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Abstract

INTRODUCTION

the artificial immune system applications vary from anomaly
detection, fault tolerance, as well as data classification and
data clustering. It was noticed that the applications on the
design of the artificial immune memory are sparse, despite its
importance in the learning process within the artificial
immune networks. Most of the work presented focused only
on the secondary immune response. In this research, the focus
is on the artificial immune memory with its main components:
the primary response and the secondary response. A novel
model is proposed to model the artificial primary immune
response using an idiotopic artificial immune network. On the
other hand, the artificial secondary immune response is
modeled using two techniques: the hetero-associative
networks and the back-propagation networks. While modeling
the secondary immune response, it was noticed that data
representation has an effect on the performance of the network
performance. As well, when the secondary immune response
was modeled using the back-propagation network, data preprocessing was needed to guarantee error minimization. After
applying these necessary data treatments, the backpropagation network outperformed the hetero-associative
networks, when noise was presented in the input patterns. For
example, after adding 25% noise to the input data, the
memory model based on back-propagation networks showed
low rate 6.25%, compared to 12.5% for the hetero-associative
based model. As well, after adding 50% noise to the input
data, the back-propagation based networks showed low rate
18.75%, compared to 31.25% for the hetero-associative based
model. Based on previous findings, it is believed that the
designed primary and secondary memory models achieve
significant potential in representing the behavior of the
original immune system memory. In particular, using the
idiotpic immune network to represent the primary immune
response, and using the back-propagation networks to
represent the secondary immune response.

All living beings need materials as well as energy to be able to
survive, and the first place to search for is its surrounding
environment. Basically, most living beings share similar
building blocks; therefore, it is logically that they seek their
needs of materials and energy in each other. Thus, living
organisms must immune themselves against resource depletion
by other living beings. The human biological immune system,
for example, uses two counter measures to protect the host
from possible pathogens. The first counter measure is the
innate immunity, which does not change during life time. The
second counter measure is the adaptive immunity, which
changed during life time in response to different pathogens, see
figure 1.

Figure 1: Innate Vs Adaptive Immunity [1]

The biological immune system consists mainly of lymphocytes
that have two major types, T-cells and B-cells. B-cells are
responsible for humoral immunity that secretes antibodies. On
the other hand, T-cells are responsible for cell mediated
immunity. Each B-Cell has a unique structure that produces
suitable antibodies in response to invaders of the host. To
produce such response the B-cell has to undergo proliferation
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and differentiation. Similarly, when the receptors of a T-cell
bind to an antigen, it undergoes proliferation. In the early
stages of the primary immune response affinity is low;
however clones mutate during the somatic hypermutation
process, see figure 2. Eventually, the activated B-cells will
mature into a pool of antibody-secreting plasma cells and a
pool of memory cells [2,3].

that fulfills the overall objective function of the network. For
example, nodes in these networks could represent behaviors of
a few robots, and collectively, the network adapts robots’
behaviors as they collaborate to achieve an overall common
goal. The aforementioned designed systems show the Ability
of the artificial immune network to learn using stimulation and
suppression among network components behaviors while
learning to achieve a certain goal.
On the other hand, the ability of the immune system to
maintain some sense of self renders it useful in some
applications. These applications varied from anomaly
detection, fault tolerance, as well as data analysis applications
such as data classification and data clustering [7,8]. The main
idea behind using this feature is to, initially create a random set
of detectors for non-self samples. These non-self samples are
used in performing affinity evaluation with the detectors.
Cloning and mutation processes are carefully performed to
ensure the correct recognition of the non-self. Eventually, the
artificial immune system designed model should be capable of
identify the self from the non-self. In the end, the cloned
detectors with high affinity are selected and kept as memory
for future anomaly encountered patterns. Given this rise in
attention to the features of the immune system, it seems
appropriate to explore this area in some detail.
By reviewing the literature, it was found that the research on
the artificial immune memory was sparse and only a few
researchers attempted to embark upon improving the artificial
immune memory performance. Some researchers focused on
the biological model of the memory [9,10]. For example, they
proposed a dynamic system that explains the formation of
memory states and how that leads to the stabilization of the
overall immune network. They simulated the dynamics of a
three-cycle immune network to study the response to
previously encountered pathogen. After deploying their stable
model, their findings showed that the network second immune
response to the same pathogen is faster than its first response.
However, although their research findings are important, it still
needs an artificial model design parallel to that biological
model. That artificial model is expected to closely relate their
findings to the artificial immune system models. Another point
is that their research focused on the secondary immune
response, while in the current proposed research, both the
primary and the secondary immune responses were considered.
One of the important aspects of their research is that they have
dealt of the artificial immune memory as an associative
network, and that coincides with the assumptions used in this
current proposed research while building the secondary
immune system model.

