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As a major research topic of decision making, multicriteria
decision making (MCDM) has extensive applications in
practical decision making. It is a modeling and method-
ological tool for dealing with complex engineering problems.
Decision makers need to solve many issues with incomplete
and uncertain information in the MCDM problems. The
MCDM is dealing with structuring and solving decision
and planning problems involving multiple criteria to support
decision-makers. Typically, there does not exist a unique
optimal solution for such problems, and the decision-maker
usually differentiates the solutions based on their tools, in
which fuzzy set theory plays an important role.

The fuzzy set theory is recognized as an important
technique for problemmodeling and solving. Fuzzy sets were
introduced by Zadeh in 1965 as the extension of the classical
notion of sets [1]. Almost all early interests in fuzzy set theory
pertained to representing uncertainty in human cognitive
processes, and now the fuzzy set theory has been extended to
problems in engineering, business,medical and related health
sciences, and the natural sciences [2, 3].

TheMCDMhas been broadly used in the world andmore
theories were proposed to solve the MCDM problems, such
as the paper by R. Liao and H. Zheng et al. introduced an
integrated model based on the fuzzy theory and evidential
reasoning decision-making approach to the condition assess-
ment of power transformers [4]. Their experimental results
indicated that the integrated model could accurately assess
the operating conditions of power transformers. Hence, this
integrated method can be regarded as a radical innovation
in the monitoring of electric devices. Another successful

application ofMCDM is in the face recognition. Ramalingam
described an application of MCDM for multimodal fusion
of features in a 3D face recognition system [5]. The fuzzy
interval-valued TOPSIS (IVFT) approach for fusing multi-
modal features in a 3D face recognition systemwas proposed,
which significantly improved recognition accuracy.

This special issue collects eight papers involved in the
MCDM, which is in accordance well with the main features
summarized above. Their investigations were applied to
diverse disciplines (electrical engineering, computer science,
economics, transportation, and gemstone identification) to
assist the decision-makers to make the optimal choice.

First, the paper by N. A. Sedova et al. provides a neural-
fuzzy approach to solve the problem of ship collision pre-
vention in a heavy traffic zone. The authors presented the
technique of using amaneuvering board to form the elements
of learning samples by generating 192 different simulating
models of neural fuzzy ship collision prevention systems
through the lattice-free clustering method, as well as 288
neural-fuzzy ship collision prevention systems, where the
network was generated through the subclustering method.
Simulation studies show that the hybrid optimizationmethod
has the best performance. The testing of the most effective
neural-fuzzy ship collision prevention systems proved that
they can accurately determine the value of changing the ship-
operator course to avoid the ship collision.

Next paper by B. Erdebilli et al. entitled “Using Intuition-
istic Fuzzy TOPSIS in Site Selection of Wind Power Plants in
Turkey” discussed how to select an appropriate site to build
a wind power plant. They employed the TOPSIS method
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combined with the intuitionistic fuzzy numbers which are
reflecting the judgments of decision makers and dealing
with the complexity in the decision process, so that more
accurate results can be achieved. Wind potential, location,
cost, and social benefits were defined as the dimension of
criterion, and the ten selected criteria were collected under
these dimensions. The weights of the criterion importance
were decided in the establishment of the wind power plant
and the selection was made. Based on the calculated data, the
most appropriate site for the wind farm was determined.

A. Guleria and R. K. Bajaj in the paper entitled “Pytha-
gorean Fuzzy (𝑅, 𝑆)-Norm InformationMeasure forMulticri-
teria Decision-Making Problem” propose a new parametric
(𝑅, 𝑆)-norm information measure for Pythagorean fuzzy set
along with the proof of its validity and discuss its maximality
and the monotonic behavior with respect to parameters
under consideration. Further, an algorithm for the MCDM
problem has been proposed and implemented with the help
of two different kinds of numerical examples where weights
are partially known or entirely unknown. Finally, the work
has been concluded by providing the scope for future work.

The study by H. Hui et al. entitled “Ultra-Short-Term
Prediction of Wind Power Based on Fuzzy Clustering and
RBF Neural Network” shows that the precision of predicts
wind generation by using fuzzy clustering and RBF neural
networks. The power output of the wind farm is affected by,
for example, wind speed, wind direction, the tail flow effect
of units, and so on. Each unit’s output has a certain influence
on the others. According to the output of the wind turbines
and the uncertain relationship between these factors, fuzzy
clustering and RBF neural network are combined to establish
a two-step prediction model. Different contributions of the
wind turbines at different spatial positions to the power of
wind farm and the correlation of wind power time series are
also considered. Compared to theARIMA forecastmodel and
single RBFmodel, it was verified that the two-step forecasting
method can effectively improve the precision in the ultra-
short-term power prediction.

A. Janjic in the paper entitled “DistributionNetwork Risk
Assessment Using Multicriteria Fuzzy Influence Diagram”
proposes a newmethodology for themulticriteria risk assess-
ment of the distribution network assets, based on influence
diagrams and fuzzy probabilities. The influence diagram has
been used to determine all relevant factors concerning risks
and their interdependencies. And the fuzzy probabilities are
represented by triangular fuzzy numbers with constraints
on the feasibility of elicited probabilities. This methodology
enables the decision process in an uncertain environment,
with the impact evaluation of each particular distribution
asset or the asset component. The methodology was verified
by the case study of selecting the maintenance strategy of
distribution substation circuit breakers.

M. S. D. Putra et al. in the paper entitled “FuzzyAnalytical
Hierarchy ProcessMethod toDetermine theQuality of Gem-
stones” utilized a fuzzy analytical hierarchy process (F-AHP)
method to choose and assess the quality of gemstones to be
traded. It iswell known that the gemstone identificationneeds
not only relevant professional knowledge but also abundant
experience. By using the F-AHPmethod, the decision-maker

canmakemore efficient, flexible, and realistic decisions based
upon the available criteria and alternatives.

A. Basu and S.Ghosh in the paper entitled “Implementing
Fuzzy TOPSIS in Cloud Type and Service Provider Selection”
use multicriteria decision-making method to find out the
best service provider among the top existing four companies
and choose the deployment model as per requirement. As
one of the leading-edge technological advances in the IT
industry, cloud computing has been extensively applied to
various industries. However, consumers often face difficulties
in selecting the most suitable one from numerous cloud
providers as per their requirements. This paper analyzes
different criteria for choosing the suitable service provider
along with the deployment model using theMCDM concept.
The evaluation is carried out by using the technique for
order preference by similarity to an ideal solution (TOPSIS)
method. The MCDM method helps decision makers in inte-
grating objective measurements with value judgments based
on collective group ideas other than individual opinions.The
best alternative is deduced based on the shortest distance
from the fuzzy positive ideal solution and farthest distance
from the fuzzy negative ideal solution.

The study by T. O. Fahad and A. A. Ali entitled “Multiob-
jective Optimized Routing Protocol for VANETs” adopts an
optimized integrated multicast, multicriteria, adaptive route
lifetime as a routing protocol for VANETs, whereby only an
optimal subset of neighbor vehicles is chosen to relay route
request (RREQ)messages based ondistance, direction, speed,
and future direction information in a combined sender-
receiver manner. Fuzzy controllers were employed to assess
routes’ costs and their lifetimes. Furthermore, artificial bee
colony (ABC) algorithm was used to concurrently optimize
all used fuzzy systems and obtain the optimal highest rank
of links’ cost values within which the neighbors could be
selected as relay nodes in a route discovery process. And the
simulation results prove that the proposed routing scheme
significantly improves the network performance in both
urban and highway scenarios, under different situations of
vehicle density.
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Vehicular ad hoc network (VANET) routing protocols have been attracting a considerable attention of both research and industrial
communities, due to their significant role in intelligent transportation system applications. The present paper adopts an optimized
integrated multicast, multicriteria, adaptive route lifetime as a routing protocol for VANETs. Whereby only an optimal subset
of neighbor vehicles is chosen to relay route request (RREQ) messages based on distance, direction, speed, and future direction
information in a combined sender-receiver manner. Among those selected optimal paths for route discovery, the best route with
lowest cost will be chosen for forwarding data packets for a specified duration assigned depending on the obtained cost and number
of intermediate vehicles of that route. Fuzzy controllers were employed to assess routes’ costs and their lifetimes. Furthermore,
artificial bee colony (ABC) algorithm was used to concurrently optimize all used fuzzy systems and obtain the optimal highest
rank of links’ cost values within which the neighbors could be selected as relay nodes in route discovery process. Simulation results
prove that the proposed routing scheme significantly improves the network performance in both urban and highway scenarios,
under different situations of vehicle density.

1. Introduction

The vehicular networks [1, 2] are a promising technology that
enables smart vehicles to exchange wireless messages among
themselves, in order to achieve more convenient and safer
transportation system. These messages may include infor-
mation about traffic flow condition, adaptive trip assistance,
warnings and alarms, and parking or gas station availability,
as well as infotainment applications.

These numerous VANET applications substantially rely
on VANET routing protocols [3, 4], which are originated
from preceding wireless mobile ad hoc network (MANET)
algorithms but have been extensively reformed to cope with
VANET characteristics and requirements.

The unique VANET characteristics of highly mobile
vehicles, limited coverage area, intermittently wireless con-
nection, and traffic density, in addition to restriction ofmove-
ment within road patterns and traffic rules, make providing
more reliable and efficient routing protocol for these chal-
lenging networks is still an open research topic; some of these
recently related studies attend.

Li et al. [5] propose an adaptive QoS routing by using
terminal intersections and an ant colony algorithm to search
the optimal route based on connectivity probability, packet
delivery ratio, and delay.

Al-Kharasani et al. [6] propose a particle swarm opti-
mization tuned optimized link state routing protocol consid-
ering multiple objectives of throughput, packet delivery ratio,
delay, and normalized routing overhead to evaluate the fitness
function.

Latif et al. [7] offer an algorithm to select the next
forwarder vehicle by using multicriteria based mathematical
formulation considering direction, position, and distance of
vehicles with respect to source vehicle.

Zhang et al. [8] suggest multicast routing protocol based
on microartificial bee colony, in which energy consumption
and transmission delay are considered tomeasure the quality.

Miao et al. [9] present fuzzy logic based routing scheme
that forward broadcasted packets depending on fuzzifying
two factors regarding distance and time delay.

Nabil et al. [10] propose a scheme to select the most stable
route and predict its lifetime by calculating the link stability
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time of vehicle’s neighbors according to mathematical equa-
tions taken into account four cases of same or opposite
direction of movement with same velocity or not.

However, the essential uniqueness of the current study
represents by addressing the main three critical issues of
routing in VANET in associative form; the first problem is
the blind broadcasting of route request (RREQ) messages in
route discovery phase, which result in high control messages
overhead and packet collision problem especially in high
dense network, or even in a sparse network with high packet
transmission rate.

While the second issue regards high route breakage as
a result of the omission of some affecting criteria in route
selection process, resulting in high number of error messages
and lost data packets.

Whereas the third issue treats the dilemma of using fixed
route lifetime, regardless of the situation of the selected route,
which might lead to disrupt some valid routes or consider
some others as valid while they were broken.

Even though there are a number of works concerning the
above first two problems [7–9, 11–13], they mostly consider
only two or three factors in their studies. And some are
completely based on sender to specify the relay nodes
[11, 12], which typically require exchanging periodic hello
messages, while the others are completely based on receiver
to determine whether to rebroadcast the packet or not [9, 13],
and as a consequence some redundant broadcasts are still not
eliminated.

On the other hand, few works attend the third men-
tioned dilemma of routing in VANET environment [10, 14];
they mainly depend on mathematical models that take into
account only two factors.

Particularly, this proposed protocol incorporates the
principles of fuzzy systems to improve the decision-making
processes of ad hoc on demand distance vector (AODV)
routing protocol for vehicular network environment by
evaluating the link cost of every neighbor in a combined
sender-receiver fashion, taking the information of distance
and direction into account at sender, in addition to con-
sidering speed and future direction information at receiver.
This is in order to select only a subset of optimal relay
neighbors for route discovery process, as well as select the
best route for carrying data. Additionally, it could predict
the lifetime of each selected route considering its obtained
cost, besides number of its involved hops. Moreover, ABC
optimized algorithm is used to generate the proposed fuzzy
memberships’ vertices and rules, aside from thresholds of
selected relay neighbors’ link cost.

More specifically, the main contribution keys of the
proposed scheme in the present work can be summarized as
follows:

(i) Three-step optimization using fuzzy systems in route
discovery phase, regarding choosing relay nodes and
appropriate route considering the most effective sta-
bility factors, in addition to specifying each route
lifetime.

(ii) Combined sender-receiver-based multicast routing
protocol without the overhead of using periodic Hello

packets, as well as mitigating the shortcoming of
completely receiver-based forwarding decider.

(iii) A novel stability factor regarding next direction of
vehicles considered in route discovery phase, without
transferring this datum to keep security of vehicles’
future movements.

(iv) Multiple factors of distance, direction, speed, future
direction, and number of hops considered in the
proposed scheme.

(v) Automatic-extracted fuzzy controllers using artificial
bee colony optimization.

(vi) Four objectives of optimization process considered:
maximizing packet delivery ratio and throughput,
andminimizing delay and number of control packets.

The rest of the paper is organized as follows: Section 2
describes the optimization algorithm used in the present
study. Section 3 gives details about the proposed routing
scheme. Simulation parameters and comparative results are
presented in Section 4. Finally, conclusions and suggested
future works are conferred in Section 5.

2. Employed Optimization Method

2.1. Artificial Bee Colony (ABC) Optimization. ABC opti-
mization [15–17] is a swarm intelligent based scheme that
simulates the foraging behaviour of honey bee colonies.

It is simple and flexible algorithm, requiring few parame-
ters to be tuned; moreover, it could be hybridized with other
intelligent algorithms easily.

Furthermore, many studies [18–20] have proven the
efficiency and accuracy of using ABC optimization and
hybridization over many other popular optimization meth-
ods.

The general structure of ABC optimization algorithm
consists of three groups of artificial bees: employed, onlooker,
and scout bees.

Each employed bee is associated with a food source
(possible solution) and shares the position information and
nectar amount (quality or fitness cost) of these sources
with onlooker bees for further processing. The onlooker
bees decide the best profitable source food according to a
probability selection process. When a food source does not
improve up to a predefined number of trials, the food source
is rejected by the bees and the corresponding employed bee
becomes a scout bee.

More details about ABC algorithm are given below:
First, let 𝑥𝑖 = [𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝐷] denote the i

𝑡ℎ solution in
the population, where 𝑖 = 1, 2, . . . , 𝑆𝑁; however, SN reflects
the size of solutions in the population and is taken as half of
the bee colony (equals number of employed bees or onlooker
bees), whileD represents the number of optimization param-
eters.

2.1.1. ABC Initialization Phase. The ABC generates a ran-
domly distributed initial population of SN solutions within
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Figure 1: Food sources structure.

the range of boundaries according to the following equa-
tion:

𝑥𝑖𝑗 = 𝑥
𝑚𝑖𝑛
𝑗 + (𝑥𝑚𝑎𝑥𝑗 − 𝑥𝑚𝑖𝑛𝑗 ) ∗ rand (0, 1) (1)

where 𝑥𝑚𝑖𝑛𝑗 and 𝑥𝑚𝑎𝑥𝑗 are the lower and upper bounds of
𝑥𝑖𝑗.

After solutions generation, the fitness function fit𝑖 for all
initial solutions in the population is evaluated.

2.1.2. ABCEmployedBee Phase. In this phase, each solution is
assigned to an employee bee, which produces a modification
on the position of the solution as follows:

V𝑖𝑗 = 𝑥𝑖𝑗 + 𝜑𝑖𝑗. (𝑥𝑘𝑗 − 𝑥𝑖𝑗) (2)

where V𝑖𝑗 is the mutant solution of the original solution,
𝜑𝑖𝑗 is a randomnumber in the range [-1, 1], and k is a neighbor
of i, k ̸= i.

After that, a greedy selection is performed by the
employed bee between the original solution and its mutant
according to their fitness evaluation values.

2.1.3. Probability Calculation Phase. For each solution, a
probability value 𝑝𝑖 which is proportional to its quality is
calculated as

𝑝𝑖 =
𝑓𝑖𝑡𝑖

∑𝑆𝑁𝑛=1 𝑓𝑖𝑡𝑛
(3)

2.1.4. ABC Onlooker Bee Phase. The onlooker bee evaluates
the information taken from the employed bees and selects
the solution with the highest probability value. Next, the
same as employed phase mechanism of position adjustment
and greedy selection are applied by the onlooker bees to
memorize the better solutions.

2.1.5. ABC Scout Bee Phase. If a solution does not improve up
to a predefined number of trials (exceeds a control parameter
called Limit), the solution is abandoned, and its correspond-
ing employed bee becomes a scout bee which replaces it with
a new randomly solution using (1).

The execution of the above four phases will be repeated
until reaching the maximumnumber of cycles for search, and
the best obtained solution is given as the optimized output.

2.2. ABC Optimized Fuzzy System. Fuzzy logic [21, 22] has
been widely employed for supporting many intelligent based
real world systems especially under imprecise and uncertain
information.

Typically, the knowledge base unit which consists of data
base and rule base represents the heart of any fuzzy system.

However, the manual generation of the fuzzy knowledge
base depending on system knowledge and trial and error
process is a very tedious and time consuming task. Moreover,
it does not guarantee the construction of an optimal system.

As a solution, ABC optimization is proposed to automati-
cally extract the optimal rule set, with “do not care” condition
exploration for more compact rules acquiring and tuning the
membership functions for all the proposed fuzzy controllers.

Since all the proposed fuzzy controllers are depended,
a collection of all membership function vertices for fuzzy
inputs and outputs, in addition to linguistics for consequents
of the rules, is encoded into the food source as shown in
Figure 1 to guarantee the simultaneous upgrowth of the whole
model parameters within the given search space.

In order to reduce number of optimization parameters to
speed up the optimization process, themembership functions
which were used for the proposed fuzzy controllers were set
to triangular type, since it has proven more efficiency than
other types in such network model [23–26].
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Three linguistic terms were associated with each fuzzy
input (Low, Medium, and High) and five for the output
(Very Low, Low, Medium, High, and Very High) to get more
accuracy.

As will be presented in next section, most fuzzy inputs
were put in a ratio form, so that the first and last membership
points were fixed and did not need to optimize. This gives a
total of five membership optimized points which are required
to represent each fuzzy input as shown in Figure 2.

Similar to the above mechanism, a total of eleven mem-
bership optimized points are required to represent the first
two fuzzy controllers output, and an extra point are added in
the last fuzzy controller output to get the optimal maximum
route lifetime point.

In other respect, to generate the optimal rule base set,
the fuzzy output linguistic terms are coded into real numbers
from 1 to 5, and ‘0’ value is used to represent the rule
absence. Hence, each rule antecedent may take an integer
value ranging from 0 to 5, such that ‘1’ represents ‘Very Low’,
‘2’ represents ‘Low’, and so on.

Furthermore, the objective of the optimization process
in this work is to explore the best fuzzy models besides link
rank thresholds that would be incorporated in the proposed
routing algorithm to meet the best network performance
outcomes through multiple objectives of maximizing packet
delivery ratio (PDR) and throughput (Th) and minimizing
delay (D) and number of control packets (C).

This requires integrating between the network simulation
and the optimization process to evaluate the network perfor-
mance response for a specific time interval (t) in respect to
each available solution.

A weighted sum is used to aggregate these multiple
objectives into a single objective function as

Maximize 𝐹 (𝑥𝑖) = 𝑤1.𝑓𝑃𝐷𝑅 (𝑥𝑖) + 𝑤2.𝑓𝑇ℎ (𝑥𝑖)

+ 𝑤3.
1

𝑓𝐷 (𝑥𝑖)
+ 𝑤4.

1
𝑓𝐶 (𝑥𝑖)

(4)

where each individual objective factor term is qualified as a
ratio between theobtained performance metric in response

to the applied solution (𝑥𝑖) with respect to the original
achieved result by means of the traditional protocol, in order
to quantify the efficiency of change in each evaluation term
under using the available solution model in the proposed
routing protocol as

𝑓𝑃𝐷𝑅 (𝑥𝑖) =
PDROFAODV (𝑥𝑖)


𝑡=100𝑠

𝑡=0

𝑃𝐷𝑅𝐴𝑂𝐷𝑉

𝑡=100𝑠

𝑡=0

(5)

𝑓𝑇ℎ (𝑥𝑖) =
𝑇𝐻𝑅𝑂𝑈𝐺𝐻𝑃𝑈𝑇OFAODV (𝑥𝑖)


𝑡=100𝑠

𝑡=0

𝑇𝐻𝑅𝑂𝑈𝐺𝐻𝑃𝑈𝑇𝐴𝑂𝐷𝑉

𝑡=100𝑠

𝑡=0

(6)

𝑓𝐷 (𝑥𝑖) =
𝑀𝐸𝐴𝑁 𝐷𝐸𝐿𝐴𝑌OFAODV (𝑥𝑖)


𝑡=100𝑠

𝑡=0

𝑀𝐸𝐴𝑁 𝐷𝐸𝐿𝐴𝑌𝐴𝑂𝐷𝑉

𝑡=100𝑠

𝑡=0

(7)

𝑓𝐶 (𝑥𝑖)

=
𝑁𝑜. 𝑂𝐹 𝐶𝑂𝑁𝑇𝑅𝑂𝐿 𝑃𝐴𝐶𝐾𝐸𝑇𝑆OFAODV (𝑥𝑖)


𝑡=100𝑠

𝑡=0

𝑁𝑜. 𝑂𝐹 𝐶𝑂𝑁𝑇𝑅𝑂𝐿 𝑃𝐴𝐶𝐾𝐸𝑇𝑆𝐴𝑂𝐷𝑉

𝑡=100𝑠

𝑡=0

(8)

Meanwhile, in light of the facts that the four performance
metrics are equally substantial and all the measured factors
fall within the same range, 0.25 has been assigned to each
weight value (𝑤𝑘).

3. Proposed Routing Scheme

At first assume that each vehicle is equippedwithGPS naviga-
tion system facility [27, 28] to get updated information about
vehicle position, road map, and traffic information, besides
multiplanned destination directions. Moreover, assume an
array antenna [29, 30] is utilized in each vehicle to get location
and angle of movements of neighbor vehicles.

Apart from assumption issue, the proposed routing
scheme Optimized Fuzzy AODV (OFAODV) is looking up
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Vehicle hasn’t a valid 
data route to dest.

Figure 3: Additional steps of OFAODV before RREQ send/forward.

to tune the most used routing protocol in literature: AODV
routing protocol [31, 32] within three stages during the route
discovery phase. The first two stages are carried out before
sending the (RREQ) packet, while the last stage is regarding
specifying the selected route lifetime in the route reply
packet.

In the first modification stage (Figure 3), each vehicle
evaluates every one-hop neighbor link rank (Rank I) before
attempting to send the RREQ packet using fuzzy logic
that combines two factors of direction of neighbor vehicle
with respect to destination direction, besides distance factor,
which is calculated as a ratio between next node distance to
destination as a ratio to current node distance to destination
as follows:

Direction Factor

=
𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟 𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑛𝑔𝑙𝑒 − 𝐷𝑒𝑠𝑡.𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑛𝑔𝑙𝑒


1800

(9)

Distance Factor =
Distance from Neighbor to Dest.

Distance from Current node to Dest. (10)

Consequently, up to only three neighbors with the
fewest link rank are specified to be as relay nodes, only if
their obtained links’ rank is less than a particular value of
Rank1 High (Threshold I).

The second tuning stage (Figure 4) starts upon arriving
the RREQ packet to the relay node, which assesses Rank
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Figure 4: Additional steps of OFAODV upon RREQ receiving.

II value of link cost using other fuzzy system joints, other
two factors of change in next direction of that vehicle and

speed variance between current and previous vehicle as
follows:

Next Direction Factor =
𝑁𝑜𝑑𝑒 𝑁𝑒𝑥𝑡 𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑛𝑔𝑙𝑒 − 𝑁𝑜𝑑𝑒 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝐴𝑛𝑔𝑙𝑒


1800

(11)

Speed Factor =
𝑁𝑜𝑑𝑒 𝑆𝑝𝑒𝑒𝑑 − 𝑃𝑟𝑒V𝑖𝑜𝑢𝑠 𝑁𝑜𝑑𝑒 𝑆𝑝𝑒𝑒𝑑


𝑀𝑎𝑥 𝐴𝑙𝑙𝑜𝑤𝑎𝑏𝑙𝑒 𝑆𝑝𝑒𝑒𝑑

(12)
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Figure 5: Packet delivery ratio (%) vs. no. of vehicles.
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Figure 6: Throughput (pkt/sec) vs. no. of vehicles.

The RREQ packet will be forwarded only if the obtained
Rank II value of the link cost is less than a specific value of
Rank2 High (Threshold II).

Moreover, the link with the fewest integrated Rank I plus
Rank II cost will be selected to construct the optimal route to
the destination.

Last modification stage executed before the destination
sends the route reply packet, and the information of route
cost and number of hops in the received RREQ packet are
incorporated using fuzzy logic to predict the selected route
lifetime.

Furthermore, the values of Rank1 High, Rank2 High, all
fuzzy membership functions’ vertices, and fuzzy rules are
optimized using ABC algorithm (as described in previous
section) aiming to improve the most important network
performance outcomes.

4. Simulation Model and Results

A simulated area of 3km by 3km of real maps of Basra city
and i95 highway is generated using bidirectional coupling of
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Figure 7: Mean delay (Sec) vs. no. of vehicles.
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Figure 8: No. of sent control packets vs. no. of vehicles.

SUMO and OMNeT++ simulators to allow direct interaction
between vehicular traffic dynamics and network communica-
tion system. Along 1000 simulated seconds, a number of 100,
200, 300, 400, and 500 vehicles are simulated to move within
each simulated map with TraCI mobility model, each vehicle
has a transmission range of 250 m, IEEE 802.11p was used as
a medium access control protocol, and UDP data traffic was
generated with 512B in size for each sent packets.

On the other hand, the present proposed routing pro-
tocol (OFAODV) has been simulated and compared with
other three protocols: AODV routing protocol, Fuzzy Logic

Routing Based on forwarding optimization (FLRBF) [9], and
Fuzzy basedAODVrouting (FAODV), whereby three criteria
regarding number of relay vehicles, distance, and speed
of movement of vehicles are considered in route selection
decision using fuzzy logic.

The performance evaluation of all the simulated protocols
is carried out in terms of packet delivery ratio (Figure 5),
throughput (Figure 6), mean delay (Figure 7), and number
of sent control packets (Figure 8).

The obtained results have clearly demonstrated the sig-
nificant improvement of network performance when using
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the proposed method (OFAODV routing) by an average
of 23.15%, 45.77%, 75.15%, and 57.65% over the traditional
AODV protocol in PDR, throughput, delay, and number of
sent ctrl packets, respectively as compared with 13.84%,
27.56%, 40.22%, and 22.43%, percentage of achieved improve-
ment by means of FAODV protocol, and an upgrading aver-
age of 9.47%, 17.14%, 30.38%, and 18% under FLRBF protocol.

5. Conclusion

The present work introduces an optimal routing method that
eliminates the dissemination of RREQ packets; also it could
reduce routes error and contention overhead by augmenting
the efficiency of the selected routes, with the ability to predict
their optimal lifetime.

In order to accommodate that, three two-inputs fuzzy
systems are employed based on multiple criteria of distance,
direction, speed, future direction, and number of hops
information.

Furthermore, artificial bee colony optimization algorithm
is used to automatically extract these fuzzy systems’ mem-
berships and rules, as well as obtaining link cost limitations
within which relay nodes are selected.

Simulation results verified that the proposed routing
protocol significantly improves the network performance in
terms of packet delivery ratio, throughput, end to end delay,
and number of control packets in both urban and freeway
environments under different conditions of vehicle density.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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Cloud computing can be considered as one of the leading-edge technological advances in the current IT industry. Cloud computing
or simply cloud is attributed to the Service Oriented Architecture. Every organization is trying to utilize the benefit of cloud not
only to reduce the cost overhead in infrastructure, network, hardware, software, etc., but also to provide seamless service to end
users with the benefit of scalability. The concept of multitenancy assists cloud service providers to leverage the costs by providing
services tomultiple users/companies at the same time via shared resource.There are several cloud service providers currently in the
market and they are rapidly changing and reorienting themselves as per market demand. In order to gain market share, the cloud
service providers are trying to provide the latest technology to end users/customers with the reduction of costs. In such scenario,
it becomes extremely difficult for cloud customers to select the best service provider as per their requirement. It is also becoming
difficult to decide upon the deployment model to choose among the existing ones.The deployment models are suitable for different
companies.There exist divergent criteria for different deployment models which are not tailor made for an organization. As a cloud
customer, it is difficult to decide on the model and determine the appropriate service provider. The multicriteria decision making
method is applied to find out the best suitable service provider among the top existing four companies and choose the deployment
model as per requirement.

1. Introduction

Cloud computing (CC) provides service to users adopting
the distributed computing model. It provides computing
resources and service to the users as per demand. Cloud com-
puting enhances user’s opportunity who can access infras-
tructure and software applications in a ubiquitous manner
[1]. Hardware and licensing costs can be leveraged by uti-
lizing cloud computing and customers can be served in an
efficient manner with the aid of scalability attribute. Service
offerings in cloud are complex and are constantly evolving.
On-demand resource provisioning, broad network access,
resource pooling, rapid elasticity, and measured services are
some of the key characteristics in cloud computing. Var-
ious organizations are trying to adopt cloud from their
existing IT infrastructure. The scalability and potential cost
effectiveness are attracting various organizations to shift to
cloud environment. Recent surveys have revealed that various

organizations are willing to transfer their applications to
cloud to avail the diverse advantages it offers. The cloud
computing market has been growing over the years and
the service providers are trying to gain foot hold in the
market with various offers in terms of services [2]. There
are several cloud service providers in current scenario who
are providing services almost identical in nature but with
variation in characteristics and offerings. The consumers
often face difficulty in selecting the best cloud provider as
per their requirement. Cloud providers including Amazon
Web Services (AWS) andMicrosoft give customers the choice
to deploy their applications over a pool of virtual services
with practically no upfront investment and with an operating
cost proportional to their actual usage [3]. The cloud service
providers help the companies to concentrate on their core
business areas, but there are certain factors and parameters
which customers need to consider during choice of service
[4]. Cloud has different deployment models (Public, Private,
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and Hybrid) and different service models like SaaS, PaaS,
and IaaS. Big IT organizations like Google, IBM, Microsoft,
Amazon, etc., are offering various cloud services to users.
It becomes an uphill task for a cloud customer or user to
determine which company to choose [5, 6]. Also it becomes
complex to decide on the deployment model. Customers are
lacking relevant experience and information to assess the
service providers capability in various occasions.

