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Abstract: In the service-oriented environment, large-scale Service
Composition (SC) has become an important research, where Quality of Service
(QoS) has been applied widely. QoS is generally used to represent nonfunctional properties of web services and differentiate them with the same
functionality. Studying how to select appropriate services for a composition
from a very large number of similar candidate services is an NP-hard problem.
However, there are limitations among existing methods, e.g. poor scalability
and massive calculation in the exhaustion method, slow convergence speed and
easy to fall into local optimum in the traditional evolutionary computation
method. Thus, in this paper, an improved fruit fly optimisation algorithm
called IFOA4WSC is proposed, which is quick and effective for web service
composition. We analyse the convergence of fruit fly swarms in IFOA4WSC
algorithm, and carry out a large number of simulation experiments in the
common and random data sets. Experimental results show that IFOA4WSC is
effective and highly efficient, and has better stability against classical PSO, GA
and FOA.
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1

Introduction

With the development of distributed technology and Extensible Markup Language
(XML) technology, web service technology appeared. Web service absorbs the advantages
of distributed computing, grid computing and XML technology, and has been applied
successfully to heterogeneous distributed computation, as well as reuse of code and data.
In the meantime, it also has merits of high inter-operability, platform independence,
loosely coupling and highly integrated capability. Nevertheless, a single web service
cannot often meet the needs of users. Consequently, web service technology aims to
enable the inter-operation of heterogeneous systems, reuse of distributed functions in
an unprecedented scale and create value-added business applications composed by
dynamically selected individual services (Rao and Su, 2004; Zeng et al., 2004). This
technology is called Service Composition (SC), and it has achieved significant success.
However, selecting web services for a composition is not an easy problem because
there may be many web services equal in functionality but different in Quality of Service
(QoS). One of the basic concerns is to optimise the overall QoS value of the composition.
Figure 1 shows an example of a web application for finding the best car offers. This
example originates from He et al. (2014) and is adapted to the characteristics of this
research. In this example, for each sub-task (shown in the grey box), a very large number
of candidate services are available to provide the required functionality but with different
QoS values. Users are typically unaware of the involved services. They specify their
QoS requirements in the Service-Level Agreement (SLA) in accordance with QoS
constraints (e.g. maximum availability, minimum response time, minimum cost,
maximum reputation). The goal of QoS-aware service composition is to select one
service for each sub-task such that the aggregated QoS values satisfy all QoS constraints
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at the application level. Key issue in optimising the overall QoS value is time complexity
and it has proved to be an NP-hard problem (He et al., 2014; Yilmaz and Karagoz, 2014;
Wang et al., 2014).
Figure 1

Example of service composition

In addition, with the arrival of the era of cloud computing, the concept of ‘everything as a
service’ makes service computing even more popular. Users’ needs increase continuously
and consequently the service computing system takes on notable characteristics including
dynamics, loose coupling and large scale. At the same time, more and more service
suppliers begin to provide web services that have similar functions but different levels,
which leads to the increase of the number and scale of service. Therefore, the problem of
non-functional parametric SC receives more and more attention. Nevertheless, the SC
problem is complex, multi-polar, strong constraint, dynamical and high dimensional. It is
difficult for the traditional optimisation techniques [such as Integer Programming (IP)
(Hossain et al., 2012), Dynamic Programming (DP) (Uc-Cetina et al., 2014), Linear
Programming (LP) (Gabrel et al., 2014) and graph algorithm (Chen and Yan, 2014; Lin
et al., 2012] to be applied to this new application scenario. Although exhaustive method
can guarantee gaining the optimal solution, it is only suitable for small-scale application
scenarios. As a classical optimisation algorithm, DP is good at solving a problem
with two key factors: optimal substructure and overlapping sub-problem. The runtime of
DP depends on the total number of the sub-problems and the numbers chosen in subproblems. Compared with the exhaustive method, DP improves the efficiency greatly,
but its runtime is still pseudo-polynomial. LP combines the SC problem for the
multidimensional purpose by an abstract optimisation model generally following the
linear fitting. However, it is difficult for the LP method to find the optimal solution to the
problem efficiently when the dimension of the problem is large. SC problem can also be
abstracted as a graph-theoretic problem, which can be solved by graph algorithm. Graph
algorithm is more intuitional, but the problem of SC needs to be converted to obtain
topology among the services at first. In addition, the acquisition of topology information
will consume substantial time. There are also many intelligent optimisation algorithms
such as Genetic Algorithm (GA) (Niewiadomski et al., 2014), Particle Swarm
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Optimisation (PSO) (Fang et al., 2014; Zhang, 2014) Ant Colony Optimisation (ACO)
(Yu et al., 2015; Rostami et al., 2014) and Fruit Fly Optimisation Algorithm (FOA) (Pan,
2012). Among them, FOA is the simplest but a relatively powerful one. It has only three
control parameters, and its procedure is simple to understand and implement (Pan, 2012;
Shan et al., 2013; Li et al., 2013).
However, these optimisation algorithms still have some shortcomings for practical
applications. For instance, GA is strongly dependent on the initial population and is timeconsuming. PSO relies heavily on the parameter settings and may fall into local optimum
easily. ACO is easy to lapse into stagnation and converges slowly. FOA is still not
successfully applied to web SC optimisation.
We propose a novel and quick algorithm IFOA4WSC to meet the large-scale SC
scenarios which remains effective and efficient when the candidate services scenario
scales up. In particular, our main contributions can be summarised as follows.
1

An improved quick and effective optimisation algorithm, IFOA4WSC, for QoSaware large-scale SC, is proposed, which adopts dynamic step, information sharing
and elitist strategy. Furthermore, the motion and position equation of fruit fly swarm
are presented.

