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Abstract—This paper presents the bees algorithm for vehicle
routing problems within time windows (VRPTW). The VRPTW
aims to determine the optimal route for a number of vehicles
when serving a set of customers within a predefined time
interval (the time window). The objective in VRPTW is to
minimize overall transportation cost. Various heuristic and
metaheuristic approaches have been developed in literature to
produce high-quality solutions for this problem because of its
high complication rate and extensive implementation in real-life
applications. This research investigates the use of bee algorithms
(BA) for VRPTW and identifying the strengths and weaknesses.

Index Terms—Foraging behaviour, bees algorithm, vehicle
routing problem with time windows.

I. INTRODUCTION

Vehicle routing problems (VRP) have an important role in
the domains of transportation, delivery, and logistics. Hence,
numerous research works have been undertaken to study VRP
since 1959 [1]. The work presented by Dantzig and Ramser in
1959 proposed the problem as a generalized Travelling
Salesman Problem (TSP). Later, a huge number of studies
have been conducted on number of VRP divisions (e.g. VRP
with Time Windows (VRPTW), VRP with Pick-Up and
Delivery (VRPPD), Multiple Depot VRP (MDVRP),
MDVRP with Time Windows (MD-VRPTW), and
Capacitated VRP (CVRP)).

VRPTW is an NP-hard problem, which is concerned with
determining the best routing of a set of limited capacity
vehicles between a central depot and a number of scattered
customers, where customers must be visited within predefined
time duration (the time window).

Several approaches have been developed for VRPTW.
Solomon [2] first introduced heuristics to solve this problem.
In recent years, metaheuristics has become increasingly
popular. Metaheuristics can be classified either as
single-based approaches such as tabu search and simulated
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annealing, or population-based approaches such as ant colony
optimization and genetic algorithms [3].

Population-based approaches are classified into two
categories, which are evolutionary algorithms and swarm
intelligence algorithms [4]. This classification is based upon
natural phenomena being modeled by the algorithms.
Evolutionary algorithms apply the theory of evolution to
create new species [3]. By contrast, swarm intelligence (SI)
algorithms rely on metaheuristics that mimic collective
behavior of problem-solving processes in self-organized
systems [5]. The interactions between agents in social
colonies with their environment leads to the collective
intelligence [6]. SI features have inspired some researchers to
develop algorithms for VRPTW, including the ant colony
optimization algorithms [7], bee colony optimization (BCO)
algorithms [8] and the artificial bee colony (ABC) algorithms
[9], [10], to name a few examples.

With regards to swarm intelligence, researchers are
concerned with developing algorithms that model the
behavior of honeybees. Honeybee algorithms are categorised
based on the behavior of bees [11]: queen, marriage, and
foraging bee. Examples of foraging behavior algorithms can
be found in ABC [12], bees algorithm (BA) [13], and bee
colony optimization (BCO) [14], [15]. In this paper, Bees
algorithm (BA) is investigated for VRPTW and some
strengths and weaknesses are identified.

The remainder of the paper is organized as follows: in the
next section VRPTW is described and its formulation with
some relevant-literature review is provided. In the third
section, the proposed algorithm is presented. The fourth
section provides an extensive computational study comparing
the results of BA and with the best-known approaches. Finally,
the paper is concluded and some future research directions are
listed.

Il. THE VEHICLE ROUTING PROBLEMS WITH TIME WINDOWS

This study focuses on the VRPTW in order to understand
its complexity and maximize its advantages in real life. In
recent years, the VRPTW has gained considerable research
attention in network optimization [16].

Ellabib et al. [17] defined the VRPTW as a generalisation
of the VRP. The VRPTW often appears in many real
applications. VRPTW can be also used to achieve the
following objectives: optimize the number of vehicles that
must serve a set of customers, to determine the customers that
each vehicle should serve, and to determine the order of cost
that should be minimised as much as possible. The VRPTW is
subject to capacity of the vehicle and service time constraints.
The problem contains vehicle tasks that minimise task cost.
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According to the definition above, the VRPTW processes a
specific number of requests to be visited by a certain number
of vehicles. All customers are supposed to require a limited
quantity of demands. Furthermore, each route must start and
finish at depot, and each customer must be visited only once.

