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Abstract. Born and death is the nature of lives, but most swarm in-
telligence algorithm did not reflect this important property. Based on
Particle Swarm Optimization, the concept of life span is introduced to
control the activity generation of particles. Furthermore, the differen-
tial operator is applied to enhance the convergence and precision. The
performance of propose algorithm, along with PSO and DE, is tested
on benchmark functions. Results show that life span and differential op-
erator greatly improved PSO and with well-balanced exploration and
exploitation characteristic.
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1 Introduction

A branch of artificial intelligence which deals with the collective behaviour of
swarms through complex interaction of individuals without supervision, is re-
ferred to as swarm intelligence [1]. During past decades, many swarm-based op-
timization algorithms have been developed and put into dealing with real world
problems. Ant Colony Optimization (ACO) [2,3]mimics the foraging behavior of
ant colonies, which uses the pheromone to deliver the landscape information of
target problem between ants. Particle Swarm Optimization (PSO) [4] imitates
the social behavior of flock of birds or school of fishes, and the particles share
their experiences through a component of velocity update formula. Artificial
Bees Colony (ABC) [5] utilizes the divided labor of bees to explore and exploit
the nectar resources, and the message about food source is represented by the
dances of employee bees. The Differential Evolution (DE) [6], even not simu-
late any real-world system, is still considered as a swarm intelligence algorithm
because of the interaction among individuals.

As an important part of swarm intelligence algorithms, PSO was broadly
studied and applied to many engineering problems such as controller design
[7,8], task assignment problem [9], scheduling [10], etc. Many variants of PSO
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are designed as well, such as PSO with inertia weight[11], PSO with linearly
decreasing Vmax[12], PSO with collision-avoiding mechanism [13] etc..

Though PSO claims to be an algorithm that imitates the behavior of birds
or fishes, the behavior of particles is more like a bunch of robots than living
biomes. Except the initial phase, the particles never born or die. In other words,
the particles are immortal. To the author’s knowledge, few literatures mentioned
the life span of particles, not along the effect the living particles will bring.

Recently, the differential operator, as a high-efficient heuristic, is increasingly
introduced into various algorithms. For example, in Shuffled frog-leaping al-
gorithm (SFLA)[14], the new solutions are generated based on the difference
between current solution and the best solution of the memeplex. In the latest
version of ABC [15], a differential operation is also used. The appropriate uti-
lization of differential operator balances the exploration and exploitation of a
search process. For PSO, there is no doubt that the introduction of differential
operator will accelerate convergence and improve accuracy.

In our study, we introduce the concept of life span into the PSO scheme
(mortal particles). To further improve the algorithm performance, the differential
operator is used to generate candidate solutions out of the memory of individual
particles. The performance of proposed algorithm, called Mortal Differential PSO
(MDPSO), is compare with the original algorithms (immortal particles).

The rest of this paper is organized as follow. Section two briefly introduces
the PSO algorithm. In section three, we propose the Mortal PSO scheme. The
experiment results are presented in section four. Section five gives discussion and
conclusion.

2 Particle Swarm Optimization

Since first introduced by Kennedy and Eberhart [4] in 1995, PSO has developed
numerous variants. A detailed description of these variants of PSO can be found
at [16]. Our study is focused on original PSO.

A D-dimension unconstrained minimization problem is defined as follow.

minf(x), x = [x1, · · · , xD] (1)

where D is the dimension of the problem or the number of parameters to be
optimized, x is a solution of the problem, ximin ≤ xi ≤ ximax.

In Particle Swarm Optimization, the position of a particle represents a solu-
tion. And the motion of particle Pi is driven by velocity Vi. Through updating
the velocity and the position of particles, the feasible space is searched. The
updating formula of velocity and position are as follow.

