensor decision making; statistical method [141],
empirical reasoning [142], voting method [143], Bayesian inference [144], and
adaptive neural network [145] are introduced as the pioneering methods. However, it
is stated that the first three of them are too straightforward to obtain a reliable
decision making solution and Bayesian inference requires prior distributions as
inputs. While it has better performance on sensor fusion, adaptive neural network
approach is not well accepted in real-world applications due its computational
difficulty [146].
The decision making problems are traditionally characterized and modeled by
decision matrices where crisp numbers are used as the elements of the matrix.
Consequently, even though the further analysis such as sensitivity analysis can be
implemented, they are not capable of presenting the uncertainty, such as ignorance,
that the model has [147]. Hence, in recent years, more and more attention has been
paid to DMUU and it becomes one of the most important and interesting research
field in the decision making. According to the studies [127], [148], [149]; the
uncertainty is also a major problem in sensor fusion and mathematical tools such as
probability theory [150], fuzzy sets theory [151], Dempster–Shafer evidence theory
(also known as evidence theory or theory of belief functions) are introduced [132],
[152], [153].
In the probability theory, there are essentially two limitations [154]. Firstly, the
probability theory is not capable of representing the ignorance properly and it cannot
discriminate the ignorance from randomness [155]. Secondly, in probability theory,
the probabilities of all states must be summed to one, which means an increase in one
state probability reinforces a decrease on the other states. The same conclusion can
be drawn when the Bayesian Theory and Demspter-Shafer evidence theory are
compared. Even though both of them assign weights to the postulated states of the
system being measured, Dempster-Shafer method can represent the ignorance better
and it does not need the preliminary information about how often a state will occur
[156]. In Bayesian Theory, the probability of a state is a defined number that show
how often a status will occur when the experiment is repeated a large number of
times. However, in Demspter-Shafer Theory, the states are represented by the masses
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which show the belief or the knowledge of us after measurement. While in the
Bayesian Theory, a probability can be assigned to the state “unknown” when there is
no clear winner, Dempster-Shafer Theory requires to include the “unknown” state
since it can be the state of our knowledge [157]. Braun compare the information
fusion performance of the Dempster–Shafer and Bayesian Theories by a Monte Carlo
simulations [158]. In this experiment, while the Dempster–Shafer Theory
successfully distinguish a maximum of 2100 in the 2500 instances, the Bayesian
approach achieves a maximum of 1700.
As a key approach in information fusion, the Dempster-Shafer theory is broadly
applied to several well-known problems such as fault diagnosis, classification, risk
analysis, process engineering, quality control, decision support and electronic
commerce [159], [160].
However, there are still some open subjects in Dempster-Shafer Theory that need
further studies. For instance, one of the important problems in Demspter-Shafer
Theory is the generation of BPAs. Deng et al. propose a BPA construction method
which is based on the confusion matrix for classification problem [161]. It takes both
the precision rate and the recall rate of each class into account to generate the
corresponding BPAs. In another study, Zhang and Deng address the BPA generation
problem under the assumption of an open world [162]. They generate triangular
fuzzy numbers with the help of mean value, standard deviation and extreme values
and use these fuzzy number to assign BPA to each attribute. The details of this study
are provided in section 4.
In addition to the BPA generation methods, researchers are pondering for decades in
order to prevent the counter-intuitive combination results and two major conclusions
are drawn about this subject [163]. One group of researchers support that the
counter-intuitive results rises due to the Dempster’s combination rule. Therefore,
alternative combination rules, such as the Yager’s combination rule [164], Smets’
combination rule [165], Dubois and Prade combination rule [166] and proportional
conflict redistribution rule (PCR5) [167] are developed.
However, these new combination rules destruct some good properties of DempsterShafer Theory such as the commutativity and the associativity. Moreover, they
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cannot avoid the counter-intuitive results if it is caused by the sensor failure.
Therefore, as a second group, a great number of researchers deal with pre-processing
of BPAs to overcome the counter-intuitive combination results. For instance, Yuan et
al. develop a method to address the conflict among the sensor data under uncertainty
[168]. They combine the evidence distance and Deng entropy to measure the conflict
degree and uncertain information, respectively [169]. In an earlier study, Zhang et al.
investigates the distance-based evidence conflicts, presents concept of vector space,
and develops cosine theorem-based method to detect and state conflicting data [170].
One of the distinguished and remarkable studies is Murphy’s simple average
approach [171]. In this method, evidences are first modified and then combined.
Later, this method is improved by Yong et al. as the weighted average approach
[172].
The discounting factor is commonly used to modify the BPAs before fusion in order
to preprocessing the conflict evidence [163]. In this approach, researchers mostly use
the evidence distance to identify the similarity/dissimilarity among evidences. For
instance, Liu et al. develop a new similarity metric that combines the probabilisticbased distances with the degree of conflict [173]. A global optimization model based
on the new similarity metric is proposed to find the discounting factors of BPAs. It is
proved that the new method provides more precise and reasonable discounting
factors. In a recent study, Xiao develop a new divergence measure and the credibility
of degree for each evidence is calculated to obtain the reliability [124]. Finally, using
the belief entropy, the relative importance of the evidences is determined and the
evidences are updated with respect to the relative importance before applying the
Dempster’s combination rule.
The distance (i.e. dissimilarity) measures play an important role in deriving the
relative weights (i.e. relative importance) of the evidences. Jousselme’s distance
[174],

probabilistic

distance

based

on

Minkowski's

distance

[173]

and

Bhattacharyya's distance [175] are some of the well-known distance measures that
are used to find the dissimilarity of the evidences. It is not straightforward to identify
a well-adapted distance metric, therefore great number of studies about the distance
measures are provided in the literature. While Jousselme summarizes the details of
some distinguished methods on distance metrics, brief information about Jousselme’s
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distance is provided in the following section [176].
4.2 The Dempster–Shafer Theory of Evidence
The Dempster–Shafer Theory of Evidence, as an uncertainty reasoning method, is
introduced by Dempster and later developed by Shafer [132], [152]. While Dempster
and Shafer have practically the same idea, they use different semantics in the
development of the theory. Since, Dempster is more into the probabilistic framework
of the theory, he uses the term “upper probability” and “lower probability”, which
are referred as “belief” and “plausibility” [177].
The main problem in Dempster-Shafer theory is to determine the belief structures of
the elements which corresponds to the classical probability model [152]. Therefore,
Dempster and Shafer utilize the Jakob Bernoulli’s idea of non-additive probabilities.
In the literature, the theory is accepted as the general form of the classical probability
theory [178]. It is regarded as one of the most essential frameworks for modeling and
fusing the pieces of evidence from multiple sources which may have imperfection
and conflict. Different from the classical probability theory, it requires less prior
information about the problem [179]. Moreover, it also takes the unions of objects
into the account by assigning belief degree not only to single object but also to the
unions. It also satisfies a number of interesting mathematical properties, such as
commutativity and associativity. Because of these advantages, Dempster–Shafer
theory of evidence is widely applied in various fields of information fusion [124].
4.2.1 Formulation of dempster-shafer theory of evidence
Assume Θ={X1 , X2 … XN } is a nonempty finite set of mutually exclusive alternatives.
Here, Θ is called as the frame of discernment or the universe of discourse [180]. The
power set of Θ, represented as 2Θ, is composed of 2N elements and follows in
equation (4.1);
2Θ = {

∅ , {𝑋1 }, {𝑋2 } … {𝑋𝑁 }, {𝑋1 , 𝑋2 } ,
}
… , {𝑋1 , 𝑋2 , … , 𝑋𝑖 } , … , Θ

(4.1)

The mapping m is defined as a mapping from the power set 2Θ to the interval [0, 1],
which is shown as 2Θ → [0,1], and it is called as a mass function. The mass function
satisfies the following conditions in equation (4.2):
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𝑚(∅) = 0,

(4.2)

∑𝐴⊆Θ 𝑚(𝐴)=1
where m(A) shows the strength of each of belief support for the proposition A in the
frame of discernment, and; ∅ denotes the empty set of Θ. A is called as the focal
element, if m(A) > 0.
The equation 𝑚(∅) = 0 assumes that all the classes are exhaustive (closed world).
However, in order to work in an open world, we can define the belief function in
equation (4.3).
𝑚(∅) ≥ 0

(4.3)

In addition to that, if it is desired to change an open world to a closed world, an
element, which

is considered as a garbage class, can be added to frame of

discernment [181].
A basic probability assignment (BPA) or basic belief assignment (BBA) is
represented by the focal sets and their associated mass value in equation (4.4)
(ℜ, 𝑚) = {⟨𝐴, 𝑚(𝐴)⟩ ∶ 𝐴 ∈ 2𝛩 , 𝑚(𝐴) > 0}

(4.4)

where ℜ is a subset of the power set 2Θ, and 𝐴 ∈ ℜ has an associated nonzero mass
value m(A).
The belief function Bel(A) and plausibility function Pl(A) from a basic probability
assignment are defined as equations (4.5) and (4.6)
𝐵𝑒𝑙(𝐴) = ∑𝐵⊆𝐴 𝑚(𝐵)

(4.5)

𝑃𝑙(𝐴) = ∑𝐵∩𝐴≠∅ 𝑚(𝐵)

(4.6)

