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Abstract

In this paper, a bi-level decision making model is proposed for a vehicle routing problem with multiple decision-makers
(VRPMD) in a fuzzy random environment. In our model, the objective of the leader isto minimize total costs by deciding the
customer sets, while the follower is trying to minimize routing costs by choosing routes for each vehicle. Demand for each item
has considerable uncertainty, so customer demand is considered a fuzzy random factor in this paper. After setting up the bi-
level programming model for VRPMD, a bi-level global-local-neighbor particle swarm optimization with fuzzy random
simulation (bglnPSO-frs) is developed to solve the bi-level fuzzy random model. Finally, the proposed model and method are
applied to construction material transportation in the Yalong River Hydropower Base in China to illustrate its effectiveness.

Keywords: Vehicle routing optimization, Multiple decision-makers, Construction material transportation, Fuzzy random

variable, Particle swarm optimization.

1. Introduction

Construction material transportation plays an irtgur
role in construction projects, especially in lasgpale
construction projects. In recent years, along witbnomic
globalization and the rapid development of the dtics
industry, transportation and distribution has bgeadually
paid serious attention in practice. The vehicle tingu
problem (VRP) which is the key to transportationd an
distribution requires an economic distribution lifier a
vehicle starting from the distribution center, $ging all
customers and returning to the distribution cesterthat
goods are delivered to customers at the lowesstlogicost.

In recent years, VRP has attracted more attentioh a
been studied both in scientific and practical fel®uring
the last fifty years, many different formulationavie been
proposed. Since the VRP was first proposed by Qanzi
and Ramser [1], it has been furthered by many other
scholars. At present, there are three main variahthe
classical vehicle routing problem: VRPs with baakba
[2, 3], VRPs with pickup and delivery [4, 5] and PR
with time window [6, 7, 8]. All the new developmeot
extensions based on the classic VRP are signifioant
dealing with the complicated practical problems.

It can be seen that most studies made before have n
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more than one decision-maker, using multiple object
programming. However, in the real world, it is odé
that there are many participants typically involved
construction material transportation, such as seppl
factories, logistics companies or transport comgsni
customers and so forth. In the actual construatiaterial
transportation projects, participants involved iranc
inevitably have all kinds of conflicts. These cictd may
have a big influence on the total construction male
transportation costs, because all the participbaksng to
different stakeholder and they decide the impleatém
of the project based on their own interests. Ifrtheutual
influences are neglected, it will certainly affette
eventual results. In addition, one of the most irtgrd
formulations for VRP is the formulation introducdxy
Fisher and Jaikumar who proved that VRP constraiats
be divided into two sets [9]. According to the theof
Fisher and Jaikumar, we can use bi-level programron
deal with the VRP. Thus, based on previous studigh,
the consideration of more decision-makers in pcactive
proposed a new model using bi-level programmingttier
VRP with multiple decision-makers (VRPMD).

Much of the past research on VRP has been limded t
a deterministic model. However, there are many
uncertainties in the real world. For example, weath
delays play an important role for projects carr@d in
harsh environmental conditions and therefore catrdsg
as fuzzy variables [10]. Thus, in order to condyaget
closer to actual production, uncertainty in the VR&s
been paid more attention in recent years. Teodérand
Pavkove developed a model for vehicle routing when
demand at the nodes is fuzzy [11]. Zheng and Lgo al
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designed a fuzzy optimization model for the VRP mghe
travel times were assumed to be fuzzy variableq. [12
Many scholars have also studied randomness in .V
Based on previous studies, Gendreau et al diceeatitre
review on stochastic vehicle routing problems and
provided a scientific research summary on stoobasti
vehicle routing problems [13]. However, there isoabther
uncertain information in the VRP, which has seldoaen
considered in the past. Fuzzy random theory has bee
applied in many fields as in [14, 15, 16, 17], thére has
been little research which focused on the fuzzydoam
factors which exist in practical VRP.

In summary, based on previous studies, a multiple
decision-maker vehicle routing problem (VRPMD) in a
fuzzy random environment is proposed. In the predos
formulation, the VRPMD is considered a bi-level fpiem
with two decision-makers. The VRPMD model has two
layers, in which the leader deals with the geneedli
assignment problem, and the follower deals with the
optimal route selection problem. In the model, aibts
involved in the VRPMD have been considered and
classified clearly using bi-level programming. Fuyzz
random theory is used to describe VRPMD customer
demands. The reason for the use of fuzzy randoorythe
the VRPMD is outlined in section 2.1.2. From this
investigation it can be concluded that the VRPMDhwi
fuzzy random variables is closer to reality and caal
with complicated practical problems.

The remainder of this paper is organized as folidws
section 2, the key problems in the bi-level VRPME2 a
described, including the classical VRP, multipléjsats

\\ vehicleK___
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and uncertain environment. Then the VRPMD
mathematical formulation model is presented inisac3.

In section 4, a bi-level global-local-neighbor et
swarm optimization with fuzzy random simulation
(bgInPSO-frs) is advanced to solve the model. atige 5,

an application of the model to a construction mater
transportation problem at the Yalong River Hydropow
Base in China is presented. Concluding remarksirare
Section 6.