2

The convergence condition of fruit fly swarm in IFOA4WSC is analysed. It
postulates that random value is constant, which provides theoretical foundation for
further improving the effectiveness and the efficiency of IFOA4WSC.

3

A comprehensive comparison of state-of-the-art heuristic optimisation algorithms is
presented. These benchmark algorithms are often used to evaluate the performance
of various new SC optimisation methods.

In our evaluations, we show that our algorithm is effective, highly efficient and more
stable than classical PSO, GA and FOA for QoS-aware service composition.
The structure of this paper is as follows. Section 2 gives the related works of QoSaware SC and Section 3 elaborates the formulation of SC problem. The IFOA4WSC
algorithm, including its modelling, convergence analysis and implementation, is discussed
in Section 4. Section 5 compares our algorithm with PSO, GA and FOA. Experimental
results in Section 6 demonstrate the benefits of our algorithm. Conclusions are drawn in
Section 7.

2

Related works

There are many researches applying intelligent optimisation algorithm to the problem
of QoS-aware SC. Wang et al. (2013) designed a genetic algorithm for web service
selection based on QoS awareness by the relational matrix coding. Vasumathi and
Moorthi (2012) presented an algorithm called ANN-PSO which combines adaptive
neural network with PSO. El Hadad et al. (2010) proposed a service selection algorithm
to meet the user preference. User preferences can be used as the weight of QoS standard
and the risk level to make semantic definition of transactional demand. Alrifai et al.
(2010) reduced the number of candidate services and selected services more efficiently
based on skyline. Wang et al. (2010) introduced a QoS-aware service selection model
based on fuzzy linear programming. The model can distinguish the differences of
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candidate services and assist consumers to opt the optimal service according to their
expectations and preferences. Liu et al. (2010) used ACO in generating fitter individuals
in initial population of GA to improve the convergence rates. Yilmaz and Karagoz (2014)
proposed two hybrid GAs and adopted the heuristics Simulated Annealing (SA)
(Giedrimas and Sakalauskas, 2012) and Harmony Search (HS) (Geem et al., 2001) as
smart mutation operator.
Off-the-shelf researches play a great role in developing the theory and application of
SC. Nevertheless, the existing methods generally reduce the solution scale based on some
constraints (such as user preferences) or operations (such as Skyline) and then obtain the
optimal solution. They sacrifice some identical or similar web services and have very
strong subjectivity. Especially, there are still some defects such as prematurity and long
response time in applications of QoS-aware large-scale SC. In addition, the common
disadvantages of these stochastic algorithms are complicated computational processes
which cause difficulty for beginners to understand their principles. Hence, a quick and
effective service composition is indispensable to achieve close-to-optimal results within
an acceptable period of time.
FOA proposed by Pan (2012) is a novel, evolutionary computation and optimisation
technique. This new optimisation algorithm has the advantages of being easy to
understand and to be written into program code which is not too long compared
with other algorithms. Therefore, FOA has higher optimisation efficiency than other
classical PSO, GA for the same number of iterations. However, FOA also has some
disadvantages: (1) it may fall into local optimal or be premature in multi-model
optimisation problems (Yuan et al., 2014) and (2) it cannot solve complex optimisation
problems effectively (Shan et al., 2013). Therefore, the design of high-performance
intelligent optimisation algorithm is imperative for solving the large-scale SC problem
with QoS-aware multidimensions efficiently.

3

Problem formulation

The QoS-aware service composition problem is briefly defined as follows (Liu et al.,
2014): given a fixed service process consisting of a set of sub-tasks and the structural
relationships between the sub-tasks, the algorithm selects one concrete service
component for each sub-task from its candidate service set, and the final result satisfies
the QoS constraints raised by a user. The QoS attributes we consider here include
availability, response time, cost and reputation.
Definition 1 [web service (s)]: Web service is a four-tuple. s = {ID, Source, Function,
QoS}, where ID is the unique identification of web service, Source is the fundamental
information including service name and publisher; Function is a function describing web
services and QoS is the quality of web service. s  S, where S represents web service set,
which has identical functions but different non-functional attributes (QoS).
Definition 2: QoS can be expressed as a four-tuple, QoS = {Ava, RT,Cost,Rep}, where
Ava, RT, Cost and Rep represent the availability, response time, cost and reputation,
respectively.

86

Y. Zhang et al.

(1) Availability (Ava). Availability refers to the time when a web service can provide a
specific service, i.e. the proportion of the time when web service is accessed
successfully in the time period t:
Ava =

tsuccess
t

where tsuccess represents the time of accessing service successfully within the time
period t.
(2) Response time (RT). Response time is the time from a user submitting service
request to service execution being complete and returning results. It mainly includes
web service execution time RTexe, network transmission time RTtrans and other time
consumption RToth:
RT = RTexe  RTtrans  RToth

(3) Cost (Cost). Cost means the total fee from a user submitting service request to
service execution being complete and returning results. It mainly includes service
basic cost Costserv such as software (SaaS), hardware (IaaS) and platform (PaaS),
and service management cost Costmang:
Cost = Costserv  Costmanag

(4) Reputation (Rep). Reputation measures the degree of the reliability of a web service,
mainly based on the user’s experience of using web service. Different users may
have different evaluations on the same web service:
n

Rep = 
i =1

Repi
n

where Repi represents the evaluation that the ith terminal user has on web service.