Where the Bel(A) measures the total amount of probability that must be distributed
amongst the elements of A, and the Pl(A) measures the maximal amount of
probability that can be distributed among the elements in A. Here, instead of
knowing how the probabilities are allocated to each element via probability mass
function, we only know that a certain amount of probability mass is distributed to the
subsets via the basic probability assignment function. Therefore, it is not possible to
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calculate the probabilities P(A), but instead two measures Bel(A) and Pl(A),
corresponds to lower and upper bound on the unknown P(A), can be utilized [180].
Within this theory, information fusion relies on the use of a combination rule
allowing the pieces of evidence to be combined. In this context, Dempster’s
combination rule plays a central role, since it verifies a number of interesting
mathematical properties, such as commutativity and associativity [152]. Two
independent mass functions defined on the same frame of discernment, denoted as
m1 and m2, can be combined with Dempster’s combination rule as equation (4.7)
1

𝑚(𝐶) = (𝑚1 ⊕ 𝑚2 )(𝐶) = 1−𝑘 ∑𝐴∩𝐵=𝐶 𝑚1 (𝐴)𝑚2 (𝐵)

(4.7)

Here, k is named as the conflict coefficient that measures the degree of conflict
between 𝑚1 and 𝑚2 and it is defined as equation (4.8)
𝑘 = ∑𝐴∩𝐵=∅ 𝑚1 (𝐴)𝑚2 (𝐵)

(4.8)

The combination must usually be followed by a decision making process [181]. In
Dempster-Shafer theory, there are two major types of decision-making approaches
under the evidence theory framework: directly using belief functions and using
probability transformations of belief functions [182], [183].
4.3 Proposed Method
In this study, a new LSGDM method is proposed for the sensor fusion. The
framework of the method is provided in Figure 4.1. The proposed method
consists of six main steps. The short descriptions of the steps are given below
and the details of these steps are explained in the forthcoming subsections.
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Figure 4.1 : The framework of the proposed LSGDM method.
The first step is the model construction step. In this step, the raw data in the form of
sensor readings are received and divided into two sets (training and test data) by 5fold cross validation. While 80% (1/5) of the input data are assigned to the training
set, the remaining 20% (1/5) of the data are assigned to the testing set. Here, the
training data are used to obtain the sensors’ models that are required in BPA
construction process.
In the second step, the reliabilities of sensors are checked in terms of two reliability
measures, and the low-reliability sensors are eliminated from the test data by an exit
mechanism.
In step 3, BPAs of each sensor are calculated. To do that, the intersection of the
triangular fuzzy model, which is generated in the first step, and the vertical curve of
test data are calculated by putting the test values into the corresponding triangular
fuzzy model. These BPAs are combined by Demspter’s rule for combination in order
to find the initial classification result [132].
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Since the number of sensors is predicted to be more than twenty, it is an LSGDM
problem. As a part of the LSGDM approach in this study, in step 4, the sensors are
clustered into groups in order to calculate the objective weights easily and to assign
the subjective weights properly. In this step, sensors’ BPAs are combined for each
cluster using the Demspter’s rule for combination in order to measure the
improvement.
In step 5, the objective weight of each cluster, which depends on number of sensors
in clusters, similarity of combined clusters’ BPAs and the average reliability of the
sensors in the clusters, is calculated. Clusters’ objective weights are combined with
the subjective weights which are assigned by a single supervisor or supervisors in
order to find the combined weights of the clusters.
In the last step, the weighted aggregated BPA of each cluster is obtained and fused to
determine the final fusion result. The details of these steps are explained in the
following subsections.
4.3.1 Model generation and BPA construction for training data
The BPA construction is the key step in Dempster-Shafer theory of evidence.
Therefore, this step is well-studied in the literature. In our study, a recent BPA
construction method, which is developed by Zhang and Deng is implemented due to
the following advantages [162]:
• While most of studies in literature deal with the closed world situations, the
systems are not in a completely closed world (all the classes are exhaustive) in the
reality. The proposed method presents an original approach to the problem of BPA
determination in the open world. Besides that, it is adaptable both in the closed and
open world.
• The proposed method is easy to apply, practicable, useful and provides
reasonable results.
• The uncertainty of subjectivity in BPA construction process is reduced due to
the data-driven approach.
•

Since the method depends on the fuzzy triangular numbers, it requires fewer

prior data and it is easy to apply to many engineering problems including the
classification and sensor fusion which are the subject of our study.
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The flow chart of the BPA construction method is shown in Figure 4.2. The method
has two primary parts which run with the training and test sample, respectively. In
the first part, for each class, the statistical parameters of training sample, such as
mean (μ) and standard deviation (σ), are calculated by using equations (4.9) and
(4.10).
𝜇𝑖𝑗 =
1

1
𝑀𝑖

𝑖
∑𝑀
𝑘=1 𝑋𝑘𝑖𝑗

𝑀

𝑖
𝜎𝑖𝑗 = √𝑀 −1 ∑𝑘=1
(𝑋𝑘𝑖𝑗 − 𝜇𝑖𝑗 )2
𝑖

(4.9)

(4.10)

Where, 𝑀𝑖 is the number of instances in the training sample and 𝑋𝑘𝑖𝑗 is the kth sample
data of class i and sensor j. In addition to the mean and standard deviation, the upper
(𝑢𝑖𝑗 ) and the lower (𝑙𝑖𝑗 ) values of the training sample, which are the extension of
maximum and minimum values by the standard deviation, are also taken into account
to represent the model. The extension formulas are presented in equations (4.11) and
(4.12), where p is a constant between 0 and 1.

Figure 4.2 : Flow chart of BPA construction method [158].
𝑢𝑖𝑗 = 𝑀𝑎𝑥𝑖𝑗 + 𝑝 ∗ 𝜎𝑖𝑗

(4.11)

𝑙𝑖𝑗 = 𝑀𝑎𝑥𝑖𝑗 − 𝑝 ∗ 𝜎𝑖𝑗

(4.12)

Finally, the model, which is a triangular fuzzy number, is obtained by the equation
(4.13) and illustrated in Figure 4.3.
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0, 𝑥 < 𝑙𝑖𝑗
𝑥−𝑙𝑖𝑗
𝜇𝑖𝑗 −𝑙𝑖𝑗
𝑢𝑖𝑗 −𝑥

𝑓(𝑥) =

𝑢𝑖𝑗 −𝜇𝑖𝑗

{

, 𝑙𝑖𝑗 ≤ 𝑥 ≤ 𝜇𝑖𝑗
, 𝜇𝑖𝑗 ≤ 𝑥 ≤ 𝑢𝑖𝑗

(4.13)

0, 𝑥 > 𝑢𝑖𝑗

Figure 4.3 : A sketch map of the model.
In the second part of the method, in order to construct the BPAs, the intersection of
the triangular fuzzy model and the vertical curve of training value are calculated by
putting the training values into the corresponding triangular fuzzy model. Details are
provided in the following steps.
Step 1. For each sensor j (j = 1, 2, … , n), intersection of corresponding triangular
fuzzy model Ci and the vertical curve of training value are calculated. Here, there are
maximum of i intersections, where i is the number of classes in the problem. The
vertical coordinates of the intersections are presented as yi (i=1, 2, … , i).
Step 2. The vertical intersection values (vi) are sorted in descending order.
Step 3. The masses to the focal elements are assigned as follows in equation (4.14)
and the illustration of the step is presented in Figure 4.4.
y({C1})=v1
y({C1,C2})=v2
y({C1,C2,C3})=v3
...
y({C1,C2,C3,. . . ,Ci}) = y(Θ) = vi
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(4.14)

Figure 4.4 : Assignment of masses to focal elements [162].
Step 4. Normalize the masses of the focal elements. Here, there are two possibilities
about the sum of the masses of the focal elements S0 (S0 =∑𝑖𝑘=1 𝑣𝑘 ) [162].
If S0 < 1 then the frame of discernment is incomplete. There exists the uncertainty
which arises from the lack of knowledge. In this situation, a certain value is added to
the empty set to indicate that test sample is likely to be an unknown class (open
world). Normalization procedure is provided in equation (4.15).
m({C1})=v1
m({C1,C2})=v2
m({C1,C2,C3})=v3

(4.15)

...
m(Ø)=1-S0
On the other hand, if S0 ≥1 then frame of discernment is complete, and equation
(4.16) is applied to obtain the normalized masses of the focal elements. In this case,
it is redundant to assign a mass to the unknown class (closed world).
m({C1})=v1/ S0
m({C1,C2})=v2/ S0
m({C1,C2,C3})=v3/ S0
…
m(Ø)=0
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(4.16)

4.3.2 Reliability check and the exit mechanism
Most of the real life information is not only uncertain but also unreliable. Therefore,
it is required to check the reliability of the sensors to make accurate decisions. In this
study, after the models for BPA construction are generated, the reliability of the
sensors is measured and the sensors with low reliability are excluded from the data.
The reliability of the sensors is evaluated by two approaches.
In the first approach, the classification accuracy of each sensor is taken into
consideration. For this purpose, sensors standalone classification decision is
compared with the true class. In order to find the sensor decision; the focal element,
which has the maximum normalized basic probability assignment (constructed in the
first step), is selected. Consequently, the classification accuracy of a sensor bases on
the number of class correctly classified and is calculated by the equation (4.17).
𝑡𝑖

𝐴𝑗𝑖 = 𝑇𝑗

(4.17)

𝑖

where 𝐴𝑗𝑖 is the classification accuracy of jth sensor for class i, 𝑡𝑗𝑖 is the number of
samples correctly classified for class i, and 𝑇𝑖 is the test sample size of the ith class. In
the first approach, a reliability threshold is applied and sensors, which have
classification accuracy less than the pre-defined threshold, are labeled as low reliable
sensors for the class. If a sensor is labeled as a low reliable sensor for all classes in
the problem, then it is accepted as low reliable sensor for the first approach.
In the second approach, the static reliability indices, which is developed by Jiang et
al., are calculated and evaluated to identify the low reliable sensors [128]. In this
approach, the similarity between models (triangular fuzzy numbers) are determined
by overlapping area of two models. It is stated that larger the similarity is, the higher
the probability of generating false BPA and reliability is, and vice versa. Therefore, it
is desired to have a lower similarity and lower overlapping area between the models.
The similarity is calculated by the equation (4.18).
𝑗

∫ 𝐶𝑎𝑏 (𝑥)𝑑𝑥

𝑗

𝑠𝑖𝑚(𝑎,𝑏)∈𝑖 =

𝑗

𝑗

𝑗

∫ 𝐶𝑎 (𝑥)𝑑𝑥+∫ 𝐶𝑏 (𝑥)𝑑𝑥−∫ 𝐶𝑎𝑏 (𝑥)𝑑𝑥
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(4.18)

𝑗

𝑗

Where 𝐶𝑎 𝑎𝑛𝑑 𝐶𝑏 are the triangular fuzzy functions of jth sensor for classes a and b,
𝑗

and ∫ 𝐶𝑎𝑏 (𝑥)𝑑𝑥 represents the overlapping area of triangular fuzzy functions.
Accordingly, the similarity matrix for the sensors is acquired in equation (4.19).

