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ABSTRACT: Vehicle Routing Problem (VRP) is a hot
issue in the field of logistics. Furthermore, the Vehicle
Routing Problem with Time-Windows (VRPTW) is an
additional constraint of the customer access time windows
based on the VRP. It becomes a noticeable problem with
the development of logistics distribution and the just-in-
time distribution demand from customers, which increases
a visiting window to traditional VRP. This paper firstly
analyzes the distribution vehicle scheduling optimization
problem with time-windows. Subsequently, through
transforming the capacity and soft time-windows constraint
into objective constraint, the authors establish a non-full
loaded VSP model. Moreover, genetic algorithm is used
to solve this problem, where natural number is adopted
to realize problem coding and the maximum reservation
crossover and improved inverse mutation technology are
used to generate new individuals. Finally through the
simulation experiment, the results verify its feasibility and
effectiveness.
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1. Introduction

Modern logistics is regarded as the third important factor
of making profit besides reducing material loss and
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improving labor productivity in enterprises. Logistic
distribution and delivery are much important procedures
in the modern logistics, connected with a distribution
center and a customer, which is a material circulation
mode integrating collection, dispatch, distribution, loading
and shipping. Since the distribution network scale expands
dramatically along with the rapid development of logistics
industry and increasing customer service point, the
traditional distribution mode has been unable to meet the
service demand. How to realize the rapid and accurate
delivery is an essential prerequisite to improve the
competitiveness of enterprises, to reduce administration
cost, and to promote the quality of service demand.

Logistics distribution routing optimization problem was
firstly proposed by Dantzig and Ramser 1in 1959. And it
soon attracted the attention of various discipline experts,
transport planning makers and managers from logistics
research, applied mathematics, combinatorial
mathematics, graph theory and network analysis, logistics
science, computer applications, which became the popular
issues of logistics research and combination optimization
field. Various discipline experts had made great progress
in this research via a series of theoretical and experiment
analysis. Worldwide scholars mainly focused on the
aspects of mathematics models and intelligent algorithms
for solving this problem. For instance, Cao and Lai &
considered the open vehicle routing problem with fuzzy
demands (OVRPFD) and a fuzzy chance-constrained
program was designed based on fuzzy credibility theory.
They also used stochastic simulation and an improved
differential evolution algorithm to solve the OVRPFD
model. Pop et al. B provided two new models of the
generalized vehicle routing problem (GVRP) based on
integer programming. The first model was the node
formulation produced a stronger lower bound. The second
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one was the flow formulation. The authors showed that
under specific circumstances the proposed models of the
GVRP reduced to the well known routing problems. In
addition, others focused on artificial intelligent algorithms
for vehicle routing problems. For instance, Pisinger and
Ropke! presented a unified heuristic which was able to
solve five different variants of the vehicle routing problem
and the outcome of tests was promising as the algorithm
was able to improve 183 best known solutions out of 486
benchmark tests. Marinakis et al.!®! introduced a new
hybrid algorithmic nature inspired approach based on
particle swarm optimization, for successfully solving one
of the most popular supply chain management problems,
the vehicle routing problem.

Moreover, Chinese scholars mainly focused on the aspects
of Traveling Salesman Problem (TSP), Chinese Postman
Problem (CPP), Directed Chinese Postman Problem
(DCPP). For instance, Rao et al.¥! constructed recent
field algorithm and insert algorithm in a heuristic algorithm
for solving TSP problem, and the experiment results are
shown that this hybrid algorithm is superior to the most
other intelligent algorithms. Fei et al.l”! proposed a new
algorithm called CPDPA (Chinese postman decision
process algorithm) towards the undirected Chinese
postman problem, which firstly resolved the CPP problem
of dynamic decision process. Han et al.l® established a
new DNA encoding scheme for the Chinese postman
problem, which represented weights on a weighted graph.
This encoding scheme had characteristics of easy
encoding, easy generalizing and low error rate, which was
helpful to improve the capability of representing and dealing
with data and extended the range of solving numerical
optimization problems in DNA computing.

