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Abstract This paper describes a genetic system for
designing and training feed-forward artificial neural
networks to solve any problem presented as a set of
training patterns. This system, called GANN, employs
two interconnected genetic algorithms that work par-
allelly to design and train the better neural network that
solves the problem. Designing neural architectures is
performed by a genetic algorithm that uses a new indi-
rect binary codification of the neural connections based
on an algebraic structure defined in the set of all possible
architectures that could solve the problem. A crossover
operation, known as Hamming crossover, has been de-
signed to obtain better performance when working with
this type of codification. Training neural networks is
also accomplished by genetic algorithms but, this time,
real number codification is employed. To do so, mor-
phological crossover operation has been developed in-
spired on the mathematical morphology theory. Exper-
imental results are reported from the application of
GANN to the breast cancer diagnosis within a complete
computer-aided diagnosis system.

Keywords Artificial neural networks � Breast cancer
diagnosis � Genetic algorithms � Real number
codification � Genetic neural design � Genetic neural
train

1 Introduction

The main research areas in artificial intelligence are, at
the present, related to the design of auto-adaptive sys-
tems, which are able to transform themselves to solve
different kind of problems [1]. Artificial neural networks
are applicable to solve a great variety of real-world tasks
due to their properties of learning by examples, gener-
alising to unseen data and noise filtering [2, 3]. However,
a neural architecture that performs a task accurately is
useless to solve a different problem. It is needed to de-
sign a new architecture form the starting point: struc-
turing the network connectivity, deciding the number of
hidden units and setting the terms in the weight adjust-
ment algorithm, which is not a trivial task even for the
most expert practitioners due to the size and complexity
of the search space available even for the best under-
stood network models [4]. In these conditions, building a
neural network based auto-adaptive intelligent system to
solve any problem presented as a set of training patterns
becomes unreachable.

This is the reason why several research works have
focused on designing new approaches based on different
search and optimization techniques to choose the best
neural architecture to solve a given problem and to speed
up the training process. Some of these studies are the so
called incremental algorithms [5], which start from a
predefined neural architecture and, then, dynamically
add and remove neural connections during the training
process. These algorithms present low performance and
premature convergence problems depending on the ini-
tially chosen architecture, not guaranteeing a good
solution [6]. Other approaches are related to how model
selection in neural networks can be guided by statistical
procedures such as hypothesis tests, information criteria
and cross validation [7], while others are based on
employing linear programming [8]. The main disadvan-
tage of such methods is their high computational cost.

Other more promising studies are derived from the
identification of synergies existing between genetic
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algorithms and artificial neural networks that allow to
combine them in various ways. Thus, there are works
related to the genetic adaptation of the internal structure
of the network [9]. Genetic algorithms have been used to
replace completely the network learning method [10],
while other researchers make this replacement in a par-
tial way [11], applying in first place genetic algorithms to
accomplish the global search until a point near the
solution is reached and, then, local search with classical
gradient descent methods is executed to get the optimum
solution. This latter approach has the inconvenience that
it is unknown when is the best tune to change from
global to local search.

For any evolutive optimization approach chosen, the
way the neural networks that make up the search space
encoded is the crucial step to accomplish the task of
designing them automatically [12]. In the same way, best
results in training artificial neural networks with genetic
algorithms are obtained when real numbers codification,
which represent the weights of the neural connections, is
employed. This fact corroborates Michalewicz’s asser-
tion: if a problem is real valued in nature the a real
number genetic algorithm is faster and more precise that
a binary encoded genetic algorithm [13].

There have been several approaches to obtain an
efficient codification of ANNs. The first of these is the
direct binary encoding of network configuration [14]
where each bit determines the presence or absence of a
single connection. This approach presents two major
problems: first, convergence performance is degraded as
the size of the network increases because the search
space is much larger. Second, direct encoding methods
can not prevent illegal points in the search space.
Opposite to the direct encoding methods, there are other
approaches to encode ANNs where there is not a direct
correspondence between each bit of the string and each
connection of the neural architecture. These are called
indirect encoding methods, being the graph generation
system one of the methods that best results have
reported [12, 15]. This approach is based on the binary
codification of grammars that describe the architecture
of the network and prevent the codification of illegal
neural architectures. The problem here is that one bit
variation in a string results in a totally different network.
This fact degrades the convergence process of the genetic
algorithm that uses this codification.

There exist different techniques to train artificial
neural networks with real-coded genetic algorithms:
Radcliffe’s flat crossover [16] chooses parameters for an
offspring by uniformly picking parameter values
between (inclusively) the two parents parameter values.
Later, to avoid the premature convergence problems
existing in this operator, BLX-a was proposed [17],
which uniformly picks values that lie between two points
that contain the two parents and it may extend equally
on either side of the interval defined by the parents. This
new method, however, is very slow when approximating
to the optimum because the extension of the interval
defined by the parents is determined by a static user

specified parameter a fixed at the running start. Other
important crossover technique for real-coded genetic
algorithms is the UNDX [18] that can optimize func-
tions by generating the offspring using the normal
distribution defined by three parents. The problem here
is the high computational cost required to calculate the
normal distribution.

This paper presents a new system for design a train
automatically artificial neural networks by genetic
algorithms known as GANN (Genetic Algorithm Neu-
ral Networks). This systems employs a different
approach for the binary encoding of neural architectures
in the design step. This codification method, called ba-
sic-architectures codification method, is based on the
definition of an Abelian semi-group with neutral element
in the set neural architectures. It avoids illegal networks
and needs very short encoding length, being optimum
when encoding neural networks with one output. The
proposed codification encodes any kind of generalised
feed-forward neural networks with one hidden-layer. It
also has the important feature that one bit variation in
the string that represents a network results in a very
similar neural architecture, which, as it will be seen in
the results section, improves the performance of the
genetic algorithm. A specialized binary crossover oper-
ator to work with the proposed codification method has
been also designed: the Hamming crossover (HX). This
operator has better performance in searching for neural
architectures than the other crossover operators.

