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Summary

Today, service providing for users is one of the main issues and
challenges for users for Web development. So, extensive
researches are presented about the variety of Web services and
how to combine them for giving an optimal response in terms of
time and cost for users. Another issue that must be considered is
the existence of different scenarios for different Web services
composition and designing systems that have a flexible
architecture to satisfy users. For this reason, soft wares that are
being produced in Web services domain should have an optimal
condition for Web services composition. In this article, we will
examine parallel scenario for the combination of different Web
services for making the best answer in the services search space
and will use a Hybrid algorithm of Ant Colony Optimization and
Genetic Algorithm (HACOGA) for increasing the chance of
gaining the best optimal response. The results of the
implementation of this method in MATLAB software show that
HACOGA algorithm will work better than the optimal genetic
algorithm.
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1. Introduction

Today, service-oriented systems acquired special
importance, because of the chance of activity in
heterogeneous distributed environments. The user of these
systems uses services that are provided by system
components. In most cases, the needs of users wouldn't be
resolved by the available single services and the desired
service should be achieved by combining several services.
One of the issues raised in the context of service-oriented
systems is how to combine and manage them. Several
methods have been provided for the composition operation
[1-6]. In this article, we seek a way to manage services
composition according to the service-oriented architecture
layers. Due to problems of convergence speed and falling
into the local optimum in current methods, we were seeking
a method that in addition to convergence and adequate
speed in responding from provided algorithm, method
optimality would be clearly visible in large scale service
composition problem. Combining GA and ACO algorithms
and synchronized implementation of them, is the proposed
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solution for this problem. If these algorithms run
simultaneously and then share their answers with each other,
they can be responsible for optimality and not falling into
the local optimum. In this article, the ACO algorithm early
answers were used to mutate GA answers from local
optimum and GA answers were used to extend the ants
search space. The rest of this paper is organized as follows :

In section II, we describe different approaches
that have already been proposed and use these descriptions
in the next sections. Then in section III, we describe basic
definitions of Web services composition problem. In
section IV, we introduce and express the problem. Section
V presents a way for dynamic optimal Web services
composition and shows experimental results after initial
evaluation. Section VI analyzes and presents the gained
results.

2. Related Works

GA and ACO algorithms have been used in
several methods such as TSP, Knapsack, Test Set
Optimization, Neural Networks, AI and Signal
Transmission problems. But these algorithms are
intrinsically incomplete. GA has some disadvantages such
as weak local search and slow convergence speed and is
vulnerable against local optimum problem. ACO algorithm
has some shortages such as slow beginning and depression
in gaining the sufficient early pheromones .

Many researchers have developed a lot of
algorithms to improve GA and ACO algorithms, because of
the existing problems in each algorithm. Zhang in [7] uses
multi-dimensional GA to solve the multipath services
composition problem, but this algorithm does not support
some complex structures. Hui Ma in [8] presents a
combined method for services composition that combines
genetic programming and random greedy search, but this
method is very complicated and impractical. Stutzle in [9]
presents a MMAS algorithm that the main idea is to limit
pheromones on the path and to update them slightly to
overcome depression. Nakamura in [10] mixed dynamic
programming and ACO algorithm to solve Web services
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composition problem. The difference is that only sequential
combined trips have been considered.

ZhengDe Zhao in [11] has studied on using the
merge of GA and ACO algorithms in Web services
composition. In this method, their approved algorithm uses
the merge of GA and ACO algorithms for solving the
composition time complexity problem. In the first step, the
global optimal path can be found by GA and in the next step,
the overall optimal solution is obtained by ACO
implementation. The convergence speed of this hybrid
algorithm reduced and the time of services composition
increased. It's time complexity is better than traditional
algorithms. However, its implementation time is not
acceptable for growing number of services. Finally, this
algorithm is not effective in terms of convergence speed and
optimality.