𝑎
𝑏
𝑆𝑀𝑗 =
⋮
𝑖

𝑎
1
𝑗

𝑠𝑖𝑚𝑏1
⋮
𝑗
[ 𝑠𝑖𝑚𝑖1

𝑏
𝑗
𝑠𝑖𝑚𝑎𝑏

…
…

𝑖
𝑗
𝑠𝑖𝑚𝑎𝑖

1
⋮
𝑗
𝑠𝑖𝑚𝑖2

…
⋱
…

𝑠𝑖𝑚𝑏𝑖
⋮
1 ]

𝑗

(4.19)

As it is mentioned above, the reliability increases with a decrease in similarity. The
relationship between similarity and the reliability can be formulated as given in
equation (4.20).
𝑗

𝑅𝑒𝑙𝑗 =

∑(1−𝑠𝑖𝑚𝑎𝑏 )
𝐽

(4.20)

𝑗

where 𝑠𝑖𝑚𝑎,𝑏 shows the similarity degree of jth (j=1,2,…,J) sensor for the classes a
and b, and 𝑅𝑒𝑙𝑗 represents the reliability index of jth sensor. The reliability threshold
is also applied to determine the low reliable sensors for the second approach. Finally,
if a sensor is marked as a low reliable sensor for both approaches, it is excluded from
the data.
4.3.3 BPA construction for reliable sensors
In the third step, after eliminating the low reliable sensor data, the remaining test data
are put into their corresponding models generated in the first step, and the
intersection of the triangular fuzzy model and the vertical curve of test data are
obtained. The vertical intersection values (vi) are sorted in descending order and the
masses of the focal elements are assigned as it is illustrated in Figure 4.4. The
normalization procedure is also applied to masses generated from the test data, as it
is given in equation (4.15) and (4.16).
After the construction of the BPAs for test data, Demspter’s rule for combination,
provided in equations (4.7) and (4.8), is applied for K-1 times (K is the number of
reliable sensors) to find the classification result of the reliable sensors. In order to
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show the validity and to demonstrate the effectiveness of the proposed method, in the
following steps, this result will be compared with the initial and final results.
4.3.4 Clustering
In this step, the clustering approach is applied to cluster the reliable sensors data into
the partitions. In this approach, the aim is to have several clusters in which data are
more alike to one another than to data in the other clusters. It is also accepted that the
data in the same cluster are more probable to be related to the same event. On the
other hand, data in the different clusters should have dissimilar characteristics and
features.
In the proposed method, clustering is used for several reasons. First of all, in our
study, the number of sensors is assumed to be more than twenty which brings
computational complexity to the problem. Secondly, keeping in mind that the data in
the same cluster are more probable to be related to the same event, the number of
sensors in the same cluster is used to determine one of the three objective weights
that will be assigned to each cluster while combining them. The details of objective
weights are provided in the following steps. Last but not the least, in the proposed
method, it is assumed that, in addition to the objective weighs (determined by three
different approaches) the subjective weights are also assigned to the clusters by a
supervisor/intelligence analyst to integrate their experience and knowledge in the
problem field. However, it is not applicable to assign the subjective weights to each
sensor by a supervisor if the number of sensors is high. Therefore, by clustering the
sensors, we aim to decrease the number of subjective weights that must be assigned.
In the literature, clustering algorithms such as hierarchical algorithm (e.g.
agglomerative hierarchical clustering) and k-means is mostly used. These algorithms
are distance based algorithms which use the pairwise distance to cluster the data.
However, as Peng et al. states that the belief functions, which represent the uncertain
information, cannot be simply express by regular data points, therefore special
similarity measure must be developed [184]. One of the distinguished dissimilarity
measures is Jousselme Distance, which can measure the conflict degree among
evidences effectually, and first proposed by Jousselme et al. [174]. Therefore, in our
method, we implemented the Jousselme distance by equations (4.21) and (4.22) to
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measure the similarities among sensors BPAs and use the distance matrix to cluster
the sensors by the agglomerative hierarchical clustering method.
Jousselme distance between two independent mass functions defined on the same
frame of discernment, denoted as m1 and m2, can be calculated as follows.
1
𝑑𝑗 𝑚
= √0.5 ∗ (‖𝑚1 ‖2 +‖𝑚1 ‖2 − 2⟨𝑚1 , 𝑚2 ⟩)
𝑚
2

(4.21)

where ‖𝑚1 ‖2 = ⟨𝑚1 , 𝑚1 ⟩, ‖𝑚2 ‖2 = ⟨𝑚2 , 𝑚2 ⟩ and ⟨𝑚1 , 𝑚1 ⟩ is given by
𝑁

𝑁

⟨𝑚2 , 𝑚2 ⟩ = ∑2𝑖=1 ∑2𝑗=1 𝑚1 (𝐴𝑖 ) 𝑚2 (𝐵𝑗 )

|𝐴𝑖 ∩𝐵𝑗 |
|𝐴𝑖 ∪𝐵𝑗 |

(4.22)

With Ai and Bj are the elements of the power set 2Θ. |𝐴𝑖 ∩ 𝐵𝑗 | and |𝐴𝑖 ∪ 𝐵𝑗 | denote
the cardinality intersection set and union set of Ai and Bj.
In the hierarchical clustering, the data are clustered by a distance measure and a
cluster tree or a dendrogram is created to illustrate the arrangement of the clusters.
The dendrogram is a multilevel hierarchy, and clusters in each level can be accepted
as the sublevel of above levels. Therefore, depending on the application, the
researcher can choose the level or scale of clustering, in other words, the number of
clusters that fits best to the given dataset. The agglomerative hierarchical clustering
method performs the following procedure.
•

Stage 1: It finds the dissimilarity between every pair of data. In our case, the
Jousselme Distance is used to construct the dissimilarity matrix due to the
above given reasons.

•

Stage 2: It links the pairs of data that are in close proximity and the recent
clusters are added to a larger cluster in the form of a hierarchical tree. This
continues until all the data is assigned to a cluster.

•

Stage 3: It cuts the hierarchical tree into the cluster with respect to the given
number of clusters. The major challenge is to find the proper number of
clusters. In this approach, the number of clusters can be determined by
cutting off the hierarchical tree at an arbitrary point or a method in the
literature can be applied to select the specific number of clusters.
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In our study, the Elbow Method is implemented to find the specific number of
clusters. This method measures the within cluster sum of squares and enable us to
determine the proper number of clusters by visually selecting the point on the graph
where the decrease of this error measure is flatten as the number of clusters is
increased.
4.3.5 Objective weights deriving and combination with subjective weights
Even though, the sensors are accepted as equally important in various studies, in real
life problem, this is not always the case. Because of the differences in reliability of
the sensors, similarity of the results they provide, and for other reasons that produce
non-identical sensor results, the importance of the sensors may be different. For this,
the concept of weights has been introduced in the literature. However, when the
literature is examined, it is observed that the weights of BPAs are generally assigned
by a single criterion (distance or similarity measures) which may not be adequate to
represent the reality of the multi-sensor systems. Different from the studies in the
literature, in this study, instead of sensors, these objective weights are assigned to the
clusters. In order to consider several perspectives such as number of sensors in the
clusters, reliability of the sensors, and similarity of the clusters on determining the
weights of the clusters, we propose to calculate three weight sets separately. Then,
they are combined to form a single set of weights for clusters. The definitions of the
proposed weight formulations are presented as follows:
•

Weights depending on the number of sensors in the clusters (𝑊1𝑐 ): The first

objective weight depends on the principle of assigning weights to the clusters based
on the number of sensors in these clusters. In this approach, the main idea is to give a
more effective role in the final fusion to a cluster which is formed and supported by a
large number of sensors. Thus, bigger the number of sensors in the cluster is, the
higher the weight will be. Formulation of this objective weight is provided in
equation (4.23).
𝑁

𝜔1𝑐 = ∑ 𝑁𝐶

𝐶

(4.23)

where 𝑁𝐶 is the number of sensors in cluster c, and 𝜔1𝑐 is the first objective weight
assigned to that cluster.
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•

Weights based on the average reliability of the sensors in the clusters (𝑊2𝑐 ):

Another important issue in the multi sensor fusion is the reliability of the sensors.
Thus, in the second approach, the average reliability of sensors within the cluster is
considered to assign the objective weights. Two reliability metrics, which are already
explained in the previous steps, are taken into account to obtain the average
reliability. The formulation for the second objective weight is provided in equation
(4.24).
𝜔2𝑐 =

𝑠
∑𝑁𝑐
𝑠=1 𝑅𝑒𝑙𝑐

𝑁𝑐

(4.24)

where 𝑅𝑒𝑙𝑐𝑠 is the reliability of sensor s in cluster c and s={1,..., 𝑁𝑐 } and calculated
using equation (4.20). Normalization is also applied to scale the clusters second
objective weights (𝜔2𝑐 ) between 0 and 1.
•

Weights by the average similarity of the clusters (𝑊3𝑐 ): In the last approach,

the similarity of the combined sensors BPAs in the clusters are considered to derive
the third objective weight that will be assigned to the cluster. The main purpose of
this approach is to give more weight to the cluster that is more similar to other
clusters. On the contrary, a smaller weight is assigned to the cluster, which has less
similarity with other clusters in terms of combined BPAs of the sensor.

