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Abstract 

This paper proposed a multi-agent system using the 
social status of wasp to solve the problem of multiple 
simultaneous personalized recommendations (MSPRs). 
This problem occurs when several personalized 
campaigns are conducting simultaneously. The aim of 
this paper is two fold: i) to mimic the behavior of a 
wasp colony in nature for designing a robust bio-
inspired algorithm and in the sequel strengthening the 
field of natural computing, and ii) using the collective 
intelligence of wasps to solve the NP-hard problem 
like multiple recommendations problem. The solution 
of MSPRs can be a new generation tool for 
recommendation system of e-commerce by replacing 
independent personalized recommendations.  
 
1. Introduction 
 

With the advances of Internet technology, people 
usually encounter the problem of information rich and 
knowledge poor. Gathering information about a 
particular product from large electronic catalog on e-
commerce sites can be a time consuming and 
information overloading process. User personalization, 
site content customization based upon a customer 
preferences and interests is one mechanism of 
increasing the browsing efficiency of e-commerce 
sites. Ideally by increasing product navigation 
efficiency, e-commerce sites will increase sales.  

People always have their own preference when 
choosing what they need. To bridge the gap between 
such personal opinions with available huge amount of 
data items in e-commerce sites imposes a great 
challenge for researchers who are actively engaged in 
recommendation systems. Prior research on 
recommendation system [1] can help to resolve 
difficulties by providing customer recommendations 
on choosing data items. 

 As personalized recommendations are frequently 
performed, several recommendations often happen to 
run simultaneously. It is often the case that an 
attractive customer for a particular recommendation 
tends to be attractive for other recommendations, too. 
If we perform independent recommendations by 
ignoring this problem, some customer may be fired 
with a large number of uninteresting recommendations, 
which is sometimes called churning. This type of 
problem we named as multiple recommendations 
problem (MRP). The larger the number of 
recommendations for a customer, the lower the 
average interest. In the long run, reckless 
recommendations lower marketing efficiency as well 
as customer satisfaction and loyalty. Unfortunately 
traditional methods do focus on the effectiveness of a 
single recommendation and did not consider the risk 
with respect to the multiple recommendations. In the 
situation where several recommendations are 
performed at the same time, it is necessary to distribute 
the recommendations carefully over the customers. 
Consequently, the customers may have more flexibility 
to take the decision about an item. 

In this paper we present a new bio-inspired model 
such as the collective effort of wasp intelligence to 
solve the MRP. The motivation for considering wasp 
intelligence to solve this kind of problem is: i) to 
mimic the behavior of wasp colony and their social 
status to design a robust algorithm for strengthening 
the field of natural computing, and ii) to solve the NP-
hard problem like MSPRs. Though there are many bio-
inspired algorithms like genetic algorithms (GA) [2], 
particle swarm optimization (PSO) [3], ant colony 
optimization (ACO) [4] etc., exist and also proven as 
robust optimization techniques. However, adapting a 
new swarm from the nature for solving such a NP-hard 
problem can be a new contribution to the community 
of interest.  

The rest of the article is structured as follows. 
Section 2 briefly describe about the recommendation 
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systems. Problem definition and formulation of 
multiple simultaneous personalized recommendations 
is given in Section 3. In Section 4 wasp for MSPR is 
presented. Section 5 concludes the article with very 
delightful future paths.  

 
2. Recommendation Systems 
 

 Recommendation systems use the opinions of a 
group of customers to help individuals in that group 
more effectively identify content of interest from a 
potentially overwhelming set of choices [5]. The roots 
of a recommendation systems can be traced back to the 
extensive work in cognitive science [6], approximation 
theory [7], information retrieval [8], forecasting 
theories [9], and also have links to management 
science [10] and to consumer choice modeling in 
marketing [11]. In its basic formulation, the 
recommendation problem is reduced to the problem of 
estimating ratings for the items that have not been seen 
by a customer. Intuitively, this estimation is usually 
based on the ratings given by this customer to other 
items and on some other information. Once we can 
estimate ratings for the yet un-rated items, we can 
recommend to the customer the item(s) with the 
highest estimated rating(s).  

