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ABSTRACT 

 
The proposed work introducing new coefficients and some modern control parameters such as sensitivity 

(s(t)) and probability of nectar (p(t)) and modification of the conventional parameter (Φ). With 

presenting these parameters the performance and searching ability of the BF-PSO is significantly 

increased compared to standered PSO. This new algorithm is inspired by the intelligent behavior of 

butterfly during the nectar search process. Which clarify a relationship between intelligent network 

structures of the BF-PSO and the performances. This work pays attention to the sensitivity and the 

probability of nectar based on the degree of nodes used in BF-PSO. The proposed results indicate the 

searching performance of the BF-PSO is depended on the degree of the node. The presented results for 

the BF-PSO applying on benchmark function are shown in tables. The search performance of the BF-

PSO is improved according to the sensitivity and probability of nectar. 
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1. INTRODUCTION  

 
Artificial intelligence employs computational techniques to benefit research various biologic 

phenomena, and also Artificial intelligence uses biologic comprehension and techniques help to 

solve distinctive engineering, management, control and calculative problems. Researchers in 

many scientific disciplines have initiated to enhance distinct Artificial intelligence throughout 

the last Decade. Within the Artificial intelligence scientific amphitheatre, investigators are 

developing artificial system that posses some of the basic attributes of life. In the last decades, 

Artificial Intelligence (AI) techniques have deployed a set of effective and efficient methods to 

mitigate the Difficulties of solving complex problems since these problems become increasingly 

complex, better intelligent approaches are needed [5].  
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These algorithms explore a given search space and return the best solution found. The entities in 

some artificial systems are virtual creatures that breed, learn, think, fight, collaborate, age, and 

die. Often, when making use of different Artificial intelligence researchers attempt to illustrate 

complicated system behavior that is derived from relatively simple rules. The first ideas of 

making the analogy with Darwin’s theory of evolution and the basic principle of the “survival of 

the fittest” when creating artificial systems were initiated during the last four decades (genetic 

algorithms, differential evolution, evolutionary programming, and evolution strategies). 

Scientists in regions like engineering, management, or control are duplicating systems from 

biology when facing intricate problems. 

 

The Development of Artificial Systems does not entail the complete imitation of nature 

behavior of whole system, but identify and explores the ideas also model it [1]. It is possible to 

describe individual insects as species capable of performing a different type of complex process 

and tasks. For example the collection and processing of nectar for food, which is commonly 

organized by insects [2, 3-6]. Bird flocks. Fish schools and ant colonies are examples of this 

interesting behavior in nature. An important source of the swarm’s search capability is the 

interactions between particles as they react to one another’s findings analysis of inter-particle 

effects is inserted in this paper, which focuses on the trajectories of particles [7]. More formally 

in swarm intelligent systems, the collective behavior of simple agents who interact locally with 

other agents and their environment leads to a coupled functional pattern of activities. Researches 

on natural swarm intelligent systems led to some computational artificial intelligence models 

like Particle Swarm Optimization and bee colony optimization. Learning plays an important role 

in food searching for a wide range of insects and has been demonstrated to be essential flower 

foraging in taxa such as bees, parasitoid wasps, butterflies and moth. Butterflies showed a 

significantly higher learning rate than other insects [2, 8].  

 

In this paper optimization technique based on the butterfly is reported. The motivation towards 

the butterfly based swarm optimization is searching of food processing, intelligence and 

behavior. The searching process of butterflies basically concentrated on the food source that is 

nectar sources. The butterflies have the natural sensitivity to sense the nectar probability [2]. 

Butterfly develops an interactive intelligent system with high communication to find the optimal 

solutions [2]. 

