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Abstract: - Many applications using recurrent Artificial Neural Network (ANN) for system output prediction
do not feedback the previous prediction error to perform the calculation of a new prediction output. The
feedback of this prediction error is re-used in two different ways in the neural network. The prediction tests
have been carried out on the Mackey—Glass chaotic time series, Logistic Map time series and Box—Jenkins

furnace data.
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1 Introduction

To consider the temporal aspect of the input data,
ANNs require some modifications of the static
neural models [4]. We can find two different
approaches of time representation in neural network
architectures: in the first case, the time 1is
represented as an external mechanism [6]. In the
second case, the neural network is able to treat the
time dimension without any external mechanism.
These Recurrent neural networks are fundamentally
different from feed-forward architectures in the
sense that they not only operate on an input space
but also on an internal state space.

Time series are pervasive in data acquisition, hence
a significant amount of work has been done in the
realm of time series analysis, modelling and
prediction to support analysis and interpretation of
such data [1]-[2]-[7]-[9]-[10]-[11]. The commonly
encountered models of time series include auto-
regressive models [1]-[10], recurrent neural
networks [1]-[2]-[5]-[9], and fuzzy rule-based
models [2]-[7]-[11]. In such cases it is useful to
apply non-linear prediction architectures such as
neural networks in order to improve prediction
performance [9]. In our previous work, we have
introduced the Recurrent Radial Basis Functions
networks (RRBF network) [12]. The dynamic aspect
is obtained by the use of an additional self-
connection on the input neurons with a sigmoid
activation function. The RRBF network can thus
take into account a certain past of the input signal.
To improve time series prediction, we have tested
the influence of the prediction error and how we can
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use it in the RRBF architecture. We have tested two
different ways to use this prediction error. One of
these two ways gives very interesting results.

This paper is divided into the following sections:
sections 2 provides respectively a brief overview of
RBF and RRBF network, section 3 describes the
data sets, section 4 describes how the experiments
have been conducted, section 5 shows the
experimental results and Section 6 provides the
conclusions and recommendations from this study.

2 RBF Network and the Recurrent

RBF

The Radial Basis Function (RBF) consists of two
layers (Fig. 1.a) with architecture similar to that of a
two-layer MLP. The distance between an input
vector and a prototype vector determines the
activation of the hidden layer with the nonlinearity
provided by the basis function. The nodes in the
output layer usually perform an ordinary linear
weighted sum of these activations. Mathematically,
the network output for linear output nodes is
expressed as follows:

M
v = 2wty (x - (1)
j=1
where X is the input vector with elements x; (where
i is the dimension of the input vector); u; is the
vector determining the centre of the basis function
¢; with elementsu ; ; Wy are the final layer weights.

Jio
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The Gaussian basis function ¢,(.) provides the

nonlinearity of the neural network. Training a RBF
with linear outputs is very fast and is accomplished
through two stages. The first stage is unsupervised
and accomplished by obtaining cluster centres of the
training set input vectors. A popular method is k-
means clustering. The second stage consists in
solving a set of linear equations, the solution of
which can be obtained by a matrix inversion
technique such as singular value decomposition or
by least squares.

Fig. 1a Different architectures of the RRBF for time
series prediction

The Recurrent RBF neural network (Fig. 1.b)
considers the time as an internal representation [4],

[6].
X(t+1)

Fig. 2b Different architectures of the RRBF for time
series prediction

The dynamic aspect is obtained by the use of an
additional self-connection to the input neurons with
a sigmoid activation function. The RRBF network
can thus take into account a certain past of the input
signal. Every neuron of the input layer gives a
summation at the instant ¢ between its input x;, and

its previous output weighted by a self-
connection w;, . The output of its activation function

| a;(t) =w; & (t =D +x; (1)

(2
AOE f(ai(t))
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where a;(¢)
neuron activation and its output at the instant ¢, f is
the sigmoid activation function:
1 —exp(—kx)
S(x) = 3)
1+ exp(—kx)
For the three benchmarks (described in next
section), we have compared three ways to predict
the output system x(¢ +1) :

a. For the first RRBF (Fig. 1.b) we do not use any
prediction error (this first neural configuration is
called RRBF1 in the paper).

b. For the second way (RRBF2, Fig. 1.c) we have
calculated the prediction error () between the

output system x(#) and the final predicted
output x(r) . RRBF2 output is then described by these
equations (4):

M
=Y (wydy (eu;)))
j=1
xt+)=x'¢t+1)+&@)

() =x(t)—x()

and & (¢f) represent  respectively the

“)

Fig. 3c Different architectures of the RRBF for time
series prediction

c. For the third way (RRBF3, Fig. 1.d) one have
calculated the prediction error 7;(¢) between the

output system x(¢) and the first stage predicted
outputx'(¢) . The final predicted output x(r) of the
RRBF3 is then described by these equations (5):

M
X'(t+1) = Z(ij¢j (HX _ujH))
=

n(t) = x(1)—x'(t)

X+ =x'@+1)+n(@)