Definition 3: Service composition is a multi-tuple. SC = sij sij  Si  i 1, n  j 1, mi  ,
j

where (1) Si denotes the set of candidate services of the ith sub-task, (2) si represents
the jth web service of candidate service set in the ith sub-task and (3) n and mi represent
the number of sub-tasks and candidate services in the ith sub-task, respectively. Thus, we
can conclude that SC  S1  S2  …  Sn–1  Sn.
Any execution path of web SC is composed of four fundamental patterns (Al-Helal and
Gamble, 2014; Liu et al., 2004) (Figure 2), including (a) sequence, (b) selection, (c)
parallel and (d) loop.
(1) Sequential model (Figure 2a). The computation formula for QoS is listed in Table 1 (a).
(2) Selection model (Figure 2b). Supposing that the probability of each service Si being
selected is i.

n



i

= 1 . The computation formula for QoS is listed in Table 1 (b).

i =1

(3) Parallel model (Figure 2c). Each service Si is executed in parallel and the
computation formula for QoS is listed in Table 1 (c).
(4) Loop model (Figure 2d). Supposing that circulation model is executed  times. The
computation formula for QoS is listed in Table 1 (d).
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Four fundamental patterns for SC

The QoS computation formula of four basic composition patterns

Aggregation function

Attribute
Availability (Ava)

Sequential model (a)
Selection model (b)
Parallel model (c)
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i =1

n

Avai  i
i =1



n

Response time (RT) Cost (Cost) Reputation (Rep)



n

RTi

i =1

n

RTi  i
i =1

MAX  RTi  , i  [1, n ]

Avai

i =1




n

n

Costi

i =1

Costi  

i =1



n

Costi

i =1




n

n

Repi

i =1

Repi  i

i =1



n

Repi

i =1

Loop model (d)

Ava

RT  

Cost  

Rep

Dimension type

Increasing

Decreasing

Decreasing

Increasing

Constraint type

Upper

Lower

Lower

Upper

Assuming that the other three non-sequential structures can be converted to the
sequential, this paper adopts the sequential structure model as the basis to research issue
of web SC optimisation.
Definition 4 (QoS pretreatment): Different types of indexes have different dimensions.
It is necessary to eliminate the incommensurability stemming from different dimensions
and different dimensional units. Therefore, all indexes need to be normalised to a
dimensionless interval according to a certain utility function (usually it is normalised to
[0, 1]) before the cooperative evaluation. This paper only considers the discrete indexes
and normalises them according to the following equation:
  q max
 qij
j
  max
min
 q j  q j

1

qij  
min
  qij  q j
  q max  q min
j
 j
 
1


q max
 q min
j
j
q

max
j

q

min
j

q

max
j

q

min
j

q

max
j

q

min
j

benefit _ type

(1)
cos t _ type
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where q max
and q min
represent the current maximum and minimum values of the jth
j
j
evaluation index, respectively. Their values will change dynamically with the joining or
withdrawal of web service.

4

IFOA4WSC: the proposed algorithm

IFOA4WSC is based on the fruit flies’ foraging characteristics, which adopt the dynamic
step and elitist strategy to obtain the optimal SC. Our discussion will be as follows.
Firstly, the IFOA4WSC algorithm is modelled according to the problem formulation of
SC, including individual fruit fly coding, distance and smell concentration judgement
value definition. Secondly, the fitness function is defined to judge the pros and cons of
SC. Thirdly, the convergence of fruit fly swarm is analysed and then the IFOA4WSC
algorithm is implemented finally.

4.1 Algorithm modelling
4.1.1 Individual fruit fly
In the experiment, service composition is a five-tuple, i.e. each record of SC contains five
sub-service processes. Therefore, when each sub-service is regarded as a single
individual fruit fly, each SC contains five individual fruit flies. Each fruit fly belongs to
different sub-service sets. In this way, IFOA4WSC iterates with the five files separately,
and then the optimal solution is obtained by using the fitness function value of each
composition. Finally, the location of the five flies in the optimal service set is just the
location of each sub-service.

4.1.2 Coding of individual fruit fly and motion equation
The code for individual fruit fly adopts a discrete method called integer encoding. The
integer represents the location of the fruit fly in its set of sub-service. Motion equation is
defined by the direction and the size according to which fruit fly swarm can move
optimally. Thus, the motion equation is as follows:
Vbnt 1  Vbnt  C1  Pbnt  X bnt   C2  Pgnt  X bnt 

(2)

The further position equation is
xit,n1 = X bnt  Vbnt 1     [1,1]

(3)

where Pbnt and Pgnt represent the optimal location of fruit fly swarm in the tth iterative
process and the global optimal position which has been found after t iterations,
respectively. X bnt represents the optimal location of individual fly in the tth iterative
process and the location of fruit fly swarm in the next iterative process, Vbnt 1 represents
the movement speed of fruit fly swarm in the (t + 1)th iterative process and xit,n1
represents the nth-dimensional location of the ith fruit fly in the (t + 1)th iterative
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process. C1 and C2 are non-negative constants, denoting learning factor.  denotes inertia
weight. , denotes random values uniformly distributed in [0, 1]. C1, C2 and  are
defined as

t   C1,max  C1,min 
 C1  C1,max 
iter


t   C2,max  C2,min 
 C2  C2,max 
iter


 iter  t   max  min 
  min 
iter


(4)

where max and min are the maximum and minimum values the inertia weight can take,
respectively. C1,max, C1,min, C2,max, C2,min are the maximum and minimum values the
learning factor can take, respectively. t and iter denote the current evolutional algebra
and the total evolutional algebra, respectively.

