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Abstract

A novel method for pattern recognition using Discrete Fourier Transforms on the global pulse
signal of a pulse-coupled neural network (PCNN) is presented in this paper. We describe the
mathematical model of the PCNN and an original way of analyzing the pulse of the network in
order to achieve scale- and translation-independent recognition for isolated objects. We also analyze
the error as a result of rotation. The system is used for recognizing simple geometric shapes and
letters.
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1. Introduction

Pulse coupled neural networks (PCNN) were introduced as a simple model for the cortical
neurons in the visual area of the cat's brain. Important research in the 80's and 90's led to the
establishment of a general model for PCNN [3]. Such models proved to be highly applicable in the
field of image processing, a series of optimal procedures being developed for contour detection and
especially image segmentation [10].

At the other end, image processing is faced with harder problems such as the pattern
recognition. Many recognition systems are based on saliency techniques or on feature extraction
followed by matching. However, such models are either subject to problems determined by
geometric transforms (scaling, translation or rotation) or to high computational complexity.
Moreover, it is known today that parallel processing could solve computational complexity but in
order to take advantage of it we need parallelisable models. Neural models fit this requirement.

We describe in the next sections a system that evaluates the global pulse of a PCNN in order
to find correlation in the pulse signal and achieve pattern recognition. We prove that the pulse

signal captures the morphological information from the stimulus image.

2. The architecture of the model

The model proposed here is based on three modules of processing: the pulse-coupled neural
network, the Discrete Fourier Transform (DFT) module and the multilayer perceptron (MLP)
classifier (Fig. 1). Information flow is mainly feed-forward but there are also lateral interactions

between the pulse-coupled neurons.
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Fig. 1. The architecture of the recognition system

2.1. The pulse-coupled neural network

The key of the entire system lies in the neural analyzer that, in our case, is made of pulse-
coupled neurons, which act like local analyzer cells (Fig. 1. - PCNN). The pulse train generated by
the neurons is a direct result of stimulus excitation and lateral interaction between neurons. Lateral
interaction and further stimulation determine the neurons to fire in synchrony in the homogenous
areas associated to the image. These effects can be exploited in image segmentation. However, our
assumption is that the pulse train of the neurons captures somehow morphological information from
the image.

The model we used for the network had been proposed by T. Lindblad and J.M. Kinser [10].
The pulse-coupled neuron is a particular type of leaky integrator neuron [2, 8]. The leak is modeled
by the exponential terms in equations (1) and (2). The refractory period is simulated by increasing

the threshold when the neuron fires and decreasing it exponentially after firing.
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Fig. 2. The structural model of the pulse-coupled neuron
In the next equations we will refer to “n” as being the current iteration (discrete time step)
where "n" varies from 1 to N-1 (N - is the total number of iterations; n = 0 is the initial state). The

dendritic tree can be described by the following equations:
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The two main components F and L are called feeding and linking. The (i,j) pair stands for

the position of the neuron in the map. or and oy are time constants for feed and link. S is the
stimulus component computed from the pixel intensity (<itk, j+I>, "<x,y>" meaning the intensity
of the pixel with coordinates x and y) in the input image. Usually this value is normalized. V¢ and

VL are normalizing constants and M and W represent the constant synaptic weights. M and W are
computed by using the inverse square rule [10]: f(k,[)=2/ Vk? +1% . Y stands for the output of

the neuron and can only take a binary value of 0 or 1.

The linking effect can be modeled as follows:
Uylnl= Fylnl-(1- B Ly[n)) (3)

Ujj[n] represents the internal activation of the neuron and J3 is the linking weight parameter

(bias in Fig. 2).

The pulse generator determines the firing events in the model. In fact, the pulse generator is
also responsible for the modeling of the refractory period. As the neuron produces a spike, its
threshold is raised to prevent it from firing again in the near future (established by the parameter

settings). The threshold is then decreased to allow the neuron to fire when its activation is increased.
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In equations (4) and (5) ©j;[n] represents the dynamic threshold of the neuron while o and

Vo are the time constant and the normalization constant respectively.

