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DEVELOPMENT OF FUZZY AHP AND TOPSIS APPROACH FOR MULTI-OBJECTIVE
SCHEDULING PROBLEMS IN ROBOTIC FLEXIBLE ASSEMBLY CELLS

ABD, K.; ABHARY, K. & MARIAN, R.
Abstract: In today’s industrial world, flexibility is a significant issue, keeping
industrial companies on a competitive edge. Flexibility signifies a manufacturing
system’s ability to respond quickly and effectively to market trends, which have become
more dynamic and unpredictable, emphasising the need for increasingly flexible
systems. One such system is Robotic Flexible Assembly Cell (RFAC), highly modern
system, mainly structured from industrial robots, assembly stations and an automated
material handling system. The RFAC always require a sophisticated scheduling
approach, not only to prevent collisions between robots but also to guarantee higher
system utilisation. Hence, the aim of this paper is to integrate Fuzzy Analytic Hierarchy
Process (FAHP) with Fuzzy Technique for Order Preference by Similarity to Ideal
Solution (FTOPSIS) to optimise the dynamic scheduling in RFAC under different
performance measures. This integration offers significant advantages such as dealing
with complex decision problems, and handling any decision problems when the
information is uncertain due to vagueness and imprecision. In this integration, the
FAHP was applied to determine the relative weights for multi scheduling criteria; and
the FTOPSIS was applied for evaluation of each alternative scheduling combination
based on its overall performance in order to make a final decision.
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1. Introduction
Flexible manufacturing systems have attracted significant attention in recent years
due to their flexibility and capacity to deal with unexpected events. One class of such
systems is called robotic flexible assembly cells (RFAC) [1-4]. The design of RFAC
with more than one robot offers many advantages, e.g. efficiency due to a reduced work
environment [5], increased robustness enabling the assembly of a variety of products
using the same resources [6], and flexibility due to superior ease of modification and
reconfiguring [7]. Accordingly, employing multi-robots in RFAC offers the advantage
of increased productivity in a shorter cycle time with lower production costs.
Nevertheless, there are certain difficulties that have arisen with this design concept.
For example, two robots operating simultaneously in the same work environment
require a complex control system to prevent collisions between them [8]. Also,
industrial robots must be employed as effectively as possible due to the high cost of
the robots. To overcome these difficulties, efficient scheduling of RFAC is required.
Some of the research studies in this field have attempted to solve scheduling
problems which have multi-objectives. The methodologies described in these studies
have been achieved through simulation or artificial intelligence approaches; however,
there is a lack of methodologies for dealing with optimisation problems. This
deficiency is due to the weighting method (i.e. assigning weights for each objective)
used to transform a multi-objective problem to a single-objective problem and optimise
the new single-objective problem e.g. [9-12]. Commonly, the weights are determined
by schedulers based on their own judgments of the importance of each objective
[13,14]. In fact, the weighting method is based purely on subjective assessment by
human experts. Consequently, this method still cannot reflect the human thinking
process. In order to deal with the subjectivity of human thought, fuzzy set theory can
be used. The main feature of fuzzy sets is their ability to mathematically represent
vague knowledge [15].
One class of fuzzy set methodologies’ Fuzzy Multi-Criteria Decision-Making
(Fuzzy MCDM), considers optimisation problems that may have more than one
objective function [16]. The objective of this study is to solve multi-objective
optimisation problems for scheduling in RFAC, using fuzzy MCDM.
2. Overview of Multi-Criteria Decision-Making methods
Multi-criteria decision-making (MCDM) method is extensively used for
evaluating a number of feasible solutions against a number of criteria and determining
the best solution which meets all the criteria. Selecting a suitable MCDM method is
partly based on the decision maker’s preference. In recent years, many methods have
been proposed for solving MCDM problems. Examples of these methods are WSM
(Weighted Sum Model), WPM (Weighted Product Model), AHP (Analytic Hierarchy
Process), TOPSIS (Technique for Order Preference by Similarity to Ideal Solution) and
SMART (Simple Multi-Attribute Rating Technique) [17]. There is no universally
accepted MCDM method, but some methods are more suitable than others for solving
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particular decision problems. AHP and TOPSIS are the most well-known MCDM
methods [18].
AHP method was originally developed by Saaty. The AHP method is widely used
and can effectively handle both quantitative and qualitative data in different practical
decision making problems [19]. This method consists of three main stages: first,
constructing a pair-wise comparison matrix; second, synthesising judgments; third,
checking for consistency [20,21]. Even though AHP has been successfully applied to
solve different decision problems, it has a number of drawbacks. First, this method is
still used in nearly crisp decision applications [22]. Second, AHP cannot reflect the
human thinking style, due to the fact that it deals with subjective assessments [23].
Third, it does not have the ability to handle decision problems when the information is
uncertain and ambiguous [24]. To overcome the above drawbacks, AHP is combined
with fuzzy set theory, the so called fuzzy AHP method (FAHP) widely used by
researchers
TOPSIS was initially presented by Hwang and Yoon. TOPSIS is one of the most
common methods used to solve MCDM problems. The basic idea of TOPSIS is that
the selected alternative should be close to the best of ideal solution and farthest from
the worst one [25]. The features of this method are that it is easy to use, the process is
understandable, and also it is capable of taking into account both quantitative and
qualitative criteria [26]. Like AHP, TOPSIS has the same drawback of not being
suitable for making decisions when the information is uncertain. Therefore, TOPSIS is
combined with fuzzy set theory, the so called fuzzy TOPSIS (FTOPSIS), extensively
applied in real case studies to deal with MCDM problems.
Other studies integrated FAHP with TOPSIS or AHP with FTOPSIS for
evaluating decision problems under different criteria. In these studies, the AHP/FAHP
is used to determine the relative weights of the multiple evaluation criteria, and the
TOPSIS/FTOPSIS is used for evaluation of each alternative in order to make a final
decision. Although these studies indicated that the integration of FAHP with TOPSIS
or AHP with FTOPSIS are suitable approaches for solving different decision problems
in engineering and technology, they are unable to fully handle the uncertainty and
imprecision in real world problems. Thus, the recent studies have integrated FAHP
with FTOPSIS; this combination can adequately handle decision problems containing
uncertain and ambiguous information, and can also provide the flexibility needed for
the decision maker to understand the decision problem.
Based on the previous overview, it can be stated that the FAHP-FTOPSIS is
efficient and modern approaches for solving MCDM problems. However, to the best
of the author’s knowledge, there is no work published that uses fuzzy MCDM method
for optimisation of dynamic scheduling problems. Moreover, there is no documented
research in the area of MCDM that indicates the application of both FAHP-FTOPSIS
approaches. This paper attempts to develop a new approach based on FAHP-FTOPSIS
for solving optimisation problems. The main advantages of the proposed approach are:
(1) it can mimic human expert reasoning for optimising the dynamic scheduling in
RFAC (2) it can effectively handle the problems when the information is uncertain and
ambiguous (3) it is powerful enough to deal with complex decision making problems.
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3. Proposed approach
In this paper, a comprehensive hybrid fuzzy MCDM is developed using FDSS
and FAHP-FTOPSIS. The aim of the proposed approach is to optimise multi-objective
dynamic scheduling problems in RFAC. To address the above aim, the fuzzy MCDM
approach is divided into three phases: problem description; application of fuzzy
MCDM; and analysis of the results, as shown in Figure 1. Each of the phases is
described in the following sub-sections.