 

2. PARTICLE SWARM OPTIMIZATION (PSO) TECHNIQUE  

 
The Particle Swarm Optimization (PSO) [10] belongs to the category of Swarm Intelligence 

methods [9]. Particle swarm optimization (PSO), which was first proposed by Kennedy and 

Eberhart in 1995, is a famous population-based search algorithm [6, 7, 8and 9]. In PSO, each 

individual (particle) flies through the problem space with a velocity. The speed and direction of 

the velocity are adjusted based on the particle’s previous best experience (self-cognitive) and 

the historical best experience in its neighborhood (social-influence). So, the particle has a 

tendency to fly towards a promising area in the search space. The Particle Swarm Optimization 

includes each individual flies in the entire search space with a particular velocity which is 

updated according to its self flying experience and its companions flying experience [11, 35]. 
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Figure – 1: Flow chart for Particle Swarm Optimization (PSO) algorithm [35] 

 

PSO stores a population of potential solutions to solve problems, like evolutionary algorithms. 

The random population initialized for particles in iterations of the algorithm, particles updates 

their position based on their self experiences and the experiences of neighbor's best position. 

The velocity vector of each particle is responsible to update the particle position (2). The 

particles position in the next iteration updated by adding velocity and current position vector to 

it. Consider that we are searching in a d-dimensional search space. Let Xi = (Xi1 Xi2 ... Xid) and 

Vi = (Vi1 Vi2...Vid). Be i-th particle's position vector and velocity vector respectively. Velocity of 

each particle is adjusted according to equation (1) [10-13]. 

 

v(i+1) = w*v(i) + c1*r1* (pbest-currentposition)+ c2*r2* (gbest-currentposition)                    (1) 

 

x(i+1)=x(i) + v(i+1)                                                 (2) 

 

Where, N-swarm size, i- iteration number, w-inertia weight, rl and r2-random numbers [0, 1], Cl 

and C2- velocity coefficients which are positive constants [12]. 

 

3. INTELLIGENT NETWORK OF BUTTERFLY BASED PARTICLE SWARM 

OPTIMIZATION (BF-PSO)  

 
In this section butterfly, intelligent network is formed when the sensitivity of butterfly meet the 

probability of the nectar so in sensitive region minimum sensitivity of butterfly matches 

minimum probability of nectar. In this region, nodes are called into active state, while in outer 

region sensitivity of a butterfly is not able to detect the probability of nectar in this region; all 

nodes are called in the inactive state [2]. The active and inactive regions are separated by the 

boundary which is form when the minimum sensitivity of butterfly meets to the minimum 

probability of nectar. A network consists of N nodes having sourced of nectar. Each node is 

selected by their degree, when the node does not have nectar than the degree of a node is 

considered zero, and when there is the nectar source than according to sensing ability of 

butterfly connectivity will increase the degree (higher degree) of a node in the sensitive region 
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because all the nodes outside the region will have a lower degree [2]. Depending of degree we 

can classify or arrange the nodes of better nectar source. The optimal solution in the sensitive 

region (probabilistic region) will depend on the degree of nodes. In the butterfly network node 

(flower) having more amounts of nectar will attract more and more butterflies by natural 

sensitivity [2, 27] hence; it will increase the degree of the node (flower) because of that node 

has higher probability of nectar. The butterflies exchange the information not only by dancing, 

but also they have natural intelligence for sensing nectar through color, insect, chemical, sound 

and physical action[28-32], so it develops better communication network compared to others 

[18-21]. The formation of the "collective intelligence" in the butterfly network by these different 

types of communication systems between individual butterflies [24]. The current configuration 

of the butterfly network consisting N nodes at an instant, the states of butterfly regions are 

defined as [2]: 

 

 

�(�) = � < 0.3; 		������
			≥ 0.3; 									������        (3) 

 

�(�) = � < 0.1; 		������
			≥ 0.1; 									������         (4) 

 

 
 

Figure -2: Active and inactive regions concept of BF-PSO [2] 

 

4. THE SEARCH PROCESS BASED ON BUTTERFLY SWARM 

 
In the search process, butterfly finds the optimal location depending upon the sensitivity of 

flower and probability of nectar, after finding the solution it communicates directly or directly 

from the others by different mean of communication intelligence. Dancing mechanism is not 

understood in bees, but it is considered that “the recruitment among bee is always a function of 

good-quality food, butterfly develops a good communication network by several parameters 

such as color, chemicals, sound, and physical actions, and it chooses the flower of maximum 

nectar probability [2, 18] randomly search the optimal solution and before terminating the 

respective flight (iteration) it finds next optimal solution. Hence loop continues and also 
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propagates with the time so in fewer time butterflies is able to choose several

g to arrangement of degree of nodes, it selects gbest. During foraging process in new 

search region decision making process butterfly interact with the substantially different sensory 