This paper analyzes the different criteria for choosing the
suitable service provider along with the deployment model
using the Multi Criteria Decision Making (MCDM concept).
The evaluation will be done using the Technique for Order
Preference by Similarity to an Ideal Solution (TOPSIS)
method [7]. MCDM method helps decision makers (DMs)
in integrating objective measurements with value judgments
that are based on collective group ideas instead of individual
opinions.

The best alternative is deduced based on the shortest
distance from the fuzzy positive ideal solution (FPIS) and
farthest distance from the fuzzy negative ideal solution
(FNIS). FPIS refers to maximization of benefit criteria while
minimizing cost criteria whereas FNIS will maximize cost
criteria and minimize benefit criteria. Utilizing the concept
of Fuzzy TOPSIS, FPIS, and FNIS was defined and distance
from each alternative from FPIS and FNIS was calculated. In
final stage the closeness coefficient will help in determining
the ranking order of the alternatives [6].

The current research work deals with the application
of TOPSIS in the two most critical areas of concern, viz.,
selection of the suitable cloud service provider from the
top 3 in current fiercely competitive cloud industry and
most suitable cloud based on its type. Section 2 deals with
related works. Section 3 describes the different cloud service
providers and cloud types. Section 4 describes the MCDA
techniques. Section 5 deals with fuzzy TOPSIS. Section 6 has
two parts dealing with cloud service provider selection and
cloud type selection using TOPSIS. Section 7 concludes the
paper.

MCDA technique has found its application in several
research areas to determine the best alternative among
numerous alternatives with different set of criteria. In the
current scenario there are multiple cloud service providers
offering numerous attractive benefits to customers. Similarly,
it is very difficult to determine the suitable cloud type for an
organization. Fuzzy TOPSIS has been applied in this paper
to determine the most suitable service provider and also the
cloud type for an organization.

2. Related Work

In recent years there had been numerous studies on cloud
service provider selection and cloud type selection. There
are top cloud service providers offering plethora of services
at different rate and multiple features. It becomes extremely
difficult for a company to decide the best service provider and
also the type of cloud to choose [8]. Kumar and Rai (2016)
have studied IaaS with 3 different sets of criteria and provided
a framework on cloud simulation. Costa (2013) has worked
on selection of cloud service providers using MACBETH
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ComputerStorage Network
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Infrastructure Cloud

Machine User
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Figure 1: Cloud computing models.

MCDA technique. Park and Jeong (2013) proposed a new
MCDM approach and applied the same on SaaS based ERP.
Rad et al. have studied cloud service platforms and its salient
features. Li et al. have worked on the issues related to cloud
application performances. Peng et al. have done survey on
cloud middleware.

Chen et al. applied constraint programming in cloud
provider selection and provided inputs on enterprise policies
and its conflicts with users expectations. Chung and Seo
(2015) applied ANP technique while working on evaluation
on cloud services. Lee and Seo (2013) applied AHP in their
research on cloud IaaS.

Godse and Mulik (2009) applied MCDA technique on 3
companies for comparison.

3. Cloud Computing and
Cloud Service Providers

3.1. Cloud Computing Overview. Cloud computing refers
to storing of data in a remote place and accessing it via
Internet instead of doing it in the local machine. So, the
greatest advantage is that we need not require a hard drive
or dedicated network for data storage and access. One well-
known application is Office 365 by which user can store,
access, and edit theirMSOfficedocuments onlinewithout the
installation of software in their local machine. The architec-
ture of cloud computing mainly comprises front-end device,
back-end platform, cloud-based delivery, and network. The
storage in cloud includes three options like public, private,
and hybrid. In case of public cloud, it is available to the
general public whereas infrastructure is owned and operated
by service providers like Google and Microsoft. For private
cloud, it is dedicated to a specific organization which can use
it for storing organization’s data, hosting business application,
etc. Other organizations are not able to access the same.
Advantages of both public and private cloud are present
in hybrid cloud. Organizations can utilize private clouds
for sensitive application, while public clouds are meant for
nonsensitive applications.

3.2. Cloud Computing Models. Cloud computing models can
be mapped against the layers of business value pyramid.
Figure 1 depicts the same.
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(i) SaaS. The top most layer of the above pyramid is SaaS or
functional layer. This specific cloud type is responsible for
delivering a single application with the help of a browser to
various users through multitenant architecture. It is basically
a “pay-as-you-go” model where provider sells an application
based on license. The users need not have to take the haz-
ards of maintaining servers or any software which basically
reduces the cost. Service providers can also handle it easily
as one application needs to be maintained here. Thus, it is
cost effective for both sides, users and providers. Few well-
known applications are Salesforce.com, SRM, ERP, etc. Few
major characteristics of SaaS are listed in the following:

(I) Centralized web-based access to company and com-
mercial software

(II) Providing superior services to client
(III) No software maintenance required from user’s per-

spective
(IV) Integration with different applications possible

through Application Programming
(V) Interfaces (APIs)

(ii) PaaS. PaaS or Platform as a service delivers development
or operating environments as a service. It is a combination
of tools and services designed for coding and deploying the
applications in an effective and efficient manner. The major
differencewith SaaSmodel is that PaaS is a platform for devel-
opment/deployment of the software instead of readymade
software delivered over the Internet. Few major examples
include Salesforce.com's Force.com, Azure from Microsoft,
and Google App Engine. The major characteristics are the
following:

(a) Aone stop solution for developing, testing, deploying,
hosting, and maintaining applications

(b) Web-based UI designing tools to create, modify, test,
and deploy different UI scenarios

(c) Multitenant architecture facilitating concurrent users
(d) Load balancing, security, and failover capabilities for

application to be deployed
(e) OS and cloud programming APIs to create new apps

for cloud or to cloudify the current apps
(f) Tools to handle billing and subscription

(iii) IaaS. The infrastructure cloud is responsible for storage
and compute resources as a service which is basically used
by various IT organizations for providing business solu-
tions. Complete flexibility is provided in this approach to
the user; users can choose among desktops, servers, and
network resources. The entire infrastructure package can
be customized by choosing anything from the list of CPU
hours, storage space, bandwidth, etc. This cloud type has
different categories like private, public, and hybrid. Public
cloud consists of shared resources whereas private cloud is
responsible for providing secure access to the resources and
ismanaged by the organization it serves [9].This type of cloud

is maintained by both internal and external providers. Some
notable characteristics are the following:

(a) Resources distributed as a service
(b) Dynamic, on-demand scaling of resources
(c) Utility based pricing model
(d) Concurrent users on a single piece of hardware

3.3. Cloud Computing Benefits. Cloud computing provides
different benefits. Cloud services offer scalability. Dynamic
allocation and deallocation of resources happen based on
demand. Cost savings are another major advantage which
happens due to cost reduction in capital infrastructure.
Applications can be accessed across the globe and without the
hardware configuration in the local machine also. Network
is simplified, and client can access the application without
buying license for individual machine. Storing data on cloud
is more reliable as it is not lost easily.

3.4. Challenges behind Cloud Services. Cloud services cover
various issues along with its advantages. Few such concerns
are listed in the following:

(a) Security and Privacy
(b) Interoperability and Portability
(c) Reliability and Availability
(d) Performance and Bandwidth Cost

3.5. Cloud Service Providers. Cloud service providers refers
to different organizations that offer infrastructure, network
services, software, hardware components, etc. to different
customers and business entities. Cisco, Citrix, IBM, Google,
Microsoft, Rackspace, etc. are examples of cloud service
providers. In the paper we have considered currently, the
top cloud service providers in market are like Amazon
Web Services, IBM Bluemix, and Google Cloud Compute.
Evaluating the cloud service provider is not an easy activity,
but it requires thorough analysis. This has been dealt with in
this research article in detail. Cost cannot be the single criteria
for selecting a service provider, but different offerings should
also be considered in detail. The different fine prints in the
agreement need to be analyzed by customers before selecting
the provider.

3.6. Public Cloud. In a public cloud a service provider man-
ages resources such as infrastructure, application, and storage
and makes it available to cloud consumers via Internet.
The service providers like Microsoft, Amazon, Google, etc.
own and operate their infrastructure from their own data
centers [10]. With the increase in demand of service, users
do not need to purchase hard ware as public cloud providers
manage the infrastructure. Public clouds are owned by third
party organizations and are made available to organizations.
Google, Amazon, and Microsoft are notable examples of
public cloud vendors.

Some advantages of public cloud are

(i) seamless data availability,
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(ii) all round technical support,
(iii) scalability on demand,
(iv) limited investment,
(v) proper resource utilization.

Limitations of public cloud are

(i) data security and privacy.

3.7. Private Cloud. Private cloud as the name suggests refers
to infrastructure which is linked to a concern either managed
by an organization or third party. It may be present on
premise or off site. In private cloud the service is offered to
a specific organization and is not meant for public use. In
terms of security private clouds are providing highest amount
of security service. Private clouds can be built and managed
by companies own infrastructure or by cloud service provid-
er.

Some advantages of public cloud are

(i) control over data and information assets,
(ii) high level security,
(iii) superior performance due to intranet and network

performance,
(iv) easier to achieve compliance.

Limitations of private cloud are

(i) underutilization of resources
(ii) costliness

3.8. Hybrid Cloud. Hybrid cloud deployment model involves
composition of two or more clouds like private, public, etc.
The combination of public cloud provider and private cloud
platform can also be referred to as a hybrid cloud where
they operate independently. Organizations can store sensitive
data on private cloud environment and leverage the compu-
tational services from public cloud. The hybrid environment
ensures minimum data exposure while taking advantage
of public cloud platform. Some advantages of public cloud
are

(i) private infrastructure to ensure easy accessibility,
(ii) reduction of access time and efficient resource utiliza-

tion,
(iii) advantage of using computational infrastructure.

Limitations of hybrid cloud are

(i) higher cost,
(ii) security aspects,
(iii) compatibility issues.

4. Multicriteria Decision Analysis (MCDA)

4.1. Background of MCDA. Multicriteria Decision Analysis
(MCDA) orMulti Criteria Decision Making is a subbranch of
operational research which helps in decision making where
several decision making criteria exist. Finding out the best
option from the available alternatives is known as decision
making. In real world scenario decision making is difficult
where there are conflicting goals, different constraints, and
unpredictable end results [11]. Here the fuzzy set theory
can be used where we are unable to conclude precisely. In
1951 the vector maximum problem was first introduced by
Harold William Kuhn and Albert William Tucker. This can
be considered as the basics of MCDA. Later in 1972 “Multiple
Criteria Decision Making” conference was held in Columbia
University. MCDA has been growing in rapid space in the
following decades since then.

The MCDA uses the mathematical and computational
tools in selection of the best alternative among different
choices which may have conflicting criteria. MCDA helps
in finding the best alternative among different available
choices with respect to specific criteria by decision mak-
er.

We human beings face difficulty in finding the best alter-
native if there exists multiple criteria and in such situation
MCDA can guide in proper decision making. As an example
wemay consider our current scenariowherewehave different
cloud providers. All the cloud providers are competing
against each other to gain the top position and have been
trying to draw customers by providing different attractive
and cost competitive features. There are distinctive features
like control interface features, support services availability,
and server OS types which are being offered by the cloud
service providers. A customer needs to take decision on the
distinctive features being offered by the cloud providers and
select the one which is the best alternative among them.
MCDA is developed based on the human thinking and
their approach in decision making. There are several MCDA
methods and techniques available, but the basic methodology
is similar based on existing diverse set of criteria and decision
making. MCDA consists of methodologies, application of
theories, and techniques aiding and dealing with decision
making problems. Decision making theory has been applied
to solve various real-life problems where multiple conflicting
criteria can exist.

4.2. MCDA Methods. MCDA is part of operational research
which aims to select the suitable or best alternative among
several options with the aid of mathematical and com-
putational tools. It consists of two main categories: Mul-
tiattribute Decision Making (MADM) and Multiobjective
Decision Making (MODM). MCDA can also be catego-
rized into 2 types, viz., (a) Multiattribute Utility Theory
(MAUT) and (b) outranking methods. Using MAUT we try
to find a function which determines the utility or usefulness
of an alternative. Every action is linked with a marginal
utility and a real number will represent the preference in
the considered action. The resultant utility represents the
addition of the marginal utilities. Outranking method helps
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Figure 2: Different branches of MCDA.

in finding the alternative which is ranked higher when
compared pairwise. Figure 2 shows the different branches of
MCDA.

4.2.1. Analytic Hierarchical Process (AHP). Analytic Hierar-
chical Process (AHP) was introduced by Thomas L Satty
in 1980. This is a popular and widely used method for
MCDA. Complex MCDM problems are divided into system
of hierarchies. In final stage AHP deals with anMXNmatrix
where M refers to number of alternatives and N represents
number of criteria. Thematrix is formed considering the rel-
ative importance of alternatives against each criterion. Both
qualitative and quantitative criteria are used in AHP to find
the alternatives and attributes are not entirely independent
of each other [12]. Pair wise comparison is used in AHP and
the attributes are structured into a hierarchical relationship.
Hierarchy starts from top level and then proceeds towards
the goal. Criteria, subcriteria, etc., represent the lower levels.
The process execution in hierarchy tree initiates from the leaf
nodes and it proceeds to the top level. Output level represents
hierarchy related to the weight or the influence of different
branches which originated at that level. In final stage the

comparison is done and best alternative against each attribute
is selected.

4.2.2. Analytic Network Process (ANP). Analytic Network
Process (ANP) can be referred to as an extension or
generalization of Analytic Hierarchy Process (AHP). ANP
decision making technique is designed using unidirectional
hierarchical relationships between different levels and taking
upon the problem of dependence and feedback on different
criteria. ANP considers interrelationships within decision
levels and attributes using unidirectional hierarchical rela-
tionships. It models the decision problem by implementing
ratio scale measurements based upon pair wise compare.
The interdependence between elements is effectively handled
by ANP using composite weights and “super matrix”. In
many real world scenarios of decision making, ANP has been
successfully applied. It has been observed that many decision
making problems cannot be hierarchically structured as there
is involvement of interaction and dependence betweenhigher
and lower level elements [13]. Thus ANP is represented as
a network instead of hierarchy. The feedback structure is
devoid of the top-to-bottom form in hierarchy. It rather
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looks like a network with cycles connecting its component
of elements which cannot be referred as levels and it loops to
connect a component to itself. ANP has sources and sinks.
Source node is the origin of paths of influence and is not the
destination of paths. Sink node is a destination of paths of
influence and is not an origin of paths. A full network may
consist of source nodes, intermediate nodes which appear on
the paths from source nodes and lie or fall on path to sink
nodes and finally sink nodes.

4.2.3. Technique for Order of Preferences by Similarity to
Ideal Solutions (TOPSIS). In multicriteria decision making
(MCDM) methods we know the ratings and weights of the
criteria. TOPSIS was first developed by Hwang and Yoon for
solving issues where multicriteria exist and decision making
becomes a complex affair. In TOPSIS the performance ratings
and weights of the criteria are provided with crisp values.
C.T. Chen developed TOPSISmethodology further in solving
multiperson and multicriteria decision issues in real world
environment where fuzzy exists. Linguistic variables are used
to determine weights of all existing criteria and ratings given
on each alternative linked to each criterion as there exists
fuzziness in decision data and group decision.

In Fuzzy TOPSIS we define the Fuzzy Positive Ideal
Solution (FPIS) and Fuzzy Negative Ideal Solution (FNIS).
Then calculation is done on distance of each alternative
from FPIS and FNIS. Finally ranking order of alternatives is
determined using closeness coefficient.

4.2.4. Elimination and Choice Expressing Reality (ELECTRE).
Elimination and Choice Expressing Reality (ELECTRE) was
introduced initially in 1966. This deals with “outranking
relations” by performing pairwise comparison among alter-
natives under each criterion separately. Later several versions
were developed like ELECTRE I, ELECTRE II, ELECTRE
III, ELECTRE IV, and so on. ELECTRE belongs to the
class of outranking methods and it involves up to 10 steps.
Pairwise comparison is done between alternatives to find
out the outranking relationships. The relationships in turn
help in identifying and removing the alternatives which are
dominated by others, resulting in a smaller set of alternatives.

ELECTRE method handles discrete criteria that are both
qualitative and quantitative and provides ordering of alter-
natives. Ranking of alternatives is obtained by using graphs
in an iterative procedure. This method starts comparing pair
wise of alternatives under each criterion. The ELECTRE
method finds a whole system of binary outranking relations
among the alternatives. ELECTRE method at times is unable
to identify the preferred alternative since the systems are
not necessarily complete ones. It yields the core of leading
alternatives. This method eliminates the less favorable ones
thus giving a clear understanding of the alternatives. In cases
where we need to deal with few criteria and large alternatives,
this ELECTRE method will be useful.

4.2.5. Fuzzy. Fuzzy set theory has been initially proposed
by Zadeh in 1965 and is applied in areas of uncertain data
or there is lack of precise information. Fuzzy can help
in multicriteria decision making where there exist several

uncertainties in available information. The decision pools
help in finding selected alternative criteria using the fuzzy
MCDA model. Weights are assigned to criteria which are
evaluated in terms of linguistic values. Linguistic values
are then assigned fuzzy numbers. Inside fuzzy set, fuzzy
terms are described by linguistic variables which in turn are
used to map the linguistic variables to numeric variables
[14].

4.2.6. Goal Programming. Goal Programming is a MODM
tool proposed by Charnes in 1955. In areas of multiple
conflicting objects the Goal Programming is applied. This
is an extension of Linear Programming. Multiple conflicting
objective measures can be handled by the Goal Programming
optimization procedure.Mathematical programming is com-
bined with the logic of optimization in order to take decisions
involving several objectives in different multicriteria decision
making problems.

4.3. Motivations in Selecting TOPSIS Method. TOPSIS is one
of the most popular multicriteria decision making (MCDM)
methods. It deals with the shortest distance from the positive
ideal solution and the farthest distance from the negative
ideal solution while determining the best alternative. TOPSIS
is a well-known method due to the following reasons: (a)
theoretical stringency, (b) effective usage of human thinking
in selection process, (c) guides in decision making using
rank alternatives in fuzzy environment, (d) proper imple-
mentation of subjective and objective criteria, (e) crisp values
assigned to performance ratings and also to the weights of the
criteria which helps in dealing with MCDM problems.

5. Brief Overview of TOPSIS Method

TOPSIS stands for Technique for Order Preference by
Similarity to Ideal Solution. Here two artificial alternatives
are hypothesized which are Ideal Alternative and Negative
Ideal Alternative. Ideal Alternative is the one which has the
best attribute values like maximum benefit attributes and
minimumcost attributes. SimilarlyNegative Ideal Alternative
includes the worst attribute values like minimum benefit
attributes andmaximum cost attributes. The TOPSIS method
chooses the alternative which is nearest to the ideal solution
and farthest from the negative ideal solution [15, 16]. The
outline of the TOPSIS method is presented in the follow-
ing.

Step 1. Evolution matrix is formed of m alternatives and n
criteria, using the intersection of each alternative and criteria
given as 𝑥𝑖𝑗, and then we have a matrix (𝑥𝑖𝑗)m x n

Step 2. The matrix (𝑥𝑖𝑗)𝑚𝑥𝑛 is then normalized to form the
matrix.

R = (𝑟𝑖𝑗)𝑚 𝑥 𝑛 using the normalization method 𝑟𝑖𝑗 =𝑋𝑖𝑗/√∑𝑚𝑖=1 𝑥2𝑖𝑗, i = 1, 2, . . . . . .m, j = 1, 2, . . . ., n
Step 3. Calculate the weighted normalized decision matrix𝑡𝑖𝑗 = 𝑟𝑖𝑗. 𝑤𝑗, i = 1, 2, . . . .,m, j = 1, 2 . . . . . . , n
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where𝑤𝑗 = 𝑊𝑗/∑𝑛𝑗=1𝑊𝑗, j = 1, 2 . . . ...n so that ∑𝑛𝑗=1𝑤𝑗 =1 and𝑊𝑗 is the original weight given to the indicator V𝑗, j =1, 2 . . . ..n
Step 4. Determine the worst alternative (𝐴𝑤) and the best
alternative (𝐴𝑏)𝐴𝑤 = {(max(𝑡𝑖𝑗 | i = 1, 2 . . . .,m) | j ∈ 𝐽−), (min(𝑡𝑖𝑗 |

i = 1, 2 . . . .m) j ∈ 𝐽+)} ≡ {𝑡𝑤𝑗 | j = 1, 2 . . . n},𝐴𝑏 = {(min(𝑡𝑖𝑗 | i = 1, 2 . . . .,m) | j ∈ 𝐽−), (max(𝑡𝑖𝑗 |
i = 1, 2 . . . .m) j ∈ 𝐽+)} ≡ {𝑡𝑏𝑗 | j = 1, 2 . . .n},

where

𝐽+ = {j = 1, 2, . . . ., n | j associated with the criteria
having a positive impact and𝐽− = {j = 1, 2, . . . ., n | j associated with the criteria
having a negative impact

Step 5. Calculate the L2 – distance between the target
alternative i and the worst condition 𝐴𝑤

𝑑𝑖𝑤 = √ 𝑛∑
𝑗=1

(𝑡𝑖𝑗 − 𝑡𝑤𝑗)2, i = 1, 2 . . . . . . ,m (1)

and the distance between the alternative i and the best
condition 𝐴𝑏

𝑑𝑖𝑏 = √ 𝑛∑
𝑗=1

(𝑡𝑖𝑗 − 𝑡𝑏𝑗)2, i = 1, 2 . . . . . . ,m (2)

where 𝑑𝑖𝑤 and 𝑑𝑖𝑏 are L2 – norm distances from the target
alternative i to the worst and the best conditions, respectively.

Step 6. Calculate the similarity to the worst condition:

𝑠𝑖𝑤 = 𝑑𝑖𝑤/(𝑑𝑖𝑤 + 𝑑𝑖𝑏), 0 ≤ 𝑠𝑖𝑤 ≤ 1, i = 1, 2 . . . . . .m.𝑠𝑖𝑤 = 1 if and only if the alternative solution has the
best condition.𝑠𝑖𝑤 = 0 if and only if the alternative solution has the
worst condition.

Step 7. Rank the alternative according to 𝑠𝑖𝑤 (i = 1, 2 . . . ..m).
6. Applying MCDM Topsis in Cloud

6.1. Evaluation of Cloud Service Provider Using TOPSIS.
Three experts evaluate three types of cloud service providers
A, I, G and find their evaluations in linguistic variables with
respect to objectives, i.e., criteria C1 . . . . . .C9.

The decision makers use seven point scale linguistic
variables which are represented by triangular fuzzy numbers
to express importance of weight/priority toNine criteria given
by Box 1

The criteria are assessed by decision makers which are
represented in Table 1.

The three different decision makers are represented in
Table 1 by D1, D2, and D3.

Very Low (VL) (0,0,0.1)
Low (P) (0,0.1,0.3)
Medium Low (ML) (0.1,0.3,0.05)
Medium (M) (0.3,0.5,0.7)
Medium High (MH) (0.5,0.7,0.9)
High (H) (0.7,0.9,1.0)
Very High (VH) (0.9,1.0,1.0)

Box 1

Table 1: Criteria assessed by decision makers.

Feature Name D1 D2 D3
Business Size Support H VH VH
Support for Versatile Industries VH H H
Control Interface Features H H H
Availability of Support Services VH VH VH
Server OS Types H H VH
Preconfigured Operating Systems MH MH MH
Available Runtimes MH H MH
Middleware H MH MH
Native Databases VH VH H

As per above assessment and based on the values of
linguistic variables, the fuzzy weight of each criteria j is found
as

𝑤𝑗 = 13 [𝑤(1)𝑗 + 𝑤(2)𝑗 + 𝑤(3)𝑗 ] (3)

Thus

𝑤1 = 13 [G + VG + VG]
= 13 [G + VG + VG]
= 13 [(0.7, 0.9, 1.0) + (0.9, 1.0, 1.0) + (0.9, 1.0, 1.0)]
= 13 [2.5, 2.9, 3]= (0.83, 0.97, 1)

(4)

Similarly we can obtain the values of 𝑤2, 𝑤3 . . . . . . 𝑤9
In Table 2 features of different cloud service providers are

given along with the reason for the different weightage and
motivation behind the weightage.

The three cloud companies are evaluated by three deci-
sion makers on a seven point linguistic scale comprising the
values in Box 2.

The decision makers’ opinion is considered for each
criterion in Table 3. The fuzzy decision matrix of 3 cloud
service providers is given by the following.

For cloud provider AWS, under the feature F1, the
evaluation is

�̃�11 = 13 [G + VG + VG]
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Table 2: Cloud service providers and feature compare.

Feature Name Cloud Service Providers

Amazon Web
Services(AWS)

Major Motivators
for Weight
Assignment

IBM Bluemix
(IB)

Major Motivators
for Weight
Assignment

Google Compute
Engine (GCE)

Major Motivators
for Weight
Assignment

Business Size
Support Good

Supporting
Small-Medium

Business
Very Good

Supporting Large -
Small-Medium

Business
Very Good

Supporting Large -
Small-Medium

Business
Support for
Versatile
Industries

Good Supporting medium
range of industries Very Good Supporting large

set of industries Poor Supporting very few
industries

Control Interface
Features Very Good

Supporting API,
GUI, Web Based

Application/Control
Panel and

Command Line

Poor

Supporting Web
Based Applica-

tion/Control Panel
and Command

Line

Good

Supporting API,
Web Based

Application/Control
Panel and

Command Line

Availability of
Support Services Very Good

Supporting Live
Chat, Phone, 24/7,

Forums,
Online/Self-Serve

Resources

Good

Supporting 24/7,
Forums,

Online/Self-Serve
Resources

Good

Supporting 24/7,
Forums,

Online/Self-Serve
Resources

Server OS Types Very Good Support Linux and
Windows Good Supporting

Windows Very Good Supporting Linux
andWindows

Preconfigured
Operating
Systems

Very Good

Supporting Amazon
Linux, Cent OS,
Debian, Oracle
Enterprise Linux,
Red Hat Enterprise

Linux, SUSE
Enterprise Linux,
Ubuntu, Windows

Server

Poor Supporting None Good

Supporting Cent
OS, Debian, Red
Hat Enterprise
Linux, Ubuntu,

FreeBSD, openSUSE
Linux

Available
Runtimes Good

Supporting NET,
Java, PHP, Python

and Ruby
Very Good

Supporting Go,
Node, Java, PHP,
Python and Ruby

Poor Supporting None

Middleware Good Supports Tomcat Very Good Supports Jboss,
Tomee Poor Supports None

Native
Databases Very Good

Supports CouchDB,
Microsoft SQL,

MongoDB, MySQL
Good Supports MySQL

and PostGreSQL Poor Supports None

Very Poor (VP) (0,0,1)
Poor (P) (0,1,3)
Medium Poor (MP) (1,3,5)
Fair (F) (3,5,7)
Medium Good (MG) (5,7,9)
Good (G) (7,9,10)
Very Good (VG) (9,10,10)

Box 2

= 13 [(7, 9, 10) + (9, 10, 10) + (9, 10, 10)]
= 13 (25, 29, 30) = (8.3, 9.6, 10)

(5)

Under Feature F2,

�̃�12 = 13 [G +MG +MG]
= 13 [(7, 9, 10) + (5, 7, 9) + (5, 7, 9)]
= 13 (17, 23, 28) = (5.6, 7.6, 9.3)

(6)

Likewise, evaluation is done for AWS for remaining
features.

Similarly for other 2 cloud service providers, viz., IB &
GCE under 9 Features (F1, F2 . . ..F9) the evaluations are done.

Normalized decision matrix for each 9 features is deter-
mined against the 3 cloud service providers. Normalized
fuzzy decision matrix Ṽ = (Ṽ𝑖𝑗) where Ṽ𝑖𝑗 = (�̃�𝑖𝑗)(.)(�̃�𝑗).
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Table 3: Cloud service provider features and decision makers analysis.

Feature Name Cloud Providers Decision Makers
D1 D2 D3

Business Size
Support (F1)

AWS G VG VG
IB VG G G

GCE VG VG BG

Support for
Versatile
Industries (F2)

AWS G MG MG
IB VG G VG

GCE P F MP

Control
Interface
Features (F3)

AWS VG VG G
IB P F MP

GCE G G MG

Availability of
Support
Services (F4)

AWS VG G VG
IB G G MG

GCE G G G

Server OS Types
(F5)

AWS VG VG VG
IB G MG G

GCE VG VG VG

Preconfigured
Operating
Systems (F6)

AWS VG G G
IB P MG MP

GCE G G G

Available Run
Times (F7)

AWS G G VG
IB VG G G

GCE P F P

Middleware (F8)
AWS G MG MG
IB VG G VG

GCE P MP F

Native
Databases
(F9)

AWS VG VG VG
IB G G G

GCE P F F

Weighted normalized fuzzy decision matrix is deter-
mined next.

The fuzzy positive and fuzzy negative ideal solutions are

P∗ = (�̃�1∗, �̃�2∗ . . . ..�̃�9∗)𝑁 = (�̃�1, �̃�2 . . . . . . �̃�9) respectively such that

�̃�j∗ = (1, 1, 1) and �̃�𝑗 = (0, 0, 0)
The distance of the alternatives from Bi from positive

solution is calculated by

di
+ = 𝑛∑
𝑗=1

𝑑 (Vij,Vj
∗) (7)

This is done for all the 3 cloud service providers.
Similarly, the distance from the alternatives from (0,0,0)

is calculated.
The separation measures from positive ideal solution and

negative ideal solution are calculated [17]. Table 4 depicts the
same.

Table 4: Separation measures.

Cloud Providers d1
+ d

1

−

AWS 3.6759 6.0917
IB 4.285 5.56645
GCE 3.78625 6.0728

In Table 4 the separation measures are provided. The
closeness coefficient will be calculated based on the separa-
tion measures obtained in Table 4.