3. Web Services Composition basic
Definitions

Service-oriented architecture is a style of
architecture that supports the services loosely coupling for
the sake of the flexibility and interoperability of business,
which is independent of technology and composed of the
combination of a set of services based on business. These
services provide flexibility and dynamic configuration for
processes. Services composition is one of the five steps that
has been introduced in the service-oriented architecture
modeling. These steps are as following: service discovery,
service description, service objectifying, services
composition and service implementation. In this paper, we
focused only on services composition step and its available
methods. Services composition is the progress of a
composite service development.

To compare services quantitatively, the QoS
function makes the quality quantitative. Meeting any need
for the user has a privilege by which the overall QoS is
evaluated and used in comparisons. Eq. 1 shows how to
calculate QoS [12].

@ [12] QoS(s)= Zwi * Score(s)

In Eq. 1, the user gives score w; to meet the i-th need
and the s service can meet this need with the Score; quality.
When we are looking for implementing a composite service
to perform a composite action, initially we plan its
implementation program, and then find the considered
service for every operation. There may exist multiple
services for any action on the system space, which we call
them the candidate services. Service implementation on
schedule, causes the implementation of the composed
service.

The composite service: In the system space, many
candidate services are provided by different suppliers for
every action, so that selecting the appropriate service among
them by the user can be a difficult and almost impossible
act [13, 14], so by the automatic service composition, a
computer system can choose the appropriate service in the
shortest time with the highest accuracy in the midst of
services for each action.

For every action in the implementation program, we
choose a service that its function feature demonstrated its
ability to perform the expected action and benefit of an
interface that fits with nearby services. The extent of
service-oriented systems and the existence of multiple
suppliers lead to creating associate services with different
interfaces and we should consider that they match together
during the composition operation.

When creating services, we select a state among
various states that in addition to the adaptation of function
and interface features, as well as the acquired service, has
the best quality (maximum QoS) according to the user
criteria and will finally have an optimized composite
service.

We can consider the optimization both local and
global. We select a service with the highest QoS of the total
collaboration services for each action in the local optimum.
This method acts as greedy, so has a high speed, but does
not guarantee the optimization of the entire service. In the
global optimality, we look for services for each action that
by putting them together, the QoS of the composite service
finally have the highest value. It should be noted that the
entire QoS of the composite service is the sum of QoS
features of constituent services of the composite service.

Choosing the best case can be done at design time
and all required services can be collected together (static) or
occurs at run time that in this case, we find the appropriate
services of each action and then we go to the next action
(dynamic). Due to changes in the quality and number of
services, dynamic choices are more realistic and produce
more practical results [15].

If running a Web service implementation logic was
involved with calling another Web services, it is necessary
to combine the functions of several Web services and the
final result is called composite service. Services
composition is the process of creating a composite service.
Services composition can be done with the composition of
atomic services and composite services in which case the
topic of Hierarchical services composition arises. In the
composite service case, the answer of customer requests has
been implemented with several services. In the following,
we describe a dynamic way to find the optimal composition
in order to build composite services.
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e  Genetic Algorithm

Genetic algorithm was presented in 1975 by John
Holland. This algorithm is a random search technique that
is based on the human evolution theory. In fact, genetic
algorithms are stochastic search techniques based on natural
mechanisms and composition and mutation genetic rules.
Genetic algorithms begin with an initial set of random
solutions called initial population. Each member of the
population is called a chromosome that shows an answer to
the problem.

The chromosomes evolve during frequent periods
and each period is called a generation. In every generation
the population changes. A new generation is created that is
more powerful than previous population in terms of being
close to the optimal solution. The evolution of
chromosomes will be done in two ways [16, 17].

