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Abstract- Particle Swarm Optimization with Aging 

Leader and Challengers (ALC-PSO) is an optimization 

technique which uses the concept of aging. Aging is a 

vital process that comes to all. This mechanism is applied 

to the Particle Swarm Optimization Algorithm, to find 

the optimal solution to a difficult problem. The ALC-

PSO algorithm uses the concept of  a leader, leading the 

swarm and  another particle challenging the position of 

the leader, based on its efficiency, performance, lifespan 

and leading power. When Aging mechanism is applied to 

PSO, the premature convergence is overcome and the 

efficiency of the algorithm is increased. Whenever during 

the search process, any particle tends to leave the 

boundaries of the search space, much effort is wasted in 

searching for the best solution if the particle which could 

find best solution, has gone out of the search space. In 

such a situation, it becomes essential to re-initialize the 

particle’s velocity, to make it come back into the search 

space, so that the optimal solution be found efficiently 

and in lesser time. There are mainly three velocity update 

strategies which can be used in the algorithm for its 

better performance. These include: Velocity initialization 

to zero, velocity initialization within a specified domain, 

velocity initialization to a random value near zero. This 

paper presents the impact of applying various velocity 

initialization strategies on the ALC-PSO Algorithm. 
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I. INTRODUCTION 

PSO is a heuristic global optimization technique[1] 

that can give optimal solutions to some difficult 

problems. It is a simple technique which takes less 

time for giving the final output. Particle Swarm 

Optimization simulates the behavior of bird flocks 

when they scatter for searching food [7]. It was 

originally proposed in 1995 [8]. The particles fly 

[9] in their surroundings, within the swarm and 

tries to find the best solution by visiting the 

different positions in the swarm. When a particle 

finds the best solution, it lets all other particles 

accumulate at that position. Several variants of 

PSO have been studied and implemented till now. 

Mostly this optimization method shows good 

results but there can be a problem of premature 

convergence[2], because of which the particles in 

the swarm, which represent the feasible solutions to 

the problem, gets stuck in the local optima and 

converges prematurely before the best position is 

reached and the optimal solution is found. This can 

lead to wastage of time and effort in searching for 

the solution which could have not reached the final 

point of algorithm execution. 

The problem of premature convergence is 

overcome by a variant of PSO, that is called PSO 

with Aging Leader and Challengers (ALC-PSO) 

[3]. The aging mechanism is applied to the particles 

of the swarm in order to find the best particle which 

can take the other particles to the best position in 

the swarm. The idea of ALC-PSO is based on the 

concept of leader and challengers[10]. Leader is the 

best particle which is highly efficient to lead its 

whole swarm and finding the best solution for the 

given problem. If the performance of leader 

decreases, arises the need to challenge its position. 

Other particles come up, challenging the leading 

position of the leader. Comparing the leading 

power of the previous leader and the challenger, 

one with better leading power is selected to be the 

new leader of the swarm. 

Another problem that arise in PSO is the random 

behavior of particles[4], which make the particles 

go out of the search boundaries within which the 

solution is to be found. If the particles get out of the 

desired boundaries, there is a possibility that the 

best particle could have gone out of the boundaries, 

so it is essential to make the particles come back 

within the boundaries, so that no effort is wasted in 

finding the solution which is no longer available in 

the set of solutions[13]. 

To overcome the problem of randomness of 

particles, boundary constraints are applied to 

swarm particles. Whenever any particle goes out of 

the defined boundaries, it is sent back within the 

search space, so that no effort is wasted in finding a 

particle, which is no more available in the search 



space. When the particles are initialized[14], they 

have zero velocity, that means, particles are 

stationary. When randomness within swarm is seen, 

particles fly with different velocities and thus 

change their positions. Thus, particles move to find 

the best position within swarm. But as particles go 

out of the search space, they are required to be 

moved back into search space, which can be done 

by re-initializing the velocity of such particles. 

There are three strategies for initializing the 

particles that go out of the search space, initializing 

the velocity to zero, velocity initialization to some 

value within a desired range and velocity 

initialization to some random value near to 0. By 

re-initializing the particle velocity, the particles 

come back within the search space and wastage of 

effort and time is reduced to a great extent and 

optimal solutions are found with precision. 

The objectives of this paper are: 

1. To study the effect of applying these 

velocity initialization strategies to the 

ALC-PSO algorithm. 

2. To study the effect of these strategies by 

varying the population size of the swarm. 

