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Determining the input dimension of a feed-forward neural network for nonlinear time series prediction plays an

important role in the modelling. The paper first summarizes the current methods for determining the input dimension

of the neural network. Then inspired by the fact that the correlation dimension of a nonlinear dynamic system is the

most important feature of it, the paper presents a new idea that the input dimension of the neural network for nonlinear

time series prediction can be taken as an integer just greater than or equal to the correlation dimension. Finally, some

validation examples and results are given.
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1. Introduction

Time series prediction plays an important role in
areas of weather forecasting, economy and engineer-
ing predicting, and so on. Most traditional time series
models, such as autoregressive, moving averaging and
autoregressive moving averaging, are of linear types,
but there are also many nonlinear time series predic-
The artificial

neural network (ANN), as a powerful tool of nonlinear

tion problems in practical situations.

time series modelling, has already been used in solv-

(1-3] However, deep

ing nonlinear prediction problems.
and systematic research in this area is still necessary
and wanted.

ANN modelling involves several elements such
as neuron model, network topological structure and
learning arithmetic. The determining of an ANN in-
put dimension is an important part of the network
topological structure, and depends on the actual situ-
ation. The input dimension must be carefully selected
when modelling a nonlinear time series. Too small in-
put dimension will lead to divergence of the network,
and too large a value will result in increasing the com-
putation load, and even more, lead to over-fitting of
ANN. An optimum input dimension should be chosen,

such that while making enough modelling capability

available, it is kept as small as possible.

In this paper a summary is first made on the ex-
isting methods of determining ANN input dimension.
Then by analysing the relationship between the corre-
lation dimension of a nonlinear dynamic system and
the determining of input dimension in nonlinear time
series ANN prediction, a new input dimension deter-

mining method for ANN model is proposed.
2.Current methods for deter-
mining the input dimension
Time series prediction is to predict a value at cer-
tain future time according to its historic values. The
key for doing this is to obtain a mathematical model
to describe the relationship between time series values.

Mark a nonlinear time series as {x,}, its mathemati-

cal model can be described as

amnf(mfl)‘r)' (1)

Ttk = f(mnaxn—fv e

Here k=1 means a single step prediction model, and
k > 1 means a multi-step prediction model; 7 is the
time delay. In this paper, only the single step model
of k=1, 7=1 is analysed, that is,

Tn+1 = f(xna Ln—1,""" 7xn—(m—1))' (2)
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To model a nonlinear time series with the widely
used feed-forward neural network means to fit the
above nonlinear self-regression function f(*). The net-

work can be illustrated as Fig.1.

Tn+l

Output

Hidden

Fig.1. Structure of a feed-forward ANN for nonlinear

time series prediction. Here m is the input dimen-

sion of the ANN, z, 41 is the output of the network
as the value to be predicted, zn,Zn—1, ", Zp_(m—1)
are known historic values. The ANN should first be
trained using sufficiently many known input and out-

put values before it can be used to predict.

2.1. Determining the ANN input dimension by
trials

Some instructive discussion has been done in de-
termining the input dimension of predicting ANN, and
the intuitive method is the method of trial and error.
That is, the optimum network input dimension is de-
termined by trying a variety of ANN input dimensions
and choosing the least one meeting the requirement of
training the ANN.[4 This method is simple and direct,

but obviously less efficient.

2.2. Determining the ANN input dimension
based on Takens’ theory

Reference [5] indicates that, because the nonlinear
time series prediction using ANN is based on the corre-
lation of the nonlinear time series in time-delay phase
space, the input dimension of ANN should be at least
equal or greater than the embedding dimension of
time series phase space reconstruction, so that certain
intrinsic properties, such as some geometrical invari-
ants, attractor dimension, measure entropy and posi-
tive Lyapunov exponents, can be retained. According
to the Takens theory,[® the original dynamic proper-
ties can be retained under the topological transform,
as long as the embedding dimension d > 2Dy + 1 (Do
is the correlation dimension of system attractor and
can be obtained by using GP arithmetic[7]). There-
fore, the input dimension m of ANN can be taken as
an integer not smaller than 2Ds+1. For instance, in
the case of using X component of the Lorenz equation
as a nonlinear time series to predict, the correlation

dimension Ds is 2.06, so by Takens theory, the input

dimension of this ANN model can be taken as 6.