4.1.3 Distance (Dist) and smell concentration judgement value (Smell)
All of the individuals are one-dimensional values in the background of actual swarm
when defining individual fruit fly. Consequently, in each iteration of IFOA4WSC for
each fruit fly, the reciprocal of the offset which is the location of the fruit fly in its own
set related to the 0th record is used as the distance. After that, the value of smell
concentration judgement is calculated by using the relation between Dist and Smell, and
then fitness is calculated. The Dist and the Smell are defined as
Dist tj,k1 =

1
x tj,k1

Smell tj,k1 =

1
Dist tj,k1

(5)

where x tj,k1 represents the location of the kth fruit fly of the jth fruit fly swarm in the
(t+1)th iterative process by equation (3). It is the location where the individual fruit fly is
shifted in its set of sub-services. Dist tj,k1 denotes the distance of the kth fruit fly of
the jth fruit fly swarm in the (t+1)th iterative process. Smell tj,k1 represents the smell
concentration judgement value of the kth fruit fly of the jth fruit fly swarm in the (t+1)th
iterative process.

4.1.4 Fitness function
Fitness function calculates the fitness of each SC . The pros and cons of each SC are
judged by fitness values of different SC. Combined with the results of QoS after preprocessing using equation (1), the fitness function can be defined as
n

m

n

m

fitness = Sw jWk Q jk = Sw jWk Smell tj ,k
j =1 k =1

j =1 k =1

n

n

j =1

j =1

= W1 Sw j Smell tj ,k  Ava j   W2 Sw j Smell tj ,k  RT j 
n

n

j =1

j =1

 W3 Sw j Smell tj ,k  Cost j   W4 Sw j Smell tj ,k  Rep j 

(6)
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where Smell tj ,k represents the kth component index of individual fruit fly of the jth
swarm in the tth iterative process. Sw j , Q jk and Wk represent the weight of the jth subservice in the SC, the kth component index in the jth sub-service and the weight of the kth
component index, respectively. n and m denote the number of sub-services and QoS
indexes in each sub-service, respectively.

4.2 Convergence analysis of fruit fly swarm
First, we assume that the random values in equations (2) and (3) are constant. A detailed
analysis of the convergence of fruit fly swarm in IFOA4WSC is as follows.

Analysis 1: simplification of equation
For the convenience of analysis, random values ,, are substituted with 1, 2, 3, so
equations (2) and (3) could be simplified as

V t 1 = V t  1  P t  X t    2  Pgt  X t 

(7)

X t 1 = X t   3V t 1

(8)

From equation (7), we obtain
Xt =

V t  1 P t   2 Pgt  V t 1
1   2

(9)

From equation (8), we can also obtain
V t 1 =

X t 1  X t

3

(10)

Equations (7)–(10) are combined together and then the following equations are obtained:
V t  2 = V t 1  1  P t 1  X t 1    2  Pgt 1  X t 1 

(11)

X t  2 = X t 1   3V t  2

(12)

X t 1 =
V t 2 =

V t 1  1 P t 1   2 Pgt 1  V t  2
1   2
X t  2  X t 1

3

(13)

(14)

Substituting equations (10) and (14) into (11), we can get
X t  2    1  1 3   2 3  X t 1   X t  1 3 P t 1   2 3 Pgt 1 = 0

(15)

Substituting equations (9) and (13) into (10), we get

13   2 3  1V t  2    1V t 1
V t  1 P t  1 P t 1   2 Pgt   2 Pgt 1 = 0

(16)
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Assuming that P t = P t 1 = Q1 , Pgt = Pgt 1 = Q2 , equations (15) and (16) together give
X t  2    1  1 3   2 3  X t 1   X t  1 3Q1   2 3Q2 = 0

(17)

1 3   2 3  1V t  2    1V t 1  V t = 0

(18)

As mentioned previously, fruit fly swarm fluctuates with the number of iterations.
Location and speed are converted into second-order difference equation. Below we will
discuss motor process and peculiarity of fruit fly swarm in search space at the microlevel through analysis of equations (17) and (18).
Analysis 2: analysis on convergence of speed

Equation (18) is converted by Z-transform and then we can obtain
V ( z) =

z 2V (0)  zV (1)  z (  1)V (0)
z 2  z (  1)  

(19)

where  = 13 + 23 + 1.
Postulate further that 1, 2,3 are constants and the characteristic equation of
equation (19) is computed as
z 2  z (  1)   = 0

(20)

According to analysis on the stability of discrete system, the necessary and sufficient
condition for the stability of system is that all zero points of the characteristic equation
are located in a unit circle centred at the origin in plane z. Therefore, equation (20) is
 1
in equation (20) leads to
converted by bilinear transformation. Postulating that z =
 1
2

  1
 1
  1   = 0

 
 1
  1 
  2   2  1      2  1 = 0

(21)

According to Routh criterion, the necessary and sufficient condition for stability of the
second-order linear system is that all coefficients are positive in characteristic equation.
The stability condition of differential equation (18) is computed as
 1 3   2 3  1 > 0
1 3   2 3  0.5

 21 3  2 2 3  1  0  
 1 3   2 3  2
       2  0
2 3
 1 3

(22)

Therefore, when the condition in equation (22) is met, it can be concluded that
V t = lim  ( z  1)V ( z )  = 0 through the final value theorem of Z-transform. Namely, when
z 0

1, 2, 3 are constants, the speed of IFOA4WSC converges to 0.
Analysis 3: analysis on convergence of location
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Similarly, equation (17) is converted by Z and it can be seen that
X ( z) =