The

Jousselme Distance, which is provided in equations (4.21) and (4.22), is used to find
the similarity of the clusters combined BPAs (𝑆𝑖𝑚𝑐 ) in equation (4.25), and the
formulations for the third objective weight is provided in equation (4.26).

𝑆𝑖𝑚𝑐 =

∑𝑏(1−𝑑𝑗 𝑚𝑐 )
𝑚𝑏

𝑐−1
𝑆𝑖𝑚

𝜔3𝑐 = ∑ 𝑆𝑖𝑚𝐶

𝐶

(4.25)
(4.26)

where ∀c,b ∈ C and b≠c, and 𝜔3𝑐 is the third objective weight assigned to that
cluster. These three objective weights are combined into one by average providing an
overall objective weight (𝜔𝑜𝑐 ). The formulation is given in equation (4.27).
𝜔𝑜𝑐 =

𝜔1𝑐 +𝜔2𝑐 +𝜔3𝑐
3
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(4.27)

In some real life classification problems, such as target recognition, collected data by
sensors and professionals’ knowledge may exist at the same time. Therefore, it is
very important to develop methods which take these two types of information into
account for the classification since they may contain useful and complementary
information. In literature, methods are divided into two categories; data-driven
methods, which are based on collected data, and knowledge-driven methods, which
are based on expert knowledge [185]. However, different from the literature, in this
study, it is aimed to include the knowledge and expertise of the professionals in the
fusion process by means of the subjective weights (𝜔𝑠𝑐 ). In order to avoid biased
evaluations by experts, the combined evaluations of the clusters will be hidden and
only the types of sensors and the platform on which the sensor is located will be
shared with the professionals.
As a final point, the objective weights and the subjective weights of the clusters are
combined by the following equation (4.28) in order to find the combined weights
(𝜔𝑐 ) of each cluster.
𝜔𝑐 =

𝜔𝑜𝑐 +𝜔𝑠𝑐
2

(4.28)

Consequently, three objective weights based on the different properties of the
clusters are combined with the subjective weight assigned by the professionals to
obtain the combined weights (i.e. discounting factors) of the clusters.
4.3.6 Weighted average evidence of the clusters and fusion for the decision
making
In this step, the weights calculated in the previous step are adopted to modify its
corresponding BPAs before using the Dempster’s combination rule. For this, the
following equation (4.29) is used as it is proposed by Xiao and Qun [186].
𝑊𝐴𝐸(𝑐) = ∑𝑘𝑐=1 𝜔𝑐 ∗ 𝑚𝑐

(4.29)

Here, 𝜔𝑐 is the combined weights of clusters, 𝑚𝑐 is the mass function, and 𝑊𝐴𝐸(𝑐)
represents the weighted average evidence of clusters which will be fused with
Dempster’s combination rule for c-1 times by the following equation (4.30).
𝐹𝑢𝑠(𝑐) = (((𝑊𝐴𝐸(𝑐) ⊕ 𝑊𝐴𝐸(𝑐))1 ⊕ … )ℎ ⊕ 𝑊𝐴𝐸(𝑐))(𝑐−1)
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(4.30)

where 𝐹𝑢𝑠(𝑐) corresponds to the final fusion result of clusters. The final decision
can be made by choosing the element with the maximum basic probability
assignment.
As it is already stated in the previous sections, to validate the proposed method, data
set is randomly divided into two parts such as the training and the test set. K-fold
cross validation is applied and the method is trained k times with a different set held
out each time as the test data. Result of test data (rows) and the real class (columns)
forms the confusion matrix given in Table 4.1, which is a useful tool to analyze the
performance of the proposed method.
Table 4.1 : Confusion matrix.
Result of Test Data
Confusion Matrix
Class 1

Class 2

Class 3

… Class i

𝑎 = 𝑐𝑚11

𝑏 = 𝑐𝑚12

𝑐 = 𝑐𝑚13

…

𝑐𝑚1𝑖

Class 2 𝑑 = 𝑐𝑚21

𝑒 = 𝑐𝑚22

𝑓 = 𝑐𝑚23

…

𝑐𝑚2𝑖

Real Class Class 3 𝑔 = 𝑐𝑚31

h = 𝑐𝑚32

𝑖 = 𝑐𝑚33

…

𝑐𝑚3𝑖

…

…

…

…

…

…

Class i

𝑐𝑚𝑖1

𝑐𝑚𝑖2

𝑐𝑚𝑖3

…

𝑐𝑚𝑖𝑖

Class 1

Three metrics such as the detection probability, the false alarm probability, and the
classification rate, are determined by the following equations (4.31–4.33),
respectively.
𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑐𝑙𝑎𝑠𝑠 "𝑥") =

𝐹𝑎𝑙𝑠𝑒 𝐴𝑙𝑎𝑟𝑚 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑐𝑙𝑎𝑠𝑠 "𝑦") =

𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =

𝑐𝑚𝑥𝑥
∑𝑖∈𝐼 𝑐𝑚𝑥𝑖
∑𝑖∈𝐼:𝑖≠𝑦 𝑐𝑚𝑖𝑦
∑𝑖∈𝐼:𝑖≠𝑦 ∑𝑗∈𝐼 𝑐𝑚𝑖𝑗

∑𝑖∈𝐼 𝑐𝑚𝑖𝑖
∑𝑖∈𝐼 ∑𝑗∈𝐼 𝑐𝑚𝑖𝑗

(4.31)

(4.32)

(4.33)

where 𝑐𝑚𝑖𝑗 represents the 𝑖 th row and 𝑗th column element of confusion matrix. It
shows the number of test data that is classified as class “𝑗” while the real class is
class “𝑖”.
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For instance, for a problem with three classes, these metrics can be calculated as
follows:
𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑐𝑙𝑎𝑠𝑠 1) =

𝑎
𝑎+𝑏+𝑐

𝐹𝑎𝑙𝑠𝑒 𝐴𝑙𝑎𝑟𝑚 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝑐𝑙𝑎𝑠𝑠 2) =
𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =

𝑏+ℎ
𝑎+𝑏+𝑐+𝑔+ℎ+𝑖

𝑎+𝑒+𝑖
𝑎+𝑏+𝑐+𝑑+𝑒+𝑓+𝑔+ℎ+𝑖

4.4 Experimental Results
In this section, the applicability and the validity of the proposed method are checked
through two real classification datasets: ionosphere [133] and forest type mapping
[134] dataset. Effect of the parameters and methods on the classification rate and the
detection probability, such as extension parameter, objective weights, reliability
threshold, number of clusters and clustering method, are discussed in subsection 5.3.
4.4.1 Ionosphere dataset
The ionosphere dataset is a well-known and widely used benchmark for the
classification problem. The radar data in this dataset is collected by a system in
Goose Bay, Labrador. It contains 351 instances, and there are 2 classes (good and
bad) that show the types of radar signals reflected from ionosphere. "Good" radar
returns are those showing evidence of some type of structure in the ionosphere.
"Bad" returns are those that do not pass the signal through the ionosphere. 34
continuous predictor attributes and one binary class attribute are provided. The raw
data are received and divided into two sets (training and test data) by 5-fold cross
validation to obtain the average performance of the proposed method.
Step 1. Model construction
In the first step, the statistical parameters of training sample, such as mean (μ) and
standard deviation (σ), are calculated by using equations (4.9) and (4.10). As it is
described in Section 3, the upper (uij) and the lower (lij) values of the training sample,
which are the extension of maximum and minimum values by the standard deviation,
are calculated by the equation (4.11) and (4.12), where p is 0.4. Summary of theses
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parameters is given in Table 4.2. Example of the triangular fuzzy model for
ionosphere dataset, which is obtained by the equation (4.13), is illustrated in Figure
4.5.
Table 4.2 : Sample of statistical parameters for ionosphere dataset.
Class “Bad”
Class “Good”

μ, σ
0.249, 0.649
0.718,0.288

min, max
-1, 1
-0.131,1

lij, uij
-1.26,1.26
-0.246,1.115

Figure 4.5 : Sample of triangular fuzzy model for ionosphere dataset.
In order to construct the BPAs, the intersection of the triangular fuzzy model and the
vertical curve of ionosphere dataset training value are calculated by putting the
training values into the corresponding triangular fuzzy model as illustrated in Figure
4.4. These BPAs are normalized with respect to the equations (4.15) and (4.16), and
a sample normalized BPAs are provided in Table 4.3. For example, when sensor
reading is 0.16 for triangular fuzzy model given in Figure 4.5, m(B) = 0.9378 and
m(BUG) = 0.4219. As their sum is greater than 1, they are normalized to make their
sum equal to 1 (closed world). When the sensor reading is 0.94, on the other hand,
m(G) = 0.4403 and m(BUG) = 0.3139, where their sum is less than 1. In that case, a
certain value (m(Ø)=1-S0) is added to the empty set to indicate that test sample is
likely to be an unknown class (open world). For this example, 0.2458 is assigned to
the empty set.
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Table 4.3 : An Example of normalized BPA for training dataset.
The Frame of Discernment
Sensor Reading