]. So in case of butterfly the search somewhat becomes sequential so it limits the 

area hence it takes less time compared to others [20, 21]. It search for nectar near the plant 

where it lays egg .Butterflies don't make nest like bees or wasps, usually they live on same food 

til it finds a new food source[18]. The stopping condition could be the maximum 

number of flight (iteration) with improvement in fitness of respective objective function. 

according to ingeniously and due to antenna on their mouth by 

tterfly more compare to others[2, 19] there is very good relation of 

butterfly and surrounding atmosphere to provide best solution[19]. After butterfly relinquishes 

the food, butterfly propagate in the direction of new nectar source or gets information fro

others being nectar there so it does not recruits any nest mates like in BCO [2, 19]. 

 

 
3: BF-PSO search process representation [2] 

 

The flying decision is made on the basis of the particle’s previous history (best experience (self

cognitive) cognitive) and the historical best experience in its neighborhood (social-

so the speed and velocity are adjusted according to the above condition [26]. In BF

the basis of sensitivity and probability of nectar so it chooses the best 

direction and search space of best solution and according to this two-factor velocity and weight 

, the selection operation is not performed in PSO [13, 

which does not implement survival of the fittest one [13]. These two 

difficulties with PSO are minimized in BFPSO; sensitivity approaches toward the best solution 

and probability of nectar follow the concept of survival of the fittest like other evolutionary 
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number of flight (iteration) with improvement in fitness of respective objective function. 

according to ingeniously and due to antenna on their mouth by 

] there is very good relation of 
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the food, butterfly propagate in the direction of new nectar source or gets information from 

 

previous history (best experience (self-
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 14]. PSO is 
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difficulties with PSO are minimized in BFPSO; sensitivity approaches toward the best solution 

val of the fittest like other evolutionary 
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Hence PSO has more chances to “fly” into the better solution areas more quickly when the 

“conscience” provides helpful information [11]. While in BF-PSO having same no. of chances 

we get better solution in optimal reason based on the information provided by the sensitivity and 

probability of nectar. PSO has a good convergence compared to other evolutionary algorithm 

but it has a problem of fine tuning while in BF-PSO we get quick convergence with fine tuning 

[12, 15]. In PSO, the swarm is limited by the Vmax, while in BF-PSO the swarm is controlled 

by sensitivity and nectar probability [13], with the development of intelligent network search 

performance has increased [19]. 

 

5. BF-PSO TECHNIQUE 

 
Butterfly PSO algorithm is basically based on nectar probability factor and intelligent 

communication system [2]. BF-PSO consists of intelligence behavior of the butterfly to find out 

the nectar in maximum quantity. The butterfly particle swarm optimization leaning algorithm 

(BF-PSO) is applied to develop the concept of optimal solutions not only considering the 

random parameters and acceleration parameter but considering the effect of additional 

parameter's probability and sensitivity for fast convergence and more accurate optimal solution 

than simple PSO. In PSO learning process, each particle contains the related position and 

velocity value, which are regulated by the two best values pbest and gbest, respectively. The 

selected gbest is the overall best value achieved from all particles. In the PSO learning cycle, the 

new velocity for each particle is computed based on equation (1). 

 

While in BF-PSO, lbest can be considered as the individual particle’s best solution, which has 

been obtained additional sensitivity and probability with position and velocity value so far. The 

detail concept of BF-PSO is discussed as follows. 

 

By taking the effect of sensitivity and nectar probability we have modified the standard PSO 

with some necessary variation in optimization parameters. The sensitivity is more nearer to the 

nectar source, and the minimum sensitivity is required to search the next nectar sources, so the 

range of the sensitivity from 0.3 to 1.0.  