2. Key Praoblems Statement
2.1. Classical VRP

The VRP is a well-known NP-hard problem in
combinatorial optimization problems. Generally, time
classical VRP, a set of customers located in varigties
is given with each customer having their own dersand
Vehicles of the same condition at the depot dely®sods
to these customers with the requirement that tkery and
end at the depot. The objective of the classicaP\iRto
minimize total costs by designing an optimal delwe
route for each vehicle. Delivery vehicles usualBed to
meet the following conditions: (1) Serve all cuserm
using the least vehicles; (2) Each customer isesetyy
only one vehicle once; (3) Each vehicle starts ands at
the depot; (4) Total customer demand on each marneaot
exceed the load capacity of the vehicle. A gengiegram
of the classical VRP is in Fig. 1.
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Fig. 1 A general illumination of the classical VRP

These days, the VRP is a common problem in almost

every industry such as supply chain and the tramspo
industry but it is even more important in constioct
projects, because unsuitable transportation razgesead

to significant losses, especially in large scalastaction
projects, such as the Yalong River Hydropower Biase
China.
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2.2. Multiple decision-makers

In Fisher and Jaikumar's study, they prove that the
constraints of VRP can be divided into two setse Tihst
set are the constraints of a generalized assignment
problem, which ensure that all the vehicles begid and
at the depot, each customer is served by somelgghiad
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the load assigned to a vehicle is within capaciipe
second set of constraints corresponds to a trayelin
salesman problem for finding an optimal route facle
vehicle to serve all the customers [9].

Developed from Fisher and Jaikumar's theory, wd fin
there can be more than one decision-maker in th®,VR
and bi-level programming can help deal with the
interactive influence from two decision-makers ineo
model. Bi-level programming problems were introdiice
by Von Stackelberg (1952) [18] and involve two
optimization problems where the constraint regiérihe
2rst level problem is implicitly determined by ahet
optimization problem. In this paper, supplier fae and
transport companies (or logistics companies)
considered as the two independent decision-makerhé
VRPMD. Their bi-level relationship in practice cdme
explained as follows: in practical construction emél
transportation, (1) one supplier factory employse on

are

transport company to supply goods for its custom@s

the supplier factory pursues a total cost mininizgt
including the serving cost (e.g. uploading cosipading
cost) and the traffic expense for the transport pamy,
while (3) the transport company is only concernéith Wis
traffic expense including (e.g. driver's pay, véhic
expenses and gas); (4) the supplier factory dedls the
generalized assignment problem, while the transport
company deals with the optimal route selection ek

(5) he can only influence, but not control the $@ort
company’s route selection, and at the same time the
transport company can have to make their routectete

for each vehicle based on customer clusters dediglete
supplier company. This interaction game is repriesenas

a bi-level programming problem [19]. In this papal,the
costs involved in the VRPMD have been consideredi an
classified clearing using bi-level programming. g Hii-
level relationship can be seen clearly in Fig. 2.

The upper level

...................................................................................................
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Y
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Y
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\

(

Y
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a new routeXX.ss

[The objective is to minimize the routing c})st

{

(L3

® :customer
-~: optimal route

o

{

Choose the optimum route for servicing
the customers in each cluster

[ Follower ] = [Trans port compan}y

The lower level
Fig. 2 The structure of bi-level relationship in the VRBM

2.3. Uncertain environment

There are many uncertainties in the real world. In
construction engineering projects, the uncertantige
especially rich and diverse, as can be seen inJ@021,
22, 23]. Thus, in order to move closer to actuabpiction,
uncertainties must be considered in the VRPMD for
construction material transportation.

Though a great of research has considered unuyrtai
in the VRP, there are some uncertainties that lsaldom
been considered. For example, customer demandidlyis
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determined using surveys or interviews, or desdriiEng
ambiguous linguistic statements, such as “it isual3oton”
or “it is no less than 1 ton”. Stochastic factorse also
involved in the VRPMD: (1) if one point usually hawre
than one person in charge, the choice of resposdent
stochastic; (2) because of special circumstanceb as
the season, the weather, and the attitude of relgms
(optimistic or pessimistic); the customers usualiiye
different demand quantities. That is to say, thstamuer
demand statements include both fuzzy and stochastic
factors. Because of this, VRPMD needs to be stuitiea
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fuzzy random environment.

In recent years, more fuzzy random theory studé® h
been conducted [24, 25, 26, 27]. In the VRPMD, the
demand for each item is the most common factor hihat
considerable uncertainty. In this paper, demand is
considered a fuzzy random variable. Fuzzy randaorth
is a useful tool for dealing with the type of VRPMD
uncertainties under a fuzzy random environmentthia
paper, when considering the uncertainties in théMB,
Kwakernaak's [28, 29] theory and the further
developments by Kruse and Meyer [30] were chosen to
describe and deal with the uncertainty.

3. Modelling
3.1. Notations and assumptions

In order to facilitate the description of the prerol, the
following notions are introduced.

Sets

V : set of vertexy ={0,1,...,n} and vertex O refers to

the depot.
C: set of customersC =V /{0} .

S: subset of/, and SZ ®.
£: set of index pairs, such, j)JE means customér

must precede customejr in the route.
H: set of vehiclesH ={L, 2,..K}.
Indices and parameters
N: number of customers.

i/ : customer indexi/j =1,...,n.
K : number of vehicles.
K: vehicle index,k=1,2,...K .

di : the demand of customer, and it is assumed to be
fuzzy random.

G : cost of the seed customgrfrom the depot.
Clq‘ : cost of vehiclek for serving customerj .

Gi : the routing cost between customér and

customerj .
Q: the vehicle capacity.
Decision variables

Z; : a binary variable indicating that whether custome
i is a seed customer. If customgris a seed customer,

then z, =1, else, z;, =0.

X4 : a binary variable indicating that whether custome
is served by vehicleK. If x, =1, then customer] is
served by vehiclé; otherwise,x, =0.

Yj: a binary variable indicating that whether edge
(i,j) is in the route. Ify; =1, then edgegj, j) is in the
route; otherwisey; =0.

