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Abstract—Biological models of the natural immune system 
have provided the inspiration for artificial immune system, 
in particular the theories of negative selection, clonal 
selection and immune networks. The various applications of 
artificial immune systems have been used for pattern 
recognition and classification problems, however the 
traditional artificial immune algorithms have two major 
problems: the control of the growing of the memory cells 
population and the major operators of cloning and mutation 
are taken randomly. In this paper, a new artificial immune 
classifier based on practical swarm optimization is proposed 
to solve these problems. The proposed algorithm uses 
practical swarm to evolve the antibody population. During 
the training stages, the number of memory cells for each 
class is predefined to avoid antibody population growing. 
Then the improved practical swarm optimization method is 
adopted to evolve antibody population. In each iteration, the 
antibody as a particle moves to the optimal solution with 
directional parameters. The new classifier is tested on 
benchmark datasets using different classification techniques 
and found to be very competitive when compared to other 
classifiers.  
 
Index Terms—artificial immune system (AIS), practical 
swarm Optimization (PSO), classification, cloning 
 

I.  INTRODUCTION 

AIS have been vibrant and active for a number of years 
now, the immune-inspired algorithms have strong and 
robust information processing capabilities for solving 
some bench-mark problems and tacking real-world 
applications. The application areas with AIS techniques 
can be broadly as learning, anomaly detection and 
optimization. Thus, the learning includes classification, 
clustering and pattern recognition. 

The classification is a commonly encountered 
decision-making tasking in real world. Categorizing an 
object into a predefined group or class based on a number 
of observed attributes of the object is a typical 
classification problem. 

Different immune models have been applied for 
classification problems. The basic study was proposed in 
[1] which can be regarded as a supervised classifier 
method. This classifier system was called Artificial 

Immune Recognition System (AIRS), which is based on 
artificial recognition balls. Although this classifier 
method gives very effective results when it is compared 
to the other classifier methods, it also has some 
drawbacks. Firstly, each training antigen is given to the 
classifier only once. The method may not guarantee the 
best memory cell (B-cell) for the presented antigen. Some 
antibodies are generated randomly, and they are mutated 
version of the existing antibodies. The stimulation level 
of an antibody is inversely proportional with the distance 
of this antibody to an antigen. In each step, one B-cell is 
optimized, that can’t guarantee an optimal classifier. The 
least stimulated B-cells are removed from the population, 
because only one antigen is evaluated in each step, the 
least stimulated B-cell for an antigen which has a very 
high affinity for the other antigens. Another negative 
selection classifier method is proposed in [2]. This 
algorithm uses negative and clonal selection algorithms 
and gives efficient results for some benchmark datasets, 
but it must be re-operated to generate memory cells of 
each class. Furthermore, the control parameter must be 
adjusted for different data sets. An unsupervised classifier 
for remote sensing imagery problems is proposed in [3], 
and the fundamental mechanism of the unsupervised 
classifier is based on antibody population evolution, 
clonal selection, and memory cells development. In this 
unsupervised classifier, the antibody population is 
updated for each antigen, and the best antibodies are 
taken as memory cells, but the antibody population for 
only one antigen might have a negative effect on the 
immune system. Another study proposed by [4] uses a 
simple artificial immune system for classification, which 
uses one B-cell instead of B-cell pool and an exemplar 
for each class. Each exemplar consists of a few instances 
per class, but this method does not use affinity-based 
mutation and cloning. The cloning and mutation 
processes are applied to each B-cell randomly, therefore 
requiring the generation of many clones in each step. The 
algorithm has a slow convergence that reaches its 
maximum performance after an average of 237 iterations.  

Particle Swarm Optimization is an evolutionary 
computation technique inspired of social behavior 
observable in nature, such as bird flocking [5]. The 
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fundament of PSO is hypothesis that a potential solution 
to an optimization problem is treated as a bird without 
quality and volume, flying through a D-dimensional 
space, adjusting its position in search space according to 
its own experience and that of its neighbors. 

In this paper, the proposed method uses particle swarm 
optimization for evolution of the memory cell population. 
PSO has a clear direction and a fast convergence, 
however in the optimization process the particle moves 
toward its own best position and global best position of 
the flight, easy to fall into local minimum. Therefore   the 
improved immune algorithm combined with particle 
swarm optimization to update the antibody population in 
order to solve the shortcomings of slow convergence. The 
optimization is performed globally and the best affinity 
and position are not lost in the evolution process. The 
proposed method is applied on several benchmark data 
sets and compared to the other classifiers. 