More formally the recommended problem can be 
formulated as follows: Let C be the set of all customers 
and I be the set of all possible items that can be 
recommended e.g. journals, books, movies, and foods. 
The set of possible items I can be very large, ranging 
in hundreds of thousands or even millions of items in 
some applications, such as recommending book or 
journal. Similarly the customer set can also be very 
large-millions in some cases. Let fp be a preference 
function that measures the usefulness of item ik to 
customer cj, i.e., , where R is the total 

ordered set (e.g., non-negative integers or real numbers 
within a certain range). Then for each customer 

 we want to choose such item 

RIC
p

f ��:

njcj ��1, mkik ��1,  

such that it maximizes the customer preference. 
Mathematically,   
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k
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In recommendation systems, the preference of an item 
is usually represented by rating, which indicates how a 
particular customer liked a particular item. 

 Each element of the customer set C can be defined 
with a profile that includes various user characteristics, 
such as age, gender, income, marital status, etc. In the 
simplest case, the profile can contain only a single 
(unique) element, such as customer ID. Similarly, each 

element of the item space I is defined with a set of 
characteristics. For example, in a journal recommend-
ation application, where I is a collection of journals, 
each journal can be represented not only by its ID, but 
also by its specific area, chief-editor and editorial 
board, contributions, frequency in a year, review 
process, etc. 

The central problem of recommendation systems lies 
in that preference function fp is usually not defined in 
the whole IC �  space, but only on some subset of it. 
This means the fp needs to be extrapolated for the 
unrated items from the rated one. In recommendation 
systems, preference is typically represented by ratings 
and is initially defined only on the items previously 
rated by the customers. For example in a movie 
recommendation application (such as the one at 
MovieLens.org), customer initially rates some subset 
of movies that they have already seen. An example of a 
customer-item rating matrix for a movie recommend-
ation application is presented in Table 1, where ratings 
are specified on the scale of 1 to 10.  The “null” for 
some of the field of ratings in Table 1 means that the 
customers have not rated the corresponding movies. 
Therefore, the recommendation engine should be able 
to estimate (predict) the ratings of the nonrated 
customer/movie combinations and issue appropriate 
recommendations based on these predictions.    

 
Table 1: A Partial Rating Matrix for a Movie 

Recommendation System 
Cust/Item After 

the fox 
Bad 
Boys 

Titanic Notoriou
s 

Satchi 1 5 9 null 
Lim 7 6 null 3 
Lee 4 null 6 null 
Min null 8 7 10 

 
Extrapolated from known to unknown ratings are 

usually done by: 1) specifying heuristics that define the 
preference function and empirically validating its 
performance and 2) estimating the preference function 
that optimizes certain performance criterion, such as 
the mean square error.   

Once the unknown ratings are estimated, based on 
equation (1) the actual recommendations of an item to 
a user can made by selecting the highest rating among 
all the estimated ratings for that customer. 
Alternatively, we can recommend the k best items to a 
customer or a set of customers to an item. 

(1)

The new ratings of the not yet rated items can be 
estimated in many different ways using methods from 
machine learning, approximation theory, and various 
heuristics. Recommendation systems are usually 
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classified according to their approach to rating 
estimation [12]. There are three types: i) content-based 
recommendations, ii) collaborative recommendations, 
and iii) hybrid approaches.  

In content based recommendations the customer 
will be recommended items similar to the ones the 
customer preferred in the past; whereas in 
collaborative recommendations the customer will be 
recommended items that people with similar tastes and 
preferences liked in the past. However, the third 
approach known as hybrid combine both collaborative 
and content based for recommendations. Figure 1 
describes how collabo-rating filtering is acting as one 
of the main components of customer recommendations 
system. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
     
 
Though we have various types of recommendation 

systems but designing intelligent recommendation 
system is still under developed and needs more 
research. This paper proposed a new direction of 
recommendations system by extending the single 
personalized independent recommendation system to 
multiple simultaneous personalized recommendation 
system using the behavior of a simple agent like wasp.   

   
3. Multiple Simultaneous Personalized Re-
commendations  
 

This problem is the extension of a independent 
personalized recommendation but with a different 

flavour. Here the problem is belongs to the class of 
NP-hard. Here we are dealing with two data matrix. 
The first one is the real preference matrix of custmers 
and the second is purely a binary matrix of customer 
and items. This later  matrix is a very complex 
combinatorial optimization problem in which each of 
N customers is assigned a corresponding subset drawn 
from a set of K recommendations. The goal is to find a 
set of assignments such that the outcome of 
recommendations is maximized under certain 
constrainsts. The main difference from independent 
personalized recommen-dations lies in that the 
customer response for items is influenced by multiple 
recommendations. In this problem, the number of 
customers denoted as N is much greater than that of 
items denoted as K, i.e., N  >> K. 