In the VRPMD, a route is defined as a sequence of

334

locations that a vehicle must visit along with gevice it
provides [31]. Customer orders cannot be split. €aity,
until the routes reach capacity or time limits,tonsers are
assigned a single route. Then a new customeréstsel as
a seed customer for another new route and the gsoce
continues. A seed customer is defined as a custaher
is not yet assigned a route and is used to iri8ali new
route. To model the bi-level formulation for thehicde
routing problem in a fuzzy random environment, the
following assumptions are made:

(1) The capacity of each vehicle is the same;

(2) The demand of each customer is consideredzy fuz
random variable;

(3) The vehicle must start and finish at the degud
there is only one depot;

(4) Each customer is served by a single vehicle and
seed customer is the start of a new route;

(5) Time is enough for each vehicle serving all its
customers;

(6) Different vehicles are assigned different labor
levels.

3.2. Model formulation

Objective functions

In general, construction material transportation
involves a great deal of human, material, and fieln
resources. Thus, decision makers try to minimizeal to
construction material transportation costs in lasgale
construction projects. The mathematical problemtds
construct a low cost, feasible set of routes fatheaehicle,
so, the objective of the leader to find the lowersdt with a
feasible set of routes in the VRPMD bi-level foratidn
in a fuzzy random environment is met. The mathesahti

objective to minimize total construction material
transportation costs is as follows:

k n k n n n
MiN,.22.6% *22.6% + 2,26 (1)

=1 i= =1 j= i=1j=

G is cost of the seed customerfrom the depot.Z;
is a binary variable indicating that whether customn is a
seed customer served by vehidke If customerij is a

seed customer served by vehidie then Z; =1; else,

Z; =0. In construction material transportation, thetfirs

k n
part ZZ% represents the sum of the seed customers
k=1 i=1

cost from the depot, including the loading costbdlr
charges) and the transport costs (oil consumptind a

driver cost).Gy is cost of vehicleK for serving customer

j. Xk, is a binary variable indicating that whether

customer is served by vehiclK. If X =1, then

customerj is served by vehicle ; otherwise,ij =0.
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k n
;;%Xn is the sum of the service cost of vehidie

serving customer], most of which is unloading costs
(labor charges). Finallyﬁ:Ij is the routing cost between

custome} and customerj and yij is a binary variable
indicating that whether edg€i, j) is in the route. If

Y; =1, then edge (i, j) is in the route; otherwise,

y; =0. ;;q, Yi is the sum of the routing cost between

customeri and customer], which are mainly transport
costs (oil consumption and driver cost).

Notice: Firstly, according to assumption (6), diéfiet
truck is assigned with different labor level, fataenple,
truck 1 may have two workers for the unloading jobs
while truck 2 may have six. Thus, the cost of défd

truck serving the same customer is different, ngn@gl is

different when customer] is fixed and vehicleK is
unfixed. SecondlyG associated with binary variablg,

is the seed customers’ cost from the depot, inomdhe
uploading cost (labor charges) and the transpatsc(il

consumption and driver cost), Whiqu associated with
binary variableX refers to service cost of vehicke for

serving customerj , most of which is the unloading cost
(labor charges). Thus, there is a need to set twarp

variable z; and X; which have different meaning.

Finally, there is not only serving cost in the spartation
network, but also transport costs. Thus, the rgutinst

between edgei, |) in the routeG; is necessary.

Leader constraints:

Chance constrained programming is a useful tool for
the handling of fuzzy random variables. In pradtica
decision-making processes, decision makers usually
choose a satisfactory solution with an allowed aiert
deviation rather than the optimum solution. For the
VRPMD, because dynamic changes continually happen,
decision makers have to make decisions based enarc
possibility level. According to assumption (2), tthemand
of each customer is a fuzzy random variable. Heea &
chance-constrained operator is used to deal with th
constraint. The theory concerning, (77, 20.5) can be

found in [32, 33]. Further in reference to [17] ajsd],
this customer demand constraint can be written set @f
chance-constraints as follows:

Pr{mpr{iéi@)(kjSQ}EH,}EO,-, OkOH . (2)

i=1

ﬁj is the demand of customdr, and it is assumed to

be fuzzy randomb.(kj is a binary variable indicating

whether customer] is served by vehicleK . Q is the
vehicle capacity.{ is set of vehicles. This constraint

ensures that all customers served by vehl¢leannot be
beyond vehicle capacity.

A seed customer is the start of a new route. Each
vehicle can have only one seed customer (one stad)
the number of seed customers must be equal toutimber
of vehicles. Thus, among all customers, there s and
only one seed customer for each vehicle, and the au

Z; should be equal to the number of vehicles,
mathematically:
>'z,=1, OkOH. 3)

;sz =K, 4)

i=1

Z; is a binary variable indicating that whether
customerj is a seed customer served by vehille If
customerj is a seed customer served by vehikle then

Z; =1; else,z; =0. K is the number of vehicles.

There are two circumstances which may occur when

serving construction material transportation cugiamin

the first, each customer demands more than thecle&hi
capacity, so every customer is served by no lems to
vehicles, while the other is that each customer ates
less than the vehicle’s capacity. In this papee, ghcond
circumstance is considered. The company decidesnen
vehicle to serve more than one customer to redueeath
costs, and each customer is served by only onecleehi
Mathematically:

gxﬁ =1, Gjoc. (5)

C is the set of customers.
Since Z; and X% are binary variables, thus:

z, ={0,1, %, ={0,1, OkOH 0i/jOC 6)

H and C are the set of vehicles and customers,
respectively. Z; and X; are binary variables, and also

decision variables of the upper decision maké&s.helps
decide the seed customers’ cost from the depotelyatime
initial costs G the uploading costs and the transport costs

from leaving the depot to the seed custonmsy. helps

decide the serving cost, nameﬁ% the unloading costs for
serving each customer.