)
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Fig. 4d Different architectures of the RRBF for time
series prediction

The main difference between the RRBF2 and the
RRBF3 is the way to calculate the feedback error. In
the RRBF2, the error £(¢) is calculated between the

output system x(#) and the final predicted
output x(r), while in the RRBF3, the error 7(z) is
calculated with x'(¢r) (before the final predicted

output system).
In the output of the RRBF2, the prediction error £(¢)

at step ¢ is propagated at step ¢+, t+2, .... The
following equations present this relation between
each time prediction error:

&) =x(0)— %) =x(t)—(X'(O)+ &t -1))
=x(t)—fc'(t)—(x(t—l)—fc(t—l))
=x()-X'@Q)—x@t-D)+x'¢-)+e(t-2)=....

While in the RRBF3, the prediction error #7(¢)

between the output system and the first stage
predicted output x'(z) is only used to calculate the

(6)

finale predictionx(¢+1), and there is any relation
between n(z) andx(z+2) x(t+3), ...

3 Data sets

The first time series is the Logistic Map. It is
defined by the expressionx(z+1)=4x(?)(1-x(t)).
This series is chaotic in the interval of [0, 1],
withx(0)=0.2. The goal of this application is to
predict the target value ofx(z+1). The goal of the
second time series (the Mackey—Glass differential
equation [8]) is to predict the value of time series at
some point in the future x(z+P) by using past
values. For the purpose of this work, a value
of P=1, has been used. The third benchmark is
Box—Jenkins [3] furnace data. It consists of 296 data
points {y(?), u(t)}, from t=1 to 296 where y(?) is the
output CO2 concentration and u(?) is the input gas
flow rate. Here we are trying to predict y(?) based
on: {y(t-1), u(t-1)}. Consequently, the effective
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number of data points is reduced to 290 providing
145 for training and 145 for testing.

4 Comparison tests

In all cases, the error measure used for evaluation is
the mean square error (MSE), since it is the most
commonly used measure found in literature. All data
have been normalized by range [-1, +1]. With all
three data sets described earlier, the initial tests
attempted to find the best RRBF model when
evaluated with the corresponding test sets. In every
case, RRBFs have been created with varying
numbers of basis functions from 2 to 100 nodes and
with varying basis width parameters. While it is
appreciated that values used for this scaling variable
are extreme, these values have been chosen to
encapsulate all possibilities. This study could not be
totally exhaustive since the basis width parameter is
real. However, increments sufficiently small in
width have been used to illustrate trends. For the
three RRBFs the basis width parameter started at
0.01 and was increased to a maximum of 1.0 in
increments of 0.01.

S5 Results

Results in table 1 are the best overall MSEs obtained
for the Logistic Map test data using the three RRBFs
previously described together with the range of
hidden nodes and basis widths discussed in the
previous section. For this test, the RRBF1 gives ‘the
best’ result with 100 nodes.

Neural Network O No.nodes  MSE test set

RRBF 1 0.95 100 1.2234381e-013
RRBF 2 0.96 100 3.5824799¢-013
RRBF 3 0.99 100 2.0830382¢-013

Table 1 Logistic map results

Results in table 2 show the best overall MSEs
obtained for Box—Jenkins for various RRBF models
produced. The RRBF3 gives the best prediction
results. Fig. 5 gives some prediction results of Box—
Jenkins benchmark for the three RRBFs network. In
this figure we can see that RRBF2 is very unstable.
The prediction given by RRBF3 is very close to the
output system.

Neural Network o No. nodes MSE test set

RRBF 1 095 25 6.7648253e-003
RRBF 2 0.56 69 2.6361584¢-002
RRBF 3 0.92 34 3.4003523¢-003

Table 2 Box and Jenkins results
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Fig. 5 Box and Jenkins prediction results
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Fig. 6 Mackey Glass prediction result
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The results in table 3 are the best overall MSEs
obtained for Mackey—Glass test data using the three
RRBEF previously described together with the range
of hidden nodes and basis widths discussed in the
previous section. The RRBF3 gives the best result
with 61 Gaussian nodes. Fig. 6 gives some
prediction results of Mackey—Glass for the three
RRBFs network.

Neural Network O No.nodes MSE test set

RRBF 1 038 98 3.1185013e-004
RRBF 2 0.58 97 8.6695360e-005
RRBF 3 0.75 61 7.3566953e-005

Table 3 Mackey-Glass results

6 Conclusion

In this paper the results indicate that the use of the
previous prediction error to calculate the future
prediction output is very interesting. The results of
different tests indicate that the ‘best’ way to
feedback the prediction error is the second way
(RRBF3, Fig. 1 a, b, ¢, d). Additional research
should be made to investigate more sophisticated
ways to use this feedback error. For example, the
linear (or nonlinear) control approaches can be
tested as a proportional-integral-derivative
controller (PID controller). In this study, only the
proportional one has been tested. Other techniques
used for control application as fuzzy-controller or
neuro-controller can be explored in our future
works.
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