GANN system trains, parallelly, the artificial neural
networks obtained in the previous design step, employing
real-coded genetic algorithms. To do so, a new crossover
operator has been designed and called morphological
crossover (MX). It has the important feature that extends
adaptively (depending on the progenitors values) the
interval schemata defined by the parents, from which the
offspring is obtained. MX gives a new interpretation to
the morphological gradient operation, very used in
digitalized image segmentation [19, 20], to get an on-line
genetic diversity measure. This measure increases the
local search speed of the genetic algorithm in the training
process, the main inconvenient reported by the
researchers that prefer to combine genetic algorithms
and gradient descent methods, while avoids local optima.

2 General structure of GANN system

The output of GANN is the minimum neural network
that gets the mean square error less than a value previ-
ously established for a set of training patterns that
describes the problem to be solved. This set of training
patterns is the input to the system. The structure of
GANN consists of two modules that work parallelly
(figure 1). The architectonic design module employs a
genetic algorithm with the basic-architectures codifica-
tion method to search for the optimum neural archi-
tecture that solves the given problem. The training
module receives a binary-coded neural architecture from
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the population of the architectonic design module to be
evaluated after a decodification process. The training
module consists on a real-coded genetic algorithm that
employs the morphological crossover to find the values
of the weights for the neural connections that minimize
the mean square error for the set of training patterns.
The mean square error (MSE) obtained after the train-
ing process is then used to calculate the fitness of the
binary string that represents this neural network in the
population handled by the architectonic design module.

For explanation purposes, next two sections describe
first, the training module with the morphological
crossover and, then, the architectonic design module
going deeper into the new codification method of neural
architectures and the Hamming crossover.

3 Genetic training of artificial neural networks module

The training module employs a general-purpose method
of training artificial neural networks with real-coded
genetic algorithms. This module trains the neural archi-
tectures obtained by the architectonic design module,
whose search space is formed by feed-forward neural
networks with one hidden layer due to these are the type
of neural networks that are permitted by the basic-
architectures codification method. This is the reason why
the training module only manages these type of networks
when working embedded into GANN, although it is a
more general module that even allows the development
of new neural architectures without the need of designing
new algorithms to adjust the network weights and the
characteristics implemented in the architecture.

The training module consists on a real-coded genetic
algorithm formed by a population of individuals each of
which encodes, with real numbers, the set of weights of
the connections and biases of the network to be trained.
In the notation used, Wij(k) is the weight of the
connection from the j th neuron of layer k to the ith
neuron of layer k + l, with j ¼ l,. . ., I for the input
layer, j ¼ l,. . ., H for the hidden layer, i ¼ l,. . ., H for
the hidden layer, i ¼ l,. . ., O for the output layer and
k ¼ {0, 1} representing respectively the input and hidden
layer. W�

ij represents a direct connection from the j th
neuron in the input layer to the i th neuron of the output
layer. Figure 2 shows how this codification is made:

starting from the first input unit, the first genes of each
individual represents the weights of the connections
from this unit to all hidden units, then, the weights from
the second input unit to all hidden units, and so on with
all the input neurons. The following genes represent the
biases of the hidden units, the weights from the hidden
units to the output neurons, the weights of the direct
connections from the inputs to the output and, finally,
the biases of the output neurons.

The genetic algorithm that employs this codification
uses the roulette-wheel method as the selection algo-
rithm. Mutation simply consists on the random varia-
tion of one on the genes, randomly chosen, of the
individual. The new individuals of the offspring obtained
from the crossover operation replace the worst individ-
uals of the population (this is a particular implementa-
tion of a steady-state genetic algorithm). The training
module employs the morphological crossover as the
crossover operation, which has been specially designed
to work on real-coded individuals.

3.1 Morphological crossover

Morphological crossover is a general purpose operator
for optimization problems with real-coded genetic algo-

Fig. 1 Overview of GANN structure

Fig. 2 Real-number codification of weights and biases of a given
generalized feed-forward neural network with one hidden layer
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rithms. This is just the case of training artificial neural
networks where weights and biases of a network are

G ¼

a10 a11 . . . a11�1

a20 a21 . . . a21�1

. . . . . . . . . . . .
an0 an1 . . . an1�1

0
BB@

1
CCA

coded by the individuals of the population and the
optimization problem consists on minimize the mean
square error for the set of training patterns.

Let be DR a point in the search space, defined by the
string s ¼ (a0, a1, . . ., al�1Þ, where ai 2 R. This operator
works with each gene in the parents independently to
obtain the corresponding gene in the two descendants.
Let s1, . . ., sn be an odd number of strings chosen from
the actual population to be crossed, the n by l progeni-
tors matrix, G, is defined as:

where si ¼ ðai0; ai1; . . . ; ai;l�1Þ; i ¼ 1; . . . ; n:

The crossover operator works with each column
fi ¼ (a1i,a2i,. . . ani) in matrix G obtaining genes oi and o0i.
The result of applying the operator to matrix G is,
therefore, two new descendants o ¼ (o0,o1,. . .,ol)1) and
o0 ¼ ðo00; o01; . . . ; o0l�1Þ. The procedure employed by this
crossover to generate the new offspring strings o,
o0 2 DR from the parents s1,. . ., sn in matrix G is
accomplished by three steps:

1. Obtaining a genetic diversity measure, gi, for each
gehe ai
The morphological gradient operator, gb(fi): Dfi! R,
is applied on each vector fi, i ¼ 0, 1,. . ., l)1, with a
structuring element b:Db! R defined as: b(x) ¼ 0,
" x 2 Db, Db ¼ {)E(n/2), . . ., 0, . . ., E(n/2)}, being
E(x) the integer part of x. gi is obtained as the value:

gi ¼ gbðfiÞðEðn=2Þ þ lÞ i 2 f0; 1; . . . ; l� 1g

The morphological gradient is usually applied to
image segmentation: it returns high values when
sudden transitions in gray levels values are detected,
and low values if the pixels covered by the structuring
element are similar, so it enhances the borders of the
objects in a digital image. The result given by this
operator when it is applied on each vector fi within
the morphological crossover has been reinterpreted:
gi can be considered as a measure of the heterogeneity
of gene i in the individuals chosen to be crossed. If
value gi is high, the population is scattered, while if it
is low, that means that the values of that gene are
converging. So, we have an on-line measure of the
genetic diversity of the population with very low
computational cost.