International Journal of Civil Engineering, Vol. 12, No. 2, Transaction A: Civil Engineering, June 2014 335


https://ijce.iust.ac.ir/article-1-701-en.html

[ Downloaded from ijce.iust.ac.ir on 2025-07-11]

Contractor constraints:

The second set of constraints is the TSP constréont
the customers of each vehicle. The main interesthef
decision maker on the second level is to find oatim
routes from these assignments. The dispatcher er th
transport company can be treated as the lower-level
decision makers. They are seriously concerned thi¢h
transportation cost, including driver's pay, vehicl
expenses, gas and so forth. After the customegrassint
is decided by the upper level, their objectiveoisrinimize
the transportation cost. Mathematical formulation this
objective is as follows:

n n

min,2 2.6 Y 7

i1 j=1

C; is the routing cost between customér and

customer | and Y; is a binary variable indicating that

whether edge(j, j) is in the route. IfY; =1, then edge

(i, ]) is in the route; otherwisgj =0. 2.2.%Y is the

izl j=1
sum of the routing cost between custorhand customer

J ., which are mainly transport costs (oil consumpidom
driver cost).

The route selection job starts after customers baes
assigned:

y, <%, OkOH, O0i/jOC 8)

% is a binary variable indicating whether custonjer
is served by vehiclk.H and C are the set of vehicles

and customers, respectively.

In construction material transportation, each austo
is served by only one vehicle on the route. Itésaessary
that each node is entered once and is left once. Th
mathematical formulation is as follows:

2, =1 moc, ©)
Dy, =1, Oidc. (10)

j=1
Sub tour elimination constraints are needed:

>3y, <|9-1 0SOV, Szo a

iV jov

V is set of vertexV ={0,1,...,n} and vertex O refers
to the depot.S is subset o/ , and S# .

The same withZ; and X, Y is binary variable:
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3.3. General global model

We propose the vehicle routing problem with mudipl
decision-makers (VRPMD). The model of the VRPMD
has two layers, in which the upper level decisicaker,
namely the leader, with the generalized assignment
problem, and the follower deals with the optimalteo
selection problem. Thus, based on the above, a
mathematical formulation for the construction miater
transportation in fuzzy random environment VRPMD as
follows:

k n k n n n
Min,.2 262+ 2.2,6% + 22,6,

k=1 j=1 i=1j=1

0 Zm :{0!1}! ij :{011}1
st. . L&
min,> 2V

i=1 j=1

OkOH,  0i/jOG

y, <%, OkOH, 0i/j0c,
Sy, =1 mjoc,
i=1
st. iyfl, oioc,
=1
Sy, <s-1, 0sOv, s#o,

iv jov

y, =001, Djov.

In our model, we have considered all the costslirag
in the VRPMD in a better way and classified themain
clear way by the bi-level programming. As for teader’s

k n
objective, the first parEZ% represents the sum of the

k=1 i=1
seed customers’ cost from the depot, includingldiaeing

costs (labor charges) and the transport costs (oil
k

consumption and driver cost), the second ;EECMXM is
k=1 j=1

the sum of the service cost of vehierserving customer

J, most of which is unloading costs (labor chargasy

the final partzijyu is the sum of the routing cost
i=1 j=1

between customei and customer], which are mainly

transport costs (oil consumption and driver coggided
by the follower. The leader can choose the seetbigss
and assign clusters of customers to decide findtgyal the

second part of the total cost by his decision s, Z;

and X, but he cannot control the third part. Since

decisions must be feasible and all the constramist be
met, the leader has to consider the constrainis ft® own
and from follower’s perspective. On the other hatit;
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main interest of the follower is to find optimalutes from
these assignments to minimize the transport cdsty Bre
seriously concerned with the transportation castiuding
driver's pay, vehicle expenses, gas and so foriter Ahe
customer assignment is decided by the leader, wWiky
choose an optimal route for each vehicle to minantize

transportation cost by decidiny; .

4. Bi-level Glnpso with Fuzzy Random Simulation
(Bglnpso-Frs)

Many heuristic algorithms are used in construction
engineering and several more new heuristic algosth
have been proposed, see [35, 36, 37]. A new eoolaty
heuristic algorithm, called the particle swarm pptiation
(PSO), was proposed recently and has proved to be a
powerful competitor in the field of NP-hard problem
optimization [38, 39]. The PSO method has been lwide
used to solve NP-hard problems, as well as bi-level
problems [40, 41]. However, after observation, taesic
PSO was found to have a very definite weaknes$an t
the particles in the swarm tend to cluster rapimyard
the global best particle which means that the swam
frequently trapped in a local optimum and can nogéy
move.

As we known, the VRP is a NP-hard problem and the
VRPMD which is using bi-level programming is more
difficult and complicated. What's more, the undetia
makes the problem even more difficult. Thereforging
traditional algorithm to solve the problem is rgall
difficult. Solving NP-hard discrete optimizationgimems
to optimality is often an immense job requiring yer
efficient algorithms. To deal with this premature
convergence of the classic PSO, a modified appreath
reinitialize some or all of the particles excepe thlobal
best particle. In this section, we use the strataippted in
the gInPSO method to develop a bi-level gInPSO with
fuzzy random simulation algorithm (bglnPSO-frs)réach

solutions for problems defined by Modél/lo. A case

study is then provided to prove the practicality thé
proposed VRPMD model and allow for a brief companis
to prove the efficiency of the proposed algorithm.

4.1. Fuzzy random simulation

For the
Pr{wlPr{Z:éJ @ X SQ}zﬁj}zn, in order to check the

following constraints,

feasibility, for given X; and Q, we first generat¥l
random  vectors &’ :(a)f,a);,---wj" )T L i=12;-M

independently from Q according to the probability

measurepy. For any given sampley' (JQ, the technique
of fuzzy random simulation can be applied to chduk

random constrainp_ d; (@)X, <Q . First, generated, (')
=1

from éj (a)j) according to the probability measuf,

respectively. IfY.d;(@)%; <Q then we can believe that
=N

the stochastic constraint is feasible. After a giveimber
of cycles, if no feasible, (o)) are generated, then we say

that the fuzzy random constraint is infeasible. Mtbe
the number of occasions on whi iéixkj SQ} 26,. By
j=1

the definition of probability measure,

Pr{mpr{i& @X, SQ}ZHi}Zm can be estimated by /v

provided thaty, is large enough. If1’/m =7, then we say

X4 andQ are feasible. We summarize it as follows:

Sep 1: Generate a)j:(a)j,wg,-~-a)jj)T from Q
according to the probability measure.