The rest of the paper is organized as follows. Section 2 
describes the basic of natural and artificial immune 
system. Section 3 provides an explanation of the new 
immune classification algorithm, including encoding, 
design of the fitness function and steps of the algorithm. 
Some experimental results and the comparison analysis 
are presented in section 4, such as classification accuracy 
and convergence. Finally, the conclusions are provided in 
section 5. 

II.  BACKGROUND INFORMATION 

Some AIS information is introduced to explaining the 
design and implementation of the immune algorithm, 
background information on the main immune system 
metaphors for understanding the concepts of AIS 
classifiers. 

 

 
Figure 1.  Natural immune System 

A. Natural Immune System 
The natural immune system is a distributed novel 

pattern detection system with several components 
positioned in strategic locations throughout the body. 

Immune system regulates defense mechanism of innate 
and adaptive immune response. The adaptive immune 
response is more important for us because it contains 
metaphors like recognition, diversity, memory acquisition 
and self-regulation. The main architects of adaptive 
immune response are divided into two classes as T and B 
lymphocytes, each lymphocyte having its own function. 
Especially B cells have a more important function than T 
cells because each B cell produces a single type of 
antibody and is thus specific to that particular antigen. 

The illustration of the working procedure of the 
immune system is given in Fig.1. 

B. Artificial Immune System 
Artificial immune system is a new computational 

intelligence method inspired of biology immune system. 
Immune system regulates defense mechanism of innate 
and adaptive immune response. The adaptive immune 
response is more important for us because it contains 
metaphors like recognition, diversity, memory acquisition 
and self-regulation. Among various mechanisms in the 
biological immune system that are explored, negative 
selection, clonal selection and immune network model 
are the most discussed models.  

The simple framework results in a layered approach to 
the development of AIS in Fig.2. It was proposed a 
framework to design a biologically inspired algorithm, 
for engineering an AIS, should require the following 
basic elements:  

 
Figure 2.  AIS layered framework 

• A representation for the components of the immune 
system;  

• A set of mechanisms to evaluate the interaction of 
individuals in the environment and each other. The 
environment is usually simulated by a set of input 
stimuli, one or more fitness functions, or other means;  

• Procedures of adaptation which govern the dynamics 
of the system.  
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The basic components are represented as shape space 
in AIS. There are many kinds of shape space, such as 
real-valued, hamming and so on. Once the representation 
has been chosen, the affinity measures are used to 
quantify the interactions between the elements of the 
system. There are many possible affinity measures, such 
as Euclidean distance metrics, Manhattan distance or 
Hamming distance. Generally, affinity measure is 
partially dependent on the represented problem, and the 
selected affinity measure has a great importance because 
it can affect the overall performance of the system. After 
the affinity measure has been chosen, the appropriate 
immune algorithm is determined according to the 
problem. There are many different types of algorithm, 
and research to date has focused primarily on the theories 
of negative selection immune networks and clonal 
selection. These theories have been abstracted into 
various algorithms and applied to a variety of application 
fields. 

C. Primary and Secondary Response 
The immune system has two types of response: 

primary response and secondary response. The primary 
response occurs when the immune system encounters an 
antigen for the first time and reacts against it by 
producing antibodies. The immune system learns about 
the antigen and prepares the body against any further 
invasion of that antigen. This learning mechanism creates 
the immunological memory. 

The secondary response occurs when the immune 
system encounters an antigen against which it has reacted 
before. It is characterized by a shorter lag phase, a higher 
rate of antibody production, and longer persistence of 
antibody synthesis since the immune system already has 
all the information on the antigen from the 
immunological memory. 

D. Clonal Selection Theory 
The clonal selection theory is used to explain the basic 

response of the adaptive immune system to an antigenic 
stimulus [8], which establishes the idea that only those 
cells capable of recognizing an antigen will proliferate, 
while those that do not recognize an antigen are selected 
against. It includes two processes: pattern recognition and 
selection. It establishes the idea that only those cells 
which can recognize an antigen are able to gain in 
concentration and affinity, while those that do not die out. 
Fig.3 shows the clonal process of a B cell receptor when 
recognizes any antigen with a certain affinity. 

In Fig.3, once a B cell is stimulated through a certain 
affinity to any antigen, it immediately produces its clones 
that undergo somatic hyper mutation, thus introducing 
diversity into the B cell population. Plasma cells produce 
large numbers of antigen-specific antibodies which, in a 
successful immune response, lead to the removal of the 
antigen. Memory cells are generally considered to remain 
within the host and promote a rapid secondary response 
upon a subsequent encounter with the same (or similar) 
antigen. This is the phenomenon of acquired immunity. 
In other words, the adaptive immune system can learn the 
structure of an antigen and remember this antigen for 

future response. This factor ensures the reinforcement 
learning in the natural immune system.  