At first step, a number of chromosomes are
randomly selected from the population and are combined
together to create new elements. Different and several
methods enumerated for genetic algorithms that each of
which has its own advantages and uses. Mutation is the
second step that one or more chromosomes are randomly
selected in each iteration in this step and also one of the
genes in the chromosome is randomly selected and will vary
according to the specific mechanism, as a result, new
chromosomes are generated. The mutation step is very short
and the mutation rate is usually a small value. In the final
step, the new generation is selected from the best members
of the expanded population of the number of the initial
population and is considered as a new generation. There are
various methods for the selection step such as roulette wheel
selection, complete random sampling, local and shear
selection. Genetic algorithms differ in the combination,
mutation and selection methods or the order of using these
stages.

e  Ant colony optimization algorithm

In 1996 Dorigo and Gambardella created reforms in
the ant algorithm and presented the ant colony optimization
algorithm [18]. This algorithm is different from previous
algorithm in three factors, these differences are as follows:

1. The position transfer rule that controls the effect of
new nodes and previous nodes on the algorithm.

2. The general update rule that is used only in the
nodes that belong to the better ant path.

3. When the ants create an answer, the local update
rule is used.

The ACO algorithm method is an evolutionary way to
search in the answer space. So in this way the purpose is to
find a path that has less distance to the food. This shorter
path for the ants is determined based on the accumulation

@[19]

_ W1*Cost(g)+W 2*Responselime(g)
W 3* Availability (g )+W 4*Reliability (g)
cli(g)<0,i =1,...,n

of pheromone on the path. In Web services composition
problem, there are several paths based on the number of
services on the previous or next level in each service level.
Of course, there is not any path in the first or last level.
When the ant colony algorithm begins to search, at any level
examines how much the cost between any compositions of
two services is, this means that we use the Eq. 2.

The major difference between ACO and GA
algorithms during search is that the ACO algorithm only
searches randomly at start time and by continuing the search,
tries to find the optimal path based on the smart pheromones
redundancy method.

When we look good on Eq. 4, we can see that with
regard to the Eq. 7 which specifies how to initialize the
pheromone, the ACO algorithm can recognize the
importance of services composition by the evaporation rate
based on the passage of time. This method, recognition by
the amount of pheromone, is a local search method at each
service level for identifying those services that are mostly
combined together. Recognizing the services that are
mostly combined together, causes the search in two services
composition at each level to be done more smartly and the
random search should be avoided. It also causes the results
to be more accurate, because the amount of pheromone is
obtained based on a function of time and the pheromones
evaporation occurs during the time. The stronger
compositions are specified in the services composition,
gradually. Since the main purpose of this paper is to
recognize the optimal services composition and the
important parameters of optimization are qualitative
parameters; at each level, services composition should
happen optimally from the perspective of the qualitative
parameters. Services that have a better state in terms of Eq.
2 (i.e. have a lower value), at different times also could have
a better value. But if the value of the composition also
changes, the algorithm adapt itself to new conditions and
finds the best new services composition and thus, for each
level, the best services composition are identified and used.
The second part of Eq. 2 is not applicable in the ACO
algorithm and is used to find the optimal services
combination in the genetic equation.

When we are talking about optimizing the
compositions, we discuss about the Eq. 2 and try to
minimize this equation. That means, QoS is at its maximum
state in the service-oriented architecture if F (g) is minimal.
Because this function is the function of the services
composition cost and it is optimal when it has a minimum
value. But the second part of the equation that is

W5*D(g) , in fact, is the value of solution violation. The
reason for considering this violation is for guiding the
algorithm to the problem feasible space. GA tries to
minimize the cost function (Eq. 2) and when the solution is

V' 5%D(g)
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violated, it's found out that produced solution is not a perfect
solution. But the main point is how to find the best solution.
The method of creating solutions in GA is random, that
means, creating solutions is based on the use of solutions
that are created and prepared randomly using GA operators
(Mutation and Crossover), but there is no assurance to
provide a better solution than the current solution and this
recognition is only through minimizing the Eq. 2. But if
there are more efficient solutions which are not found by
genetic algorithm by using random operators, it can be
stated that the algorithm has fallen into the local optimum.
In this case, if we want the genetic algorithm to find a better
solution, it will be almost impossible, unless in one of the
iterations of the algorithm an answer is produced by the
mutation operator which is better than the previous answers
and this means that the algorithm browses a part of the
search space that is feasible, but until then the algorithm has
not been in that space for searching. What we can conclude
from this problem is that, if the search space is large, i.e. , if
we have 20 levels to select services and there are 50 services
at every level (i.e. 1000 different services) and we want to
achieve the optimal services composition using an
algorithm such as GA, there will be the risk of falling into
local optimum by this algorithm.