The closeness coefficient CCi is given by di
−/(di+ + di−)

CC1 = 6.0917(3.6759 + 6.0917) = 0.6237
CC2 = 5.56645(4.285 + 5.56645) = 0.5650
CC3 = 6.0728(3.78625 + 6.0728) = 0.6159

(8)



10 Advances in Fuzzy Systems

Very Low (VL) (0,0,0.1)
Low (P) (0,0.1,0.3)
Medium Low (ML) (0.1,0.3,0.05)
Medium (M) (0.3,0.5,0.7)
Medium High (MH) (0.5,0.7,0.9)
High (H) (0.7,0.9,1.0)
Very High (VH) (0.9,1.0,1.0)

Box 3

Table 5: Assessment criteria by decision makers.

Feature Name D1 D2 D3
Cloud environment H VH H
Data center location VH H H
Resource sharing H H H
Cloud storage VH VH VH
Scalability H H VH
Pricing structure MH MH MH
Cloud security MH H MH
Performance H MH MH

The ranking order is now determined based on the closeness
coefficient and its found AWS>GCE>IB. Hence the best
alternative cloud service provider is AWS, i.e., Amazon Web
Services.

6.2. Evaluation of Suitable Cloud Types Based on Notable
Features. Evaluations are done in linguistic variables by cloud
experts to evaluate suitable cloud platforms with respect to
the different features like cloud environment, data center
location, resource sharing, cloud storage, scalability, pricing
structure, cloud security, and performance [18, 19].

Cloud experts use seven points linguistic variable scale
based on the triangular fuzzy numbers and express the
weightage/priority to 8 unique features (Box 3).

A committee is formed with decision makers to identify
the evaluation criteria, which is shown in following Table 5.
The committee of decision makers is represented by D1, D2,
and D3 and assessment of criteria importance is shown in
Table 5.

The fuzzyweight of each criterion j is determinedwith the
help of given values of linguistic variables. These are provided
below.

𝑤𝑗 = 13 [𝑤(1)𝑗 + 𝑤(2)𝑗 + 𝑤(3)𝑗 ] (9)

Thus

𝑤1 = 13 [H + VH +H]
= 13 [H + VH +H]
= 13 [(0.7, 0.9, 1.0) + (0.9, 1.0, 1.0) + (0.7, 0.9, 1.0)]

Very Poor (VP) (0,0,1)
Poor (P) (0,1,3)
Medium Poor (MP) (1,3,5)
Fair (F) (3,5,7)
Medium Good (MG) (5,7,9)
Good (G) (7,9,10)
Very Good (VG) (9,10,10)

Box 4

= 13 [2.3, 2.8, 3]= (0.77, 0.93, 1)
(10)

Similarly, we can obtain the values of 𝑤2, 𝑤3 . . . . . . 𝑤9
The three cloud platforms are evaluated by three decision

makers on a seven point linguistic scale comprising the values
in Box 4

The decision makers’ opinion is combined for each
criterion in Table 6. The fuzzy decision matrix of 3 cloud
platforms is given by

For Cloud Platform Public, under the feature CE, the
evaluation is

�̃�11 = 13 [G + VG + G]
= 13 [(7, 9, 10) + (9, 10, 10) + (7, 9, 10)]
= 13 (23, 28, 30) = (7.6, 9.6, 10)

(11)

Under feature DC,

�̃�12 = 13 [G + G +MG]
= 13 [(7, 9, 10) + (7, 9, 10) + (5, 7, 9)]
= 13 (19, 25, 29) = (6.3, 8.3, 9.6)

(12)

Likewise, evaluation is done for public cloud for remain-
ing features.

Similarly for the other 2 cloud platforms, viz., Private and
Hybrid under 8 features (CE, DC. . .PR) the evaluations are
done.

Normalized decision matrix for each 8 features is deter-
mined against the 3 cloud platforms.

Normalized fuzzy decision matrix Ṽ = (Ṽ𝑖𝑗)
where Ṽ𝑖𝑗 = (�̃�𝑖𝑗)(.)(�̃�𝑗).
Weighted normalized fuzzy decision matrix is deter-

mined next.
The fuzzy positive and fuzzy negative ideal solutions are
P∗ = (�̃�1∗, �̃�2∗ . . . ..�̃�9∗)
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Table 6: Assessment on different platforms by decision makers.

Feature Name Cloud Platforms Decision Makers
D1 D2 D3

Cloud
Environment
CE

Public G VG G
Private MG F MG
Hybrid VG VG VG

Data Center
Location
DC

Public G G MG
Private MG MG F
Hybrid G VG G

Resource
Sharing
RS

Public VG G VG
Private MG MG F
Hybrid G G G

Cloud Storage
CS

Public G VG VG
Private MG G G
Hybrid MG G G

Scalability
SC

Public VG VG VG
Private F G G
Hybrid G VG VG

Pricing
Structure
PS

Public VG G VG
Private F MG F
Hybrid G MG G

Cloud Security
SE

Public MG F F
Private VG VG VG
Hybrid G G G

Performance
PR

Public F F MG
Private VG G VG
Hybrid G VG G

Table 7: Separation measures.

Cloud Types d1
+ d1

−

Public 1.413 3.378
Private 1.645 2.914
Hybrid 2.78625 4.56

𝑁 = (�̃�1, �̃�2 . . . . . . �̃�9) respectively such that�̃�j∗ = (1,1,1) and �̃�j = (0,0,0)
The distance of the alternatives from Bi from positive

solution is calculated by

di
+ = 𝑛∑
𝑗=1

𝑑 (Vij,Vj
∗) (13)

This is done for all the 3 cloud platforms.
Similarly, the distance from the alternatives from (0,0,0)

is calculated.
The separation measures from positive ideal solution and

negative ideal solution are calculated [20]. This is given in
Table 7.

The closeness coefficient CCi is given by di
− / (di

+ + di
−)

based on the separation measures obtained in Table 7. The

separation measure in Table 7 is determined based upon the
FPIS and FNIS.

The ranking order is determined from the closeness
coefficient matrix and it was found Hybrid>Public>Private.
The best alternative cloud type is Hybrid.

7. Conclusion

In today’s smart era, competition is gradually increasing
among the Cloud service providers in the market. It is getting
steeper day by day as new entrants are joining in the service
provider pool. Top cloud service providers are changing their
strategies to retain their position in this volatile market.
Hence they are very keen on selection of features which they
are providing to the customers. So every provider offers a
set of specific features which differ from those of the others.
Now it is the client’s responsibility to choose the appropriate
vendor from the available ones based on their need. This
vendor selection requires understanding and analyzing the
features in deep, which is quite tedious if done manually.
So there is a crying need of some technique which can
perform this analysis automatically. This paper deals with
TOPSIS methodology which helps us to select the most
suitable service provider by analyzing its available offerings
and features. It also studied in detail the different MCDA
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methods available along with the TOPSIS methodology. The
TOPSIS technique is applied in selecting the suitable cloud for
an organization which is embracing cloud from on-premise
architecture. However, the detailed study will help cloud
consumers in selecting the best service provider and cloud
service from a set of different offerings and cloud features.
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The selection of quality gemstones requires a special ability to select and assess the quality of gemstones to be traded.The diversity
of types of gemstones and consumers becomes an obstacle in itself when the knowledge and ability of individuals to analyze the
quality of gemstones is minimal.The decision-making method used is Fuzzy Analytical Hierarchy Process (F-AHP)method which
is widely used in various sectors. F-AHP is easy to adapt to many decision issues; the research proposes a decision-making system
using the F-AHP algorithm to analyze the quality of gemstones. The results obtained with the use of F-AHPmodel in the selection
of quality gemstones show the highest quality of gemstones of all stones compared, Rubi 1, with a weight value of 0.152942.

1. Introduction

Many times, we are always faced with several options for the
right decision-making. It is difficult to determine an accurate
choice according to predetermined criteria. Decision-making
issues are also experienced when selecting quality gemstones.
For the gemstones entrepreneur, special skills are required
to select or assess the quality of gemstones to be traded.
The diversity of types of gemstones and consumer types in
choosing gemstones is certainly a constraint when the data is
incomplete and there is a lack of individual knowledge about
analyzing the quality of gemstones.

To maintain the consistency of product quality and in
accordance with the demands of the market, it is necessary
to have quality control on eligible products, so that the
error does not happen again. The system to be created is a
solution that can assist decision-making for decision-makers
in assessing and selecting quality gemstones accurately and
effectively.

In previous research, several studies using the F-AHP
method have been proven from several previous studies
with the conclusion that the F-AHP method can be applied
and effective for many problems in real life. Chien-Chang
Chou and Ker-Wei Yu [1] propose a hybrid fuzzy AHP to

deal with the decision-making problems in an uncertain and
multiple-criteria environment choice.The F-AHP adopted by
the research [2], which combines the AHP with fuzzy set
theory, can not only capture the thinking logic of human
beings but also focus on the relative importance of the
evaluation criteria. In journal [3], the result obtained shows
the best balance of performance for criteria from different
categories such as physicochemical properties as well as
safety, environmental, and health aspects. The assumption
made in F-AHP approach is that all the criteria involved
are independent of each other. However, in practice the
relationship among criteria is usually complex, and there
might be interdependencies.

To control the quality, we need a relevant element and
method [4]; fuzzy model can be used with various mcdm
methods [5]. F-AHP model is a good referral for decision-
makers [6]. The fuzzy AHP method is applicable as a control
for the quality and is useful for multicriteria decision-making
problems [7]. The criteria people think of are the size that
makes the quality of the gemstone better but with other
criteria as a comparison can make the quality of smaller
stones better than larger ones [8].

By using F-AHP method we can help a decision-maker
to make more efficient, flexible, and realistic decisions based
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Table 1: Data of gemstones containing specific gravity, color, hardness, cutting, and clarity as the main criteria. The data can be seen from
the gemstone certificate.

Specific gravity Color Hardness Cutting Clarity
Rubi 1 4.50 ct AAA 9 mohs Excellent I2
Rubi 2 1.60 ct AA 9 mohs Excellent SI2
Rubi 3 0.65 ct A 9 mohs Average I1
Rubi 4 2.25 ct A 9 mohs Average SI1
Rubi 5 1.05 ct B 9 mohs Poor VS

Define the
Problem

Create a
comparison matrix

Set up Triangular Fuzzy
Number (TFN)

Checking for
consistency

Ranking and selection of
decisions

Calculate the weight
value of the fuzzy vector

Figure 1: Block diagram has six steps of F-AHP phase process.

upon the available criteria and alternatives [9].Therefore, the
authors wish to apply the F-AHP method to determine the
quality of gemstones.

2. Data Availability

The data and criteria in Table 1 were collected by consulting
the director of Kantor Promosi Batu Mulia Indonesia. The
data can be seen from the stone certificate issued by Kantor
Promosi BatuMulia Indonesia. Every time we buy gemstones
wewill get certificate of authenticity of stone; in the certificate
there are criteria of stone.

3. Materials and Methods

Analytic Hierarchy Process (AHP) is a decision support
method developed to complete problem by breaking the
solution problems, grouping them, and then arranging them
into a hierarchical structure. To obtain priority criteria, this
method uses a comparison of criteria paired with a measure-
ment scale that has been determined. The main input of the
AHPmethod is the perception of experts or experts, so there
is a factor of subjectivity in retrieval decision. This method
also takes into account data validity with inconsistency limits
[10]. However, considerable uncertainty and doubt in giving
an assessment will have an impact on the accuracy of the data
and the results obtained. Based on this, further theory was
developed, namely, the method of Fuzzy Analytic Hierarchy
Process. Fuzzy Analytic Hierarchy Process is a method of
AnalyticHierarchy Process (AHP) developedwith fuzzy logic
theory. Fuzzy AHP method is used similar to the method of
AHP. It is just that the Fuzzy AHPmethod sets the AHP scale
into the fuzzy triangle scale to be accessed priority.

In this section, the F-AHP method was developed. The
procedure used in the proposed method is described as
follows.

Step 1 (define the problem and determine the desired solution
(see Figure 1)). We need to define the problem according
to the criteria used to determine the gemstones of quality.
Specific gravity, color, hardness, cutting, and clarity are used
as the main criteria for determining gemstone quality. This is
some data from the gemstone certificate (see Table 1).

The weight of the stone has a unit of carat (ct); the greater
the weight of a gemstone, the greater its size. Stone hardness
unit is called Mohs because the name of the first person to do
research on the hardness of a gemstone was FriedrichMohs, a
geologist and mineralogist fromGermany in 1812.The clarity
level of a gemstone is divided into IF, VVS1, VVS2, VS1, VS2,
I1, I2, etc. The gemstone color level is seen from the level of
clarity of color seen by the eye, given the levels of B, A, AA,
AAA, and so on. The level of cutting quality is seen from its
proportional and symmetrical shape of gemstones pieces.

Step 2 (create a comparison matrix (see Figure 1)). After
we know the data and criteria stone in Table 1 we need to
create a comparison matrix. The matrix used is simple, has
a strong position for the consistency framework, obtains
other information that may be required with all possible
comparisons, and is able to analyze the overall priority
sensitivity for changes in consideration.

Here are the equations used to define pairwise compar-
isons:

𝑎𝑖𝑗 = 𝑤𝑖𝑤𝑗 , 𝑖, 𝑗 = 1, 2, . . . , 𝑛 (1)

where n denotes the number of criteria compared, Wi are
weights for the i criterion, and aij is the ratio of the weight
of the i criterion and j.

After knowing the comparison of its criteria in Table 2,
the next thing done is to normalize each column into the
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Table 2: Comparison of criteria, as the weighted value of each criterion.

Criteria Specific Gravity Color Hardness Cutting Clarity
Specific Gravity 1 3 2 3 3
Color 1/3 1 3 2 3
Hardness 1/2 1/3 1 3 3
Cutting 1/3 1/2 1/3 1 3
Clarity 1/3 1/3 1/3 1/3 1

Table 3: Ratio index.

n 1 2 3 4 5 6 7 8 9 10
RI 0,00 0,00 0,58 0,90 1,12 1,24 1,32 1,41 1,45 1,49

matrix form by dividing each value in the column i and row j
with the largest value in column i.

𝑎𝑖𝑗 =
𝑎𝑖𝑗

max 𝑎𝑖𝑗 , ∀𝑖, 𝑗 (2)

Then the results of the matrix normalization from Table 2 are
obtained as follows:

[[[[[[[[
[

0, 4 0, 58 0, 3 0, 321 0, 231
0, 133 0, 193 0, 45 0, 214 0, 231
0, 2 0, 064 0, 15 0, 3214 0, 231
0, 133 0, 096 0, 05 0, 107 0, 231
0, 133 0, 064 0, 05 0, 035 0, 072

]]]]]]]]
]

(3)

Step 3 (checking for consistency (see Figure 1)). The compar-
ison of the consistency index with a random generator (RI)
value is listed in Table 3 set by Saaty [10]. This value depends
on the matrix order n.

Consistency is expected to be near perfect to produce a
decision that is close to valid.

Here is the equation used to calculate the value of
consistency.

First we must recognize the value of the eigenvector
which is the weighted value of the criterion. To calculate the
eigenvector, we use the following equation:

𝑤𝑖 = 𝑎𝑖𝑛 , ∀𝑖 (4)

𝑤𝑖 is the eigen vector, where 𝑎𝑖 is the sum of the matrix nor-
malization values and is divided by the number of criterion
(𝑛)

The largest eigenvalue is the number of times multiplying
the number of columns with the main eigenvector (see
Table 4). So it can be obtained by the equation

𝜆𝑚𝑎𝑘𝑠 = (∑𝐺𝑀11−𝑛1 × 𝑋1) + . . .
+ (∑𝐺𝑀1𝑛−𝑛𝑖 × 𝑋𝑛)

(5)

Table 4: Eigenvector on criteria.

Criteria eigenvector
Specific Gravity 0,3665
Color 0,2443
Hardness 0,1933
Cutting 0,1236
Clarity 0,0720

𝜆𝑚𝑎𝑘𝑠 = (0, 3665 X 2, 5) + (0, 2443 X 5, 667)
+ (0, 1933 X 6, 6667)
+ (0, 1236 X 9, 333) + (0, 0720 X 13)

𝜆𝑚𝑎𝑘𝑠 = 5, 474

(6)

After obtaining maximum lambda value, the value of CI can
be determined.

𝐶𝐼 = 𝜆𝑚𝑎𝑘𝑠 − 𝑛𝑛 − 1 (7)

where CI is the consistency index and maximum lambda is
the largest eigenvalue of the n-order matrix.

𝐶𝐼 = 5, 474 − 55 − 1
𝐶𝐼 = 0, 1185

(8)

If the value of CI is zero (0), this means the matrix is
consistent. If the value of CI obtained is greater than 0 (CI>
0), then the limit of inconsistency applied by Saaty is tested.
Testing is measured using Consistency Ratio (CR), i.e., index
value (Table 3), or comparison between CI and RI.

𝐶𝑅 = 𝐶𝐼𝑅𝐼 (9)

The RI value used is in accordance with the order n matrix.
If the CR of a smaller matrix is 10% (0,1), this means that the
inconsistency of each opinion is considered acceptable.

𝐶𝑅 = 0, 11851, 12
𝐶𝑅 = 0, 1058

(10)
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Table 5: TFN scale.

TFN Scale L M U
1 1 1 1
2 0,5 1 1,5
3 1 1,5 2
4 1,5 2 2,5
5 2 2,5 3
6 2,5 3 3,5
7 3 3,5 4
8 3,5 4 4,5
9 4 4,5 4,5
0,5 0,666667 1 2
0,333333 0,5 0,666667 1
0,25 0,4 0,5 0,666667
0,2 0,333333 0,4 0,5
0,166667 0,285714 0,333333 0,4
0,142857 0,25 0,285714 0,333333
0,125 0,222222 0,25 0,285714
0,111111 0,222222 0,222222 0,25

Intensity of interest
(Saaty,1980) 

TFN Scale

()Member degree

2

0.5

3 4 5 6 7 8 9

2 3 4 5 6 7 8 9


Figure 2: Graph of Fuzzy Triangle Set.

The consistency value of 0.1058 is equivalent to 10% inconsis-
tency; this value can still be tolerated because the consistency
value index must be less than 0.1.

Step 4 (set up Triangular Fuzzy Number (TFN) (see
Figure 1)). The F-AHP scale has three values, namely, the
lowest value (lower, L), middle value (median, M), and high-
est value (upper, U). So each fuzzy set will be divided into 2
(see Figure 2), except for the same comparison set, or can be
seen on the TFN scale (see Table 5).

Based on the index (see Table 5), the comparison value in
Table 2 will be made into a TFN set (see Table 6).

Step 5 (calculate the weight value of the fuzzy vector (see
Figure 1)). After the AHP comparison value is transformed
to F-AHP scale value, fuzzy synthesis value is calculated. The
process to get fuzzy synthesis value is shown using equation
of the following formula:

𝑆𝑖 =
𝑚

∑
𝑗=1

𝑀𝑗𝑔𝑖𝑋 1
[∑𝑛𝑖=1∑𝑚𝑗=1𝑀𝑗𝑔𝑖] (11)

Information:

𝑆𝑖 = fuzzy synthesis value
∑𝑚𝑗=1𝑀𝑗𝑔𝑖 = summing the cell value in that column

starting from column 1 in each row matrix
i = row
j = column
After the comparison of fuzzy synthesis values (see

Table 7), we will get the defuzzification ordinate value (d).
From the above calculation, we can calculate the values of v
and d. To calculate V we use the equation of the following
formula.

𝑉 (𝑀2 ≥ 𝑀1)

=
{{{{{{
{{{{{{
{

1, , 𝑖𝑓 𝑚2 ≥ 𝑚1
0, , 𝑖𝑓 𝑙1 ≥ 𝑢2

𝑙1 − 𝑢2
(𝑚2 − 𝑢2) − (𝑚1 − 𝑙1)

, 𝑒𝑡𝑐

(12)

Calculating the value of the fuzzy vector weight (W), calcu-
lation of the fuzzy weight value is shown using the equation
of the following formula

𝑑(𝐴𝑖) = min𝑉 (𝑆𝑖 > 𝑆𝑘) (13)
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Table 6: TFN set of criteria; each value in the criteria comparison (see Table 2) is changed to TFN referring to the TFN scale.

Specific Gravity Color Hardness Cutting Clarity
L M U L M U L M U L M U L M U

Specific Gravity 1 1 1 1 1,5 2 0,5 1 1,5 1 1,5 2 1 1,5 2
Color 0,5 0,666667 1 1 1 1 1 1,5 2 0,5 1 1,5 1 1,5 2
Hardness 0,666667 1 2 0,5 0,666667 1 1 1 1 1 1,5 2 1 1,5 2
Cutting 0,5 0,666667 1 0,666667 1 2 0,5 0,666667 1 1 1 1 1 1,5 2
Clarity 0,5 0,666667 1 0,5 0,666667 1 0,5 0,666667 1 0,5 0,666667 1 1 1 1

Table 7: Synthesis value.

Synthesis Value
L M U
0,125 0,246 0,439
0,111 0,215 0,387
0,115 0,215 0,413
0,101 0,183 0,362
0,083 0,139 0,258

Table 8: Criteria weight value, the result of calculation which
contains the weight value of each criterion.

criteria Weight
Specific Gravity 0,279088
Color 0,249106
Hardness 0,251526
Cutting 0,220279
Clarity 0,1546

collecting ordinate values that have been previously obtained,
as below.

Σ𝑊 = (V𝑠𝑘1, V𝑠𝑘2, . . . , V𝑠𝑘𝑛) (14)

Normalization of vector weight values is obtained by the
equation of the following formula,

𝑊 = (𝑑 (𝐴1) , 𝑑 (𝐴2) , . . . , 𝑑 (𝐴𝑛))T (15)

Step 6 (ranking and selection of decisions (see Figure 1)).
Next is to do an alternative value calculation where the alter-
native settlement measures are the same as the completion
steps on the criteria. Each alternative element’s weight value
(see Table 8) will be calculated by the weight of the criteria
element and will be directed to get the decision result.

4. Result and Discussion

The built system consists of several menus that are the stages
in running the decision support system.Thefirst thing to do is
login first. To be able to use this systemwe need to login. After
login, we will enter into the main menu. On the main page
the F-AHP algorithm and any data needed to start the system
process are explained. After that alternative data and criteria
are entered into the system.The gemstone data we have need
to be input into the alternate data input page according to

0
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0.08

0.1
0.12
0.14
0.16
0.18

1 2 3 4 5

Ranking

Figure 3: Ranking graph: ranking is derived from the result of
alternate weight matrix by weight of criterion.

the criteria along with the criteria data we input into the
input data page criteria. The next thing to do is to provide
a comparison of the criteria and the value of alternative
comparison to each criterion. After all has been done, next
we can do the following process. In the process page we can
see the value of criteria comparison and TFN set of criteria.
When the process is completed, this will result in the ranking
of each alternative; the decision-maker can determine which
gemstones are qualified from the gemstones being compared.
From the ranking results in Figure 3 and Table 9, it can be
concluded that alternative 1 has the most optimum weight
value compared with other alternatives. Therefore, a decision
can be made that Rubi 1 is the highest-quality gemstone of all
stones compared.

5. Conclusion

The conclusion of this research is as follows: we created a sys-
tem that can assist decision-making in assessing and choosing
quality gemstones accurately and effectively by using F-AHP
algorithm.

The focus on the decision of the system is more on the
decision of stones based on the same type of stone name; this
is because, for the decision system to be more appropriate
and relevant for use as a consideration in decision-making,
it is impossible to compare one stone with stones of different
types, not in the same class quality, so the end result of the
system is based on the classification of the type of stone name.

As shown in Figure 3 we obtained the result by using the
F-AHP model in the selection of quality gemstones Rubi 1
with a weight value of 0.152942, Rubi 2 of 0.075731, Ruby 3
of 0.050075, and Ruby 4 and Rubi 5 of 0.This weighting value
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Table 9: Value of alternative calculation result on criteria.

Specific Gravity Color Hardness Cutting Clarity Total
Rubi 1 0,548005 0,389588 0,25 0,42711 0,427683 0,152942
Rubi 2 0,270062 0,531613 0,25 0,57289 0,491956 0,075371
Rubi 3 0,181933 0,028674 0,25 0 0,080361 0,050775
Rubi 4 0 0,050125 0,25 0 0 0
Rubi 5 0 0 0,25 0 0 0

indicates that a gemstone of the highest quality is Rubi 1 with
a weight value of 0.152942 of all stones compared.
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available from the corresponding author upon request.
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Risk assessment of distribution assets is one of the most important factors in the process of network development or maintenance
planning decision-making. The process of decision-making is faced with uncertainties, involving technical, financial, safety,
environmental, and other operational issues that make standard risk assessment techniques insufficient. Probabilistic uncertainties
require appropriate mathematical modeling and quantification when predicting future state of the nature or the value of certain
parameters. The paper is proposing a new methodology for the multicriteria risk assessment of the distribution network assets,
based on influence diagrams and fuzzy probabilities. Influence diagram has been used to determine all relevant factors concerning
risks and their interdependencies are depicted. Fuzzy probabilities are represented by triangular fuzzy numbers with constraints
on feasibility of elicited probabilities. This methodology enables the decision process in uncertain environment, with the impact
evaluation of each particular distribution asset, or the asset component. The methodology is illustrated on the example of a
distribution substation circuit breaker maintenance strategy selection.

1. Introduction

Maintenance planning, development, and reconstruction of
distribution networks are playing the crucial role in the asset
management of distribution networks [1, 2]. One of the main
problems of asset management in distribution companies is
to find the best maintenance strategy out of following actions:
do nothing and repair only after the breakdown, overhaul,
or do the complete replacement of asset. Some activities, like
minor or major maintenance, can be performed in a regular
time interval, or depending on condition of an asset, but the
problem is becoming more complex as alternatives must be
evaluated on the basis of several criteria [3]. Some of them
are easy to measure (costs and profit), while others can be
very difficult to evaluate (public opinion, consequences of
outages).

Risk and uncertainties are also present in the process of
decision-making, whether it is in presupposed data (con-
sumption increase rate, prices, and preferences) or in decision
factors of business environment that affect the process of
decision-making. One of the latest approaches is the risk
management based maintenance, which evaluates the risk of

equipment failure and consequences such failure can produce
on the system [4–6].With the quantification of risk, the most
efficient strategy and the optimal risk level for distribution
networks assets management can be obtained [6]. In all these
approaches, risk is defined as a combination of probability
indices and the consequences of failure in the network.

Decision about the optimal level of maintenance depends
on several criteria of different nature:

(i) technical criteria
(ii) economic criteria
(iii) health and safety criteria
(iv) environmental impact
(v) public opinion and customer satisfaction
(vi) regulatory requirements

The number and structure of these categories is changing,
depending on particular conditions (legislative, regulatory
requirements, etc.) but these are basic attributes out of
which the others can be derived. Furthermore, the asset
management problem is facing the probabilistic uncertainty
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and imprecision when modeling problem structural param-
eters, including the required goals, constraints, and external
influences.

Various theories of imprecise probability include the
Dempster-Shafer evidence theory [7, 8], the coherent lower
prevision theory [9], probability bound analysis [10], and
the fuzzy probability [11]. Stochastic nature of parameters
and subjective probabilities are often described with interval
probabilities or fuzzy sets. Interval and fuzzy probabilities
are used when it is hard to model uncertainty by point value
probabilities: when little or no information to evaluate them is
available, or when several information sources (sensors, indi-
vidual experts in group decision-making) are combined [12].
Fuzzymodeling can be understood as an extension to interval
modeling, and fuzzy probabilities can be characterized by
a possibility distribution of probability, representing degree
of confidence in that probability expressed by an individual
[13, 14].

Bayesian networks and Influence diagrams are used as a
convenient tool for the large class of engineering problems,
while the inherent uncertainty has beenmodeled by the fuzzi-
fication of random variables, and/or prior and conditional
probabilities. A comprehensive review of development deal-
ing with imprecise probabilities for the solution of various
engineering problems is given in [15]. Fuzzy probabilities are
treated as an extension of interval probabilities, emphasizing
the correspondence between different 𝛼–levels and proba-
bility boxes. Various engineering analyses are then enabled
using min–max operator and extension principle as the basis
for the processing of fuzzy information.

In Bayesian networks, uncertainty embodies both sour-
ces: aleatoric (random events or uncontrollable variation)
and epistemic (as the absence of complete knowledge).
Furthermore, fuzzy probabilities, grouped in several fuzzy
sets, can be denoted with linguistic terms: “extremely low”,
“very low”, “medium”, etc. [16–19].These terms represent the
information granules that are in great extent influenced by the
psychological profile of the decision-maker.

In the deterministic case, alternatives and consequences
are directly related in terms of criteria. In the presence
of uncertainties, there may exist many possible outcomes
that can be described quantitatively or qualitatively (through
verbal descriptions).

Approaches like Bayesiannetworks, fault, and events trees
are often used to understand and model random events and
outcomes, but issues like interdependencies of different crite-
ria in the decision-making process require further attention.
New form of description, the influence diagram, that is both
a formal description of the problem that can be treated by
computers and a simple, easily understood representation
is presented in this paper. The formal theory of Influence
diagram is given in [20, 21], with the evaluation, or solving
of influence diagram based on Bayesian networks.

This work introduces a new methodology for the risk
assessment in distribution network based on the extension of
Influence diagrams with the fuzzy probabilities and different
consequence evaluation. Risk assessment is performed in
two steps. In the first step, influence diagram has been
used to determine all relevant factors influencing risks with

the depiction of their interdependencies, together with all
possible alternative decisions. In the second step, the set of
each particular risk values is calculated as the combination
of risk factor occurrence and their consequences. Subjec-
tive probabilities are represented as information granules
described by linguistic terms andmodeled as triangular fuzzy
numbers.

In the next section of this paper, both steps of a risk
assessment methodology using Bayesian networks and Mul-
ticriteria Influence diagram are presented. Building of an
influence diagram and the way of solving it are presented.
Using joint probability rule, the risk of particular event, for
different risk categories, is calculated. In Section 3, the notion
of fuzzy probability has been explained and in Section 4 the
methodology is illustrated on the case study of the choice
of circuit breakers maintenance strategy in one transformer
substation.