 
Figure 3.  The process of clonal selection 

E. Affinity Maturation 
When an antibody of a B cell binds to an antigen, the B 

cell becomes stimulated. The level of stimulation depends 
on not only how well it matches the antigen but also how 
it matches the other B cells in the immune network. If the 
stimulation level rises above a given threshold, the B cell 
will start replicating itself, producing clones of itself. An 
important aspect of this cloning process is that it does not 
produce exact clones. The offspring that are produced by 
this cloning process are mutated. The newly mutated cells 
may have a better match for the antigen and will thus 
proliferate and survive longer than existing B cells. By 
repeating the processes of mutation and selection, the 
immune system learns to produce better matches for the 
antigen. Alternatively, if the stimulation level is below a 
given threshold, the B cell will not replicate, and in time, 
it will die off. This whole process of mutation and 
selection is called affinity maturation. 

F. Practical Swarm Optimization 
In conventional PSO algorithm, each single solution to 

an optimization problem is considered as a particle in the 
search space. The exploration of a problem space was 
done in PSO by a population of particles called a swarm. 
All particles in the swarm have fitness values which are 
evaluated by the fitness function related to the 
optimization problem to be solved. So, the PSO algorithm 
is originally initialized with a swarm of particles placed 
on the search space randomly and is used to search for 
optimal solution by evolving generation by generation. In 
each iteration, the position and the velocity of each 
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particle are updated according to its own previous best 
position (PiBd (t)) and the best position of all particles 
(PgBd (t)) in the swarm so far. The updating formula for 
each particle’s velocity and position in conventional 
standard PSO is written as:  

1 1 2 2( 1) ( ) ( ( ) ( )) ( ( ) ( ))id id iBd id gBd idV t wV t c r P t X t c r P t X t+ = + − + −      (1) 

( 1) ( ) ( 1)id id idX t X t V t+ = + +                        (2) 

Where i = 1, 2, ···, n, n is the number of particles in the 
swarm, d = 1, 2, ···, D, and D is the dimension of solution 
space. The learning factors c1 and c2 are nonnegative 
constants, r1 and r2 are random numbers uniformly 
distributed in the interval [0, 1]. The parameter w is the 
inertia weight used to balance the global and local search 
abilities, which is a constant in the interval [0, 1].  

Fig.4 describes the block diagram of PSO, the 
velocities and positions of the all particles can be updated 
simultaneously. The termination criterion for iterations is 
determined according to whether the presetting maximum 
generation or a designated value of the fitness is reached. 

 
Figure 4.  The block diagram of PSO 

III.  ARTIFICIAL IMMUNE CLASSIFICATION ALGORITHM 
BASED ON PARTICLE SWARM OPTIMIZATION 

Through the researches of the immune classification 
algorithms, we found that there have two problems: the 
control of the growing of the memory cells population 
and the major operators of cloning and mutation are taken 
randomly. So we proposed a new artificial immune 
classifier based on practical swarm optimization called 
MA-PSO to solve these problems. 

A. Classifier Implementation Framework 
The data classification has a two-step process: (1) 

Classification algorithm constructed by analyzing the 
training set classifier, the training set of data from the 
database with associated class label composition; (2) if 
the accuracy obtained from the test set is acceptable, use 
the classifier to classify the data with unknown class label. 
In this paper, we propose a new classifier with MA-PSO 

algorithm, and design the corresponding encoding 
strategy, initial swarm population method and fitness 
function. The implementation process of classification is 
shown in Fig. 5. 

 
Figure 5.  Classifier implementation framework 

B. Encoding 
In this paper, the antigens are taken as feature vectors, 

which are given to the system during the training and 
testing stage. Each antibody as a particle is corresponding 
to a feasible solution of classification rules. Suppose the 
feature number of antigen is k, and the class number of 
dataset is m, the length of antibody is k×m, and the 
coding of an antibody is:  

1 2 1 2 1 2
1 1 1

k k k
i i i m m mab ab ab ab ab ab ab ab ab ab= K L K L K       (3) 

C. Design of Fitness Function 
The fitness function has important impact on 

classification results, so some factors are considered in 
the design of fitness function. 

• The evaluation criteria of classification rules must 
be taken into account in the design of fitness 
function. The usual evaluation criteria are the 
classification accuracy, computational complexity 
and so on. Here we choose the classification 
accuracy as one factor of the fitness function. 