The ACO algorithm that we used is the algorithm
presented by Dorigo in 1996 [18]. In this algorithm at first,
m ants that have memory created in the first phase, these
ants are placed randomly on n nodes. There is an initial
value of pheromones on each node. In the second phase, in
order to create the initial answer, the following steps are
performed in parallel.

a) The ant that located in the r node, uses the Eq. 3 to
select the s service for its next move that is known
as the state transition rule in the ACO algorithm.
In Eq. 3, q is a random number between [0, 1] and
qo is value between zero and one.

3 5= {m‘gn:axue‘;__;,‘{:r'l.r. w1.[n(r, u)]s} =iflg = qp
- s = other

In this equation, t (1, s) represents the amount of
pheromone on the arc (1, s), 1 (r, s) represents the inverse
distance & (1, s) and Ji (r) is the remaining services set for
crossing the k ant that is located on the r-th service.  is a
parameter to determine the importance of the relationship
between pheromones and distance. Also in the above
equation, S is a random variable that follows the probability
distribution that is showed in the Eq. 4.

:r(‘ r.s)l. Ir,n: S )]S
@0  pplr.s)= IE-_‘,E',-_:‘,‘:TU'.S)] An(r.5)18

0 = other

= if (s € J(r))

In this equation, px (1, s) is the probability that the k-th
ant selects the r service after the s service.

b) After the ants created their own paths, they
returned to their initial service. At this step, the
local update occurs and the pheromones are
changed by using the Eq. 5.
(5) [21] tlr.s) « (1 = pl.7lr.s) + p.Ar(r.s)

In this equation, p is the pheromone evaporation
parameter and At (r, s) is obtained from the equation 6.
(Lgp)~* = if (r.s) € global_best _tou

©) Ar( .".s){

0 = other

Which Ly, is the length of the best path that is found in the
current iteration of the algorithm.

c¢) Finally, if the condition have been established, the
algorithm stops, otherwise the above steps will be
re peated.

4. Research methodology
4.1 The objectives

As mentioned in the previous section, the services
composition arises as a basic requirement for further
organizational goals in response to customers' needs with
the consideration of new requirement to meet the introduced
needs and benefit from multiple services simultaneously.
We can mention candidates with equal operational
characteristics and different quality characteristics such as
response time, cost, accessibility, reliability, security and so
on.

Each services composition has different features
that are combined in different scenarios to respond to the
needs of users. For this reason, the consideration of services
composition is under consideration in terms of the scenario
and the composition optimality for the scenarios. Hence
organizations as well as Web service providers, need to
formulate these compositions optimally in accordance with
different scenarios to reduce the computing costs and time
and increase the quality of service provided to users. This
research tries to provide a new algorithm, in order the
optimal services composition to be performed optimally, so
that services can be provided with a high quality based on
services composition parameters as well as pending
scenarios.

The optimal services composition problem is more
important because if the process is composed of m steps and
each work includes n candidate services on average, so
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there are n™ different ways to combine Web services at the
end and this issue turns the services composition to a NP-
Hard problem. Many different methods have been proposed
based on various algorithms for solving the problem of the
optimal Web services composition, the Web services
composition optimality problem is discussed more than any
issue in the proposed algorithms; Because in different
search algorithms such as GA, also the random search
method and the search optimality criteria is based on
formulating the problem as the cost function. For this reason,
and due to the evolutionary approach of genetic algorithm
that is based on randomly creating composition responses,
it can be noted that the algorithm may be stuck in a local
optimum. Hence, due to random search or define constraints
with defect or inconsistency, the problem falling into the
local optimum that really is not optimal or is a part of the
infeasible response, or is an answer that can be just as a
response to find the best answer, but is not the best answer,
this issue causes the ways in which search methods that are
not only based on random search be more important. In this
article, the optimal services composition problem is
presented with different scenarios by the hybrid algorithm
of ACO and GA algorithms (HACOGA). The results of this
article indicates that HACOGA algorithm is appropriate for
being used in the field of the optimal Web services
composition.