This paper firstly analyzes the distribution vehicle
scheduling optimization problem with time windows.
Subsequently, through transforming the capacity and soft
time windows constraint into object constraint, we
establish a non-full loaded VSP (Vehicle Routing Problem)
model. Furthermore, genetic algorithm is used to solve
this problem, where natural number is adopted to realize
problem coding and the maximum reservation crossover
and improved inverse mutation technology are used to
generate new individuals. Finally through the simulation
experiment, the results verify its feasibility and
effectiveness.

The paper is organized as follows: related mathematic
model associated with non-full loads vehicle routing
problem with time windows is set up in section 2; the
genetic algorithm is proposed to solving this problem in
order to find out the optimal solution in section 3; a case
study is applied to verify the efficiency and effectiveness
of the model and algorithm presented in this paper in
section 4; section 5 is the conclusions of this paper.

2. Mathematic model of non-full loads vehicle routing
problem with time windows

As every task demand point like grocery and chain store

endeavors to sell fast selling merchandises, not too much
inventory and not out of stock, current distribution is now
generally operated via the economic activities of the small
scale, close distance, more variety, small amount,
multiple batches and multi user. At this point, the quantity
of cargo in each task is less than its capacity. Using one
car loaded with cargo of different task demand points to
perform a single task is a matter of delivery vehicle
scheduling, also called non-full loads vehicle scheduling
problem.

Vehicle scheduling optimization problem with time-
windows constraint could be summarized as depot service
problem of single parking, single vehicle types, non full-
loads, multiple constraints (including the time-windows
constraints) multi-objectives, close vehicle. The problem
is a NP-hard!® problem in combination optimization field.
This paper deploys a genetic algorithm to find out the
optimal or approximate optimal solution towards this
problem.

2.1 Problem description

Usually vehicle scheduling optimization problem can be
described as a task of several same load vehicles
completing several cargo demand points in one distribution
center. The demand quantity (supply quantity) of every
demand point (supply point) is given and less than the
load of each vehicle. The distance of distribution center
and each demand point is given or can be calculated. The
task of one demand point can only be operated by one
single vehicle at one time. Every vehicle starts from the
distribution center and returns to it after finishing the task.
How to identify the vehicle route of minimum cost so as
to meet the requirements of cargo demand and vehicle
load is the key issue needing to be considered. This can
be applied to solve the problems in daily life and production.
For example, products from a number of manufacturers
need to be transported to the distribution center. Vehicles
start from the distribution centre, load the goods of every
manufacturer and then return to it. In this case, the
minimum cost route that meets the delivery requirements
of manufacturers is also called vehicles scheduling
optimization.

2.2 Mathematical model

VSP with time-windows requires each task i/ being
completed within time interval [a,, b ], based on the general
vehicle routing optimization problem. Whether the time
constraint is strict or not, the problem could be divided
into VSP with soft time windows and with hard time
windows accordingly. This paper mainly concentrates on
that with soft time windows. Because VSP with time
windows is a typical NP-hard problem, it would lead to
combination proliferating phenomenon 1'% as the nodes
increases.

Mathematical model of VSP is established as follows:
the distribution center has enough vehicles with load q.
There exists ntask demand points for cargo transportation,
denoting with 1,..., n. Given cargo demand at the idemand
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point is g(i=0,1,...,n), and satisfies g2<q. Usually, the
more problem constraints are, the more difficult the routing
scheduling problems are, and consequently the less the
tasks are in which one vehicle could satisfy all the
constraints. Under such circumstances, if the less task
capacity one vehicle has, then the more vehicles the
demand point should use. In order to make the routing
flexible, it can estimate the vehicle number m, which could

complete the tasks:
i=1

Where [.] denotes the largest integer not greater than the
figures in parentheses. The parametera (0 <a<1)is an
estimation of the complexity loading or unloading and of
constraint quantity. Generally speaking, the value of a
should be small when there are more complex loading
(unloading) and more constraints, which indicates that
one vehicle could load less cargo quantity. This algorithm
adjusts the value of a via the man-machine interaction.