2. Calculating the crossover interval:
Let u : R ! R be a given function. The maximum
gene is defined as:

gimax ¼ maxðfiÞ þ uðgiÞ
Likewise, the minimum gene is defined as:

gimin ¼ minðfiÞ þ uðgiÞ
gimax and gimin determine the crossover interval
Ci ¼ [gimin, gimax], from which the i th genes oi and o0i
will be taken in the third step.
The function u determines a rule, depending on the
genetic diversity gi, that allows to dynamically con-
trol the range of the crossover interval Ci to avoid
falling in local minima and to get a high convergence
speed. When the individuals to be crossed are diverse
(which implies a high value of the gradient gi) the
crossover interval must be narrower according to the
interval defined by the values max(fi) and min(fi),
thus allowing to explore its interior searching for the
optimum much faster. On the other hand, if the
individuals to be crossed are very similar (gradient gi
close to zero), which means that the population is
converging, then it is advisable to expand the interval
[min(fi),max(fi)] to allow the exploration of new
points in the domain, thus avoiding the possible
convergence to a local optimum.
The figure 3 shows the shape of function u that is
defined in domain [0, 1], so the population had to be
normalized in the same range, and depends on four
parameters a, b, c and d. This shape allows mor-
phological crossover to have the following desirable
features:

 This function only performs one multiplication, so

it is very efficient, as it allows the generation of a
new individual with only l multiplications (the
length if the individuals).


 u(gi) is positive when gi is strictly greater than c,
making the crossover interval narrower in this
case. The greatest narrowing takes place in
u(l) ¼ d.


 u(gi) takes negative values if gi £ c, that is, the
crossover interval is expanded, and the maximum
expansion is produced in u(c) ¼ b. Starting from
this point the function takes values each time
smaller as the gradient value diminishes, until
reaching value a in gi ¼ 0. Otherwise the crossover
interval would be too much wide compared with
the crossover interval [gimin, gimax].

Parameters a, b, c and d have been obtained by a
binary genetic algorithm that searches for the values
that get the highest convergence speed while avoid
falling in local optima in training different neural

Fig. 3 Shape of function u used by morphological crossover
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networks to solve different benchmark tests such as
the two-spiral problem [21]. Best results were obtained
for a ¼ )0.01, b ¼ )0.05, c ¼ 0.2 and d ¼ 0.4, so the
analytical expression for function u is the following:

uðgiÞ ¼
�ð0:2 � giÞ � 0:01 if gi � 0:2
�ð0:5 � giÞ � 0:1 otherwise

�

3. Obtaining the offspring:
For each crossover interval Ci ¼ [gimin, gimax] calcu-
lated in the previous step the i th gen oi belonging to
the descendant o ¼ (o0,o1. . .,ol)1) is obtained by
picking a value randomly from within Ci. The other
i th o0i gen that belongs to the second descendant
o0 ¼ ðo00; o01; . . . ; o0l�1Þ is also taken from the crossover
interval Ci using the following formula:

o0i ¼ gimax þ gimin � oi

This way, the two new ith genes of the offspring are
symmetric with respect to the central point of the
crossover interval.

4 Architectonic design module

The architectonic design module consists on a binary
genetic algorithm that searches for the generalized feed-
forward neural network that best fits the set of training
patterns given as the input to GANN system. The search
space of this genetic algorithm is formed by the set of
artificial neural networks that can solve the problem, so
each individual of the population represents a neural
architecture with I input neurons, one hidden layer as
much with H hidden units and O outputs. The archi-
tectonic design module employs the basic architectures
codification method, which will be deeper explained in
the next subsection, to encode the search space. The
Hamming crossover, subsection 4.2, is a new crossover
operator employed with the proposed codification to
exploit its features and advantages giving a high per-
formance to the global system.

4.1 Basic architectures codification method

Definition 4.1 A generalized feed-forward architecture
r with I input neurons, H units in only one hidden layer
and O output neurons is defined as r �
(�II · �BB)¨(�BB · �OO)¨(�II · �OO) whereas �II ¼ {i1,i2,. . .,iI} de-
notes the set of I input neurons, �BB ¼ {h1,h2,. . .,hH} is the
set of H units in the hidden layer and �OO ¼ {o1,o2,. . .,o0}
as the set of O output neurons. If (a,b) ˛ r then the
neuron a is connected to the neuron b. The cartesian
product of input and hidden neurons is �II · �BB that rep-
resents the set of all possible connections from the input
layer to the hidden layer, �BB · �OO is the set of all con-
nections from the hidden layer to the output and �II · �OO
represents the set of direct connections from the input to
the output.

The set of all generalised feed-forward neural archi-
tectures with a maximum of I input neurons, H hidden
units and O output units is denoted by RI,H,O.There is a
special case, the null architecture, defined as n ¼ B,
where there are not connected neurons. From the set of
all existing neural architectures RI,H,O, we are only
interested in the subset VI,H,O ˝ RI,H,O of all valid
neural architectures as VI,H,O, only contains points that
can solve a given problem. The set VI,H,O does not in-
clude illegal architectures. The basic architectures codi-
fication method only encodes points belonging to set
VI,H,O.