 X (0) z

2

 X (1) z   X (0)  1 3Q1   2 3Q2  ( z  1)

z

2

  z    ( z  1)

(23)

where  =  + 1 – 13 – 23.
Postulate further that 1, 2, 3 are constants and the characteristic equation of
equation (23) is computed as

z

2

  z    ( z  1) = 0

(24)

Equation (24) is converted by bilinear transformation. Postulating that z =

 1
in
 1

equation (24) leads to
    1 2
 2
 1

   1  1 3   2 3 

=0
    1 

 1

  1
 1 3   2 3   2  (2  2 )   2  2  1 3   2 3 = 0

(25)

Similarly, the stability condition of location is computed as
 1 3   2 3 > 0

1  0

 2  2      

1 3
2 3

(26)

when the condition of equation (26) is met, after applying the final value theorem of
Z-transform, we can obtain
X t = lim  ( z  1) X ( z )  =
z 0

1 3Q1   2 3Q2
.
1 3   2 3

That is to say, the speed of IFOA4WSC converges to

1 3Q1   2 3Q2
when 1, 2, 3
1 3   2 3

are constants.
According to detailed analysis on motor process of fruit fly swarm in IFOA4WSC,
the condition equation which parameters select and adjust in IFOA4WSC is obtained.
It provides a theoretical basis for the improvement of convergence and efficiency of the
IFOA4WSC algorithm.

4.3 Implementation of algorithm
It is necessary to eliminate the incommensurability stemming from the different dimensions
and dimensional units given that the established QoS index system has different
dimensions. Consequently, the experimental data should be pre-processed before
the experiment by combining with Definition 4. Then, the pre-processed data are
optimised according to IFOA4WSC. This algorithm includes two parts: QoS preprocessing algorithm and IFOA4WSC. The main steps are described as follows and their
implementation procedures are illustrated in Figure 3.

IFOA4WSC
Figure 3

The implementation procedure of the IFOA4WSC

Algorithm 1

Procedure of the QoS pre-processing algorithm

Require: The original index information of sub-services
Ensure: The normalised index information of sub-services

1: for each Si  S, i  [1,n] do
2: for each sij  Si , j  [1, mi ] do
3:

Get(MAX(Ava), MAX(Rep));

4:

Get(MAX(Cost), MAX(RT));

5:

Get(MIN(Ava), MIN(Rep));
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Get(MIN(Cost), MIN(RT));

7: end for
8: end for
9: for each sij  Si , j  [1, mi ] do
10: sij ( Ava ) =

MAX ( Ava )  sij ( Ava )
;
MAX ( Ava )  MIN ( Ava )

11: sij ( Rep ) =

MAX ( Rep )  sij ( Rep )
;
MAX ( Rep )  MIN ( Rep )

12: sij (Cost ) =

sij (Cost )  MIN (Cost )
;
MAX (Cost )  MIN (Cost )

13: sij ( RT ) =

sij ( RT )  MIN ( RT )
;
MAX ( RT )  MIN ( RT )

14: end for
where Get(MAX(Ava), MAX(Rep)) represents the maximum value of indexes Ava,Rep in
the obtained sub-service set Si, Get(MAX(Cost), MAX(RT)) represents the maximum
value of indexes Cost,RT in the obtained sub-service set Si. The minimum value is
MAX ( Ava )  sij ( Ava )
obtained similarly. sij ( Ava ) =
denotes calculating index value
MAX ( Ava )  MIN ( Ava )
of attribute Ava of the jth individual fruit fly in sub-service set Si. The others are
calculated similarly.
Algorithm 2

Procedure of the IFOA4WSC Algorithm

Require:

The normalised index information of set of sub-services
Ensure:

the record of optimal service composition
1: init(Pbn,i,Vi), i  [1,n]
2: for each t  iter do
3: for each p  sizepop do
4:

for each i  n do

5:

pop[p]si = Pbn,i + Vi    [–1,1];

6:

Dist[ p ]  si =

1
;
pop[ p ]  si

IFOA4WSC
7:

Smell[ p ]  si =
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1
;
Dist[ p ]  si

8:

end for

9:

pop[p]fit = fitness_function(Smell[p]);

10:

if bestfit  pop[p]fit then

11:

bestfit = pop[p]fit;

12:

bestindex = p;

13:

end for

14: end for
15: if Pgn  pop[bestindex]fit then
16:

Pgn = pop[bestindex]fit;

17: end if
18: C1  C1,max 
19: C2  C2,max 
20:   min 

t   C1,max  C1,min 
iter

;

t   C2,max  C2,min 
iter

;

max  min  (iter  t ) ;
iter

21: for each i  n do
22:

Vi = Vi + C1( pop[bestindex]si – Pbn,i) + C2 (Pgn,i – Pbn,i);

23:

Pbn,i = pop[bestindex]si;

24: end for
25: end for
In Algorithm 2, the number of candidate sub-services adopted is assumed to be n and has
four-dimensional indexes, including availability (Ava), reputation (Rep), response time
(RT) and cost (Cost). Pbn,i and Pgn,i represent the local extremum and the global extremum
in the tth iteration, respectively. i is the ith component of extremum; pop is the fruit fly
swarm, sizepop is the swarm size and fitness_function is the fitness function.

