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Abstract: In this paper, capacitated vehicle routing problem with fuzzy demand (CVRPFD) is considered. It is

modeled based on fuzzy credibility theory. Genetic algorithm (GA) with its modifications is employed to solve the

CVRPFD. In order to determine optimal combination of tuning parameter of GA, a response surface methodology

(RSM) is employed. Two benchmark data sets with demand generated randomly are used to analyze performance of GA

in terms of solving CVRPFD. Moreover, the sensitivity analysis is conducted to investigate the effect of the dispatcher

index changing towards objective value.
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1 INTRODUCTION

C apacitated Vehicle Routing Problem (CVRP)
was first introduced by Dantzig and Wright in

1959 [1]. It was originally proposed for modeling net-
work problems with deterministic variable. However,
in real applications, some problems have uncertain
variables, for instances customer’s demand, location,
travel cost, etc [2]. If the uncertain variable has enough
data to be analyzed and can be modeled using a statis-
tic distribution, Stochastic VRP proposed by Tilman
can be used [3]. However, if the uncertain variable is
not precise enough and there are no enough data to
be analyzed, fuzzy variable can be utilized[4−10] .

In order to solve CVRP, some methods have been
developed. Toth and Vigo grouped these methods into
three groups, namely exact method, heuristics method
and meta-heuristic method [11]. Exact method guar-
antees to give optimal solution but it not effective
for large case of CVRP whereas heuristic and meta-
heuristic cannot guarantee to obtain optimal solution
but easier to be implemented in real-life [12]. Meta-
heuristic are general solutions procedures that explore
the solution space to identify good solutions and of-
ten embed some of standard route construction and
improvement heuristic methods [13]. According to the
aforementioned statement, numerous studies have de-
veloped meta-heuristic methods, for instances genetic
algorithm (GA), ant colony algorithm, and particle
swarm optimization to obtain a close-to-optimal solu-
tion for VRP. Some superior meta-heuristic methods
have recently been developed and GA has been shown
to be capable to solve CVRP [14]. GA is a powerful
algorithm for solving optimization problem including

CVRP [8]. Others research also utilized GA to solve
CVRP [15,16,17].

Therefore, in this paper, we use GA for solving
CVRP with fuzzy demand (CVRPFD) to analyze per-
formance of GA in terms of solving CVPRFD. In addi-
tion, a sensitivity analysis is conducted in order to in-
vestigate effect of a parameter changing toward travel
distance, namely dispatcher preference index. This
paper is organized as follows. Section 2 reviews fuzzy
credibility measure theory. Section 3 describes fuzzy
credibility approach to deal with uncertain demand
and develop a mathematical model of CVRPFD. Sec-
tion 4 reviews the GA and its modification in order to
solve CVRPFD. Section 5 discusses the computational
experiment of GA on two data sets. Finally, section
6 concludes the results of this research and suggests
future direction of the future research.

2 FUZZY CREDIBILITY MEASURE
THEORY

Fuzzy set was proposed by Zadeh as a set that does
not has a crisp boundary [18]. Elements of fuzzy set
have membership degree. In order to measure a fuzzy
event, Zadeh proposed possibility measure theory of
fuzzy variable [19]. In advance, Liu developed credibil-
ity theory [20]. In terms of solving CVRPFD, credibil-
ity theory is employed to compare two fuzzy variable
or fuzzy variable with crisp variable. The credibility
of fuzzy event is defined as the average of its possibil-
ity and necessity [20]. The fuzzy event must hold if its
credibility is 1, and fail if its credibility is 0.
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Definition 1. Let (Θ,P(Θ), Pos) be a possibility
space, and A be a set in P(Θ). Then the necessity
measure of A is defined by [20] Nec{A} = 1−Pos{AC}.

Definition 2. Let (Θ,P(Θ), Pos) be a possibility
space, and A be a set in P(Θ). Then the credibility
measure of A is defined by [20] Cr{A} = 1

2 (Pos{A} +
Nec{A}).

Consider with triangular fuzzy variable d̃ =
(d1, d2, d3) as customer demand, d̃ is describe by its
lower bound d1 and upper bound d3, whereas d2 cor-
respond to a grade membership of 1, which can be also
be determined by subjectively estimate. Based on Def-
inition 1 and 2, possibility, necessity and credibility of
triangular fuzzy variable can be derived as mentioned
in eqs.(1), (2) and (3).