The main formulation of the VRPTW was proposed in
1987 by Solomon [2]. The standard benchmark of Solomon’s
datasets contains 56 instances, and every instance has 100
customers. In the network, each vehicle represents one route.
The vehicle starts routing from the departure point and arrives
at specific destinations (customers), then returns to the
departure point. In considering Solomon’s benchmark, each
route has its own cost ¢; and the traveling time t;. Each
vehicle spends one-time slot (time unit) to travel one distance
unit, so the speed of the vehicle is assumed to be constant.

The time window boundaries are defined by the earliest and
latest arrival times (the time interval); in which the vehicle
must arrive at the customer’s place before the latest arrival
time. The vehicle should wait in cases where it arrives before
the earliest arrival time. The service time of the customer must
be taking into account, which represents the time that is spent
to load or unload demands. The demands’ size is considered
unique for all customers. Route time (time window) is the
time taken by vehicles to visit all customers in the same route.

Equation 1 represents the main function for VRPTW [2]:

N N N
Minimise E E E c. X
ij ijk

i=0 j=0 k=1

1)

where,

° ‘. - {O if thereis no arc from node i to node j
ijk |1

. i#jije{01...N}
otherwise

e N number of customers

e K number of vehicles

e cjjcost on arc between two customers i to j.

I1l. BEES ALGORITHM (BA)

BA was firstly proposed by Pham et al. [13] and algorithm
has been applied in various optimization fields [18]-[22].

BA consists of two groups of bees i.e., scout bees and
foragers. The scout bees are involved in searching for food
sources (solutions) and recruiting foragers to continue
searching in the discovered food sources. The scout bees
search for food sources randomly in the search space
(Exploration). During the search, they collect useful
information and return back to the hive to share the
information with other bees in the hive. and the scouts then
recruit other bees as foragers to continue searching in
previously discovered food sources (Exploitation).

Based on the collected information by the scout bees, the
good food sources will have a larger number of recruited bees
to search in the neighborhood of these food sources. Using
these methods, the bees algorithm offers both global and local
search, or exploration and exploitation processes; the search
will be performed in existing food sources, including the best
sources, and the scout bees performs global random search

[13]. The general pseudo-code for the BA is shown in Fig. 1.

Initialization:

NumOflte : maximum number of iteration;

populationsize : #of solutions in the population;

ne: #of elite solutions;

nre: list of recruited bees assigned to elite solutions;

nb: #of best solutions;

nrb: list of recruited bees assigned to best solutions;

stlim: stagnation iteration limit for abandonment solutions;

Initialise the population; Compute the initial value of the fitness, f(Sol);
iteration «— 0;
best solution, Solbest « Sol;
Improvement:
do while (iteration < NumOflte)
Rank all solutions in the population based on fitness value.
nbSet = the top nb solutions of population;
neSet = the top ne solutions of nbSet;
for (i=1 : nrb)
for (j=1 : nb)
Sol* « neSet;;
A random neighbourhood method is applied on Sol* ;
Update the population;
end for
end for
for =1 : nre)
for (h=1: nrb)
Sol** « neSet;;
random neighbourhood method is applied on Sol** ;
end for
end for
Solbest « the best solution found so far;
random neighbourhood method is applied on the rest of (nb—ne)
solutions;
Update the population;
iteration++;
end do

237

Fig. 1. Pseudo-code for the BA.