For the mathematical model of this problem, the number
of distribution center is 0, and those of demand points are
1,..., n, then the distribution center and demand points
could be denoted as i (i=0, 1, ..., n). Given the total vehicle
number m required to accomplish the distribution task;

each vehicle load ¢; demand g(=0,1,..,n) at each
demand point; any two point distance between distribution
center and the demand points dU.(i: L,...,n; j=1,...,n); k
routing path of £ vehicle routing, which goes through the
n, demand points; p, denotes the set of n, demand points
at k routing path, where elementpk,(i: 0,1,...,n)denotes
the i demand point at & routing path; p,., p, 0 both
denote the distribution center and only pko,pk(nk+ n 0.1t

proposes the vehicle scheduling optimization
mathematical model as follows:

. m n+l1
man:Zk:lZlgl dp/:(z )P @)
n,
P gp,”Sq(lSnkSn,k:1,2,...,m) (€))
m
xm=n 4)
k=1

P.={p,|p,c{l,2 comyi= 1,2, on} (k=1,2, ...,m) (5)

B0 Po=¢( k#hy k= 1.2, om k,=1.2, om) (6)

In addition, the VSP problem with time windows requires
task i start time locating at a certain time range of [a,b],
where a, is the task 7 allowed the earliest start time, b, is
task i allowed the latest start time. If the time of vehicle
arriving at the task i is earlier than a, then the vehicle has
to wait at the task i. If the time of vehicle arriving at the
task i is later than b, then the task i/ has to delay. Given
s, denotes the time of vehicle arriving at point ;, the following
formulation is established:

sOZO,alSslel(izl,Z,...,n) @)

3. Genetic algorithm for solving the non-full load
vehicle routing problem with time windows

Genetic algorithm is a kind of search algorithm referring
biological natural selection and natural genetic
mechanisms. It is firstly proposed by professor Holland
of the United States in one book of “The fitness of
combination of nature and artificial intelligence system”. It
uses the method developed by the biological evolution
characteristics. Firstly, population produces the next
generation through random mating. Then, it uses
Crossover and Mutation to operate the gene evolution,
and determines the next population numbers through the
Selection mechanism, in order to obtain a larger probability
of fitness passed to the next generation, for the sake of
the optimization solution of the problem. At present, this
method has been widely and successfully deployed in
the engineering application of clustering!'"l, project
scheduling!'? system matching!®, assembly line
balancing!4. This paper adopts the method to obtain VSP
solution through the chromosome structure design and
genetic operators design.

3.1 Design of chromosome structure

This paper applies the natural number coding method
towards the VSP for the efficiency improvement. The
single-depot vehicle scheduling problem can be compiled
into a feasible route length of chromosome » + m, (0, iy
LY P SOOI A1 SN AP A 2 where ik/ denotes a
demand point, via natural number. The chromosome
structure can be understood that the first vehicle traverses
from the distribution center 0, through the demand points
PP PN A back to the distribution center 0, producing
the sub path 1. The second vehicle traverses from the
distribution center 0, through the non visited demand points
Iyps Byyseeesly, s back to the distribution center 0, producing
the sub path 2. Accordingly, all of the » demand points
are traversed, producing sub path m. For example,
chromosome 021304605870 represents the following
routing:

Sub path 1: distribution center - demand point —»
demand point - demand point — distribution center 0

Sub path 2: distribution center — demand point — demand
point — distribution center 0

Sub path 3: distribution center — demand point — demand
point - demand point — distribution center 0

When the interior of sub path in chromosome structure is
sequential, if demand point 1 and demand point 3 of Sub
path 1 exchange location, it will make the objective function
value changed. When interior of sub path is not sequential,
if demand point 1 and demand point 2 exchange location,
it will not make the objective function value changed. If
the sub path is reversal, i.e. 0460 reversed to 0640, it will
not make the objective function value changed.
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3.2 Disposal of constraints in model

There is the need for constraint processing through the
genetic algorithm towards VSP of constraint complicated
optimization problem. Generally there are the following
methods:

(1) The problem constraint appears in chromosomes.
Designing special genetic operators, it will make the
solution of chromosomes feasible in the process of genetic
algorithm.