Sep 2: Randomly generated,(«’') from éj(wi)
according to the probability measurer,r=1,2,--P
respectively.

Step 3: If Z;Jj(a))xkj <Q, return feasible and go to
=

Step 5.
Step 4: Repeat the second to third stepsiforcycles.
Sep 5: Repeat the first to fourth steps figr cycles.
Sep6: Let M’ be the feasible number. W/M 27,

return X andQ are feasible

4.2. Solution representation and decoding method

In this paper, two vectors are used to represent a
solution: the first vector is called the vehicle teec and
the second vector the ranking vector. Followingais
example to describe the coding method.
Example Suppose a company has 3 vehicles numbered
1, 2, 3 that serve 10 customers numbered 1, 2,,-10.
Then one solution as follows:
customers 1 2 3 4 5 6
vehiclevector 2 3 1 3 1 1
rankingvector 2 3 2 2 3 1
This implies the following routes for the 3 vehigle

7 8
3 1
1 4

= N o
[EnN
(JOI\JO

vehiclel 6-3.5.38
vehicle 2 9.1-1C
vehicle 3 7-4.2
4.3. Update

The basic elements of the PSO technique are particl
population, velocity, inertia weight, individual sig global,
learning cofficients, and stopping criteria best [42]. In this
paper, the bglnPSO-frs algorithm is used to sdieehi-level

model, namelyM ;. The gInPSO which was first proposed
by Ai and Kachitvichyanukul (2009) [43], the compoi for
social learning behavior includes not only the gldiiest but

also the local best and near neighbor best. Thal loest
particle is the best one among several adjacetitlpar In
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bglnPSO-frs, the update the inertia weight, vejoand
position can be seen in Eq. (12) as below:

w(r) =w(T)+ = [w() -w(T)]

Vg (7+2) = W(7) vy (1) + €, IR (7) = R (D] + €1 P3(D) = Ro(D)] (13)
+GRl P (7) ~ Ra(D]+ 6L PES(D) = po(D]

Pu(T+1) = pq (1) +V, (T +1)

The near neighbor best is a social learning behavio
concept proposed by Veeramachaneni et al. (2008) [4
and it is determined by a fithess-distance-ratiDR} as
follows:

FDR=[Fitness(R) - Fitness(P)] /| py — Pu| (14)

4.4. Overall procedure of the bginPSO-frs

In summary, due to the uncertainties and the héllev
structure, we propose a bi-level global-local-nbigh
particle swarm optimization based on fuzzy random
simulation procedure (bginPSO-frs) to solve this REP
model with fuzzy random variables. The details lois t
algorithm are specified as follows:

Sep 1. Initialize the swarm| .

Sep 2. Constraints check based on the fuzzy random
simulation. If in the feasible region, go to Step 3
otherwise, go back to Step 1.

Step 3. For particlé=1,2,... | , generate the response
from the follower.
Sep 3.1 For particle 1 =1,2,...,] , calculate the

Initialize [

.........................................................

Setn=0,m=0,M =0

Constraints
check
Fuzzy random
Simulation
operator

Calculate min Z icn-‘\;
e
v
K L 5 n
Calculate mmzZu‘_z;,72251,“.%&,722;;%1-”
k=l i=l k=l fs =l jal

optimal route assignmenVij for the follower, namely
miny;;cuyn

Sep 3.2 For particlel =1,2,... 1, return the optimal

route of each particle to the leader.
Sep 4. Update the particles positions and velocities.

Sep 4.1 Fori=1,2,..., , decode each particle to an
instalment group. Calculate the fithess value andthsee

position of thel —th particle as its personal best. Choose
the best one as the global best position. The fitnes
function is as follows:

MiN.22.6% +22.6% +2.2.6

Sep 4.2 Update pbest, gbest, Ibest. Generate nbest
according to Eq. (14).

Sep 4.3 Update the velocity and the position of each
i —th particle according to Eq. (13).

Sep 4.4 Check whether the particles beyond the mark.

Sep 5. Based on instalment group, group the ranking
vector and number that in one group, the smallestis
numbered 1, the second smallest is numbered 2@nd.s
Replace the ranking vector by using these new ntenbe

Sep 6. If the stopping criterion is met, stop; otherwise,
7 =1 +1 and return to Step 3.

The bgInPSO-frs has proved to be effective in angid
the particles being trapped into a local optimunhals also
proved to be very effective for solving the VRPMDthis
paper. In Fig. 3, it shows the complete procedoretlie
bglnPSO-frs algorithm.