 

II. PARTICLE SWARM OPTIMIZATION WITH 

AGING LEADER AND CHALLENGERS(ALC-

PSO) 

 To remove the limitations that existed in the PSO 

algorithm[16], a new variant of PSO was 

developed, which considered the leader of the 

swarm of particles, which leads the swarm to reach 

the optimal solution for the given problem. The 

particle which is made to be the leader is the best 

particle among the whole swarm , which has the 

best quality to bring all other particles to the best 

position. This mechanism does not let the particles 

to participate in the final process of finding the 

solution which can take the swarm to the local 

optima, and thus removes the major drawback in 

the PSO algorithm i.e. removes the premature-

convergence. 

      The designing of ALC-PSO can be done in three 

steps: 

1. Design lifespan controller- adjusting the 

lifespan of the leader. 

2. Generating challengers- generation of 

challengers for challenging the position of the 

current leader. 

3. Accepting challenger- deciding whether 

generated challenger can be accepted as new 

leader[5]. 

1. Lifespan Controller 

After updating the positions of the particles, the 

leading power of leader to improve the entire 

swarm is  evaluated. Lifespan b is adjusted by the 

lifespan controller. The generated leader checks the 

gBest and has three cases: 

1. gBest<0: In this case, the leader can efficiently 

lead the population, so its lifespan is increased by 

2. 

2. gBest=0: In this case, the leader can satisfactorily 

lead the population and its performance can be 

enhanced to some extent, so its lifespan is 

increased by 1. 

3. gBest>0: In this case, there is no hope for 

improvement in performance, so the leader’s 

lifespan is decreased by 1. 

2. Generation of the Challenger: New challenger is 

generated when the lifespan of the old leader gets 

exhausted. When the performance of particle is 

greater than the previous leader, the leader is 

updated and when the best solution of the 

population is found, it is reported. 

3. Accepting the challenger- The leading power of 

newly generated challenger is evaluated, if this 

challenger has   enough leading power, it replaces 

the old leader and itself becomes the new leader. 

The leading power of newly generated challenger is 

evaluated, if this challenger has enough leading 

power, it replaces the old leader and itself becomes 

the new leader. 

 

III.  VELOCITY INITIALIZATION 

Velocity Initialization is a significant concept in 

PSO. If the velocity initialization of particles of the 

swarm are done in an efficient manner, it won’t let 

the wastage of search effort while searching in 

wrong directions. During the search process for 

finding the best solution in search space, the 

particles may leave the defined boundaries of the 

search space[12], which will lead to the wastage of 

searching effort and has a negative effect on the 

performance of PSO algorithm. It becomes 

essential to initialize the velocity of particles if any 

of these particles go out of the boundaries of search 

space as it will be responsible for the unintended 

randomness in swarm. This will lead to increase in 

the number of roaming particles.  This initialization 

can be done using three strategies: initialize to zero, 

initialize to random values close to zero and 

initialize to small random values[4]. Different 

strategies of velocity initialization has different 



effect on the performance of PSO algorithm. The 

velocity of every particle in the swarm is updated 

using the following equation: 

vi(t+1) = w*vi(t)+c1r1(t)(p(t)- xi(t))+c2r2(t)(g(t) -
xi(t)) 

where w is the inertia weight [6], 
c1 and c2 are the acceleration coefficients, 

r1(t); r2(t) € U(0; 1)nx , nx is the dimension of the 
search space, 

xi(t) is the current position of the ith particle, 

p (t) is the particle’s pbest position, 

g (t) is the gbest position[15]. 

Particle positions are updated using the following 
equation: 

xi(t + 1) = xi(t) + vi(t) 

During each iteration of the algorithm, the velocity 

and position of the particles get updated by 

following the velocity and position update rules. 

During this process, a particle may leave the 

boundary positions, they need to be re-initialized. 

This re-initialization of particles can be done in 

three ways, in order to save the searching effort and 

searching time that has to be made in finding the 

solutions for the algorithm. 

 

IV. VELOCITY INITIALIZATION STRATEGIES 

1. Initialize velocities to zero 

For all the particles in the swarm(i=1,2,... nx) 

where nx is the total number of particles. This 

initialization limits the initial exploration ability of 

the swarm and the surface occupied initially by the 

particles of the swarm. The momentum of every 

particle is zero initially i.e. they do not move in 

starting, they are initialized to zero velocity. If the 

momentum value is greater than zero, it will lead to 

larger step size , which will further increase the 

randomness of the particles. The positions of the 

particles also are uniformally distributed 

throughout the swarm. 

2. Initialize of velocities to the random values 

within the domain 

The domain is set for the  optimization problem i.e. 

Vi(0) € U(-x min, x max)nx. Because of the larger 

step sizes, the random initialization of the velocities 

help in the improvement of exploration ability of 

the swarm. These larger step sizes also increase the 

initial diversity of swarm and it may result in 

particles violating the boundary constraints on the 

search space. As the initial positions of the particles 

are initialized in the domain [ x min, x max], 

similarly, the initial velocities of the particles are 

initialized in a fixed domain. In this way, these 

roaming particle’s best positions may also violate 

the boundary constraint. 