Pre-computed 
 customer Item 
 Rating Matrix 

Item 
Database 

Customer 
Database 

Recommendation Engine 

Collaborative Filtering 

Is It Rated Yes No 

Customer Interface 

Customer  
3.1 Definition 
 

In the following, we describe the possible input, 
output, constraints and the metric to measure the 
assignment. We can define the problem as follows.  

Let the total number of customers and items be N 
and K, respectively. Each item column is associated 
with a given weight Kiwi ,...,1, � . Similarly, a response 

supression function (RSF) denoted as R related to 
multiple recommendation is given. The customer-items 
preference matrix 

KNijpP �� )( , where �	 
� ,0ijp is the 

preference value of customer i for item j. 
The preferences for campaign can be acquired from 

some existing methods such as collaborative filtering 
(CF) [3], data mining methods or nearest-neighbor 
methods. However, collaborative filtering is widely 
used because it is simple and fast. If ri is the number of 
multiple recommendations for the customer i, the 
actual preference of customer i for item j becomes 

.  
iji prR ).(

Figure 1. Role of Collaborating Filtering in 
Recommendations System 

Considering constraints of the problem, the upper 
and lower bounds of recommendations for each item 
are enforced. Let Uj be the upper bound of 
recommendations (i.e., maximum number of 
recommendations allowed) for item j and Lj be the 
lower bound of recommendations (i.e., minimum 
number of recommendations allowed) for item j. 
Hence the number of recommendations in item j is 
restricted between Lj and Uj (i.e., 

). Let TKjjU
N

i ijmjL ,....,2,1,
1

���
�

� j = , 

j=1,2,…,K be the total number of recommendations for 
item j, then these constrainst can be represented as 

.  

�
�

N

i
ijm

1

KjULT jjj ,...,2,1],,[ ��
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The output of this problem is an KN �  binary 
customer-campaign assignment matrix. 

KNijmM �� )( , in 

which mij indicates whether or not campaign j is 
assigned to customer i. In other words, mij can be 
defined as  

ji

ji

if

if
m ij �

�


�
�

�
0

1    

The metric to measure the performance of each 
assignment is defined as  

� �
� �

�
�

�
�
�

�
�

K

j

N

i
ijijjj mprRwMf

1 1

.).(.)( ,                           (2) 

where (.) is the weighted preference sum for item j and 
is defined as the actual preference sum of 
recommended customers for item j. 

Further, in this work, we consider that the response 
supression function is varied from customer to 
customer. Hence equation (1) can be written as 

 � �
� �

��
�

�
�
�

�
�

K

i

f
rs

N

i
ijiji

k
j nkmprRwMf

1 1

,,..,2,1,.).(ˆ.)(

where is the total number of RSF and k is the kf
rsn th 

RSF assigned to any of the customer i. 
The multiple recommendations problem is 

presented in the following binary matrix with a 5 
customers and 3 items. The number in the matrix 
represents whether the recommends of item j is 
assigned to customer i or not. If the value of mij=1 
means item j is recommended to customer i and if 
mij=0 means item j is not recommended to customer i.   

 

Camp
Cust  Camp-1 Camp-2 Camp-3 

Cust-1 1 0 1 
Cust-2 1 1 0 
Cust-3 0 1 1 
Cust-4 0 0 0 
Cust-5 1 0 0 

 
2.2 Response Supression Function 

 
In the case of multiple recommendations problem, 

the customer response rate drops as the number of 
recommendations grows. We introduce the 
monotonically non-increasing response supression 
function for the response rate degradation with 
multiple recommendations. The RSF of the following 
functions is defined as follows: 

))1((
1 2)( ��� xxR , and )1)10/)1((()(2 ���� xxR .  

 Function R1 and R2 are decreasing exponentially 
and linearly, respectively. 

The special cases of a general version RSF Ri, i = 
3,4,5,…., which was derived from standard Guassian 
distributions is shown below:   

,.......5,4,3,)( )2/)1(( 2

�� �� iexR
ix

i
. 