Figure 2: Immune cells that are involved in the human
immune response [2]

In this paper, section two serves as a background covering the
available literature review on the current proposed research
topic. Section three sheds light on the biological primary
immune memory response using the IAIN. Section four
explains the implementation of the secondary immune
memory response network based on the ideology of heteroassociative networks. Section five clarifies the implementation
of the secondary immune memory response network based on
the ideology of back-propagation networks. Research results
are discussed in section six, followed by the conclusion in
section seven.

BACKGROUND
The artificial immune system is modeled after the biological
immune system, which has features beyond removing harmful
pathogens. Various features of the immune system such as
being adaptive, distributed, discriminative between self and
non-self, and able to learn using memory, have been modeled
in many different applications. Some applications benefited
from the immune system network adaptability and specificity
[4,5,6]. The main idea behind their research was having an
artificial immune network that adapts its behavior by adjusting
the concentrations of its nodes, Ab’s in each B-Cell, in a way

Other researchers focused on how to improve the search
algorithms to optimize their designed model performance [11].
In their research, a hybrid artificial immune system and
particle swarm optimization models have been used to achieve
their optimization goal. They, as well, proposed a new external
memory scheme that is based on a clonal selection algorithm
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designed for the same purpose. They have used nine
benchmark objective functions to evaluate their proposed
models along with other models such as genetic algorithms as
well as particle swarm optimization deployed individually.
Their research findings showed that the hybrid system of
particle swarm optimization and artificial immune system
outperformed other models including the external memory
model. However, it had a comparable performance to the
clonal selection algorithm. The findings of their research are
important as it measures the efficiency of their algorithm
against other well known algorithms. Nevertheless, their
research assumes that the data has been acquired already
through learning, and therefore the focus was on the
enhancement of the secondary immune memory performance.

MODELING THE PRIMARY
MEMORY RESPONSE

IMMUNE SYSTEM

A. The Immune System Memory

One unique research work focused on creating a hybrid
immune algorithm, Clonart, to maintain high affinity antibody
to be stored in the memory during an evolutionary learning
process [12]. Their research purpose was to cluster the data
using algorithms of adaptive resonance theory and clonal
selection as well as local search strategies, in order to come up
with the best data set to be stored in the artificial immune
memory. The hybridization of these different techniques led to
better results, when compared with other models such the
multi-layer perceptron, or clonal selection, algorithms used
individually. Despite the improved recognition rates, the
Clonart algorithm had the longest training time compared to
the other algorithms, and that was an expected high
computational cost. The authors commented that depending
how critical time is in certain applications, that long training
time could be a serious factor.

Figure 3: The Production of Antibodies during a Primary
Response and Secondary Response
In the following lines, light will be shed on the nature of the
biological immune memory and the way it functions. When
harmful pathogens invade the host, the biological immune
network undergoes a certain process to counter its effect. This
process takes place during the primary immune response,
which is relatively slow compared to the secondary immune
response, and eventually produces memory cells that
remember that pathogen. If the same pathogen attacks the host
again, the immune network undergoes a secondary immune
response, where the memory cells help in accelerating the
interaction with the pathogen. This goal is fulfilled by recalling
the corresponding antibody, stored in the memory, which had
previously recognized that pathogen. If recognized with
memory help, that will result in an increase in the number of
the antibodies needed to overcome the recognized pathogen,
see figure 3.

Their algorithm for calculating error rates is aligned with the
techniques used in this current article. Another major
difference in this current proposed article is that the techniques
used in Clonart are mainly supervised in nature; however,
reinforcement learning must be used in the current research
proposal for the primary response memory model to learn
autonomously. As well, the authors treated the memory
problem from a general angle projected on the recognition
ability of the network focusing mainly on the secondary
immune response, although it was not clearly stated in their
work. In the current proposed research, both the primary and
the secondary immune responses have been considered to give
a realistic model of the actual biological immune memory.