4.2 Modeling Assumptions

The Web Services composition problem consists of
n services that there could be one path between its any two
services. Each of these paths has a certain distance or cost.
The Web services composition will start its own path from
one service and then travel all services and passes each
service only once, and finally return to the origin service. In
this issue, the goal is to find a sequence of services that Web
services composition pass them, so that the total traveled
distance (travels cost) is minimized by the seller.

It is easy to understand the Web services
composition problem, but if the problem size enlarges,
solving it gets hard and in large-scale is nearly impossible.
If we show the distance between i and j nodes with d;j; and
if dij = d;;, then Web services composition type is symmetric,
otherwise it is asymmetrical Web services composition [22,
23].

4.2.1 Finding the optimum composition

In this article, we present a method in which the
services available in the system space are considered as
nodes of the graph. We form the edges of this graph to
correspond to the actions. After making a graph, we find the
best way with a search among existing paths and introduce
the set of services that are located on that path as the best

service composition. In the following, we will consider how
to make graphs and searching in it [22, 23].

4.2.2  The QoS model

The first step to achieve the optimal Web services
composition is to create an appropriate model for describing
the qualitative characteristics of them. This model should
be accepted by customer and service provider. Qualitative
characteristics of Web services are divided into two general
categories: positive and negative features. The most
important features include response time, cost, reliability
and accessibility. Another item that must be specified in the
QoS model is how to calculate the total amount of
qualitative characteristics of composite Web service that is
done using Table 1 [24].

Table 1: The formula for calculating the qualitative characteristics
of the composite Web services in parallel scenario [24]

Feature Resg) onse Cost Accessibility | Reliability
time
Caleulation | RUXD L P&D l yyx x| ROD
Formula max{ Rt(x2) | +....+ Alxn) LK
U .. Rt(xn)} P(xn) X R(xn)

w is a parameter to express the importance of each
parameter in services composition. In this equation, the
ratio of cost in response time on the amount of accessibility
and reliability is displayed that is well represented the
service composition state, because all the main parameters
that affect the services composition are included in this
equation.

4.2.3  Web services composition optimization

All states that are available for service composition
are stored in a matrix in multi levels with respect to the
ranking. At the same time the ACO algorithm and genetic
algorithm start searching for composition states in the
matrix as follow to find the optimal services composition.

In the Web services composition problem, finding
the optimal Web services composition is same as finding
the best path on the ACO algorithm, with the difference that
in here the distance have no meaning and we use the Eq. 2
to check the QoS. When the cost of the path is calculating
by the Eq. 2, the output number shows the state of
composition. As mentioned earlier, when the value of F(g)
is lowest, it means that we have reached the best solution
for composition in two service levels. The mathematical
concept of this problem is displayed in Eq. 7.

Route; | Minimum (F (Routei Jj ))
7 O timize oute, !‘
( ) 2 Route; ; Maximize(T( ia J))

Route;
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The Eq. 7 describes that in the services composition
of two levels, there is the best composition when the
calculated cost according to Eq. 2 have the lowest value and
therefore, the amount of pheromones in this composition
has the maximum value. In fact, the ACO algorithm has a
table for each service level that finds out where the value of
the cost function 2 is minimum after calculating the Eq. 2
for the number of services at any level. The use of
evolutionary algorithms is the reason for using a number of
available services and because of we do not want to
examine all possible compositions. After a series of
available services compositions, the amount of pheromones
should be the maximum and the algorithm should converge
to that path.

4.2.4  The overall quality of composite service

Since the paths with massive edges have services
with better quality, we choose the heaviest path among the
running paths to find the best service with the highest
quality. So we find the best path in the built graph to find
the best composite service. Therefore, we do a search on the
graph. Among different methods have ever expressed for
quick search on the graph, the dynamic programming
method could search for the best path in the graph with a
good complexity [18].