Vi(t + 1) = Vi(t) + c1rand1(pbesti − Pi) + c2rand2(gbest − Pi) (2)
Pi(t + 1) = Pi(t) + Vi(t + 1) (3)

where pbesti is the best position previously discovered by particle Pi, gbest is the
best position discovered by the entire population. rand1 and rand2 are uniformly
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distributed random number in region [0,1]. c1 and c2 are accelerating constants
that reflect the weighting of stochastic acceleration term that pull particles to
pbest and gbest position[16]. The range of Pi and Vi is limited in [Xmin, Xmax] and
[Vmin, Vmax]. When parameter exceeds the upper or lower bounds, we simply set
parameter as the value of bounds. Some researcher use different random numbers
in every dimension, as defined in (4)-(5).

V d
i (t + 1) = V d

i (t) + c1randd
1(pbestdi − P d

i ) + cd
2randd

2(gbestd − P d
i ) (4)

P d
i (t + 1) = P d

i (t) + V d
i (t + 1) (5)

where superscript d is the dimension index. According to (4), every component
of velocity Vi needs newly generated random numbers weighting the portion
of individual and global terms. The difference between (2)-(3) and (4)-(5) is
reported in [17]. For clear discussion, we use (2)-(3) in our study.

3 Mortal Particle Swarm Optimization

3.1 Mortal Particles

Death, as one kind of updating mechanisms in biomes, is an indispensible part
of evolution. To sustain the population with limited resources, the old and weak
individuals have to make room for the young and fitter ones. In the context
of swarm intelligence, the elimination of old solutions plays the same role with
death in the real world. However, most swarm intelligence algorithms did not
take the life span of solutions into account. From the beginning to the end of a
search process, a solution is only changed, not been replaced. If the change stops,
i.e., the solution trapped in local extreme, then the premature convergence is
unavoidable unless some other operations are introduced.

Consider (2), when a solution is trapped, it means gbest and pbesti are re-
main unchanged. This solution can easily replicate itself and occupy the whole
population. Because the gbest and pbesti will attract the rest particles to them,
and eventually to gbest[16]. Since all the particles are immortal, the algorithm
will end up with a population that has same individuals. To help the solution
escape local, we use ’life span’ to control the number of activity generations of
a particle. For problem (1), the life span of a particle is decided by following
formula.

lifei = exp

(
minN

i=1(fi) − fi∑N
i=1(fi − minN

i=1(fi))/N

)
(6)

where fi is the evaluation of object function, N is the number of particles.
The life span of each particle is within (0,1]. The life of a particle will reduce Δ

with every position update. When lifei ≤ 0, the pbesti particle will be eliminated
and reinitialized within the search space. The pbesti is reinitialized as well to
erase the memory of the particle, otherwise the new particle will be attracted to
pbesti again.
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In some cases, the evaluation of some particle are far bigger than the rests,
thus leads to a large denominator in (6), and eventually shorten the life span of
all particles. In that case, the following formula can be used instead.

lifei = exp
(

minN
i=1(fi) − fi

median(fi − minN
i=1(fi))/N

)
(7)

where median(fi − minN
i=1(fi)) is median number.

3.2 Differential Operator

With mortal particle, the algorithm can escape local now. But the convergence
speed is still a problem. If the algorithm reinitializes the solutions again and
again to explore wider region, it becomes random search. In addition, the life
span did not necessarily speed up the convergence. In this context, we introduce
differential operator to improve the convergence.

Pnd
i =

{
pbestdi + (pbestdr1 − pbestdr2), if rand < p

pbestdi , else (8)

r1, r2 ∈ [1, · · · , N ]
r1 �= r2 (9)

where Pnd
i is the dth variable of ith new particle, p is the mutation probability,

r1 and r2 are random integers. From our observation, p = 0.15 to 0.25 is suitable
for most problems.

The Pi and pbesti is updated according to following.

fobj(Pni(t)) < fobj(pbesti) −→ Pi(t + 1) = Pni(t), pbesti = Pni(t) (10)

where fobj(·) is the object function.
The pseudo code of MDPSO see Algorithm 1. Where FE and FEmax denote

the number of function evaluation and the maximum of it.

4 Validation Experiments

4.1 Parameter Setting

To verify the proposed algorithm, numerical experiments are conducted. The
performance of MDPSO is compared with PSO and DE. The DE parameters
are set according to [18]. The rest parameters are set as follow. Accelerating
constants c1 = c2 = 2, population size N = 20, mutation probability p = 0.15,
maximum number of function evaluation FEmax=2e5, velocity Vi is limited by
(11).