Fitness(P) < Fitness(P™"

Yes 4‘91\ No

Fig. 3 Overall procedure of the bgIinPSO-frs algorithm

5. Case Study

5.1. Project presentation
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To prove the efficiency and practicality of the
advanced model and methods, the Yalong River Basin
which is considered as one of the most favorable
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development bases in China’s twelve hydropower hase consist of about 8.1472 million cubic meters oftleaock

taken as an application example. The Yalong Rigeini cut and cover, 3.3683 million cubic meters of rdukes

the west of Sichuan Province, China. dug, about 1.4 million cubic meters of earth andnest
The first project on the Yalong River Basin is than filling, a concrete capacity of about 5.98 milli@ubic

Hydropower Station which is on the lower reacheshef meters, and about 19,000 tons of metal structures

Yalong River, about 40km from Panzhihua City. The installation. There are 4 borrow areas which aeerttain

Ertan Hydropower Station is a super project nexy am source of the rockfill. The location and detailed

size to the Three Gorges Hydropower Station in &hin information is in Fig. 4.
The main works and diversion works of Ertan project

Borrow Area 1

Borrow Area 2
(Santan Borrow Area)

Borrow Area 3 Borrow Area 4
(Haocaowan Borrow Area) (Qinziping Borrow Area)

Fig. 4 The location and detailed information of Ertan kymbwer Station

(Dagangou Borrow Area)

Many kinds of materials are needed and must be the Ertan Hydropower Station and other construgtiajects

transported to certain places in the cascade hydep in the cascade hydropower station projects of tladong
station projects of the Yalong River Basin. To Hart River Basin. The customer node data are shown én th
complicate the problem, the Yalong River is initilend area following, most of which were obtained using suseyhe

of western China, where both the climate and th#ficdrare distance from the depot and each customer’s lodoiimgare
poor. Hence material transportation is one of thestm shown in Table 1. The fuzzy random demand for each
important elements in these projects. In this apfitin customer is shown in Table 2. The distance betaegrtwo
project, there are 18 customer nodes, most of wietdng to customers is shown in Table 3.

Table 1 The distance from the depot and the uploadign tifreach node

Uploading Distance Uploading Distance
Node Time(h) (km) Node time (h) (km)

1 1 65.8752 10 0.8 36.9709
2 1 43.2000 11 0.5 67.9896
3 1.5 25.7406 12 1.5 56.6464
4 0.5 65.9438 13 0.5 59.6096
5 0.7 42.7286 14 0.7 49.5464
6 1.2 45.3194 15 0.75 61.9395
7 1 32.4168 16 1.25 40.1323
8 0.75 38.1215 17 1.75 54.6631
9 1.25 42.0777 18 0.75 52.7555
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Table 2 The fuzzy random demand of each customer

Node Demand Parameter Node Demand Parameter

1 (184,23  p~N(1823 10 (125,04.17  pp~N(12517%

2 (170,20  p,~N(17,29 1 (119,15 oy ~N(1119

3 (230,27  py~N(23,27 12 (200,,2§  p,~N(20,26

4 (L0,p,.,19 N(10,19 13 (0.80;,13  p,~N(08,12

5 (L0.,0,,29  p;~N(10,29 14 (L0,0,.19 Pu~N(10,15

6 (150,29  p,~N(1529 15 (13,05.17 s~ N(13,17

7 (L9.2,.23  p,~N(19,2] 16 (120620  ps~N(12,29

8 (150,20  p~N(1529 17 (280,39  p,~N(28,39

9 (230,28 p,~N(23.29 18 (16,05.17 Pis~N(16,17

Table 3 The distance between any two customers
Note 1 2 3 4 5 6 7 8 9
1 0 35.427 40.44 31.972 34.797 32.404 46.639 28.383 28.094
2 35.427 0 27.209 56.257 41.602 41.643 44.639 25.827 33.245
3 40.44 27.209 0 42.957 20.995 22.769 18.278 12.381 17.204
4 31.972 56.257 42.957 0 23.217 20.679 35.145 33.418 26.196
5 34.797 41.602 20.995 23.217 0 2.953 13.242 15.778 8.9196
6 32.404 41.643 22.769 20.679 2.953 0 16.191 15.942 8.4119
7 46.639 44.639 18.278 35.145 13.242 16.191 0 21.541 18.604
8 28.383 25.827 12.381 33.418 15.778 15.942 21.541 0 7.7279
9 28.094 33.245 17.204 26.196 8.9196 8.4119 18.604 7.7279 0
10 36.744 38.122 154 29.002 5.8873 8.3487 9.9005 12.947 8.7144
11 21.8 50.743 43.108 11.18 26.852 23.908 40.015 31.667 26.005
12 21.645 42.432 31.845 13.846 16.305 13.379 29.531 20.787 14.682
13 7.2028 33.029 33.961 27.688 27.676 25.36 39.437 21.69 20.906
14 16.369 25.307 24.075 31.264 22.69 21.227 32.337 12.202 14.174
15 37.205 57.378 40.643 7.4108 19.795 17.89 30.099 32.82 25.139
16 49.159 52.286 26.788 31.387 14.416 16.776 8.8527 27.64 22.572
17 40.071 54.821 35.007 14.912 14.16 13.285 22.418 29.22 21.597
18 50.585 61.173 37.802 25.121 19.725 20.441 21.101 35.424 28.56
Note 10 11 12 13 14 15 16 17 18

1 36.744 21.8 21.645 7.2028 16.369 37.205 49.159 40.071 50.585
2 38.122 50.743 42.432 33.029 25.307 57.378 52.286 54.821 61.173
3 15.4 43.108 31.845 33.961 24.075 40.643 26.788 35.007 37.802
4 29.002 11.18 13.846 27.688 31.264 7.4108 31.387 14.912 25.121
5 5.8873 26.852 16.305 27.676 22.69 19.795 14.416 14.16 19.725
6 8.3487 23.908 13.379 25.36 21.227 17.89 16.776 13.285 20.441
7 9.9005 40.015 29.531 39.437 32.337 30.099 8.8527 22.418 21.101
8 12.947 31.667 20.787 21.69 12.202 32.82 27.64 29.22 35.424
9 8.7144 26.005 14.682 20.906 14.174 25.139 22.572 21.597 28.56
10 0 31.782 20.718 29.543 22.653 25.66 14.705 19.616 23.303
11 31.782 0 11.345 19.016 25.543 17.998 38.46 23.903 34.814
12 20.718 11.345 0 15.649 17.445 16.56 29.443 18.425 29.033
13 29.543 19.016 15.649 0 10.259 31.966 42.07 33.878 44.097
14 22.653 25.543 17.445 10.259 0 33.408 36.732 32.779 41.562
15 25.66 17.998 16.56 31.966 33.408 0 25.134 8.2006 17.769
16 14.705 38.46 29.443 42.07 36.732 25.134 0 16.943 12.644
17 19.616 23.903 18.425 33.878 32.779 8.2006 16.943 0 10.99
18 23.303 34.814 29.033 44.097 41.562 17.769 12.644 10.99 0
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The decision makers decide that four trucks, whose

