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Abstract — Multi-objective optimization has
been a difficult problem and a research focus in the
field of science and engineering. An enhanced
Artificial Bee Colony (ABC) optimization algorithm,
called the QoS-Based Reusable Service Selection
with Multi-Objective Constraints using Artificial Bee
Colony (MQRSABC) Algorithm, is proposed to
measure the quality of the search time and execution
time better. In this proposal, the fast non-dictated
population selection strategy are applied to measure
the quality of the solution and select the better ones.
An innovative solution generation strategy is
designed to exploit the neighbourhood of the existing
solutions. Likewise, a novel fitness calculation
method is presented to calculate the selecting
probability for onlookers. The proposed algorithm is
validated on benchmark functions in terms of search
time, execution time and reusability constraint with
the existing approaches PSO and ACO. The
experimental results show that the proposed
approach can find solutions with competitive
convergence and diversity within a shorter period of
time, when compared with the traditional multi-
objective algorithms. Subsequently, it can be
considered as a feasible alternative to solve the
multi-objective optimization problems.
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Optimization, Ant Colony Optimization, Multi-
Objective Constraints, Quality of Service, Reusable
Service Selection.

I. INTRODUCTION

In recent years, the Web services is an enormous
research area which has been devoted to study the
related aspects of quality of services (QoS) based
selection and composition. One of the vital
researched topics in the Web services is the
reusability of the Web service composition which is
motivated for two main reasons. First, the web
clients can requires multiple services to be utilized
and may be complex. Second, dynamically changing
set of available services that are used to add/remove.
Here, the manual process is not effective. To handle
the concept, the reusability of services is essential.

When web engineers compose existing services
into renewed one, they have to make decisions about
service selection from service repositories. These

decisions are often based on QoS parameters, where
engineers aim for an optimal choice in service
selection. The existing web services are composed to
get a new value-added function that has become one
of the most features of web services that are used by
web services composition [1].

I1.RELATED WORK

The Composite Web Services technology plays a
vital role in services computing that allows business
processes by composing elementary services under a
shared workflow thereby providing the business
process as a single-service. The technical challenges
for integrating the services in terms of compatibility
and adaption are carried out in the earlier research
papers. Service composition is the process to find
the existing and appropriate service components to
compose a new service which has an aggregation
function. The difference is that the problem is
nonlinear and can be solved with intelligent
optimization algorithms, such as Genetic Algorithms
(GA) [2, 3], Particle Swarm Optimization (PSO)
algorithm [4, 5], Ant Colony Optimization (ACO)
algorithm [6], and so on. Intelligent optimization
methods can solve the complex service composition
problem within a short period of time with high
quality, thus it has got the widespread concern in
recent years.

I1l. STANDARD ARTIFICIAL BEE COLONY
(ABC) ALGORITHM MODEL

The standard Artificial Bee Colony (ABC)
algorithm is a population-based optimization
algorithm. According to the working principal of
standard ABC, has classified into five main phases
namely, initialization, employed-bees, onlooker-bees,
scout-bee, and termination phases which consist of a
total of twelve stages or processes.

In this standard ABC, three phases namely,
employee bees, onlooker bees and scout bees phases
are the performance deciding phases, whereas others
are supporting phases. The searching process of the
algorithm starts with the employee bees’ phase, then
the onlooker bees discover the neighbourhood of the
food sources that are allocated to them by the
employee bees and apply the fitness proportion
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selection pattern so that to select the food sources
that are satisfied.

In the initialization phases, the food sources
represent the possible solution among the population
of a problem that are randomly initialized. Based on
the user predetermined values of the population size,
these food sources are then assigned to the
employed-bees. Then, the nectar amounts that
represent the fitness value of each food source are
calculated using1 equation (1) [18, 29, 30]:

. — fiz0
fit; = {1+4 1)
1+ abs(f,) fi<0
where f; is objective function value of i"" food
source.