Definition 4.2 A neural architecture v ˛ RI,H,O with
v � (�II · �BB)¨(�BB · �OO)¨(�II · �OO) is called valid neural
architecture, and so v ˛ VI,H,O if and only if for all
(ir,hs) ˛�II · �BB \ v there exits op ˛ �OO such that (hs,op) ˛
�BB · �OO˙v and, reciprocally, for all (hs,op) ˛ �BB · �OO˙v
there exists ir ˛ I such that (ir,hs) ˛ �II · �BB˙v. It can be
deduced from this definition that the null architecture
n ˛ VI,H,O. The figure 4 shows, on the left a valid neural
architecture, while there is an illegal architecture on the
right because the second neuron in the hidden layer is
connected to the input, but not to the output.

Definition 4.3 Let be v and v0 ˛ VI,H,O, the superimpo-
sition operation between v and v0 is defined as
v¯v0 ¼ v¨v0 The figure 5 shows two valid neural
architectures, and the result obtained after superimpo-
sition operation has been applied.

Fig. 4 An example of one valid and one illegal neural architectures

Fig 5 The superimposition operation ¯
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With all of these definitions it is possible to establish
that the set VI,H,O of valid architectures with the oper-
ation superimposition ¯ is an Abelian semi-group with
neutral element (the null architecture) (VI,H,O,¯) which
is easy to prove, as ¯ is based on the operation union
between two sets.

Definition 4.4 A valid neural architecture b ˛ VI,H,O is
called basic neural architecture, and so, b ˛ BI,H,O if and
only if #b £ 2 and if #b ¼ 2 then b ¼ {(ir,hs),(hs,op)}
with (ir,hs) ˛ �II · �BB and (hs,op) ˛ �BB · �OO. #b denotes the
cardinal of the set b. The subset BI,H,O � VI,H,O of all
basic neural architectures has important features
because they allow building any valid neural architec-
tures from these basic structures.

Since basic neural architectures are also valid neural
architectures, if #b ¼ 0 then b ¼ B, which corresponds to
the null architecture. If #b ¼ l then b ¼ {(ir,op)}, with
(ir,op) ˛ (�II · �OO); b has only one direct connection from
the input to the output layer. If #b ¼ 2, then there is one
connection from the input to one hidden unit, and other
from this unit to the output neuron. The figure 6 shows
three examples of basic neural architectures in the set
B3,2,1: the null architecture on the left, an architecture
with #b ¼ l and, on the right, an architecture with #b ¼ 2.

Definition 4.5 Let be v ˛ VI,H,O and B ¼ {b1,. . .,bk}
˝ BI,H,O. If v ¼ b1¯. . .¯bk then B is called decomposi-
tion of v.

Theorem 4.1 " v ˛ VI,H,O there exists, at least, one
subset B ¼ {b1,. . .,bk} ˝ BI,H,O such that B is a decom-
position of v. In other words, any architecture in VI,H,O

can be obtained from superimposition of elements taken
from BI,H,O.

Proof Let be v ˛ VI,H,O with v � (�II · �BB)¨(�BB · �OO)¨
(�II · �OO). �II · �OO˙v represents the set of direct connections
from the input to the output neurons, so " (ir,op) ˛
�II · �OO˙v, {(ir,op)} ˛ BI,H,O because each bi ¼ {(ir,op)} is
a basic neural architecture with #bi ¼ l. As it was seen in
the definition of valid neural architectures (Defini-
tion 4.2), each pair of sets b ¼ {(ir,hs),(hs,op)} is also a
basic neural architecture with #b ¼ 2. The decomposi-
tion of the null architecture v ¼ B is itself. So v may be
expressed as the superimposition of all basic neural
architectures in the way {(ir,op)} such that
(ir,op) ˛ �II · �OO˙v with the superimposition of all basic

neural architectures in the way {(ir,hs),(hs,op)} such that

(ir,hs) ˛ �II · �BB˙v and (hs,op)
�BB · �OO˙v. (

Corollary 4.1 If B ¼ {bi,. . .,bk} ˝ BI,H,O and B0 ¼
fb01; . . . ; b0k0 g ˝ BI,H,O are decompositions of v ˛ VI,H,O

then B¨B0 is a decomposition of v.

Proof B¨B0 ¼ {b1,. . .,bk, b
0
1; . . . ; b

0
k0}. From the defini-

tion of decomposition v ¼ b1¯. . .¯bk and v ¼ b01 � . . .
�b0k0 . " bi ˛ B¨B0 bi ¼ {(ir,op)} with (ir,op) ˛ �II · �OO˙v,
or bi ¼ {(ir,hs),(hs,op)} with (ir,hs) ˛ �II · �BB˙v and
(hs,op) ˛ �BB · �OO˙v, so v ¼ b1¯. . .¯bk�b01 � . . .� b0k00
and thus, B¨B0 is another decomposition of v.

Definition 4.6 " v ˛ VI,H,O, the decomposition M ˝
BI,H,O is called maximum decomposition if and only if
M ¼ B1¨B2¨. . .¨Bn, being B1,. . .,Bn ˝ BI,H,O possible
decompositions of v.

Remark 4.1 From Definition 4.6, it is clear that every
v ˛ VI,H,O has one and only one maximum decomposi-
tion.

