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Abstract— The Polynomial Cellular Neural Network (PCNN)
is a powerful non-linear processor that is capable of classifying
non-linearly separable data points with a single neuron. Despite
the capabilities of this model, the determination of the synaptic
weights is not a trivial task. In this paper we present the
root location training method as an effective, straightforward
and high-speed procedure. Such method obtains the synaptic
weights of a PCNN that implements any totalistic cellular
automata behavior, dispensing the usage of heuristic methods
such as genetic algorithms or numerical approaches such as
quadratic programming procedures.
Keywords: Polynomial Cellular Neural Networks, Fast training,
Generalized Equation, PCNN degree, Neural Network Training,
Root Location Method.

I. INTRODUCTION.

The cellular neural networks (CNNs) were created by
Leon O. Chua in 1988 as a simple yet effective compu-
tational paradigm with straightforward implementation in
an electronic device [1]. The idea behind a CNN is quite
simple: Is the implementation of a neural network that
exhibits local connections in a lattice fashion, and presents
interaction between elements called cells in a connection that
resembles the ones implemented in a perceptron-type neural
network. Based on this model, Leon O. Chua proved that a
CNN is able to behave as a complete Turing Machine. A
CNN Universal Machine (CNN-UM) is capable of universal
computation in the turing sense, which means that a CNN is
able to behave as any general purpose computer and execute
any algorithm [2].

Such computational model has proved to be effective in a
vast amount of applications: border recognition [3], nonlinear
partial differential equation solving [4], nonlinear systems
modeling [5], texture classification [6], conexed components
detection [7], electrical cerebral activity analysis in epilepsy
[8], image recognition [9], image processing [10], noise
filtering, border detection, frequency correction [11], and
hole detection in images [12], among others.

Among these extensive set of applications, there is a solid
bound between the CNN and the Cellular Automata (CA):
Both exhibit a lattice topology, a local interaction among
cells, and, with the proper synaptic weights, a CNN is able to
reproduce the behavior of specific CA rules. These properties
have led new enlightenment to the study of CA [13] [14] [15]
[16].
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One of the main challenges in the application of CNNs is
the training. The coefficients (a.k.a. synaptic weights) govern
the behavior of the CNN and the determination of the proper
synaptic weights leads to the effectiveness of the network for
the proposed problem. Several papers apply manual designs
to achieve a desired behavior [12] [17], others prefer to use
heuristic methods.

Several examples of proposed training methods include the
employment of genetic algorithms [6] [18] [10] , modifica-
tions of the backpropagation algorithm [7], finite differences
[4], adaptive simulated annealing [19], recurrent backprop-
agation [3], backpropagation through time [3], downhill
simplex method [5], among many others.

Nonetheless, the principal constraint in the CNN paradigm
is the same as the historical discussion about the perceptron
type neural networks: A single-layer CNN is able to only
classify linearly separable data, which heavily constrains
the capability of reproducing CA rules in a CNN. In order
to overcome such limitation several techniques such as the
implementation of piecewise-linear functions has been posed
[20]. Recently, a new paradigm that implements nonlinear
terms has been proposed to effectively overcome the men-
tioned limitation: the Polynomial Cellular Neural Networks
(PCNN) [21].

It has been proved also that a PCNN is able to implement
the well-known Conway’s Game of Life (GoL), which also
possesses computational universality in the Turing sense
[22]. Therefore, a PCNN is not only able to reproduce any
CNN behavior, but also is able to achieve computational
universality [23]. But still, the most severe difficulty in a
PCNN implementation is the training methodology, because
when the degree of the polynomial term increases the amount
of synaptic weights also increases dramatically, which leads
to a complex training procedure.

The application of genetic algorithms in a PCNN as a
training method has been proposed previously [22]. But still,
such method has several drawbacks: In order to achieve a
plausible set of synaptic weights, an indeterminate amount of
generations must be evaluated. Also, the computational cost
may increase depending on a) the amount of individuals, b)
the number of generations, and c) the operations of mutation
and crossover. In addition, the determination of the optimum
amount of individuals and the definition of the crossover and
mutation operations are not trivial tasks. And because of the
heuristic nature of the genetic algorithms, the solution may
not be guaranteed in all scenarios.

As an alternative to overcome the high computational cost
of a genetic algorithm training method, other papers have
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addressed the training challenge as a quadratic programming
optimization problem [24] [25]. In such methodology, the
synaptic weights are defined in terms of constrains that must
be met in order to achieve a desired behavior. Even though
the computational cost decreases dramatically in comparison
to a genetic algorithm training procedure, it is a method that
often requires tuning and presents several numerical issues
[25].