2. Risk Assessment Using Influence Diagrams

2.1. Risk Assessment. Risk assessment, as the first step in the
riskmanagement process, attempts to identify possible failure
events, evaluate their consequences, determine the probabil-
ity of their future occurrence, and reduce the detrimental
consequences. The usual definition of risk associated with an
event E is defined as the product of event probability𝑝(𝐸) and
its consequence 𝐶𝑜𝑛𝑠(𝐸) [22, 23]:

𝑅𝑖𝑠𝑘 (𝐸) = 𝑝 (𝐸) ⋅ 𝐶𝑜𝑛𝑠 (𝐸) (1)

More complex relationships between values introducing
empirical scaling parameters x, y, and 𝑤 are presented in the
following [24]:

𝑅𝑖𝑠𝑘 (𝐸) = 𝑝 (𝐸)𝑦 ⋅ 𝑤 ⋅ 𝐶𝑜𝑛𝑠 (𝐸)𝑥 (2)

Calculated value of risk became a crucial factor when decid-
ing about the actions to be performed on distribution asset.
However, decisions have to be made in a very uncertain
environment. In this paper, a new graphical tool based on
Bayesian networks—influence diagrams for risk assessment
and decision-making under uncertainty—is proposed. The
definition of Bayesian networks is given in the sequel, before
proceeding to the risk assessment methodology.

2.2. Bayesian Networks. Bayesian network (BN) is a directed
acyclic graph represented with pairs 𝑁 = {(𝑉, 𝐸), 𝑃}. Node
V represents random variables (events) and links E between
nodes represent a causal dependency. A link from variable
X to variable Y indicates that X can cause Y, or, in BN
terminology, X is a parent of Y, and Y is a child of X. P is
a probability distribution over V. Discrete random variables𝑉 = {𝑋1, 𝑋2, . . . , 𝑋𝑛} are assigned to the nodes variables
representing a finite set of mutually exclusive states and
annotated with a Conditional Probability Table (CPT) that
represents the conditional probability of the variable given
the values of its parents in the graph.

The simple Bayes net is presented in Figure 1 with two
independent variables, X1 and X2, and dependent variable
Y with appropriate CPT representing probabilities for each
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Table 1: Consequences grading scale.

Safety consequences
Grade Description
1 No harmful consequences

2 Minor: failure results in minor system damage but does not cause injury to personnel or allow any kind of
exposure to operational or service personnel

3 Major: failure results in a low level of exposure to Personnel, or activates facility alarm system
4 Critical: failure results in minor injury to personnel
5 Catastrophic: failure results in major injury or death of personnel

Y

８1
８2

Figure 1: Bayes net with two independent variables.

possible state of the nature of variable Y, or event, in the risk
assessment terminology.

The solving of BN is based on four rules, including
conditional independence, joint probability, marginalization,
and Bayesian rule, presented respectively in the following
expressions [21, 22].

Conditional Independence

𝑃 (𝑋1, 𝑋2, . . . , 𝑋𝑛) = 𝑛∏
𝑖=1

𝑃 (𝑋𝑖/𝑃𝑎𝑟𝑒𝑛𝑡𝑠 (𝑋𝑖)) (3)

Joint Probability

𝑃 (𝑌 = 𝑦𝑖,X = 𝑥𝑖) = 𝑃 (𝑋 = 𝑥𝑖) ⋅ 𝑃 (𝑌 = 𝑦𝑖/X = x𝑖) (4)

Marginalization Rule

𝑃 (𝑌 = 𝑦𝑖) = ∑
𝑖

𝑃 (𝑋 = 𝑥𝑖) ⋅ 𝑃 (𝑌 = 𝑦𝑖/X = x𝑖) (5)

Bayesian Rule

𝑃 (𝑋 = 𝑥𝑖/Y = y𝑗) = 𝑃 (𝑋 = 𝑥𝑖) ⋅ 𝑃 (Y = y𝑗/𝑋 = 𝑥𝑖)
𝑃 (𝑌 = 𝑦𝑗) (6)

Using expressions (3)–(5), the probability of each possible
state j out of n possible states of variable Y can be determined.
After the calculation of probabilities, the following step in the
methodology is to calculate the risk, using expressions (1) and
(2), or more generally:

𝑅𝑖 = 𝑓 (𝐶 (𝑌𝑖) , 𝑃 (𝑌𝑖)) (7)

In order to incorporate the risk, BN is extended by two
more nodes: consequence node C(Y) and risk value node R
(Figure 2).

For instance, consequences grades for personal safety can
be expressed by numerical grades, described in Table 1.

Risk value node is represented by the n-dimensional
array, with elements calculated from (7).

R

８1

８2

＃(９Ｃ)

０(９Ｃ)

Figure 2: Extension of the Bayes net for the risk assessment.

2.3. Influence Diagrams. A generalization of a BN is the In-
fluence diagram (ID), proposed by Howard and Matheson
[21], as a tool to simplify modeling and analysis of decision
trees, allowing not only probabilistic inference but also the
graphical representation of decision-making problems. Like
in BN, the input and output values of a node in an ID are
based on the Bayesian theorem, allowing a user tomake infer-
ences with limited available information. Besides the chance
nodes of BN, ID also contains decision nodes and utility
nodes, depicting available information at the time of making
a decision, and the degree of influence of each variable on
other variables and decisions. Unlike a decision tree that
shows more details of possible paths, ID shows dependencies
among variables more clearly. IDs are particularly useful in
creating computer-based models that describe a system or as
descriptions of decision maker’s mental models to assess the
impact of their actions.

ID tries to capture system representation in a form that
can be communicated to others, through several graphical
symbols. A circle depicts an exogenous variable (an external
influence) whose values are not affected by previous deci-
sions. A rectangle depicts a decision, while intermediate vari-
ables depict an endogenous variable whose values are com-
puted as functions of decision and other variables. Chance
node (an ellipse) represents a random variable defined by
discrete probability distribution. Arrow shows the influence
between variables, and dotted arrow shows information being
communicated between elements. Finally, value node (a
diamond) is a quantitative criterion representing the subject
of optimization. The simple example of an ID is presented in
Figure 3.

Methods for evaluating and solving IDs are based on
Bayes theorem and can be grouped in several categories. They
can be (i) converted to decision trees and solved, (ii) solved by
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R

D
８1

８2

＃(９Ｃ) ０(９Ｃ)

Figure 3: Influence diagram for the risk assessment.

the variable elimination algorithms, or (iii) solved by efficient
algorithms using graphical structures, like the junction trees
[25].

When nodes in the diagram are represented by appropri-
ate fuzzy sets, ID can be solved using fuzzy reasoning [26–
28]. A commonly used technique for combining fuzzy sets is
fuzzy inference system, like the Mamdani type inference.The
final step for building an ID model for the risk assessment
is to aggregate different risk factors into one diagram. An
illustration for the risk assessment IDwith two criteria: safety
risk (S) and economic risk (E), is presented in Figure 4.

3. Fuzzy Probability

Uncertain and subjective probabilities can be granulated in
different terms like: improbable or doubtful, but we will
draw our attention to special form of probability granulation,
focusing on point value with inherent uncertainty: around
30%, around 75%, etc.These probabilities are defined starting
from previous works on linguistic probability [29–32] defin-
ing similar probability measure for fuzzy probabilities.

Klir [31, 32] introduced a notion of a fuzzy interval
defined on [0, 1] as a probability granule, that is, a normal
fuzzy set on [0, 1] with 𝛼 cuts for all as closed subinter-
vals on [0, 1]. These fuzzy probabilities will be denoted as𝑃1, 𝑃2, . . . , 𝑃𝑛 and they may be expressed by the canonical
form:

𝑃𝑖 (𝑥) =
{{{{{{{{{{{{{{{

𝑓𝑖 (𝑥) , x ∈ [0, b)
1, 𝑥 ∈ [𝑏, 𝑐]
𝑔𝑖 (𝑥) , 𝑥 ∈ (𝑐, 𝑑]
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(8)

where 𝑎, 𝑏, 𝑐, 𝑑 ∈ [0, 1], 𝑎 ≤ 𝑏 ≤ 𝑐 ≤ 𝑑, and f 𝑖 and g 𝑖
are strictly increasing right continuous and strictly decreasing
left continuous real valued function, respectively. The 𝛼–cuts
of P𝑖 are expressed for all 𝑎 ∈ [0, 1]:

𝑃𝛼𝑖 = {{{
[𝑓−1𝑖 (𝛼) , g−1𝑖 (𝛼)] , 𝛼 ∈ (0, 1)
[𝑏, c] , 𝛼 = 1 (9)

In this paper, we will investigate the elicitation of triangular
fuzzy set support—left and right bounds of triangular fuzzy
numbers. The support of fuzzy set A is the set of all points x
in X such that 𝜇𝐴(𝑥) > 0.

Consider a discrete random variable X with values in the
set 𝑋 = {𝑥𝑖, 𝑖 ∈ 𝑁𝑛}. We will assume that the probabilities of
this random variables P(x𝑖) are assessed approximately, by a
triangular fuzzy number:

𝜇𝑃𝑖 (x) =
{{{{{{{{{{{{{{{{{

0, 𝑥 < 𝑎𝑖𝑥 − 𝑎𝑖𝑏𝑖 − 𝑐𝑖 , 𝑎𝑖 < 𝑥 < 𝑏𝑖𝑐𝑖 − 𝑥𝑐𝑖 − 𝑏𝑖 , 𝑏𝑖 < 𝑥 < 𝑐𝑖
0, 𝑥 > 𝑐𝑖

(10)

We can interpret these fuzzy numbers as fuzzy probabilities
as follows.

Definition 1. Fuzzy numbers 𝑃𝑖 = [𝑎𝑖, 𝑏𝑖, 𝑐𝑖], 𝑖 = 1, . . . , 𝑛
are called fuzzy probabilities of X if there are 𝑥1 ∈[𝑎1, 𝑐1], . . . , 𝑥𝑖 ∈ [𝑎𝑖, 𝑐𝑖], . . . , 𝑥𝑛 ∈ [𝑎𝑛, 𝑐𝑛] such that:

𝑛∑
𝑖=1

𝑥𝑖 = 1,
𝑛∑
𝑖=1

𝑏𝑖 = 1
(11)

The set of fuzzy numbers P satisfies (11) if and only if the
following conditions hold [33]:

𝑐𝑖 + 𝑎1 + . . . + 𝑎𝑖−1 + 𝑎𝑖+1 + . . . + 𝑎𝑛 ≥ 1, ∀𝑖
𝑎𝑖 + 𝑐1 + . . . + 𝑐𝑖−1 + 𝑐𝑖+1 + . . . + 𝑐𝑛 ≥ 1, ∀𝑖 (12)

If there are only two fuzzy probabilities [𝑎1, 𝑏1, 𝑐1] and[𝑎2, 𝑏2, 𝑐2], then 𝑎1 + 𝑐2 = 1, 𝑎2 + 𝑐1 = 1 and 𝑏1 + 𝑏2 = 1.Let
us consider a set of fuzzy numbers 𝐹𝑃 = {𝐹𝑃𝑖 = [𝑎𝑖, 𝑏𝑖, 𝑐𝑖], 𝑖 =1, . . . , 𝑛}. The interval of probability values for every 𝛼–cut
will be denoted as [𝑎𝛼,𝑖, 𝑐𝛼,𝑖]. We can interpret these fuzzy
numbers as fuzzy probabilities as follows.

Definition 2. Fuzzy numbers 𝐹𝑃𝑖 = [𝑎𝑖, 𝑏𝑖, 𝑐𝑖] are called fuzzy
probabilities of X if for ∀𝛼 ∈ [0, 1] and ∀𝑥𝑖 ∈ [𝑎𝛼,𝑖, 𝑐𝛼,𝑖] there
are 𝑥1 ∈ [𝑎𝛼,1, 𝑐𝛼,1], . . . , 𝑥𝑖−1 ∈ [𝑎𝛼,𝑖−1, 𝑐𝛼,𝑖], 𝑥𝑖+1 ∈ [𝑎𝛼,𝑖+1,𝑐𝛼,𝑖+1], . . . , 𝑥𝑛 ∈ [𝑎𝛼,𝑛, 𝑐𝛼,𝑛] such that:

𝑛∑
𝑖=1

𝑥𝑖 = 1 (13)

Lemma3. The set of fuzzy numbers FP satisfies (13) if and only
if the following conditions hold:
𝑐𝛼,𝑖 + 𝑎𝛼,1 + . . . + 𝑎𝛼,𝑖−1 + 𝑎𝛼,𝑖+1 + . . . + 𝑎𝛼,𝑛 ≤ 1,

∀𝛼, ∀𝑖
𝑎𝛼,𝑖 + 𝑐𝛼,1 + . . . + 𝑐𝛼,𝑖−1 + 𝑐𝛼,𝑖+1 + . . . + 𝑐𝛼,𝑛 ≥ 1,

∀𝛼, ∀𝑖.
(14)

Proof.
Sufficient Conditions. If the first part of Lemma 3 holds, then:

∀𝛼, ∀𝑖
𝑥𝑖 + 𝑎𝛼,1 + . . . + 𝑎𝛼,i−1 + 𝑎𝛼,i+1 + . . . + 𝑎𝛼,n ≤ 𝑐𝛼,𝑖 + 𝑎𝛼,1
+ . . . + 𝑎𝛼,i−1 + 𝑎𝛼,i+1 + . . . + 𝑎𝛼,n ≤ 1
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Figure 4: Complete influence diagram with different risk factors.

∀𝛼, ∀𝑖
𝑥𝑖 + 𝑐𝛼,1 + . . . + 𝑐𝛼,i−1 + 𝑐𝛼,i+1 + . . . + 𝑐𝛼,n ≥ 𝑎𝛼,𝑖 + 𝑐𝛼,1
+ . . . + 𝑐𝛼,i−1 + 𝑐𝛼,i+1 + . . . + 𝑐𝛼,n ≥ 1.

(15)

Then, the following expression holds:

𝑥𝑖 + 𝑎𝛼,1 + . . . + 𝑎𝛼,i−1 + 𝑎𝛼,i+1 + . . . + 𝑎𝛼,n ≤ 1
≤ 𝑥𝑖 + 𝑐𝛼,1 + . . . + 𝑐𝛼,i−1 + 𝑐𝛼,i+1 + . . . + 𝑐𝛼,n. (16)

The expression shows that there exist 𝑎𝛼,𝑗 ≤ 𝑥𝑗 ≤ 𝑐𝛼,𝑗, 𝑗 ∈{1, . . . 𝑛}, 𝑗 ̸= 𝑖 that satisfies (13).
Necessary Conditions. If the first part of Lemma 3 does not
hold, then:

∀𝛼, ∃𝑖
𝑐𝛼,𝑖 + 𝑎𝛼,1 + . . . + 𝑎𝛼,𝑖−1 + 𝑎𝛼,𝑖+1 + . . . + 𝑎𝛼,𝑛 > 1

∀𝛼, ∃𝑖
𝑎𝛼,𝑖 + 𝑐𝛼,1 + . . . + 𝑐𝛼,𝑖−1 + 𝑐𝛼,𝑖+1 + . . . + 𝑐𝛼,𝑛 < 1.

(17)

Then, taking x𝑖 as 𝑎𝛼,𝑖 or 𝑐𝛼,𝑖 (13) cannot hold.
An alternative definition of fuzzy probabilities can be

formulated from two extreme cases of 𝛼 = 0 and 𝛼 = 1.

Definition 4. Fuzzy numbers 𝐹𝑃𝑖 = [𝑎𝑖, 𝑏𝑖, 𝑐𝑖] are called fuzzy
probabilities of X if for and ∀𝑥𝑖 ∈ [𝑎𝑖, 𝑐𝑖] there are 𝑥1 ∈ [𝑎1,
c1], . . . , 𝑥𝑖−1 ∈ [𝑎𝑖−1, 𝑐𝑖], 𝑥𝑖+1 ∈ [𝑎𝑖+1, 𝑐𝑖+1], . . . , 𝑥𝑛 ∈ [𝑎𝑛, 𝑐𝑛]
such that:

𝑛∑
𝑖=1

𝑥𝑖 = 1,
𝑛∑
𝑖=1

𝑏𝑖 = 1
(18)

Bayesian networks with fuzzy numbers replacing point value
probabilities are proposed [30] defining “Bayesian fuzzy
probability” as convex, normal fuzzy set of [0, 1]. Com-
plementation law has been relaxed in order to extend a

partially defined linguistic probability measure, and this
method has been successfully used in forensic statistics [29]
and risk analysis [18]. More possible scenarios for fuzzifying
the Bayesian approach are presented in [15] using nonfuzzy
algorithmically efficient reformulation of the Bayesian for-
mula. Although time-consuming, we will implement the
corresponding fuzzy version of Bayesian formulas.

The fuzzy counterparts to the standard arithmetic oper-
ators are defined using the extension principle. It is possible
to derive these operators by examining the effects of interval
based calculations at each 𝛼–cut. The extended operators are
defined by (19), using a circled arithmetic operator symbol for
the extension of a real arithmetic operator.

Definition 5. For all 𝑎, 𝑏 ∈ 𝑅𝐹a, the extended operators are
defined by

𝜇𝐴⊕𝐵 (𝑧) = supmin(𝜇𝐴 (𝑥)
𝑥+𝑦=𝑧

, 𝜇𝐵 (𝑦))

𝜇𝐴⊗𝐵 (𝑧) = supmin(𝜇𝐴 (𝑥)
𝑥𝑦=𝑧

, 𝜇𝐵 (𝑦))

𝜇𝐴−𝐵 (𝑧) = supmin(𝜇𝐴 (𝑥)
𝑥−𝑦=𝑧

, 𝜇𝐵 (𝑦))

𝜇𝐴0𝐵 (𝑧) = supmin(𝜇𝐴 (𝑥)
𝑥/𝑦=𝑧

, 𝜇𝐵 (𝑦))

(19)

From previous definition, two fuzzy Bayes rules analogue to
classical crisp number relations are formulated. Operator “≅”
stands for “=” operator.

Fuzzy Joint Probability

𝑃 (𝑌 = 𝑦𝑗, 𝑋 = 𝑥𝑖) ≅ 𝑃 (𝑋 = 𝑥𝑖)
⊗ 𝑃 (𝑌 = 𝑦𝑗 \ 𝑋 = 𝑥𝑖)

(20)
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Table 2: Fuzzy probabilities.

Triangular fuzzy probability number Description Notation
[5 10 15] Extremely low probability EL[15 20 25] Low probability L[25 30 35] Low to medium LM[35 40 45] Medium to low ML[45 50 55] Medium probability M[55 60 65] Medium to high MH[65 70 75] High to medium HM[75 80 85] High probability H[85 90 95] Extremely high probability EH

Table 3: Prior probability of weather states.

States Description Probability
Bad Severe weather conditions MM
Medium No extreme temperatures below – 20 degree LM

Good Good weather conditions, no extreme
temperatures below -10 degree L

Fuzzy Bayes Rule

𝑃 (𝑋 = 𝑥𝑖 \ 𝑌 = 𝑦𝑗)
≅ 𝑃 (𝑋 = 𝑥𝑖) ⊗ 𝑃 (𝑌 = 𝑦𝑗 \ 𝑋 = 𝑥𝑖)𝑃 (𝑌 = 𝑦𝑗)

(21)

Based on the law of total probability another rule for the fuzzy
marginalization can be added, represented by (22).

Fuzzy Marginalization Rule

𝑃 (𝑌 = 𝑦𝑗) ≅ ∑
𝑖

𝑃 (𝑋 = 𝑥𝑖) ⊗ 𝑃 (𝑌 = 𝑦𝑗 \ 𝑋 = 𝑥𝑖) (22)

Finally, risk can be calculated from

𝑅 = 𝑛∑
𝑖

𝑃 (𝐶𝑖) ⊗ 𝐶𝑖 (23)

It is possible to use any other form of additive, multiplicative,
or tabular risk aggregation function. The influence diagram
with fuzzy probabilities will be illustrated on a simple case
study of maintenance strategy selection.

4. Case Study

Risk assessment methodology is illustrated on substation
with low oil circuit breakers. The decision has to be made
about three possible alternatives: do nothing, perform minor
interventions, or do the overhaul and major repair of circuit
breakers. The alternatives will be assessed by the risk assess-
ment of two criteria: safety and environment. Both criteria
will be evaluated by their risk and then aggregated in the one
influence diagram value node.

Two failure modes and normal operating condition of a
circuit breaker are taken into account: breaker is in operating

conditions (OK), failure to close (Close), when breaker does
not close the circuit to conduct current in one or more poles,
and failure to open (FO), when breaker does not open the
circuit to interrupt current. In the case of the bad weather
conditions in the following year, the network condition will
worsen due to the increased number of failure, the network
loading will increase, and the breaker will be exposed tomore
severe operation conditions. Due to the uncertainty about
the weather forecast, and consequently network technical
condition, network maximal demand power (loading), and
possible failure modes, probabilities elicited by experts are
also uncertain. According to the definition of the fuzzy
probabilities, possible probability grades are represented in
Table 2.

Prior fuzzy probabilities of ambient conditions and global
weather forecast for the next year are given in Table 3.

Conditional probability tables for network condition, cir-
cuit breaker failure modes, loading levels, and consequences
are represented in Tables 4, 5, 6, and 7, respectively.

Safety and environment criteria evaluations are expressed
in numerical grades (from 1 to 5) and represented in Table 8.

For 𝛼 = 1, the influence diagram becomes the determinis-
tic influence diagramwith crisp probability values.The solved
diagram with calculated values for three different scenarios
and two criteria is represented in Figure 5.

Risk is calculated using the following consequences
grades: 1 for no consequences, 2 for minor, and 3 for major
consequences, and aggregation of two risks is presented in
Table 9.

It is visible that risk calculated values do not show great
variance, and that decision about the future maintenance
strategy cannot be easily determined. Therefore, the problem
is solved again using fuzzy probabilities and expressions
(19)–(22). Results are presented on Figures 6, 7, and 8.

Calculated values for risks for both alternatives with
crisp values (Figure 5) and fuzzy probability values
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Table 4: Conditional probabilities of network conditions.

Weather States

Bad conditions on MV side—no tree trimming,
no maintenance, increased number of failures

Good conditions on MV
network, no increase in

failure rate
B MH ML
M MM MM
G ML MH

Table 5: Conditional probabilities of failure modes.

Decision NC Ok Close FO
Minor HM L EL
Minor Good H EL EL
Major Bad H EL EL
Major Good EH EL EL
Do nothing Bad MH L L
Do nothing Good MH L L

Table 6: Conditional probabilities of network loading levels.

Weather Low Loading Medium Loading High Loading
Bad EL LM MH
Medium LM MM L
Good MH LM EL

Table 7: Conditional probabilities of consequences.

Loading Failure mode Safety risk Environmental risk
Low loading OK EH EL Impossible H EL EL

Failure to close H EL EL H EL EL
Failure to open HM L EL HM L EL

Medium loading OK H EL EL H EL EL
Failure to close HM L EL MM LM L
Failure to open MH LM EL MH LM EL

High loading OK HM L EL HM L EL
Failure to close MH L L MH L L
Failure to open MM LM L MM LM L

Table 8: Safety and environment criteria grades.

Grade Safety risk Environmental risk

1 No harmful consequences

No harmful consequences,
Failure does not allow any release

of chemicals into the
environment

2
Minor: failure results in minor

system damage but does not cause
injury to personnel

Personnel exposure to harmful
chemicals or radiation or fire

3 Critical: failure results in minor
injury to personnel

A release of chemical to the
environment
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Decision risk
Minor maintenance 2,38
Major maintenance 2,29
Do nothing 2,47

Weather
Bad 50
Medium 30
Good 20

Failure
OK 74,7
Close 15,1
FO 10,2

Network
Bad 53
Good 47

Loading
Low 26
Medium 36
High 38

Safety
C1 75,2
C2 15,7
C3 9,02

Environment
C1 72,2
C2 16,9
C3 10,9

Risk

Figure 5: Influence diagram with crisp probabilities.
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Figure 6: Fuzzy probabilities for no consequences state for (a) safety risk and (b) environmental risk.

defuzzified using the centroid method are given in
Table 10.

Unlike the crisp calculated values for the risk node, the
fuzzy probabilities of possible consequences are highlighting
the whole range of future scenarios consequences, facilitating
the decision-making process. From Figure 6 it is visible that
the “doing nothing” strategy almost doubles the risk for
minor and major consequences, while the minor and major
maintenance practically do not make any difference.

5. Conclusions

Decision-making in maintenance planning is always con-
fronted with several aspects: technical, financial, safety, envi-
ronmental, and operational ones. Each of these factors can
be modeled by the appropriate risk of possible harmful
consequences. This paper introduces a new methodology for
the optimization of maintenance activities in distribution
network, based on the calculation of the risk of the particular
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Figure 7: Fuzzy probabilities for minor consequences state for (a) safety risk and (b) environmental risk.
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Figure 8: Fuzzy probabilities for critical consequences state for (a) safety risk and (b) environmental risk.

Table 9: Aggregated risks.

Safety 1 2 3 1 2 3 1 2 3
Environment 1 1 1 2 2 2 3 3 3
Aggregated risk 1 2 3 4 5 8 7 8 10

Table 10: Aggregated risk comparison.

Crisp probability Fuzzy probability
Minor 2,38 2,40
Major 2,29 2,65
Do nothing 2,48 4,12

component, or the overall risk of the distribution object.
For this purpose, the Fuzzy Influence diagram has been
used, in order to determine all relevant factors influencing
risks, and depicting their interdependencies. Probabilistic
uncertainties require appropriate mathematical modeling
and quantification when predicting future state of the nature
or the value of certain parameters and the proposed model
enables evaluation of the impact of each particular com-
ponent of maintenance decision process. Bayesian networks
and Influence diagrams are used as a convenient tool for
the large class of engineering problems, while the inherent
uncertainty has been modeled by the fuzzification of random
variables, and/or prior and conditional probabilities. The
methodology is illustrated on the example of the choice
of circuit breakers maintenance in one distribution trans-
former substation. This methodology is especially suited for

systems with great number of unobservable components, in
the presence of uncertainty and lack of operational data,
like power distribution system is. The main challenges for
the future research are the introduction of fuzzy multi-
criteria decision analysis for the choice of activity min-
imizing the overall risk and more flexible representation
of fuzzy subjective probabilities, as information granules
described by linguistic terms andmodeled as triangular fuzzy
numbers.

Data Availability

Data used in the case study are used for simulation purposes.
Any calculation result can be obtained from the author by
request.
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Influence Diagrams – A Tool for the Sequential Group Risk
Assessment,” in Granular Computing and Decision-Making, W.
Pedrycz and S. M. Chen, Eds., vol. 10 of Studies in Big Data, pp.
165–193, Springer, 2015.

[23] A. Janjic, Z. Stajic, and I. Radovic, “A Practical Inference Engine
for Risk Assessment of Power Systems based on Hybrid Fuzzy
Influence Diagrams,” in Latest Advances in Information Science,
Circuits and Systems, 2011.

[24] Z. Zhang, Y. Jiang, and J. McCalley, “Condition based failure
rate estimation for power transformers,” in Proceedings of the
35thNorthAmerican Power Symposium, Rolla,Miss, USA, 2003.

[25] F. Jensen, V. Jensen, and S. Dittmer, “From influence diagrams
to junction trees,” in Uncertainty in Artificial Intelligence (UAI),
pp. 367-363, 1994.

[26] N. H. Mateou, A. P. Hadjiprokopis, and A. S. Andreou, “Fuzzy
Influence Diagrams: An Alternative Approach to Decision
Making Under Uncertainty,” in Proceedings of the 2005 Interna-
tional Conference on Computational Intelligence for Modelling,
Control and Automation, (CIMCA-IAWTIC ’05), 2005.

[27] N. An, J. Liu, and Y. Bai, “Fuzzy influence diagrams: An
approach to customer satisfactionmeasurement,” inProceedings
of the 4th International Conference on Fuzzy Systems and
Knowledge Discovery, 2007.

[28] L. Hui and X. Y. Ling, “The Traffic Flow Study Based on Fuzzy
Influence Diagram Theory,” in Proceedings of the 2009 Second
International Conference on Intelligent Computation Technology
and Automation, 2009.

[29] J. Halliwell, J. Keppens, and Q. Shen, “Linguistic Bayesian
Networks for reasoning with subjective probabilities in forensic
statistics,” in Proceedings of the 5th International Conference of
AI and Law, pp. 42–50, Edinburgh, Scotland, 2003.

[30] J. Halliwell and Q. Shen, “Towards a linguistic probability
theory,” in Proceedings of the 11th International Conference on
Fuzzy Sets and Systems (FUZZ-IEEE ’02), pp. 596–601, Honol-
ulu, Hawaii, USA, 2002.

[31] G. J. Klir, “Basic Issues of Computing with Granular Probabili-
ties,” inData Mining, Rough Sets and Granular Computing, T. Y.
Lin, Y. Y. Yao, and L. A. Zadeh, Eds., Springer Verlag, Germany,
2002.

[32] G. Klir, Uncertainty and Information: Foundations of General-
ized Information Theory, John Wiley & Sons, 2005.

[33] K. Weichselberger and S. Pohlmann, A Methodology for Uncer-
tainty in Knowledge-Based Systems, Springer-Verlag, Germany,
1990.



Research Article
Ultra-Short-Term Prediction of Wind Power Based on Fuzzy
Clustering and RBF Neural Network

Huang Hui ,1,2 Jia Rong,1 andWang Songkai1

1 Institute of Water Resources and Hydro-Electric Engineering, Xi’an University of Technology, Xi’an 710048, China
2School of Electric Power, North China University of Water Resources and Electric Power, Zhengzhou 450011, China

Correspondence should be addressed to Huang Hui; cghuanghui2000@163.com

Received 24 May 2018; Revised 4 August 2018; Accepted 13 August 2018; Published 2 September 2018

Academic Editor: Hanbo Zheng

Copyright © 2018 Huang Hui et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

High-precision wind power forecast can reduce the volatility and intermittency of wind power output, which is conducive to the
stable operation of the power system and improves the system's effective capacity for large-scale wind power consumption. In
the wind farm, the wind turbines are located in different space locations, and its output characteristics are also affected by wind
direction, wake effect, and operation conditions. Based on this, two-step ultra-short-term forecast model was proposed. Firstly,
fuzzy C-means clustering (FCM) theory was used to cluster the units according to the out characteristics of wind turbines. Secondly,
a prediction model of RBF neural network is established for the classification clusters, respectively, and the ultra-short-term power
forecast is performed for each unit. Finally, the above results are compared with the RBF single prediction model established by
unclassified g wind turbines. A case study of a wind farm in northern China is carried out. The results show that the proposed
method can effectively improve the prediction accuracy of wind power and prove the effectiveness of the method.