3. Initialize the velocities to small random values 

In response to the problem of particles leaving the 

boundary values due to large step sizes, the 

velocities of particles were initialized to small 

values. It was supposed that this kind of 

initialization will not suffer from the problem of 

boundary violation and will contribute to the 

diversity of the swarm. But it was noticed that 

particles still leave the boundaries. Another 

problem that arose is how the small values will be 

found, which depends on the characterization of the 

optimization problems. 

Each of these initialization strategies suffered from 
some problems. It was seen that it is not a better 

idea to initialize velocities to small values within 

the domain of the optimization problems. The 

random initialization means the initial velocities are 

sampled from a uniform distribution from within 

the domain of the optimization problem, the 

initialization to small random variables means the 

initial velocities are sampled from a uniform 

distribution in the range [- 0:1; 0:1]  and the zero 

initialization means the initial velocities be set to 

zero. 

 

V. APPLYING THE STRATEGIES TO ALC-PSO 

Concept of velocity initialization has been applied 

to the PSO algorithm but applying these strategies 

to ALC-PSO is not done yet. During early stages of 

the algorithm, many particles may leave the 

boundaries of search space, which can lead to 

several problems as under: 

1. If some better solution lies outside the boundaries 

of search space, the global best positions may also 

lie outside the search space, which can result in 

finding of a less feasible optimal solution. 

2. When the roaming particles do not find a better 

solution outside the search space, they are brought 

back into the search space but this process takes 

much number of iterations, which will result in 

increasing the search time and increasing the 

efficiency of algorithm. 

3. Roaming particles negatively influences the 

performance of the algorithm as it will increase the 

diversity when particles further move out of the 

search space. 

These problems are required to be avoided, which 

can be done if an efficient velocity initialization 

technique is applied to the optimization algorithm. 

These strategies are applied to the ALC-PSO 

algorithm and results are n gathered. 



 

VI. RESULTS OF APPLYING DIFFERENT 

VELOCITY INITIALIZATION STRATEGIES 

TO ALC-PSO 

ALC-PSO algorithm is implemented on MATLAB 

(R2011b). The algorithm gives the convergence 

point at which all the particles of the swarm get 

accumulated, means the optimal solution is found 

and the optimum point is achieved. The globally 

best position is said to be the gbest value that is the 

best value in the entire swarm. 

Average best-so-far = the average of best values 

found so far 

Iterations = the number of times the process is run 

Number of iterations=10 

The benchmark functions are used to check the 

effect of varying the velocity initialization 

strategies. The benchmark functions used here 

include: Ackley, Griewangk and Rastrigin 

function[11]. 

 

    

a)                                                                                      b) 

 
c) 

Figure- Graph plots between Average-best-so-far and Iteration for velocity initialization to zero using 

 a) Ackley Function  b) Griewangk Function c) Rastrigin function 

 

 

Benchmark Function Gbest Time for finding 

solution 

Ackely 0.0494 30.1779 

Griewangk 0.0015 30.2450 

Rastrigin 0.0127 32.8287 

Table- Values of gbest and time for finding the solution using velocity initialization to zero (0) for ALC-PSO 

 



 
a)                                                                   b) 

 
c) 

Figure- Graph plots between Average-best-so-far and Iteration for velocity initialization to a value within 

domain using  a) Ackley Function  b) Griewangk Function c) Rastrigin function 

 

Benchmark Function Gbest Time for finding 

solution 

Ackley 0.0529 29.4406 

Griewangk 0.0026 26.2151 

Rastrigin 0.0017 28.3585 

Table- Values of gbest and time for finding the solution using velocity initialization within a domain for 

ALC-PSO 

 

 
c)                b) 

 



 
c) 

Figure- Graph plots between Average-best-so-far and Iteration for velocity initialization to a random value near 

zero (0) using  a) Ackley Function  b) Griewangk Function c) Rastrigin function 

 

 

 

Benchmark Function gbest Time for finding 

solution 

Ackley 0.0527 30.5865 

Griewangk 0.0021 25.4234 

Rastrigin 0.0021 25.3428 

Table- Values of gbest and time for finding the solution using velocity initialization to small values near zero (0) 

for ALC-PSO 

 

VII. DISCUSSION OF RESULTS 

1. Ackley Function- Random initialization is 

comparatively slower in performance than small 

random initialization and zero initialization but it 

follows a greater diversity. In random initialization, 

there are more number of particles that violated the 

boundary constraint. The global best position 

violations are higher, they never reach zero.  The 

small random initialization and zero initialization 

showed similar trends, having a very fast reduction 

in the number of best position violations. The time 

taken for finding the solution is taken into seconds. 