Fig. 1. Simplified flow chart of the developed approach
3.1 Problem description
In this phase, the MCDM problem must be described as a hierarchy. The hierarchical
structure of the problem can be arranged based on the overall goal, criteria and
alternatives [27]. Four steps are required to form the hierarchy of any MCDM problem:
(1) define the research problem and identify the overall goal; (2) determine the criteria
and sub-criteria that must be used to fulfil the overall goal; (3) identify the decision
alternatives; and (4) structure the hierarchy by placing the objective at the top level,
the criteria and sub-criteria in the middle and the decision alternatives at the bottom
level. The whole hierarchy of the decision making problem can be easily drawn as
shown in Figure 2.
Once the hierarchical structure is established, a decision table is built. In this
table, the columns indicate the criteria (objective functions), and the rows indicate the
alternatives (feasible solutions). The intersections between columns and rows represent
the cells. The value in each cell represents the evaluation of the feasible solution with
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respect to the single-objective. The value range for the multi-objective is generally
different. To avoid the different ranges, the values in each column must be normalised
to values from 0 to 1. There are two scenarios to perform normalisation: In the first
scenario, the objective value is of the smaller the better type. In this case, the
normalisation can be determined using Equation 1. In the second scenario, the objective
value is of the larger the better type. In this case, the normalisation is determined using
Equation 2.