As can be observed by Fig. 1, the algorithm begins with
randomly initializing the population, where the number of
scout bees is equal to the number of solutions in the
population. The scout bees randomly search for the food
sources (solutions). Once they find the food sources, they
return to the hive and start recruiting other bees to exploit
those food sources. Next, all solutions in the population are
evaluated and ranked based on a fitness function. A number of
nb highest ranked solutions are selected for a local search.
Then, the scout bees recruit the foragers to search on the
neighbourhood of the selected solutions, as follows:

Every scout bee returned from each nb (the best solutions)
will recruit the nest (the top nb solutions from the
population) foragers for a local exploration.
The scout bees that visited the first ne elite solutions
among the best nb solutions will recruit nre foragers and
apply a random neighbourhood structure.
The scout bees that visited the rest (nb—ne) solutions will
recruit nrb < nre foragers and apply a random
neighbourhood structure.
The main idea here is to recruit more foragers and apply a
random neighborhood structure on elite solutions, which are
considered the most promising solutions in the search space.

A. Neighborhood Structures

We considered that the sequence of the customers to be
visited (a, b, ¢ and d) is {a->b—>c—>d} that exist in same
route.
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The neighborhood methods is presented as follows:

N1: perform one shift at similar route, example b is moved
to the last; the new order will be {a->c>d->b}.

N2: perform two shifts at similar route, example both a and
b are moved to a position after ¢ and d; the new order will be
{c>d>a~>b}.

N3: perform one swap at similar route, where a and c are
exchanged; the new order will be {c>b—>a—>d}.

N4: perform two swaps at similar route, where a and b are
exchanged with ¢ and d, the new order will be {c>d>a—>b}.

B. Standard Dataset: Solomon’s Benchmark

The standard benchmark datasets for the VRPTW were
introduced by Solomon [2], and they can be freely
downloaded at: http://neo.lcc.uma.es/vrp/vrp-instances
[capacitated-vrp-with-time-windows-instances.

Six benchmark problems exist. Note that in this study, the
performance of BA on Solomon’s 56 VRPTW 100-customer
instances (which have been widely used by different studies
throughout the years) is discussed. This benchmark is
explained as follows:

The problems differ in the total number of vehicles,
travelling time of vehicles, vehicle capacity and the place of
the customers, and their suitable time to serve. In addition,
each customer has a preferred time window and details, such
as location given in the form of x and y coordinates, quantity
of demand, ready time, service time, and due time needed.

All the instances have 100 customers, which are generally
assumed as the problem size for rendering comparisons in
VRPTW. The time expended to travel between the customers
is equal to the Euclidean distance. The 56 instances are
separated to six categories based on the preparation of
customers’ places and the time windows. These six categories
are named as R1, R2, C1, C2, RC1, and RC2. The category
with letter R means that customers are placed remotely in the
instances Therefore, the travelling distances between
customers are somehow long. While the category with letter C
contains the instances with clustered customers, in this
category the places of the customers are close to each other,
so the travelling distances somehow short. The category with
letters R and C represents the instances with combination of
remotely placed and clustered customers [2].

IV. EXPERIMENTAL RESULTS

Our experiment results are based on 31 separated runs. The
Java programming language was used to code our algorithm
based on Intel® Core™ i3 processors. The implementation
times were between 30 and 650 seconds, which may differ
based on the size of the instance.

TABLE I: PARAMETERS SETTING

Table I shows the final parameter values, which have been
set experimentally from the average results of 10 runs.

Table Il shows the results comparison between our BA and
the best-known results in terms of number of vehicles and the
total distance.