4.3 HACOGA algorithm

We use ACO and GA characteristics in the hybrid
algorithm that we will explain it in the following. In this
algorithm, the initial answers of the ACO algorithm is used
to mutate (to pass) the GA answers from the local optimum
answers and the GA answers is used to enlarge the ants
search domain. The hybrid algorithm has been developed
only to improve the answer and therefore the problem-
solving time is not been addressed. You can see the general
schema of the Hybrid algorithm in Figure 1. As the figure
suggests, this algorithm has three basic concepts that
include hybrid algorithm, genetic algorithm and the answers
exchange part that will be described later.

One of the main challenges in the field of research
on the optimal Web services composition is the lack of data
collection for investigation and research in this area. For
this reason, the only way to analyze the optimal Web
services composition to use modeling to create optimal
compositions. We also created a model for analyzing the
evolutionary algorithms at Matlab software which can
create a composition scenario for each of parallel,
concurrent, sequential and ring states. To build the model,
we have considered 10 levels and each level has 100
services. That is a composition problem with 1000 services.
The reason for using these services is to expand the space

Run ACO
algorithm
Merge answers to find a

—— solution with lower cost ¢———
function

l

No Calculate cost function for
the new merged answers

Run GA

No

Has the output of the cost
function a lower cost than older
solutions?

Ara thara tha ronditione of
Are there the conaitions of

finishing the hybrid algorithm
for answers?

Replace the answer of the
hybrid algorithm with
answers of other two

algorithms

l

Save the merged solution
as the best spent solution

A 4

Finish

Figure 1: A view of the proposed hybrid algorithm (HACOGA)

of services composition and to specify the hybrid
algorithms performance and better.

To ease the services composition analyzing task for
all existing scenarios, services composition matrix was
created according to the method of calculating the cost
function and then the services composition problem was
given to the evolutionary algorithms to search and find the
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best services composition for different scenarios.
Meanwhile, the parallel scenario provides the best answer
which we can see that in the following. Both GA and
HACOGA were done on the same terms, as 30 times
original iteration and 20 times iteration to find random
answers and the population size (pop) for GA as well as in
same conditions for HACOGA, that is 30 times original
iteration with 20 times sub-iteration in each iteration for GA,
and 30 ants with 20 times search run for each ant to find
optimal answers for different composition scenarios. Table
2 shows the GA parameter settings.

In the utility function (the first part of Eq. 2), cost
and time are aggregated and divided on the availability and
reliability, that this equation represents cost for services
composition. Hence, the lower the value of the output of this
equation, the better composition takes place between
services and the search algorithms such as GA. HACOGA
search the space of optimal answers for this equation.
Through the output of this equation, the amount of
optimality and quality of combined services is realized.

Table 2 : GA parameter settings

Features Answers
Mutation rate 0.02
Crossover rate 0.7

Roulette-Wheel selection
Random mutation, natural
selection and Tournament
selection

Selection operator type

Mutation operator type

Uniform crossover

Crossover operator type .
P yp One-point crossover

Number of  considered
optimal compositions
Number of levels for service
selection

100 from 1000 exist states

10 levels

For the HACOGA algorithm have been set and ready
according to Table 3 parameters.

Table 3 : HACOGA parameter settings

Features Answers
Mutation rate 0.02
Crossover rate 0.7

Roulette-Wheel selection
Random mutation, Natural
selection and Tournament
selection

Selection operator type

Mutation operator type

Uniform crossover

Crossover operator type .
P typ One-point crossover

Number of the ants that to find
100 optimal compositions from
thousands of the existing | m=30
compositions are available at
any execution of the ACO

algorithm
Number of the optimal services
compositions that the ACO | n=100
algorithm should find them.
A random number in [0,1] q
A random number in [0,1] qo
Number of levels for nodes in | _