B. The Rod-Bearing Problem

Although the aforementioned research work showed promising
results in their research topic, they did not focus on the
complete memory design structure that includes the primary
and the secondary immune responses. That is expected to
improve the overall network performance as both memory
phases are completely understood and adequately modeled.
The purpose of this research is to investigate a possible
artificial immune memory design model that could behave as
closely as possible to the biological immune system memory.
Figure 4: The Rod-Bearing Work Space
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In this research, a simple experiment, the rod-bearing problem,
was used for simulation purposes to help in investigating the
design of the artificial primary immune memory response
models. The Rod-Bearing problem is a challenge in which an
autonomous mobile robot-team, working as one unit in a
hazardous environment, is learning to carry a rod together in
order to deliver it into a specified target area, see figure 4. The
robot-team has to adapt their behavior selection in such a way
that guarantees the successful delivery of the rod into the
designated target area [13]. the robot-team locations were
decided based on the four cardinal directions: N, E, S, and W.
The simulation arena was divided, clockwise, into four
quadrants: Q1, Q2, Q3, and Q4.

to be fast for most of the environment changes that surround
the robot. For action selection, the IAIN controller may select
one output action, arbitration, but may not combine more than
one action, to achieve the desired result.

C. Modeling the Idiotopic Artificial Immune Network
As mentioned earlier, the primary immune response is going to
be modeled using an Idiotopic Artificial Immune Network.
The design of this network is based upon Jerne’s biological
approach [14,15]. In his approach, Jerne discovered that the
biological immune system has Idiotopic networks that use
stimulation and suppression among its elements to achieve
immunity against pathogens, e.g. Antigens. The part of an
antigen, Ag that can be recognized by antibodies Ab’s, is
called Epitope. As a result of this stimulation the B-cells start
to produce Ab’s. On the other hand, the part of the antibody
that can recognize Epitopes of antigens is called Paratope.
However, part of an antibody, called Idiotope, could be
regarded as antigen by other antibodies in the Idiotopic
network.

Figure 5: Parallel Concurrent Task Achieving Module Used
within the Idiotopic Immune Network Controller (IAIN)
D. Investigating the stimulation and suppression levels within
the Network
To understand the stimulation and suppression levels in the
network, the Rod-Bearing problem was deployed. The teamrobot has four behaviors: Left, Right, Forward, and Backward,
while trying to get into the target area by minimizing the
distance-to-target D, until it becomes less than a threshold RƟ.
Behaviors are expected to stimulate and suppress each other,
and at the same time stimulate other elements in the network
(i.e. antigens, which in our design correspond to distance to
target).

In this research, the proposed IAIN network structure consists
of robot-team, B-cell, with a few set of possible behaviors:
Ab’s. The distance between the robot-team and the target area
is D. As long as robot-team is out of the target area, there will
always be stimulation from Ag to the Ab. From the artificial
immune system point of view, D is the measure of affinity
between an Ag and Ab, and it could be calculated using the
Euclidean distance equation. However, action arbitration is
done based on the interaction, stimulation and suppression,
between the elements of the Idiotopic artificial immune
network.

Using the previous design, the dynamics of the network was
studied closely as the team-robot approached the target area.
The overall dynamics within the designed biologically inspired
IAIN reactive controller could be explained by the flowchart
shown in figure 6.
The design of the Idiotopic artificial immune network is
expected to use its stimulation and suppression features to
stimulate the team-robot behaviors that help reaching the
target, and at the same time suppresses those who lead away
from it. To update behaviors’ concentrations [16], it is
expected that the change in concentration xb (t) of a behavior,
Ab, in the IAIN to be:

Figure 5 shows the direct mapping used, in this research
design, between robot sensory information and the
corresponding effectors. It mimics the innate responses,
reflexes, of neural fiber within the spinal cord. That means the
pre-computed reflexes, robot response actions, are guaranteed

∆𝑥𝑏 (𝑡) = ∑𝑎∈𝐴𝑔 𝑚𝑎𝑏 𝑥𝑏 (𝑡)𝑦𝑎 (𝑡) + ∑𝑏∈𝐴𝑏 𝑚𝑏𝑏′ 𝑥𝑏 (𝑡)𝑥𝑏′ (𝑡) − ∑𝑏∈𝐴𝑏 𝑚𝑏𝑏′ 𝑥𝑏 (𝑡)𝑥𝑏′ (𝑡)