deadweight is 10 tons and driving speed is 40 ki,

be used in this project. Generally, in China, théok
charge is from 200 to 300 RMB/8h for one persoi, oi
consumption for each truck is about 300 to 500 RMB/
and driver costs are about 200 RMB/h. Differentchksu
have different labor levels, for example, truck aynhave
two workers for the loading or unloading, while dku2
may have six. Thus, the cost of a different truekving

the same customer is different.

5.2. Result analysis

Now, consider ModeM |, with the above data and use

the bgInPSO-frs algorithm to deal with it. The paeters

in the environment for the problem are set as ¥aito
Population size: popsize = 20; Maximum generation:
maxGen = 200; Inertia weighty(1) = 0.9, &(7) =0.1 and

a(7T) is linearly decreasing from 0.9 to 0.4; Acceleati
constant: C,=C, =G =C,=2. In this paper,
MATLAB 7.0 on a Pentium 4, 1.83GHz clock pulse with
1024 MB memory was used, and the performance of the
method was test with the data in section 5.1.

After running the program 10 times, Table 4, thstbe
satisfactory solution was found. Fig. 5 (1/2) shothe
detailed distribution of the objective value ob&drby the
bglnPSO-frs in different generations. It shows thattotal
cost of the upper level gets gradually smaller frome
generation to another, which is consistent with the
evolutionary idea of the bgIinPSO-frs. The objectiadue
is 20773.9 RMB and the relevant solution is as fedio

vehicle 2 17- 18- 15- 14. 1
vehicle3 3_.6-12- 10- ¢
vehicle 4 8.2-14. 1. 1t

The objective of the leader is to minimize totabtso
However, the leader is only able to control two tpar
Using the model and the method proposed in thiepap
can solve this problem. Since the proposed bi-levetiel
is interactive, the leader can influence the fobow
decision behavior through their own decision making
process. The leader chooses customer nodes 7, 87as3
the seed customers for each vehicle respectivelychy
makes the sum of the cost of initializing the newtes,
including the loading costs and the transport ¢dstde
9532.3 RMB. The customer sets are also decided dy th
leader to be as follows: node 7, 9, 16 served tycle 1,
node 11, 14, 15, 17, 18 served by vehicle 2, nqde 8,
10, 12 served by vehicle 3 and node 1, 2, 8, 1%elded
by vehicle 4. This customer cluster assignmentgsrithe
service cost to be vehicle 1 1890 RMB, vehicle 2®04
RMB, vehicle 3 2508 RMB, and vehicle 4 2370 RMB.
Thus, the total service cost, most of which isuh&ading
cost, is 8808 RMB.

The follower’s goal is to minimize total routing sto
Therefore, the leader's decision has a large infiee
When the leader decides the seed customer andneeisto
sets for each vehicle, the follower is only ablenake
their decision within the seed customer and custmsats.
From the leaders’ decisions in the above sectibe, t
follower chooses the optimal route to minimize tota
routing costs. The routing cost is 353.53 RMB, 582.6
RMB, 705.99 RMB, and 840.43 RMB for each vehicle,
respectively. Thus, the best total routing cos482.63
RMB.

vehicle 1 7-16- 9
X 104
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Fitness value function

Fig. 5 The iterative process of application by the bgl@F& and the classic PSO
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Table 4 Computer generated results of the bglnPSO-frs

Leader's decisions Follower's decisions Best results
No. | Vehicle Seed
Customer set Route selection Leader Follower
customer
1 16 (41112 16 18) 16 - 18- 12— 11- 4
2 14 (78914) 14-.8-9-7
1 21007.6 2564.9
3 10 (56101517) 10-17- 15- 6- 5
4 3 (12313) 3-13-1- 2
1 7 (7916) 7-16-9
2 17 (4111517 18) 17 - 18- 15 14- 11
2 20773.9 2432.6
3 3 (3561012) 3-6-12- 10- 5
4 8 (12813 14) 8-.2-14- 1 13
1 7 (7916) 7-16- 9
2 17 (4111517 18) 17 - 18- 15— 14- 11
3 20773.9 2432.6
3 3 (3561012) 3.6-12-10- 5
4 8 (12813 14) 8-2-14-1- 13
1 16 (41112 16 18) 16 - 18- 12— 11- 4
2 14 (78914) 14.8-9- 7
4 21007.6 2564.9
3 10 (56101517) 10- 17~ 15~ 6- 5
4 3 (12313) 3-13-1- 2
1 3 (123) 3.2.1
2 9 (78910 14) 9-.8-10- 7~ 14
5 21182.8 2729.5
3 16 (11121316 17) 16 - 17- 12 11, 13
4 18 (45615 18) 18- 15- 4. 5. 6
1 7 (7916) 7-16- 9
2 17 (411151718) 17 - 18- 15— 14- 11
6 20773.9 2432.6
3 3 (3561012) 3.6-12-10- 5
4 8 (12813 14) 8-2-14-1- 13
1 16 (4111216 18) 16 - 18- 12— 11 4
2 14 (78914) 14-.8-9- 7
7 21007.6 2564.9
3 10 (56101517) 10-17- 15- 6- 5
4 3 (12313) 3-13-1- 2
1 7 (7916) 7-16-9
2 17 (4111517 18) 17 - 18- 15 14- 11
8 20773.9 2432.6
3 3 (3561012) 3-6-12- 10~ 5
4 8 (12813 14) 8-2-14- 1. 13
1 2 (238914) 2 .14.8.3.9
2 6 (161113) 6-11-1- 13
9 21550.5 3010.8
3 5 (45101216 18) 5-4.16- 18- 12- 10
4 7 (71517) 7-17-15
1 7 (7916) 7.16- 9
2 17 (411151718) 17 - 18- 15— 14- 11
10 20773.9 2432.6
3 3 (3561012) 3.6-12-10- 5
4 8 (12813 14) 8-2-14- 15 13
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5.3. Comparison analysis