In this paper, we use the function R1, R2, R3, and R4 
for the experimental studies even though there are 
many RSFs exist. However, the optimal RSF depends 
on situations and it is a long term research topic. 
Instead we can devise a number of response supression 
functions. The functions should be monotonically 
nonincreasing.  

We apply different RSFs among customer classes 
because in practical situations some customer may 
have more tolerance than others. In this case it is also 
crucial to find response suppression functions of 
customer classes. 
 
4. Proposed Method 
 

This Section is divided into two subsections. 
Subsection 1 discusses the behavior of wasp in nature. 
Then subsection 2 illustrates how wasps can 
collectively solve the NP-hard problem like MSPR. 
 
4.1 Wasp in Nature 
 

In both nature and marketing, complex design can 
emerge from distributed collective processes. In such 
cases the agent’s involved- whether they are social 
insects or humans- have limited knowledge of the 
global pattern they are developing. Of course, insects 
and humans differ significantly in what the individual 
agent can know about the overall design goals.    

 Wasp colony optimization (WCO) [13, 14] mimics 
the behavior of social insect wasp and serves as a 
heuristic stochastic method for solving discrete 
optimization problem. Let us have a closure look on 
the behavior of wasp colony in nature. The wasp 
colony consists of queens (fertile females), workers 
(sterile female), and males. In late summer the queens 
and males mate; the male and workers die off and the 
fertilized queen over winters in a protected site. In the 
spring the queen collects materials from plant fibre and 
other cellulose material and mixes it with saliva to 
construct a typical paper type nest.    

Wasps are very protective of their nest and though 
they will use the nest for only one season the nest can 
contain as many as 10,000 to 30, 000 individuals. 
Wasps are considered to be beneficial because they 
feed on a variety of other insects. 

Figure 2 shows the different stages of a wasp 
colony. A young wasp colony (Polistes dominulus) is 
founding a new colony. The nest was made with wood 
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fibers and saliva, and the eggs were laid and fertilized 
with sperm kept from the last year. Now the wasp is 
feeding and taking care of her heirs. In some weeks, 
new females will emerge and the colony will expand.    

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 
 
 

 
 
Theraulaz et al. in [15] introduced the organiz-

ational characteristic of a wasp colony. In addition to 
the task of foraging and brooding, wasp colonies 
organize themselves in a hierarchy through interaction 
between the individuals. This hierarchy is an emergent 
social order resulting in a succession of wasps from the 
most dominant to the least dominant and is one of the 
inspirations of wasp colony optimization (WCO). In 
addition it mimics the assignment of resources to 
individual wasps based on their importance for the 
whole colony.   For example, if the colony has to fight 
a war against an enemy colony, then the wasp soldiers 
will receive more food than others, because they are 
currently more important for the whole colony than 
other wasps.  This is another motivating factor of 
adapting WCO for MSPR problem. 

      
4.2 Wasp for MSPR problem 

 
In this work we adopted the fighting and 

hierarchical organizational behavior of wasp colony in 
nature. We can use the method like dynamic 
programming [16, 17], heuristics [16], or Langrange 
method [18] to solve multiple recommendations 
problem by some modification. However, these 
methods have their own limitations. Although dynamic 
programming algorithm guarantees to achieve optimal 

solutions but it becomes intractable for large-scale 
assignment problem, which we could find in our real 
life. The heuristic algorithms not only have practical 
time complexity but also show reasonable 
performance. However, since they are just heuristics 
they do not guarantee optimality. Similarly, though the 
Langrangian method can overcome the problems of 
dynamic programming and heuristics it encounters the 
problem of finding feasible Langrange multipliers 
satisfying all the capacity constraints. Further, Kim et 
al. proposed in [18] to combine with genetic 
algorithms (GAs) obtained feasible solutions. Similar 
to other evolutionary algorithms WCO has useful 
characteri-stics mimics from nature. Therefore it can 
be a suggest-ive approach to use WCO instead of other 
evolutionary approaches. We have used the WCO to 
find out feasib-le assignment, which can optimize the 
evaluation metric of multiple simultaneous 
personalized recommendations assignment problem. 
Figure 3 shows a basic architecture of MRP dealing by 
single customer. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