In this paper we present the root localization method: a
simple and straightforward procedure to obtain the synaptic
weights of a PCNN of any degree as a one-shot, direct train-
ing method, which is able to overcome the difficulties caused
by heuristic methodologies. Also, the proposed procedure
dispenses any kind of tuning.

Such methodology is based on 1) a simple method to
calculate the complexity index of a totalistic CA rule, 2) the
generalized system of equations for a PCNN that reproduces
the behavior of a totalistic CA, and 3) the location of
polynomial roots for the adequate separation of states, which
leads to the calculation of the required synaptic weights by
simple convolution operations.

Because of the mentioned characteristics, our proposal can
be employed as a simple, high-speed, and completely accu-
rate training method. It is capable of avoiding the difficulties
caused by the employment of any heuristic methods (which
are computationally costly). Such method also avoids any
kind of tuning, therefore it overcomes any numerical instabil-
ities such as the ones presented in a quadratic programming
problem. It is also able to dispense any human intervention
in the determination of the complexity index, and determines
easily and automatically the synaptic weights that govern the
desired totalistic CA behavior.

The structure of the paper states as follows. In section II
we review a brief explanation of totalistic CA behavior and
the mathematical models of a CNN, which are fundamental
concepts of our proposal, whereas in section III we review
the mathematical model of a PCNN, conjoined with subtle
simplifications when a PCNN emulates a CA. In section IV
we present the generalized system of equations of a PCNN
that implements a totalistic CA, and we review the conditions
that govern the stability and stable state value. In section V
we present our training methodology for a simplified PCNN
that implements a totalistic CA. In section VI we present the
experimental results obtained after performing tests with the
proposed methodology, and comparisons against a quadratic
programming procedure. Finally our conclusions are pre-
sented in section VII.

II. FUNDAMENTALS.

A. Cellular Automata.

Cellular automata (CA) are discrete-time physical idealiza-
tions that consist in a group of cells distributed in a grid or
lattice. Each cell communicates with the ones that are near,
and switches to an active or inactive state depending on the
states of their neighboring cells. This behavior is the same
for all cells and its governed by a rule: a set of conditions

that determines the activity or inactivity of the cell, based
upon the state of their neighboring cells [26] [27].

In a CA, the evolution of states is controlled by the same
internal clock: all cells update their states synchronously,
but they processes information in a parallel and distributed
method. This paradigm has demonstrated its capacity to
model fundamental physics, simulate dynamical systems,
work as powerful computational engines, and open new paths
in the study of complexity and pattern formation [26].

We can classify CA in three classes, depending on their
behavior:

1) Totalistic CA: The behavior of a cell depends on the
addition of their active neighbors plus the value of the
central cell.

2) Semitotalistic CA: The behavior of a cell depends on
the addition of their active neighbors and the state of
the central cell.

3) Universal CA: The behavior of a cell depends on the
position of the active / inactive neighbors and the state
of the central cell.

B. Totalistic Cellular Automata.

A CA is compounded by a group of cells that are dis-
tributed in a 1-dimensional, 2-dimensional (rectangular or
hexagonal) or 3-dimensional lattice. In all scenarios, every
CA cell possesses a finite number of possible states that
depends of the states of their neighboring cells. For the
matters of this work we consider the case of a bi-dimensional
rectangular lattice with an eight-neighbor grid. We also
consider the case of two possible states for every cell: active
(or +1) and inactive (or -1).

With such considerations, we can express a CA as a
discrete-time dynamic system with a single output and nine
inputs, which corresponds to the state of the eight neighbors
and the central cell.

As posed in the introduction, a totalistic CA cell receives
the number of active cells in its neighborhood as input, and,
depending on the rule, a determined output is generated: the
state of the cell (active or inactive). It is important to remark
that the position of the active cells is irrelevant, only the
amount of active neighbors is takes as input.

The truth tables for a totalistic CA behavior contain ten
rows, from no active neighbors (-9) to all active neighbors
(9). Therefore, there are only 210 totalistic CA rules (enlisted
from rule 0 to 1023). It is possible to easily obtain the rule
number by applying the following formula:

N =
9∑

i=0

(
βi + 1

2

)
2i (1)

where N is the rule number, and the values of βi are the
expected outputs for a determinate rule, an example can be
observed in table I.