In the employed bees phase, the bees explore the
neighbourhood of the food sources assigned to them
and update the food sources using the mutation
equation (2) given by

Zy; = Vi + @ O — Viej) @

where z;is the candidate solution of food
sources, y; is the j™ dimension of the i food sources,
and y,;is the k™ food sources that are randomly
chosen from a neighbourhood of i food sources
fork e [1,2,...,Sy] and Syis the number of food
sources. Subscripts k and i are mutually exclusive
food sources. For the equation, k and j are chosen
randomly and j € [1,2,..., D] where D represents the
dimension of the search space and ¢;; is the control
parameter that represents random number from
[-1,1], inclusively. The explorations by employed-
bees generate new food sources (i.e., candidate
solutions of food sources). A selection between the
candidate solution and the old food sources is based
on which of them exhibits the best fitness value by
using greedy-selection scheme. The chosen food
sources are potentially fitter food sources and are
shared with onlooker-bees in onlooker-bees phase.

During the onlooker bee’s phase, the bees apply
the fitness proportion selection scheme to choose the
selected-fitter food sources from all the food sources
that are shared by employed bees that are not
updated actually. The exploitation of the food
sources by onlooker-bees has actually made the
algorithm converge fast. The fitness-proportion
selection scheme is dependent on the probability
value, P; given by

p,= 5 3)
E Zf‘:viﬁt}

where P; is the probability of i" food source, fit; is
the fitness value of i food source, and Sy represents
the number of available food sources. Onlooker-bees
then explored the neighbourhood of the selected-
fitter food sources and update the food sources using
the equation (2). The new candidate solution is then
compared with the old food source using the greedy-
selection scheme. Next, the best food source so far
for that generation is recalled before entering the
scout-bee phase.

In scout-bee phase, a food source which has
become exhausted and does not show improvement
over alimitis abandoned [23].Limitis a control
parameter used to signify exhausted food source [19].
Employed-bee  whose  food  source  has
reached limit will become scout-bee. The scout-bee
will take consequent flights and search the search
space randomly to find new food source using

Yz'j = Yri:in + rand(ﬂ, 1} (Yﬁ{mx - Y’J":!f‘.l’t} (4)
where ¥/ and ¥4, .. are the lower and upper limit
of the search space, respectively. Rand (0, 1) is a
function which randomly generates numbers within
[0, 1]. It is necessary action for the scout-bee to
replace the abandoned food source with new food
source so that the balance the number of populations
can be identified again.

The termination criterion of the algorithm is based
on the maximum number of generations or
maximum cycle number (MCN) [18]. This number
is stipulated by user prior to the simulation of ABC
algorithm.

IV. MULTI-OBJECTIVE QOS-BASED REUSABLE
SERVICE SELECTION (MQRSABC) MODEL

The Multi-objective QoS-based Reusable Service
Selection with Artificial Bee Colony (MQRSABC)
algorithm is enhanced version of QoS-based
Reusable Service Selection (RUQSS) Algorithm to
encounter the neighbourhood positions gently
through the association of three kinds of bees,
Employed bees, Onlookers bees and Scout Bees. It
gains the optimal or near-optimal solution in the
feasible space by correlating with RUQSS
Algorithm. The ReUsable QoS-based Service
Selection (RUQSS) Algorithm is anticipated to
predict the reusability of a web service by
quantifying availability and reliability of atomic
services using the Weibull analysis and Linear
Regression and service reusability is estimated to
decrease the complexity during the new
development.

The original Artificial Bee Colony (ABC)
algorithm catches the optimal solution by steering
development of the candidate solution group which
calculates the intelligent seeking activities of honey
bees denoted by m-dimensional real vector. It
represents a feasible solution for each food source
that to be solved, and the nectar quality of the food
source that denotes the fitness of that feasible
solution which indicates the quality of the solution.

In order to improve quality of the Service
Composition Optimal Selection (SCOS), a new
MQRSABC algorithm which is enhanced version of
the RUQSS algorithm with standard ABC is
proposed. The figure 1 anticipated the working
principle of MQRSABC Algorithm. According to
the SCOS problem, each candidate solution
represents a feasible service composition solution,
and each dimension of the candidate solution must
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be an integer satisfying the boundary conditions.
Consequently, the food source navigating and the
approach of identifying candidate solutions need to
be enhanced.