4.1.1 The cardinal of set BI,H,O

The cardinal of set BI,H,O, #BI,H,O subset of VI,H,O is
now calculated because this result will be used in the
next subsection. Let us consider first, the case of basic
architectures with no hidden units, #b ¼ l: There is only
one direct connection from one of the inputs to one of
the outputs. So there is a total of I�O ANNs with these
conditions. If #b ¼ 2 then there are not direct connec-
tions, only one output is connected to one input
throughout one hidden neuron, existing I�H�O possible
combinations with these features. Then, the cardinal of
BI,H,O, adding the null net, #b ¼ 0, is:

#BI;H;O ¼ I �O � ðHþ 1Þ þ 1

4.1.2 The binary codification of set VI,H,O

It has been seen how it is possible to build any valid
architecture from some basic structures called basic
neural architectures, and the existence of exactly
I �OðHþ 1Þ þ 1 basic neural architectures. The null
architecture is unable to build more complex valid
neural architectures but itself because it is the neutral
element in the structure defined. However, there are
other I �OðHþ 1Þ basic neural architectures that can be
superimposed to build more complex structures. Thus,
the set of basic neural architectures excluding the null
net: {b1,. . . ; bI�OðHþ1Þ} can be combined in 2I�OðHþ1Þ dif-
ferent ways to build valid neural architectures. So, there
exists a one-to-one correspondence between the set of all
possible decompositions of all valid ANNs and the set
Vb

I;H;O of all binary strings that encode each decompo-
sition of valid architectures.Fig. 6 Three basic neural architectures
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With all these premises, the codification of all the
points in the search space VI,H,O will be based on the
codification of the set of basic architectures BI,H,O ¼
{b0,b1,b2,. . .,bi,. . . ; bI�OðHþ1Þ} with binary strings of
I �OðHþ 1Þ bit length as shown in the table 1.

b0,b1. . . ; bI�O�ðHþ1Þ may be ordered in any way, but
from now on should preserve the same sequence that has
been chosen, bearing in mind that the null net b0 is
always encoded as a string of I �OðHþ 1Þ zeros. The

table 2 shows the table of correspondences chosen for
the set B2,1,1.

Once all basic neural architectures have been
encoded, it is possible to build any valid architecture
included in the search space VI,H,O by applying the
binary-OR operator (_) to the encoded basic nets; this
permits obtaining all binary strings included in the set
Vb

I;H;O. Once the table of correspondences is stored, as
shown in the example of table 2 between basic neural
architectures and their binary codifications, it is easy to
encode any architecture v ˛ VI,H,O by simply calculat-
ing one of the possible decompositions of v and, starting
from a string of I �OðHþ 1Þ zeros, switching the I th bit
to 1 if the i th basic neural architecture of the table
appears in the decomposition of v. Figure 7 shows the
process of codification and decodification of a concrete
neural architecture v ˛ V2,1,1.

When this codification is used, the set Vb
I;H;O has two

important features: first, the search space defined with
the codification proposed yields only possible solutions
to the problem, that is, there are not illegal neural
architectures. Second, there exist several binary strings
that codify the same valid architecture because the set
Vb

I;H;O encodes the set of all decompositions of all valid
neural architectures and, as it was shown in theorem 4.1,
any valid architecture has at least one decomposition.
This feature is very desirable when working with genetic
algorithms to find faster the best architecture that solves
any problem because, generally, several codifications of
the best architecture are spread in the search space.

4.2 The Hamming crossover

The basic-architectures codification method has the
following feature: given a binary string that represents a
valid neural architecture, the variation of one bit in such
string results in a very similar neural architecture. These
two architectures are only differenciated by the basic
neural architecture represented by the modified bit.
Thus, only one or connections and one neuron have
changed. This feature is very important when working
with genetic algorithms because its local search capa-
bility is potentiated. The Hamming crossover has been
especially designed to make use of this characteristic.

Table 1 Binary codification of the basic neural architectures

Basic neural
architecture

Binary
codification

Comments

b0 0; 0; . . . ; 0; . . . ; 0 The null architecture
. . . . . .
bi 0; 0; . . . ; 1; . . . ; 0 The 1 is set in the itt position
. . . . . .
bIÆO(H+1) 0; 0; . . . ; 0; . . . ; 1

Table 2 Table of correspondences for the binary codification of
B2,1,1

Fig. 7 Codification and decodification processes
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The Hamming crossover works with binary strings
of length l, and it is based on the definition of
Hamming distance [22], dH(s,s

0) between two binary
strings s ¼ (a0,a1,. . .,al)1) and s0 ¼ ða00; a01; . . . ; a0l�1Þ,
where ai,aj ˛ {0,1}. From the set G ¼ {s1,. . .,sn} of
progenitor strings, which have been chosen from the
actual population, two new descendants are obtained,
o and o0 , through the application of the following
steps:

a. The maximum Hamming distance, h, between two
progenitor strings is calculated: If smin, smax ˛ G are
such that dH(smin,smax) ‡ dH(si,sj) " si, sj ˛ G, then
h ¼ dH(smin,smax).

b. The genetic diversity measure of the population, g, is
calculated: g ¼ h/l, g ˛ [0, 1].

c. The offspring is obtained: as it happened in the case
of morphological crossover, the genetic diversity
measure, g, guides the behavior of the Hamming
crossover adaptatively. If g takes values near to zero,
the genetic diversity of the population is increased to
avoid falling in local minima. In the other hand, if g
takes larger values, then the local search capability is
increased by generating new strings similar to the
progenitors in terms of Hamming distance. This
feature is got by employing the function u, as it was
used in the morphological crossover and shown in
figure 5. Function u gives the maximum number of
bits, n, to be modified in the two descendants using
the following formula:

n ¼ E½l � uðgÞ�
Given h ¼ dH(smin,smax), the minimum strings set, de-
noted by Gmin, is defined as the set of binary strings at a
Hamming distance |n| from smin and h)n from smax:

Gmin ¼ fs1; . . . ; smg; dHðsmin; siÞ
¼ jnj y dHðsmax; siÞ ¼ h� n; 8 si 2 Gmin

In the same way, the maximum strings set, denoted by
Gmax, is defined as the set of binary strings at a Ham-
ming distance |n| from smax and h)n from smin:

Gmax ¼ fs0i; . . . ; s0mg; dHðsmax; s0iÞ
¼ jnj y dHðsmin; s

0
iÞ ¼ h� n; 8 s0i 2 Gmax

The so defined sets Gmin and Gmax assure that:

8si 2 Gmin; 8s0i 2 Gmax; dHðsi; sjÞ ¼ h� 2n

Let be m ˛ {0,. . ., h)2n}, the offspring set, Om ¼
{o1,. . .,op}, is defined as the sett of binary strings such
that:

1. " s ˛ Gmin, " s0 ˛ Gmax: dH(oi,s) ¼ m, dH(oi,s
0) ¼

h)2n-m, with oi ˛ Om, or,
2. " s ˛ Gmin, " s0 ˛ Gmax: dH(oi,s) ¼ h)2n)m,

dH(oi,s
0) ¼ m, with oi ˛ Om.