P re -c o m p u te d  
 c u s to m e r Ite m  
 R a t in g  M a tr ix  

C o lla b o ra t iv e  F il te r in g  

Is  It  R a te d  Y e s

R e c o m m e n d a tio n  1 R e c o m m e n d a tio n  2 R e c o m m e n d a tio n  3  R e c o m m e n d a tio n  K  

Ite m  
D a ta b a se  

C u s to m e r 
D a ta b a se  

Customer

Figure 2. Stages of Forming a Wasp Colony 
(http://www.wimimedia.org) 

Figure 3. A Basic architecture of MRP with 
Single Customer 

In other words, in MSPR problem our objective is 
to find out an assignment matrix � � KN

KNijmM
�

�
�� 1,02 to 

maximize  or � �
� �

�
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�
�
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, where k is 

the kth RSF subject to the constraints that 

�
�
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N

i
jijj KjUmL

1

,...,2,1, . 

In this work, we have considered a wasp colony 
optimization with the behavior of fighter wasp and 
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hierarchical organization. During the course of a 
evolutionary process in each generation we are 
detecting few best fighter wasp (i.e. whose fitness 
value are high). Then we find out the neighbor of each 
fighter wasp with a certain radius �, a user defined 
parameter. The remaining wasps are dying off like 
male wasp because they are no longer needed for next 
generation. To form the pool of next generation each 
fighter wasp can take the leading role with their closest 
neighbor by inheriting the features with higher 
preference value. Compared with the basic WCO our 
version introduce a new operation called REPAIRED. 
The job of REPAIRED operator checks whether a 
wasp is feasible or not (i.e., REPAIRED operator tries 
to restrict the wasp within the solution domain). This 
operator repairs a wasp by employing the following 
information gain theory approach. 

Starting at the left most corner of the wasp position 
(i.e., the assignment matrix) each mij value is checked, 
whether it is informative or not. Define the Infogain(i, 
j) for each mij i.e., to be the amount of fitness gain by 
recommending item j to customer i. Generally, the 
Inforgain(i, j) is formulated as: 

iiijjii rRpwrRjiInforgain �� ).().).(1(),( ���� .     

If the value of Infogain(i, j) is more informative (i.e., if 
it gives more information gain for the pair (customer i, 
item j)) then we update the wasp as follows. 

�


�
�

�

��

��
�

�

�� ��� ��

�� ��� ��

l

ij

h

ij
ij

jiInfogainm

jiInfogainm

if

if
m

),(1

),(0

0

1  

In addition, each wasp is represented as a matrix of 
size  with only binary value. All wasps have 
fitness values which are evaluated by the fitness 
function to be optimized. 

KN �

WCO is intialized with random wasp (solutions or 
known as customer-item assignment matrix of 
prespecified size) and each wasp will undergo for 
constraints checking. Then WCO searches for optimal 
one by updating the generations. In every generation 
the wasps are updated by the following ways: 
1. If the wasps are fighter then they can update among 

fighters and replicate to next generation. 
2. The wasps who are non-fighter but neighbor of some 

of the fighter then then can update  within their 
community and replicated to next generation. 

3. To fill the position of died wasp few new wasp are 
created by the crossover among fighters. 

This process is continued till converge to all fighters.  
 
The pseudocode for the proposed WCO is as follows. 
 

INITIALIZATION 

FOR Entire Population 
Initialize the Wasp 

END FOR 
REPAIRED 

FOR each particle 
Check whether the wasp is violating the 
constraint or not. 

      IF it is violating 
Repaire the wasp using REPAIRED 
operator. 

      ELSE 
  BREAK 

END FOR 
 
REPEAT 

FOR each Wasp Colony 
                Calculate fitness value. 

END FOR 
Find out Fighter Wasps 
Find out their nearest neighbors with certain �. 
Generate few new Wasps to replace the died one. 
Repair the wasp using REPAIRED operator. 

UNTIL Maximum Iteration Reached 
 
Compared to the basic  WCO,  the proposed 

algorithm adds an extra cost by introducing 
REPAIRED operator. In the current context the 
operator is very important because it prevents the 
wasps from becoming an infeasible solution.  
 