0.16

0.94

Normalization
Mass Values
Before
Normalization
Mass Values
After
Normalization
Mass Values
Before
Normalization
Mass Values
After
Normalization

m(∅)

m(B)

m(G)

m(B∪G)

0

0.9378

0

0.4219

0

0.6897

0

0.3103

0

0

0.4403

0.3139

0.2458

0

0.4403

0.3139

Step 2. Reliability check
In the second step, the reliability of the sensors is evaluated by two approaches. In
the first approach, the classification accuracy rate of each sensor is taken into
account, and it is calculated by equation (4.17). A reliability threshold is applied, and
sensors, which have classification accuracy rate less than 0.6, are labeled as low
reliable sensors for the first approach. In the second approach for the reliability, the
static reliability indices of ionosphere dataset, which consider the similarity of two
models, are calculated by equations (4.18-4.20). The reliability threshold (0.6) is also
applied for this metric. Sensor, which is marked as low reliable sensor for both
approaches, is accepted as low reliable sensors for ionosphere dataset and excluded
from the data. Low reliable sensor indices for ionosphere dataset for each fold are
provided in Table 4.4.
Table 4.4 : Low reliable sensors for ionosphere dataset for each fold.
Folds

Low Reliable Sensor Indices

1

14, 18, 20, 22, 28, 30, 34

2

9, 14, 17, 18, 20, 28, 32, 34

3

4, 6, 8, 14, 18, 26, 28, 30, 32

4

8, 14, 18, 20, 22, 24

5

11, 14, 16, 18, 20, 26, 30, 32, 34
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Step 3. BPA calculations
In the third step, after eliminating the low reliable sensor data from ionosphere
dataset, the remaining test data are put into their corresponding models, and the
intersection of the triangular fuzzy model and the vertical curve of test data are
obtained as illustrated in Figure 4.4. The normalization procedure is also applied to
masses generated from the ionosphere test data.
Step 4. Clustering
In the fourth step, the agglomerative hierarchical clustering approach is applied to
cluster the reliable sensors into the partitions for ionosphere dataset. Therefore,
Jousselme distance is calculated by equations (4.21) and (4.22) for every pair of
sensors to measure the similarities among sensors BPAs, and the distance matrix is
constructed as a part of the matrix is presented in Table 4.5. Sensors are clustered by
agglomerative hierarchical clustering method using this distance matrix, and
dendrograms are obtained as one sample is given in Figure 4.6. The Elbow Method is
implemented to find the specific number of clusters, and as it is given in Figure 4.7,
proper number of clusters is accepted to be 3 for the ionosphere dataset.
Table 4.5 : Part of a Jousselme Distance Matrix.
Sensor 1

Sensor 2

Sensor 3

Sensor 4

Sensor 5

Sensor 6

…

Sensor 1

0

0.397511

0.048245

0.377992

0.154416

0.378509

…

Sensor 2

0.397511

0

0.390432

0.020131

0.264172

0.019597

…

Sensor 3

0.048245

0.390432

0

0.370453

0.131975

0.370983

…

Sensor 4

0.377992

0.020131

0.370453

0

0.244041

0.000534

…

Sensor 5

0.154416

0.264172

0.131975

0.244041

0

0.244575

…

Sensor 6

0.378509

0.019597

0.370983

0.000534

0.244575

0

…

…

…

…

…

…

…

…

…
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Figure 4.6 : An example of dendrogram for the ionosphere dataset.

Figure 4.7 : Elbow method for determining proper number of clusters for the
ionosphere dataset.
Step 5. Calculation and aggregation of weights of clusters
In the fifth step, three objective weights such as weights depending on the number of
sensors in the clusters 𝜔1𝑐 , weights based on the average reliability of the sensors in
the clusters 𝜔2𝑐 , and weights by the average similarity of the clusters 𝜔3𝑐 , are obtained
by equations (4.23-4.26) and combined by equation (4.27). In our study, the
proposed method is designed to allow assigning the subjective weights to clusters,
which reflect the knowledge and expertise of the professionals in the fusion process.
At that point, in order to avoid biased evaluations by experts, it is assumed that the
combined evaluations of the clusters will be hidden and only the types of sensors and
the platform on which the sensor is located will be shared with the professionals.
Since, there is no expert to evaluate the ionosphere dataset and sensors for our
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experiment, the subjective weights are assumed to be equal to combined objective
weight 𝜔𝑜𝑐 calculated by equation (4.28). Objective and combined weights for each
cluster for ionosphere dataset are presented in Table 4.6.
Table 4.6 : A sample objective and combined weights for each cluster
in ionosphere dataset.
Weights
Objective Weights
Combined Weights

𝜔1𝑐
𝜔2𝑐
𝜔3𝑐
𝜔𝑜𝑐

Cluster 1
0.556

Cluster 2
0.333

Cluster 3
0.111

0.277

0.190

0.533

0.407
0.413

0.093
0.205

0.500
0.382

Step 6. Performance of classification
In the sixth step, the combined weights are adopted to modify its corresponding
BPAs by equation (4.29) before using the Dempster’s combination rule. The
𝑊𝐴𝐸(𝑚) are obtained for ionosphere dataset and Dempster’s combination rule is
applied for k-1 times by equation (4.30). Here, MATLAB toolbox for belief
functions is used [187]. In order to verify the validity of the proposed method for
ionosphere dataset, the confusion matrices are constructed at the end of the second
step to see the initial result, at the end of the third step to see the results after low
reliable sensors are eliminated, and at the end of the sixth step to see the final fusion
result. Three metrics such as the detection probability, the false alarm probability and
the classification rate of each matrix are also provided in Figure 4.8a and 4.8b.

1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0

0,929 0,929
0,897
0,787
0,729
0,649

Initial
0,351
0,271
0,213

After Exit
Mechanism

0,1030,071 0,071

Detection
Probability

False Alarm
Probability

Class "Bad"

Detection
Probability

False Alarm
Probability

Class "Good"

Figure 4.8a : Detection and false alarm probability comparison for ionosphere
dataset.
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Figure 4.8b : Classification rate comparison for ionosphere dataset.
In Figure 4.8a, it is observed that for both “bad” and “good” classes, the detection
probability increases in “after exit mechanism” and “final fusion” when it is
compared to “initial fusion” results. Accordingly, the probability of false alarms
decreases with increasing detection probability. For instance, detection probability
increases from 0.649 to 0.787, while false alarm probability decreases from 0.351 to
0.213 for the “good” class. Similarly, as it is provided in Figure 4.8b, the
classification rate, which reflects the overall classification performance of both
classes, increases from 0.738 to 0.838, when the proposed method is applied to the
ionosphere dataset.
4.4.2 Forest type mapping dataset
After getting satisfying results on ionosphere dataset, the proposed method is also
applied to another real classification problem, forest type mapping dataset, to verify
the validity and applicability of our approach.
The forest type mapping is produced by Johnson et al. at the Institute for Global
Environmental Strategies and it is taken from UCI (University of California, Irvine)
repository database. The dataset was acquired from a forested area that covered
13 km × 12 km region in Japan. In this dataset, there are three type of forests (three
classes) such as Sugi (Cryptomeria Japonica), Hinoki (Chamaecyparis Obtusa) and
mixed broadleaf to be separated and 27 spectral values derived from bands of
ASTER imagery.
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Step 1. Model construction
Same procedure is applied to the forest type mapping dataset. Initially, the raw data
are received and divided into two sets (training and test data) by 5-fold cross
validation to obtain the average performance of the proposed method. Equations
(4.9) and (4.10) are applied to these folds to obtain the statistical parameters to form
the triangular fuzzy model. Summary of theses parameters for the forest type
mapping dataset is given in Table 4.7 and the example of triangular fuzzy model is
illustrated in Figure 4.9.
Table 4.7 : Summary of statistical parameters for forest type mapping dataset.
μ, σ
Class “Mixed Broadleaf” 0.61, 0.19

min, max

lij, uij

0, 0.92

-0.07, 0.99

Class “Hinoki”

0.35, 0.19 0.11, 0.81

0.06, 0.86

Class “Sugi”

0.66, 0.12 0.28, 0.95

0.23, 1

Figure 4.9 : Sample of triangular fuzzy model for forest type mapping dataset.
The vertical curves of training dataset for forest type mapping dataset are calculated
by putting the training values into the corresponding triangular fuzzy model to obtain
the BPAs and normalization procedure in Figure 4.4 is applied. BPAs, before and
after normalization procedure, are presented in Table 4.8.
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Table 4.8 : Sample masses for forest type mapping dataset.
Sensor
Reading

Normalization

The Frame of Discernment
m(∅)

m(m)

m(h)

m(m∪h)

m(s)

m(m∪s)

m(h∪s)

m(m∪h∪s)

Mass Values
Before
Normalization

0

0

0.48

0.40

0

0

0

0

Mass Values
After
Normalization

0.12

0

0.48

0.40

0

0

0

0

Mass Values
Before
Normalization

0

0.95

0

0.66

0

0

0

0.34

Mass Values
Before
Normalization

0

0.49

0

0.34

0

0

0

0.17

0.20

0.38

Step 2. Reliability check
The reliabilities are calculated by two approaches. In the first approach, equation
(4.17) is applied to measure the classification accuracy rate, and in the second
approach similarity of the models (static reliability) are taken into account and
calculated by equations (4.18-4.20). After applying the reliability threshold (0.6), low
reliable sensor indices for forest type mapping dataset for each fold are provided in
Table 4.9.
Table 4.9 : Low reliable sensors for forest type mapping dataset for each fold.
Folds

Low Reliable Sensor Indices

1

9, 19, 22, 24, 25, 26, 27

2

9, 19, 20, 22, 23, 24, 25, 26, 27

3

7, 9, 16, 17, 21, 22, 24, 25, 26, 27

4

19, 21, 22, 24, 25, 26, 27

5

7, 9, 16, 19, 22, 24, 25, 26, 27
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Step 3. BPA calculations
In the third step, exit mechanism is applied to low reliable sensors, the remaining test
data are put into their corresponding models, and the intersection of the triangular
fuzzy model and the vertical curve of test data are obtained as illustrated in Figure
4.4. The normalization procedure is also applied to masses generated from the forest
type mapping test data.
Step 4. Clustering
The Jousselme distance matrix is constructed by measuring similarities for every pair
of sensors by equations (4.21) and (4.22), and sensors are clustered by agglomerative
hierarchical clustering method. The dendrograms are obtained and an example of
dendrogram is provided in Figure 4.10. According to the sum of square within cluster
metric, proper number of clusters is chosen as 4 for the forest type mapping dataset.