To show better the effectiveness of the proposed
algorithm, here a brief comparison is made betwenen
bglnPSO-frs and the classic PSO. The parametetheof
basic version of the classic PSO algorithm: Pojnrdat
size: popsize = 50; Maximum generation: maxGen &; 20
Inertia weight: (1) = 0.9, (1) =0.1, and «(7) is linearly
decreasing from 0.9 to 0.4; Acceleration constant:

C, =C, =2. For this algorithm MATLAB 7.0 on a

Pentium 4, 1.83GHz clock pulse with 1024 MB memisry
also used, and the performance of the method tedes
using the actual data in section 5.1.

To explore the reasons why the bgInPSO-frs is
superior, the dynamic of the swarm is studied lopreing
the dispersion and velocity indices in every itemtstep.
Fig. 5 (1/2) shows the detailed distribution of tigective
value obtained by the bglnPSO-frs in different gatiens.
Fig. 5 (2/2) shows both the convergence of the lmest
history of the bglnPSO-frs and the classic PSOnFFag.

5 (2/2), both profiles show the general tendencythef
particle movements in the swarm: all particles move
towards the global best position, so all partickes laid
close to each other and the results become beitebetter

at the end of each iteration.

It is also observed that the dynamic of the swaanes
different between the swarm in the basic versionthef
classic PSO and those in the bgInPSO-frs. In thgcba
version, the dispersion indices plotted in Fig.28J) (the
red profile) shows that the swarm is shrinking sjoaver
the iterations which means that the coverage ok#@ch
area by the swarm is decreasing slowly over thatiten.

Hence, the swarm could sufficiently explore various
regions of the problem space, but at the end oiténation
process the dispersion index is still not stabléherswarm
size is not yet small enough. Further, it is nosgible to
confirm if the best satisfactory objective values Hzeen
achieved as the iterative process is unstable. iftpsies
that there is sufficient time (or iteration step&r
exploration but not enough time for exploitation.

The blue profile shows the convergence of the brest
history of the bgInPSO-frs. From Fig. 5 (2/2) (thkie
profile) it can seen that the results are poorhe first
period because the results may be infeasible and ha
punishing function. As the program continues rugnitte
swarm is shrinking more rapidly and the resultsones
stable after about the 100th generation. In thst fialf of
the iteration, while the swarm size is big enougtfe
swarm focuses on exploring various regions in the
problem space. Then, during the second half of the
iteration, as the swarm is clustered in a very barel, the
swarm is more concentrated and is able to locage th
optimum more precisely which implies that there is
enough time for both exploration and exploitatiblence,
it can be concluded that there is a good balantedea
exploration and exploitation which may be a conttiitg
factor for the bgInPSO-frs to yield better solutitman
those obtained using the classic PSO version.

The bgInPSO-frs program and the classic PSO were
both run 10 times and a comparison is made. Table 5
shows the differences between the bglnPSO-frs aed t
classic PSO. From Table 5 the predominance of our
algorithm can be clearly seen compared with thesita
PSO.

Table 5 The comparison between the bginPSO-frs and thssicd?SO

Item The bgInPSO-frs Classic PSO
Best result 20773.9 21333.2
Worst result 21550.5 22229.5
Average total cost 20962.56 21827.85
Difference between the best and the worst 776.6 896.3
Difference between the average and the best 188.66 494.65

5.4. Model analysis

From the data features, the customer demand is
described as a fuzzy random variable. Since thimitieh
of a fuzzy random variable is the refining and exgan of
the fuzzy variables, the results between the fuangom
model and the fuzzy model are compared. Fuzzy aega
derived which ignore the randomness phenomenon and
only consider the fuzzy environment. This fuzzyada
put into the bgInPSO-frs, and the program run hes,
the results of which are shown in Table 6. From the
results, it can be seen that considering fuzzy aoand

factors may bring more economic benefits, and thst c
saving can reach 1392.4 RMB or 6.6 %. Considering
randomness and fuzziness at the same time maytielp
decision makers learn more about the problems. More
detail about the problems could result in more essful
decisions. As the fuzzy data are somewhat divofoeu

the facts, fuzzy random variables have been shawbet
effective and efficient. From the results heresiclearly
seen that data translated into fuzzy random numisers
closer to reality, and has a much better performanc
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Table 6 The comparison between VRPMD in fuzzy random emaignt and fuzzy enviroment

Worst result

Average total cost

Type Best result
Fuzzy random environment 20773.9
Certain environment 22161.7

21550.5
22508.2

20962.56
22354.975

6. Conclusion

In this paper, a vehicle routing problem with nulki
decision-makers under a random environment and its
application to the construction material transpastein
the Yalong River Hydropower Base in the southwest
region of China has been discussed. For this pmobée
new mathematical model was proposed, the bi-level
decision making model, in which every kind of cast
fully considered. To solve this problem, the bglGPfgs
algorithm was presented. Then, the proposed maakl a
method were applied to the Yalong River Hydropower
Base. The results indicated that the proposed macl
method is viable and efficient in handling such ptewr
problems. At the end, a brief comparison is madeéen
the bglnPSO-frs and the classic PSO to furthestilaie
the merits of the algorithm.
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