Given the offspring set Om ¼ {ol,. . .,op}, the symmetric
offspring set, Om0 ¼ {ol0; . . .,oq0}, is defined as the set of
binary strings such that:

1. If for any string s00 ˛ Gmin, dH(Oi,s
00) ¼ m, with

oi ˛ Om, then " s ˛ Gmin " s0 ˛ Gmax: dH(o
0
i,s) ¼

h)2n)m, dH(o
0
i; s

0) ¼ m, " o0i 2 O0
m.

2. If for any string s ˛ Gmin, dH(oi,s) ¼ h)2n)m, with
oi ˛ Om, then " s ˛ Gmin, " s0 ˛ Gmax: dH(o

0
i,s) ¼

m, dH(o
0
i; s

0) ¼ h)2n)m, " o0i 2 O0
m.

The Hamming crossover operator randomly chooses an
offspring set Om, from which one of its strings, o, is
taken as the first descendant individual. Then, the
symmetric offspring set, O0

m, is calculated, from which
one of its strings, o0, is randomly selected as the second
descendant individual. These two descendants constitute
the result given by this operator.

5 Results

The experimental results accomplished to illustrate
GANN system are related to the convergence speed and
size of the networks given as solution. The performance
of morphological crossover in training artificial neural
networks has been already compared to backpropaga-
tion with momentum factor and other real-coded
crossovers like Radcliffe’s flat crossover and blend
crossover [17]. The results reported clearly shows the
superiority of morphological crossover in terms of speed
of convergence and lower probability of falling in local
optima [10]. In this work, three type of tests have been
accomplished:

1. The basic-architectures codification method with the
Hamming crossover, employed in the architectures
design module, has been compared to the direct
codification method and graph generation system.

2. The perfomance of the Hamming crossover operator
is compared to one point, two points, generalized and
uniform crossovers. In all cases, the basic architec-
tures method has been used.

3. GANN system has been employed in one real- world
task: the generation of artificial neural networks for
the breast cancer diagnosis. This task is part of a
complete system that detect and diagnosis suspicious
masses in the breast tissue of being a carcinoma, ta-
ken as input a complete set of views (oblique, cra-
neocaudal and lateral) of digitalized mammograms
from both breasts. The results given by GANN are
compared to GANNET system [23]. This system,
similarly to GANN, generates and trains artificial
neural networks by genetic algorithms and has been
chosen to be compared to GANN because GANNET
is one of the evolutionary systems that better results
has reported.

Similar genetic settings have been chosen for the three
different experiments. Thus, we used a proportional
reproduction strategy in which reproduction probability
is decided according to the fitness of each individual.
The probability of mutation has been set to 0.05, and the
crossover operator has been used with a probability of
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0.6. For each experiment we ran 100 trials of 1000
generations and the mean value calculated. The fitness of
each neural network of the population is calculated as:

f ¼ MSEIt
Ca

Ct

being Ca the number of connections existing in the ac-
tual neural network and Ct the maximum number of
connections allowed by the codification. MSEit is the
mean square error given by the network after it learning
iterations have been run. Morphological crossover have
been employed as the learning algorithm.

5.1 The basic-architectures codification

GANN system employs the basic-architectures codifi-
cation method to design neural architectures. The coder/
decoder problem has been studied to show the speed of
convergence and the size of the neural architectures
obtained as solutions to this problem when the codifi-
cation method proposed is used in comparison to the
direct and graph generation system encoding methods.

Figure 8 shows the results, in terms of convergence
speed, of searching for the best network that solves the
encoder/decoder problem encoding architectures of a
maximum of four input and output units and up to 8
hidden neurons (4-8-4). The fitness of the individuals has
been calculated after it ¼ 50,000 learning iterations have
been run and the averaged MSE of the ten best indi-
viduals of the population is plotted against the genera-
tion.

Apart from the fact that the proposed method clearly
outperforms the other methods, it is important to notice
that, in these experiments, the evolution line of our
model tends to converge much faster after several iter-
ations have occurred. The table 3 shows the final solu-

tions given by each method. From this table, it can be
observed that the proposed method not only converges
faster, but also gets smaller neural networks. Using the
proposed method, architectures 4-0-4 and 4-1-4 with
direct connections from the inputs to the outputs are
obtained in the 89% of the executions. This is compu-
tationally very desirable when these networks are
working as part of an intelligent system to solve the
problem they are designed to.

5.2 The Hamming crossover

The Hamming crossover operator is used by the archi-
tecture design module to increase the convergence speed
and to avoid falling in local optima with respect to other
crossover operators when basic-architectures codifica-
tion is employed. Test results are shown in solving the
coder/decoder problem, encoding architectures of a
maximum of four input and output units and up to 8
hidden neurons. The genetic parameters are similar the
ones used in previous section. Figure 9 shows the con-
vergence process of GANN towards the optimum neural
network using Hamming, one point, two points, uni-
form and generalized crossover operators. For each of
them, the averaged fitness after it ¼ 50,000 learning
iterations of the ten best individuals of the population is
plotted against the generation.

Table 4 reports the neural networks obtained to solve
the coder/decoder problem with each of the five cross-
over operators used with the basic-architectures codifi-
cation method. The Hamming crossover clearly
outperforms the other operators. 84% of the executions
run with the Hamming crossover gave as a result 4-0-4
and 4-1-4 neural networks. The generalized crossover,
which gave better results after Hamming operator,
obtains the two best architectures the 68% of the cases.