The objective of SCOS is to select and integrate
the appropriate candidate services from each
concrete services group, containing n abstract
services ASpp, Where ASpp = {as;, -+, asp}for an
abstract process AP, and a set of composite patterns
CP = {cpy, -+, cpm} associated with each as; that
satisfies the constraints on the basis of the previous
work. Subsequently, each feasible solution is a
service composition optimal selection solution

In order to improve quality of the Service
Composition Optimal Selection (SCOS), a new
MQRSABC algorithm which is enhanced version of
the RUQSS algorithm with standard ABC is
proposed. The figure 2 anticipated the working
principle of MQRSABC Algorithm. According to
the SCOS problem, each candidate solution
represents a feasible service composition solution,
and each dimension of the candidate solution must
be an integer satisfying the boundary conditions.
Consequently, the food source navigating and the
approach of identifying candidate solutions need to
be enhanced.

The objective of SCOS is to select and integrate
the appropriate candidate services from each
concrete services group, containing n abstract
services ASpp, Where ASpp = {as;, -+, asp}for an
abstract process AP, and a set of composite patterns

CP = {cpy, -+, cpm} associated with each as; that
satisfies the constraints on the basis of the previous
work. Subsequently, each feasible solution is a
service composition optimal selection solution.

V.MQRSABC ALGORITHM MODEL

The main steps of the MQRSABC algorithm can
be summarized as follows:

Step 1. Initialization

The number of food source is SN. In the
initialization phase of the MQRSABC algorithm, SN
feasible solutions (food sources) {Xi, Xz, ..., Xsu} are
generated and their quality value qv(forP)can be
calculated using the RUQSS algorithm[afd]. Then,
the fitness value of each food source are calculated
using objective function (6).

average(qu(forP;)) — qu(forP;)
! {max[qv (forP,)) — min(qu(forP,)) }
where (1 <i<sn) (5)

Subject to
i _ (max; o qriforCP) ¥+ ve c‘r‘:’te?‘:’a}
qv(forP;) = {m[ﬂl zizm qV(forCP;) ¥ —ve criteria

(6)

Among the SN feasible solutions, the maximum
value of the fitness f; will be memorized. After
initialization, all the feasible solutions (food sources)
will be exploited. Let the maximum cycle number be
MCN and each cycle contains the behaviours of
employed bees, onlookers and scouts.

Fig 1: Flowchart of ABC-RUQSS Algorithm
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Step 2. Employed bee phase

Assign an employed bee to each food source, thus
the number of the employed bees is SN too. At the
beginning of the cycle, the employed bee j exploits
the neighbourhood of the food source x;;, j €{1, 2,...,
SN}.

ij

Z = Xy + Py (0 — Xy;) (7
In the equation (7), i'" is a dimension selected from
the m-dimension feasible solutions, i € {1, 2,..., m},

_ (maxt Tmin)

Where qbu = xU‘ - m-lr and mf ijr
represents the i™ cycle with j™ employee bee of the
current optimal solution.

Step 3. Onlooker phase

Each onlooker selects a food source in the
population depending on the selecting probability
associated with that food source, and searches its
neighbour to produce a new solution. Then, calculate
the objective function value and apply the greedy
selection strategy to update the position.

fit;
Pi= o—— 8
b Liafi ®)

The selecting probability F; is calculated by (8),
where
= £=0
fit; ={1+ £ ©)
1+ otherwise

Step 4. Scout phase

In this phase, the scout is send to the search area
for discovering a new food source. If there is no any
updation after a maximum cycle number MCN, then
the particular food source will be discarded. The
associated employed bee will become a scout, and
generate a new food source through (7). If there is
any updation before the maximum cycle number
MCN, then the particular food source will be
updated through (10).

Yi = Vi + Pi* (Yax — Yinin) (10)

After all the food sources are explored, z;; and ¥;

will be memorized, and the next iteration will begin.
The entire process is repeated until the condition
satisfied. In the final phase, the reusability criteria

has been defined by using the value of ¥',. If the
¥, =1 then, it is proposed that the particular
solution will be reuse.

VI. EXPERIMENTAL ANALYSIS

In order to evaluate the proposed approach
MQRSABC algorithm, it is compared it with other
two approaches such as PSO [20], ACO [21] in

terms of search time, execution time and the
reusability criteria.

A. Evaluation Setup

The proposed approach is implemented on
Windows 10 platform using Microsoft Visual Studio
12 .NET development environment with Microsoft
Visual C# 4.5 as a programming language and
MATLAB R2008a. Simple XML structures are used
to create the service ontologies, and executed them
on an Intel 1 Core™ i3 CPU, M 350 @ 2.27 GHz, 3
GB RAM Laptop with 100 MB/s Ethernet card.