Figure 4.10 : A sample dendrogram for the forest type mapping dataset.
Step 5. Calculation and aggregation of weights of clusters
Objective weights for forest type mapping dataset are obtained by equations (4.234.26). As in the ionosphere dataset, the subjective weights are assumed to be equal to
combined objective weights for the forest type mapping dataset. Objective and
combined weights for each cluster are presented in Table 4.10.
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Table 4.10 : A sample objective and combined weights for each cluster
in forest type mapping dataset.
Weights

Objective Weights

Combined Weights

Cluster 1

Cluster 2

Cluster 3

Cluster 4

𝜔1𝑐

0.0526

0.3684

0.4737

0.1053

𝜔2𝑐

0.2049

0.2886

0.2479

0.2586

𝜔3𝑐

0.3464

0.2877

0.1249

0.2410

𝜔𝑜𝑐

0.2013

0.3149

0.2822

0.2016

In the last step, the combined weights are adopted to modify its corresponding BPAs
by equation (4.29) and the 𝑊𝐴𝐸(𝑚) are obtained for forest type mapping dataset and
Dempster’s combination rule is applied for k-1 times by equation (4.30). Three
metrics such as the detection probability, the false alarm probability, and the
classification rate of each matrix are also provided in Figure 4.11a and Figure 4.11b.
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Figure 4.11a : Detection and false alarm probability comparison for forest type
mapping dataset.
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Figure 4.11b : Classification rate comparison for forest type mapping dataset.
According to Figure 4.11a, similar to the ionosphere dataset results, for “mixed
broadleaf” and “hinoki” classes of forest type mapping dataset, the detection
probability increases in “after exit mechanism” and “final fusion” when it is
compared to “initial fusion” results. On the other hand, for “sugi” class, detection
probability decreases. Accordingly, the probability of false alarms decreases for
“mixed broadleaf” and “hinoki” classes while it increases for “sugi” class. For
instance, detection probability increases from 0.786 to 0.918, while false alarm
probability decreases from 0.074 to 0.05 for the “mixed broadleaf” class. Even
though, the detection probability of “sugi” class decreases from 0.877 to 0.821, the
classification rate, which shows the overall classification performance of all classes,
increases from 0.798 to 0.85 as in Figure 4.11b, when the proposed method is
applied to the forest type mapping dataset.
4.4.3 Effect of the parameters and the different approaches on the fusion result
The influence of the parameters and the approaches on the decision fusion result is
investigated in this subsection. Five different parameters and the approaches such as
the objective weights, the reliability threshold, the number of clusters, the extension
parameter and the clustering method are examined as given in Table 4.11. The
evaluation is based on the detection probability of each classes and the classification
rate of the proposed method on the forest type mapping dataset. The effects of
parameters and approaches are examined according to the order of their usage in the
method.
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Table 4.11 : Experiment design.
Parameter or approach

Default value

Extension Parameter (p)

p=0.4

Trials
p=0 to 1 by 0.1 step size

Objective weights (𝝎𝒄𝒂 )

Calculated by equation
(4.22-4.25)

𝜔𝑎𝑐 =0 to 1 by 0.02 step size.
Other two weights are
considered to be of equal
importance.

Reliability Threshold
(Θ)

Θ=0.6

Θ=0.2 to 0.7 by 0.1 step size

Number of clusters (m)

m=4

m=2 to 6
Hierarchical clustering
*Weighted average linkage
*Unweighted average distance
* Farthest distance

Clustering approaches

Hierarchical clustering

* Shortest distance

*Weighted average linkage

K-means clustering
*Euclidean
* Cityblock
* Cosine
* Correlation

• Effect of the Extension Parameter: In the first step of the proposed method, an
extension parameter p is assigned to construct the upper and lower bound of the
triangular fuzzy number. However, in the literature, there is no study on how to
determine the p value, objectively. Therefore, a default value, 0.4, is assigned as p
value in our model as proposed by Zhang and Deng [162]. In order to evaluate the
effect of the extension parameter on the detection probability of each classes and the
classification rate, different p values (0 to 1 by 0.1 step size) are tried. Figure 4.12
shows the detection probability of each class and the classification rate of the
proposed method with respect to different p values. Similar to Zhang and Deng, at
p=0.4, the classification rate and detection probability gives better results [162].
Moreover, at that point, minimum of the detection probability is maximized for all
classes.
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Figure 4.12 : Effect of the Extension Parameter on detection probability.
• Impact of the Objective Weights: As already mentioned in the previous
sections, the combined objective weight 𝜔𝑜𝑐 is based on three approaches; weights
depending on the number of sensors in the clusters 𝜔1𝑐 , weights based on the average
reliability of the sensors in the clusters 𝜔2𝑐 , and weights by the average similarity of
the clusters 𝜔3𝑐 . Here, the effect of these three objective weights on the detection
probability is examined. In the experiments, the value of each objective weight is
assigned to be between 0 and 1, while the other two weights are considered to be of
equal importance. For instance; in an experiment, if 𝜔1𝑐 is set to be 0.8, then
𝜔2𝑐 𝑎𝑛𝑑 𝜔3𝑐 are set to be 0.1, since the sum of these objective weights has to be 1.

Figure 4.13a : Impact of the objective weight 𝜔1𝑐 on detection probability.
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Figure 4.13b : Impact of the objective weight 𝝎𝒄𝟐 on detection probability.

Figure 4.13c : Impact of the objective weight 𝝎𝒄𝟑 on detection probability.
The impact of the objective weights 𝜔1𝑐 , 𝜔2𝑐 ,and 𝜔3𝑐 on the detection probability are
presented in the Figure 4.13(a-c), respectively. In Figure 4.13a, it is observed that the
minimum detection probability decreases when 𝜔1𝑐 increases. However, the overall
classification rate increases for the 𝜔1𝑐 values between 0 and 0.6, decreases after that
point. In Figure 4.13b, the overall classification rate does not variate much when 𝜔2𝑐
is between 0 and 0.35, afterwards it decreases. Meanwhile, the minimum detection
probability remains almost constant for the 𝜔2𝑐 values between 0 and 0.55; then, it
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decreases sharply. In Figure 4.13c, as the 𝜔3𝑐 approaches to 1, the overall
classification rate decreases; on the other hand, the minimum detection is fluctuated
around 0.67 for the 𝜔3𝑐 values between 0 and 0.7 and remain constant as the 𝜔3𝑐
approaches to 1. As a result of this analysis, the best classification rate is found
where 𝜔1𝑐 =0.42, 𝜔2𝑐 =0.14 and 𝜔3𝑐 =0.42. When the overall classification rates in
Figure 4.13(a-c) are compared to the overall classification rate in Figure 4.11b, it can
be observed that the maximum classification rate (0.85) is obtained when the
objective weights are used as the proposed method suggests.
• Effect of the Reliability Threshold: In the proposed method, the reliability of
the sensors is measured by two reliability metrics, which are based on the
classification accuracy of each sensor and the similarity between models (triangular
fuzzy numbers). In each metric, a reliability threshold is assigned to determine the
low reliable sensors. In this experiment, in order to evaluate the effect of reliability
threshold on the detection probability of each classes and the classification rate,
different reliability threshold values (0.2 to 0.7 by 0.1 step size) are tried. Figure 4.14
shows the detection probability of each class and the classification rate of the
proposed method with respect to different threshold values. According to the Figure
4.15, the minimum detection probability increases for the increasing value of
reliability threshold values between 0.2 and 0.5; then, it remains constant. On the
hand, the classification rate takes its maximum value when the reliability threshold is
0.6. Therefore, in the proposed method, the reliability threshold is taken as 0.6.

Figure 4.14 : Effect of the reliability threshold on detection probability.
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• Effect of the Number of the Clusters: In our study, the Elbow Method is
implemented to find the specific number of clusters. This method measures the
within cluster sum of squares. It enables to determine the proper number of clusters
by visually selecting the point on the graph where the decrease of this error measure
is flatten as the number of clusters is increased. However, it is a heuristic method.
Therefore, in this experiment, different number of clusters (2 to 6) are tried to
evaluate the effect of number of the clusters on the detection probability of each
classes and the classification rate. Figure 4.15 illustrates the detection probability of
each class and the classification rate of the proposed method with respect to the
number of the clusters. Being consistent with the Elbow method, Figure 4.15
supports that the proper number of clusters is 4 where the classification rate and the
minimum detection probability of classes take their maximum values.