5.3 Breast cancer diagnosis with GANN

GANN system has been employed to a real-world
problem: the diagnosis of suspicious masses presented in
the breast tissue that could be a carcinoma. This appli-
cation is part of a whole project, still in progress, for the
automatic detection and diagnosis in real time of breast
pathologies. The system built takes as input a complete
set of views of digitalized mammograms from both pa-
tient’s breasts and searches for microcalcifications and
suspicious masses, the two main abnormalities that can
be found in a mammography. The figure 10 shows a
general scheme of the whole system where it can be seen
how it is divided into two subsystems already finished
that work parallelly: the microcalcifications detection
subsystem and the masses detection subsystem. Each of
these subsystems give as result a set of characteristics of
each abnormality found. In this work, we focus on the
masses detection subsystem [24, 25]. The output it gives
for each mass found consists on a vector of ten real

Fig. 8 Convergence process in the coder/decoder problem

Table 3 Final solutions of the coder/decoder

Direct
encoding

Grammer
encoding

Proposed
method

4-0-4 42% 58% 74%
4-1-4 41% 32% 15%
4-2-4 17% 10% 11%
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values meaning: first, the radius of the mass (mean of
distances from center to points on the perimeter), the
texture (standard deviation of gray-scale values), the
perimeter, the area, compactness (perimeter2 / area ) 1),
concavity (severity of concave portions of the contour),
symmetry of the mass, standard deviation of the dis-
tances taken from the center of the mass to the perim-
eter, the biggest distance and the most concave portion
of the perimeter. These features have been chosen after
several interview sessions have been arranged with
expert radiologists that work in the project.

GANN system takes a training set of 330 patterns
with ten real valued inputs (one for each mass charac-
teristic) and one output with two possible values: )1 if
the mass is considered as benign, and +1 if it is con-
sidered as malign. GANN must give the minimum
artificial neural network trained to solve such problem.
The results given by GANN in terms of speed of
convergence and size of the neural networks given as
solution are compared to GANNET. In both cases the
genetic parameters used are the same as in previous
sections.

The figure 11 the convergence progress of GANN
and GANNET towards the optimum neural network.
For each of them, the averaged fitness of the ten best
individuals of the population is plotted against the
generation. For both systems, architectures of a maxi-
mum of ten input units, one output and up to one

hundred hidden neurons have been encoded. This
means, in the case of the basic architectures codification,
that the string length of the individuals is about one
thousand bits.

Table 5 shows the number of connections of the
neural networks obtained as solution for the 100 trials
run. In the third row of this table, the interval [25–30]
represents the neural networks obtained as solution
having between 25 and 30 connections. The high per-
formance and quality of the solutions given by GANN
system is very clear in this experiment. The differences
with respect to other algorithms are bigger because the

Table 4 Final solutions of the coder/decoder for each of the five
crossover operators

Hamming One
point

Two
points

Uniform Generalized

4-0-4 74% 0% 0% 0% 38%
4-1-4 15% 0% 0% 0% 30%
4-2-4 11% 0% 0% 6% 18%
4-3-4 0% 0% 0% 13% 12%
4-4-4 0% 19% 23% 26% 2%

Others 0% 81% 77% 55% 0%

Fig. 9 Convergence process in the coder/decoder problem using
different crossovers

Fig. 10 General Scheme for computerized detection of masses and
microcalcifications in digitalized mammograms

Fig. 11 Convergence process in the cancer diagnosis task for GANN
and GANNET
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dimension of the search space and the amount of data to
handle have increased substantially.

The figure 12 shows the minimum neural network
that solves the problem, which has been obtained the
62% of the trials run as seen in table 5. It is important to
notice that direct connections from the inputs to the
output were not needed and how GANN has eliminated
four inputs. GANN system can make, implicitly, a
sensitivity analysis of the problem and eliminate all
those variables that does not have or very little impor-
tance for the output. This important feature of GANN
is given by the basic architectures codification method
that implements. In this case, the input variables elimi-
nate were the first, corresponding to the radius of the
mass, the third, which is the perimeter, the seventh
corresponding to the symmetry of the mass and, finally,
the eighth, which is the standard deviation of the dis-
tances from the centre to the perimeter. GANNET is
unable to erase input neurons and so, its solutions are
bigger.

These variables eliminated by GANN have a clear
relation: the radius and the perimeter represent the size
of the mass, while the other two variables represent the
shape of the border of the mass. The radiologists that
work in the project agreed that the size of a mass has
little relevance, although sometimes can give additional
information. The system has not completely eliminated
the information related to the size of the mass
because the area, which has not been eliminated, can
substitute the radius and perimeter with this goal.
Something similar occurs with the other two variables
eliminated: the symmetry and the standard deviation of
the radiuses, which can be substituted by the concavity.

The neural network solution, shown in figure 12 has
been tested using 240 testing patterns that have not been
presented to the network during its training process with
a 3.3% of error rate. From the 240 testing patterns, 180
were malignant masses and the other 60 were benignant.
Only one from the 180 malignant cases was incorrectly
classified by the network, while, in case of the benignant
cases the network made 7 mistakes. It is very important
for radiologists that the probability of error classifying
malignant cases be lower that in the case of benignant
cases. This is because it is much more dangerous to say
to a patient that the mass found in her breast tissue is
benignant when it is really a cancer that in the opposite
case.

