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Abstract In this paper a nonparametric neural network (NN) technique for prediction of future values
of a signal based on its past history is presented. This approach bypasses modeling, identification, and
parameter estimation phases that are required by conventional parametric techniques. A multi-layer feed
forward NNis employed. It develops an internal model of the signal througha training operation involving
past history of the considered signal. Training is performed using the back-propagation algorithm. The
trained net is then used to do the forecast. Training s continued during operation to improve performance.
The net performance is tested on signals generated by autoregressive (AR) and autoregressive moving-
average (ARMA) models of different orders and results are compared to optimal forecasts.
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"INTRODUCTION

~ Signal prediction from past observations has applications
in many diverse fields such as target tracking, weather
forecasting, power system loading forecasting, financial
market forecasting, etc. Conventional parametric ap-
proaches to this problem involve mathematical modeling
of the signal characteristics which is then used to carry out
the prediction. In a general case, this is a rather complex
task involving many steps such as model hypothesis (com-
monly a time series), identification and estimation of
model parameters and its verification. In many instances,
adaptive update of the estimated parameters is also neces-
sary.

In this study, a nonparametric neural network-based
approach to the signal prediction problem is presented.
The method is non-parametric in the sense that it does not
need to know any information regarding the process that
generates the signal. Forinstance the order and parameters
of an AR process are not needed in order 1o carry out the
prediction. This reflects a significant difference between
this method and the conventional ones, since it bypasses
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 the mentioned modeling phases. Although signals gener-

ated from autoregressive (AR) and autoregressive mov-
ing-average (ARMA) processes will be used in this study,
the technique is not restrictive and can be applied to other
types of signals.

A NNiscomposed of many simple and similar nonlinear
computational elements (nodes) operating in parallel and
arranged in patterns reminiscent of biological nervous
systems. The nodes are densely interconnected via weights
thatcan adapt and change according to a given situation. In
atypical neural network, at each node, the inputs from the
other nodes are multiplied by suitable weights, summed
and the result transformed by a no-memory nonlinearity
transfer function, The nodes are often grouped together
into linear arrays called layers. The network usually con-
sists of an input layer to which data is applied, an output
layer and one or more "hidden" layers, so-called because
neither their inputs nor outputs are available to the outside
world. If all the connections in the network are from a
previous layer to the next layer, the network is a "feed-
forward” network,

The main property of a NN such that is utilized in this
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“study is the ability to leam complex mappings between
input and output vectors which are very difficult to em-
body in conventional algorithmic methods. This task is
carried out by a process of learning from examples pre-
sented to the net. During learning, known input-output
pairs, called the training set, are applied to the network.
The network learns by adjusting or adapting the strengths
of the connections between processing elements, by com-
paring the actual output of the net to the expected output.
The method used for doing the adaptation is called the
leaming or adaptation rule.

In this case, the learning consists of showing the net
examples of past signal behavior, After the net leamns, it is
employed to track the signal. Furthermore, a continuous
learning is built into the system which allows the net w0
update its weights on-line proportional to its forecast
€rTor.

"THE NET AND ITS LEARNING RULE

“In this study, we use a multi-layer feed-forward neural
network topology with one hidden-layer as shown in
Figure 1. The input nedes (shown with filled circles) have
a transfer function of unity and do not alter the input to
them. They serve as the distributors of inputs to the first
hidden layer nodes through the corresponding connec-
tions. The nonlinear activation function of all the other
nodes is the sigmoid function, i.e. X, the output of node j is:

e |
1 T p—
+exp (-}, wi X)

“where wjis the strength of connection between node j and
node i in the layer below.
The learning process to be uatilized is an iterative
gradient procedure referred to as "Back-Propagation Al-
gorithm” [5]. According to this algorithm which is next

Figure 1. Themulti-layer feed-forward neural network utilized
in this study
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“outlined, for each input in the training set, learning proper
weights is conducted by (1) computing the discrepancy
hetween the desired outputs and that which is produced by
the network outputs, and (2) feeding back this error signal
level-by-level to the inputs, changing the connection
weights in such a way as to modify them in proportion to
their responsibility for the output error. The major steps of
the algorithm are as follows:

‘Step 1 Initialize all w;;s to small random values (typi

cally between -(1.5 to 0.5).