Figure 4.15 : Effect of the number of the clusters (m) on detection probability.
• Effect of the Different Clustering Approaches: In the literature, distance
based clustering algorithms such as hierarchical algorithm (e.g. agglomerative
hierarchical clustering) and k-means are mostly used. Hence, in this study, the effects
of these clustering approaches on the classification rate and the detection probability
are examined and provided in Figure 4.16a and Figure 4.16b for different distance
metrics. The agglomerative hierarchical clustering approach with weighted average
linkage gives the best result in both classification rate and the detection probability.
Therefore, in our method, the agglomerative hierarchical clustering approach with
weighted average linkage is implemented.
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Figure 4.16a : Effect of the different clustering approaches (Hierarchical clustering).
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Figure 4.16b : Effect of the different clustering approaches (K-means).
4.5 Conclusion
A structured and methodical decision-making process is crucial to make rational and
applicable decisions. Specifically, the use of scientific methods as opposed to the
intuitive methods encourages organizations to settle on the proper choices and deal
with complex decision making process effectively. Since the complexity of the
problem grows with the complexity of the socio-economic environment, it gets more
difficult for a single decision maker to cover all the relevant characteristic of a
problem. Hence, in the real world, it is required to fuse the group of decision makers’
opinion to obtain a feasible and satisfactory decision making result [4], [17].
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Here, the quality of the solution relies primarily on the quality and the expertise of
decision makers in the problem area and how to aggregate decision makers’
evaluations [1]. Therefore, it is critical to find a good way of aggregating group of
decision makers’ opinions whose expertise, background, and knowledge differ. In the
literature, it is mostly assumed that the decision makers have the same importance
level [188]. However, disregarding the weights of decision makers can cause
improper and inaccurate outcomes that cannot be compensated for in the final
solution. At that point, deriving the weights of decision makers presents as a new
challenge. As an extension of the conventional GDM, the LSGDM, where more than
20 decision makers are involved in decision making process, faces the same problem
[64]. Another important class of problem in GDM is DMUU. Since the estimates and
expectations of the decision makers strongly affect their choices, they have to
contend with uncertainty in every step of decision making process [122]. On the
other hand, the given information about the problem by itself has also uncertainty
and modeling and representation of uncertain information is also an important task in
decision making.
Above mentioned problems which are encountered in GDM environment, are also
faced in the sensor fusion or data fusion problem where information from multiple
sources must be aggregated. Therefore, in this study, a clustering based LSGDM
approach to sensor fusion, which is illustrated in Figure 4.1, is proposed. Since the
proposed method is a clustering based method, it provides acceptable results in the
sensor networks consisting of multiple sensors. It can work under uncertainty as a
result of converting the raw data obtained from sensors to the BPAs. The exit
mechanism on sensors, which takes the reliability of sensors into the account,
reduces the risk of having conflicting data that may result in counter-intuitive
conclusion. Finally, assigning the objective and the subjective weights to sensor
clusters, instead of each sensor, provides ease of application and calculation.
The new LSGDM based sensor fusion method consists of six main steps. The first
step is the model construction step. In this step, the raw data in the form of sensor
readings are received and divided into two sets (training and test data) by 5-fold
cross validation. Here, the training data are used to obtain the sensors’ models that
are required in BPA construction process. In the second step, the reliabilities of
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sensors are checked in terms of two reliability measures, and the low-reliability
sensors are eliminated from the test data by an exit mechanism. In step 3, BPAs of
each sensor are calculated. As a part of the LSGDM approach in this study, in step 4,
the sensors are clustered into groups in order to calculate the objective weights easily
and to assign the subjective weights properly. In step 5, the objective weight of each
cluster, which depends on number of sensors in clusters, similarity of combined
clusters’ BPAs and the average reliability of the sensors in the clusters, is calculated.
Clusters’ objective weights are combined with the subjective weights which are
assigned by a single supervisor or supervisors in order to find the combined weights
of the clusters. In the last step, the weighted aggregated BPA of each cluster is
obtained and fused to determine the final fusion result.
The validity and the accuracy of the proposed method is demonstrated by
experiments using the Ionosphere and forest type mapping data set [133], [134]. For
ionosphere dataset, it is observed that for both “bad” and “good” classes, the
detection probability increases in “after exit mechanism” and “final fusion” when it
is compared to “initial fusion” results. Accordingly, the probability of false alarms
decreases with increasing detection probability. Similarly, the classification rate,
which reflects the overall classification performance of both classes, increases from
0.738 to 0.838, when the proposed method is applied to the ionosphere dataset.
Similar to the ionosphere dataset results, for “mixed broadleaf” and “hinoki” classes
of forest type mapping dataset, the detection probability increases in “after exit
mechanism” and “final fusion” when it is compared to “initial fusion” results. On the
other hand, for “sugi” class, detection probability decreases. Accordingly, the
probability of false alarms decreases for “mixed broadleaf” and “hinoki” classes
while it increases for “sugi” class. Even though, the detection probability of “sugi”
class decreases from 0.877 to 0.821, the classification rate, which shows the overall
classification performance of all classes, increases from 0.798 to 0.85 when the
proposed method is applied to the forest type mapping dataset. Finally, the influence
of five different parameters and the approaches such as the objective weights, the
reliability threshold, the number of clusters, the extension parameter and the
clustering method are examined.
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5. CONCLUSIONS
Since the complexity of the socio-economic atmosphere growths, it gets harder for
single expert to cope with all the related characteristics of a problem [2].
Consequently, most of the decision-making problems in the real world occur in a
group setting in which a group of decision makers take place [6]. In GDM, to have a
homogeneous group formed by homogeneous experts; whose knowledge,
experience, and background are same or similar, is almost impossible.
However, in literature, studies assume that decision makers have equal weights,
which do not reflect their importance or perceived reliability for the given problem.
This situation may cause erroneous and inappropriate results in the final decision.
Therefore, a relative weight must be assigned to each decision maker, and at this
point, deriving the decision makers’ weight presents as a new challenge.
In the related literature, the methods for determining weights of decision makers are
clustered into two groups; the subjective methods and the objective methods. In
subjective methods, weights of decision makers are assigned by a supervisor or
mutual evaluations of each other depending on experts’ statuses, professions, ages,
experiences, etc [18], [19]. On the other hand, objective methods use quantitative
techniques to determine the weights of decision makers. They use the data in hand,
particularly the evaluations of decision makers, and avoid the subjectivity. They
obtain the objective weights of decision makers from the information in individual or
collective decision matrices through the use of mathematical models.
Upon examination of available literature, although the number of studies on
determining weights of criteria is quite high, studies on determining the weights of
the decision makers are limited [14-16]. Therefore, in this thesis, we focus on the
objective techniques for deriving decision makers’ weights in GDM environment.
We first review the related literature to present the state-of-the-art in all known
objective methods for deriving decision makers’ weights in GDM environment and
propose a new classification system. Furthermore; we develop an integrated method
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to determine the decision makers’ weight. This method combines consensus based
objective weights, which is determined by the geometric cardinal consensus index,
and subjective weights. In order to represent the implementation of the method, a
case study in a medical decision making is also included. And finally, we develop a
clustering based LSGDM approach to sensor fusion which considers the reliability of
the sensors clusters by assigning three objective weights. In addition to these
objective weights, the proposed method enables to assign subjective weights to
integrate supervisors/intelligence analyst experiences and knowledge in the problem
field.
In literature, researches on deriving the weight of decision makers are relatively
limited. Moreover, a comprehensive literature review on determining the weight of
decision makers is missing among a limited number of studies. Consequently, in this
thesis, we first review the literature to present the state-of-the-art in all known
objective methods in order to help decision makers and researchers to deepen their
understanding in that area.
Our analysis of the Web of Science database covers a time span of 47 years, from
1970 to December 2017. Since we ended up with thousands of articles, we examined
them first by title, then by abstract if needed and related articles were collected as a
full text. In order not to miss any related article and to cover all aspects of the
subject, references and citations of these articles were also looked through for further
valuable literature. In addition to the Web of Science database, the Scopus database,
ScienceDirect database, Google Scholar academic search engine and Research Gate
website were explored.
As a result of all searches, we ended up with thousands of articles. To identify the
papers that were just related to the determination of decision makers’ weights, we
filtered them first by title, then by abstract. Finally, we identified 119 papers
published since 1977. However, when the full-text papers of the 119 papers were
reviewed, it was observed that only 55 of them were related to the decision makers’
weights, while the remaining were related to criteria weighting. Therefore, we
continued with those 55 papers.
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The 55 studies were analyzed with respect to the following criteria:
•

Journal Name

•

Publishing year

•

Methodology (based on the classification developed in Section 3)

•

Static/Dynamic method

•

Data type

•

Numerical Example

•

Method Itself or Part of a Method

Moreover, a new classification scheme is also proposed. According to proposed
classification scheme, methods to derive objective weights are divided into five
groups: “similarity-based”, “index-based”, “clustering-based” and “integrated”
methods. “Other approaches” that do not fall into these groups is also included as a
new group in the classification scheme.
This classification scheme can assist academicians or researchers to choose which
method to apply for deriving the objective weights of decision makers in a GDM
problem. In addition to that, the application of objective weights is not limited to
GDM problems. In information fusion methods, an appropriate method is also
needed while combining information from several data sources. Consequently, in
such situations, the proposed classification scheme can also serve as a guide for
researchers who study on multi-source fusion problems.
Based on the given literature review results and general evaluation of the related
literature, we identified the following challenges and open research directions in
deriving decision maker weights:
•

More objective methods are required: Kabak and Ervural state that only 41%
of the top cited papers in GDM take into account the weights of decision
makers, and in almost all of the papers, decision makers are directly assigned
weights using ratings (subjective method) while none of them provide a
comprehensive method for assignment of the weights [17]. We also found
that studies on objective methods for determining the weights of the decision
makers are limited. Even though our study covered a time span of 47 years
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(from 1970 to December 2017), we identified only 55 articles, which confirm
that there is a need for further studies and for objective methods for
determining decision maker weights.
•

Deciding which method to use for deriving decision maker weights: One of
the main challenges faced by researchers dealing with the GDM is to decide
the proper method to be applied in order to find the relative weights of
decision makers. As it is provided in Figure 2.2, researchers have to choose
from several methods which utilize different measurement techniques such as
similarity, consensus, consistency, clustering etc. that may result in different
objective weights. The proposed classification system can be used for this
purpose. In Section 3, we provide examples from literature for each class of
studies based on the proposed classification (Figure 2.2). It will be interesting
to apply methods to some selected data through the simulated scenarios and
compare the results by evaluating the pros and cons of the methods. The
methods for evaluation can be selected based on the proposed classification
hierarchy. By this way, a decision making tool (i.e., a decision tree) can be
developed to guide the practitioners in method choice.