Vmax = (Xmax − Xmin)/10
Vmin = −(Xmax − Xmin)/10 (11)
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Algorithm 1. Mortal Differential PSO
Object function f(x), x = (x1, · · · , xD)D

Generate N particles Pi(i = 2, 3, · · ·N), evaluate particles, record pbesti and gbest
Compute life value of particles by (7)
while FE < FEmax do

for each particle Pi do
Update Vi and Pi by (2)-(3), FE = FE + 1, evaluate Pi : fi = fobj(Pi)
if fi < fobj(pbesti) then

pbesti = Pi

else
lifei = lifei − Δ

end if
if lifei < 0 then

Reinitialize Pi and evaluate it, FE = FE + 1
end if

end for
Generate new particles by (8)-(9) and evaluate them, FE = FE + N
Update Pi and pbesti according to (10)
Update particle life by (7) and record gbest

end while
Post process results and visualization

4.2 Benchmark Functions

The benchmark functions are usually used as standard test bed for optimization
algorithms. To avoid the unintentional attraction of zeros, the benchmark func-
tions are shifted with a displacement d = (d1, d2, · · ·dD)D according to following
formula.

z = x − d
f = fobj(z) (12)

For example, the Non-continuous Rastrigin function has numerous local minima,
which located at small flat local regions. The flat region has no differential infor-
mation and the function is un-derivable within its search space, which makes this
function very difficult for most search algorithms. The function’s shifted version
landscape is shown at Fig. 1. The benchmark functions used in our experiment
are listed at Table 1. To test the overall performance of proposed algorithm, we
try to cover all kinds of test functions. As the characteristic showed at Table 1,
four functions are unimodal and four are multimodal. At the same time, four
functions are separable and four are non-separable.

4.3 Simulation Results

The initial and final locations of 20 particles of 2-D Non-continuous Rastri-
gin function in MDPSO are shown at Fig. 2. The final locations are around
the optimal solution [1.28,1.28], but distances between particles are still fairly
large. This explains why MDPSO can escape local. To further demonstrate the
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Fig. 1. The 3-D landscape of Shifted Non-continuous Rastrigin function

Table 1. Benchmark Functions. D: Dimension, F: Feasible Bounds, C: Characteristic,
U: Unimodal, M: Multimodal, S: Separable, N: Non-Separable, R: Regular, I: Irregular.

Name Equation D F C d

Sphere fi =
∑D

i=1 x2
i 30 [-100, 100] USR 25D

Schwefel 2.21 f2 = maxD
i=1|xi| 30 [-100, 100] USI 25D

Rosenbrock f3 =
∑D

i=1

[
100(xi+1 − x2

i )
2 + (xi − 1)2

]
30 [-30, 30] UNR 0D

Schwefel 2.22 f4 =
∑D

i=1 |xi| + ∏D
i=1 |xi| 30 [-10, 10] UNI 2.5D

Rastrigin f5 =
∑D

i=1

[
xD

i − 10 cos(2πxi) + 10
]

30 [-5.12, 5.12] MSR 1.28D

Non-
continuous
Rastrigin

f6 =
∑D

i=1

[
yD

i − 10 cos(2πyi) + 10
]

yi =

{
xi |xi| < 1

2
round(2xi)

2
|xi| ≥ 1

2

30 [-5.12, 5.12] MSI 1.28D

Griewank f7 = 1
4000

∑D
i=1 xD

i − ∏D
i=1 cos( xi√

i
) + 1 30 [-600, 600] MNR 150D

Ackley
f8 = −20exp

(
−0.2

√
1
D

∑D
i=1 x2

i

)
−exp

(
1
D

∑D
i=1 cos(2πxi)

)
+ 20 + e

30 [-32.768,
32,768]

MNR 8.192D

effectiveness of proposed algorithm, 50 runs are conducted for each algorithm,
and the results are summarized at Table 2. For each benchmark function, the
best, median, worst, mean, standard deviate (Std) and success (Scr) rate of 50
runs are listed. The success rate is determined by (13)-(14).