μik =

μik =

[ƞ𝑖 (𝑘) − Min ƞ𝑖 (𝑘) ]
[Max ƞ𝑖 (𝑘) − Min ƞ𝑖 (𝑘) ]
[Max ƞ𝑖 (𝑘) − ƞ𝑖 (𝑘) ]

[Max ƞ𝑖 (𝑘) − Min ƞ𝑖 (𝑘) ]

,

,

(1)

0 ≤ μik ≤ 1

(2)

0 ≤ μik ≤ 1

where μik is the normalised objective value for the 𝑘 th response in the 𝑖 th feasible
solution; ƞ𝑖 (𝑘) is the value of the objective; Min ƞ𝑖 (𝑘) and Max ƞ𝑖 (𝑘) are the smallest
and the largest value of ƞ𝑖 (𝑘) respectively.
Goal

Criterion 1

Alternative 1

Criterion 2

Alternative 2

………

…………

Criterion m

Alternative n

Fig. 2. The hierarchy of the MCDM problem
3.2 Application of fuzzy MCDM methods
MCDM methods under the fuzzy environment are applied in order to deal with the
vagueness of human thought in making decisions. In this phase, FAHP-FTOPSIS will
be used due to their unique characteristics. The approach will be used for two main
reasons: firstly, recent studies have showed that the combination of fuzzy AHP method
(FAHP) with fuzzy TOPSIS method (FTOPSIS) provides a powerful approach to deal
with complex decision problems; secondly, this approach has the ability to handle
decision problems when the information is uncertain due to vagueness and imprecision
[28].
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In this research, the FAHP is combined with FTOPSIS for optimising the dynamic
scheduling in RFAC under different performance measures. The FAHP is applied to
determine the weights of the multiple evaluation criteria to be used in the evaluation
process; and the FTOPSIS is applied for evaluation of each alternative scheduling
combination based on its overall performance in order to make a final decision
3.3 Analysis of the Results
In this phase, the outcome results of FDSS and FAHP-FTOPSIS are analysed and
discussed. This phase includes checking the stability of the FDSS and FAHP-FTOPSIS
results by applying a sensitivity analysis by analyse the obtained results of FMCDM
and Fuzzy AHP-Fuzzy TOPSIS. The purpose of this analysis is to investigate the
influence of the criteria weights on the final performance ranking, and to check whether
a few changes in the criteria weights lead to significant modification in the decision
outcome. Therefore, sensitivity analysis provides information on the stability of the
results. Based on the previous studies in MCDM, there are two procedures to achieve
sensitivity analysis. The first procedure is to increase or decrease the weights of each
individual criterion, and keep the summation total of all criteria weights equal to one
[29]. The other procedure is to exchange each criterion’s weight with another
criterion’s weight while the other remaining criteria are constant [30].
4. Implementation of Fuzzy AHP- Fuzzy TOPSIS
In this section, fuzzy AHP (FAHP) integrated with fuzzy TOPSIS (FTOPSIS) for
optimising the dynamic scheduling in RFAC under different performance measures is
proposed as a new application. The FAHP is used to determine the relative weight of
the multiple evaluation criteria, and the FTOPSIS is applied for evaluation of each
alternative in order to make a final decision. The methodology and algorithm steps of
FAHP and FTOPSIS are summarised as follows:
4.1 Methodology of FAHP
FAHP consists of three main stages: constructing a fuzzy comparison matrix,
synthesizing judgments and checking for consistency.
a) Constructing a Fuzzy Comparison Matrix
The fuzzy matrix (A) of pair-wise comparisons is constructed from i × j elements,
where i and j are the number of criteria (n). Let A = [ãij ]
be a preference matrix
n×n

such that ãij =
is a triangular fuzzy number (TFN). In this matrix,
aij represents the linguistic value of comparing of the i criterion with respect to the j
criterion, as follows:
̃ nij )
(ãlij , ãm
ij , a
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The linguistic value can be determined using TFN. A TFN is denoted as (l, m, n),
where l, m and n represent, respectively, the smallest value, the most promising value,
and the largest possible value of comparing of the i criterion with respect to the j
criterion. ãij = ãji −1 = (lij , mij , nij )
follows:
(1,1,1)
(l12 , m12 , n12 )
1
1 1
(
,
, )
(1,1,1)
A = n21 m21 l21
⋮
⋮
1 1 1
1 1 1
( ,
, ) ( ,
, )
[ ni1 mi1 li1
ni2 mi2 li2

⋯

−1

1

1

1

= ( , , ), and ãij = (1,1,1) when i = j, as
n m l
ij

ij

ij

(l1j , m1j , n1j )

⋯ (l2j , m2j , n2j )
⋯

⋮

⋯

(1,1,1)

(4)

]

b) Synthesizing Judgments
This stage represents a process for calculating the weight of each criterion. This
process can be achieved as follows:
Step 1: Calculation of fuzzy synthetic extent: The value of fuzzy synthetic extent with
respect to the ith is defined as follows:
m

n

−1

m

(5)

