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Abstract - The immune sysfem is a cognifive sysfem of complexiCv

In this paper, we proposed an artificial immune method for
image registration. The immune system, with its cell diversity
and variety of information processing mechanisms, is a
cognitive system of complexity comparable to that of the
brain. Interest in studying the immune system has been
increasing over the last few years, and a new field of research
called artificial immune systems has arisen [6], [7]. In [SI the
authors proposed an efficient artificial immune algorithm for
solving optimization problems. We present a detailed analysis
of the artificial immune system's implementation for
registering images along with examples.

comparable f o the brain and ils compufofional algorilhms suggesf
new solufions f o engineering problem Using immunological
principles, on artificial immune olgorifhm is presenfed for fhe
multi-sensor fusion -image regislrafion problem The mefhod uses
receptor edfing lo escape from lhe local opfima The mefhod
applied to the regisfralion problem shows good convergence
results f o fhe global minimum Erperimenfal resulls show the
method lo be effia.enf even in fhe presence of large amounfs of
noise

I. INTRODUCTION

11. IMAGE REGISTRATION

Sensors are used to provide a system with useful
information concerning some features of interest in the
system's environment. Multisensor fusion refers to the
synergistic combination of sensory data from multiple
sensors to provide more reliable and accurate information.
Multiple sensor networks have been divided into
complementary, competitive, and cooperative configurations.
Particularly competitive multiple sensor networks consist of a
large number of concrete sensors providing readings that are
at least partially redundant. The first step in fusing multiple
sensor readings is to find the correspondence between them.
In order to fuse two sensor readings, the readings must first
he put into a common coordinate system. Very often someone
assumes that the relationship between two readings is known
a priori. This assumption is unwarranted in a large number of
dynamic systems. Let us consider the task of finding the
correct mapping of one image onto another, also known as
image registration (any two-dimensional sensor reading can
be represented as an image). In the past years, several
methods for image registration such as Tabu Search, genetic
algorithm (GA) and simulated annealing (SA) have been
presented [1]-[5]. Tabu Search is often used as an altemative
to SA. GA is computational paradigm that has been
implemented successfully as a solution to many optimization
problems. The genetic algorithm using the elitist reproduction
scheme often found close to globally optimal results [2]. Each
algorithm has its features and disadvantages [4]: Tabu Search
reaches a decision rapidly, although usually to the local
optimum; finding a clear stopping criteria for Tabu Search is
impossible; GA reaches the global optimum with more
calculation; and the process for reaching the global optimum
is dependent on the initial conditions.

Multiple sensor systems receive readings from different
positions and orientations. To fuse multiple sensor readings,
they must he registered into a common coordinate system.
The problem addressed in this paper was originally posed in
reference [2]: Given two N-dimensional sensor readings, it is
necessary to find the function F which hest maps the readings
from sensor two SAX,, x2, ..., xn) onto the readings h m
sensor one S,(x,. x2, _..,xJ. In practice, all sensor readings
contain some amount of measurement error or noise so that
the ideal case will rarely occur, if ever. The goal is to find the
optimal parameters (xn yr. s) that define the relative position
and orientation of the two sensor readings. The search space
is a three-dimensional vector space defined by these
parameters, where a point is denoted by the vector w=[xr,yr.
SIT. Fig. 1 and equation (2.1) show the transformation
between the two images.

When noise in the sensor data has a Gaussian distribution, we
have derived the fitness function [ I ] in equation (2.2):

Where: W is a p i n t in the search space; K ( W ) is the number
of pixels in the overlap for W, read, and readr are the pixel
value returned by sensor 1 and sensor 2.
Therefore, we seek the value of xT, yT, and 6 that provide
the globally minimal value for (2.2).
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affinity, leading to a local optimum. Because mutations with
lower affinity are lost, the Ab’s tend to go uphill. Receptor
editing allows an Ab to take large steps throughout the
landscape, possible landing in a locale where the affinity
might be lower. However, occasionally the leap will lead an
Ab to a side of a hill where the climbing region is more
promising, reaching the global optimum. From this locale,
hypermutations can drive the Ab to the top of the hill. In
conclusion, hypermutations are good for exploring local
regions, while receptor editing may rescue immune responses
stuck on unsatisfactory local optima.

I

Fig.1 Geomettic relation of two sensor readings
111. ARTIFICIAL IMMUNE ALGORITHM

The immune system (IS) is a complex of cells, molecules
and organs that represents an identification mechanism
capable of perceiving and combating both dysfunction from
our own cells (infectious se/j) and the action of exogenous
infectious micro-organisms (infectious nonself). The interest
in studying the immune system is increasing over the last few
years. Computer scientists, engineers, mathematicians,
philosophers and other researchers are interested in the
capabilities of this system, whose complexity is comparable
to that of the brain. A new field of research called artificial
immune systems has arisen. The scope of the application of
artificial immune systems includes computer security,
anomaly detection and fault diagnosis, pattern recognition,
optimization, image and signal processing and controls, etc
~91.
According to the basic features of an adaptive immune
response to an antigenic stimulus, de Castro and Von Zuben
proposed a computational implementation of the clonal
selection principle [SI that explicitIy takes into account the
affinity maturation of the immune response. It establishes the
idea that only those cells that recognize the antigens
proliferate, thus k i n g selected against those that do not.
Clonal selection operates on both T cells and B cells. In a Tcell-dependent immune response, the repertoire of antigenactivated B cells is diversified basically by two mechanisms:
hypermutation and receptor editing.
It is necessary that two different mechanisms are used to
introduce diversity during an immune response. Receptor
editing offers the ability to escape from local optima on an
affinity landscape. Fig. 2 illustrates this idea by considering
all possible Antigen-binding sites depicted in the axis, with
the most similar ones adjacent to each other. The antigew
antibody affinity is shown on the vertical axis. If a particular
antibody (Ab) is selected during a primary response, then
hypermutations allow the immune system to explore local
a r e s around by making small steps toward an Ab with higher
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Fig. 2. SchemaSc representation of shape space for Agbinding sites. Somatic mutations guide to local optima, while
receptor editing introduces diversity. leading to possibly better
candidate recepton.
In addition to somatic hypermutation and receptor editing,
a fraction of newcomer cells from the bone marrow is added
to the lymphocyte pool in order to maintain the diversity of
the population. This may yield the same result as the process
of receptor editing, i.e., a broader search for the global
optimum of the antigen-binding site.
To quantitatively describe the interactions between
immune cell molecules and antigens (Ag), the Hamming
shape-space is introduced. The affinity between an antigen
and an antibody is related to their distance, which can be
estimated using Hamming distance measure between two
strings (or vectors). If the coordinates of an antibody are
given by <ab,, ab2, ___,
abL> and the coordinates of an antigen
are given by Qg,, ag2, ._.,agL>, then the distance (0)
between them is presented in Equation (3.1).