1
| ' |

L

j j
j

Q C C
=

= −∑                           (4) 

L is the number of antigens in training set. Cj is 
the actual category of antigen j in the dataset. Cj’ 
denotes the category of antigen j decided by 
antibody according to nearest neighbor rule.  

'

. . ( , ) min|| || 1
j

j i j i

C i

st d ag ab ag ab i m

=

= − ≤ ≤
        (5) 

• Various types of samples can be separated because 
they are in different regions of feature space. If the 
distance between these regions is greater, the 
separability is greater. All samples in the same 
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class have smaller distance, the separability is 
greater too. Therefore, we can measure with the 
Euclidean distance between the antibody and 
antigen. The fitness J for each antibody is an 
average of the between-class separation. 

2

1 1 1
m i n ( ( ) )

l m k
t t
j i

j i t
J a g a b

= = =

= −∑ ∑ ∑
    (6) 

J is the sum of the minimum distance between 
antigens and fragment of the antibody. agt

j 
denotes the t-th attribute value of the j-th s antigen, 
abt

i denotes the t-th attribute value of the i-th 
fragment of antibody. 

• We combine the above factors to constitute a new 
fitness function which is given different weights 
and to indicate the importance of each factor. 

F Q Jα β= +                      (7) 

α and β are constants. α≥ 0, β ≥0, α + β= 1. 
The objective is to achieve the best classification by 

minimizing the fitness. 

D. Improved PSO Algorithm 
We improve the particle swarm algorithm to maintain 

the population diversity and avoid premature 
convergence. The improved method divides the antibody 
set into different level by their fitness. The antibody with 
minimum fitness as the global optimum denotes as abbest. 
The antibody with minimum fitness in each level as the 
local optimum denotes as abnear-best. The position and the 
velocity of antibody are both k×m dimensional vectors. 

1 1 2 2( 1) ( ) ( ( ) ( )) ( ( ) ( ))
i i best i near best iab ab ab ab ab abV t wV t cr X t X t c r X t X t

−
+ = + − + −      (8) 

( 1) ( ) ( 1)
i i iab ab abX t X t V t+ = + +                   (9) 

E. The Classification Algorithm 
This section describes the new immune classification 

algorithm based on the improved PSO algorithm, which 
generate antibody that can be used to classify an antigen 
with unknown category. The steps of the algorithm are 
given as follows. 

Step 1: A set of training data as antigen is loaded, and 
the antigens are normalized according to the following 
formula.  

 original min

max min

E E
E

E E
−

=
−

                    (10) 

Eoriginal denotes the pending inputting data, Emin and 
Emax denotes a column of data belongs to the minimum 
and maximum value respectively. 

Step 2: Generate the initial antibody population. Any 
antibody is obtained by selecting m antigens of different 
categories in training set randomly. 

Step 3: Calculate the fitness function of each antibody 
by formula (4) to (7). Sort the antibodies by the fitness 
values from small to large, and divide them into several 
levels.  

Step 4: Evolve the antibodies by improved PSO. For 
each antibody, generate clones of the current antibody, 
mutate the clones. The mutation in the original AIS is 
inversely proportional to the affinity of an antibody: the 
higher the affinity, the smaller the mutation. However, 
the mutation process is randomly applied to each 
antibody. In the proposed algorithm, the mutation process 
of an antibody is affected by its nearest best neighbors 
and global best neighbors. The new mutant is generated 
based on PSO. The mutation process is updated by 
formula (8) and formula (9). 

Step 5: Compare the affinity of the best mutant with 
the current antibody. If the new mutant is better than the 
current antibody, replace the new antibody with the best 
mutant. 

Step 6: Return to step 3 until the maximum number of 
iteration is reached. 

Step 7: Evaluate the antibody by calculating its 
classification performance. In this method, the training 
data are stored, and each test sample is classified. The 
overall classification performance is calculated by the 
following equation:  

_ correct

totlal

num
classification accurcy

num
=      (11) 

In (11), numcorrect is incremented when an antigen 
correctly classified by the antibody. 

The flow chart of MA-PSO algorithm is shown in 
Fig.6. 

 
Figure 6.  The flow chart of  MA-PSO algorithm 

IV.  RESULTS AND DISCUSSION 

A. Dataset 
During the experiments, we considered three well 

known benchmark datasets from UCI machine learning 
database databases which is provided by the Irvine 
School of Computer Science and Information Technology 
of University of California. Table I summarizes the 
characteristics of the datasets to test the classification 
performance of algorithm. We adopted these datasets 
because they are widely used in the literature and can be 
compared the performance of MA-PSO methodology 
with alternative approaches.  
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A fivefold cross-validation technique was used to 
partition each dataset into training and testing dataset. 
The advantage of this method is that it is not important 
how the data is divided. In the experiments, the dataset is 
divided into two parts, training dataset is 70%, and testing 
dataset is 30%. 