2.3. Determining the ANN input dimension as
minimum embedding dimension

The embedding dimension determined by Takens
theory in section 2.2 above is enough for phase space
reconstruction, but it is always too big and redun-
dant. This dimension is here called the full embed-
ding dimension dg for distinguishing purpose. Much
nonlinear theory research/® 11! indicate that the mini-
mum embedding dimension d,;, g for phase space re-
construction does not necessarily satisfy Takens the-
ory, that is, the condition dyj, g > 2D2+1 is not
met. For example, in the case of X component of the
Lorenz series, the embedding dimension is 6 by Tak-
ens theory, but actually only 3 by the method of false

12] and Cao arithmetic!3] is satisfactory.

neighbours!
Hence, according to the Ref.[5], the input dimension
of the ANN can be taken as the minimum embedding
dimension of the phase space reconstruction, that is,

for the X component of the Lorenz series, the input

dimension of ANN model should be 3.[14]
3. The author’s ideas on deter-
mining the input dimension

In current methods of determining the ANN in-
put dimension, the minimum embedding dimension is
smaller than that required by the Takens theory, since
it is the smallest Euclidean space dimension contain-
ing the system attractor. However, there is another
problem in phase space reconstructions, that is the
nonlinear systems having the same correlation dimen-
sion often do not have the same minimum embedding

dimension.

Take a simple example to illustrate the problem.
In general, the correlation dimension of a system at-
tractor is close to the topological dimension of the
attractor, with a difference of only a fraction of a di-
mension. Approximately, it is reasonable to take the
topological dimension of the attractor as the correla-
tion dimension of the system. When the attractor is
a straight line, its topological (or correlation) dimen-
sion is 1, the same as that of the minimum embedding
dimension that can contain itself. But in the case that
the attractor is a 3-D helix, its topological (or correla-
tion) dimension remains 1, even though its minimum

embedding dimension is 3 in this case.

In some cases, the minimum embedding dimen-

sion of a system’s attractor is probably much bigger
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than its correlation dimension. Facing the two dif-
ferent dimensions, a natural idea is to determine the
input dimension of the ANN model directly from the
correlation dimension, so as to reduce the input di-
mension of the model. This is also reasonable from the
point of nonlinear system theory analysis, because it
is the correlation dimension rather than the minimum
embedding dimension that truly reflects the essence of
the nonlinear system.

From the above discussion, it is proposed that a
proper and practical way is to give the input dimen-
sion a value a little bit greater than the system’s corre-
lation dimension, which should enable the network to
fit the intrinsic properties of nonlinear system. Since
the input dimension must be an integer, the input di-
mension of ANN model should be the upper integer

of the correlation dimension.

4. Experimental verification

4.1. Benchmark signals

Several chaos signals, such as Lorenz,['5] Roes-
sler,[1¢! Logist,['”) Henon*8! and two machine-fault
signals'®! have been sampled as nonlinear time se-
ries. Parameters, such as full embedding dimension
dg, minimum embedding dimension d,,;, g and corre-
lation dimension Ds have been computed for all sig-
nals. Prediction experiments have been applied on
the signals with ANN. In order to verify the optimum
input dimension for the network models, the input di-
mension is varied and corresponding prediction MSE
(mean squared error) is calculated.

1) The Lorenz attractor equation:

dx

E :U(y - .’,C),

dy

— =yr —zz —

dt Y Y,

d

d—j =zy — bz. (3)
Take its X component, where: o0=10, y=28,

b=8/3.