Scr = Nsuccess/Maxrun× 100% (13)
|fbest − f∗| < ε (14)
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Fig. 2. Initial and final 2-D locations of 20 particles in MDPSO

where Nsuccess is the number of success runs. If fbest satisfy (14), a success run is
recorded. In our experiment, the tolerance is truncated at 1.00e-8, which means
all values that less than 1.00e-8 are treated as zero. From Table 2 we can conclude
that MDPOS outperforms PSO for all eight test functions and outperforms
DE for three multimodal functions (Rastrigin, non-continuous Rastrigin and
Griewank) and one unimodal function (Schwefel 2.21). DE outperforms MDPSO
for two unimodal non-separable functions (Rosenbrock and Schwefel 2.22). Both
MDPSO and DE have same performance for Sphere and Ackley function.

Table 2. Comparison of Three Algorithms

Function f1 f2 f3 f4 f6 f6 f7 f8

ε 1.00e-8 0.5 25.0 1e-8 1e-8 1e-8 1e-8 1e-8

PSO

Best 0.07 0.78 29.04 0.16 33.91 38.00 0.22 0.10
Median 0.19 1.41 74.15 0.27 63.73 69.00 0.40 0.22
Worst 0.38 3.29 368.86 0.46 94.62 126.00 0.64 1.71
Mean 0.19 1.60 87.93 0.27 63.88 71.88 0.41 0.53
Std 0.07 0.57 70.88 0.07 14.61 16.96 0.09 0.50
Scr 0% 0% 0% 0% 0% 0% 0% 0%

DE

Best 0.00 0.06 0.04 0.00 15.69 32.67 0.0 0.0
Median 0.00 2.24 17.40 0.00 83.48 81.43 0.0 0.0
Worst 0.00 20.66 69.43 0.00 133.97 118.62 7.40e-3 0.0
Mean 0.00 3.44 26.12 0.00 84.25 81.25 1.48e-4 0.0
Std 0.00 4.02 21.63 0.00 27.56 22.97 0.001 0.0
Scr 100% 16% 78% 100% 0% 0% 98% 100%

MDPSO

Best 0.00 0.17 4.80e-3 0.00 0.00 0.00 0.00 0.00
Median 0.00 0.28 20.78 0.00 0.00 0.00 0.00 0.00
Worst 0.00 0.41 81.90 12.50 5.59e-7 0.00 0.00 0.00
Mean 0.00 0.29 33.19 0.25 1.16e-8 0.00 0.00 0.00
Std 0.00 0.05 27.92 1.75 7.82e-8 0.00 0.00 0.00
Scr 100% 100% 72% 98% 96% 100% 100% 100%
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Clearly MDPSO performed well when deals with multimodal functions. Espe-
cially for Rastrigin and non-continuous Rastrigin function, MDPSO is far more
superior. On the other hand, the advantage of DE is not obvious. In general, the
proposed algorithm is more efficient than PSO and DE.

5 Discussion and Conclusion

From the experiment results we can conclude that the life span and differential
operator significantly improved the performance of PSO and showed great po-
tential on dealing with multimodal problems. With life span, some old particles
are eliminated, so is its memory, pbest. With the elimination of old particles, the
population diversity is increased. Technically the population will not converge
to a same local extreme (like the original PSO always do), hence the algorithm
will not trap. Theoretically, as long as the algorithm keeps running, it will find
the global minima eventually.

Though the algorithm will not trap in local, it is not practical if it takes long
time to converge. A differential operator can speed up convergence and increase
the accuracy. In the early stage of searching process, the pbest records only the
information of scattered local regions, and the average distance of particles is
large. The new generated particle can search broader region. In the later stage,
with the decreasing distance of particles, the differential factor becomes smaller.
This drives the algorithm to higher precision. The process is self-adaptive, the
exploration and exploitation are well balanced.

The implementation of life span and differential operator dose not depend
on algorithms, which means the proposed improvement can be applied to other
algorithms as well. PSO is just an example, how to improve other algorithms by
these heuristics is still an open issue.
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