Pos{d ≥ r} =


1 if r < d2

d3−r
d3−d2

if d2 ≤ r ≤ d3

0 if r ≥ d3

(1)

Nec{d ≥ r} =


1 if r < d1

d2−r
d2−d1

if d1 ≤ r ≤ d2

0 if r ≥ d2

(2)

Cr{d ≥ r} =


1 if r < d1

2d2−d1−r
2(d2−d1)

if d1 ≤ r ≤ d2

d3−r
2(d3−d2)

if d2 ≤ r ≤ d3

0 if r ≥ d3

(3)

where is a crisp variable

3 FUZZY CHANGE-CONSTRAINT
PROGRAM OF CVRPFD

This research uses change-constraint program (CPP)
model with credibility measurement for approaching

the fuzzy variable. The symbols and variables used in
this paper are defined as follows.

• A complete graph G = (V,E), whereas V =
{0, 1, . . . , n is the vertex set and E is the edge
set.

• Vertices i = 1, . . . , n correspond to the customers,
whereas vertex 0 corresponds to depot and n is
number of customers.

• Each customer i = 1, . . . , n has nonnegative de-
mand di that must be delivered to depot. In terms
of CVRPFD, the demand of each customer is a
triangular fuzzy number d̃ = (d1, d2, d3).

• Given a vertex set S ⊆ V , let d(S) =
∑

i∈S di

denote the total demand of the set.
• A set of vehicle H = {1, 2, . . . , h}, whereas every

vehicle has capacity C, is available at the depot
and must return to depot after finish their jobs.

• A nonnegative cost is associated with each edge
(i, j) ∈ E and represents distance from vertex to
vertex for all i 6= j.

Decision variable are

xijk =

{
1 if vehicle k passed route from i to j

0 otherwise

yik =

{
1 if customer i visited by vehicle k

0 otherwise

Assumed total demand served by vehicle k is L̃k =∑n
i=1 d̃1yik. Since d̃1 is a fuzzy number, L̃k is a fuzzy

number L̃k = (li1, li2, li3). Credibility L̃k ≤ C is in
describe by eq.(4).

Cr{L̃k ≤ C} = 1− Cr{L̃k ≥ C} =


0 if C < l1

1− 2l2−l1−C
2(l2−l1)

if l1 ≤ C < l2

1− l3−C
2(l3−l2)

if l2 ≤ C < l3

1 if l3 ≤ C

(4)

In order to decided whether vehicle’s capacity is ex-
ceeded or not, a dispatcher preference index Cr∗, is
employed. It expresses the dispatcher attitude toward
risk. Note that Cr∗ ∈ [0, 1]. Lower value of Cr∗ in-
dicates the dispatcher’s preference to use vehicle’s ca-
pacity as much as possible. As a consequence, risk that
the vehicle fails to serve customer demand is higher.
Alternatively, if dispatcher chooses a greater Cr∗, the

failure risk is lower, however the vehicle’s loading be-
come smaller.

The CVRPFD is modeled in eqs.(5)-(12). Minimize

h∑
k=1

n∑
i=0

n∑
j=0

CijXijk
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Subject to,

n∑
i=0

Xi0k −
n∑

j=0

X0jk = 0, ∀k = 1, . . . , h (5)

n∑
i=0

h∑
k=1

Xijk = 1, ∀j = 1, 2, . . . , n (6)

n∑
j=0

h∑
k=1

Xijk = 1, ∀i = 1, 2, . . . , n (7)

n∑
j=1

X0jk ≤ 1, ∀k = 1, 2, . . . , h (8)

n∑
i=0

Xijk = yjk, ∀j = 0, 1, . . . , n; k = 1, . . . , h (9)

n∑
j=0

Xijk = yik, ∀i = 0, 1, . . . , n; k = 1, . . . , h (10)

Cr{
n∑

i=1

d̃iyik ≤ C} ≥ Cr∗, ∀k = 1, 2, . . . , h (11)

The objective function (5) intends to minimize total
travel distance. Constraint (6) guarantees that num-
ber of vehicles that arrives and departs at depot is
same. Constraints (7) and (8) ensure that each cus-
tomer is visited exactly once. Constraint (9) define at
most h vehicles are used. Constraints (10) and (11)
express the relation between two decision variables.
Finally, constraint (12) guarantees that all customers
are visited within vehicle capacity with a confidence
level Cr∗.

4 GENETIC ALGORITHM

This section provides the detail of our implementa-
tions of GA approach in solving CVRPFD. GA is a
population-based search algorithm. The characteris-
tic of populations are expressed by chromosome. In
order to solve CVRPFD, each chromosome represents
a possible route. It is constructed by using a discrete
number correspond to customer’s index.

Three main operators in GA, namely, selection,
crossover and mutation can be implemented in differ-
ent ways [21]. Main step of GA are generating popula-
tion’s initial chromosome randomly, selection pairs of
parents for generating new chromosome, named child
chromosomes through crossover and mutation.

The selection mechanism employed in this paper is
a roulette wheel based mechanism. Crossover mech-
anism is done by swap a number of bits in a chro-
mosome selected, named parents, with others parents.
The swap mechanism uses two-point crossover [22]. At
the beginning of GA, crossover has significant effect
since an initial chromosome is determined randomly.