Step2  Present an input vector and specify the corre-
sponding desired outputs.

Step 3 Calculate outputs using the present value of w;s.

Step 4  Find an error term, §, for all the nodes. If
d; Ojand X stand for desired value of the jth
output node, the computed value for the jth output
node, and the computed value for the jth hidden
layer node then error for an output node is:
§=(dj-0) 0;(1-0),
and for a hidden layer node is; ~

&=X;(1 - XY Sxwji , where k is over all nodes
k

in the layer above node j.
“Step 3  Adjust weights by
W, n+1) =W, (m+ O(Bj X.+ Q(w‘.j n)- W, (n-1),
where (n+1), (n), and (n-1) index next, present,
and previous, respectively. o is a learning rate
similar to step size in gradient search algorithms.
{s a constant between 0 and 1 which determines
the effect of past weight changes on the current
direction of movement in weight space,
-Swep€  Present another input and go back to step 2. All
the training inputs are presented cyclically until
weights stabilize.

A big drawback of the back-propagation algorithm is
its slow rate of convergence. Typically, many passes
through the training data are required for the connection
weights to converge. Consequently, it may take up to

“TABLE 1. Illustration of Data Segmentation for the

Initial Training Set.

~m-Point Input Desired Output
YD,y y(m) y(m+1)
¥(2)..., y(m+1) y(m+2)
¥Y(3)..., y(m+2) y(m+3)
YK),... y(k4m-1) ylk+m)
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TABLE 2. Prediction Error Statistics for Signals Generated

by AR Processes
Order of AR " Neural Net "Linear Prediction
process used to

generate the signal| - Emor | IBrror " Bror “Error
Mean STD Mean STD

2 441 | 113 A03 093

3 417 | .099 398 091

4 453 | 131 388 087

5 414 | .098 395 088

6 437 | 112 392 090

7 431 | .108 403 089

8 433 | 110 404 095

9 421 ] .102 A06 094

10 415 | .096 402 090

several hours to train on a serial computer. However, the
structure of the network and the algorithm are very well
suited to parallel implementation which will cut down the
amount of required time, The above parallelization has
been implemented on our SEQUENT Symmetry
S81parallel computer. This is a Multi Instruction Multi
Data (MIMD) Shared Memory parallel computer with 20
processors, each capable of performing 4 MIPs (million
instructions per second). Although our data partitioning is
limited to L < 20, the reduction in the training time is
enough to make use of the network practical.

In recent years, this kind of NN has been applied to a
number of pattern classification problems [3]. However, in
all of these applications, the network has been used in the
context of a classifier: a quite different function from what
it will be utilized for in this research. In {11, the authors
have shown that a NN classifier applied to the image
recognition problem outperforms all of the other tradi-
tional classifiers, indicating the importance and potential
of the neural network technology.

'DESCRIPTION OF THE APPROACH

To illustrate the procedure, assume that several data points
(observations) denoted by y(1), ¥(2), ..., y(n) are available.
Let us concentrate on one-step-ahead prediction of this
process based on the past m observations (m<<n). The
generated data are divided into overlapping sections of
length m+1, Each section overlaps the preceding section
by m points. These sections compromise the initial train-
ing set for the net. The first m points of each section are
used as inputs to the net and the (m+1)th is designated as
the corresponding desired output.
Table 1 illustrates this arrangement assuming that with
using k such asection can be made out of the available data.
The net is trained off-line with such input and output
pairs. Then it is used for on-line forecasting. It is assumed
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“that the actual observation becomes available after its

forecast is made, Therefore one can compute the forecast
€eITor as

eP=yD-To

_ where y (j) is the actual observation and y(j) is its forecast.

One can take advantage of the observed error to further
improve the initial training of the net. Thus the training
continues during the testing/operation stage. This means
that after prediction error € (j) is computed, it is propagated
back using back-propagation to adjust the weights again
before attempting the prediction of the next point. This is
of course based on the assumption that actual observation
becomes available before the next step prediction needs to
take place. Thus the net is not statistic and its weights are
continuously adjusted according to the most recent obser-
vation.