6 Conclusions

GANN is a system capable of designing and training
one-hidden layer generalized feed-forward neural net-
works. The basic-architectures codification method
proposed to be used in the architectonic design module
allows a neural network topology to be represented
through elemental structures known as basic neural
architectures. This approach exhibits several advanta-
ges. Firstly, it provides a clear representation of the
structure of the networks encoded. The proposed
scheme requires short codification length, being the
optimum when one output neural networks are encoded.
This is due, partially, to the fact that illegal neural net-
works are not codified and so, the search space is
smaller. Finally, the proposed approach generates reg-
ular patterns, preserving the meaningful subcircuits
discovered to improve the networks existing in the
population. This is possible because one bit variation of
the binary string results in a very similar neural archi-
tecture where only one or two connections have been
changed. This feature is potentiated by employing the
Hamming crossover, which generates the offspring near
the progenitors in terms of the definition of Hamming
distance, improving the fine local search near the opti-
mum architecture and, this way, increasing the speed of
convergence and reducing the size of the networks
obtained as solutions.

The training module of GANN system implements
real-coded genetic algorithms through the morphologi-
cal crossover. This operator, which can be applied on
any optimization problem, is used by GANN to mini-
mize the MSB in the training process of the networks
generated by the architectonic design module. Mor-
phological gradient operation has been reinterpreted to
build this crossover, giving a heterogeneity measure of
the population in order to, dynamically, extend or make
narrower the interval defined by the parents. This effect
balances adequately the exploration and explotation
capabilities of the genetic algorithm, allowing high speed
searching and avoiding falling in local optima.

The results section showed that GANN obtains the
smallest architecture that solves the problem. Smaller

Table 5 Number of connections of the neural networks solution

Number of
connections

GANN GANNET

24 62% 23%
[25–30] 31% 14%
[31–40] 7% 31%
More than 40 0% 32%

Fig. 12 The minimum neural network that can solve the problem

521/0364/11



neural networks allow, in general, higher generalization
capabilities that larger one. Run time response speed is
also higher when using small neural networks because
they have less number of processing elements. GANN
also accomplishes sensitivity analysis, removing all those
input variables that have no effect to the outputs. This
feature could be seen in the problem of generating a
neural network to diagnose the breast cancer where four
input neurons were eliminated. These capabilities of
finding the smallest neural network and sensitivity
analysis are given to GANN by the basic architectures
codification method and the morphological crossover,
which trains the neural networks candidates to solve the
problem. GANN also exhibits high speed of conver-
gence. This feature is given by the combination of the
application of the basic architectures codification
method and the Hamming crossover. As it was seen in
the results, if one of these two techniques are changed by
any other, then the convergence speed is seriously
decreased.
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Politécnica de Madrid, Madrid

5. Sato A, Yamada K, Tsukumo J, Temma T (1991) Neural
network models for incremental learning. Artificial Neural
Networks. Elsevier Science Publishers

6. Musavi MT, Ahmed W, Chan KF, Paris KB, Hummels DM
(1992) On the training of radial basis function classifiers.
Neural Networks 5:595–603

7. Anders U, Korn O (1999) Model selection in neural networks.
Neural Networks 12:309–323

8. Sweatman C, Mulgrew B, Gibson G (1998) Two algorithms for
neural-network design and training with application to channel
equalization. IEEE Transactions on Neural Networks
9(3):533–542

9. Braun H (1996) On optimizing large neural networks (multi-
layer perceptrons) by learning and evolution. Zeitschrift f€uur
Angewandte Mathematik und Mechanik 76(1):211–214

10. Barrios D, Carrascal A, Manrique D, Rı́os J (2000) Neural
network training using real-coded genetic algorithms. In: Pro-
ceedings of the 5th Ibero-American Symposium on Pattern
Recognition Lisbon, Portugal pp. 337–346

11. Brown AD, Card HC (2000) Cooperative coevolution of neural
representations. International Journal of Neural Systems
10(4):311–320

12. Hussain TS, Browse RA (1998) Including control architecture
in attribute grammar specifications of feedforward neural net-
works. In: Proceedings of the 1998 Joint Conference on
Information Sciences: 2nd International Workshop on Fron-
tiers in Evolutionary Algorithms, North Carolina, USA vol. 2
pp. 432–436

13. Michalewicz Z (1999) Genetic Algorithms + Data Struc-
tures ¼ Evolution Programs. Springer-Verlag, New York

14. Dorado J (1999) Cooperative Strategies to Select Automati-
cally Training Patterns and Neural Architectures with Genetic
Algorithms. PhD Thesis, University of La Coru~nna, Spain

15. Kitano H (1990) Designing neural networks using genetic
algorithms with graph generation system. Complex Systems
4:461–476

16. Radcliffe NJ (1990) Genetic neural networks on MIMD com-
puters. PhD thesis, University of Edinburgh, Edinburgh, UK

17. Eshelman LJ, Schaffer JD (1993) Real-coded genetic algo-
rithms and interval-schemata. Foundations of Genetic Algo-
rithms 2:187–202

18. Ono I, Kobayashi S (1997) A real-coded genetic algorithm for
function optimization using unimodal normal distribution
crossover. In: Proceedings of 7th International Conference on
Genetic Algorithms pp. 246–253

19. Crespo J (1993) Morphological connected filters and intra-re-
gion smoothing for image segmentation. PhD thesis, Georgia
Institute of Technology, Atlanta

20. D’alotto LA, Giardina CR (1998) A unified signal algebra
approach to two-dimensional parallel digital signal processing.
Marcel Dekker, New York

21. Barrios D, Manrique D, Porras J, Rı́os J (2000) Real-Coded
genetic algorithms based on mathematical morphology. In:
Proceedings of the 3rd International Conference on Statistical
Techniques in Pattern Recognition, Alicante, Spain. Lecture
Notes in Computer Science: Advances in Pattern Recognition.
Ed. Springer-Verlag pp. 706–715

22. Hamming RW (1950) Error detecting and error correcting
codes. Bell System, Technical Journal 29:147–160

23. Robbins GE, Plumbley MD, Hughes JC, Fallside F, Pager R
(1993) Generation and adaptation of neural networks by evo-
lutionary techniques (GANNET). Neural Computing and
Applications 1:23–31
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