1. Introduction

In order to solve the challenges of current energy devel-
opment, such as resources, environmental pollution, and
climate change, the future electric power system adopts
low-carbon, green, and clean development as the develop-
ment direction, which will increase the installed capacity of
renewable energy represented by wind energy. Due to the
randomness and volatility of wind energy, grid-connected
wind power generation results in fluctuations in grid voltage
and frequency, which directly affect the stability of the power
quality of the grid and the operation of the power system and
also bring many uncertainties to the power grid dispatching
[1]. Accurate wind power prediction is one of the effective
ways to reduce the above factors.

At present, approaches for short-term wind power fore-
casting is mainly divided into two categories: statistical mod-
els based purely on historical data and physical numerical
weather prediction (NWP) models.They are better for short-
term forecasting 6–72 hours ahead. Though the former
model is relatively concise and the calculation speed is fast,

the prediction accuracy decreases sharply with the increase
of prediction time. Models based on numerical weather
prediction can obtain wind power prediction values for the
next 1 to 3 days. The prediction accuracy is relatively stable,
but the calculation volume is huge and often requires super-
computers to continuously operate for hours [2]. Statistical
models with NWP data as additional exogenous inputs,
considering spatial relationships is one of the main research
methods for improving wind power prediction accuracy in
the future. Considering the research of spatial correlation,
most of the literature is based on the analysis of wind velocity
and spatial correlation to establish wind speed prediction
model [2–5]. In [4], based on the statistical data of wind
speed in the history year, in order to study the temporal
evolution and spatial extent of the statistics of the data, using
a data-coupled clustering method (SODCC algorithm) to
calculate the cluster size probabilities and the node to cluster
size probabilities, a spatiotemporal model of wind speed is
established. The method provides guidance for forecasting
analysis of wind farm output. Assume that there exist low-
dimensional structures governing the interactions among a
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Figure 1: Fuzzy clustering and RBF network prediction model flow diagram.

set of historical data from meteorological stations, and we
utilize Wavelet Transform (WT) for decomposition of the
wind speed data into more stationary components. Based
onCompressive Sensing (CS) and structured-sparse recovery
algorithms, a spatiotemporal model of each subsequence is
established to predict wind speed. Another study is about
the spatial distribution of regional wind farms, analyzing
the spatial-temporal correlation of the output of wind farms
and establishing wind power forecasting models based on
measured historical data. In [6], based on the geographic
spatial distribution information of multiple wind farms and
the historical time series of statistics, the power probability
prediction of wind farmswith parameters and nonparametric
regression is carried out by using the correlation of wind
power output in different locations. Using EFO decomposi-
tion to extract the characteristics of the regional wind farm,
the representative unit of eachwind farm is selected to predict
the output of the wind farm. Finally, the statistical upscaling
method is used to predict the total power value of the regional
wind farm. At present, most of the research based on spatial
correlation is mainly considering the changes of wind speed,
caused by, for example, the geographical location of different
wind farms, the terrain data of wind farms, wind direction,
roughness, temperature, atmospheric pressure, and so on.
The literature that directly analyzes the influence of spatial
correlation on the output characteristics of a wind farm with
different wind turbines is rarely seen.

Ultra-short-term (typically minutes to hours) forecasting
is time series based models, which rely on historical wind
speed or powermeasurements and take the predicted variable
itself as explanatory variables. They can capture the hidden
stochastic characteristics of wind speed or wind power [7].
Reference [8] applied a hybrid model to develop multipoint
prediction and single-point prediction for ultra-short-term
wind power prediction. Reference [9] proposed a novel
hybrid wind power time series prediction model to improve
accuracy of ultra-short-term wind power forecasting. There
are also some literatures studying the impact of wind speed or
wind direction on output power [10, 11]. For the same NWP
data, in fact, the output power of wind turbines in different
geographical locations is related to the above factors, but also
to the geographical location and its own structural charac-
teristics. In this paper, the spatial distribution information of
the unit in the wind farm is considered. First, according to the
historical data of the wind turbine output as the sample, the
fuzzy mean clustering method is used to classify the units in
the wind farm. Secondly, the RBF neural network prediction
model is set up for the classified units, and the prediction

results are added up to obtain the total wind power forecast
power.

2. Fuzzy Clustering and RBF Network
Forecasting Model

2.1. Flow Chart of Two-Step Forecasting Model. The pro-
posed method considers the wind turbines at different space
positions have different contributions to output power of
wind farm. Fuzzy clustering is performed based on the
measured historical power data of the wind turbines, and the
classification of the unit is realized using the advantages of
the nonlinear fitting of the RBF; a sample of historical data
of 33 wind turbines in a wind farm is trained and tested. The
specific flow chart is characterized in Figure 1.

2.2. Fuzzy C-Means Clustering (FCM). Fuzzy clustering is
regarded as one of the commonly used approaches for data
analysis. Fuzzy C-means clustering is adopted to classify the
historical power data of wind turbines to discover the output
characteristics of different turbines. Take a sample set of the
n typhoon unit in the wind farm, the j-th sample has a set of
eigenvectors, wherem is the characterizing time series output
characteristics of the j-th unit. All samples are classified into
category c by fuzzy clustering algorithm [12, 13]. The sample
set X can be expressed as follows:

𝑋 = 𝑋1 ∪ 𝑋2 ∪ . . . 𝑋𝑐𝑋𝑖 ∪ 𝑋𝑗 = ⌀, 𝑖 ̸= 𝑗 (1)

where 𝑋𝑖(𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑐) is the set of classification for the
i-th crew and represents the i-th vector or cluster prototype
vector,𝑋𝑖 = (𝑥𝑖1, 𝑥𝑖2, ⋅ ⋅ ⋅ , 𝑥𝑖𝑚).

The relationship between each sample and all clusters is
represented by membership matrix.𝑈𝑖𝑗 represents the degree
of membership of the jth sample for the ith cluster center.
In the clustering process, the distance weighted squared sum
of each sample to all cluster centers is taken as the objective
function, defined as follows:

𝐽 (𝑈,𝑋) = 𝑛∑
𝑗=1

𝑐∑
𝑖=1

(𝑢𝑖𝑗)𝑚 (𝑑𝑖𝑗)2 (2)

where m is the fuzzy coefficient, take 2 in this article; 𝑑𝑖𝑗 is
the distance between the wind power history data and the
cluster prototype in the i-th classification. 𝐽(𝑈,𝑋) is the sum
of squared errors of the sample data of each classifier and the
prototype of the cluster.
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Figure 2: RBF neural network structure.

The specific steps of the FCM algorithm [14] are as
follows:

Step 1. Update membership matrix 𝑈(𝑏), and the matrix
indicates the membership values of each cluster sample data
belonging to the corresponding cluster prototype:∀𝑖, 𝑗, if ∃𝑑𝑖𝑗(𝑏) > 0,

𝑢(𝑏)𝑖𝑗 = {{{
𝑐∑
𝑘=1

( 𝑑𝑖𝑗(𝑏)𝑑𝑘𝑗(𝑏))
2/(𝑚−1)}}}

−1

(3)

If ∃𝑖, 𝑟, make 𝑑𝑖𝑟(𝑏) = 0,
𝑢𝑖𝑟(𝑏) = 1,𝑗 ̸= 𝑟,
𝑢𝑖𝑗(𝑏) = 0

(4)

Step 2. Update cluster prototype matrix𝑋(𝑏+1):
𝑋𝑖(𝑏+1) = ∑𝑛𝑗=1 (𝑢𝑖𝑗(𝑏+1))

𝑚 ⋅ 𝑥𝑗∑𝑛𝑗=1 (𝑢𝑖𝑗(𝑏+1))𝑚 , 𝑖 = 1, 2 ⋅ ⋅ ⋅ , 𝑐 (5)

Step 3. Repeated iteratively, if ‖𝑋(𝑏) − 𝑋(𝑏+1)‖ < 𝜀, the
algorithm stops, and the membership degree matrix U and
the cluster prototype matrix X are output. Otherwise, turn to
the first step.

In order to evaluate the clustering results of wind turbines
and determine the optimal number of clusters, two evaluation
indexes, partition coefficient𝐾𝑃𝐶 and classified entropy𝐾𝐶𝐸,
were introduced [15].

𝐾𝑃𝐶 = 1𝑁
𝑐∑
𝑖=1

𝑁∑
𝑗=1

(𝑢𝑖𝑗)2

𝐾𝐶𝐸 = − 1𝑁
𝑐∑
𝑖=1

𝑁∑
𝑗=1

(𝑢𝑖𝑗) log (𝑢𝑖𝑗)
(6)

𝐾𝑃𝐶 is used to evaluate the degree of separation between
clusters of different units.The larger the value, the better.𝐾𝐶𝐸

is used to evaluate the degree of fuzzy clustering among wind
turbines. The smaller the value, the better.

2.3. RBF Neural Network Prediction Model. The RBF neural
network is a highly efficient multilayer feed forward neural
network. Using the multidimensional spatial interpolation
technique, it can approximate any nonlinear function. Com-
pared with other feed forward neural networks, the neural
network has good optimal approximation performance and
global optimal characteristics. The RBF neural network is
composed of three layers of input layer, hidden layer, and
output layer, as shown in Figure 1. 𝑥𝑗 = {𝑥𝑗1, 𝑥𝑗2, . . . , 𝑥𝑗𝑚} is
the jth input sample, 𝑗 = 1, 2 ⋅ ⋅ ⋅ , 𝑛, n is the total number
of units.𝑤 is the connection weight between the output layer
and the hidden layer; h is the number of hidden layer neurons
[16, 17]. This is also demonstrated in Figure 2.

The determination of the RBF network structure requires
three key parameters: the center of the basis function, the
variance, and the connection weight from the hidden layer
to the output layer. The parameters are solved as follows:

Step 1. The center of the basis function is obtained by the K-
means clustering method. Firstly, the network is initialized, k
training samples are randomly selected as the initial cluster
center 𝑐𝑖(𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑘), the Euclidean distance between 𝑥𝑗
and the initial cluster center 𝑐𝑖 is calculated, and clustering is
performed according to the nearest neighbor rule. Secondly,
the cluster center is readjusted and calculated. The average
value of the samples in the clustering set thus obtains a
new clustering center. If the new clustering center no longer
changes, the calculation is stopped; otherwise, it returns to
the previous step to continue to determine the center of the
basis function.

Step 2. The function of RBF network is Gauss basis function,
and the solution of its variance can be solved as follows.

𝜎𝑖 = 𝑐max√2𝑘 (7)

where 𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑘; 𝑐max is the maximum distance from the
selected basis function center.
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Figure 3: Wind turbine output power curve.

Step 3. The connection weights from the hidden layer to the
output layer can be calculated directly using the least square
method. The formula is described below.

𝑤 = exp( 𝑘𝑐2max

𝑥𝑗 − 𝑐𝑖2) (8)

where 𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑘; 𝑗 = 1, 2 ⋅ ⋅ ⋅ , 𝑛, n is the total number of
samples.

The input layer to hidden layer mapping of the RBF
network is nonlinear, and the hidden layer to output layer
is a linear mapping. The parameter centers 𝑐𝑖 and weights𝑤 are adjusted by the input and output errors, and then
the internal layer coefficients of the network are adjusted
accordingly, through repeated iteration calculations. When
the output to network error of the network reaches the preset
accuracy requirement, the network terminates the calculation
and outputs the predicted value.

3. Case Study

The 12-month historical power data of 33 wind turbines
measured at a northern wind farm was selected, and the
single-unit capacity was 1.5 MW. The power curve is shown
in Figure 3. It can be seen that the generating power of the 33
wind turbines horizontally related to the time sequence and
has a certain correlation with the spatial distribution in the
longitudinal direction.

Taking 12 months of historical power data as inputs of
fuzzy clustering, clustering and grouping wind turbines are
carried out. Figure 4 describes the membership matrix curve
of the units divided into two clusters, and Figure 5 describes
the membership matrix curve of the units divided into 3
clusters.

Select the number of different clusters 𝑐, and themember-
ship matrix values are shown in Figures 3 and 4. Two index
values are calculated by formula (6) and as shown in Table 1.

According to the membership matrix and Table 1, when
the number of clusters is 2, the cluster evaluation index 𝐾𝑃𝐶
is large and 𝐾𝐶𝐸 is small. Therefore, it is better to divide the
wind turbines into 2 clusters.The first group includes 14 units,
and the second group includes 19 units.
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Figure 4: Membership matrix value curves of two types of units.
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Figure 5: Membership matrix value curves of three types of units.

Table 1: Evaluation indicators of clustering results.

𝑐 𝐾𝑃𝐶 𝐾𝐶𝐸
2 0.73 0.42
3 0.611 0.68

The 10-minute historical data of the wind farm in March
2017, 733 sampling points, are adopted to set the RBF neural
network modeling and prediction. The objective function
error is set to 0.001, and sc is 3, where the MN is 20, and the
DF is 1. The prediction of the RBF neural network is carried
out for the cluster group and the entire wind farm unit,
respectively. The prediction curve is shown separately in the
next following figures. Figure 6 is the RBF prediction curve
for the first cluster, and Figure 7 is the RBF prediction curve
for the second cluster. Figure 8 depicts the RBF prediction
curve for all the wind turbines in the wind farm.

In the forecast of wind power generation, the commonly
evaluation indexes are the root mean squared error (RMSE)
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Table 2: Wind power forecast error comparison analysis.

Wind turbines RMSE MAE
The first group wind turbines 0.055 0.0096
The second group wind turbines 0.075 0.014
The combination model with two groups 0.085 0.013
A single model with all wind turbines 0.119 0.016
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Figure 6: The first group power forecast curve.

and the absolute error (MAE). The specific definitions are as
follows [18–20].

𝑅𝑀𝑆𝐸 = √ 1𝑁
𝑛∑
𝑡=1

𝑒2𝑡 (9)

𝑀𝐴𝐸 = 1𝑛
𝑛∑
𝑡=1

𝑒𝑡 (10)

where 𝑒𝑡 = 𝑦𝑡 − ∧𝑦𝑡, 𝑦𝑡 and ∧𝑦𝑡 are actual value and predicted
value, respectively.

The RBF neural network prediction model is set up for
different units, and the prediction error analysis is shown in
Table 2.The predicted values of the two groups wind turbines
are added by the equal weights to obtain the output of the
combined model of the wind farm. From Table 2, the error
based on combination model with two groups is lower than
the single model.

Compared to RBF neural network prediction model,
the ARIMA forecast model error curves are illustrated in
Figure 9.

According to above comparison and analysis, the predic-
tion error based on the ARIMA model is more than ultra-
short time prediction model in this paper. The accuracy of
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Figure 7: The second group power forecast curve.
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Figure 8: All wind turbines power forecast curve.

wind power forecasting can be effectively improved by the
two-step ultra-short-time prediction approach.
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Figure 9: Wind power forecast error curves based on ARIMA model.

4. Conclusions

In this study, the power of the generators in the wind farm
is derived from wind energy. The power output of the wind
farm is affected by, for example, wind speed, wind direction,
the tail flow effect of unit, and so on. Each unit’s output has
a certain influence on each other. According to the output
of the wind turbine and taking into account the uncertain
relationship between these factors, fuzzy clustering and RBF
neural network are combined to establish the two-step pre-
diction model. Different contributions of the wind turbines
at different space positions to the power of wind farm, and
the correlation of wind power time series are also considered.
Compared to the ARIMA forecast model and single RBF

model, the case verified that the two-step forecasting method
proposed in this paper can effectively improve the precision
in the ultra-short-term power prediction and has obtained
certain practical value in engineering.
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In the present communication, a parametric (𝑅, 𝑆)-norm information measure for the Pythagorean fuzzy set has been proposed
with the proof of its validity. The monotonic behavior and maximality feature of the proposed information measure have been
studied and presented. Further, an algorithm for solving the multicriteria decision-making problem with the help of the proposed
information measure has been provided keeping in view of the different cases for weight criteria, when weights are unknown and
other when weights are partially known. Numerical examples for each of the case have been successfully illustrated. Finally, the
work has been concluded by providing the scope for future work.

1. Introduction

The concept of intuitionistic fuzzy set (IFS) (Atanassov) [1]
has been widely studied and applied to deal with uncertain-
ties and hesitancy inherent in practical circumstances. The
prominent characteristic of an IFS is that it assigns a number
from the unit interval [0, 1] to every element in the domain
of discourse, a degree of membership, and a degree of non-
membership along with the degree of indeterminacy whose
total sum equals unity. In literature, intuitionistic fuzzy sets
comprehensively span applications in the field of decision-
making problems, pattern recognition, sales analysis financial
services, medical diagnosis, etc.

Pythagorean fuzzy set (PFS), proposed by Yager [2], is
an efficient generalization of intuitionistic fuzzy set, char-
acterized by a membership value and a nonmembership
value satisfying the inequality that the squared sum of these
values is less than or equal to 1. Yager and Abbasov [3]
well stated that, in some practical multiple-criteria decision-
making problems, it is viable that sum of the degree of the
membership and the degree of nonmembership value of a
particular alternative provided by a decision-maker may be
in such a way that their sum is bigger than 1, where it
would not be feasible to use intuitionistic fuzzy set.Therefore,
PFS proves to be proficiently more capable of representing

and handling vagueness, impreciseness, and uncertainties
than IFS in various decision-making processes. It may be
noted that PFS is more generalized than IFS as the span of
membership degree of PFS is more than span of membership
degree of IFS which enables wider applicability.

Various researchers theoretically developed the concept
of Yager’s Pythagorean fuzzy sets [4] and applied it in the field
of decision-making problems, medical diagnosis, and pattern
recognition and in other real-world problem. In order to deal
the decision-making problem with PFSs, Zhang and Xu [5]
proposed a comparison method based on a score function to
identify the Pythagorean fuzzy positive ideal solution (PIS)
and the Pythagorean fuzzy negative ideal solution (NIS).
Further they extended the TOPSIS method to compute the
distances between each alternative with PIS and NIS, respec-
tively. Peng and Yang [6] proposed some basic operations for
PFSs and provided Pythagorean fuzzy aggregation operators
along with their important properties. In continuation, they
developed a Pythagorean superiority and inferiority rank-
ing algorithm to solve group decision-making problems in
view of uncertainty. Further, Peng et al. [7] established the
relationship between the distance measure, similarity mea-
sure, entropy, and the inclusion measure and suggested the
systematic transformation of information measures for PFSs.
Yager [8] introduced some of the basic set operations for PFSs
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and established the relationship between Pythagorean mem-
bership values and complex number. In addition to this, the
solutions of multicriteria decision-making with satisfactions
through Pythagorean membership values have been carried
out. A new method for Pythagorean fuzzy MCDM problems
with the help of aggregation operators and distance measures
has been developed by Zeng et al. [9]. Further, they proposed
the Pythagorean fuzzy ordered weighted averaging weighted
average distance (PFOWAWAD) operator and developed a
hybrid TOPSIS method.

Using PFSs, Ren et al. [10] had a simulation test to
study the effect of the risk attitudes of the decision makers
over the solutions of decision-making problems. Zhang [11]
introduced a novel closeness index-based ranking method
for Pythagorean fuzzy numbers and proposed interval valued
Pythagorean fuzzy set with basic operations and impor-
tant properties. In addition to this, the hierarchical mul-
ticriteria decision-making problems in Pythagorean fuzzy
environment have been solved by developing a closeness
index-based Pythagorean fuzzy QUALIFLEX method. Liu
et al. [12] developed various types of Pythagorean fuzzy
aggregation operators and used them to solve decision-
making problems. Zeng [13] developed a Pythagorean fuzzy
multiattribute group decision-making method on the basis
of a new Pythagorean fuzzy probabilistic ordered weighted
averaging (OWA) operator. Though various researchers have
significantly contributed in the development of the theory
of PFSs as deliberated above, a seldom study on the entropy
of PFSs and its applications has been found in literature.
Xue et al. [14] studied the linear programming technique for
multidimensional analysis of preference (LINMAP) method
under Pythagorean fuzzy environment to solve multiple
attribute group decision-making problem by incorporating
Pythagorean fuzzy entropy along with various other applica-
tions. Vital applications of entropy and informationmeasures
based on the IFS theory have been well known in the
literature. In order to deal with real-world problems more
efficiently and to cater the need of the hour, generalizations
of the existing approaches play an important role as they
contribute more flexibility in applications; e.g., parameters
may characterize various factors such as time constraint, lack
of knowledge, and environmental conditions, etc.

Bajaj et al. [15] proposed a new 𝑅-norm intuitionistic
fuzzy entropy and a weighted 𝑅-norm Intuitionistic fuzzy
divergence measure with their computational applications
in pattern recognition and image thresholding. Gandotra et
al. [16] studied multiple-criteria decision-making problem
with the help of parametric entropy under 𝛼-cut and (𝛼, 𝛽)-
cut based distance measures for different possible values
of parameters and provided the ranking method for the
available alternatives.

In this communication, we have proposed a new (𝑅, 𝑆)-
norm information measure of Pythagorean fuzzy set and
applied the information measure in an algorithm to solve
multicriteria decision-making problem. In continuation, the
implementation of the proposed algorithm by taking suitable
examples has also been illustrated. The rest of this paper
is organized as follows: in Section 2, we present some
basic notions and preliminaries related to the proposed

information measure. A new (𝑅, 𝑆)-norm information mea-
sure of Pythagorean fuzzy set has been well proposed with
the proof of its validity in Section 3. Further, in Section 4,
the maximality and the monotonic behavior of the proposed
informationmeasure with respect to parameters𝑅 and 𝑆 have
been studied and validated empirically. In Section 5, a new
multicriteria decision-making algorithm is provided on the
basis of the proposed (𝑅, 𝑆)-norm information measure of
PFS in view of two cases of weights of criteria: one when
weights are unknown and other when weights are partially
known. In order to support and implement the proposed
algorithm, an example for each case has been explicitly dealt
in Section 6. The paper is finally concluded in Section 7.

2. Preliminaries

In this section, we recall and present some fundamental
concepts in connectionwith Pythagorean fuzzy set, which are
well known in literature.

Definition 1 (see [1]). An intuitionistic fuzzy set (IFS) 𝐼 in 𝑋
(universe of discourse) is given by

𝐼 = {⟨𝑥, 𝜇𝐼 (𝑥) , ]𝐼 (𝑥)⟩ | 𝑥 ∈ 𝑋} (1)

where 𝜇𝐼 : 𝑋 → [0, 1] and ]𝐼 : 𝑋 → [0, 1] denote
the degree of membership and degree of nonmembership,
respectively, and for every 𝑥 ∈ 𝑋 satisfy the condition

0 ≤ 𝜇𝐼 (𝑥) + ]𝐼 (𝑥) ≤ 1 (2)

and the degree of indeterminacy for any IFS 𝐼 and 𝑥 ∈ 𝑋 is
given by 𝜋𝐼(𝑥) = 1 − 𝜇𝐼(𝑥) − ]𝐼(𝑥).
Definition 2 (see [2]). A Pythagorean fuzzy set (PFS)𝑀 in𝑋
(universe of discourse) is given by

𝑀 = {⟨𝑥, 𝜇𝑀 (𝑥) , ]𝑀 (𝑥)⟩ | 𝑥 ∈ 𝑋} (3)

where 𝜇𝑀 : 𝑋 → [0, 1] and ]𝑀 : 𝑋 → [0, 1] denote
the degree of membership and degree of nonmembership,
respectively, and for every 𝑥 ∈ 𝑋 satisfy the condition

0 ≤ 𝜇2𝑀 (𝑥) + ]2𝑀 (𝑥) ≤ 1 (4)

and the degree of indeterminacy for any PFS𝑀 and 𝑥 ∈ 𝑋 is
given by

𝜋𝑀 (𝑥) = √1 − 𝜇2𝑀 (𝑥) − ]2𝑀 (𝑥). (5)

In case of PFS, the restriction corresponding to the degree of
membership 𝜇𝑀(𝑥) and the degree of nonmembership ]𝑀(𝑥)
is

0 ≤ 𝜇2𝑀 (𝑥) + ]2𝑀 (𝑥) ≤ 1, (6)

whereas the condition in case of IFS is

0 ≤ 𝜇𝐼 (𝑥) + ]𝐼 (𝑥) ≤ 1, (7)

for 𝜇𝑀(𝑥), ]𝑀(𝑥) ∈ [0, 1]. This difference in constraint
conditions gives a wider coverage for information spanwhich
can be geometrically shown in Figure 1.

Some of the important binary operations on PFSs are
being presented below which are available in literature.
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Figure 1: IFS versus PFS.

Definition 3 (see [7]). If𝑀 and𝑁 are two Pythagorean fuzzy
sets in𝑋, then the operations can be defined as follows:

(a) Complement:𝑀𝑐 = {⟨𝑥, ]𝑀(𝑥), 𝜇𝑀(𝑥)⟩ | 𝑥 ∈ 𝑋}.
(b) Containment: 𝑀 ⊂ 𝑁 iff ∀𝑥 ∈ 𝑋, 𝜇𝑀(𝑥) ≤𝜇𝑁(𝑥) and ]𝑀(𝑥) ≥ ]𝑁(𝑥).
(c) Union:𝑀∪𝑁 = {⟨𝑥, 𝜇𝑀(𝑥)∨𝜇𝑁(𝑥), ]𝑀(𝑥)∧]𝑁(𝑥)⟩ |𝑥 ∈ 𝑋}.
(d) Intersection:𝑀 ∩𝑁 = {⟨𝑥, 𝜇𝑀(𝑥) ∧ 𝜇𝑁(𝑥), ]𝑀(𝑥) ∨

]𝑁(𝑥)⟩ | 𝑥 ∈ 𝑋}.
Definition 4 (see [10]). Let𝑀 and 𝑁 be two PFSs, then the
Euclidean distance between𝑀 and𝑁 is defined as follows:

𝑑 (𝑀,𝑁) = √12 [((𝜇𝑀 (𝑥))2 − (𝜇𝑁 (𝑥))2)
2 + ((]𝑀 (𝑥))2 − (]𝑁 (𝑥))2)2 + ((𝜋𝑀 (𝑥))2 − (𝜋𝑁 (𝑥))2)2]. (8)

Definition 5 (see [5]). Let 𝑀 and 𝑁 be two PFS, then the
Hamming distance between𝑀 and𝑁 is defined as follows:

𝑙 (𝑀,𝑁) = 12 ((𝜇𝑀 (𝑥))2 − (𝜇𝑁 (𝑥))2
+ (]𝑀 (𝑥))2 − (]𝑁 (𝑥))2
+ (𝜋𝑀 (𝑥))2 − (𝜋𝑁 (𝑥))2) .

(9)

3. New (𝑅, 𝑆)-Norm Information
Measure of PFS

Let △𝑛 = {𝑃 = (𝑝1, 𝑝2, . . . , 𝑝𝑛), 𝑝𝑖 ≥ 0, 𝑖 = 1, 2, 3, . . . , 𝑛 and∑𝑝𝑖 = 1} be the set of all probability distribution association
with random variable 𝑋 taking finite values 𝑥1, 𝑥2, . . . , 𝑥𝑛.
Joshi and Kumar [17] defined and studied a real valued
function from△𝑛 toR+ as (𝑅, 𝑆)-norm information measure
of the distribution 𝑃 for 𝑅 and 𝑆 ∈ R+ and given by

𝐻𝑆𝑅 (𝑃) = 𝑅 × 𝑆𝑅 − 𝑆 [[
( 𝑛∑
𝑖=1

𝑝𝑆𝑖)
1/𝑆 − ( 𝑛∑

𝑖=1

𝑝𝑅𝑖 )
1/𝑅]
]
; (10)

where 0 < 𝑆 < 1 and 1 < 𝑅 < ∞. Or 0 < 𝑆 < 1 and 1 < 𝑅 <∞.
Themost important property of thismeasure is that when𝑆=1 or 𝑅=1, then (10) becomes the 𝑅 or 𝑆-norm entropy

studied by Boekee and Lubbe [18] and if 𝑅 = 1 and 𝑆 → 1 or𝑆 = 1 and 𝑅 → 1, then it gives Shannon’s [19] entropy.
Based on the axiomatic definition of entropy for intu-

itionistic fuzzy set, proposed by Hung and Yang (2006) [20],
we analogously define a real valued function𝐻 : 𝑋 → [0, 1],
called entropy of Pythagorean fuzzy set𝑀 if and only if the
following four axioms are satisfied:

(i) (PFS1) Sharpness:𝐻(𝑀) = 0 iff𝑀 is a crisp set, i.e.,𝜇𝑀(𝑥𝑖) = 0, ]𝑀(𝑥𝑖) = 1; or 𝜇𝑀(𝑥𝑖) = 1, ]𝑀(𝑥𝑖) =0; ∀𝑥𝑖 ∈ 𝑋.
(ii) (PFS2) Maximality:𝐻(𝑀) is maximum iff

𝜇𝑀 (𝑥𝑖) = ]𝑀 (𝑥𝑖) = 𝜋𝑀 (𝑥𝑖) = 1√3 ∀𝑥𝑖 ∈ 𝑋. (11)

(iii) (PFS3) Symmetry:𝐻(𝑀) = 𝐻(𝑀𝑐).
(iv) (PFS4) Resolution: 𝐻(𝑀) ≤ 𝐻(𝑁) iff𝑀 ⊆ 𝑁, i.e.,𝜇𝑀(𝑥𝑖) ≤ 𝜇𝑁(𝑥𝑖) and ]𝑀(𝑥𝑖) ≥ ]𝑁(𝑥𝑖) for 𝜇𝑁(𝑥𝑖) ≤

]𝑁(𝑥𝑖) or if 𝜇𝑀(𝑥𝑖) ≥ 𝜇𝑁(𝑥𝑖) and ]𝑀(𝑥𝑖) ≤ ]𝑁(𝑥𝑖) for𝜇𝑁(𝑥𝑖) ≥ ]𝑁(𝑥𝑖) ∀ 𝑥𝑖 ∈ 𝑋.
In context with Pythagorean fuzzy information, we pro-

pose the following Pythagorean fuzzy entropy analogous to
measure (10):

𝐻𝑆𝑅 (𝑀)

=
{{{{{{{{{{{{{{{{{{{

𝑅 × 𝑆(𝑅 − 𝑆)
𝑛∑
𝑖=1

1𝑛 [(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)
1/𝑆 − (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅] , where 𝑅, 𝑆 > 0; either 0 < 𝑆 < 1 and 1 < 𝑅 < ∞ or 0 < 𝑆 < 1 and 1 < 𝑅 < ∞,

𝑅𝑛 (𝑅 − 1)
𝑛∑
𝑖=1

{1 − (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅} , where 𝑆 = 1, 𝑅 > 0, 𝑅 ̸= 1,
−1𝑛
𝑛∑
𝑖=1

(𝜇𝑀 (𝑥𝑖)2 log (𝜇𝑀 (𝑥𝑖)2) + ]𝑀 (𝑥𝑖)2 log (]𝑀 (𝑥𝑖)2) + 𝜋𝑀 (𝑥𝑖)2 log (𝜋𝑀 (𝑥𝑖)2)) , where 𝑅 = 1 and 𝑆 → 1 or 𝑆 = 1 and 𝑅 → 1

(12)
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Theorem 6. The proposed entropy measure 𝐻𝑆𝑅(𝑀) is a valid
Pythagorean fuzzy information measure.