•

Weights determination in big data decision making problems: According to a
research conducted in 2013 [189], we created more data in the 2011 and 2012
than at any time in history. The information growth rate exceeds the limits in
Moore’s Law at the beginning of this century and it is expected that the
amount of digital data will grow from 898 exabytes (1018 bytes) to 6.6
zettabytes (1021 bytes) between 2012 and 2020 [190,191]. Therefore, it is not
surprising that the time period is called the “Era of Big Data” [192]. As the
amount of data increases, analysis will become more challenging because of
not only the collection and storage but also the difficulties in acquiring useful
information from that data [193]. Even though some approaches, such as the
clustering-based approach provided in this study, can be used for decision
making problems with a high number of decision makers (e.g., more than 20
decision makers [99]), existing decision-making methods and tools are not
suitable for big data decision making problems where the number of decision
makers and variety of the data format is extremely high. Therefore, it is
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challenging to develop new objective methods for deriving the importance of
decision makers in big data decision making problems.
•

Decision support system (DSS): A DSS can improve the quality, efficiency
and effectiveness of decision making process [194], [195]. Due to the
growing challenge in making better and faster decisions, there is a growing
need for DSS as well [196], [197]. Since the evolution from a single decision
maker to multiple decision makers adds too much complexity to the analysis,
it is much more needed in GDM, where dealing with complexity and
uncertainty is the key factor in better and faster decisions. However, it is
observed that most of the studies do not provide a DSS. Even though the
proposed objective methods in the literature for deriving weights of decision
makers are generally straightforward, they hardly support situations in which
different data types are needed to use. Besides that, it is obvious that the more
the dynamic weighting methods are developed; the higher the necessity for a
DSS it is. Additionally, there may be some cases in which decision makers do
not have the opportunity to meet physically at the same time and place. As
previously mentioned, the need for new methods, which can deal with bigger
groups, grows. In such circumstances, a web or mobile technologies based
DSS, which can process different types of data and work with large virtual
groups, can serve as an efficient tool in order to organize remote and
asynchronous meetings with virtual groups [198], [199].

•

Assigning different weights to decision makers for different criteria: In GDM
problems, attitudes, motivations and understanding of a common problem
differs from individual to individual depending on the expertise, background,
and knowledge of participating individuals. Moreover, the expertise of the
decision makers can also be different for the different dimensions of the
problem. For instance, when making a decision in sustainable development,
decision makers from environmental, economic and social fields would
involve in. In such a problem, a decision maker whose expertise in
environment would contribute more to the solution with regards to the
environment-based criteria while his/her contribution would be relatively less
regarding economic and social criteria. However, almost all of the methods to
determine experts’ weights assign only one weight to each decision maker
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regardless of his/her expertise on the criteria. Therefore, developing new
methods, which assign different weights to the decision makers for each
criterion or group of criteria, could be considered to be a challenging research
subject for the future studies.
•

Sensitivity analysis: As already mentioned, one of the most important inputs
of GDM is the weight of decision makers since they directly affect the final
output. Therefore, assigning inappropriate weights to decision makers can
lead to incorrect and erroneous results that cannot be compensated for in the
final solutions. One of the simplest ways to find out how an aggregated
solution varies with the changes in the weights of decision makers either
individually (i.e. one-factor-at-a-time) or together is sensitivity analysis
[200]. A well-structured sensitivity analysis identifies the inputs that need
more attention and have little impact on final solution [201]. In the related
literature, there are several studies, which conduct a systematic investigation
of GDM inputs by changing the set of criteria, criteria weights, or
aggregation procedure [202], [203]. However, our study shows that most of
the studies do not perform a sensitivity analysis on the decision makers’
weights. It is suggested that researchers include sensitivity analysis in the
future studies in order to discover the effect of decision makers’ weights on
the aggregated solution.

•

Side effects of weighting decision makers: Decision maker weights show their
importance or reliability in solving a particular GDM problem. Therefore,
assigning a lower weight to some decision makers means that they are
accepted to be less reliable or less important among others. It may cause
demoralization and demotivation and may decrease the quality of
contributions. While assigning the weights, supervisors, who are responsible
for managing the decision making process, have to be very careful not to
cause that kind of problems. Academics are better to find ways to deal with
these problems while developing methods for deriving decision making
weights.

In Chapter 3, in order to demonstrate the application of integrated approaches in the
Chapter 2, a new method, that derives decision makers’ combined weights using the
geometric weights consensus index (objective method) and the subjective weights
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provided by a supervisor, is developed. The contribution of this study is twofold.
First, the developed method integrates the AHP based methodology depending on the
geometric cardinal consensus index provided by Blagojevic et al. and the subjective
weights of decision makers provided by a supervisor [97]. Second, an application in
a medical decision making problem is provided; the methodology is used to derive
the pediatric surgeons’ objective and subjective weights for the first time. We derive
the integrated relative weights of the medical doctors while choosing an appropriate
anesthesia method among 3 alternatives (general anesthesia, local anesthesia and
sedation), to apply in the surgical operations.
The proposed method does not take the criteria into the account and utilize only
GCCI to calculate the objective weights of decision makers. We also assume that , α,
which shows the proportion of the impact of subjective and objective weights, is
taken 0.6. and subjective weights are assumed to be equal, 0.33 for each decision
maker. Therefore, as a future study, a multi-attribute GDM problem can be studied
where different criteria are taken into consideration. Different indices can be utilized
other than GCCI and results of these indices can be compared. Moreover, different
proportion levels and subjective weights can be applied to evaluate the effect of these
values on the final solution.
A clustering based LSGDM approach to sensor fusion is provided in Chapter 4.
Since the developed method is a clustering based, it gives satisfactory results in the
sensor networks containing multiple sensors. The raw data are converted to the
BPAs; therefore, it can work under uncertainty. The exit mechanism, which takes the
reliability of sensors into the consideration, decreases the risk of having conflicting
sensors that may result in counter-intuitive solutions. As an extension of the
conventional GDM, the LSGDM, where more than 20 decision makers are involved
in decision making process, faces the same problem about deriving weights [64].
Consequently, the proposed method takes into account the reliability of the sensors
by assigning three objective weights to each cluster. Moreover, the method enables
to give subjective weights to each cluster to reflect the supervisors/analyst expertise
and background in the problem area. Assigning weights to each sensor cluster,
instead of each sensor, offers ease of application and calculation.
The validity and the applicability of the developed method are confirmed by
experiments in the Ionosphere and forest type mapping data sets [133], [134]. For
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ionosphere dataset, for both “bad” and “good” classes, the detection probability rises
in “after exit mechanism” and “final fusion” stages when compared to “initial
fusion” results. Correspondingly, the false alarms probability decreases with
increasing detection probability. In the same way, the classification rate, which
shows the classification performance for both classes increases. Parallel to the
ionosphere dataset outcomes, for “mixed broadleaf” and “hinoki” classes, the
detection probability increases in “after exit mechanism” and “final fusion” for forest
type mapping data set. The false alarms probability decreases for both “mixed
broadleaf” and “hinoki” while it increases for “sugi” class.
In this study, a recent BPA construction method, two reliability measures and three
objective weight generation methods are used [128], [162]. As future studies;
different BPA construction methods, reliability measures, objective weight
generation techniques can be applied and the results can be compared with the ones
in this study. In addition to that, there was no expert to evaluate the datasets and
sensors for our experiments, and the subjective weights are assumed to be equal to
the combined objective weights. Therefore, the proposed method can be applied to
other datasets which can be evaluated appropriately by professionals. Lastly, the
proposed method deals with the discrete data. However, in most of the sensor
networks, data stream continuously and arrives at high speeds. The proposed method
can be modified to deal with this huge amount sensory data as a future study.
During the preparation of this thesis, we encountered some difficulties. Accordingly,
in conclusion, we provide some information about these difficulties. First of all, there
are limited number of studies related to the deriving the decision makers’ weight in
the literature. Therefore, we could only utilize 55 publications on this subject to
cover the related literature and to propose the new classification scheme provided in
Chapter 2. Proposed methods in Chapter 3 and Chapter 4 use objective weights as
well as the subjective weights which needs to derive from the expert’s subjective
evaluations. However, we encountered difficulties to access the experts, especially in
sensor fusion, to obtain subjective weights. Therefore, the subjective weights of
decision makers are considered to be equal for both studies in Chapter 3 and Chapter
4. Another difficulty that we faced is to find an appropriate dataset to show the
applicability and the validity of the proposed methods. Therefore, we searched
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several dataset repositories and found that UCI Machine Learning Repository was a
useful source for classification datasets.
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