 

Hence the function of sensitivity is given as: 

 

s(t)=exp-(Maxit-iter)/Maxit          (5) 

 

Where, Maxit = maximum number of iterations, and iter = current iteration. 

 

The probability of nectar amount is the important factor at particular nectar source. The 

probability range considered from 0.1 to 0.99. 

 

The probability function is given as: 

 

p (t) = Fgbest / ∑( Flbest+Fgbest)        (6) 

 

Where Flbest =Fitness of local best solutions, Fgbest = Fitness of global best solutions. 

 

The attraction of the butterfly depends upon the probability of nectar and it forms the boundary 

of intelligent network [23]. The value of nectar probability is required to find out the optimal 

value of parameters in iterations. In stroke cycle the dynamics of force impulse acting on 

butterfly, during up-stroke and down-stroke thus air is accelerated. The force impulse received 

by the butterfly is therefore directed forwards and upwards [25, 26]. Based on the butterfly 

swarm characteristics for impulse force the acceleration coefficient is modifying as [26]. The 
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position of a food sources represent a probable solution for optimization problems, and the 

amount of nectar of food sources represents the corresponding fitness for particular solution 

[20]. For the traditional PSO systems, the location intelligence which delivers the optimum 

value of the evaluation function is shared with another particle in the swarm. On the other hand, 

there is the case, where the finest information in a limited population. Such information is called 

as local best location information, lbest through an intelligent network structure we can obtain 

the local best information from any population.  

 

Specifically, the population corresponds to the intelligent network structure can be expressed as 

butterfly network swarm, connection and behavior relation. This type of the intelligent network 

structure influences the performance of searching ability [19]. 

 

A1 K1=A2 K2           (7) 

 

A2=K1/K2.A1           (8) 

 

Where K1<K2 and typically K1/K2=0.9, 

A2=0.9.A1           (9) 

 

From the concept of basic PSO 

C1+C2=4           (10) 

 

C2=4-C1          (11) 

Now here 

A2= (4-A1).0.9            (12) 

Also 

A1+A2<4           (13) 

 

A1 &A2<2           (14) 

 

Cognitive parameter 

c1 = ((2/3-2)*(iter/maxit))+2         (15) 

 

Social parameter 

c2 =2*(iter/maxit)          (16) 

 

Constriction factor 

Φ = c1 + c2           (17) 

Ceq = 2.0/2.0- Φ -sqrt(Φ 2
-4*Φ)                    (18) 

 

Inertia weight range 0.8 to 1.2 

W(t) = 0.2+(maxit-iter)/maxit         (19) 

 

Then modified equation is given as 

v(i+1) =Ceq*(  w(i)* v (i) + s(i)* (1-p(i))*rand1*c1*(lbest-currentposition) 

+ (p(i))*rand2*c2*(pbest-currentposition) )             (20) 

 

x(i+1)=x(i) + αi*v(i+1)                            (21) 

 

Where αi is time varying probability coefficient,  αi =rand*(p(i)), rand-random number[0,1]. 

 



International Journal of Soft Computing, Mathematics and Control (IJSCMC), Vol. 3, No. 4, November 2014

Figure – 4: Flow chart for butterfly 

 

The butterfly swarm algorithm simulates the movement and search behavior 

search space progressing towards an optimal solution

for butterfly algorithm are given as: 

 

1. Set the iteration number (iter) to zero, and randomly initialize butterfly swarm with in a 

search space.  

2. Set the parameters of algorithm including velocity, weight, self and social cognitive 

according to equations 12.  

3. Evaluate the fitness for each particle. 

4. Compare the personal best of each particle and global best in the whole butterfly swarm. 

5. Set the iteration number t to 1, and randomly initialize butterfly swarm with in a search space. 
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4: Flow chart for butterfly Particle Swarm Optimization (PSO) algorithm

rithm simulates the movement and search behavior of particles in a 

search space progressing towards an optimal solution for multidimensional problems

e given as:  

1. Set the iteration number (iter) to zero, and randomly initialize butterfly swarm with in a 

2. Set the parameters of algorithm including velocity, weight, self and social cognitive 

fitness for each particle.  