(1)

𝑚𝑎𝑏

Affinity between Ag and Ab
(distance D)

𝑚𝑏𝑏′

Affinity between Ab and Ab’

𝑦𝑎 (𝑡)

Ag Concentration

𝑥𝑏′ (𝑡)

Concentration of other Antibodies other than Antibody b (i.e.
other behavior concentrations)
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Figure 6: The overall dynamics within the Idiotopic Immune Network Controller

considered a general representation of the associative memory.
A special case could be the auto associative memory, where
the number of inputs is equal to the number of outputs;
however, the two network structures are different in the way
that the input-output relations are modeled. The autoassociative memory retrieves the pattern that most closely
resembles the input pattern. On the other hand, the heteroassociative memory retrieves a pattern that is associated with

MODELING THE SECONDARY IMMUNE SYSTEM
MEMORY
RESPONSE
USING
HETEROASSOCIATIVE NETWORKS
An associative memory is designed as a content-addressable
structure. Its function is to map a set of input patterns into a set
of output patterns. There are two types of associative
memories: Auto-Associative and Hetero-Associative, see
figure 7. The hetero-associative network structure could be

8894

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 19 (2017) pp. 8890-8900
© Research India Publications. http://www.ripublication.com
the input pattern [17]. In this research, the hetero-associative
network ability to retrieve the associated stored patterns, or to
suggest the closest match is going to be deployed and
evaluated.

represents the status of the robot team. As well, the second
input is a four-element vector, which represents the status of
the target.

Figure 7: A Hetero-Associative Memory Structure with four
inputs and two outputs

Figure 8: The Designed Hetero-Associative Memory
MODELING THE SECONDARY IMMUNE SYSTEM
MEMORY RESPONSE USING BACK PROPAGATION
NETWORKS

There are two stages that are needed in the learning process in
the designed associative memory: memorization and recall.
During the memorization phase, the connection matrix, Wk, is
formed by summing all the correlation matrices, where α is the
proportionality constant:
𝑝

𝑤 = 𝛼 ∑𝑘=1 𝑤𝑘

Multi-layer Artificial Neural Networks, ANN, consists of more
than one processing layer, see figure 9. Considering feedforward ANN, all calculations are done in parallel in each
layer, and the output of one layer is broadcasted to successive
layers until the final network outputs are calculated. Only the
last layer is called the output layer, while all the layers located
between the input and output later are called hidden layers.

(2)

The correlation matrix Wk is calculated using the associated
pattern pairs (Xk, Yk), where:
(𝑤𝑖𝑗 )𝑘 = (𝑥𝑖 )𝑘 (𝑦𝑖 )𝑘

(3)

ANN could be categorized according to their structure, or
categorized according to their method of learning. Its ability to
learn resembles the method that the human brain learns. In
general, researchers categorized the learning methods of
artificial neural networks to be within three main categories:
Supervised
Learning,
Unsupervised
Learning,
and
Reinforcement Learning.

During the recall phase, the net input is computed, which is the
linear combination of the weighted input:
𝑝

𝑦𝑛𝑒𝑡 = ∑𝑘 𝑥𝑖 𝑤𝑖

(4)

Then, using a bipolar threshold activation function, with
threshold θ, Yout is calculated:
+1, 𝑦𝑛𝑒𝑡 ≥ 𝜃
𝑦𝑜𝑢𝑡 = {
−1, 𝑦𝑛𝑒𝑡 < 𝜃

(5)

Since binary input data will be tested as well, therefore, a
binary threshold function has to be used:
+1, 𝑦𝑛𝑒𝑡 ≥ 𝜃
𝑦𝑜𝑢𝑡 = {
0 , 𝑦𝑛𝑒𝑡 < 𝜃

(6)

As mentioned earlier, the hetero-associative memory network
model is used to represent the secondary immune memory.
Figure 8 depicts the designed network structure, where the
network has two input vectors representing the environmental
conditions: robot-team location and target location, and an
output vector representing the robot action that should be
performed. The first input is a four-element vector, which

Figure 9: The Multi-Layer ANN Structure
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Figure 10: Supervised Learning of Artificial Neural Networks

Figure 11: The Designed Back Propagation Memory

In this research, the supervised learning method is going to be
deployed, see figure 10. During supervised learning, an ANN
learns and gains experience from a set of predefined training
examples. During the training session, the input vectors are
applied to the network, and the resulting output vector is
compared with the desired response. If the actual response
differs from the target response, an error signal adjusts the
network weights. The error minimization process is supervised
by a teacher. In general, supervised training method is used to
perform non-linear mapping in pattern classification nets,
pattern association nets, and multilayer nets.