However, toward the end of generation, the effect is
decrease since the population moved convergence.

Moreover, the other operator of GA is a mutation.
Its aim is to generate new chromosome into an existing
individual to add diversity of chromosome. In this
paper, mutation mechanism is done by move some bits
to the end of chromosome. Bits moved are determined
randomly.

Both crossover and mutation probability are re-
ferred to a crossover rate and mutation rate. Crossover
mechanism is done if crossover probability determined
randomly is less than crossover rate, whereas mutation
mechanism is done if mutation probability determined
randomly is greater than mutation rate. Generally,
the values of Crossover and mutation rate are deter-
mined subjectively by trial-and-error. In this paper,
these values are determined by using a Response Sur-
face Methodology (RSM). In order to ensure that the
new chromosome generated by crossover and mutation
mechanism is always a feasible solution, these oper-
ators are conducted on chromosome in which depot
index is not considered. An addition step is inserted
in this GA algorithm following the crossover and mu-
tation. It is a sub-route forming step according to
capacity constraint. A depot index is inserted if re-
plenishment next customer into a current sub-route
will causes the capacity constraint is violated.

5 NUMERICAL EXAMPLE

Numerical examples are conducted on two problems of
CVRPFD. Two instances CVRP benchmark data sets
are used as a basic data set, namely P-n20-k2 and P-
n50-k8. Fuzzy demands of each data set are randomly
generated which crisp demands used in benchmark
data sets are set as fuzzy variable’s element which
has membership function 1(d2). The algorithm is im-
plemented in C++ Language using Code Blocks 8.02
on a PC with Intel Core 2 Quad @8300 @ 2.5 GHz
Processor-4 GB RAM.

This research employed the Response Surface
Methodology (RSM) to determine optimal tuning pa-
rameter of GA. RSM is a collection of mathematical
and statistical techniques useful for the modeling anal-
ysis of problem in which a response of interest in in-
fluence by several variables and the objective is to op-
timize this response [23]. This method is conducted
on CVRP benchmark data sets with deterministic de-
mand. The results will be used to solve the CVRPFD.
In terms of finding the optimal GA parameter setting
to solve CVRP, the factors and level are defined as fol-
lows. The faced center cube central composite design
(FCCD) from RSM with quadratic model was adapted
to plan experiments in which crossover and mutation
probability are two experimental factors. The region
of exploration for crossover probability is [0, 1] and for
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mutation probability is [0, 1]. The response surface
model for travel distance of CVRP on crossover prob-
ability and mutation probability is established based
on experimental observations. In total, 13 experimen-
tal points involving factors 4 factorial points, 4 faced
axial points, and 5 center points are generated using
Design Expert 6.0.2. Table 1 shows the allocation of
the factors levels.

Table 1: Design experiments

exp. crossover mutation Average route dist.

point prob. prob. P-n20-k2 P-n50-k8

1 0 0 322.20 1492.77

2 1 0 265.97 1330.73

3 0 1 260.63 1291.30

4 1 1 261.59 1293.86

5 0 0.5 263.97 1302.50

6 1 0.5 262.17 1281.97

7 0.5 0 280.70 1374.43

8 0.5 1 262.20 1290.93

9 0.5 0.5 264.33 1296.07

10 0.5 0.5 265.60 1290.10

11 0.5 0.5 263.60 1291.93

12 0.5 0.5 262.67 1289.40

13 0.5 0.5 265.03 1290.67

The lack-of-fit test is utilized to determine the ap-
propriateness of model. The fitted model is appropri-
ate at the significance level α = 0.05. The appropri-
ate model suggested by Design Expert is a quadratic
model. The model can be expressed as shown in
eq.(13).

y = β0+β1x1+β2x2+β12x1x2+β11x
2
1+β22x

2
2+ε (12)

where y represent the travel distance of CVRP, x1

and x2 are the linier effects of crossover and muta-
tion probability, respectively. The interactions effect
of crossover and mutation probability is indicated by
x1x2. The quadratic effects of crossover and mutation
probability are denoted as x2

1 and x2
2, respectively. The

regression parameters of constant number, factor and
interaction between factor and are β0, βi, and βij ,
respectively. The random error is ε .

According to the statistical result obtained by De-
sign Expert 6.0.2, the coefficient determinant, R2, for
this model is 0.8997 for data set P-n20-k2 and 0.9544
for data set P-n50-k8. Table 2 and 3 shows the anal-
ysis of variance (ANOVA) of data set P-n20-k2 and
P-n50-k8, respectively.