4. Compare the personal best of each particle and global best in the whole butterfly swarm. 

5. Set the iteration number t to 1, and randomly initialize butterfly swarm with in a search space. 
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Particle Swarm Optimization (PSO) algorithm 

of particles in a 

problems. The steps 

1. Set the iteration number (iter) to zero, and randomly initialize butterfly swarm with in a 

2. Set the parameters of algorithm including velocity, weight, self and social cognitive 

4. Compare the personal best of each particle and global best in the whole butterfly swarm.  

5. Set the iteration number t to 1, and randomly initialize butterfly swarm with in a search space.  
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6. Change the velocity vector by updating the self and social cognitive and inertia weight 

according to equations 15, 16 and 19 respectively.  

7. Move butterfly swarm in to suitable direction according to sensitivity and probability of 

solution according to equations 5 and 6.  

8. Now based on above two factor update equation number 1.  

9. Move butterfly swarm to its new position, according to equation number 2.  

10. Now check for the sensitivity and probability limit according to equation 3 and 4.  

11. Go for optimal point where sensitivity of butterfly meets probability of nectar with higher 

degree hence updating the fitness of objective function.  

12. Now, compare the local best of all particles and find global best to the position of particle 

with the best search performance in all the butterfly swarm based on equations 20 and 21.  

13. Let: iter = iter +1  

14. Go to step 5 and repeat until one or more feasible solution comes.  

15. After finding feasible solution, algorithm terminates.  

 

6. IMPLIMENTED FUNCTIONS AND RESULTS 

 
The BF-PSO applied on the standard benchmark functions to validate the proposed algorithm 

several well known functions have been chosen. The test functions are very complex so difficult 

to optimize the because of possibility of local minima and hence premature convergence. The 

selected functions have been widely studied by PSO researchers [2, 34]. All the evaluations for 

validation of proposed methodology were carried out with MATLAB coding, and minimization 

of all the objective function was attained with an INTEL(R) Core(TM) 2 Duo CPU, 2.93 GHz, 

2.0 GB RAM, with windows7 ultimate (64-bit) operating system. The all numerical results, 

graph and shows that the BF-PSO produce better solution than the standard PSO. The proposed 

algorithm gives better optima in all the benchmark functions. Table-1 shows the parameter for 

the selected function. The inertia weight and acceleration coefficient will vary according to 

equation given in section 5. 

 

Convergence rate for test functions using PSO and BF-PSO techniques are represented by 

figures given in this section. 

 
Table-1: Parameters for test functions 

 

Parameter Value 

Swarm size 30 

Inertia  weight 0.8->1.2 

Cognitive acceleration rate ( c1) 1.8->0.1 

Social acceleration rate( c2) 0.1->1.8 

Maximum no. of iteration 1000 

Nectar probability 0.1->0.9 

Sensitivity factor 0.3->1.0 

Trial number  20 
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Table-2: The benchmark function and ranges 

 

Name Equation D Range x* f( x*) 

Sphere 
f�(x) = 	�x��

�

���
 

30 [-100;100 ] [0,0…….0] 0 

Rastrigin f�(x)
= �(x�� − 10 cos(2πx�)

+10)
�

���
 

30 [-5.12;5.12] [0,0…….0] 0 

Rosenbrock f&(x)
= �(100(x�'� − x��)�

+(x� − 1)�)
�

���
 

30 [-30;30] [1,1,……1] 0 

Griewank f((x)
= 1

4000�x��
�

���

− *cos(x�√i)
�

���
+ 1 

30 [-600;600 ] [0,0…….0] 0 

 

Table-3: The Results for benchmark functions 

 

Algorithm PSO BF-PSO 

Statistics Best Mean Std.deviation Best Mean Std.deviation 

Sphere 0.0 0.1555 3235.9 0.0 3.15179 1165.7 

Rastrigin -184.739 -178.62 60.4052 -

188 

-176.8 8.3447 

Rosenbrock 0.0 0.0 11707.0072 0.0 0.0 23.52701 

Griewank 0.0212 0.09142 42.5515 0 0.70963 9.9942 

 

By observing table concludes that in BF-PSO we get best values with in minimum no. of 

iteration hence there is higher convergence rate in the BF-PSO. However the mean value of BF-

PSO is somewhat higher compared to PSO, so diversity also increases but have better accuracy 

as in sphere function the best value in both the case is 0.0, but in proposed case 20 trials we get 

0 in PSO only for one time, while in BF-PSO we get 0 seven times so BF-PSO consist of high 

accuracy with higher convergence rate. 