Using the previous equations: 8,9,10, and 11, the change in
weight is calculated for the hidden layers as well as the output
layer. As the error is minimized, the network learning process
is expected to converge and eventually the cases stored in the
memory will be learned. In this research, the designed backpropagation network consists of two input units, one hidden
layer with ten neurons, and an output layer with one neuron,
see figure 11. The activation function of the hidden layer with
a bipolar sigmoidal activation function. As for the output layer,
a linear activation function was used.

The back-propagation model investigated in this research
deploys supervised learning. The directions of two basic signal
flows in a multilayer Network are: forward propagation of
function signals and back propagation of error signals. The
basic back-propagation algorithm is based on minimizing the
error of the network using the derivatives of the error function
[18]. The most common measure of error is the mean square
error:
𝐸 = 1⁄2 (𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑎𝑐𝑡𝑢𝑎𝑙)2

RESULTS AND DISCUSSION
The proposed research introduces a novel model that serves as
an artificial memory for the artificial immune system. This
goal is approached by modeling the primary immune memory
response as well as the secondary immune response. The
primary immune memory response is modeled using an
Idiotopic artificial immune network (IAIN). As well, the
secondary immune memory response is modeled by using a
hetero-associative memory network (HAMN) as well as the
back-propagation network (BPN).Both models representing the
secondary immune responses were compared to come out with
the best representation model. Two simulations took place: the
primary immune response simulation and the secondary
immune response simulation.

(7)

A small step, learning rate α, in the opposite direction will
result in the maximum decrease of the local error function.
Therefore, the new weight will be given by:
𝑊𝑛𝑒𝑤 = 𝑊𝑜𝑙𝑑 −∝

𝜕𝐸
𝜕𝑊𝑜𝑙𝑑

(8)

The partial derivatives of the error with respect to the weights
are:
𝜕𝐸⁄
𝜕𝑊𝑖𝑗 = −𝑜𝑢𝑡𝑝𝑢𝑡𝛿𝑖𝑗

(9)
A. Simulating the Artificial Primary Immune Response Using
the IAIN

For the output neurons:
𝛿𝑗 = 𝑓 ′ (𝑛𝑒𝑡𝑗 )(𝑡𝑎𝑟𝑔𝑒𝑡𝑗 − 𝑜𝑢𝑡𝑝𝑢𝑡𝑗 )

(10)

During the primary immune response simulation, the robotteam locations were decided based on the four cardinal
directions: N, E, S, and W. The simulation arena was divided
into four quadrants: Q1, Q2, Q3, and Q4. The robot-team
behavior was controlled by the IAIN network. During the
primary response simulation, the complete set of conditionaction rules' associations covering the four quadrants were

For the hidden neurons:
𝛿𝑗 = 𝑓 ′ (𝑛𝑒𝑡𝑗 ) ∑ 𝛿𝑘 𝛿𝑘𝑗

(11)
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deducted, while measuring the distance to target. For example,
if the robot-team is heading East, and the target is in a NorthWest location with respect to the robot-team, then the executed
behavior should be turning Left. These types of rules have
been learned after executing the IAIN algorithm explained
earlier.
During simulation, the interaction within the network was
analyzed, and it was noticed that the robot behaviors, Ab’s,
have suitable concentrations capable of leading the team-robot
to the target area. However, it was found that the first part of
the change in concentration equation is the only effective part
during simulation, and both the stimulation and suppression
terms cancel each other, see figures 12-A, and figure 12-B.
Therefore, eventually, the change in Ab concentration deemed
to be proportional only to the interaction with the Ag:

∆𝑥𝑏 (𝑡) ∝ ∑𝑎∈𝐴𝑔 𝑚𝑎𝑏 𝑥𝑏 (𝑡)𝑦𝑎 (𝑡)

Figure 13: Behavior States within the IAIN

To solve the stimulation and suppression cancelation problem,
a special case was considered in the simulation, where one
behavior is winning (e.g. turning Left). It was assumed that
each behavior of the chasing robot has a unique state that
characterizes it. That state is composed of two binary digits
that differ to characterize the robot-team four behaviors, see
figure 13.