(2) The constraint is not considered during the coding
process. Chromosome corresponding solution is detected
in the calculation process of the genetic algorithms. If
feasible, then pass it into the next generation, otherwise
discard it.

(3) Process the constraint by the penalty function method
to. If a chromosome corresponding solution violates a
constraint, depend on its degree to give certain penalty
tomake it a little fitness. Under the circumstance, some
infeasible solutions may also enter the group, to ensure
chromosome number, so that the genetic algorithm can
continue. After several generations, the infeasible solution
proportion in groups is smaller and smaller, whereas
feasible solution held dominant position gradually, and
tends to the optimization solution!'sl.

3.2.1 The constraint of load process

As mentioned above, the first one is a method of processing
constraint directly, but with the limited application. And
the design of specialized chromosome and genetic
operator are more difficult, and hence the method
application depends on the problem features very much.
The second one is a method which can only be applied to
the optimization problem of simple constraints, feasible
solution, without very high value. This paper adopts the
penalty function method to deal with the constraints.

It would adopt the following transformation to change
constraint of load to one part of objective function towards
the general VSP.

. +1
mlnz:z;"zl z:}l/,]‘:l dplc (zfl)plcl +MZ’]’(1:lckX maxpath (8)

Where MY} ¢, xmaxpath, denotes the penalty value

if the solution violates the constraint of load. ¢, is the
overload of k vehicle. max path is the largest distance
between any two points. M is the penalty coefficient with
the overload, i.e. objective function plus the maximum
distance ratio.

3.2.2 The constraint of time windows process

This paper processes soft time windows constraint, in
which d denotes the loss of opportunity cost of unit time
of the vehicle waiting in the task point, and e denotes the
given penalty value of unit time of the vehicle arriving after
the required time. In other words, if the vehicle arrives at
demand point j before a, it results in cost d(aj— sj). If the

vehicle arrives at demand point;; after bj , itresults in penalty

e (sj — b). It processes time windows constraint via the
penalty function method, resulting in the soft time windows
VSP objective function:

m ntl m
minz=% ¥ dp_ . p,+MY c xmaxpath
k=1i=1 "~ ) k=1 )

+ _ S _
dj gl max (a-5,,0) + e/;max (s-5,0)

3.3 Fitness function

In the vehicle scheduling optimization problem with time
windows, itis better for the objective function value tending
to be smaller.(i.e. Itis better for the total routing distance
value tending to be smaller, on the basis of meeting the
constraints of load and time.) But in the genetic algorithm,
the greater fitness represents the better individual
performance, and therefore there is a need to change the
objective function into the fithess function. This algorithm
adopts the following method to change the objective
function to the fithess function.

 maxpathxn? (10)

ko Z,
Where z, denotes the corresponding objective function
value of k chromosome in the population, which represents
the transportation cost of K chromosome. Maxpath denotes
the maximum distance. f, denotes the fitness of &
chromosome, the value of which determines the probability
of the chromosome producing offspring.

3.4 Design of Genetic Operators

The algorithm adopts the optimal reserved roulette wheel
method for chromosome duplication, and adopts optimal
reserved sequent crossover operator to achieve the
chromosome, whereas mutation operator adopts the
improved inversion mutation operator. In accordance with
an inversion mutation probability p , the sub string between
the two positions is reversed. For example: it would
produce the following two problems, if the algorithm adopts
that directly in chromosome structure.

(1) When both of the haphazard two points are 0, an
inversion mutation is invalid, as it makes sub path reversed
only.

(2) When either of the haphazard two points is 0, the
other’s neighbor is 0, an inversion mutation would produce
invalid chromosome, where two zero are neighbors in the
chromosome, which is demonstrated in Figure 1.
Accordingly, there must be an identification process before
the mutation process, in order to avert the two situations
above. The improved inversion mutation operator procedure
is demonstrated in Figure 2 below.