 

The obtained results by BF-PSO are compared to the results obtained by other method [14, 17-

20, 33]. 
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Figure – 5: Results for Rastrigin function with S-PSO and BF-PSO. 

 

 
 

Figure – 6: Results for Rosenbrock function with S-PSO and BF-PSO. 

 

 
 

Figure – 7: Results for sphere function with S-PSO and BF-PSO. 
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Figure – 8: Results for Griewank function with S-PSO and BF-PSO. 

 

Result shows that for benchmark functions the convergence of fitness with S-PSO take more 

iterations while in BF-PSO function converged fitness value in less iterations; hence the time 

taken in BF-PSO for optimal value is very less. Similarly for other functions improved 

performance of BF-PSO is found as compared with S-PSO as shown above. 

 

7. CONCLUSIONS 

 
Considering the effect of sensitivity of butterfly and probability of nectar in proposed algorithm, 

authors formed an intelligent communication network among the butterfly swarm. The search 

performance has been increased to a larger extant. BF-PSO shows good convergence rate and 

each time the algorithm provide same output, hence in BF-PSO results found with good 

accuracy as well good convergence. 

 

REFERRENCES 

 
[1] D. Teodorovic and P. Lucic, "Transport modeling by multi-agent systems: a swarm intelligence 

approach," Taylor & Francis, vol. 26, no.4, pp. 289-312, Aug 2003. 

[2] A.K. Bohre, G. Agnihotri, M. Dubey, "Hybrid butterfly based particle swarm optimization for 

optimization problems," Networks & Soft Computing (ICNSC), 2014 First International Conference 

on, vol., no., pp.172-177, 19-20 Aug. 2014. doi: 10.1109/CNSC.2014.6906650 

[3] C. P. Lim, L. C. Jain, and S. Dehuri (Eds.), “Innovations in Swarm Intelligence”, Springer-Verlag 

Berlin Heidelberg, Chapter 3, pp. 39-60, 2009. 

[4] P. Lucic, and D. Teodorovic, “Bee system: modeling combinatorial optimization transportation 

engineering problems by swarm intelligence”. In reprints of the TRISTANIV Triennial Symposium 

on Transportation Analysis, Sao Miguel, Azores Islands, Portugal, pp. 441–445, 2001. 

[5] P. Lucic, and D. Teodorovic, “Transportation modeling: an artificial life approach”. In Proceedings 

of the 14th IEEE International Conference on Tools with Artificial Intelligence, pp. 216–223, 

Washington, DC, 2002. 

[6] P. Lucic, and D. Teodorovic, “Computing with bees: attacking complex transportation engineering 

problems”. International Journal Artificial Intelligence Technology, vol. 12, pp. 375–394, 2003.   

[7] F. Van Den Berghand and A. P. Engelbrecht, “A study of particle swarm optimization particle 

trajectories,” Information Sciences, vol. 176, pp.937–971, 2006. 

[8] D. Teodorovic, M. Dell Orco, “Bee colony optimization – a cooperative learning approach to 

complex transportation problems” In Advanced OR and AI Methods in Transportation. Proceedings 

of the 10th Meeting of the EURO Working Group on Transportation, pp. 51–60, Poznan, Poland, 

2005. 

0 100 200 300 400 500 600 700 800 900 1000
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Iterations

F
it
n
e
s
s

grnwnk

 

 

S-PSO

BF-PSO



International Journal of Soft Computing, Mathematics and Control (IJSCMC), Vol. 3, No. 4, November 2014 

13 

 

[9] E. Bonabeau, M. Dorigo, and G. Theraulaz, “Swarm intelligence: From natural to artificial systems” 

Oxford University Press, 1999. 