Si = ∑ ã ij × [∑ ∑ ã ij ]
j=1

i=1 j=1

∑m
̃ ij , is obtained from fuzzy addition operation of m extent analysis value for a
j=1 a
particular matrix such that
m

m

m

m

(6)

∑ ã ij = ∑ lj , ∑ mj , ∑ nj
j=1

j=1

j=1

j=1

and [∑ni=1 ∑nj=1 ãij ]
values such that
n

m

n

−1

n

is obtained from fuzzy addition operation of ãij (j = 1,2, … , m)

n

∑ ∑ ãij = (∑ lij , ∑ mij , ∑ nij )
i=1 j=1

i=1

i=1

(7)

i=1
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Finally, the inverse of the above vector is computed as
n

−1

m

[∑ ∑ ã ij ]

= (

i=1 j=1

1
1
1
,
,
)
∑ni=1 nij ∑ni=1 mij ∑ni=1 lij

(8)

Step 2: Comparison of fuzzy values: As ã2 and ã1 are two triangular fuzzy numbers,
the degree of possibility of ã2 = (l2 , m2 , n2 ) ≥ ã1 = (l1 , m1 , n1 ) is defined as
(9)

V(a 2 ≥ a1 ) = SUP [min (μa1 (x), μa2 (y))]
X≥Y

This is equivalent to
(10)

V(a 2 ≥ a1 ) = hgt (a1 ∩ a 2 ) = μa2 (d)

where d is the ordinate of the highest intersection point between μa1 and μa2 . When
ã2 = (l2 , m2 , n2 ) and ã1 = (l1 , m1 , n1 ), then μa2 (d) is defined as follows:

μa2 (d) =

1,

if m2 ≥ m1 ,

0,

if l2 ≥ n1 ,

(11)

{ (l1 − n2 )⁄[(m2 − n2 ) − (m1 − l1 )] , otherwise

For the comparison between a1 and a2 , the values of both V(a2 ≥ a1 ) and V(a1 ≥ a2 )
are required. The intersection between a1 and a2 is shown in Figure 3.
µÃ(x)
ã2

1

ã1

V (a2 ≥ a1)

0

x
l2

m2

l1

d

n2

m1

n1

Fig. 3. Interaction between a1 and a2
Step 3: Calculation of priority weights: The degree of possibility for a convex fuzzy
number to be greater than k convex fuzzy numbers ai (i = 1,2, … k) can be defined as
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V(a ≥ a1 , a1 , … . a k ) = V[(a ≥ a1 ) and … and (a ≥ a k ) ] = min V(a ≥ a i ), i = 1,2, … k.

Assuming that
d′ (Ci ) = min V(Si ≥ Sk ), k = 1,2, … n; k ≠ i

(13)

then the weight vector is given by as follow, where C1 , C2 , … Cn are n criteria.
W ′ = {d′ (C1 ), d′ (C2 ), … d′ (Cn )}T

(14)

Step 4: Calculation of normalised weight vectors: The normalised weight vectors are
obtained as follows, where W is a nonfuzzy number
(15)

W = {d(C1 ), d(C2 ), … d(Cn )}T

c) Checking for consistency
In order to identify the consistency of the linguistic values in the fuzzy matrix
(A), the consistency ratio (CR) is calculated. If CR is less than or equal to 0.10, the
linguistic values are acceptable.
If CR is more than 0.10, the linguistic values are unacceptable and need to be
altered. CR can be calculated as follows:
Step 1: Compute the maximum eigenvalue (λmax ): computed by calculating the
consistency value (CV) of each row, then dividing the summation of CV by n to obtain
λmax as shown in Equation 16.
λmax =

∑ni=1 CVi
n

(16)

Step 2: Calculate the consistency index (CI), using the following equation.
CI =

(λmax − n)
(n − 1)

(17)

tep 3: Calculate the consistency ratio (CR): computed by dividing the CI by the random
index (RI). The value of RI depends on n. The RI values corresponding with n are listed
in Table 1.
Size (n)
Random Index (RI)

1
0

2
0

3
0.58

4
0.9

5
1.12

6
1.24

7
1.32

8
1.41

Tab. 1. The random consistency index
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4.2. Methodology of FTOPSIS
FTOPSIS is the algorithm for finding the best option from a set of feasible alternatives.
The main stages of FTOPSIS can be described as follows:
a) Establish fuzzy decision matrix
The first step of the Fuzzy TOPSIS is to construct the m × n fuzzy-decision matrix
̃ ).
(D
C1
A1 x11
x
A
̃ = 2 [ 21
D
⋮
⋮
Am xm1