It is possible to employ a cartesian coordinate system as
an auxiliary tool for a clear representation of a totalistic CA
behavior. The first time such cartesian system was proposed
was in [28]. In the mentioned system, the vertical axis
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Fig. 1. Cartesian coordinate system diagram of a totalistic CA that
implements the rule No. 51, firing patterns are shown in red and quenching
patterns are shown in blue.

corresponds to the output of the cell (-1 or 1) and the
horizontal axis represents the addition of active neighbors
(from -9 to 9). See figure 1.

TABLE I
TRUTH TABLE FOR THE TOTALISTIC CA BEHAVIOR GOVERNED BY RULE

NO. 51

Sum of Active Output Output example:
Neighbors Rule 51

-9 β0 1
-7 β1 1
-5 β2 -1
-3 β3 -1
-1 β4 1
+1 β5 1
+3 β6 -1
+5 β7 -1
+7 β8 -1
+9 β9 -1

C. Cellular Neural Networks.

A CNN is a perceptron-like neural network that is dis-
tributed in a uni-dimensional or bi-dimensional grid, con-
nected locally between neighboring neurons in the same
fashion as a CA. Each neuron (or cell) receives inputs
from their neighboring cells, time variant outputs and a
time-independent signal. It is possible to express the CNN
behavior as the following equation:

xc(n) =
∑

d∈N(i,j)

ac
dy

c(n) +
∑

d∈N(i,j)

bc
du

d + z (2)

yc(n) = f(xc(n− 1)) =
{

1 if xc(n− 1) ≥ 0
−1 if xc(n− 1) < 0 (3)

Where xc(k) is the state of the cell c at a discrete time
k, ud is a time-independent input applied to the neighboring
cells d, yc(k) is the time-variant output, ac

d, is a synaptic
weight applied to the output yc(k), N(i, j) is the set of
neighbors of the cell, bc

d is a synaptic weight applied to the
time-independent input ud, and z is a coefficient that acts as
an input bias value.

Despite of their numerous efforts and advances in training,
design, and applications, a single-layer CNN is unable to
classify linearly non-separable data points. In order to over-
come such limitation without losing the ease of electronic
implementation, it is possible to use a polynomial term or
to use a nonlinear activation function. The coupling of a

standard CNN with a polynomial term gives birth to the
concept of Polynomial Cellular Neural Networks (PCNN).

III. POLYNOMIAL CELLULAR NEURAL NETWORK:
MATHEMATICAL MODEL.

A PCNN can be mathematically expressed as the following
equation:

x(n + 1) = A ∗ y(n) + B ∗ u + z + Pm(U, Y ) (4)

Where u is the input of the network, y is the output of
the network, A and B are the weight matrices and, together
with the bias z, governs the behavior of the PCNN.

The symbol ∗ indicates the convolution operation that is
defined for the cell in the position (i, j) as:

A ∗ y =
∑

(k,l)∈N(i,j)

aklyi+k,j+l (5)

The term Pm(U, Y ) is a m−th degree polynomial term
with the following form:

Pm(U, Y ) =
m∑

i=0

(pi ∗ ui · qi ∗ ym−i) (6)

where pi and qi are weight matrices [28].
When implementing a totalistic CA behavior with a

PCNN, the mathematical representation can be greatly sim-
plified using crucial considerations about the nature of the
problem.

Since the output of a CA local rule exclusively depends on
the input, also the output of the network must be a function of
the input pattern only. This leads to the consideration that no
matrix can have non-zero elements other than the central one
(except for those convolving the input U and its multiples).

Therefore, and in other words, in the model of previous
equation all matrices convolving the output Y and its multi-
ples must possess only the central element:

A =

 0 0 0
0 a 0
0 0 0

 = a

 0 0 0
0 1 0
0 0 0

 (7)

And can be simplified as follows:

A ∗ y = ayc (8)

where yc emphasizes that the only value to take into
account is the central one.

The second simplification that we are able to take into
account is that in the case of a Totalistic CA all neighbors
are added at once. Hence, there is no reason for making
a distinction among the different values of the matrices
convolving the input U and its multiplies:

B =

 b b b
b b b
b b b

 = b

 1 1 1
1 1 1
1 1 1

 (9)

Which leads to the following simplification:
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B ∗ u = b
∑

(k,l)∈N(i,j)

ukl = bus (10)

where the subscript s emphasizes that the value us is the
sum of all nine neighbors.

