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Abstract: Over the years, the area of Artificial Immune Systems (AIS) has drawn wide attention

among researchers as the algorithm is able to enhance local searching ability and efficiency.

Alternatively, Particle Swarm Optimization (PSO) has been used effectively in solving optimization

problems. This paper compares the optimization results of the mathematical functions using AIS and

PSO. The numerical results show that both PSO and AIS give comparable fitness solutions with the

former performing about 56 percent faster than the latter. Conversely, for simpler mathematical

functions, AIS performs marginally faster than PSO at about 14 percent while maintaining good

accuracy of the objective value.
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INTRODUCTION

Particle Swarm Optimization (PSO) make use of social behaviour (Pant, M., 2008; Kennedy, J. and R.C.

Eberhart, 2001) of individuals living together in groups. Each individual tries to emulate other better group

members in order to improve itself. That way, optimization procedure is being performed by the group

members as described in (Kennedy, J. and R.C. Eberhart, 2001). The performance of PSO depends on the way

the particles move in the search space with a velocity that is repeatedly updated.

Conversely, Artificial Immune System (AIS) is an intelligent problem-solving technique which finds

applications in optimization, computer security, data clustering, pattern recognition or even fault tolerance

(Dasgupta, D., 2006).  The natural immune system uses a diversity of evolutionary and adaptive techniques

to protect organisms from foreign pathogens and misbehaving cells in the body (De Castro, L.N. and J.V.

Zuben, 2005). AIS seek to capture some aspects of the natural immune system in a computational framework

for solving engineering problems (Glickman, M., 2005). Clonal selection algorithm that is used in our

simulation is a special kind of AIS that uses the principle of clonal expansion and the affinity maturation as

the main forces of the evolutionary process (De Castro, L.N. and J. Timmis, 2002).

The application of a PSO and AIS for the optimization of mathematical functions is described here. The

functions that are to be used to compare the optimization results include Rastrigin’s function, Griewangk’s

function, Rosenbrock’s function, Ackley’s function and De Jong’s function. While De Jong’s function is

unimodal, the rest of the mathematical functions are multimodal in nature. In this paper, PSO and AIS are

explained briefly in Sections 2 and 3 respectively. Section 4 describes the multimodal and unimodal test

functions while Section 5 summarizes the experimental results. Conclusion and further research aspects are

given in Section 6.

2. Particle Swarm Optimization:

Particle Swarm Optimization (PSO) was originally proposed by Eberhert and Kennedy as a simulation of

social behaviour of organisms that live and interact within large groups (Kennedy, J. and R.C. Eberhard, 1995).
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The essence of PSO is that particles move through the search space with velocities which are dynamically

adjusted according to their historical behaviours. This mimics the social behaviour of animals such as bird

flocking and fish schooling. With several alterations on the original model, the algorithm could optimize

complex functions based on the concept of Swarm Intelligence methods (Kennedy, J., 2001).

PSO algorithm starts with a group of random particles that searches for optima by updating each

generation. Each particle is represented by a volume-less particle in the n-dimensional search space. The ith

i i1 i2 inparticle is denoted as X =(x ,x ,….,x ).  At each generation, each particle is updated by ensuing two best

values. They are the best solution that has been achieved (mbest) and the global best value (gbest) that is

obtained so far by any particle in the population.

With the inclusion of the inertia factor, ù, the equations are (Shi, Y. and R.C. Eberhard, 1998)

   (1)

   (2)

1 2where rnd() is a random number independently generated within the range [0,1] and á  and á  are two learning

factors which control the influence of the individual’s knowledge and that of the neighbourhood respectively.

The pseudo-code format of a standard PSO algorithm can be characterized in Figure 1.

The PSO optimization algorithm can be written as follows:

1. Generate a random initial swarm of particles, assigning each one a random position and velocity.

2. Compute the fitness values of the N particles.

3. Update the values of the best position of each particle and the best position found by the swarm.

4. Update the position and the velocity of every particle according to Eq. 1 and 2.

5. Steps 2 to 4 are repeated until a pre-defined stopping condition is reached.

begin PSO

   c:=0  { counter } 

   Initialize particle 

   Do: {for each particle}           

        Calculate fitness value

        If the fitness value is better than the best fitness value (mbest) in history

            set current value as the new mbest

        Choose the particle with the best fitness value of all the particles as the gbest

        Calculate particle velocity using Eq. 1

        Update particle position based on Eq. 2 

        c:=c+1

    end

end PSO 

Fig. 1: Pseudo-code of the Particle Swarm Optimization 

3. Artificial Immune System – Clonal Selection for Optimization:

Artificial Immune Systems (AIS) are inspired by theoretical immunology and observed immune functions,

principles and models, which are applied to solving engineering problems (De Castro, L.N. and J. Timmis,

2002). The clonal selection algorithm is a part of AIS based on clonal expansion and affinity maturation (De

Castro, L.N. and J.V. Zuben, 2002). The clonal selection theory describes that when an antigen (Ag) is

detected, antibodies (Ab) that best recognize this Ag will proliferate by cloning. This immune response is

specific to each Ag. 

The immune cells will reproduce in response to a replicating Ag until it is successful in recognizing and

fighting against this Ag. Some of the new cloned cells will be differentiated into plasma cells and memory

cells. The plasma cells produce Ab and promotes genetic variation when it undergo mutation. The memory

cells are responsible for the immunologic response for future Ag invasion. Subsequently, the selection

mechanism will keep the cells with the best affinity to the Ag in the next population. The process of a

standard clonal selection algorithm can be characterized in pseudo-code format in Figure 2. The summary of

the clonal selection optimization is described as (De Castro, L.N. and J. Timmis, 2002):

1. Generate a random initial population of Ab.
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2. Compute the fitness of each Ab.