5

Comparison of algorithms

To examine how the proposed IFOA4WSC is situated compared to other heuristic
optimisation algorithms, an experimental comparison with other algorithms is undertaken.
PSO and GA have continued to be used as the standard benchmark algorithms to evaluate
the performance of various new optimisation algorithms (Yilmaz and Karagoz, 2014;
Wang et al., 2013; Vasumathi and Moorthi, 2012; Tao et al., 2008; Canfora et al., 2005;
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Tao et al., 2012). Therefore, in this work, PSO, GA and FOA are selected as the
benchmark algorithms against what we evaluate the performance of the proposed
IFOA4WSC algorithm. The fundamental characteristics of the PSO, FOA and GA are
described below.

5.1 PSO
PSO algorithm proposed by Eberhart and Kennedy (1995) is a heuristic evolutionary
computing method and derives from the simplified simulation of the social group’s
intelligent behaviour. The location of each particle represents a solution to optimisation
problem in PSO, which is updated according to two extremums. One is pbest, historical
optimal solution of the particle itself. The other is gbest, global optimal solution which
has been computed. The location renewal equation of PSO is as follows (Moein
Logeswaran, 2014):
vid (t  1) =  (t )vid (t )  C1rand i (t )  pbestid  xid (t ) 
C2 rand i (t )  gbest d  xid (t ) 

xid (t  1) = xid (t )  vid (t  1)

(27)
(28)

where pbesti = ( pbesti1, pbesti2 ,, pbestin ) and gbest = ( gbest1 , gbest 2 ,, gbest n ) represent
historical extremum of individual particle i and historical extremum of particle swarm in
the last t evolutionary process. randi(t) denotes the random value in the tth evolutionary
range of [0,1], and C1 and C2 denote two learning factors.
PSO and IFOA4WSC, belonging to intelligent optimisation algorithms, are deduced
from nature animal’s rule of foraging and have high searching efficiency in the search
space. They could obtain the optimal solution by evolving iteratively according to the
change of particle location. Nevertheless, the two algorithms have differences:


The proposed backgrounds differ. IFOA4WSC is a new global optimisation method
deduced from foraging behaviour of fruit fly. PSO, an optimisation algorithm
deduced from birds’ prey, is an evolutionary algorithm based on birds’ behaviour.



The optimising ways differ. In IFOA4WSC, a fruit fly finds a better position;
then the entire fruit fly swarm move to the position. But in PSO, each individual
changes its location dynamically through each individual optimisation and global
optimisation.



The moving equations differ. IFOA4WSC uses fruit fly swarm location and
movement speed to produce individual fruit fly in a certain range, while PSO shifts
speed and location according to equations (27) and (28).



The biological characteristics differ. IFOA4WSC calculates the smell value by the
distance between individual and origin of coordinate, and then use the smell value to
optimise. However, PSO does not take distance into account.

IFOA4WSC

97

5.2 FOA
FOA is a new approach for finding global optimisation based on the swarm behaviour of
the fruit fly. The fruit fly itself is superior to other species in sensing and perception,
especially in osphresis and vision. The FOA is proposed based on the fruit fly and its
foraging process (Pan, 2012). Algorithm 3 shows the FOA algorithm.
Algorithm 3

Procedure of the FOA algorithm

1: init(x_axis, y_axis);
2: for each t  iter do
3: Get(x,y);
4: Calculate(Dist,Smell,Fitness);
5:

[bestFitness bestindex] = min(Fitness);

6: Set(x_axis, y_axis);
7: end for
Although IFOA4WSC is improved based on FOA, it is an attempt to apply FOA to web
SC and make plenty of amelioration. The specific differences between FOA and
IFOA4WSC are listed below.


The adopted models differ. FOA is an intelligent algorithm based on the foraging
behaviour of the fruit fly swarm, while IFOA4WSC is an improved intelligent
optimisation algorithm based on FOA according to the optimisation problem of
web SC.



The moving equations for individual fruit fly differ. FOA calculates the new location
by x_axis + V*,  [–1,1], while IFOA4WSC adopts the more accurate elitist
strategy and calculates new individuals by equations (2)–(4).



The optimising ways differ. IFOA4WSC considers the effects that evolutional
contemporary optimal particle and optimal particle generated impose on the whole
optimisation. However, FOA does not take it into account.



The moving step lengths differ. FOA adopts fixed moving step length V and produces
new location by V*,  is the random value in [–1, 1]. IFOA4WSC adopts dynamic
adaptation to shift V, and then produces new position by using the altered V * .



The definitions of distance differ. FOA adopts the two-dimensional distance equation
based on rectangular plane coordinate system, while IFOA4WSC regards the
position offset as distance based on one-dimensional coordinate system.

5.3 GA algorithm
Genetic algorithm is a computational model which simulates the natural selection in
Darwin’s theory of evolution and the biological evolution of genetic mechanism.
It is a method of searching the optimal solution in the process of simulating natural
evolution. In GA, the initial population is constituted by individual coding. And then,
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certain operations are applied through the fitness function proposed, such as selection,
crossover and mutation, thereby realising the process of the survival of the fittest. This
experiment adopts classical GA algorithm shown in Algorithm 4.
Algorithm 4

Procedure of the GA algorithm

1: init(pop, pc, pm);
2: for each t  iter do
3:

Calculate(Fitness);

4:

[bestFitness bestindex] = min(Fitness);

5:

select();

6:

crossover(pc);

7:

mutation(pm);

8: end for
where select() denotes selecting operation, preserving individual by roulette. crossover(pc)
denotes interlace operation, adopting multiple points crossover. pc represents the
crossover rate. mutation(pm) denotes mutation operation, adopting single point mutation.
pm represents the mutation rate.