The predicted value is to be available at the output of
the NN. However, note that the sigmoid function is bounded
between 0 and 1 while the signal may have a different
dynamic range. To compensate for this factor, the data are
first normalized by linearly mapping them to [0,1] range.
This is accomplished by establishing a minimum and a
maximum value for the process. The normalized value of
a data point y, denoted by yn, will then be

=¥~ Ymn

Ymax = Ymin

¥N

“which is between 0 and 1. The output of the net (the

forecast), which will also be between 0 and 1, can be scaled
back up through inverse mapping. Thus, the net will operate
on [0,1] range data values and sigmoid functions. Note that
thisisa linear mapping which does not alter the characteristic
of the data. Therefore, selection of accurate extrema values
18 not critical to the success of the procedure.

The described procedure is by no meansrestricted to one
step-ahead prediction. By increasing the output nodes to j,
and using sections of length (m+j), one can perform one-to-
j-setp ahead prediction.

"EXPERIMENTAL STUDY

‘Several experiments with signals generated by AR and

ARMA processes are carried out. In an AR model of order
p(AR(p)), the value of the signal at time j, ¥(j). is expressed
asa linear combination of p previous values plus a random
noise term @xj), that is

P
y({) =Y, 8yGi)+ )
=1

The noise is white with zero mean and variance of o2
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" AR processes with orders ranging from 2 to 10 are consid-
ered. In addition, four different models (signals) per order
are generated. This means that four different sets of 8;are
used for each p, where p=2, ..., 10. The variance of the
noise is fixed at 6% = 0.25 for all cases. 2000 points are
generated for each series.

A NN with one hidden layer containing 20 nodes is
used. In each case, the forecast is based on the past ten
observations regardless of the order of the considered
process. Therefore the m parameter is m =10, Out of the
2000 generated points, 500 are used for training and the
remaining 1500 for testing.

The selected parameters for the back-propagation learn-
tng algorithm are: olearning rate) =0.2, { (momentum) =
0.7, and the number of passes over the training set is 1000,
A slight modification to the NN is also made in the form of
changing the slope of the output node sigmoid function so
that it approximates aramp function. It was found that such
a sigmode performs better. Thus the power of the expo-
nential term in the sigmoid expression is divided by S to
decrease its slope and make it follow a ramp function.

The performance of the NN is to be compared to that of
the linear prediction (LP) which is E[y(j)] expressed as

p
Ey@1=2. 8iy(H)
F=

Exact LP computation is possible if exact values of p
and 8 s are available. However, in practice these param-
eters are unknown and need to be estimated from past
observations [4]. In this study these parameters are not
estimated and exact values are used for LP. Thus the
reported LP forecasts are the optimal ones. The LP abso-
lute error is computed as

IyG) - ElyMll= 1o G) k = 501, 502, ... . 2000

Sincew(j)~N(0, .23), the LP error mean and standard
deviation will be .399 and .091, respectively.

Table 2 shows the forecast error statistics for both the
NN approach and linear prediction averaged over four
cases per order. As one can see from this table the means
and variances of prediction errors of these two methods are
very comparable indicating the success of the NN method.

In another set of experiments, signals generated by
ARMA processes are considered. An ARMA(p.q) process
is described by

) P g
YO =D 8iy(D+ Y 060D+ w)
il =
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The noise is white with zero mean and variance of one.

1000 points are generated for each considered signal. 500
of them are used for training and 500 for testing. Figures
2 10 4 show the results in graphical form. Again note that
the NN is quite successful in tracking the signal.

It is significant that such good results are obtained
without using any knowledge about either the order or
parameters of the underlying processes that are used to
generate the signal. The net ¢codes the appropriate process
through training and retraining during the operation phase.

" CONCLUSION

In this study a NN based technique for signal prediction is

developed. It is a non-parametric method that does not
require any explicit information about the mathematical
form of the signal. Although the data sets used in this
experiment were generated by AR and ARMA processes _
with different orders and parameters, the NN based tech-
nique worked equally well for all of them, This is a big
advantage over the traditional techniques. Comparisons
with the optimal forecast show that the NN performance is
quite satisfactory.
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