[10] J. Kennedy, and R.C. Eberhart, “Particle Swarm Optimization”, IEEE International Conference on 

Neural Networks Proceedings, pp. 1942-1948, vol. 4, Dec. 1995. 

[11] R. C. Eberhart, and J. Kennedy, “A new optimizer using particle swarm theory”. Proc. Sixth 

International Symposium on Micro Machine and Human Science (Nagoya, Japan), IEEE Service 

Center, Piscataway, NJ, 39-43, 1995. 

[12] R. C. Eberhart, R. W. Dobbins, and P. Simpson, “Empirical Study of Particle Swarm Optimization”, 

Computational Intelligence PC Tools, Boston: Academic Press, 1996. 

[13] J. Kennedy, “The particle swarm: social adaptation of knowledge” Proc. IEEE International 

Conference on Evolutionary Computation (Indianapolis, Indiana), IEEE Service Center, Piscataway, 

NJ, pp. 303-308, 1997. 

[14] P. J. Angeline, “Using selection to improve particle swarm optimization” IEEE International 

Conference on Evolutionary Computation, Anchorage, Alaska, May 4-9, 1998. 

[15] P. J. Angeline, “Evolutionary optimization versus particle swarm optimization: philosophy and 

performance difference”, Annual Conference on Evolutionary Programming, San, 1998. 

[16] R. L. Haupt, S. E. Haupt, “Practical genetic algorithms” second edition, published by john wiley & 

sons, inc., hoboken, new jersey, published simultaneously in Canada, 2004. 

[17] Y. Shi, R. C. Eberhart, “Empirical study of particle swarm optimization” Proceedings of the 

Congress on Evolutionary Computation, CEC-99. Vol. 3, pp. 1945-1949, 1999.  

[18] M. Falahi Sohi & M. Shirdel, "Applying BCO Algorithm to Solve the Optimal DG Placement and 

Sizing Problem," Elect. Electron. Eng., vol. 2, pp. 31–37, 2012. 

[19] T. Tsujimoto, T. Shindo & T.Kimura, "A Relationship between Network Topology and Search 

Performance of PSO," WCCI 2012, IEEE World Congress on Computational Intelligence, Brisbane, 

Australia, June, 10-15, 2012. 

[20] T.K. Sharma, M. Pant & J.C. Bansal, "Some Modifications to Enhance the Performance of Artificial 

Bee Colony," WCCI 2012, IEEE World Congress Computational Intelligence June, 10-15, 

Brisbane, Australia, 2012. 

[21] B.K. Babayigit, R. Ozdemir &, "A modified artificial bee colony algorithm for numerical function 

optimization,"  IEEE Symposium on Computers and Communications (ISCC), 2012 , pp. 000245 – 

000249, IEEE, 2012. 

[22] J. Kennedy, “Bare Bones Particle Swarms,” Proceedings of the IEEE Swarm Intelligence 

Symposium, SIS-03, pp. 80–87, 2003.  

[23] J. Demongeot “Impact of Fixed Boundary Conditions on the Basins of Attraction in the Flower’s 

Morphogenesis of Arabidopsis Thaliana” IEEE, 22nd International Conference on Advanced 

Information Networking and Applications – Workshops, WAINA, 2008,  pp. 782-789, 2008. 

[24] D. Leung, J. Oppenheim, and A. Winter “Quantum Network Communication-The Butterfly and 

Beyond” IEEE Transactions on Information Theory, vol. 56, no. 7,  pp. 3478-3490, july 2010. 

[25] A.K. Brodsky, "vortex formation in the tethered flight of the peacock butterfly inachis IO l 

(lepidoptera, nymphalidae) and some aspects of insect flight evolution," The J. Experimental 

Biology, 161, pp. 77–95, May 1991.  

[26] S . Sunada, K. Kawachi, I. Watanabe And A. Azuma, “Performance of a butterfly in take-off 

flight” The J. Experimental Biology, 183, pp. 249–277, June 1993. 