During the simulation, each iteration updates the internal activity and the output for every
neuron in the network, based on the stimulus signal from the image and the previous state of the
network. For each iteration the total number of firings (Equation 6) over the entire PCNN is

computed and stored in a global array G (see Fig. 1).
G[n]=_Y;[n], wherenis the iteration (n=0..N—1) (6)
i

The global array is then used at the next levels of the system (to compute the DFT of the
global pulse signal).



2.2. The Discrete Fourier Transform

We used the standard analysis equations to calculate the DFT [16]:

N-1
Re X[k]= D Gli]cos(27ki/ N), k=0..N/2 (7)
i=0
N-1
ImX[k]=- ) Glilsin(27ki/ N), k=0..N/2 (8)
i=0

Computing the DFT means basically correlating the input signal with each basis function.
The DFT yields two shorter signals to be analyzed. We used only the imaginary part of the DFT in
further processing but a combination may be possible as well. Our choice had been motivated by
experimental observations that show a relative stability of the real part over all the shapes used for

testing. We also enhanced speed by using only the imaginary part in the higher levels.

2.3. The classifier

Our classifier is basically a multilayer perceptron (MLP). The neural architecture consists of
one input layer, one hidden layer and one output neuron. The input layer contains a number of
inputs equal to the samples in the imaginary part of the DFT signal (Im X in eq. (8)). Then, a hidden
layer has an extension of about 10 to 20% of the input layer.

Because of the specific tasks used to test the system, the output layer contained only one
neuron (target detection). An output value of 1 is equivalent to target detection whereas a value of 0
means no target detection. A standard backpropagation algorithm is used for supervised training

[15].

3. Results and discussion

In order to test the system 100 samples of the pulse signal are computed (100 iterations). As
a consequence, the imaginary part of the DFT has only 51 samples to be classified. The system is
used only for target detection. The first test deals with scale and position independence and we use
simple geometric shapes as input images (Fig. 3). Only one shape is presented at a time. We tested
the capability of the system to detect the target shape it was trained on. For scale-independence

testing we used the circle as target.
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Stimulus images used were grayscale bitmaps sized 100 x 100 pixels.

As expected, the system showed total translation independence. Then we tried to determine
the resistance to the scaling of the stimulus. The shape used for testing was a circle and 7 different
scales were used. The supervised training procedure was composed of two phases: a learning phase,
when only one target (circle with a diameter of 40 pixels) had been presented and a rejection phase
which consisted of training for non-target prediction over all the other shapes (rectangle, triangle).
Prediction rate never dropped below 75% (which is good enough considering information loss when

downscaling the stimulus to 1 / 4 the original size). Up scaling produces a much better rate (90%).
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Fig. 5. Target prediction for different scales of stimulus (1 - training example)

As for the rotation error, the stimulus (square shape) had been rotated at different angles and
the normalized medium error computed. Results shown in Fig. 6 prove that the maximum error is
obtained for the two principal diagonals (45° and 135°). This is a clue indicating that rotation error

is caused by pixel discretization (the diagonal of the pixel is /- V2 sothe diagonal distance between

pixels is larger then the distance along the axes).

0.25
0.2 +
0.15 +
0.1+
0.05 +
0 ; ; ; ; ; ; ;
0 30 45 60 90 120 135 150 180
Rotation angle (deg)

Medium error

Fig. 6. The normalized medium error for different rotation angles

We have to mention that the main purpose of this study was to show the existing correlation
between the pulse signal of the PCNN and the shapes presented as stimulus images. We did not test
recognition performance with multiple or overlaid shapes but such a mechanism could be

constructed. The system should split the image into smaller windows, perform a local analysis



finding the most probable location of the target and then enlarge or shrink the attention window to

fit the target.
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