B. Experimental Results

In order to evaluate the proposed approach
MQRSABC algorithm, it is compared it with other
two approaches such as PSO [20], ACO [21] in
terms of Search Time. In the figure 2, the search
time of the proposed algorithm with respect to the
number of services. Here, the number of services is
10. In the figure 3, the number of services is
increased to 25. And finally, in the figure 4, the
number of services is increased as 100.

40 PSO ACO
30

20

Search Time

10

U\ v Ay Ay AVAYAYAYAYAVAY

1 2 3 456 7 8 910

Number of Services

Fig 2: Search time when Number of Services is 10

The figure 2 depicts the searching time is
compared with other existing approaches such as
PSO, ACO, when the number of services is 10.
However, the proposed approach MQRSABC has
the less searching time. The average of PSO is high
(9.5522) and the average of ACO is medium (3.83)
and the average of MQRSABC is absolutely low
(0.083).

While the searching time of the proposed
approach is compared with PSO and ACO, which is
represents in the figure 3, when the number of
services is 25. However, the proposed approach
MQRSABC has the less searching time. Again, the
average of PSO is high (23.6732) and the average of
ACO is medium (5.2336) and the average of
MQRSABC is also low (0.2468).

ISSN: 2231-5381

http://www.ijettjournal.org

Page 83



http://www.ijettjournal.org/

International Journal of Engineering Trends and Technology (IJETT) — Volume 52 Number 2 October 2017

80 o PS) ——ACO =—w=ABC

.

Search Time
8

1357 91113151719212325
Number of Services

Fig 3: Search time when Number of Services is 25

When the proposed approach MQRSABC, while
the number of services is 100, again it has the less
(0.0598) searching time, when it is compared with
PSO (23.3618) and ACO (5.2531). The figure 4
illustrates it.
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Fig 4: Search time when Number of Services is 100

When the number of services is 10, the execution
time of the proposed approach is 0.010565 which is
less than 1 second. When the number of services is
100, the execution time is about 0.018467 which is
again less than 1 second. The time cost is very short
and depicted in the table 1. Hence, according to its
average execution time (0.014356), the proposed
approach is much suitable to service selection than
other two approaches for users with real-time

requirements.
TABLE |: COMPARISON OF WITH EXISTING APPROACHES

N PSO ACO MQRSABC
10 0.004457 | 0.009004 0.010565
25 0.005708 | 0.023324 0.014036
100 0.019815 | 0.017623 0.018467
Average | 0.009993 | 0.01665 0.014356

The figure 5 depicts that the reusability of the
services of the proposed approach MQRSABC is
high, when compared with existing approaches.

Fig 5: Comparison of Reuse
The figure 6 depicts that the execution time of the
proposed approach MQRSABC is obviously short,
regardless of the number of services.

According to the average execution time of the
three approaches, the proposed approach is able to
find best services with shorter search time rather
than other existing approaches such as PSO and
ACO.
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Fig 6: Comparison of Execution Time
The MQRSABC algorithm illustrates that from
the experimental results of Table I, Figure 5 and 6, is
much effective than other two existing approaches
for Service Composition Optimal Selection.

V. CONCLUSIONS

This paper proposed a novel QoS-based
evolutionary  algorithm  with  multi-objective
constraints namely, the Multi-objective QoS-based
Reusable Service Selection with Artificial Bee
Colony (MQRSABC) algorithm which is the
enhanced version of QoS-based Reusable Service
Selection (RUQSS) Algorithm. The fast non-dictated
population selection strategy is defined to measure
the quality of the solution, to exploit the
neighbourhood of the existing solutions and select
the better ones. Likewise, a novel fitness calculation
method is presented to calculate the selecting
probability for onlookers, because the original single
objective fitness calculation is not applicable for the
multi-objective problem. The proposed algorithm is
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validated on benchmark functions in terms of search
time, execution time and reusability constraint with
the existing approaches PSO and ACO. The
experimental  results show that MQRSABC
algorithm has the ability to provide competitive
performance in terms of search time and execution
time. In the future work, the practical applications of
this algorithm will be researched.
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