5. Experimental Studies 
 
5.1 Description of the Dataset 

The performance of the proposed multi-agent wasp 
model was evaluated using a series of experiments on 
the artificially created partial preference matrix of 
different sizes with respect to number of customers and 
number of items. The partial preference matrix 
contains two types of data values: i) the customer 
preference value or ii) null (i.e. there is no preference 
value for the cell corresponding to that customer item 
pair). In other words the null value represent that the 
customer corresponding to that item has no preference 
value.   Each predicted preference value ranged from 
0.0 to 1.0. Table 2 summerizes about the size of the 
preference matrix, customer-item matrix and the 
number of recommendations for each item. Although 
the number of recommendations can vary from item to 
item, in this study we set equall percentage of 
recommendations of the total number of customers for 
each campaign. 

The maximum number of recommendations for 
each campaign was equally set to 5% of the total 
number of customers. However, the minimum number 
of recommendations was set to 0. The sizes of the 
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preference matrix and customer item matrix vary from 
minimum of 100 to maximum of 500 with respect to N. 
Similarly, with respect to K the sizes vary from 5 to 7. 

 
Table 2: Summary of Data Used for the Creation of 

Preference Matrix 
Sl. No. N K Number of 

Recommendations 
Max 5 1 100 5 
Min 0 
Max 15 2 300 6 
Min 0 
Max 25 3 500 7 
Min 0 

 
Table 3 shows the statistical analysis of the 

preference matrix. We have computed the average 
preference of customer for each item with respect to 
the different sizes of N and K. 

  
Table 3: Statistical Analysis of Preference Matrix 

Size(NxK) Average Preference of Each 
Customer 

100x5 0.4970 
300x6 0.5078 
500x7 0.5005 

 
5.2 Environment 

 
We conducted our experiment using MATLAB 

7.0.1 in Windows platform. As the response supression 
function, we used all the RSF discussed in Section 3. 
To show the effectiveness of the proposed method, we 
conducted experiment with several other methods such 
as random and independent. Independent campaign 
comes from K independent items without considering 
their relationships with others. The assignment matrix 
of independent item is obtained by choosing the 
optimal assignment for each item, without considering 
the multiple recommendation problem. The proposed 
model along with random and independent are 
categorized based on the two criteria like assignment 
of weight values and mode of using RSF. 

Based on weight assignment: the methods are 
bifurcated into two types. For the first category the 
weights are uniformly assigned to each items, whereas 
in the second category the weights are assigned based 
on some priorities of the item. 

Similarly based on the RSF: the methods are 
structured into two categories. One category is 
assigned a RSF uniformly to each customer and 
another category the assignment of RSF varies from 
customer to customer. 

In summary, we carried out the experiments with 
three basic methods: Independent, Random, and the 
modified PSO. However, one can get 12 variant 
methods by considering the above two criteria. 

During simulation of the proposed method the 
following protocols were adapted and is summerized 
in Table 4. The number of wasps for each generation is 
fixed as 15 and the number of generations used is 500.  

 
Table 4: Parameter Setup 
Parameters Value 

Number of Wasps 15 
Fighter Wasp 3 

Neighbor Size  � (including fighter) 3 
Number of Generations 500 

 
5.3 Results 

 
We have demonstrated our result with Figure 4 5 

and 6 by considering the data with respect to Table 2. 
In all the cases the proposed method exhibit good 
performance than independent and random. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Performance of WCO vs. Independent 
and Random w.r.t N=100 and K=5

Figure 5. Performance of WCO vs. Independent 
and Random w.r.t. N=300 and K=6 
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6. Conclusions and Future Paths 
 

We have developed a novel algorithm based on 
certain behavior of wasp in nature and applied to an 
attractive optimization problem known as multiple 
recommendations problem (MRP). The multiple 
recpmmendations problem is belongs to the class of 
NP-hard problem and treated as a challenging problem 
in personalized marketing. The proposed WCO uses a 
new kind of operator known as REPAIRED to handle 
the constaraints of the problem effectively and to probe 
a feasible customer-item assignemnet matrix to 
optimize the evaluation metric. In addition, we have 
used two very common approaches for comparison 
with the proposed method. In all the cases, our WCO 
gives a clear edge among others. Our further research 
includes more experimental work with realistic dataset, 
design robust RSF and solving this problem using 
different static and dynamic techniques with a flavour 
of hybridization of soft computing tools.   
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