(12)

From the initial change in concentration ∆xb1 (t) equation, the
stimulation among antibodies could be represented using the
following equation:
𝑆𝑇𝐼𝑀 = ∑𝑏∈𝐴𝑏 𝑚𝑏1𝑏′ 𝑥𝑏1 (𝑡)𝑥𝑏′ (𝑡)
𝑖

(13)

𝑖

𝑆𝑇𝐼𝑀 = 𝑥𝑏1 (𝑡) [𝑚𝑏1𝑏2′ 𝑥𝑏2′ (𝑡) + 𝑚𝑏1𝑏3′ 𝑥𝑏3′ (𝑡) + 𝑚𝑏1𝑏4′ 𝑥𝑏4′ (𝑡)]
𝑆𝑇𝐼𝑀 = 𝑥𝑏1 (𝑡) [2𝑥𝑏2′ (𝑡) + 𝑥𝑏3′ (𝑡) + 𝑥𝑏4′ (𝑡)]

(14)

Generally, the suppression levels are expected to be less than
the stimulation levels for the winning behavior (L: turn Left in
this case). Therefore, during learning, affinities in case of
stimulation should be higher than affinities in case of
suppression, or in other words, they cannot be equal:

A. STIMULATION

𝑚𝑏1𝑏′ ≠ 𝑚𝑏′𝑏1
𝑖

𝑖

As a solution to the stimulation and suppression cancelation
problem, the same affinity will be assumed between behaviors
in case of stimulation (mb1b′ = 1). On the other hand, during
i

suppression, the affinities are assumed to be:
𝑚𝑏′𝑏1 =
𝑖

1
𝑚𝑏 𝑏′
1 𝑖

(15)

Therefore, using these assumptions, it could be deduced that
suppression, SUPP, could be given by:
𝑆𝑈𝑃𝑃 = 𝑥𝑏1 (𝑡) [0.5𝑥𝑏2′ (𝑡) + 𝑥𝑏3′ (𝑡) + 𝑥𝑏4′ (𝑡)]
B. SUPPRESSION

(16)

Eventually, by substituting in the change in concentration
∆xb1 (t) equation, the difference between STIM and SUPP will
be a non-zero term, and it could be given by:

Figure 12: (A,B) Stimulation and Suppression Levels within
the IAIN

𝑆𝑇𝐼𝑀 − 𝑆𝑈𝑃𝑃 = 1.5𝑥𝑏2′ (𝑡)𝑥𝑏1 (𝑡)

(17)

Where xb′2 (t) is the concentration of the behavior with the
highest hamming distance to the winning behavior (In this case
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study: turn right). Therefore, the change in behavior
concentration equation could be reformulated to be:
∆𝑥𝑏 (𝑡) = ∑𝑎∈𝐴𝑔 𝑚𝑎𝑏1 𝑥𝑏1 (𝑡)𝑦𝑎 (𝑡) + 1.5𝑥𝑏1 (𝑡)𝑥𝑏2′ (𝑡)

noise in the test vector, the error rate was12.5%. Finally, with
50% noise in the test vector, the error rate was 50%. Figure 16
shows the success ratio for binary input vectors with and
without noise. On the other hand, for bipolar input vectors with
no noise in test vector, the error rate for Hetero associative
network was 0%. Next, with 25% noise in the test vector, the
error rate was12.5%. Finally, with 50% noise in the test vector,
the error rate was 31.25%, see figure 17.

(18)

As the change in concentration curves was analyzed after
equation modification, it was found that there is an increase in
∆xb (t). That increase was incrementally mounting until the
team-robot reached the target area. Eventually, team-robot
reached the target area, to some extent, at less time than it did
before modifying the behavior concentration equation, see
figure 14. It worth mentioning that in addition to the advantage
of solving the stimulation and suppression cancelation
problem, the overall number of computations within the
algorithm was reduced as well. It was found that in the
modified equation (equations 18) several unnecessary
computations were saved. In the old change in concentration
equation 3n-2 steps were conducted, where n is the number of
behaviors, Abs, in the network. However, after the equation
modification the needed number of steps dropped to n+1.