IV. GENERALIZED EQUATION OF A PCNN THAT
IMPLEMENTS ANY TOTALISTIC CA BEHAVIOR.

The main contribution of [28] is the statement of generic,
simplified equations, that can recreate the behavior of a
Totalistic CA if they are applied to a PCNN. Let us consider
a first degree PCNN, which is equivalent to a standard CNN.
The state equation for such case is:

x(n + 1) = a1yc(n) + b1us + z (11)

Where the subscript 1 added to the network weights a and
b means that we consider a first degree model. We can see
that when a1 > 0 the network is stable and converges to the
steady state yc(∞)

yc(∞) =
{

1 ↔ b1us + z ≥ 0,
−1 ↔ b1us + z < 0,

(12)

If the weights b1 and z are chosen appropriately, the
equation 11 can describe any line, therefore, a first degree
PCNN can solve only linearly separable problems. If we add
a polynomial term Pm(us, yc) to the equation 11 we can
break such limitation.

The generic form of a m-th degree polynomial term
Pm(us, yc) is:

Pm(us, yc) =
m∑

i=0

(piu
i
s · qiy

m−i
c ) (13)

where the set pi and qi are the weights of the polynomial
terms, we can add such expression to the equation 11 so a
complete PCNN of m-th degree can be expressed as:

x(n + 1) = a1yc(n) + b1us + z + Pm(us, yc) =

= a1yc(n) + b1us + z +
∑m

i=0(piu
i
s · qiy

m−i
c )

(14)

With several algebraic modifications regarding the devel-
opment of the polynomial term, it can be easily deduced that,
in its general form, a m−th degree PCNN that implements
a totalistic CA can be expressed as follows:

x(n + 1) = [
m∑

i=1

(aiu
i−1
s )]yc(n) +

m∑
j=1

(bju
j
s) + z (15)

Where ai, bj and the bias z can be considered synaptic
weights, us is the sum of the neighboring cells, yc(n) is the
output of the cell c at time n, and m is the degree of the
polynomial term. It is important to remark that equation 14
and 15 are equivalent. The proof is contained in [28].

Fig. 2. Polynomial yc = u4
s +6(u3

s)− 16(u2
s)− 96(us); Notice the root

locations in us = -6 , -4 , 0 and 4

A. Stability condition and stable state value

From the equation 15 it is possible to extract the general-
ized equation for the stability condition:

m∑
i=1

(aiu
i−1
s ) > 0 (16)

From equation 16 we can deduce that if the term∑m
i=1(aiu

i−1
s ) ≤ 0 the term yc(∞) will remain unstable,

oscillating between positive and negative values. Thus, the
stability condition states that the term

∑m
i=1(aiu

i−1
s ) must

remain greater than 0.
The generalized equation for the output of the network can

be computed as:

yc(∞) =
{

1 ⇔
∑m

j=1(bju
j
s) + z ≥ 0,

−1 ⇔
∑m

j=1(bju
j
s) + z < 0 (17)

V. ROOT LOCATION TRAINING METHOD FOR A PCNN.

The determination of the optimum polynomial degree m
is crucial and serves as a basis for our proposed training
methodology. The objective of this training method is the
separation of the solution space employing a polinomial term
that allows the division of sections, and it can be achieved by
properly selecting the position of the real roots. A polynomial
of m-th degree contains m roots, and crosses the yc = 0
value m times. By selecting the proper location of roots we
are able to separate the solution space. E.g: In figure 2 it
is clearly shown that the polynomial used as an example
divides in m = 4 sections the solution space, crossing the
polynomial m = 4 times through the value yc = 0.

Using the real roots of the polynomial, we can pinpoint
the exact divisions required for the optimum separation of
the problem. Less amount of divisions than the required
ones will result in an ineffective separation, and more than
the required divisions will increase the amount of synaptic
weights, leading to a non-optimal polynomial size. The
determination of the optimal degree of the polynomial has
been treated before in [25], and it can be obtained using the
following equation:
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m =
8∑

i=0

(βi ⊕ βi+1) (18)

In this equation we consider the inactive states as logical
0 and active states as logical 1. E.g. Rule 51 can be defined
as stated in table II

TABLE II
RULE 51

Sum of Active Output Rule 51
Neighbors us(βi)

-9 β0 1
-7 β1 1
-5 β2 0
-3 β3 0
-1 β4 1
+1 β5 1
+3 β6 0
+5 β7 0
+7 β8 0
+9 β9 0

If the equation 18 is applied to rule No. 51:

m =
∑8

i=0(βi ⊕ βi+1) =
1⊕ 1 + 1⊕ 0 + 0⊕ 0 + 0⊕ 1 + 1⊕ 1+

+1⊕ 0 + 0⊕ 0 + 0⊕ 0 + 0⊕ 0 =
0 + 1 + 0 + 1 + 0 + 1 + 0 + 0 + 0 = 3

(19)

Therefore, the optimal degree of the polynomial term is
m = 3. It can also be applied to every totalistic CA rule, and
obtain the required and optimum degree of the polynomial
term.