2. Griewangk Function- Random initialization is 

slower in improving the performance compared to 

small random and zero initialization. Random 

initialization results in a larger diversity, having 

more roaming particles, giving more best positions 

initially. The diversity for the random initialization 

decreases slower than for small random 

initialization and zero initialization. The small 

random initialization and zero initialization had 

very similar behaviors. 
3. Rastrigin Function- The random initialization is 

initially slower in improving the performance 

similar to small random and zero initialization. 

After some iterations, the diversity increases and 

process becomes fast.  

 

VIII. VARYING THE NUMBER OF PARTICLES 

IN THE SWARM 

The population of the swarm influences the speed 

of finding the optimal solution, more the number of 

particles taken into the swarm, larger the set of 

solutions from which optimal solution is to be 

found, more time will be taken for the optimization 

method to find the best solution. The results of 

varying the population of the swarm can be seen by 

comparing the gbest value( global best value) for a 

set of number of population. 

 

IX. RESULTS OF INCREASING POPULATION 

SIZE FOR GBEST VALUES 

The value of gbest varies when the number of 

particles are varied. The results of varying the 

population are simulated using the Ackley function. 

The effect of varying the population size of the 

swarm can be seen as below: 

 



   
a) b)  

 

 
c) 

Figure- the plot between Average-best-so-far and Iteration for population size-10 for Ackley Function 

a) Velocity initialization to 0 

                                  b) Velocity initialization to a value within a fixed domain 

                                       c) Velocity initialization to a random value near zero 

 

   
a)                                                                         b) 

 

 



 
c)  

Figure- the plot between Average-best-so-far and Iteration for population size-60 

a) Velocity initialization to 0 

                                  b) Velocity initialization to a value within a fixed domain 

                                       c) Velocity initialization to a random value near zero 

 

   

a)                                                                        b) 

 
c) 

Figure- the plot between Average-best-so-far and Iteration for population size-100 

a) Velocity initialization to 0 

                                  b) Velocity initialization to a value within a fixed domain 

                                       c) Velocity initialization to a random value near zero 

 

Population Velocity 

initialization to 0 

Velocity 

initialization to a 

value within a 

domain 

Velocity 

initialization to a 

small random value 

near 0 

10 0.0490 0.0500 0.0501 

60 0.0497 0.0510 0.0512 

100 0.0499 0.0520 0.0521 

Table- gbest values for different population size for ACKLEY benchmark function 



  

XI. ANALYSIS OF VARIATION IN GBEST 

VALUES FOR DIFFERENT POPULATION SIZE 

1. Velocity initialization to zero- By varying the 

population size of the swarm, the gbest value 

increases. If we see the gbest values at population 

size 10, it is 0.0490 which increases to 0.0497 for 

population size 60, that further increase to 0.499 at 

population size 100. As the number of particles in a 

swarm increases, the value for the gbest value also 

increases. 

2. Velocity initialization to a value within domain- 

Same trend can be seen for the strategy of velocity 

initialization to value within domain. The gbest 

values increases with the increase in the number of 

particles. For the population size 10, the gbest 

value is 0.0500, which increases to 1 value of 

0.0510 at the population size of 60, that further 

increased at a population size 100, to 0.0520. 

3. Velocity initialization to random values near 

zero- There is a similar fashion followed by the 

optimization technique for the strategy of velocity 

initialization to a random value near zero. The 

gbest value increases with the increase in number 

of particles of swarm. The gbest value is 0.0501 for 

population size 10, increases to 0.0512 for 

population size 60 , which further increases to a 

value of 0.0521 for the population size of 100.   

 

XII. CONCLUSION 

Much effort is wasted if the particles go out of the 

desired boundary values. This arises a problem of 

decreasing efficiency of the algorithm. This 

situation can be overcome by using the velocity 

initialization strategies. An efficient velocity 
initialization method is of great help in decreasing 

the wastage of time for finding the best solutions. If 

any particle goes out of the boundaries of search 

space, it is brought back into the search space by 

re-initializing the velocity of the particle. Boundary 

constraint on personal best position is avoided and 

is applied to the global best position only. The best 

strategy is to initialize particle velocity to zero and 

initializing velocity to random values close to zero 

and initializing velocities to a random value within 

the domain of the optimization problem is not an 
optimal strategy to initialize velocities but it is seen 

that global best solution is improved at a much 

slower rate than zero initial velocities or small 

random initial velocities strategies. There is a 

relation between random initialization and a slow 

improvement in global best, high diversity, large 

number of roaming particles, large number of 

personal best and global best position boundary 

violations. This leads to slower convergence and 

wasted effort searching outside the boundaries of 

the optimization problem for three strategies.  
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