[27] R. J. Mercader, L. L. Stelinski and J. M. Scriber, “Differential antennal sensitivities of the generalist 

butterflies papilio glaucus and p. canadensis to host plant and non-host plant extracts” Journal of the 

Lepidopterists’ Society,  62(2), pp. 84-88, 2008. 

[28] Kathleen M. Lucas, James F. C. Windmill, Daniel Robert and Jayne E. Yack, “Auditory mechanics 

and sensitivity in the tropical butterfly Morpho peleides (Papilionoidea, Nymphalidae)” The J. 

Experimental Biology, 212, pp.  3533-3541, July 2009. 

[29] Joaquin Goyret1, Poppy M. Markwell, and Robert A. Raguso, “The effect of decoupling olfactory 

and visual stimuli on the foraging behavior of Manduca sexta” The J. Experimental Biology, 210, 

pp. 1398-1405, 2007. 

[30] Douglas Blackiston, Adriana D. Briscoe and Martha R. Weiss, “Color vision and learning in the 

monarch butterfly, Danaus plexippus (Nymphalidae)” The J. Experimental Biology, 214, pp. 509-

520, October 2010-11. 

[31] John Paul Cunningham1, Chris J. Moore, Myron P. Zalucki and Stuart A. West “Learning, odour 

preference and flower foraging in moths” The J. Experimental Biology, 207,  pp. 87-94, September 

2003. 



International Journal of Soft Computing, Mathematics and Control (IJSCMC), Vol. 3, No. 4, November 2014 

14 

 

[32] Toshio Ichikawa, “Control of impulse discharge of visual Inter neurones by the receptive field 

surround in butterfly larvae” The J. Experimental Biology, 171, pp. 247-259, June 1992. 

[33] Kathleen M. Lucas, James F. C. Windmill, Daniel Robert and Jayne E. Yack, “Auditory mechanics 

and sensitivity in the tropical butterfly Morpho peleides (Papilionoidea, Nymphalidae)” The J. of 

Experimental Biology, 212, 3533-3541, July 2009. 

[34] Z.H. Zhan, J. Zhang & Y.Li, "Orthogonal Learning Particle Swarm Optimization," IEEE Trans. 

Evolutionary Computation,, vol. 15, no. 6, Dec 2011. 

[35] M.S Norouzzadeh, M.R. Ahmadzadeh M. Palhang, "Plowing PSO: A novel approach to effectively 

initializing particle swarm optimization," Computer Science and Information Technology (ICCSIT), 

2010 3rd IEEE International Conference on , vol.1, no., pp.705,709, 9-11 July 2010. 

 

AUTHORS BIOGRAPHIES 

 
Aashish Kumar Bohre1 received BE degree in Electrical and Electronics engineering from UIT- RGPV 

Bhopal, (2009), and M-Tech degree in Power System (2011) from MANIT, Bhopal. At the moment he is 

Pd.D. scholar at MANIT, Bhopal, India.  

 

Dr.  Ganga Agnihotri2 received BE degree in Electrical engineering from MACT, Bhopal (1972), the 

ME degree (1974) and PhD degree (1989) from University of Roorkee, India. Since 1976 she is with 

Maulana Azad College of Technology, Bhopal in various positions. Currently she is professor. Her 

research interest includes Power System Analysis, Power System Optimization and Distribution 

Operation.  

 

Dr. Manisha Dubey
3
 was born in Jabalpur in India on 15th December 1968. She received her B.E 

(Electrical), M.Tech. (Power Systems) and Ph.D (Electrical Engg.) in 1990, 1997 and 2006 respectively. 

She is working as Professor at the Department of Electrical Engineering, National Institute of 

Technology, Bhopal, India. Her research interests include power systems, Genetic Algorithms, Fuzzy 

Logic systems and application of Soft Computing Techniques in power system dynamics and control.  

 

Jitendra Singh Bhadoriya4 was  born in Distt. Bhopal , India, in 1989. He received BE degree (2011) 

from UIT- RGPV Bhopal in electrical engineering, and at the moment he is an M-Tech (instrumentation) 

scholar at SCHOOL OF INSTRUMENTATION, Devi Ahilya University (DAVV), lndore, India.  