According to ANOVA results, linier effect of
crossover probability, linier and quadratic effects of
mutation probability and interactions of crossover
and mutation probability are significant. However,

quadratic effect of crossover probability is not sig-
nificant. Finally, the optimal combination suggested
by statistical results are crossover probability is 0.76
and mutation probability is 0.85 for data set P-n20-
k2, whereas for data set P-n50-k8 is 0.39 of crossover
probability and 0.89 of mutation probability

Moreover, the others tuning parameters of GA are
number of populations and number of generations.
They are set as 20 and 300 for data set P-n20-k2, re-
spectively. Whereas, for the bigger data set, P-n50-k8,
are set as and 20 and 3000, respectively.

For each data set, varied dispatcher preference in-
dex (Cr∗) within interval [0,1] with step 0.1 are con-
ducted. In order to analyze the performance of GA, 30
independent runs are performed under different tuning
parameters settings. The averages of computational
result are shown in Table 4.

Figure 1: Distances change tendencies with Cr∗ varied.
a) Data set P-n20-k2, b) Data set P-n50-k8.

Table 4 shows the minimum results for both data
sets are obtained when Cr∗ is 0.2. Since t CVRPD
considers with risk when the demand is greater than
default demand in CVRP, the results of CVRPFD are
greater than CVRP. Convenient with credibility the-
ory that has been discuss in detail in section 2 and 3,
the result is increase if Cr∗ is increase. It is because
increasing Cr∗ represents decreasing failure risk. As
consequences, the utilization of vehicle’s capacity is
decrease. Figure 1 shows for both data sets, the travel
distance is increase parallel with increasing Cr∗. How-
ever, when Cr∗ are 0.2 and 0.8, the travel distance is
suddenly decrease and then increase at the next Cr∗.
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Table 2: ANOVA Table for data set P-n20-k2

Source Sum of square DF Mean square F-value Prob > F

Model 3002.09 5 600.418 12.55382 0.0022*

A (crossover Probability) 543.0298 1 543.0298 11.35392 0.0119*

B (mutation Probability) 1188.553 1 1188.553 24.85083 0.0016*

A2 15.34305 1 15.34305 0.3208 0.5888

B2 318.5963 1 318.5963 6.661361 0.0364*

AB 817.5656 1 817.5656 17.09405 0.0044*

Residual 334.7925 7 47.8275

Lack of Fit 329.4201 3 109.8067 81.75548 0.0005*

Pure Error 5.372444 4 1.343111

Cor Total 3336.882 12
∗ give significant effect

Table 3: ANOVA Table for data set P-n50-k8

Source Sum of DF Mean F-value Prob > F
square square

Model 39071.63 5 7814.326 29.30946 0.0001*

A (crossover Probability) 5400.276 1 5400.276 20.255 0.0028*

B (mutation Probability) 17263.28 1 17263.28 64.74997 < 0.0001*

A2 260.7008 1 260.7008 0.977819 0.3557

B2 6950.557 1 6950.557 26.0697 0.0014*

AB 6772.912 1 6772.912 25.40339 0.0015*

Residual 1866.301 7 266.6144

Lack of Fit 1838.283 3 612.7611 87.48175 0.0004*

Pure Error 28.01778 4 7.004444

Cor Total 40937.93 12
∗ give significant effect

In order to determine Cr∗, decision maker should con-
sider with risk and probability of loss vehicle’s capac-
ity utilization. If Cr∗ is 0.2, the risk of vehicle fail
serve the customers demand is 80% and probability
loss vehicle’s capacity utilization is 20%. Whereas if
Cr∗ is 0.8, the failure risk is 20% and probability loss
vehicle’s capacity utilization is 80%. Therefore, deter-
mining the best Cr∗ should consider with the cost of
failed and cost of lost vehicle’s capacity utilization. If
cost of failed is more expensive than cost of lost ve-
hicle’s capacity utilization, greater Cr∗ is suggested,
namely 0.8. Whereas, if cost of lost vehicle’s capacity
utilization is more expensive than cost of failed, the
lower Cr∗ is suggested, namely 0.2.

6 CONCLUSION

A CVRPFD is presented in this paper along with a
solution method based on GA algorithm. The credi-
bility measurement theory is employed to approach the
uncertain demand of CVRP. Since the exact demand
in unknown, a dispatcher preference index is utilized

as a parameter of acceptable credibility. The compu-
tational results show this parameter give significant
effect towards the results of CVRPFD. Therefore, it
must be determined correctly. Two main factors must
be considered for determining it are cost of failed and
cost of loss vehicle’s capacity utilization.

In this research, two value of dispatcher index are
suggested. However, an advance research should be
done to investigate whether these value are appropri-
ate in order cases. Comparing with optimal solution
of CVRP, the results of CVRPF obtained by GA have
a gap. For the future research, a hybrid method can
be developed so that better results of CVRPFD can
be obtained.
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