6

Experimental results

6.1 Experimental data and experimental environment
The experiment is carried out in Intel Dual Core i3 2.1 GHz CPU, 4G RAM, Windows 7
OS and Visual Studio 2010. All the Swj in equation (6) are set to be 1, i.e. each subservice accounts for the same percentage. The number of sub tasks is 5. Wk is taken from
the set {0.2, 0.3, 0.2, 0.3}, corresponding to the four QoS indexes in Definition 2. The
parameters in equations (2)–(4) and GA experiment are shown in Table 2.
Table 2

Experimental parameter settings

Parameter

Significance

Value

max

Maximum of inertia weight

0.3

min

Minimum of inertia weight

0.1

C1,max

Maximum of local learning factor

2

C1,min

Minimum of local learning factor

0.5

C2,max

Maximum of global learning factor

2

C2,min

Minimum of global learning factor

0.5

pm

Mutation rate

0.15

pc

Crossover rate

0.8
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To make the experiment more representative, the experimental data set consists of two
parts: the common data set (QWS) and the random data set (RWS). Data set processing is
accessed with the text document as carrier. The QWS data set is provided by Zeng et al.
(2003, 2004). This experiment divides the QWS data set into five sets of candidate
services in accordance with the congruence class relation of module 5. In order to adapt
to the actual situation, the random generated RWS data set is constituted by the data
which follow N(0,1) normal distribution. The specific generation method is as follows.
Postulate that u,v(u,v  [–1,1]) are even-distributed random variables and independent of
each other. Supposing that s = u2 + v2, two random values z0,z1 can be generated. The
generation equations are

2  ln s
 z0 = u 
s


 z = v  2  ln s
 1
s

(29)

To guarantee lns < 0, it is required that s < 1  s  0. If the condition is met, z0,z1 can be
generated and follow N(0,1). In the process of generating data, to ensure that the gained
data are not less than 0, experimental data can be generated by using normal distribution
peculiarity of P( – 3 < X   + 3) = 99.7% and giving z0,z1 a translation 3 units to the
right, respectively. In order to possess higher reliability, the multi-peak experimental data
are generated and the above-mentioned process is executed using each 100 groups of
data. Finally, all the data are normalised unifiedly.

6.2 Analysis on the influence of moving step length V in FOA
In FOA, moving equation contains the fixed moving step length V. To test the influence
of moving step length V on the algorithm, in the case of different number of candidate
services and different value of moving step length V, the statistical result of average
fitness value in 50 runs is shown in Figure 4.
Figure 4

Analysis on the influence of the moving step length V under different number of
candidate services
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It can be seen from Figure 4 that, with the same scale of services, the result of
optimisation varies with different values of V. With the same value of moving step length
V, the optimising gap of different service scales is wide, i.e. the optimal effects are outsync. In IFOA4WSC, moving step length V is not fixed and can make adaptive change
according to optimising location. Consequently, it is essential for IFOA4WSC to improve
the moving step length.

6.3 Comparison of experimental results
In this section, we evaluate the effectiveness, efficiency and stability among PSO, GA,
FOA and our algorithm. We use the same data sets for all algorithms. The experimental
results of all algorithms are shown in Tables 3 and 4 according to the parameter settings
in Table 2. We can see that IFOA4WSC has better optimisation results compared with
PSO, GA and FOA. Its time cost is much smaller than PSO and GA, even slightly higher
than FOA. Furthermore, our algorithm achieves better stability compared to that of PSO,
GA and FOA. This section analyses the performance of the algorithm from three aspects
including effectiveness, efficiency and stability, where RMSE denotes root mean square
error.

6.3.1 Effectiveness
To analyse the optimisation effectiveness among PSO, FOA, GA and IFOA4WSC, the
experiment is implemented 50 times over a population size (120) with 500 iterations. The
average solution of optimisation for QWS data set is shown in Figure 5 and the average
solution of optimisation for RWS data set is shown in Figure 6.
Table 3

Experimental results of different algorithms for fitness value and RMSE

Service scale
IFOA4WSC
PSO
QWS
GA
FOA
IFOA4WSC
PSO
RWS
GA
FOA

100

200

300

400

500

Fitness

0.495

0.486

0.291

0.14

0.138

RMSE

0.005

0.006

0.0092

0.0131

0.0067

Fitness

0.501

0.518

0.376

0.168

0.154

RMSE

0.0134

0.028

0.0452

0.0344

0.0365

Fitness

0.502

0.503

0.317

0.19

0.197

RMSE

0.138

0.0164

0.0362

0.0756

0.055

Fitness

0.572

0.573

0.472

0.402

0.45

RMSE

0.0231

0.0284

0.0714

0.0759

0.0908

Fitness

0.481

0.469

0.467

0.464

0.471

RMSE

0.0034

0.0153

0.0152

0.0372

0.0409

Fitness

0.507

0.504

0.524

0.552

0.553

RMSE

0.0353

0.0475

0.0622

0.0603

0.0634

Fitness

0.487

0.492

0.505

0.487

0.494

RMSE

0.0125

0.0391

0.0363

0.0404

0.0383

Fitness

0.612

0.673

0.681

0.677

0.677

RMSE

0.0477

0.0558

0.0514

0.0607

0.0455

IFOA4WSC
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Experimental results of different algorithms for time consumption (ms)