2) The Roessler attractor equation:

dx

= _y—2

dt Y )

d

Wiy

d

d—i =a+xz — pz. (4)

Take its X component, where a=0.2, u=5.7;
£(0)=0, y(0)=0.01, 2(0)=-0.01.
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3) Logist mapping:
z(n+1) =4"z(n)*(1 — z(n)). (5)
where
(1) = 0.1.
4) Henon mapping;:
e(n+1) = 1 +y(n)  aa(n),
y(n +1) = Bz(n). (6)

Take its X component, where « = —1.4, 3=0.3;
2(1)=0.01, y(1)=0.04.

5) A real axial vibration signal of a rotating ma-
chine under oil whirl fault[']

As oil whirl fault happens, the complex oil tur-
bulent flow may occur, so the axial vibration signal is
complex nonlinear.

6) A real axial vibration signal of a rotating ma-
chine under base loose fault!*]

In the case of a base loose fault mode of mechani-
cal rotor system, the base will jump up and down due
to the unbalanced force on the rotor. This jumping
leads to variation of the system’s stiffness, accompa-
nying certain striking phenomena, resulting in pseudo-
cycle or chaotic motion in some particular parameter
range.

Signals 1 and 2 above are sampled at a proper
sampling frequency in solving the differential equa-
tions. Signals 3 and 4 are discrete series obtained
from the iterative equation. Signals 5 and 6 are vi-
bration signals recorded from real large machine sets.
All signals mentioned above have complex nonlinear

dynamic properties.
4.2. Experiments

1. Apply the method of Kennel? to obtain the
time delay 7 for phase space reconstruction for series
1,2,5,6, the resulting values are 7,11,2,3, respectively,
signals 3 and 4 are discrete series, so 7=1.

2. Apply GP arithmeticl” to obtain the correla-
tion dimensions of all series (see Table 1).

3. Apply Cao arithmetic'®! to obtain the mini-
mum embedding dimension of d,,;, g for every series
(see Table 1).

4. Increase ANN input dimension m from 1.
Take hidden neuron number big enough as 20, that is,
take m—20-1 as the ANN structure. Combine Trainbr
arithmetic and Early stopping methods in Matlab to
train the feed-forward ANN to prevent over-fitting.
Results are listed in Table 1.
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Table 1. Predicting results under different input dimensions.

Series Signal

name dim. D» upper integer

Correlation Correlation dim. Min. embedding Full embedding Network input Predicting

dim. dpmin E dim. dg dim. m MSE

1 Lorenz 2.02 3

2 Rossler 2.10 3

3 Logist 0.97 1

4 Henon 1.70 2

5 Oil whirl fault signal 1.24 2

6 Base loose fault signal 1.98 2

3 6

—_

0.79
0.022
0.0036
0.0034
0.0031
0.27
0.0037
0.00088
0.00098
0.00083
0.0000412
0.000192
0.0000723
0.19
0.0022
0.0012
0.0011
0.0046
19.03
2.33
2.25
1.96
2.04
42.31
16.39
16.56
15.79
15.90

Gt W N = O R W = TR WN =W = Ot R W = Ut W N

4.3. Results

Table 1 shows that the accuracy of prediction is
stabilized at certain level as the input dimension of
ANN model increases. The accuracy reaches or ap-
proaches the optimum value when taking the input
dimension as the correlation dimension or its upper-
integer. In the case of signals 1 and 2, the correlation
dimensions are both just a little bigger than 2, and
their accuracies have increased markedly to a very
high level as their input dimensions reach 2. It re-
veals that the correlation dimension is the true reflec-
tion of a system, and that determining the ANN input
dimension based on the correlation dimension is rea-

sonable. Signals 5 and 6 are real and contain noise, so

the resultant final MSEs of the networks are big.

5. Conclusion

Current methods of determining input dimension
for nonlinear time series ANN prediction model have
been summarized and analysed. Based on further
analysing the nonlinear dynamic theories, it has been
proposed that the input dimension of the predicting
ANN can be taken as the upper integer of the sys-
tem correlation dimension. Experimental results show
that the proposed idea is correct. The correlation di-
mension reflects the system’s essence, better than the
embedding dimension of phase space reconstruction

does.
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