With the determination of the optimal degree of the
polynomial term, we propose a training methodology that
instantly retrieves the synaptic weights, in a straightforward
fashion, without employing heuristic methodologies such
as genetic algorithms [22], or even quadratic programming
methodologies such as [25] and with a very low computa-
tional cost.

Let us consider the equation 15. With such equation we
are able to consider that a root can be located exactly in
the middle of a positive and a negative value (or viceversa).
That allows the implementation of the following algorithm
to obtain the position of the polynomial roots:

Algorithm 1 Polynomial root extraction algorithm
1: for i = 0 to 8 do
2: Execute the operation βi ⊕ βi+1.
3: if The result is equal to 1 then
4: Save the value us(βi)+us(βi+1)

2 as a root in rj .
5: end if
6: end for

With the position of the polynomial roots, the polynomial
that effectively separates the firing and quenching patterns is
obtained as:

m∑
j=1

(bju
j
s) + z =

m∏
i=1

(us − ri) (20)

Where us is the sum of the active neighbors of the cell, rj

is the j-th root obtained from the algorithm 1, and m is the
total amount of roots (the degree of the polynomial term).

It is important to remark that the determination of the
position of the roots does not necessarily determines the sign
of the polynomial, it only determines where the polynomial
output yc(n) equals 0, therefore it can lead to errors in
the polynomial term. The sign of the polynomial term can
be easily determined by the most significant output in the
desired rule: if the most significant output in the polynomial
is −1, the polynomial model must be multiplied by −1.

VI. EXPERIMENTAL RESULTS.

In order to corroborate our proposal, we created several
experiments regarding the determination of synaptic weights.
As a first experiment we managed to obtain the synaptic
weights of a PCNN neuron that implements a totalistic CA
rule with complexity index m = 8 (the rule 298), and another
one with complexity index m = 9 (the rule 341), the most
complex cases available for a totalistic CA behavior.

A. Determination of synaptic weights for a PCNN that
implements the rule No. 298.

If we apply the equation 18 to the rule number 298, we can
easily obtain the optimum degree of the polynomial m = 8,
it is noticeable that when the algorithm 1 is applied, the
obtained roots are:

r = {−8,−6,−4,−2, 0, 2, 6, 8} (21)

If we apply this root vector to the equation 20 we are able
to obtain:

∑m
j=1(bju

j
s) + z =∏8

j=1(us − rj) =

(us + 8)(us + 6)(us + 4)(us + 2)(us)
(us − 2)(us − 6)(us − 8) =

u8
s + 4(u7

s)− 104(u6
s)− 416(u5

s)+
+2704(u4

s) + 10816(u3
s)− 9216(u2

s)− 36864(us)

(22)

For the case of rule 298, it is easy to observe that the
most significant output β9 = −1 and because of the sign
criteria, the polynomial term must be multiplied by -1 to
obtain the desired behavior. Hence, this method obtains
straightforwardly the synaptic weights of the PCNN model
expressed in equation 15, 16 and 17:
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Fig. 3. 8th degree polynomial obtained with the proposed methodology
(Rule No. 298).

x(n + 1) =[∑m
i=1(aiu

i−1
s )

]
yc(n) +

∑m
j=1(bju

j
s) + z =

−
[
a1 + a2us + a3u

2
s + a4u

3
s+

+a5u
4
s + a6u

5
s + a7u

6
s + a8u

7
s

]
yc(n)+

+b1us + b2u
2
s + b3u

3
s + b4u

4
s+

+b5u
5
s + b6u

6
s + b7u

7
s + b8u

8
s + z

(23)

where:

b8 = 1;
b7 = 4;
b6 = −104;
b5 = −416;
b4 = 2704;
b3 = 10816;
b2 = −9216;
b1 = −36864;
z = 0;

(24)

The stability condition of the polynomial term, expressed
in equation 16, can be forced to always have a positive value
with the following synaptic weights (which do not require a
training methodology at all):

a1 = 1;
a2 = a3 = a4 = a5 = a6 = a7 = a8 = 0; (25)

The polynomial obtained by such methodology can be
appreciated in figure 3, and the separation of the firing and
quenching patterns can be observed in figure 4.