Proof. To prove this, we shall show that it satisfies all the
axioms PFS1 to PFS4.

(i) (PFS1) (Sharpness): If𝐻𝑆𝑅(𝑀) = 0, then
(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)1/𝑆

− (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅 = 0.
(13)

Since 𝑅, 𝑆 > 1 (𝑅 ̸= 1 ̸= 𝑆), it is possible only in the
following cases:

(a) Either 𝜇𝑀(𝑥𝑖) = 1, i.e., ]𝑀(𝑥𝑖) = 𝜋𝑀(𝑥𝑖) = 0,
(b) ]𝑀(𝑥𝑖) = 1 i.e., 𝜇𝑀(𝑥𝑖) = 𝜋𝑀(𝑥𝑖) = 0,
(c) 𝜋𝑀(𝑥𝑖) = 1 i.e., 𝜇𝑀(𝑥𝑖) = ]𝑀(𝑥𝑖) = 0.

These three cases implies that 𝑀 is a crisp set.
Conversely, if𝑀 is a crisp set then𝐻𝑆𝑅(𝑀) = 0 which
is obvious.

(ii) (PFS2)(Maximality):
In Section 4, we have empirically proved that𝐻𝑆𝑅(𝑀)
is maximum iff

𝜇𝑀 (𝑥𝑖) = ]𝑀 (𝑥𝑖) = 𝜋𝑀 (𝑥𝑖) = 1√3 . (14)

Analytically, we prove the concavity of the𝐻𝑆𝑅(𝑀) by
calculating its hessian at the critical point, i.e., 1/√3
with particular values of 𝑅 and 𝑆. The Hessian of𝐻𝑆𝑅(𝑀) is as [𝑅 > 1(= 3) and 𝑆 < 1(= 0.3)]:

𝐻𝑆𝑅 (𝑀) = 2𝑛 [[[
−10.4589 2.232816 2.232816
2.232816 −10.4589 2.232816
2.232816 2.232816 −10.4589

]]
]
. (15)

It may be noted that𝐻𝑆𝑅(𝑀) is a negative semidefinite
matrix for different possible values of 𝑅 and 𝑆 which
shows that it is a concave function. Hence, the
concavity of the function establishes the maximality
property.

(iii) (PFS3)(Symmetry): It is obvious from the definition
that

𝐻𝑆𝑅 (𝑀) = 𝐻𝑆𝑅 (𝑀𝑐) . (16)

(iv) (PFS4)(Resolution): We have(𝜇𝑀 (𝑥𝑖) −
1√3)

 +
(]𝑀 (𝑥𝑖) −

1√3)


+ (𝜋𝑀 (𝑥𝑖) −
1√3)


≥ (𝜇𝑁 (𝑥𝑖) −

1√3)
 +
(]𝑁 (𝑥𝑖) −

1√3)


+ (𝜋𝑁 (𝑥𝑖) −
1√3)

 ;

(17)

and

(𝜇𝑀 (𝑥𝑖) − 1√3)
2 + (]𝑀 (𝑥𝑖) − 1√3)

2

+ (𝜋𝑀 (𝑥𝑖) − 1√3)
2

≥ (𝜇𝑁 (𝑥𝑖) − 1√3)
2 + (]𝑁 (𝑥𝑖) − 1√3)

2

+ (𝜋𝑁 (𝑥𝑖) − 1√3)
2 ;

(18)

because if 𝜇𝑀(𝑥𝑖) ≤ 𝜇𝑁(𝑥𝑖) and ]𝑀(𝑥𝑖) ≤ ]𝑁(𝑥𝑖)
with max{𝜇𝑁(𝑥𝑖), ]𝑁(𝑥𝑖)} ≤ 1/√3, then 𝜇𝑀(𝑥𝑖) ≤𝜇𝑁(𝑥𝑖) ≤ 1/√3; ]𝑀(𝑥𝑖) ≤ ]𝑁(𝑥𝑖) ≤ 1/√3 and𝜋𝑀(𝑥𝑖) ≥ 𝜋𝑁(𝑥𝑖) ≥ 1/√3 which implies that the
above result holds. Similarly, if 𝜇𝑀(𝑥𝑖) ≥ 𝜇𝑁(𝑥𝑖) and
]𝑀(𝑥𝑖) ≥ ]𝑁(𝑥𝑖) with max{𝜇𝑀(𝑥𝑖), ]𝑀(𝑥𝑖)} ≥ 1/√3,
then also the above result holds.

Now, since 𝐻𝑆𝑅(𝑀) is a concave function on the
Pythagorean fuzzy set𝑀, therefore, if max{𝜇𝑀(𝑥𝑖), ]𝑀(𝑥𝑖)} ≤1/√3 then 𝜇𝑀(𝑥𝑖) ≤ 𝜇𝑁(𝑥𝑖) and ]𝑀(𝑥𝑖) ≤ ]𝑁(𝑥𝑖) imply𝜋𝑀(𝑥𝑖) ≥ 𝜋𝑁(𝑥𝑖) ≥ 1/√3.

Therefore, by the above explained result, we conclude that𝐻𝑆𝑅(𝑀) satisfies condition of resolution PFS4.
Similarly, if min{𝜇𝑀(𝑥𝑖), ]𝑀(𝑥𝑖)} ≥ 1/√3, then 𝜇𝑀(𝑥𝑖) ≤𝜇𝑁(𝑥𝑖) and ]𝑀(𝑥𝑖) ≥ ]𝑁(𝑥𝑖). By using the above proved result,

we conclude that𝐻𝑆𝑅(𝑀) satisfies the condition PFS4.
Hence, 𝐻𝑆𝑅(𝑀) satisfies all the axioms of Pythagorean

fuzzy entropy and, therefore, 𝐻𝑆𝑅(𝑀) is a valid measure of
Pythagorean fuzzy information.

Theorem 7. Let 𝑀 and 𝑁 be two PFSs defined in 𝑋 ={𝑥1, 𝑥2, . . . , 𝑥𝑛} where 𝑀 = {⟨𝑥𝑖, 𝜇𝑀(𝑥𝑖), ]𝑀(𝑥𝑖)⟩ | 𝑥𝑖 ∈ 𝑋}
and 𝑁 = {⟨𝑥𝑖, 𝜇𝑁(𝑥𝑖), ]𝑁(𝑥𝑖)⟩ | 𝑥𝑖 ∈ 𝑋} such that ∀ 𝑥𝑖 ∈ 𝑋
either𝑀 ⊆ 𝑁 or𝑁 ⊆ 𝑀. Then

𝐻𝑆𝑅 (𝑀 ∪ 𝑁) + 𝐻𝑆𝑅 (𝑀 ∩ 𝑁) = 𝐻𝑆𝑅 (𝑀) + 𝐻𝑆𝑅 (𝑁) . (19)

Proof. Divide 𝑋 into two parts 𝑋1 and 𝑋2 such that 𝑋1 ={𝑥𝑖 ∈ 𝑋 | 𝑀 ⊆ 𝑁}, i.e., 𝜇𝑀(𝑥𝑖) ≤ 𝜇𝑁(𝑥𝑖), ]𝑀(𝑥𝑖) ≥
]𝑁(𝑥𝑖) ∀ 𝑥𝑖 ∈ 𝑋1; 𝑋2 = {𝑥𝑖 ∈ 𝑋 | 𝑁 ⊆ 𝑀}, i.e., 𝜇𝑀(𝑥𝑖) ≥𝜇𝑁(𝑥𝑖), ]𝑀(𝑥𝑖) ≤ ]𝑁(𝑥𝑖) ∀ 𝑥𝑖 ∈ 𝑋1. Now

𝐻𝑆𝑅 (𝑀 ∪ 𝑁) = 𝑅 × 𝑆(𝑅 − 𝑆)
𝑛∑
𝑖=1

1𝑛 [(𝜇𝑀∪𝑁 (𝑥𝑖)2𝑆

+ ]𝑀∪𝑁 (𝑥𝑖)2𝑆 + 𝜋𝑀∪𝑁 (𝑥𝑖)2𝑆)1/𝑆 − (𝜇𝑀∪𝑁 (𝑥𝑖)2𝑅
+ ]𝑀∪𝑁 (𝑥𝑖)2𝑅 + 𝜋𝑀∪𝑁 (𝑥𝑖)2𝑅)1/𝑅] ;

(20)
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which implies

𝐻𝑆𝑅 (𝑀 ∪ 𝑁) = 𝑅 × 𝑆(𝑅 − 𝑆)
⋅ ∑
𝑋1

1𝑛 [(𝜇𝑁 (𝑥𝑖)2𝑆 + ]𝑁 (𝑥𝑖)2𝑆 + 𝜋𝑁 (𝑥𝑖)2𝑆)
1/𝑆

− (𝜇𝑁 (𝑥𝑖)2𝑅 + ]𝑁 (𝑥𝑖)2𝑅 + 𝜋𝑁 (𝑥𝑖)2𝑅)1/𝑅]
+ 𝑅 × 𝑆(𝑅 − 𝑆)
⋅ ∑
𝑋2

1𝑛 [(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)
1/𝑆

− (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅] .

(21)

Similarly,

𝐻𝑆𝑅 (𝑀 ∩ 𝑁) = 𝑅 × 𝑆(𝑅 − 𝑆)
⋅ ∑
𝑋1

1𝑛 [(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)
1/𝑆

− (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅]
+ 𝑅 × 𝑆(𝑅 − 𝑆)
⋅ ∑
𝑋2

1𝑛 [(𝜇𝑁 (𝑥𝑖)2𝑆 + ]𝑁 (𝑥𝑖)2𝑆 + 𝜋𝑁 (𝑥𝑖)2𝑆)
1/𝑆

− (𝜇𝑁 (𝑥𝑖)2𝑅 + ]𝑁 (𝑥𝑖)2𝑅 + 𝜋𝑁 (𝑥𝑖)2𝑅)1/𝑅] .

(22)

On adding the above two terms, we get

𝐻𝑆𝑅 (𝑀 ∪ 𝑁) + 𝐻𝑆𝑅 (𝑀 ∩ 𝑁) = 𝐻𝑆𝑅 (𝑀) + 𝐻𝑆𝑅 (𝑁) . (23)

Theorem 8. For any Pythagorean fuzzy set𝑀, we have

𝐻𝑆𝑅 (𝑀) = 𝐻𝑆𝑅 (𝑀𝑐) = 𝐻𝑆𝑅 (𝑀 ∪𝑀𝑐)
= 𝐻𝑆𝑅 (𝑀 ∩𝑀𝑐) . (24)

Proof. By definition, the proof is obvious.

4. Monotonicity of (𝑅, 𝑆)- Norm Information
Measure of PFS

In this section, we carry an empirical study for investigating
themaximality andmonotonic nature of the proposed (𝑅, 𝑆)-
norm information measure of PFS. For this, we consider the

following four Pythagorean fuzzy sets𝑀1,𝑀2,𝑀3, and𝑀4
over the universe of discourse𝑋 = {𝑥1, 𝑥2, 𝑥3}:

𝑀1 = {(𝑥1, 1√3 ,
1√3) , (𝑥2,

1√3 ,
1√3) ,

(𝑥3, 1√3 ,
1√3)} ;

𝑀2 = {(𝑥1, 0.6, 0.6) , (𝑥2, 0.7, 0.7) , (𝑥3, 0.55, 0.55)} ;
𝑀3 = {(𝑥1, 0.5, 0.6) , (𝑥2, 0.2, 0.9) , (𝑥3, 0.9, 0.3)} ;
𝑀4 = {(𝑥1, 0.4, 0.8) , (𝑥2, 0.9, 0.4) , (𝑥3, 0.7, 0.6)} .

(25)

For various values of 𝑅 and 𝑆 and using equation (12), we
compute and tabulate all the values of𝐻𝑆𝑅(𝑀). On the basis of
the tabulated data and the plots given in Table 1 and Figure 2,
it is quite clear that 𝐻𝑆𝑅(𝑀) takes maximum value when𝜇𝑀(𝑥𝑖) = ]𝑀(𝑥𝑖) = 𝜋𝑀(𝑥𝑖) = 1/√3; ∀𝑥𝑖 ∈ 𝑋 and is a
monotonically decreasing function of 𝑅 and 𝑆.
5. MCDM Algorithm with (𝑅,𝑆)-Norm Entropy

Suppose that there is a set of 𝑚 feasible alternatives, i.e., 𝑍 ={𝑧1, 𝑧2, . . . , 𝑧𝑚} and a set of 𝑛 criteria 𝑂 = {𝑜1, 𝑜2, . . . , 𝑜𝑛}.
The decision-making problem is to select the most suitable
alternative out of these 𝑚 alternatives. The appraisal values
of an alternative 𝑧𝑖 (𝑖 = 1, 2, 3, . . . , 𝑚) with respect to the
criteria 𝑜𝑗 (𝑗 = 1, 2, 3, . . . , 𝑛) are given by 𝑧𝑖𝑗 = (𝑝𝑖𝑗, 𝑞𝑖𝑗),
where 𝑝𝑖𝑗 is the degree to which the alternative 𝑧𝑖 satisfies
criteria 𝑜𝑗 and 𝑞𝑖𝑗 is the degree to which the alternative 𝑧𝑖 does
not satisfy attribute 𝑜𝑗, satisfying 0 ≤ 𝑝𝑖𝑗 ≤ 1, 0 ≤ 𝑞𝑖𝑗 ≤ 1 and0 ≤ 𝑝𝑖𝑗 + 𝑞𝑖𝑗 ≤ 1 with 𝑖 = 1, 2, 3, . . . , 𝑚 and 𝑗 = 1, 2, 3, . . . , 𝑛.
This problem can be modeled by representing it through the
following Pythagorean fuzzy decision matrix:

𝑅 = (𝑝𝑖𝑗, 𝑞𝑖𝑗)𝑚×𝑛 = (𝑧𝑖𝑗)

=

𝑜1 𝑜2 ⋅ ⋅ ⋅ 𝑜𝑛𝑧1 (𝑝11, 𝑞11) (𝑝12, 𝑞12) ⋅ ⋅ ⋅ (𝑝1𝑛, 𝑞1𝑛)𝑧2 (𝑝21, 𝑞21) (𝑝22, 𝑞22) ⋅ ⋅ ⋅ (𝑝2𝑛, 𝑞2𝑛)... ... ... ... ...
𝑧𝑚 (𝑝𝑚1, 𝑞𝑚1) (𝑝𝑚2, 𝑞𝑚2) ⋅ ⋅ ⋅ (𝑝𝑚𝑛, 𝑞𝑚𝑛)

(26)

Let 𝑤 = (𝑤1, 𝑤2, . . . , 𝑤𝑛)𝑇 be the weight vector of all the
criteria where 0 ≤ 𝑤𝑗 ≤ 1 and ∑𝑛𝑗=1 𝑤𝑗 is the degree of
importance of the 𝑗th criteria. Sometimes this criteria weight
is completely unknown and sometimes it is partially known
because of the lack of knowledge, time, data, and the limited
expertise of the problem domain. In this section, we discuss
and devise two methods to determine the weights of criteria
by using the proposed entropy (12).
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Figure 2: Monotonicity of the (𝑅, 𝑆)-norm information measure.

Case 1 (unknown weights). When the criteria weights are
completely unknown, then we calculate the weights by using
the proposed PFS entropy as

𝑤𝑗 = 1 − 𝑒𝑗𝑛 − ∑𝑛𝑗=1 𝑒𝑗 , 𝑗 = 1, 2, . . . , 𝑛; (27)

where 𝑒𝑗 = (1/𝑚)∑𝑚𝑖=1𝐻𝑆𝑅(𝑧𝑖𝑗), and

𝐻𝑆𝑅 (𝑧𝑖𝑗) = 𝑅 × 𝑆(𝑅 − 𝑆)
⋅ 𝑚∑
𝑖=1

1𝑚 [(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)
1/𝑆

− (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅]
(28)

is the proposed Pythagorean fuzzy entropy for 𝑧𝑖𝑗 = (𝑝𝑖𝑗, 𝑞𝑖𝑗).
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Case 2 (partially known weights). In case the weights are
partially known for a multiple-criteria decision-making
problem, we use the minimum entropy principle (Wang and

Wang [21]) to determine the weight vector of the criteria by
constructing the programming model as follows.

The overall entropy of the alternative 𝑧𝑖 is

𝐸 [𝑧𝑖] = 𝑛∑
𝑗=1

𝐻𝑆𝑅 (𝑧𝑖𝑗)

= 𝑅 × 𝑆(𝑅 − 𝑆)
𝑛∑
𝑗=1

{ 𝑚∑
𝑖=1

1𝑚 [(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)
1/𝑆 − (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅]} ;

(29)

where 𝑅, 𝑆 > 0; 𝑅 > 1, 𝑆 < 1 or 𝑅 < 1, 𝑆 > 1.
Since there are fair competitive environments between

each of the alternatives, the weight coefficient with respect to
the same criteria should also be equal. Further, in order to get
the ideal weight, we construct the following accompanying
model:

min𝐸 = 𝑚∑
𝑖=1

𝑤𝑗𝐸 (𝑧𝑖) = 𝑚∑
𝑖=1

𝑤𝑗{{{
𝑛∑
𝑗=1

𝐻𝑆𝑅 (𝑧𝑖𝑗)}}}
= 𝑅 × 𝑆(𝑅 − 𝑆)

𝑛∑
𝑗=1

𝑤𝑗
⋅ 𝑚∑
𝑖=1

1𝑚 {(𝜇𝑀 (𝑥𝑖)2𝑆 + ]𝑀 (𝑥𝑖)2𝑆 + 𝜋𝑀 (𝑥𝑖)2𝑆)
1/𝑆

− (𝜇𝑀 (𝑥𝑖)2𝑅 + ]𝑀 (𝑥𝑖)2𝑅 + 𝜋𝑀 (𝑥𝑖)2𝑅)1/𝑅}

(30)

𝑅, 𝑆 > 0; 𝑅 > 1, 𝑆 < 1 or 𝑅 < 1, 𝑆 > 1, subject to∑𝑛𝑗=1 𝑤𝑗 = 1.
Finally, the procedure for implementing the proposed

algorithm is being presented using Figure 3.
The steps of the proposed methodology are enumerated

and detailed as follows.

Step 1. We construct the decision matrix 𝑅 = (𝑝𝑖𝑗, 𝑞𝑖𝑗)𝑚×𝑛 =𝑜𝑗(𝑧𝑖), where the elements 𝑜𝑗(𝑧𝑖) (𝑖 = 1, 2, ..., 𝑚; 𝑗 = 1, 2, ..., 𝑛)
are the appraisal of the alternative 𝑧𝑖 ∈ 𝑍 with respect to the
criteria 𝑜𝑗 ∈ 𝑂.
Step 2. Determine the criteria weights by using (27) and (30).

Step 3. Define the most preferred solution (𝑧+) and the least
preferred solution (𝑧−) as

𝑧+ = ((𝛼+1 , 𝛽+1 ) , (𝛼+2 , 𝛽+2 ) , . . . , (𝛼+𝑛 , 𝛽+𝑛 )) ; (31)

where (𝛼+𝑗 , 𝛽+𝑗 ) = (sup 𝜇𝑀(𝑧𝑖), inf ]𝑀(𝑧𝑖)), 𝑧𝑖 ∈ 𝑍; (𝑗 =1, 2, . . . , 𝑛); and
𝑧− = ((𝛼−1 , 𝛽−1 ) , (𝛼−2 , 𝛽−2 ) , . . . , (𝛼−𝑛 , 𝛽−𝑛 )) ; (32)

where (𝛼−𝑗 , 𝛽−𝑗 ) = (inf 𝜇𝑀(𝑧𝑖), sup ]𝑀(𝑧𝑖)), 𝑧𝑖 ∈ 𝑍; (𝑗 =1, 2, . . . , 𝑛), respectively.

Step 4. By using Definition 5, the distance measures of 𝑧𝑖 𝑠
from 𝑧+ and 𝑧− will be evaluated as follows:

𝑙 (𝑧𝑖, 𝑧+) = 12
𝑛∑
𝑗=1

𝑤𝑗 ((𝛼𝑖𝑗)2 − (𝛼+𝑗 )2
+ (𝛽𝑖𝑗)2 − (𝛽+𝑗 )2 + (𝜋𝑖𝑗)2 − (𝜋+𝑗 )2) ;

(33)

and

𝑙 (𝑧𝑖, 𝑧−) = 12
𝑛∑
𝑗=1

𝑤𝑗 ((𝛼𝑖𝑗)2 − (𝛼−𝑗 )2
+ (𝛽𝑖𝑗)2 − (𝛽−𝑗 )2 + (𝜋𝑖𝑗)2 − (𝜋−𝑗 )2) .

(34)

Step 5. Determine the relative degrees of closeness 𝑙𝑖 𝑠 as
follows:

𝑙𝑖 = 𝑙 (𝑧𝑖, 𝑧−)𝑙 (𝑧𝑖, 𝑧−) + 𝑙 (𝑧𝑖, 𝑧+) . (35)

Step 6. On the basis of the relative degree of closeness
obtained in Step 5, we determine the optimal ranking order
of the alternatives. The alternative with the maximal degree
of closeness 𝑙(𝑧𝑖) is supposed to be the best alternative.

6. Numerical Examples

Based on two different cases considered in the proposed
algorithm, we present two different examples as follows.

Example 1 (unknown weights). Suppose an automobile com-
pany produces four different cars, say, 𝑧1, 𝑧2, 𝑧3, and 𝑧4.
Suppose a customer wants to buy a car based on the four
given criteria, say, comfort 𝑜1, good mileage 𝑜2, safety 𝑜3, and
interiors 𝑜4. Assume the appraisal values of the alternatives
with respect to each criterion provided by the expert are
represented by PFS as

𝑜1 𝑜2 𝑜3 𝑜4𝑧1 (0.9, 0.3) (0.7, 0.6) (0.5, 0.8) 0.6, 0.3
𝑧2 (0.4, 0.7) (0.9, 0.2) (0.8, 0.1) (0.5, 0.3)𝑧3 (0.8, 0.4) (0.7, 0.5) (0.6, 0.2) (0.7, 0.4)𝑧4 (0.7, 0.2) (0.8, 0.2) (0.8, 0.4) (0.6, 0.6)

(36)
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Figure 3: Flowchart of the proposed algorithm using PFS.

Then the calculations for the ranking procedure are as
follows:

(1) Calculate the criteria weight vector using (27):

𝑤 = (𝑤1, 𝑤2, 𝑤3, 𝑤4)𝑇
= (0.272107, 0.263037, 0.34878, 0.116077)𝑇 . (37)

(2) The most preferred solution (𝑧+) and the least pre-
ferred solution (𝑧−) are given by

𝑧+ = {(0.9, 0.3) , (0.9, 0.2) , (0.8, 0.1) , (0.7, 0.4)} (38)

and

𝑧− = {(0.4, 0.7) , (0.7, 0.6) , (0.5, 0.8) , (0.6, 0.6)} (39)

respectively.
(3) The distances between each of 𝑧𝑖 𝑠 from 𝑧+ and 𝑧− are

given by

𝑙 (𝑧1, 𝑧+) = 0.040622,
𝑙 (𝑧2, 𝑧+) = 0.186515,
𝑙 (𝑧3, 𝑧+) = 0.0.06623,
𝑙 (𝑧4, 𝑧+) = 0.048795,
𝑙 (𝑧1, 𝑧−) = 0.209804,
𝑙 (𝑧2, 𝑧−) = 0.13179,
𝑙 (𝑧3, 𝑧−) = 0.177491,
𝑙 (𝑧4, 𝑧+) = 0.116968.

(40)

(4) The values of relative degree of closeness are as
follows:

𝑙1 = 0.837788,
𝑙2 = 0.414036,
𝑙3 = 0.728256,
𝑙4 = 0.705633.

(41)

(5) The ranking of the alternatives as per the relative
degree of closeness is 𝑧1 ≻ 𝑧3 ≻ 𝑧4 ≻ 𝑧2 and 𝑧1 is
the best available alternative. It may be noted that the
above ranking is with respect to the specific values of𝑅 = 3 and 𝑆 = 0.3.
The consistency of the ranking procedure for different
values of parameters 𝑅 and 𝑆 may also be observed
and studied by making a simulation study over the
varying values of the parameters depending on the
requirement.

Example 2 (partially knownweights). Suppose there are 1000
students in a college. On the basis of three selected criteria,
say, 𝑜1 (personality), 𝑜2 (intelligence), and 𝑜3 (communi-
cation skills), the administration wants to select a college
representative. Let there be three candidates, say, 𝑧1, 𝑧2, and𝑧3. The PFS decision matrix for the above problem is

𝑜1 𝑜2 𝑜3𝑧1 (0.8, 0.5) (0.6, 0.6) (0.8, 0.2)𝑧2 (0.6, 0.5) (0.7, 0.4) (0.8, 0.4)𝑧3 (0.5, 0.7) (0.7, 0.6) (0.9, 0.3)
(42)



10 Advances in Fuzzy Systems

Let the information about the criteria weight be partially
given in the following form {0.10 ≤ 𝑤1 ≤ 0.30, 0.35 ≤𝑤2 ≤ 0.60, 0.25 ≤ 𝑤3 ≤ 0.70}. The calculation for the
ranking procedure for the above decision-making problem is
presented as follows:

(1) Using (30), we determine the criteria weights by
following linear programming model:

min 𝐸
= 0.609037𝑤1 + 0.641365𝑤2
+ 0.590874𝑤3

subject to 0.10 ≤ 𝑤1 ≤ 0.30,
0.35 ≤ 𝑤2 ≤ 0.60,
0.25 ≤ 𝑤3 ≤ 0.70,
𝑤1 + 𝑤2 + 𝑤3 = 1.

(43)

By solving this linear programming problem using
MATLAB software, we obtained the criteria weight
vector as follows:

𝑤 = (0.10, 0.35, 0.55)𝑇 . (44)

(2) The most preferred solution (𝑧+) and the least pre-
ferred solution (𝑧−) are given by 𝑧+ = {(0.8, 0.5),(0.7, 0.4), (0.9, 0.2)} and 𝑧− = {(0.5, 0.7), (0.6, 0.6),(0.8, 0.4)}, respectively.

(3) The distances between each of 𝑧𝑖 𝑠 from 𝑧+ and 𝑧− are
given by

𝑙 (𝑧1, 𝑧+) = 0.013843,
𝑙 (𝑧2, 𝑧+) = 0.015888,
𝑙 (𝑧3, 𝑧+) = 0.068163,
𝑙 (𝑧1, 𝑧−) = 0.052213,
𝑙 (𝑧2, 𝑧−) = 0.026855,
𝑙 (𝑧3, 𝑧−) = 0.049273

(45)

(4) The values of relative degree of closeness are

𝑙1 = 0.79044,
𝑙2 = 0.628297,
𝑙3 = 0.419573.

(46)

(5) The ranking of the alternatives as per the relative
degree of closeness is 𝑧1 ≻ 𝑧2 ≻ 𝑧3 and 𝑧1 is the best
available alternative. It may be noted that the above
ranking is with respect to the specific values of 𝑅 = 3
and 𝑆 = 0.3.
The consistency of the ranking procedure for different
values of the parameters𝑅 and 𝑆may also be observed
and studied by making a simulation study over the
varying values of the parameters.

7. Conclusions and Future Work

Wehave successfully proposed a new parametric (𝑅, 𝑆)-norm
information measure for Pythagorean fuzzy set along with
the proof of its validity and discussed its maximality and the
monotonic behavior with respect to parameters under con-
sideration. Further, an algorithm for multicriteria decision-
making problem has been well proposed and successfully
implemented with the help of two different kind of numerical
exampleswhenweights are unknown and otherwhenweights
are partially known.

In the area of pattern recognition, the directed divergence
measure/symmetric divergence measure explains dissimilar-
ity between pairs of probability distribution which is gener-
ally utilized for the procedure of factual surmising. It might
be noticed that these difference measures and similarity
measures are dual ideas. The similarity measure might be
characterized as a diminishing capacity of the differencemea-
sures, particularly when the scope of divergence measures is[0, 1].