TABLE Il: COMPARISON BETWEEN THE BEST-KNOWN RESULTS AND BA

No Instance —Dest-known Result Source BA_

N.V Distance N.V Distance
0 R1-01 18 1607.7 [23] 20 1642.67
1 R1-02 17 1434 [23] 18 1480.73
2 R1-03 13 1175.67 [24] 16 1240.87
3 R1-04 10 982.01 [25] 11 1047.06
4 R1-05 15 1346.12 [26] 16 1369.52
5 R1-06 13 1234.6 [27] 14 1271.13
6 R1-07 11 1051.84 [26] 12 1129.99
7 R1-08 9 960.88 [28] 11 1004.11
8 R1-09 12 1013.2 [29] 14 1170.5
9 R1-10 12 1068 [27] 13 1123.36
10 R1-11 12 1048.7 [27] 13 1101.59
11 R1-12 10 953.63 [25] 11 1019.84
12 R2-01 4 1252.37 [30] 8 1185.57
13 R2-02 3 1158.98 [24] 8 1103.15
14 R2-03 3 939.5 [31] 7 958.94
15 R2-04 2 825.52 [32] 6 818.44
16 R2-05 3 994.42 [33] 7 1020.53
17 R2-06 3 833 [34] 6 960.29
18 R2-07 3 814.78 [25] 4 905.7
19 R2-08 2 726.75 [35] 5 764.9
20 R2-09 3 855 [34] 6 943.16
21 R2-10 3 939.34 [35] 7 1003.91
22 R2-11 2 885.71 [31] 5 837.66
23 C1-01 10 827.3 [23] 10 828.94
24 C1-02 10 827.3 [23] 11 828.94
25 C1-03 10 826.3 [36] 10 828.94
26 C1-04 10 822.9 [36] 10 858.9
27 C1-05 10 827.3 [36] 11 828.94
28 C1-06 10 827.3 [23] 10 828.94
29 C1-07 10 827.3 [36] 11 828.94
30 C1-08 10 827.3 [36] 10 828.94
31 C1-09 10 827.3 [36] 10 828.94
32 201 3 589.1 [27] 3 591.56
33 C2-02 3 589.1 [27] 3 591.56
34 C2-03 3 591.17 [47] 3 600.54
35 C2-04 3 590.6 [36] 4 610.01
36 C2-05 3 588.88 [36] 3 588.88
37 C2-06 3 588.49 [24] 3 588.88
38 C2-07 3 588.29 [25] 3 589.58
39 C2-08 3 588.32 [25] 3 591.65
40 RC1-01 15 1619.8 [37] 16 1634.52
41  RC1-02 13 1530.86 [38] 15 1492.89
42 RC1-03 11 1261.67 [39] 12 1334.57
43 RC1-04 10 1135.48 [40] 11 1215.62
44  RC1-05 13 1629.44 [41] 17 1546.43
45 RC1-06 12 1395.4 [29] 13 1423.1
46 RC1-07 11 12305 [42] 12 1300
47  RC1-08 10 1139.8 [42] 12 1193.68
48 RC2-01 4 1249 [34] 9 1308.76
49 RC2-02 4 1164.3 [42] 8 1167
50 RC2-03 3 1049.62 [43] 6 1014.79
51 RC2-04 3 798.41 [35] 4 881.88
52 RC2-05 4 1297.19 [35] 8 1210.68
53 RC2-06 3 1146.32 [45] 6 1112.38
54 RC2-07 3 1061.14 [45] 6 1059.62
55 RC2-08 3 828.14 [46] 7 882.06

Parameter Value

The population size 50
Number of iterations 500
ne= number of elite solutions 2

nre= recruited bees for elite solutions 30
nb= number of best solutions 4

nrb= recruited bees for rest best solutions 10
stlim=stagnation iterations limit for abandonment 10

solutions

Note: N.V = number of vehicles.

From the results in Table Il, we can observe that the
algorithm is able to obtain good results. This may due to the
method that has the scout bees to explore the search space and
they recruit other bees for exploitation and local search.
Nevertheless, some of the datasets are not able to obtain
comparable results, which may be due to the number of
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parameters used in the algorithm that needs to be carefully
tuned.

V. CONCLUSION

The proposed Bees algorithm for the VRPTW s able to
perform good quality solutions. Experimental results show
that the Bees algorithm can achieve comparable results when
we compare it with state-of-the-art approaches from the
literature, bearing in mind the overall traveling distance is our
main objective to be minimized for VRPTW.

The main strength of BA is that the algorithm has both
global exploration performed by scout bees and local
exploitation performed by recruiter bees. On the other hand,
the main weakness of the algorithm is that it is parameter
dependent, so each instance may require different parameters
values. Using automatic parameter tuning strategies is part of
the planned implementation in our future work.
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