3. Generate clones by cloning all cells in the Ab population.

4. Mutate the clone population to produce a mature clone population.

5. Evaluate affinity values of the clones’ population.

6. Select the best Ab to compose the new Ab population.

7. Steps 3 to 6 are repeated until a pre-defined stopping condition is reached.

begin AIS

   c:=0  { counter } 

   Initialize population 

   Do:           

      Compute affinity 

      Generate clones 

      Mutate clones 

      Replace lowest affinity Ab with a new randomly generated Ab

     c:=c+1   

    end 

end AIS 

Fig. 2: Pseudo-code of the Clonal Selection Algorithm

4. Mathematical Test Functions:

In order to compare the performance of PSO and AIS, five mathematical test functions would be used

(Suganthan, P.N., 2005). These test functions provide a firm benchmarking method in testing the efficiency

of the global optimization algorithms. For the next subsections, the details of each of the test functions used

in this study would be discussed.

4.1 Rastrigin’s Function:

Rastrigin’s function is given as 

  ,   

The global minimum is located at the origin and its function value is zero. The two-dimensional

Rastrigin’s function is shown in Figure 3.

Fig. 3: A two-dimensional plot of Rastrigin’s function 
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4.2 Griewangk’s Function:

Griewangk’s function is defined as

 ,           

The global minimum is located at the origin and its function value is zero. The two-dimensional

Griewangk’s function is shown in Figure 4.

Fig. 4: A two-dimensional plot of Griewangk’s function

4.3 Rosenbrock’s Function:

Rosenbrock’s function is given as

      ,  

The global minimum is located at (1, …, 1) and its function value is zero. The two-dimensional

Rosenbrock’s function is shown in Figure 5.

Fig. 5: A two-dimensional plot of Rosenbrock’s function
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4.4 Ackley’s Function:

Ackley’s function is defined as

           ,  

The global minimum is located at the origin and its function value is zero. The two-dimensional Ackley’s

function is shown in Figure 6.

Fig. 6: A two-dimensional plot of Ackley’s function

4.5 De Jong’s Function:

De Jong’s function is given as 

  ,  

The global minimum is located at the origin and its function value is zero. The two-dimensional De Jong’s

function is shown in Figure 7.

Fig. 7: A two-dimensional plot of De Jong’s function
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RESULTS AND DISCUSSIONS

The comparison in simulation between the performance of GA and AIS was carried out using a computer

with AMD Phenom 9600B Quad-Core CPU running at 2.30 GHz, 2GB of RAM and Windows Vista Enterprise

operating system. For the AIS, which were based on clonal selection algorithm (De Castro, L.N. and J.V.

Zuben, 2002), mutation probability is 0.01, while the clone size factor is 2. Both the PSO and AIS would have

an initial population size and number of iterations fixed at 50.  The simulation results and comparison between

PSO and AIS are shown in Tables 1 through 5.

Table 1: Results obtained from Rastrigin’s function.

PSO AIS

Fitness function value 0.000302 0.001597

Best particle/Ab -0.00123 0.002837

Time taken (s) 0.097136 0.22774

% Speed PSO faster than AIS by 57.35%

Table 2: Results obtained from Griewangk’s function.

PSO AIS

Fitness function value 0.000441 0.0017484

Best particle/Ab 0.029682 0.022177

Time taken (s) 0.093984 0.072699

% Speed AIS faster than PSO by 22.65%

Table 3: Results obtained from Rosenbrock’s function.

PSO AIS

Fitness function value 0.000212 0.007289

Best particle/Ab [0.98578;0.97206] [0.97852;0.96576]

Time taken (s) 0.076162 0.274619

% Speed PSO faster than AIS by 72.27%

Table 4: Results obtained from Ackley’s function.

PSO AIS

Fitness function value 2.9805 2.999

Best particle/Ab 1.43E-12 0.027708

Time taken (s) 0.197996 0.321026

% Speed PSO faster than AIS by 38.32%

Table 5: Results obtained from De Jong’s function.

PSO AIS

Fitness function value 0.000126 2.64E-07

Best particle/Ab 0.011207 0.00051345

Time taken (s) 0.092289 0.08755

% Speed AIS faster than PSO by 5.13%

It is evident that PSO and AIS gives comparable result while fitness value of the former is closest to the

global minimum.  Tables 1, 3 and 4 show that PSO is significantly faster than AIS for more complex

mathematical functions. Conversely, AIS is marginally faster than PSO for Griewangk’s function and De Jong’s

function as can be seen in Tables 2 and 5.  Both of the test function are less complicated and require minimal

computational effort.

At a glance, the speed difference may not be significant as the time taken for both PSO and AIS

simulation to run is in the region of milliseconds on a very fast PC. The PSO performs faster probably due

to the smaller number of parameters used in the calculation. This in turn, uses up less memory space and thus

enhance the speed of computational time.

6. Conclusion:

The simulation results of PSO and AIS was presented and compared. The usage of the multimodal and

unimodal test function shows that both algorithms have comparable fitness value with differences in the order

of tens or less from the global minimum. However, both PSO and AIS were trapped in the local minima

during simulation of the Ackley’s function. An increase in the number of iterations and better mutation factor

would most probably overcome this problem, although longer simulation time is required. From the results,

on average, PSO performs about 56 percent faster than AIS in calculating the best fitness value of the

mathematical test functions. On the contrary, AIS performs faster than PSO (about 14 percent) when less taxing
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mathematical functions are used. Future work may include improved or modified AIS such as a hybrid

algorithm that will be used to optimize other complicated test function.
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