The proposed parametric (𝑅, 𝑆)-norm information mea-
sure can further be extended to the concept of the parametric
directed divergence measure/symmetric divergence measure
for Pythagorean fuzzy sets. Various applications including
total ambiguity and information improvement measures
based on the proposed divergence measures may also be
discussed in detail, e.g., taking a monotonic decreasing
function into account, the upper bound of the symmetric
divergence measure can be calculated and the similarity
measure can be subsequently defined between two PFSs. The
concept of similarity based clustering method (SCM) can
also be investigated and the structure of the considered data
set might be examined with the assistance of the similarity
measure.
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The reduction of energy resources and the increase in environmental consciousness have recently increased the interest in renewable
energy sources. Wind energy is from renewable energy sources, which are used in many countries. Turkey has a lot alternative
wind energy plants thanks to its favorable geographical location. Where the wind power plant is to be established is a complex and
important decisive factor. It is very important to select the appropriate wind power plant site to take advantage of wind energy and
reduce costs. In this study, we aimed to reach the solution of wind energy plant site selection. For this purpose 4 alternative wind
power plant locations have been identified. To evaluate the alternatives, 10 criteria in four dimensions including wind potential,
location, cost, and social benefits are selected. Since the Multicriterion Decision Making (MCDM) methods are often used in
problem of location selection from past to present, TOPSIS method combined with intuitionistic fuzzy set (IFS) has been used
to achieve this goal. The main purpose of the TOPSIS method is to rank the alternatives in the worst way. The IFS are used to
reflect approval, rejection, and hesitation of decision makers by dealing with real life uncertainty, imprecision, vagueness, and
linguistic human decisions. Finally, a numerical example is applied for wind power plant site selection. In order to demonstrate
the effectiveness of IFS, the problem is solved by the Fuzzy TOPSIS method using the same data. Then, the obtained results are
compared with the IFS method to show the effectiveness of the proposed method.

1. Introduction

Increased living standards have also increased the need for
energy. The shortage of fossil fuels and the negative effects
on the environment have created a need for clean energy
[1]. Radioactive waste generated by nuclear power plants
and security problems, especially the explosion of nuclear
power plants in Japan Fukushima, triggered the tendency for
renewable energy sources [2].

The use of renewable energy sources ensures sustainable
development. Reducing the use of fossil fuels and energy
imports, achieving national targets by increasing employ-
ment and competitiveness, and eliminating climate change
and environmental problems are benefits of renewable energy
sources [8].

Wind energy, which is the oldest energy source [3], is
caused by the difference in pressure that occurs when the

earth’s surface is exposed to different solar rays [4]. Wind
energy, which provides high usability, reliability, and clean
energy, is one of the fastest growing renewable energy sources
all over the world [9]. Wind energy is abundant, useful, and
economical [1] compared to limited, expensive, and defective
hydrocarbon based energy [5].

The increase of the urban population and the devel-
opment of industry increased Turkey’s energy needs [4].
Thanks to its geographical location, Turkey has an alternative
renewable energy, especially wind energy [7]. It is important
to establish where the power plant is to take advantage
of this energy at the maximum level [5]. Political, social,
environmental, cultural, and economic criteria should be
considered in addition to the technical requirements for wind
power plant site selection [10].

Multicriterion Decision Making (MCDM) methods are
often used to solve wind power plant site selection problem
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including complex criterion [9]. MCDM methods widely
used in solution of this problem areAnalyticNetwork Process
(ANP), Analytic Hierarchy Process (AHP), Elimination and
Choice Translating Reality (ELECTRE), and Technique for
Order Preference by Similarity to Ideal Solution (TOPSIS)
[6].

In this study, the Intuitionistic Fuzzy TOPSIS (IFT)
approach is proposed for the solution of the problem of wind
power plant site selection.The most commonly used method
for ranking alternatives based on criterion is TOPSIS [11].The
alternative chosen from all alternatives is the closest to the
positive ideal solution, in other words the farthest away from
the negative ideal solution. Positive ideal solution maximizes
the benefit criterion and minimizes the cost criterion. It is
the inverse for the negative ideal solution [12]. The IFS is
used to deal with real life uncertainty, imprecision, vagueness,
and linguistic human decisions. Also, it provides reflection of
approval, rejection, and hesitation of decision makers [13].

In numerical example, 3 alternatives were selected for
the wind power plant and the results of the literature survey
were sorted according to the 10 election decisions deter-
mined. These criteria are gathered in 4 dimensions. Wind
potential includes wind speed and wind density criterion.
Location consists of surface characteristics, proximity, power
distribution network, and natural disaster occurrence. In
dimension of cost, there are land purchase cost and initial and
annual maintenance. Finally, social benefits cover cultural
and environmental concerns and employment.

The rest of this article is organized as follows: In Section 2,
a literature search of the wind power site selection is given.
Then the IFTOPSISmethod is given in Section 3. In Section 4
this approach is illustrated with a numerical example. The
conclusion and comment of the problem are given in Sec-
tion 5.

2. Literature Review

Increasing global warming and increased energy demand
have led countries to use renewable energy sources. This
study is about wind energy from renewable energy sources.
Criterion and method for wind energy site selection have
been determined by literature survey. Summaries of the
literature study are given in Tables 1 and 2.

The work in [4] represents the importance of renewable
energy sources and Turkey has a high potential for wind
energy. The wind energy potential map has been examined
and potential places in Amasra, Bandırma, Bozcaada, and
Çanakkale have been selected. For site selection, surface
characteristic, proximity, cost, and wind characteristic were
chosen as the criteria for selection. Choquet integral method,
which enables interaction between criteria and evaluates
quantitative and qualitative data at the same time, is applied.
Çanakkale was found as the most suitable alternative.

The authors of [3] have used an integrated hierarchical
Data Envelopment Analysis (DEA) method for wind plant
location optimization in their work and have implemented
it in Iran. A total of 125 locations in 25 cities and 5 regions
in each city were evaluated. In order to determine the
best region at the first level of location optimization, land

cost, population and human labor, and distances of power
distribution networks indicators with social and technical
structure were selected. At the second level in order to
prioritize the cities used indicators, which have technical and
geographical characteristics: intensity of natural disasters,
quantity of proper topographical areas, quantity of proper
geological areas, and average wind blow.

The authors of [6] have established a decisionmechanism
for SWHPS (solar-wind hybrid power station) site selection
using AHP method. For the 49.5 MW SWHPS installation
in China, the assessment committee chose business benefits,
socioeconomic needs, and performances as subtargets and
benefit, accessibility, environment, risk, and resource as
evaluation features. Five alternative SWHPS sites are selected
using the Geographic Information System (GIS) and grid
map. As a result, alternative A site was chosen as the most
suitable site.

The authors of [2] develop strategies for the selection of
an offshore wind farm, in the coastal regions of South Korea’s
Jeju Island. The settlement criteria are divided into four
categories: conservation areas and environmental protection,
energy resources and economy, marine ecology and human
activities, and marine environment. They have developed 4
scenarios for alternative site selection by utilizing GIS. In the
scenario where 4 categories were taken into consideration,
fewer suitable areas were found than other scenarios. But
consideration of all categories will help to reduce the number
of social conflicts among stakeholders and environmental
issues by providing a sustainable and eco-friendly offshore
wind farm.

The authors of [7] have done a study on site selection
for wind energy plants. They choose Western Turkey as
application area. The application consists of two stages: first
stage is elimination of unfavorable stages and second stage
is examination of existing ones. Alternative land areas are
treated as grids of the same size, each large enough to build
a wind turbine. GIS have been used to apply the elimination
criterion and restrictions. Besides, Multiple Criterion Deci-
sion Analysis (MCDA) is then used to rank and sort the
grids via the evaluation criterion specified. The problem has
been assessed in 13 areas where several grids are assembled to
evaluate larger areas of space to build wind farms instead of
individual turbines. In all MCDAmethods used, areas 3, 5, 8,
and 12 are emphasized.

The authors of [5] used an integrated fuzzy-DEA
approach in this study to decide onwind farm locations.They
used the Basic Component Analysis (BCA) and Numerical
Taxonomy (NT) methods to validate the results of the DEA
model. The model was tested on 25 candidate cities in Iran
with 5 regions in each city. In addition, 20 other cities are
considered to be consumers of energy produced. The results
show the importance of the proximity of consumers in the
establishment of wind farms.

The authors of [1] evaluated the possibility of establishing
wind farms in the province of Ardabil in northwestern
Iran by combining ANP and Decision Making Experiment
and Evaluation Laboratories (DEMATEL) methods in a GIS
environment. Using the 13 layers of information according to
three main criteria, environment, technical, and economical,
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Table 2: Literature review on renewable energy location selection.

Authors Title of the Study Article Name

Azadeh, Ghaderi, & Nasrollahi [3] Location optimization of wind plants in Iran by an integrated
hierarchical Data Envelopment Analysis. Renewable Energy

Cebi, S. & Kahraman [4] Using Multi Attribute Choquet Integral in Site Selection of
Wind Energy Plants: The case of Turkey

Journal of Multiple-Valued Logic
& Soft Computing

Ali Azadeh &
ArminRahimi-Golkhanda & Mohsen
Moghaddam (2013)

Location optimization of wind plants in Iran by an integrated
hierarchical data envelopment analysis. Renewable Energy

Ali Azizi & Bahram
Malekmohammadi &Hamid Reza
Jafari & Hossein Nasiri & Vahid Amini
Parsa, [1]

Land suitability assessment for wind power plant site
selection using ANP-DEMATEL in a GIS environment: case

study of Ardabil province, Iran.
Environ Monit Assess

Yunna Wu & ShuaiGeng
[6]

Multi-criterion decision making on selection of solar–wind
hybrid power station location

A case of China Energy
Conversion and Management

KazimBarisAtici & Ahmet
BahadirSimsek & Aydin Ulucan &
Mustafa UmurTosun,
[7]

A GIS-based Multiple Criterion Decision Analysis approach
for wind power plant site selection. Utilities Policy

Taeyun Kim & Jeong-II Park &
JunhoMaeng, [2]

Offshore wind farm site selection study around Jeju Island,
South Korea. Renewable Energy

a land suitability map was established. Then, it is reclassified
according to the 5 equal-rate divisions from themost suitable
areas that are least suitable. The results show that 6.68% of
Ardabil province is most suitable for wind turbines.

3. Methodology

MCDM techniques are often used because mathematical and
heuristic methods are inadequate in dealing with qualitative
factors in the solution of the problem of location selection
that has come up to date from the past and is still valid [4].
The MCDM methods are useful in reflecting the judgments
of decision makers and in dealing with the complexity in the
decision process [7].

The TOPSIS method of the MCDM techniques is pro-
posed for solving the problem of wind power plant site
selection. This section briefly reviews the intuitionistic fuzzy
set and TOPSIS method.

3.1. Intuitionistic Fuzzy Set. Human decisions in real life
problems involve uncertainty and ambiguity. In 1965, the
fuzzy set theory was proposed by Zadeh to deal with this
ambiguity and uncertainty [14]. The intuitionistic fuzzy set
(A-IFS), which is generalized to the fuzzy set and char-
acterized by a membership function and a nonmember
function, was first introduced in 1986 by Atanassov. IFS has
been applied to many different fields, including logic pro-
gramming, medical diagnosis, decision making, evaluation
function, and preference relation [15].

In this section a few definitions and operations of IFS are
introduced.

Let𝑋 be fixed. IFS A in X can be defined as

X = {s, 𝜇x (s) , vx (s) | s ∈ S} , (1)

where

𝜇x (s) : 𝜇x (s) ∈ [0, 1] , S → [0, 1] (2)

vx (s) : vx (s) ∈ [0, 1] , S → [0, 1] (3)

𝜇x(s) and vx(s) are degrees of membership and nonmember-
ship function, respectively, satisfying the following equation:

0 ≤ 𝜇x (s) + vx (s) ≤ 1 ∀s ∈ S, R → [0, 1] (4)

For the IFS A in X, 𝜋x(s) is defined as the intuitionistic index.
It is the measurement of the hesitation degree.

𝜋x (s) = 1 − 𝜇x (s) − vx (s) . (5)

Let A and B be IFS of the set S; then the multiplication
operators are, correspondingly,

X + Y

= {𝜇x (s) ∗ 𝜇y (s) , vx (s) + vy (s) − vx (s) ∗ vy (s) |∈ S} (6)

3.2. Intuitionistic Fuzzy TOPSIS. The TOPSIS, first intro-
duced by Hwang and Yoon in 1981, is the most common
method of ranking alternatives based on the selection cri-
terion. The basic idea of the TOPSIS method is to rank the
alternatives from best to worst. The best solution among the
alternatives in the obtained order is the closest one to the
positive ideal solution at the same time as the farthest negative
solution [16].

Fuzzy numbers are used to deal with real life uncertainty,
imprecision, vagueness, and linguistic human decisions. The
intuitionistic fuzzy sets better reflect the decision makers’
approval, rejection, and hesitation [17].



Advances in Fuzzy Systems 5

Table 3: Linguistic terms for rating DMs.

Linguistic terms IFNs
Very Important (0.80, 0.10)
Important (0.50, 0.20)
Medium (0.50, 0.50)
Bad (0.30, 0.50)
Very Bad (0.20, 0.70)

In this section, we present an Intuitionistic Fuzzy TOPSIS
model introduced by [13] for the evaluation of the alterna-
tives. The order of m alternatives is based on n criterion. A ={A1,A2, . . . ,Am} is set of alternatives, C = {C1,C2, . . . ,Cn}
is set of criteria, and L = {l1, l2, . . . , ll} represents set of
decision makers.

Now we replace the algorithm with a seven-step proce-
dure as follows.

Step 1 (calculate the weights of DMs). The importance of the
DMs is represented as linguistic terms (Table 3).

Dl = [𝜇1, ]l, 𝜋l] is the intuitionistic fuzzy number for lth
DM ranking. The weight of DM can be determined by the
following formula:

𝜆l = [𝜇𝑙 + 𝜋𝑙 (𝜇𝑙/ (𝜇𝑙 + V𝑙))]∑𝑘𝑙=1 [𝜇𝑙 + 𝜋𝑙 (𝜇𝑙/ (𝜇𝑙 + V𝑙))] (7)

where

𝜆l ∈ [0, 1] and
𝑘∑
𝑙=1

𝜆l = 1 (8)

Step 2 (calculate the weights of criterion). All criteria can not
be regarded as having equal qualification. W represents a set
of importance levels. In order to achieve W, all DM views on
the importance of each criterion need to be integrated.

Let w𝑘𝑗 = (𝜇𝑘𝑗 , V𝑘𝑗 , 𝜋𝑘𝑗 ) represent intuitionistic fuzzy
number about the Xj criterion of the kth decision maker.
The intuitionistic fuzzy weighted averaging (IFWA) operator
is used to calculate the weights of the criterion. The IFWA
operator is developed by Xu (2007).

wj = IFWAr𝜆 (𝑤(1)𝑗 , 𝑤(2)𝑗 , . . . 𝑤(𝑙)𝑗 ) = 𝜆1𝑤(1)𝑗 ⊕ 𝜆2𝑤(2)𝑗
⊕, . . . , ⊕𝜆k𝑤(𝑙)𝑗 = [1 − 𝑘∏

𝑙=1

(1 − 𝜇(𝑙)𝑖𝑗 )𝜆l ,
𝑘∏
𝑙=1

(V(𝑙)𝑖𝑗 )𝜆l , 𝑘∏
𝑙=1

(1 − 𝜇(𝑙)𝑖𝑗 )𝜆l − 𝑘∏
𝑙=1

(1 − V(𝑙)𝑖𝑗 )𝜆l]
(9)

The importance of criterion is represented as linguistic terms
(Table 4).

Step 3 (construct intuitionistic fuzzy decision matrix
(IFDM)). To arrive at a precise conclusion, each view from a
group of DMs must be combined into a single view to form
the aggregated intuitionistic fuzzy decision matrix (AIFDM)
model.

Table 4: Linguistic terms for rating criterion.

Linguistic terms IFNs
Very Important (0.90, 0.10)
Important (0.75, 0.20)
Medium (0.50, 0.45)
Unimportant (0.35, 0.60)
Very Unimportant (0.10, 0.90)

Let R(l) = (𝑟(1)𝑖𝑗 )m∗n be the IFDM of each DM.𝜆 = {𝜆1, 𝜆2, 𝜆3, . . . , 𝜆k} is the weight of the DM.

R = (rij)m∗n (10)

where

rij = IFWAr𝜆 (𝑟(1)𝑖𝑗 , 𝑟(2)𝑖𝑗 , . . . 𝑟(𝑘)𝑖𝑗 ) = 𝜆1𝑟(1)𝑖𝑗 ⊕ 𝜆2𝑟(2)𝑖𝑗 ⊕, . . . ,
⊕ 𝜆k𝑟(𝑘)𝑖𝑗 = [1 − 𝑘∏

𝑙=1

(1 − 𝜇(𝑙)𝑖𝑗 )𝜆l ,
𝑘∏
𝑙=1

(V(𝑙)𝑖𝑗 )𝜆l , 𝑘∏
𝑙=1

(1 − 𝜇(𝑙)𝑖𝑗 )𝜆l − 𝑘∏
𝑙=1

(1 − V(𝑙)𝑖𝑗 )𝜆l]
(11)

Step 4 (the calculation of aggregated weighted intuitionistic
fuzzy decisionmatrix (AWIFDM)). The aggregatedweighted
intuitionistic fuzzy decision matrix is calculated by combin-
ing W and R.

R ⊕W = (𝜇𝑖𝑗, V𝑖𝑗)
= {⟨𝑥, 𝜇𝑖𝑗 ∗ 𝜇𝑗, V𝑖𝑗 + V𝑗 − V𝑖𝑗 ∗ V𝑗⟩} (12)

𝜋𝑖𝑗 = 1 − 𝜇𝑖𝑗 ∗ 𝜇𝑗 − V𝑖𝑗 − V𝑗 + V𝑖𝑗 ∗ V𝑗 (13)

Step 5 (calculate intuitionistic fuzzy positive and negative
ideal solution). Let J1 be benefit criterion and J2 be cost
criterion. A∗ represents intuitionistic fuzzy positive ideal
solution and 𝐴− represents intuitionistic fuzzy negative ideal
solution. Then A∗ and 𝐴− are calculated as

𝐴∗ = (𝑟∗1 , 𝑟∗2 , . . . , 𝑟∗𝑛 ) ,
𝑟∗𝑗 = (𝜇∗𝑗 , V∗𝑗 , 𝜋∗𝑗 ) , 𝑗 = 1, 2, . . . , 𝑛 (14)

𝐴− = (𝑟−1 , 𝑟−2 , . . . , 𝑟−𝑛 ) ,
𝑟−𝑗 = (𝜇−𝑗 , V−𝑗 , 𝜋−𝑗 ) , 𝑗 = 1, 2, . . . , 𝑛 (15)
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where

𝜇∗𝑗 = {(max
𝑖

{𝜇𝑖𝑗} 𝑗 ∈ 𝐽1) , (min
𝑖
{𝜇𝑖𝑗} 𝑗 ∈ 𝐽2)} , (16)

v
∗

𝑗 = {(min
𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽1) , (max

𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽2)} , (17)

𝜋∗𝑗 = {(1 −max
𝑖

{𝜇𝑖𝑗} −min
𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽1) ,

(1 −min
𝑖
{𝜇𝑖𝑗} −max

𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽2) , } (18)

𝜇−𝑗 = {(min
𝑖
{𝜇𝑖𝑗} 𝑗 ∈ 𝐽1) , (max

𝑖
{𝜇𝑖𝑗} 𝑗 ∈ 𝐽2)} , (19)

v
−

𝑗 = {(max
𝑖

{V𝑖𝑗} 𝑗 ∈ 𝐽1) , min
𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽2} , (20)

𝜋−𝑗 = {(1 −min
𝑖
{𝜇𝑖𝑗} −max

𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽1) ,

(1 −max
𝑖

{𝜇𝑖𝑗} −min
𝑖
{V𝑖𝑗} 𝑗 ∈ 𝐽2) , } (21)

Step 6 (obtain the separation measures between the alter-
natives). In this paper, the normalized Euclidean distance
proposed by Szmidt and Kacprzyk (2000) is used formeasure
separation between alternatives on intuitionistic fuzzy set.
Si∗ and 𝑆𝑖−, the separation measures of each alternative, are
calculated for intuitionistic fuzzy positive ideal and negative
ideal solutions, respectively.

𝑆𝑖∗
= √ 12𝑛

𝑛∑
𝑗=1

[(𝜇𝑖𝑗 − 𝜇∗𝑗 )2 + (V𝑖𝑗 − v∗𝑗 )2 + (𝜋𝑖𝑗 − 𝜋∗𝑗 )2], (22)

𝑆𝑖−
= √ 12𝑛

𝑛∑
𝑗=1

[(𝜇𝑖𝑗 − 𝜇−𝑗 )2 + (V𝑖𝑗 − v−𝑗 )2 + (𝜋𝑖𝑗 − 𝜋−𝑗 )2], (23)

Step 7 (determine the final ranking). The relative closeness
coefficient of an alternative Ai with respect to the intuitionis-
tic fuzzy positive ideal solution A∗ is defined as follows:

𝐶𝐶𝑖∗ = 𝑆𝑖−𝑆𝑖∗ + 𝑆𝑖− , 𝑤ℎ𝑒𝑟𝑒 0 ≥ 𝐶𝑖∗ ≤ 1. (24)

After the relative closeness coefficient of each alternative is
determined, alternatives are ranked according to descending
order of CCi∗.

4. Case Study

In this section, the IFTOPSIS method for selection of
appropriate wind power plant site is applied in a numerical
example. It is shown in Figure 1. A decision maker group
consisting of three experts was formed for this reason.
Decision maker 1 is a geographer, decision maker 2 is a

map engineer, and decision maker 3 is an energy engineer.
Çanakkale, İzmir, Samsun, and Mersin are selected as the
alternative for wind power plant location. Three decision
makers evaluate these alternatives and for selection of an
appropriate alternative we will use selection criterion given
in Table 6. Ten criteria are considered as follows.

Wind speed (C1): this includes a high average wind speed and
the ability to provide the maximum benefit from the wind.

Wind density (C2): it is the kinetic energy measure produced
by wind, unit square meter and time.

Surface characteristic (C3): this includes geological conditions
such as soil structure and infrastructure conditions and topo-
graphic conditions such as geographical direction, elevation
of the plant, and slope which are properties to be taken into
consideration in the site selection.

Proximity (C4): due to some factors such as noise pollution,
healthcare, aesthetics, and safety, the wind power plant
should be away from areas such as urban areas, water
resource, main roads, protected areas, and airports.

Power distribution network (C5): to prevent energy losses, the
plant must be installed in areas close to the consumers.

Natural disaster occurrence (C6): this criterion is aimed
at establishing the plant in places where safe and natural
disasters are less experienced.

Land purchase cost (C7): this criterion refers to the purchase
cost of the place where the plant will be established.

Initial and annual maintenance cost (C8): installation and
annual maintenance costs are the criteria that should not be
ignored.

Cultural end environmental concerns (C9): the plant to be
installed must not be allowed to harm the environment and
the historical heritage.

Employment (C10):being close to the available human labor of
the plant is important in terms of employee accommodation
and salaries.

4.1. Application of Intuitionistic FuzzyTOPSISMethod. In this
section, Intuitionistic Fuzzy TOPSIS model is applied for the
evaluation of the alternatives.

In Step 1, the linguistic terms in Table 3 and (7) are used
to calculate the weight of the decision makers and the results
in Table 7 were obtained.

In the second step, the opinions of the decision makers
about the criterion weight are calculated as shown in Table 10
using Table 4 and (9).

Decision makers were asked to evaluate each alternative
using linguistic terms in Table 5 for each criterion and
Table 8 was generated. Using (11), Table 11 is calculated,
so that the decisions of DMs are collected into a single
decision.
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Figure 1: Alternative assessment based on criterion.

Table 5: Linguistic terms for rating the alternatives.

Linguistic terms IFNs
Very Good (VG) [1.00, 0.00, 0.00]
Good (G) [0.85, 0.05, 0.10]
Moderately Good (MG) [0.70, 0.20, 0.10]
Fair (F) [0.50, 0.50, 0.00]
Moderately Poor (Mp) [0.40, 0.50, 0.10]
Poor (P) [0.25, 0.60, 0.15]
Very Poor (VP) [0.00, 0.90, 0.10]

Table 6: The dimension and criterion of wind power plant site
selection.

Target Dimension Criterion

Wind power
plant site
selection

Wind Potential Wind speed
Wind density

Location

Surface characteristic
Proximity
Power distribution network
Natural disaster occurrence

Cost Land purchase cost
Initial and annual maintenance
cost

Social Benefits
Cultural end environmental
concerns
Employment

By combining the criterion weights and the aggregated
intuitionistic fuzzy decision matrix with the help of (12)
and (13), an aggregated weighted intuitionistic fuzzy decision
matrix is obtained in Table 12.

Table 7: The importance and weights of decision makers’ opinions.

DM1 DM2 DM3
Linguistic terms Very Important Important Medium
𝜆 0,42 0,34 0,24

In Step 5 fromAIFMD,A+ is calculated by using (16), (17),
and (18) and A− is calculated by using (19), (20), and (21). A+
andA− are shown that in Table 13 and inTable 14, respectively.

To calculate S∗ (22) is used, to calculate 𝑆− (23) is used,
and to calculate 𝐶𝐶∗𝑖 (24) is used. S∗ and 𝑆− represent sepa-
ration measurement and 𝐶𝐶∗𝑖 shows ranking of alternatives.𝑆∗𝑆−and 𝐶𝐶∗𝑖 values for the alternatives are determined and
presented in Table 15.

4.2. Application of Fuzzy TOPSIS Method. In this section,
the data used in the solution phase of the Intuitionistic
Fuzzy TOPSISmodel (decisionmakers opinions, importance
weight of the criterion) were also used in Fuzzy TOPSIS
application. As a result of this evaluation, the results obtained
by the two different approaches under the same data will
be compared and the effectiveness and solution results of
the proposed Intuitionistic Fuzzy TOPSIS model will be
evaluated.

After obtaining fuzzy ratings from Tables 9 and 10
normalized fuzzy decision matrix determined is shown in
Table 16.

By combining the criterion weights and the aggregated
Intuitionistic fuzzy decision matrix, aggregated weighted
intuitionistic fuzzy decision matrix is obtained. After that,
fuzzy positive ideal solution (𝐴+) and negative ideal solution
(𝐴−) obtained according to the aggregated weighted intu-
itionistic fuzzy decisionmatrix are presented in Tables 17 and
18, respectively.
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Table 8: Importance of alternative based on opinion of DMs.

Decision-Makers (DMs) Alternative Criterion
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

DM1

Mersin MG G MP MG MG MG G MP F P
Çanakkale VG VG G VG G MP MG MG MP MP

İzmir VG VG F G VG F F G MG MG
Samsun G F MG MP F G VG F P F

DM2

Mersin MG G F F F G VG F MP P
Çanakkale VG VG MG MG VG F MG G G MG

İzmir G G G G G MP F MG MG F
Samsun MG MG MP MP MG MG G MP F MP

DM3

Mersin F MG MP MP F F G F MP P
Çanakkale VG VG MG G G MP MG G MG F

İzmir G VG G MG VG P MP MG F G
Samsun MG F F F MG MG F VG P MG

Table 9: The importance weight of the criterion.

Criterion DM1 DM2 DM3
C1 I VI I
C2 VI VI VI
C3 I M M
C4 M U M
C5 M I M
C6 I I M
C7 VI I VI
C8 U M I
C9 VU U U
C10 M U U

Table 10: Weight of criterion.

C1 (0.82,0.16,0.03)
C2 (0.90,0.10,0.00)
C3 (0.63,0.32,0.05)
C4 (0.45,0.50,0.05)
C5 (0.60,0.34,0.05)
C6 (0.70,0.24,0.05)
C7 (0.86,0.13,0.01)
C8 (0.53,0.42,0.05)
C9 (0.25,0.71,0.03)
C10 (0.42,0.53,0.05)

The calculation of distance (𝑆∗ 𝑎𝑛𝑑 𝑆−) of each alternative
from𝐴+ and𝐴− is determined.Then, by using the (𝑆∗ 𝑎𝑛𝑑 𝑆−)
values closeness coefficient (𝐶𝐶∗𝑖 ) of each alternative is
calculated and shown in Table 19. According to the obtained
results, Çanakkale is the best alternative and Samsun is the
worst alternative.

4.3. Comparison of Intuitionistic Fuzzy TOPSIS with Fuzzy
TOPSIS Method. In this section, the results obtained by
two different methods will be compared. As Table 20 and
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Figure 2: Comparison of two different methods results.

Figure 2 show the results obtained by Intuitionistic Fuzzy
TOPSIS method and Fuzzy TOPSIS method, according to
the Intuitionistic Fuzzy TOPSIS method the most important
alternative is Izmir. Later, Çanakkale,Mersin, and Samsun are
listed, respectively. According to the results obtained by Fuzzy
TOPSIS method, Çanakkale is the most important alterna-
tive, followed by Mersin, İzmir, and Samsun, respectively.

Given the results obtained, it is clear how effective
the weighting of decision makers’ opinions is on the out-
come, which demonstrates the effectiveness of the proposed
method.

5. Conclusion

Many reasons, such as reduced resources, increased envi-
ronmental problems, and energy need, have led the world
to trend to renewable energy. The wind energy is from
renewable energy that develops rapidly all around the world.
To get the maximum benefit from wind energy, where the
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Table 13: A+.

C1 (0.817,0.158,0.025)
C2 (0.900,0.100,0.000)
C3 (0.486,0.396,0.118)
C4 (0.453,0.496,0.050)
C5 (0.605,0.342,0.053)
C6 (0.547,0.328,0.126)
C7 (0.412,0.563,0.024)
C8 (0.243,0.709,0.048)
C9 (0.174,0.764,0.062)
C10 (0.292,0.623,0.085)

Table 14: A−.

C1 (0.540,0.368,0.092)
C2 (0.522,0.430,0.049)
C3 (0.273,0.660,0.067)
C4 (0.193,0.748,0.059)
C5 (0.361,0.566,0.073)
C6 (0.292,0.638,0.070)
C7 (0.863,0.127,0.010)
C8 (0.527,0.418,0.055)
C9 (0.088,0.874,0.038)
C10 (0.104,0.813,0.083)

Table 15: Separation measures and the relative closeness coefficient of each alternative.

Alternatives S∗ 𝑆
−

𝐶𝐶
∗
𝑖

Mersin 0,2166 0,1466 0,4036

Çanakkale 0,1342 0,2131 0,6135

İzmir 0,1136 0,2425 0,6811

Samsun 0,2409 0,1075 0,3086

plant is installed is a very important decision that needs to be
taken. In addition to cost, many factors such as sustainability
and the environmentmust be considered.Therefore, thewind
power station site selection problem should be considered as
MCDM problem.

