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Abstract 2. MLP with chaotic pulse wave

In this study, we propose a network model with input of bio- The MLP is the most famous feed forward neural network
metric data to the hidden layer neurons of the Multi-Lay@nd is composed of some neuron layers. In general, the MLP
Perceptron (MLP). The injecting of the noise is known to be learned by Back Propagation algorithm (BP) which was
effective to the improvement of the performance of the MLProposed by D.E. Rumelhart [10]. This network can solve
We inject the biological pulse wave as a source of this noig@rious kinds of tasks, for example, pattern recognition, pat-
We investigate the performance of the MLP when the satg¢n classification, data mining and so on. In this study, we
pled data of biological pulse waves obtained from real bigensider the case that the MLP consists of three layers (where
logical experiments are injected into the neurons. Computieg number of the neurons are 2-40-1) and the hidden layer
simulated results show that the performance of the biologii&urons has inputs as shown in Fig. 1. The neuron has multi-
pulse wave is better than the case of random noise. Further,

we investigated the characteristics of the proposed method,

1. Introduction

In this study, in order to investigate théfext of chaotic
oscillations of real biological signals on information process-
ing ability, we investigate the performance of the Multi-Layer
Perceptron (MLP) with input of biometric data. The pulse
wave is a change of the volume caused by the blood current
and is measured from the surface of various parts of the body.
Biological signals including the pulse wave, the brain wave,
and the heart beat wave are said to exhibit chaotic behav-
iors [1][2]. We refer the biological pulse wave as the chaotic
pulse wave. Some reports suggest that healthy biological sys-
tems possess chaotic features and periodic states indicate sick ~ Figure 1:MLP with chaotic pulse wave.
or fatal conditions. :

On the other hand, many algorithms injecting chaotic oscil- ) )
lations into the neural networks have been proposed in orftut and a single output. The standard updating rule of the
to avoid the local minimum problems [3]. We have also inve8€uron is defined by Eq. (1).
tigated various methods to exploit chaotic features to enhance N
the gb|l|ty of the neural n_etworks [4]-[9]. However, in the pqst_ yit+1) = f [Z Wi (B)%;(t) — 6, (t)] , @
studies, only mathematical abstract models, e.g. the logistic =
map and the cubic map, are considered as chaotic source.

In this study, we inject the chaotic pulse wave as a soumberey is an output of the neurorf, is an output function,
of the chaotic oscillations into the MLP. By computer simw is a weight of connectionx denotes the output of other
ulations, we investigate thdfect of the chaotic pulse wave neurons, and is a threshold of neuron. For this equation,
We also compare the results with the cases of random ndtse weight of connections and the threshold of neurons are
and sine wave. learned by BP algorithm.

N
Chaotic pulse wave
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Next, | show a proposed updating rule of the neuron. We&>" ' ' ! !
inject the chaotic pulse wave into the threshold of neurons.
The updating rule is described in Eq. (2) and is used to then|
neurons in the hidden layer.

n 2200k
Vit +1) = £ > wiOx(t) - 6(0) + ey ()|, 2)

=t 2100}
wherey is the chaotic pulse wavey denotes the strength
of the chaotic pulse wave. In this equation, the weight 6fn|
connections and the threshold of neurons are learned by BP
algorithm as same as the standard updating rule.

In Egs. (1) and (2), the output functiohis a sigmoidal
function described as:
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Figure 3:Example of reconstructed attractors of pulse wave.
3. Chaotic pulse wave

We have obtained pulse waves from real biological exper- )
iments. The sampling frequency of the data is 200Hz afid- Two-spiral problem

measurement time is 5 mmutes_. The time waveform of theye apply the proposed network for solving the Two-Spiral
pulse wave and the C(_)rrespondlng. reconstructed attractorgishjem (TSP) [11]. TSP is a problem which classifies two
shown in Fig. 2 and Fig. 3, respectively. We calculate the @fsirals drawn on the plane, and it is famous as a highly non-
eraged Lyapunov exponent as 4.5032 and hence we canjiz@4r problem. The MLP learns points on the two spirals by
that this pulse wave is chaotic. using BP algorithm. We prepare 98 data on the two spirals
as shown in Fig. 4. The number of learning times is fixed as

500000. We investigate the error which is defined as Eq. (4).
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Figure 2:Example of pulse waves. 0 0.2 0.4 0.6 0.8 1

In order to inject this chaotic pulse wave into the MLP, w

- Figure 4:Two spirals problem (target points).
normalize the wave and use only one of every 7 samples.

4. Simulation

N
1 2
In this section, the dlierence in the performance of the pro MSE= N Z(Tn - 0n)’, (4)
posed MLP with input of biometric data and the convention n=1
MLPs is investigated. whereT is the target value an@ is the output value.
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4.2. Learning performance

We compare the results with the conventional, random
noise case, sine wave case, and the chaotic pulse wave case
(proposed). The simulated results are summarized in Table 1.

From this table, the average error of the MLP with chaotic 0.6
Table 1:Learning performance. 04 .1
Ave. Min. Max.  Std. Dev.
Conv. 0.0978 0.0006 0.2518 0.0790 0.2
Random  0.0717 0.0003 0.2369 0.0534
Sin 0.0720 0.0085 0.2480 0.0608 0

Pulse wave 0.0516 0.0005 0.2452 0.0640

X

pulse wave is the smallest of all. The conventional MLP is Figure 6:Two spirals problem (ideal classification).
the worst because the conventional MLP often falls into a lo-
cal minimum. Figure 5 is an example of learning curves of

four MLPs. From this curve, we can confirm a good perfor- Table 2:Learning performance

mance of the proposed MLP with chaotic pulse wave. Ave. Min. Max_ Std. Dev.
0.6 : Conv. 0.2030 0.0910 0.4503 0.0932
""" Conventional Random  0.1725 0.0776 0.2924 0.0428
05 - ';"n“d"m I Sin 0.1760 0.0836 0.5003  0.0895
Pulse wave Pulse wave 0.1600 0.0925 0.5022 0.0836
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02 W, -“'\"-7'4.1 ' In this study, we have proposed a network model with the
v ‘) 'ﬂ_ """ ,"l """ injection of biometric data. We injected chaotic pulse wave
VRN ,'\ into the hidden layer neurons of the MLP. By carrying out
01 \A v I computer simulations, we confirmed that inputting chaotic
M pulse wave to MLP gains a goodfect for MLP learning.
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