Iteration

Population scale

QWS

RWS

PSO

IFOA4WSC

GA

FOA

PSO

IFOA4WSC

GA

FOA

100

73.3

51.12

168.02

54.02

200

141.74

98.46

535.76

96.6

76.04

50.82

178.44

50.16

144.8

101.28

567.46

95.58

300

213.34

146.72

1145.28

400

280.56

194.8

1898.64

138.92

240.54

148.32

1152.42 147.62

185.98

281.64

198.12

2026.76 192.98

500

353.14

245.12

2886.04

200

29.64

20.44

67.76

231.34

350.48

246.66

2976.72 238.76

19.24

30.68

18.2

71.6

18.72

400

57.12

40.3

132.32

38.46

55.92

40.6

142.24

40

600

86.72

60.72

200.22

57.12

88.54

62

213.2

61.36

800

112

80.4

263.04

75.58

115.28

82.2

284.54

80.7

1000

140.58

99.4

329.88

95.12

143.52

101.02

352.9

100.04

Figure 5

Average optimisation solution of the four algorithms in QWS

Apparently, as shown in Figure 5, in the QWS data set, the optimisation solution of
IFOA4WSC is superior to that of PSO and GA. Furthermore, with the expansion of the
service scale, optimisation capacity strengthens constantly. Therefore, IFOA4WSC has a
good searching capacity.
Figure 6 also clearly shows that, in the RWS data set, random data are independent
of each other and lack dependency as real data. Therefore, PSO lacks availability
owing to its dependence on the two polar values, i.e. pbest and gbest. Consequently, the
optimisation solution of PSO is slightly worse than that of GA. Nevertheless, the
optimisation solution of IFOA4WSC is superior to that of GA, implying that IFOA4WSC
has stronger generalisation and better optimisation effectiveness.
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Average optimisation solution of the four algorithms in RWS

6.3.2 Efficiency
For further analysis of time overhead among IFOA4WSC, FOA, PSO and GA, we make
two comparisons: the average runtime of optimising 50 times (Figures 7 and 9) with
different population sizes and the same number of iterations (500), and the average
runtime of optimising 50 times (Figures 8 and 10) with the same population size (100)
and different numbers of iterations.
Figure 7

Average runtime of the four algorithms with different population sizes and the same
number of iterations in QWS
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From Figures 7 and 8, in the QWS data set, it is obvious that, in the aspect of overall time
overhead, IFOA4WSC is superior to PSO and GA. Moreover, with the increase of
population size and the number of iterations, the disparity between IFOA4WSC and
PSO, GA gets wider gradually. Above all, IFOA4WSC shows the ascendancy that PSO
and GA cannot replace when the population size and the number of iterations increase.
Consequently, IFOA4WSC has strong searching efficiency.
Figure 8

Average runtime of the four algorithms with the same population sizes and different
numbers of iterations in QWS

Figure 9

Average runtime of the four algorithms with different population sizes and the same
number of iterations in RWS
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Figures 9 and 10 show that, in the RWS data set, it is significantly better than that of GA
and PSO, while time consumption of IFOA4WSC is similar to that of FOA. Especially
when the fruit fly swarm size and the number of iteration is larger and larger, IFOA4WSC
shows the ascendancy that PSO and GA cannot replace. For time consumption, FOA is
slightly better than that of IFOA4WSC. Nevertheless, from Figure 6, it is obvious that the
result of FOA being applied to web SC is far worse than IFOA4WSC. Consequently,
IFOA4WSC has high efficiency in time consumption.
Figure 10 Average runtime of the four algorithms with the same population sizes and different
numbers of iterations in RWS

6.3.3 Stability
To compare the stability of different algorithms, dispersion degree of the results is
recorded in 50 runs and RMSE (Silic et al., 2014) is used for comparison, whose
computational formula is
n

RMSE =

( X

i

 X )2

i =1

n

(30)

where X and Xi denote the average of n times repeated experimental result and
the ith optimisation result separately. The comparison among experimental results
of IFOA4WSC, FOA, PSO and GA is shown in Figure 11 for the QWS data set and
Figure 12 for the RWS data set.
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Figure 11 RMSE of the four algorithms in QWS

It can be seen from Figure 11 that, with the different number of services, dispersion
degree of IFOA4WSC is lower than that of PSO, FOA and GA obviously. Furthermore,
with the increase of services, dispersion degree of IFOA4WSC tends towards stability. It
shows that IFOA4WSC has great stability.
Figure 12 RMSE of the four algorithms in RWS

From Figure 12, we can see that, compared with GA, PSO and FOA, the RMSE of
IFOA4WSC is stably less than other classical GA and PSO with the increase of service
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size. Therefore, it can guarantee that optimal composition is obtained, which indicates the
times of finding optimal solution is significantly more than that of PSO and GA.
Consequently, our algorithm has greater stability.
From what has been discussed above, IFOA4WSC is an efficient, fast and stable
intelligent optimisation algorithm and provides a strong support in theory and practice for
large-scale web SC.

7

Conclusions

An improved optimisation algorithm for web service composition, IFOA4WSC, is put
forward in this paper. We propose the formula of variable-velocity and variable-position
based on the analysis on the effect of moving step length V in FOA. We also analyse
convergence condition of fruit fly swarm in IFOA4WSC postulating that random value is
constant, which provides theoretical foundation for improving the performance of
IFOA4WSC. A host of simulation experiments on real-world data set and random data
set show that IFOA4WSC has a better global searching capacity, higher searching
efficiency and stronger stability.
We use the design of weighted fitness function which converts the core algorithm
into single objective optimisation. As a future work, multiple objective optimisation can
be realised using IFOA4WSC. In addition, the cloud-powered ‘everything as a service’
(XaaS) megatrend is exploding and the number of web services proliferating. Therefore,
parallel IFOA4WSC can be used to improve the accuracy and convergence speed. Our
future work will focus on these aspects.
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