. . . S=Floor
the optimal services selection

4.4 Evaluation of of the proposed method

The Pseudo codes 1, 2 and 3 respectively are
abstracts of GA, ACO and HACOGA. It is clear from the
flowchart of figure 1 that the ACO algorithm is not as a
separate algorithm, but as an active algorithm in both GA
and HACOGA algorithms. In the Pseudo codes 1, 2 and 3,
MaxIt represents the maximum numbers of iterations, Popc
represents the selected population for the crossover
operation, nc represents the number of parents, Popm
represents the selected population for the mutation
operation and nm shows the number of mutations. Empty
individual is an empty structure to create solution. Costs is
the array of costs of every solution. Pop is the total
population matrix as well as NFE is the number of
assessments performed by the fitness function. The
performance of the NFE in this method, is the same as
pheromone performance in the ACO algorithm.

GA
Problem Definition & Initialize
For it=1 : MaxIt //main loop for GA
Execute Crossover operation;
Execute Mutation operation;
Pop =[pop Popc Popm];
Costs = [Pop.Cost];
SortOrder Pop and Costs;
Trauncate extra members;
Update Best Solution & NFE
End
Extract Results
End

Pseudo code 1: Genetic algorithm (GA)

In the following, we analyze and compare the results
of the optimal Web services composition using genetic
evolutionary and HACOGA algorithms.

ACO
Problem Definition
For it = MaxIt //main loop for ACO
Place ant on random positions
For i =nNode
ant(k).P = tau(i,j) " alpha * etha(l,j) " beta;
//compute probability of moving from node i to
node j
Normalize probabilities
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Add nodes one-by-one

End

End

Fork=1:nAnt
ant(k).L = Tour Cost(ant(k.Tour))
Move to the next node
tau(i,j) = tau(i,j) + 1/ant(k).L;
tau(j,i) = tau(j,j);

End

tau = (1 — rho) * tau;

Select best tour;

End

Pseudo code 2: Ant Colony Optimization (ACO)
algorithm

5. Conclusion

In a comparison of the results obtained in GA,
MGAACA and HACOGA, as you can see in Figure 2, the
performance of these studied algorithms clearly indicates
that the performance of HACOGA is better than the other
algorithms and this is due to parallel implementation of GA
and ACO. At first GA algorithm was implemented and then
ACO algorithm is implemented in the MGAACA, but in
HACOGA algorithm, GA and ACO algorithms run in
parallel, which reduces the running time. The results of
HACOGA and MGAACA algorithms are very close. In

Figure 3 you can see different run times in above algorithms.

Since the HACOGA algorithm basis is parallel, its
execution time is less than other algorithms.

Hybrid Algorithm
Problem Definition
For CostN =1 : nCost
Initialize and Evaluate initial solution
Forit=1 : MaxIt
For subit =1 : MaxSublt
Create and Evaluate new solution
If newsol.cost <= Sol.cost
Sol = newsol;

Else
Find new solution by heating new
solution
End
End
Update best solution and save best cost;
Update NFE;
Display iteration information;
T =alpha * T; //Update temperature
End
Extract results;
End
End

Pseudo code 3: HACOGA algorithm

By comparing the results in the optimal services
composition using HACOGA algorithm we conclude that
generating appropriate answers, is based on the cost
function of the optimal services composition together, the
search strategy of the hybrid algorithm is to use the
mechanism of generating initial solutions and then neighbor
solutions of the best solution. It means, first we begin
searching in the entire search space, for example the
services composition space and then we find the best
solution that is the candidate solution and then the algorithm
tries to examine the neighbor solutions of the candidate
solution to see if there is any better solutions (solution at a
lower cost) in the neighborhood of the candidate solution.
If there is a better solution, it is replaced with the candidate
solution.

Algorithms performance
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Figure 2: Performance compare of GA, MGAACA and
HACOGA

Compare execution time
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Figure 3 : Execution time compare of GA, MGAACA and
HACOGA

It is clear from the results of this article that the
hybrid algorithm can offer better compositions for different
services composition scenarios and by this method we can
obtain good results in the big composition problems.
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