c
L

if

ab, zag8
(3.1)
otherwise
There is no explicit Ag population to be recognized, but an
objective function to be optimized (maximized or minimized)
here. This way, an Ab affinity corresponds to the evaluation
of the objective function for a given Ab, so that each Ab
represents an element of the input space.
The algorithm works as follows (see Figure 3):
( I ) Generate a set (P) of candidate solutions, composed of
the subset of memory cells (M) added to the remaining (Pr)
population (P = Pr + M);

D=

li,
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centered at (256,256), sensor two is centered at (256,256)
with different rotation for some experiments.
Tabiel. Artificial immune algorithm search resuns
Sensor 1 position: x=256.y=256,80
Sensor 2 position: x=256,y=256.82.8796
Population Size of antibody: 15
Mutation probability: 0.020
Value of
Fitness

-
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Figure 3: Block diagram of the algorithm
implemented.
(2) Determine the n best individuals, Pn, of the population
P, based on an affinity measure;
(3) Clone (reproduce) these n best individuals of the
population, giving rise to a temporary population of clones
(0.The clone size is an increasing function of the affinity
measure of the antigen;
(4) Submit the population of clones to a hypermutation
scheme, where the hypermutation is proportional to the
affinity of the antibody. A maturated antibody population is
generated (C*);
( 5 ) Re-select the improved individuals from C* to compose
the memory set. Some members of the P set can be replaced
by other improved members of C*;
(6) Replace d low affinity antibodies of the population,
maintaining its diversity.
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Fig.4 Initial antibodies population

1V. EXPERIMENT RESULTS
We use the synthesized image given by the equation [ 2 ] :
f ( x , y)= l00+-(-40x+45y-0.003xy+
1
100

This image
components.

has

several

periodic

0.002~'-

and

non-periodic
Fig.5 Final antibodies population
Table 1 and Fig.4-6 show the result of one of our
experiments.Fig.4 shows the initial position of Abs that are
randomly generated. Fig.5 shows the search result when 12
Abs have converged at the global minimum. From Fig.6, it is

A. One-Dimensional Case

We chose to use the rotation parameter 0 for the onedimensional test. 6 is a continuous variable. Two sensor
readings are cut from the terrain image. Sensor one is
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evident that the global minimum was almost identified within
20 iterations.
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Fig.6 Onedimensional search results

Fig.7 Objedive function under different noise level

Since we use the Ab to find the global minimum, it is not
necessary that all Ahs converge the global minimum to define
the result to be solved. When the 80% of Abs converge at a
point, that means this point is the one we search for.
Using the same parameters as in Table 1, several tests have
been run with varying levels of noise. Fig. 7 shows the fitness
function under various noise levels. The fitness function
surface flattens as noise increases. The minima become less
significant and the search becomes more difficult. But as
shown in Table 2, artificial immune algorithm handles noise
well in the one-dimensional case. When the ratio of signal-tonoise is l00%, the error of Bis just slightly more than 1%.

value can be found even in the presence of large amounts of
noise. When the noise reaches levels such as 70 or 90, as
shown in Table 4, it obscures the images and it becomes very
difficultto find the correct answer.
Table3 Multidimensionalartificial immune algorithm search results
Sensor 1 position: r O . y = O . B O
Sensor 2 tmsilin: r91.~91.82.748891
Population size of antibody: 15
Mutation probability: 0.020
Number of clones p e r candidate: 3
Noise level: 0

Table2 Onedimensionalresulk under different noise levels

B. Multidimensional Case

V. CONCLUSION

The search space in the three-dimensional case is:
-255Ur<255, -255<~<255,0<BcZn.Table 3 and Fig. 8 show
the result by clonal selection algorithm. After 100 iterations,
the results have converged to the global minimum. We have
tested the clonal selection algorithm using noise with
different variances under different conditions. Table 4 shows
our results. We compare the results from the elitist GA [2], as
show in Table 5.
From Table 4 and Table 5 , both the immune algorithm and
the elite GA can handle noise with a variance of up to 30. But

This paper discussed the use of the artificial immune
method (proposed hy de Castro et al. [SI) as a deterministic
optimization algorithm to solve a sensor fusion problem. It
approaches optimization by hypermutation of the antibodies,
and utilizes receptor editing to escape from local optima on
an affinity landscape. The artificial immune algorithm shows
very good results in optimizing onedimensional optimization
problems, and encouraging results are also obtained in the
multi-dimensional problem. The artificial immune algorithm
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finds globally optimal answers even in the presence of large
amounts of noise.
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Fig.8 Multidimensional search results
Table 4 Results under Different Noise Levels
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