3.5 The control parameters and termination
conditions

The control parameters selection (including population size
popsize, crossover rate p , mutation rate p ) has a large
influence on genetic algorithm. To achieve the optimal
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Figure 1. An original inversion mutation producing invalid chromosome
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Figure 2. The improved inversion mutation operator procedure graph

performance of genetic algorithm implementation, it must
determine the optimal parameter selection. General control
parameter selection is determined according to the
problem attribute.

In addition, due to the genetic algorithm with random, there
are some heuristic termination conditions. The algorithm
could be regarded as convergence, as long as it satisfies
any given parameters 4, X, Y.

(1) Calculate average fitness value of each generation group,
when the ratio of average value and the best chromosome
fitness is greater than /, it is regarded as convergence.

(2) Record every generation of the best chromosome, if
best chromosome continuous until X generation, then the
algorithm is termination.

(3) Due to the limited computational time and machine

capacity, iterative generation cannot be infinite. As a result,
when the generation number is Y, stop the calculation.

The algorithm flow diagram is demonstrated in Figure 3.
4. Case study

This section deploys one example to verify the proposed
model and algorithm, analyzes and discusses key factors
which have the influence on the algorithm.

4.1 Simulation experiment

The general VSPTW problem is usually composed of the
input and output data. The input data includes the following
four categories: (1) the input parking location coordinate;
(2) input demand point number; (3) input demand point
coordinate, cargo demand, task execution time, task start
execution time range; (4) the system control parameters.
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In addition, the output data includes the following six
categories: (1) parking position coordinate and the demand
of the vehicle number; (2) demand point coordinate, cargo
demand, the task execution time, task start execution
time range; ( 3) the system control parameters; (4) the
chromosome maximum fitness, the minimum fitness,
average fitness in each generation of genetic process; (5)
the best individual fithess, chromosome constitution of
each generation in the algorithm solution; (6) the final
chromosome constitution and fitness value.

‘ Start

-

4.2 Analysis and discussion

The main control parameters in genetic algorithm includes:
length of chromosome /, population size n, crossover rate
p,, mutation rate p . In order to select the appropriate
population size n, crossover rate P mutation rate P,y
select different value to assess the influence on fitness in
the experiment, the results are as shown in figure 4-6.

As can be seen from Figure 4, population size has less
influence on fitness.

Input distribution centers and demand points

+

‘ Input system control parameters ‘

+

Output related parameters

+

Initialize transportation distance array dd

+

Initialize transportation distance array dd

+

‘ Genetic iterations GEN = 0

+

‘ Initialize chromosome

-

‘ Calculate fitness of chromosome ‘

Satisfy Y
condition ‘L
l Output result ‘

‘ Output intermediate result

4

‘ GEN=GEN+1

}

<+

‘ Genetic operations

Figure 3. The genetic algorithm solution to VSPTW

In this case, set the demand point number is 8, the
demand information of which is shown in Table 1. In
addition, based on the input parking and demand point
coordinates in the formulation (11) calculation, it could
produce the any two point distance, the information of
which is shown in Table 2.

4= &Kt a-nt D

Table 1 can obtain the demand, the load time and set
time-window of any corresponding demand quantity of the
8 tasks. In addition, the definition of Vehicle Rate = 0.95;
Vehicle Load = 8 (Ton); speed = 50 (km/h); max generation
= 500; early arrival = 3; late = 6.

Through genetic algorithm, we can find out the optimal
solution. The vehicle optimal pathis: 08570132064
0, the fithess value is 247.678.

As the maximum and minimum fithess curve fluctuate
dramatically according to the crossover rate, but average
fitness curve is stable in Figure 5, it indicates that cross-
over rate has less influence on fithess, which tends to be
a constant.

As the maximum fitness tends to be a constant no matter
how the mutation rate changes in Figure 6, it indicates
that mutation rate has less influence on maximum fitness.
In contrast, the minimum and average fitness fluctuate
dramatically, it indicates that mutation rate has more
influence on minimum and average fitness.