C2
x12
x22
⋮
xm2

⋯

Cn

⋯ x1n
⋯ x2n
⋱
⋮ ]
⋯ xmn

(18)

where i is the criterion index ( i = 1, 2 . . . m ), j is the alternative index ( j = 1, 2 . . .
n). C1 , C2 , … . , Cn denote the criteria; and A1 , A2 , … , Am denote the possible
alternatives. The elements xij = (lij , mij , nij ) of the matrix are represented by the
linguistic variables for the alternative j with respect to criterion i.
b) Normalise the fuzzy decision matrix
The raw data are normalised using linear scale transformation to bring the
different measurement units and scales into a comparable scale. The normalised fuzzỹ is calculated as:
decision matrix R
̃ = [r̃ij ]
R

m×n

, i = 1, 2 … m; j = 1, 2, … n

(19)

Then the normalisation process, for benefit related criteria (B) and for cost related
criteria (C), can be performed using the equations 20 and 21 respectively.
r̃ij = (

lij mij nij
,
, ),jϵ B
nij nij nij

lij mij nij
r̃ij = ( ,
, ),j ϵC
lij lij lij

(20)
(21)

c) Compute the weighted decision matrix
After calculating the weights of the evaluation criteria (wj ) using Fuzzy AHP, the
weighted decision matrix ( Ṽ ) can be computed by multiplying the wj with the values
̃ is defined as
of the normalised fuzzy-decision matrix (r̃ij ). The V
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d) Determine the positive-ideal solution and negative-ideal solution
The fuzzy positive ideal solution (FPIS) denoted by A+ and the fuzzy negative
ideal solution (FNIS) denoted by A− are defined by the equations given below, where
ṽ1+ = (1,1,1) and ṽ1− = (0,0,0) for the benefit criteria, and ṽ1+ = (0,0,0) and ṽ1− =
(1,1,1) for the cost criteria.
A+ = {ṽ1+ ,

ṽ2+ , … , ṽj+ } = {(maxi vij |i = 1, 2, … , m), j = 1,2, … n}

(23)

A− = {ṽ1− ,

ṽ2− , … , ṽj− } = {(mini vij |i = 1, 2, … , m), j = 1,2, … n}

(24)

e) Calculate the distance of each alternative
−
+
−
The distance (d+
i , di ) of each alternative from A and A can be calculated as follows:
n

d+
i

= ∑ d(ṽij , ṽj+ ), i = 1, 2, … m

(25)

j=1
n

d−
i

= ∑ d(ṽij , ṽj− ), i = 1, 2, … m

(26)

j=1

where d(ṽij , ṽj+ ) and d(ṽij , ṽj− ) denote the distance between two fuzzy numbers as
given by the following equations:
1
d(ṽij , ṽj+ ) = √ [(1 − l1 )2 + (1 − m1 )2 + (1 − n1 )2 ]
3

(27)

1
d(ṽij , ṽj− ) = √ [(0 − l1 )2 + (0 − m1 )2 + (0 − n1 )2 ]
3

(28)

f) Calculate the closeness coefficient
The relative closeness coefficient (CCj ) of each alternative represents the distances to
A+ and A− simultaneously. The CCj can be calculated as follows. The different
alternatives can be ranked in descending order according to the value of CCj . The
alternative with highest CCj will be the best choice.
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CCj =

d−
j
dj+ + d+
j

,

j = 1, … , n

(29)

5. Conclusion
This paper showed that the integrating of multi-criteria decision-making
(MCDM) methodology with fuzzy set theory (fuzzy MCDM) has the ability to: (1)
handle any complex problem when the information is uncertain, and (2) reflect the
human thinking style. Therefore, a hybrid fuzzy MCDM approach has been developed
to achieve multi-objective optimisation of dynamic scheduling in RFAC. The
developed approach was divided into three phases: problem description; application of
fuzzy methods; and analysis of the results.
In the problem description phase, the steps for converting any MCDM problem
to a hierarchical structure were described. This hierarchy is constructed based on three
elements: the overall goal, criteria and sub-criteria (objective functions), and the
decision alternatives (feasible solutions). The procedure for creating the fuzzy decision
matrix is also described in this phase. In the application of the fuzzy MCDM phase, the
FAHP and FTOPSIS is integrated, as a new application, to optimise the dynamic
scheduling in RFAC under different objective-functions. The FAHP is used to
determine relative weights for multi scheduling criteria; and the FTOPSIS is proposed
to evaluate the feasible solutions and make a final decision. In the analysis phase, the
results of FAHP-FTOPSIS are examined to check whether the proposed are reliable,
or not. The proposed approach in this paper will be later applied and validated using a
realistic case study as shown in the following paper.
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