In this paper, to solve problem of wind power plant site
selection, the TOPSISmethod is used and combined with the
intuitionistic fuzzy number which is reflecting the judgments
of decision makers and dealing with the complexity in
the decision process, so that more accurate results can be
achieved. Wind potential, location, cost, and social benefits
were defined as dimension of criterion and the ten selected
criteria were collected under these dimensions. The weights
of the criterion importancewere decided in the establishment
of the wind power plant and the selection was made in this
direction. The alternatives evaluated based on these criteria
are Mersin, Çanakkale, İzmir, and Samsun. The results have
shown that İzmir is the best alternative for wind power site.

Also Çanakkale, Mersin, and Samsun follow it, respectively.
Thus which alternative is most appropriate is determined.

For the future research, the other MCDMmethodologies
like ELECTRE, PROMETHEE, etc. can be used for wind
power site selection and the obtained results can be compared
with ours. Furthermore, a comprehensive study can be
carried out by identifying other main criteria and separating
them with subcriterion.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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Table 17: A+ positive distance of alternatives.

ALTERNATIVES C1 C2 C3 C4 C5 C6 C7 C8 C9 C10
A1 0,726 0,550 0,433 0,331 0,733 0,173 0,153 0,393 0,143 0,319
A2 0,115 0,121 0,244 0,451 0,407 0,682 0,457 0,374 0,442 0,217
A3 0,223 0,178 0,211 0,436 0,414 0,570 0,966 0,332 0,372 0,328
A4 0,499 1,176 0,304 0,412 0,615 0,872 0,280 0,251 0,158 0,217

Table 18: A− negative distance of alternatives.

ALTERNATIVES C1 C2 C3 C4 C5 C6 C7 C8 C9 C10
A1 0,115 0,634 0,244 0,357 0,414 0,441 0,966 0,374 0,352 0,328
A2 0,726 1,176 0,433 0,412 0,638 0,191 0,523 0,393 0,158 0,251
A3 0,529 1,040 0,411 0,363 0,733 0,193 0,153 0,337 0,165 0,319
A4 0,238 0,121 0,222 0,451 0,332 0,536 0,708 0,294 0,442 0,251

Table 19: Separation measures and the relative closeness coefficient of each alternative.

Alternatives 𝑆
∗

𝑆
−

𝐶𝐶
∗
𝑖

Ranking
A1 - Mersin 3,9545 4,2258 0,517 2
A2 – Çanakkale 3,5102 4,9020 0,583 1
A3 – İzmir 4,0305 4,2441 0,513 3
A4 - Samsun 4,7853 3,5938 0,429 4

Table 20: Comparison of the relative closeness coefficient of two methods.

Alternatives Intuitionistic Fuzzy TOPSIS CCi Ranking Fuzzy TOPSIS CCi Ranking
A1 - Mersin 0,4036 3 0,517 2
A2 – Çanakkale 0,6135 2 0,583 1
A3 – İzmir 0,6811 1 0,513 3
A4 - Samsun 0,3086 4 0,429 4
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The paper dwells on themethodology of neural-fuzzy approach to solving the problem of ship collision prevention in a heavy traffic
zone. The authors present the technique of using maneuvering board to form the elements of learning sample. The authors prove
that it is rational to use a neural-fuzzy system, where generation is carried out by the latticemethod without clustering.The authors
investigate the effect of optimization on the quality differences.The researchers define optimal membership functions that are used
to generate the input linguistic variables of a neural-fuzzy system.

1. Introduction

Despite all significant positive outcomes, the issue of ship
collision avoidance in a heavy traffic zone [1] is still urgent.
So, in the paper [2] the authors report on the concept
of expected dangerous patterns (areas) projected on the
automatic identification system data. The integration of the
Geographic Information System, the International Regula-
tions for Preventing Collisions at Sea (COLREGs), and a
thorough investigation of various navigation vessel cases
gives the system an opportunity to generate a safe ship
collision prevention route andmaritime features.The authors
[3] suggest a similar task ofmaking up a system for preventing
vessel collisions on the ECDIS (electronic chart display
and information system) and AIS (automatic identification
system). The authors of the paper [4] introduce a method for
automatic trajectory planning and collision avoidance using
the APF (artificial potential field) search method and speed
vector. Another approach providing ship collision avoidance
is Bayesian networks declared in the paper [5]. Fuzzy logic
is also successfully applied [6] for this kind of problem. In
particular, the papers [7, 8] are devoted to support systems
of decision making that are undertaken on board vessels.
Thus, the authors specify an approach for decision making

on sea vessels collision avoidance in the research [8]. The
authors are encouraged to use Microsoft Visual Studio to
build up a list rule according to the International Regulations
for Preventing Collisions at Sea (COLREGs, 1972). That list
is able to offer an appropriate collision avoidance algorithm
to the boat master after the assessment of maritime traffic
according to the vessel traffic service (VTS).

In the papers [9, 10] authors present a model based on
the fuzzy sets theory to rank a risk of sea vessel collision
in a heavy traffic zone to agree on the navigational decision
support because of safe ship control needed. In this model, a
maneuvering boardwas used to draft a fuzzy production rules
system [11–13]. In addition, a well-known Mamdani Algo-
rithm was used as an algorithm for fuzzy logic conclusion.

These days, neural network technologies are widely used
in navigation issues [14, 15]. For example, the paper [16]
focuses on the neural network classification of marine targets
on noise images in bad weather conditions and in case of
sea waves. In the paper [17] the neural network succeeds
in detecting icebergs by typical textural features from the
image of satellite-based Synthetic Aperture Radar. Moreover,
the neural network has been used successfully in issues of
improving an accurate position of a vessel from radar data
[18] and designing laser metering systems [19].
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Figure 1: Neural-fuzzy ship collision prevention in a heavy traffic zone.

Neural networks are also proved to be successful in
warning [20, 21]. A number of surveys are worth noting
in the supplement to navigation practice. In particular, the
methodology of a short-term forecast of the Caspian Sea
level by means of a perceptron-type neural network [22] is
developed in the paper [23].The paper [24] deals with online
forecast of the maneuvering vessel turn, a neural network
model RBF having amutating nature, and the ability to adjust
network features by the sliding window method. The authors
designed a predictive model which was marked by a leaner
structure, fast processing, and a high degree of measurement
accuracy.

As the use of neural nets has clear benefits [22], it
is potentially capable of improving the projection of ship
collision risks. In addition, significant headway had been
made against it. For example, the paper [25] comments on the
methodology and strategy of ship collision avoidance using
artificial neural networks, optimal control theory methods
[26, 27], and a game theory. The paper [28] also mentions an
autonomous navigation system for a robotic submarine based
on an adaptive neurocontroller.

Several papers [29–34] should also be noted in the
connection with developing approaches to prevent ship
collisions.

In order to improve the effects of a fuzzy system [35], the
authors carried out hybridization involving the elements of
artificial neural networks theory, which resulted in designing
a neural-fuzzy network [36, 37]. In turn, a neural-fuzzy ship
collision prevention system is based on it. This paper submits
the results of simulating modelling.

2. Materials and Methods

The neural-fuzzy ship collision prevention system in a heavy
traffic zone is an adaptive neural-fuzzy inference system
(ANFIS) [22, 36, 37], consisting of 5 layers. This kind of
system is defined as a multilayer feedforward neural network
without any feedback. Its features are those of fuzzy logic
inference. But an algorithm for making a decision of the neu-
ral network is a fuzzy logic inference algorithm.ANFISmodel
used for the neural-fuzzy ship collision prevention system in
a heavy traffic zone development is based on Takagi–Sugeno
fuzzy inference system, which is highly interpretable and
efficient in connection with computing.

The first layer of ANFIS is a layer of membership func-
tions. There is a fuzzification in the first layer; i.e., fuzzy sets
are established corresponding to the terms of source (input)
and target (output) linguistic variables.

The neural-fuzzy ship collision prevention system in a
heavy traffic zone observed in the paper (Figure 1) includes
four input linguistic variables:

(i) Electronic bearing on the target ship, i.e., on that one
to which the operator vessel needs to prevent collision safely

(ii) The ship-operator course
(iii) The target-ship course, i.e., a vessel in a heavy traffic

zone, to which, if necessary, it is required to prevent collision
(iv) The target-vessel speed [35], as well as the only

output linguistic variable, which is the value of the operator-
vessel course change calculated on the maneuvering board in
advance with the output value corresponding to the interval
[-60∘; 360∘], where the value of -60∘ corresponds to the term
“much to the left,” the value to -30∘ corresponds to the term
“to the left,” the value 0∘ corresponds to the term “keep it
steady” (neither the course nor the speed of the operator-
vessel changes); 60∘ stands for the term “much to the right,”
the value of 30∘ means the term “to the right,” and the value
of 360∘ implies the maneuver (AmE) or manoeuvre (BrE) of
circulation (that is, the term “circulation”)

The set of values for the inputs “bearing,” “the ship-
operator course,” and “vessel-target course” is the set [0;
360]∘. The range of values for the ship-target speed source is
determined according to the information from the reviewing
feedback of The Russian Maritime Register of Shipping (RS),
[0; 34] knots.

The number of nodes performed in the first layer is equal
to the sum of the term powers of the input linguistic variable
sets.The output values focused in the first layer are the values
of membership functions with specific values of the input
variables. The features of membership functions in the first
layer compose the first group of features that are to be set
during the learning process.

The second layer of ANFIS is a layer of fuzzy production
rules.The number of nodes is the same as the number of rules
in the second layer.Moreover, eachnode is connected to those
ones in the first layer that form the premises (antecedents)
of the corresponding rule. In general, the distribution of the
links between the first and second layers is performed in such
a way that each input variable of the neural-fuzzy network is
associated with each neuron of the rule layer.

The output values in the second layer correspond to the
relative degrees (weights) of the rules, which are calculated as
a logical product (intersection) of membership functions of
the input variables.

The third layer of ANFIS is a layer of absolute value
in which the output values of this layer are determined
by adding the outputs of all nodes of the rule layer and
dividing each of the output values in the second layer by this
total value. This ensures scaling of the output values so that
increases the neural-fuzzy network resilience.

The fourth layer of ANFIS is the output layer of the linear
combination. Each node of the fourth layer is connected to
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one node of the previous layer and, as a consequence, to
all inputs of the neural-fuzzy network. In the fourth layer
there is determination of coefficients of linear combinations,
as a result, for example, of an algorithm for backpropagation
(backpropa) or hybrid, which is a combination of the method
of Ordinary Least Squares (OLS) and a backward propagation
of errors (backpropa). Coefficients of linear combinations
constitute the second group of features to be determined in
the learning process.

Finally, the fifth layer of ANFIS is the output total layer.
Thefifth layer, corresponding to the adder of the legacy neural
network, completes defuzzification.

Learning a neural-fuzzy network, which is a combination
of two stages, is an iterative procedure that allows determin-
ing the features of membership functions that minimize the
discrepancy between “real (or valid) and desired behavior of
the model.”

In the first stage, the learning sample goes to the inputs,
and then the parameters of the fourth layer of the neural-
fuzzy network are set up in such a way so as to minimize
the discrepancy between the reference output values and the
calculated output of the neural-fuzzy network.

In the second stage, residual discrepancy is transferred
from the network output to the inputs, and backpropa
modifies the parameters of the nodes in the first layer. Besides,
the coefficients of the conclusion of the rules produced in the
first stage do not change.

The iterative setup procedure continues until discrepancy
exceeds a preestablished value.

Thus, the general methodology for constructing the
neural-fuzzy network underlying the neural-fuzzy ship col-
lision prevention system in a heavy traffic zone includes the
following steps.

Step 1. Forming a sample for learning, which contains
implicit knowledge, revealed as a result of learning the neural-
fuzzy network.

Step 2. Selecting fuzzy inference parameters, i.e., selection of
membership functions, fuzzy intersection, and defuzzifica-
tion.

Step 3. Selecting an algorithm for learning and setting up the
parameters of the neural-fuzzy network.

Step 4. Direct learning of the neural-fuzzy network to con-
figure both groups of parameters.

Step 5. Optimizing and verifying learning outcomes of a
neural-fuzzy network.

The implementation of the neural-fuzzy ship collision
prevention system in a heavy traffic zone was carried out by
the Fuzzy Logic Toolbox of MATLAB system [14, 15]. The
model is shown in Figure 1.

Furthermore, a series of computer experiments was
conducted to define the following.

(1)The best type of membership functions used to specify
the terms of input linguistic variables
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Figure 2: Resulting simulation model with ships in a heavy traffic
zone.

(2) The best type of membership functions used to
specify the terms of the output linguistic variable, i.e., a
type of dependence that connects input and output linguistic
variables (constant or linear coefficients)

(3) The best learning algorithm: the backpropagation
algorithm (0\`\, backpropa) or the hybrid algorithm. They
are a combination of AOPO and OLS [22]

(4) The optimal number of learning cycles for a neural-
fuzzy network

A learning set is designed to carry out simulation mod-
elling of the neural-fuzzy collision ship prevention system. At
first, a list of different cases with ships in a heavy traffic zone
was developed by means of a full search having stepped to
broaden the input ranges. Then, the equation of each certain
case and assessment of a changing value on the operator
ship course were made on the maneuvering board. It should
be noted that the equation on the maneuvering board was
followed by the rules of the International Regulations for
Preventing Collisions at Sea (COLREGS), commentaries to
them, and recommendations on so-called “good seaman-
ship.” Finally, the values of the input vector and the value
corresponding to that one made with the maneuvering board
for changing the operator ship course were recorded in a
learning sample.

The authors would like to present the way of designing
one of the learning pairs. They also imagine the situation
when ships are in a heavy traffic zone, as shown in Fig-
ure 2. The distance from the ship-operator to the target
ship is 2 miles, the ship-operator course is 90 degrees, and
the operator ship speed is 15 knots. The radar navigation
determined that the target-ship course is 330 degrees, an
object bearing is 90 degrees, and the target-ship speed is 8
knots.

In the circumstances described, the target ship is right
ahead the ship-operator and at risk of colliding, since the
ship-operator and the target ship are too close to each other.
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As it is prescribed in Rule 16 of the International Regulations
for Preventing Collisions of Ships at Sea, the ship-operator
must give way not to run into the target ship. Having simu-
lated this case on a maneuvering board and having calculated
it, the scholars found out that the new ship-operator course
was going to be 120 degrees. It requires turning a ship at 30
degrees to the right and the ship-operatorwill not collide with
the ship-target at a safe distance behind the vessel stern. After
considering this situation it was possible to set a learning pair
number 91. The rest of the 525 training pairs were similarly
set.

Simulation modelling of neural-fuzzy ship collision pre-
vention system was carried out in two modes. First, neural-
fuzzy networks were generated using the lattice method
without clustering, and, second, it was performed by the
subclustering method. 192 different neural-fuzzy networks
were trained for the first mode. Each of them had five
terms in each of the four input linguistic variables. Although
the backpropagation and hybrid algorithms were used [22],
backpropagation has been widely applied in solving various
problems, but the algorithm has a number of drawbacks,
in particular, “a long time learning,” as well as determining
local or relative instead of global or absolute minima. The
authors used eight different membership functions (MF) to
determine the input linguistic variables. They are trimf (tri-
angular MF), trapmf (trapezoidal MF), gbellmf (generalized
bell-shapedMF), gaussmf (Gauss’sMF), gauss2mf (two-sided
Gauss’sMF), pimf (P- shapedMF), dsigmf (MF as a difference
between two sigmoid functions), psigmf (the product of
two sigmoid MF), and constant or linear coefficients for the
output variable. The learning intervals numbered from 100 to
600.

3. Results and Discussion

As a result of the simulation modelling of the neural-fuzzy
ship collision prevention system in the mode of grating
generation without clustering, it was revealed that the best
were the hybrid method as a learning algorithm, constant
factors as a type of the output linguistic variable, the product
of two sigmoid MF, the difference between two sigmoid
functions, and the U-shaped membership function to derive
input linguistic variables.

The authors chose six out of learned neural-fuzzy net-
works with the least learning errors. They gave a test for each
one and had quality evaluation.

3.1. Mean Absolute Error. MAE is given by the formula [38]

𝑀𝐴𝐸 = 1𝑁 ⋅
𝑁∑
𝑖=1

𝐶𝐶𝑂𝑆𝑖 − 𝐶𝐶𝑂𝑆𝑖 , (1)

where N is number of model-based testing instances, 𝐶𝐶𝑂𝑆
𝑖

is a standard value of the change in the ship-operator
course for the i-model test counted with a maneuvering
board, and 𝐶𝐶𝑂𝑆

𝑖
is the value of changing the ship-operator

course for the i-model test, counted using a neural-fuzzy
network.
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Figure 3: Resulting qualitative evaluation in the neural-fuzzy ship
collision prevention system training in the generation by the lattice
method without clustering.

3.2. Root Mean Square Error. RMSE is given by the formula
[38]

𝑅𝑀𝑆𝐸 = √ 1𝑁 ⋅
𝑁∑
𝑖=1

(𝐶𝐶𝑂𝑆
𝑖
− 𝐶𝐶𝑂𝑆

𝑖
)2. (2)

3.3. Symmetric Mean Absolute Percentage Error. SMAPE is
given by the formula [38]

𝑆𝑀𝐴𝑃𝐸 = ∑𝑁𝑖=1 (𝐶𝐶𝑂𝑆𝑖 − 𝐶𝐶𝑂𝑆𝑖)∑𝑁
𝑖=1
(𝐶𝐶𝑂𝑆𝑖 + 𝐶𝐶𝑂𝑆𝑖) . (3)

The values of qualitative measures are summarized in Table 1,
and a resulting diagram is in Figure 3.

For the secondmode, 288 different neural-fuzzy networks
were trained (144/144 by the backpropa and hybrid optimiza-
tion method). Parameters of the subclusteringmethod varied
as follows: the parameter “Range of Influence” is from 0.2 to
0.5; step size is 0.1, the parameter ‘Squash Factor’ is from 1 to
1.375; step size is 0.125; the parameter “Accept Ratio” is from
0 to 0.4; step size is 0.2; and the parameter “Reject Ratio” is
from 0 to 0.3; step size is 0.15. In all 288 neural-fuzzy nets 100
learning intervals were being selected.

The authors came to the following conclusion after
simulating the neural-fuzzy ship collision prevention system
in the subclustering generation mode. The best method is
the hybrid optimization method for neural-fuzzy networks
as a learning algorithm, as well as for the grid-free generation
mode, while “Range of Influence” constantly equals 0.3, the
best ratio for “Squash Factor” is the parameter that equaled 1,
and the parameter that equaled 0.4 is for “Accept Ratio.”

Six best neural-fuzzy networks were chosen for testing.
Furthermore, the authors made qualitative evaluation for
each of them. The resulting Table 2 is presented in Figures
4 and 5.

Let the authors compare the results presented in this
paper with the results of the neural-fuzzy ship collision
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Table 1: Resulting simulation modelling of the neural-fuzzy ship collision prevention system in the grating generation without clustering.

Type of MF for input LVs Number of Training intervals Learning error MAE RMSE SMAPE
psigmf 500 5.4532⋅10−5 1.165⋅10−5 6.063⋅10−5 6.2555⋅10−7
psigmf 600 5.4532⋅10−5 1.165⋅10−5 6.063⋅10−5 6.2555⋅10−7
dsigmf 600 5.4553⋅10−5 1.166⋅10−5 6.063⋅10−5 6.257⋅10−7
dsigmf 400 5.4556⋅10−5 1.166⋅10−5 6.063⋅10−5 6.257⋅10−7
psigmf 400 5.456⋅10−5 1.1656⋅10−5 6.063⋅10−5 6.257⋅10−7
pimf 600 5.5002⋅10−5 1.171⋅10−5 6.064⋅10−5 6.2836⋅10−7
Table 2: Resulting simulation modelling of the neural-fuzzy ship collision prevention system through subclustering generation method.

Range of influence Squash factor Accept ratio Reject Ratio Optim. Methods Learning error RMSE MAE SMAPE
0.3 1 0 0 backpropa 1.26⋅10−1 3.865⋅10−1 5.05⋅10−2 2.7⋅10−3
0.3 1.125 0 0 backpropa 1.26⋅10−1 1.365⋅10−1 3.54⋅10−2 1.9⋅10−3
0.3 1 0 0.15 backpropa 1.26⋅10−1 3.865⋅10−1 5.05⋅10−2 2.7⋅10−3
0.3 1 0.4 0 hibrid 1.363⋅10−3 1.36⋅10−3 5.5⋅10−4 2.94⋅10−5
0.3 1 0.4 0.15 hibrid 1.363⋅10−3 1.36⋅10−3 5.5⋅10−4 2.94⋅10−5
0.3 1 0.4 0.3 hibrid 1.363⋅10−3 1.36⋅10−3 5.5⋅10−4 2.94⋅10−5
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Figure 4: Resulting qualitative evaluation in the neural-fuzzy
ship collision prevention system training when generating by the
subclusteringmethod through backpropagation error algorithm.

prevention system in a heavy traffic zone [35], in which only
the fuzzy logic apparatus is used.

In the paper [35], a fuzzy system is offered. The first
linguistic variable called Peleng included the following five
terms of the basic term set: eastern bearing, western bearing,
northern left bearing, northern right bearing, and southern
bearing.

The second and third input linguistic variables operator-
vessel course and target-vessel course had a basic term set
consisting of the following elements [35]: the left course to the
north, the right course to the north, easterly course, heading
south, and westerly course.

The fourth input linguistic variable ship-target speed had
the following terms of the basic term set [35]: fixed target, low
speed, average speed, high speed, and a very high speed.
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Figure 5: Resulting qualitative evaluation in the neural-fuzzy ship
collision prevention system training in the generation of the hybrid
algorithm through the subclusteringmethod.

According to the point from Rule 8 in International
Rules of Preventing Collision at Sea, COLREGS, “if there
are enough waters, only a course change may be the most
effective mode of action to prevent collisions.” Boatmasters
state that most of the ways to prevent collision at sea are due
to the coursemaneuvers. So, the change of the operator-vessel
course is chosen for the output linguistic variable.

In the description of terms for the output linguistic
variable, the values of fuzzy set cores corresponding to the
terms [35] are given in brackets: much to the left (-60∘), to
the left (-30∘), keeping it steady (the course and speed do not
change) (0∘), to the right (30∘), much to the right (60∘), and
circulation (360∘).

In the paper [35] the author presents the results of
fuzzification of the indicated input and output linguistic
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Table 3: Results of imitating simulation of a fuzzy ship collision prevention system in a heavy traffic zone proposed in [35].

Defuzzification Method MAE RMSE SMAPE
bentroid 2.2460⋅10−1 2.3120⋅10−1 1.19⋅10−2
Bisector 1.2379⋅100 1.2568⋅100 7.12⋅10−2
MOM 1.2379⋅100 1.2568⋅100 7.12⋅10−2
SOM 1.2379⋅100 1.2568⋅100 7.12⋅10−2
variables, as well as the characteristics of the fuzzy system
product base with a description of the fuzzy logic inference
algorithm designed byMamdani Algorithm.

The author [35] did the testing for fuzzy ship collision
prevention system in a heavy traffic zone. It should be noted
that the samemeasures (MAE, RMSE, and SMAPE)were also
used to evaluate the quality. Four defuzzification methods
were used as a defuzzy: centroid, bisector, and the mean of
maximums and the smallest of maximums. The results are
summarized in Table 3.

As a result of testing the fuzzy ship collision prevention
system in a heavy traffic zone offered in [35], it was found
out that the best defuzzification method is centroid, but the
discrepancy quality values are insufficient to decide on sea
vessels collision prevention in a heavy traffic zone.

4. Conclusions

Having verified the results of simulating the neural-fuzzy ship
collision prevention system for both modes (both for grid-
generatedwithout clustering and for subclustering generated)
the authors draw the following conclusions.

First, it is advisable to use the neural-fuzzy ship collision
prevention system to avoid ship collision in a heavy traffic
zone, where generation is held through the lattice method
without clustering. The comparison of the results of Tables
1 and 2 proves much better quality of discrepancies using
the neural-fuzzy ship collision prevention system in a heavy
traffic zone with generation by the lattice method without
clustering than when generated by subclustering method,
which produces the best MAE result comparable to 10−4.

Second, the hybrid method of optimization gives much
better results than the algorithm for backpropagation when
using both the lattice method without clustering and the
subclustering one. In particular, 0\`\ produces the best
MAE result equal to 3.54∙10−2, while the hybrid algorithm
produces MAE result equal to 5.5∙10−4 when generating by
subclustering method.

Third, the authors believe that best results to develop
input linguistic variables are given by such membership
functions as the product of two sigmoid MF as a difference
between two sigmoid functions and a U-shaped membership
function. That is proved by the results in Table 1.

Fourth, it is necessary to refer to constant coefficients
for the neural-fuzzy ship collision prevention system in the
mode of grating generation without clustering, as a type of
the output linguistic variable.

To sum up, 192 different simulating models of neural-
fuzzy ship collision prevention systems were generated
through the lattice-free clustering method, as well as 288

neural-fuzzy ship collision prevention systems, where the
network was generated through the subclustering method.
After finishing the simulation, the hybrid optimization
method turned out to be the best (allows to get MAE value
about 10−5). The best neural-fuzzy ship collision prevention
systems testing has proved that they can determine very
accurately the value of changing the ship-operator course
to avoid ship collision in a heavy traffic zone, which is
dangerous for the ship-operator. The authors compared the
results reflected in this paper, for example, with those of the
fuzzy ship collision prevention system in a heavy traffic zone
proposed in the paper [35]. They came to the conclusion
that the defuzzification method Centroid with MAE and
RMSE values about 10−1 and SMAPE about 10−2 produces
the best result. Thus, it is correct to say that using neural
network technologies in solving the problem significantly
improves the quality of safe navigation of sea-going vessels
in a heavy traffic zone. The neural-fuzzy collision avoidance
system investigated in this research is one of the modules
of the intelligent navigation safety system. The authors are
definitely going to keep developing them in the future.
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Supplementary Materials

Supplementary 1. Table 1 1.xlsx: data for testing the neural-
fuzzy ship collision prevention system where generation is
carried out by the lattice method without clustering, with
500 training intervals, using the membership function as
a product of two sigmoid membership functions for input
linguistic variables, with the necessary quality assessment
calculated (MAE, RMSE, and SMAPE).
Supplementary 2. Table 1 2.xlsx: data for testing the neural-
fuzzy ship collision prevention system where generation is
carried out by the lattice method without clustering, with
600 training intervals, using the membership function as
a product of two sigmoid membership functions for input
linguistic variables, with the necessary quality assessment
calculated (MAE, RMSE, and SMAPE).
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Supplementary 3. Table 1 3.xlsx: data for testing the neural-
fuzzy ship collision prevention system where generation is
carried out by the lattice method without clustering, with 600
training intervals, using the membership function difference
of functions (as a result of subtraction) between two sigmoid
functions for input linguistic variables, with the necessary
quality assessment calculated (MAE, RMSE, and SMAPE).
Supplementary 4. Table 1 4.xlsx: data for testing the neural-
fuzzy ship collision prevention system where generation is
carried out by the lattice method without clustering, with 400
training intervals, using the membership function difference
of functions (as a result of subtraction) between two sigmoid
functions for input linguistic variables, with the necessary
quality assessment calculated (MAE, RMSE, and SMAPE).
Supplementary 5. Table 1 5.xlsx: data for testing the neural-
fuzzy ship collision prevention system where generation is
carried out by the lattice method without clustering, with
400 training intervals, using the membership function as a
product between two sigmoid functions for input linguistic
variables, with the necessary quality assessment calculated
(MAE, RMSE, and SMAPE).

Supplementary 6. Table 1 6.xlsx: data for testing the neural-
fuzzy ship collision prevention system where generation is
carried out by the lattice method without clustering, with 600
training intervals, using the U-shaped membership function
for input linguistic variables, with the necessary quality
assessment calculated (MAE, RMSE, and SMAPE).

Supplementary 7. Table 2 1.xlsx: data for testing the neural
-fuzzy ship collision prevention system generated by sub-
clustering, with 100 training intervals, using backpropagation
with parameters Range of Influence, Squash Factor, Accept
Ratio, and Reject Ratio equal to 0.3, 1, 0, and 0, respectively,
with the necessary quality assessment calculated (MAE,
RMSE, and SMAPE).

Supplementary 8. Table 2 2.xlsx: data for testing the neural-
fuzzy ship collision prevention system generated by sub-
clustering, with 100 training intervals, using backpropaga-
tion with parameters Range of Influence, Squash Factor,
Accept Ratio, and Reject Ratio equal to 0.3, 1.125, 0, and 0
respectively, with the necessary quality assessment calculated
(MAE, RMSE, and SMAPE).

Supplementary 9. Table 2 3.xlsx: data for testing the neural
-fuzzy ship collision prevention system generated by sub-
clustering, with 100 training intervals, using backpropagation
with parameters Range of Influence, Squash Factor, Accept
Ratio, and Reject Ratio equal to 0.3, 1, 0, and 0.15, respectively,
with the necessary quality assessment calculated (MAE,
RMSE, and SMAPE).

Supplementary 10. Table 2 4.xlsx: data for testing the neural-
fuzzy ship collision prevention system generated by sub-
clustering, with 100 training intervals, using the hybrid
optimization method with parameters Range of Influence,
Squash Factor, Accept Ratio and Reject Ratio equal to 0.3, 1,
0.4, and 0, respectively, with the necessary quality assessment
calculated (MAE, RMSE, and SMAPE).

Supplementary 11. Table 2 5.xlsx: data for testing the neu-
ral -fuzzy ship collision prevention system generated by
subclustering, with 100 training intervals, using the hybrid
optimization method with parameters Range of Influence,
Squash Factor, Accept Ratio and Reject Ratio equal to 0.3,
1, 0.4, and 0.15, respectively, with the necessary quality
assessment calculated (MAE, RMSE, and SMAPE).
Supplementary 12. Table 2 6.xlsx: data for testing the neural
-fuzzy ship collision prevention system generated by sub-
clustering, with 100 training intervals, using the hybrid opti-
mizationmethodwith parameters Range of Influence, Squash
Factor, Accept Ratio and Reject Ratio equal to 0.3, 1, 0.4,
and 0.3, respectively, with the necessary quality assessment
calculated (MAE, RMSE, and SMAPE).
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