Figure 15: Data Preprocessing

Using updated Equation 1

Using Equation 18

Figure 14: Change in Concentrations before and after
Modification
Figure 16: Recognition Error Rates for Binary Inputs

B. Simulating the Artificial Secondary Immune Response
Using Associative Memory
In this research, the performance of the Hetero-associative
networks was compared with the performance of the backpropagation networks as artificial models for the secondary
immune memory response. Therefore, it was necessary to
compare with reference to the recognition error-rate rather than
the recognition success-rate. During the secondary immune
response, the designed hetero-associative memory model was
tested with binary and bipolar input vectors with and without
noise. A binarization data pre-processing method was needed
to have better results during analysis, see figure 15. As well,
the average value of the recognition rates was considered
during simulation.

Figure 17: Recognition Error Rates for Bipolar Inputs

For binary input vectors with no noise in test vector, the error
rate for Hetero associative network was 0%. Next, with 25%
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C. Simulating the Artificial Secondary Immune Response
Using Back-propagation networks

As well, For Data-Set-2, the back-propagation model
recognition ability was tested with similar 3 cases. For noise
free input vectors, the error rate was 0%. Next, the model was
tested with 25% noise in the test vector, and the error rate was
6.25%. With 50% noise, the error rate was 18.75%. Figure 20
shows the error ratios for bipolar input vectors with and
without noise. Generally, it was noticed that the use of attribute
transformation as a base during input preprocessing improves
the designed back-propagation memory model recognition
ability.

The secondary immune response was tested using a backpropagation network model. At first, binary and bipolar data
representations were used, but that led to a relatively higher
error rate compared to the rates produced by the heteroassociative network model, see figure 18. At that point, it was
necessary to try to pre-process the data differently hoping to
find a lower error rates. There were two sets generated for the
back-propagation network training, after applying the attribute
transformation pre-processing method: Data-Set-1 and DataSet-2.

Figure 20: Error Rates for Data-Set-2

Data-Set-2 performance results were used in the comparison
with the hetero-associative model performance results because
it produced lower error rates than Data-Set-1. When there was
no noise in the input data, the BPN model as well as the
HAMN model produced 0% error rates. However, when the
noise was increased to 25%, the error rate of the BPN model
was 6.25% compared to 12.5 for the HAMN model. When the
noise was increased to 50%, the BPN continued to outperform
the HAMN model at an error rate of 18.75% compared to the
latter error rate of 31.25%.

Figure 18: Error Rates for HAMN and BPN

For Data-Set-1, the back-propagation model recognition ability
was tested with 3 cases: with No noise in the test data, with
25% noise, and with 50% noise. Again, the average value of
the recognition rates was considered during simulation. For
noise free input vectors, the error rate was 0%. Next, the model
was tested with 25% noise in the test vector, and the error rate
was 18.75%. With 50% noise, the error rate was 31.25%.
Figure 19 shows the error ratios for bipolar input vectors, with
and without noise.

CONCLUSION
The main purpose of this paper is to produce a model for the
memory of the artificial immune system. To achieve these
goals, models for the primary and secondary immune
responses have been designed, trained and tested using a
simple simulation. A problem arises during the primary
immune system simulation, where stimulation and suppression
values cancelled each other. This problem was solved resulting
in improved behaviors’ concentrations. Overall, during the
primary artificial immune memory response simulation, the
IAIN model was able to successfully respond to different
robot-team environmental state conditions.
Two models were compared while designing the secondary
artificial immune response: the hetero-associative and the
back-propagation models. Different data representation
techniques were deployed to make better use of the available
data. Compared to the hetero-associative model, the backpropagation memory model showed similar performance,
when the input data was noise free. The back-propagation

Figure 19: Error Rates for Data-Set-1
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memory model showed a 50% less error rate than the heteroassociative model, when input data had 25% noise. Even when
the input data had 50% noise, the back-propagation memory
model showed a 41% less error rate than the hetero-associative
model. In conclusion, the aforementioned results show that the
use of Idiotopic artificial immune networks and backpropagation networks as models for the artificial primary and
secondary immune memories are reliable and could produce
acceptable recognition rates. These rates indicate that the
artificial designed primary and secondary memory models
adequately resemble the behavior of the original biological
primary and secondary memory.
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