TABLE I.   
ATTRIBUTES OF TESTING DATA SET 

Dataset Instances Attributes Classes 
Breast cancer 699 9 2 

Iris 300 4 3 
Wine 178 13 3 

B. The Comparison of Different Fitness Function 
In the design of fitness function, the classification 

ability and the between-class separation are both 
considered. Table II shows the classification accuracy of 
fitness function with different weight. 

TABLE II.   
CLASSIFICATION ACCURACY OF FITNESS FUNCTION WITH DIFFERENT 

WEIGHT (%) 

Dataset α=0 
β=1 

α=0.25 
β=0.75 

α=0.5 
β=0.5 

α=0.75 
β=0.25 

α=1 
β=0 

Breast 
cancer 95.91 97.65 96.91 94.82 95.17 

Iris 92.33 96.77 96.03 93.33 90.67 
Wine 91.03 96.69 93.48 97.13 92, 76 

 
Different weight of fitness function affects the 

classification results. To dataset breast cancer, parameters 
are not effective the classification accuracy obviously, 
when α=0.25, β=0.75, the classification accurate is better. 
However, to data set iris and wine, the values of 
parameter impact classification accuracy. For example, 
for iris, the best classification accuracy is 96.97%, the 
worst of 90.67%. For wine, the best classification 
accuracy is 97.13% when α=0.75, β=0.25. The 
appropriate fitness function weights can be selected to 
classify different datasets by experiments. 

C. The Convergence of Algorithm 
Fig.7 to Fig.9 shows the convergence of the fitness 

function with iterations. As can be seen from the graphs, 
the fitness value tends to be stable after the forty 
generation. Especially for the dataset wine, the fitness 
reach the peak value about thirty-five generation, then 
drop a little and go to stable. The results prove that the 
convergence is fast. 

The basic parameters in the experiments are as follows, 
we choose the best parameters to different datasets 
respectively. 

The iteration for wine is 100, w=0.729, c1=0.3, c2=0.3, 
α=0.75, β=0.25. The antibody set is 15.  

The iteration for iris is 100, w=0.729, c1=0.2, c2=0.2 
α=0.25, β=0.75. The antibody set is 15.  

The iteration for breast cancer is 100, w=0.729, c1=0.2, 
c2=0.2, α=0.25, β=0.75. The antibody set is 20. 

 

 
Figure 7.  Fitness value for dataset wine 

 
Figure 8.  Fitness value for dataset iris 

 
Figure 9.  Fitness value for dataset breast cancer 

D. The Comparison of Different Classification 
Algorithms 

The performance of MA-PSO algorithm also compared 
to the well-know classification techniques, such as 
support vector machines (SVM), neural network (NN), 
K-nearest neighbor algorithm, decision tree-based 
classification algorithm (C 4.5) and separability of split 
value (SSV). We presented the results of some of the best 
classification methods in this study. In Table III the 
results of proposed algorithm are compared to the results 
of commonly used classification methods. “-” denotes 
that there is no classification result of the data set in this 
method. 

TABLE III.   
COMPARISON OF CLASSIFICATION ACCURACY (%) 

Method  iris Wine  Breast cancer 
MA-PSO 96.8 97.1 97.7 

SVM - - 97.2 
3-NN - 97.8 97.1 
NN 95.7 - - 
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C4.5 - - 94.9 
SSV 98 98.3 - 

For breast cancer dataset, the accuracy rate is better 
than that of other classifier. However, for wine dataset, 
the accuracy rate is lower than that of SSV.  It was found 
that, on average, the presented algorithm is sufficiently 
comparable with that of other well-known classifiers. The 
new algorithm has small number of cells than those of 
other artificial immune classification methods and 
increased the convergence speed of the classification. 

V.  CONCLUSIONS 

In this paper, we have presented a new artificial 
immune classification algorithm based on improved 
particle swarm optimization, which was implemented to 
remove some drawbacks of other immune classifier 
systems such as population control, local optimization, 
and slow convergence speed. The algorithm uses new 
encoding method of antibody and fitness function based 
on classification accuracy and the between-class distance, 
and uses practical swarm to evolve the antibody 
population. The experiments on benchmark datasets show 
that the classification accuracy of this algorithm is higher, 
the performance is more stable, and the result is closer to 
the optimal solution. 
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