According to the experiment results, it can draw a
conclusion that the influence of crossover rate p, on fitness
is not stable, which may be due to less number of vehicles,
resulting in fewer gene segments in the chromosome,
thereby inhibiting the crossover effect. Consequently,
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Task / 1 2 3 4 5 6 7 8
demand volume g 2 1.5 4.5 3 1.5 4 25 3
Load time T 1 2 1 3 2 25 3 0.8
[ET, LT] [1,4] [4,6] [1,2] 4.7 [3,5.5] [2,5] [5.8] [1.5,4]

Table 1. Demand point demand information

dj 0 1 2 3 4 5 6 7 8
0 0 40 60 75 90 200 100 160 80
1 40 0 65 40 100 50 75 110 100
2 60 65 0 75 100 100 75 75 75
3 75 40 75 0 100 50 90 90 150
4 90 100 100 100 0 100 75 75 100
5 200 50 100 50 100 0 70 90 75
6 100 75 75 90 75 70 0 70 100
7 160 110 75 90 75 90 70 0 100
8 80 100 75 150 100 75 100 100 0

Table 2. Distance between demand point and distribution centre (k)

300

250

200°

fitness
—
(%]
o

100

50

0

20 40 60 80 100 120
popsize

Maximum fitness
Minimum fitness
Average fitness

140 160 180 200 220 240

Figure 4. The influence of population size on fitness

increase the demand of some demand points (new
demand is shown in Table 3), in order to increase the
number of vehicles, for the sake of experiment outcomes
once more, which are shown in Figure 7.

According to the above results, it can draw the conclusion
that the crossover operation will improve the algorithm
performance as the problem is large scale. To sum up,
using genetic algorithms to solve the VRP problem with
time windows of the third party logistics enterprise, it can
obtain better feasible solution, reduce freight, save the
logistics cost and improve the various resource utilization
for the third party logistics enterprise transportation.

Experimental results show that the algorithm is feasible
to solve the vehicle routing problem, and has good
performance.

6. Conclusions

Since VRPTW problem has been a typical NP-hard
problem, there has been great practical value to study on
this problem, along with the rapid development of logistics
industry. On the basis of the analysis and research of
distribution vehicle optimum scheduling problem, there is
a further study on the vehicle optimum scheduling problem
with time windows. This paper designs a genetic algorithm
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Figure 5. The influence of crossover rate on fitness
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Figure 7. The influence of crossover rate on fitness
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Task i 1 2 3

4 5 6 7 8

Demand volume g 4 3 45

3 3 4 5 3

Table 3. Demand variation situation of demand point

towards this problem, and carries out experimental
simulation. The algorithm deploys selection operation
based on the linear ordering of the roulette wheel method,
which effectively prevents the search from local
optimization. It adopts optimum reserved strategy to pass
a better solution to the next generation by a greater
probability. Meanwhile, it improves inversion mutation
operator, resulting in an inhibition of the chromosome by
selection and crossover operation caused by effective gene
deletion, and to prevent illegal chromosome appearing.
The algorithm is verified by experiment, and has sound
searching performance and the rapid convergence speed,
which is more suitable for vehicle scheduling problem with
time windows.

7. Acknowledges

This research is supported by National Natural Science
Foundation of China (Grant No. 71001088), Research Fund
for the Doctoral Program of Higher Education of China
(Grant No. 20103326110001 and 20103326120001),
Humanity and Sociology Foundation of Ministry of
Education of China (Grant No. 11YJC630019), Zhejiang
Provincial Natural Science Foundation of China (No.
Y7100673 and LQ12G01007), the Scientific Research
Fund of Zhejiang Province of China (Grand No.
2011C33G2050035), the Center for Studies of Modern
Business of Zhejiang Gongshang University
(11JDSMO06YD), the technical innovation funds for the
minor sci-tech enterprise (Grand No. 10C26213304153),
as well as the project of Zhejiang Gongshang
University(X12-23).

References

[1] Dantzig, G., Ramser, J. (1959). The truck dispatching
problem, Management Science, 10 (6) 80-91.