B. Determination of synaptic weights for a PCNN that
implements the rule No. 341.

The application of algorithm 1 to the rule No. 341 results
in a polynomial degree m = 9 and the following roots:

r = {−8,−6,−4,−2, 0, 2, 4, 6, 8} (26)

Fig. 4. Separation of firing and quenching patterns with the proposed
methodology for rule No. 298. Firing patterns are marked as red, quenching
patterns are marked as blue

It is possible to substitute the roots in equation 18 as:

∏9
i=1(us − ri) =

(us + 8)(us + 6)(us + 4)(us + 2)(us)
(us − 2)(us − 4)(us − 6)(us − 8) =

u9
s − 120(u7

s) + 4368(u5
s)− 52480(u3

s)+
+147456(us)

(27)

Therefore, the synaptic weights are:

b9 = 1;
b8 = 0;
b7 = −120;
b6 = 0;
b5 = 4368;
b4 = 0;
b3 = −52480;
b2 = 0;
b1 = 147456;
z = 0;

(28)

And similarly, the synaptic weights of the stability condi-
tion can be computed straightforwardly as:

a1 = 1;
a2 = a3 = a4 = a5 = a6 = a7 = a8 = a9 = 0; (29)

The polynomial obtained by this methodology can be
observed in figure 5 and it respective separation of firing
and quenching patterns can be appreciated in figure 6. Let us
remark that the most significant output β9 = −1, therefore,
the polynomial must be multiplied by -1.

C. Comparative against quadratic programming methodolo-
gies

As a second experiment, we present a comparative be-
tween the quadratic programming methodology presented in
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Fig. 5. 9th degree polynomial obtained with the proposed methodology
(Rule No. 341).

Fig. 6. Separation of firing and quenching patterns with the proposed
methodology for rule No. 341. Firing patterns are marked as red, quenching
patterns are marked as blue

[25] and our proposal. The benchmark results are shown in
table III, and an example of the synaptic weights obtained for
the rule 341 (which possesses a polynomial degree m = 9)
in table IV. As it can be shown, our proposal presents lower
execution time, only requires integer data types to represent
the synaptic weights, and does not require manual tuning at
all. The tuning that is required in the case of a quadratic
programming optimization problem is the selection of a
value that allows the optimization to be fulfilled; without the
adequate value the optimization may fail and the synaptic
weights might not be obtained.

VII. CONCLUSIONS.

In this paper we have presented the root location method.
Such method can be employed to obtain the synaptic weights
of a polynomial cellular neural network, for the case of an
implementation of any totalistic cellular automata behavior.
Our proposal is computationally non-expensive, straightfor-
ward, and easy to implement. We have also presented the
equation and the algorithm that allows such task, and how
this method adapts perfectly to the PCNN mathematical

TABLE IV
SYNAPTIC WEIGHTS OBTAINED BY QUADRATIC PROGRAMMING AND

OUR PROPOSAL. (RULE 341)

Synaptic Quad. Prog. Fast training
weight obtained value obtained value

a9 0.3354× 10−9 0
a8 −0.1693× 10−9 0
a7 0.3354× 10−9 0
a6 −0.1693× 10−9 0
a5 0.3354× 10−9 0
a4 −0.1693× 10−9 0
a3 0.3354× 10−9 0
a2 −0.1693× 10−9 0
a1 0.3354× 10−9 1
b9 0 1
b8 0 0
b7 0.0020× 10−9 -120
b6 0 0
b5 −0.0593× 10−9 4368
b4 0 0
b3 0.5079× 10−9 -52480
b2 0 0
b1 −0.9507× 10−9 147456
z −0.5000× 10−9 0

model presented in [25].
In the presentation of the root location training method,

it is clear that it is not required any heuristic procedures
such as genetic algorithms, neither is required numerical ap-
proaches such as quadratic programming. Hence, the solution
is always guaranteed, and the computational cost is clearly
lower than any genetic algorithm procedure or even quadratic
programming optimization problem.

In the experimental results we have demonstrated that
our proposed method can handle with ease even the most
complex scenarios (when the degree of the polynomial term
is m = 8 and m = 9). And we also have obtained the
same desired behavior as a quadratic programming approach,
without the difficulties of tuning a quadratic programming
algorithm.

With these advances new possibilities arise in the field of
PCNN. In future work, the presented root location method
can be employed in PCNN that implements semitotalistic
automata behaviors, with the same easy implementation,
and without the restriction of high computational costs, or
increased programming complexity.
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