[2] Cao, E., Lai, M. (2010). The open vehicle routing
problem with fuzzy demands, Expert Systems with
Applications, 37 (3) 2405-2411.

[3] Pop, P. C., Kara, |., Marc, A. H. (2012). New
mathematical models of the generalized vehicle routing
problem and extensions, Applied Mathematical modeling,
36 (1) 97-107.

[4] Pisinger, D., Ropke, S. (2007). Ageneral heuristic for
Author biographies

vehicle routing problems [J], Computers & Operations
Research, 34 (8) 2403-2435.

[5] Marinakis, Y., Marinaki, M., Dounias, G. (2010). Ahybrid
particle swarm optimization algorithm for the vehicle routing
problem [J], Engineering Applications of Artificial
Intelligence, 23 (4) 463-472.

[6] Rao Wei-zhen, Jin Chun, Huang Ying-yi. (2011). Hybrid
algorithm of the nearest neighbor and insertion for the
traveling salesman problem [J], Systems Engineering-
Theory & Practice, 31 (8) 1419-1428.

[7] Fei Rong, Cui Duwu. (2005). Research on Chinese
Postman Problem Decision Process Algorithm [J], Journal
of Computer Research and Development, 42 (2) 294-299.

[8] Han Aili, Zhu Daming. (2007). DNA Computing Model
Based on a New Scheme of Encoding Weight for Chinese
Postman Problem [J], Journal of Computer Research and
Development, 44 (6) 1053-1062,.

[9]1Tan,K.C., Lee, L. H., Zhu, Q. L., etal. (2001). Heuristic
methods for vehicle routing problem with time windows,
Artificial Intelligence in Engineering, 15 (5) 281-295.

[10] Bullnheimer, B., Haxtl, R. F., Strauss, C. (1999). An
improved ant System algorithm for the vehicle Routing
Problem, Annals of Operations Research, 89 (5) 319-328.

[11] Maulik, U., Bandyopadhyay, S. (2000). Genetic
algorithm-based clustering technique, Pattern
Recognition, 33 (9) 1455-1465.

[12] Kim, K. W., Gen, M., Yamazaki, G. (2003). Hybrid
genetic algorithm with fuzzy logic for resource-constrained
project scheduling, Applied Soft computing, 2 (3) 174-
188.

[13] Zakaria, Z., Petrovic, S. (2012). Genetic algorithms
for match-up rescheduling of the flexible manufacturing
systems, Computers & Industrial Engineering, 62 (2) 670-
686.

[14] Levitin, G., Rubinovitz, J., Shnits, B. (2006). A genetic
algorithm for robotic assembly line balancing, European
Journal of Operational Research, 168 (3) 811-825.

[15] Nazif, H., Lee, L. S. (2012). Optimized crossover
genetic algorithm for capacitated vehicle routing problem,
Applied Mathematical Modeling, 36 (5) 2110-2117.

Dr. Tinggui Chen is an assistant professor of Information System, College of Computer and Information
Engineering at Zhejiang Gongshang university. He was bonin 1979. He got his Ph.D. degree in Industrial
engineering from Huazhong University of Science and Technology. His current research interest focuses
on management decision theory and decision support systems, swarm intelligence and complexity
science. He has published over 20 publications in academic journals and conference proceedings. His

Journal of Digital Information Management

4 Volume 11 Number 2 0 April 2013



email is ctgsimon@gmail.com.

Dr. Guanglan Zhou is a lecture of Information System, College of Computer and Information Engineering
at Zhejiang Gongshang university. He was bon in 1983. He received his Master of Science degree in
2007, conferred by the University of Liverpool, UK. Additionally, he was employed as an Academic
secretary, by National Science Foundation of China, NSFC from 2010 to 2011. His research interests
include data mining, electronic commerce and supply chain management. He has published over 10
publications in academic journals and conference proceedings. His email is guanglanzhou
@mail.zjgsu.edu.cn

Journal of Digital Information Management U Volume 11 Number 2 U April 2013 145



