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Design of An Integrated Neural Network System
for ARMA Model Identification

In this paper, our concern is the artificial neural network-based patten
classification, when can resolve the difficulties in the Autoregressive Moving
Average(ARMA) model identification problem,

To effectively classify a time series into an approriate ARMA model, we adopt
the Multi-layered Backpropagation Network (MLBPN) as a pattern classifier, and
Extended Sample Autocorrelation Function (ESACF) as a feature extractor,

To improve the classification power of MLBPN’s, we suggest an integrated neural
network system which consists of an AR Network and many small-sized MA
Networks, The output of AR Network which will gives the MA order,

A step-by-step training strategy is also suggested so that the learned MLBPN’s
can effectively ESACF patterns contaminated by the high level of noises, The
experiment with the artificially generated test data and real world data showed the
promising results,

Our approach, combined with a statistical parameter estimation method, will
provide a way to the automation of ARMA modeling,

I.A & #AE dANE, 2B 598 A 2
Hl 83} d2ATe) Y S T 4EE o

AE7150) THHA & AYBEL A% Z/PEe Agsis Ao Fasith AALRY
¥ 5 gloms, 584 AYAEY £9 2 2 oo 2g suow digHe gon, E

* Tegem 492



64
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Procedure: Backpropagation Algorithm for ESACF pattern Classification

Setn = 0.1, & = 0.9, E = oo
Initialize weights to small random numbers between -0.1 and 0.1;
Do while E is greater than predetermined error bound
Repeat until all training input/output pairs are presented to MLP
Select an input/output pair from the given training set;
Use subprocedure:Forward to compute actual outputs;
Compute E by summing differences between target and actual outputs;
Use subprocedure:Backward to compute errors in all PEs;
Use subprocedure:WeightUpdate to adjust weights;
endrepeat
Compute E as an averaged E over all input/output pairs;
Increase epochs by 1;
enddo
endprocedure

/* (xl,x2,~-~,xn) and (d1’d2""’dm) is an input and target output pair.
L is a number of layers. aj(s) is an activated value at PE j in layer s
and s = 1,2, L. wij(t) is a weight between PE i in layer s-/ and PE
j in layer s. t is an index for recursions between weight updates */
Subprocedure: Forward -

Repeat until actual outputs, aj(L)’s are calculated

If a PE in input layer, then

a(l) = x;
i j
else aj(s) =flY wij(t)-ai(s-l) )
endif
endrepeat
endsubprocedure

Subprocedure: Backward
Repeat until error term & for each PE is calculated
If the PE is in L-th layer (output layer), then

5j = a(L)-(1-al)-d-all));
else (in hidden layers)

8 = aj(S)-(l-aj(S))gﬁkwjk(t);
endif

endrepeat
endsubprocedure

Subprocedure: WeightUpdate
Repeat until all weights are updated
w (D) = W) + N8als) + (w (1) - WD)

endrepeat
endsubprocedure

387 Psudo-code2 E# 3t Backpropagation@2|&
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MA 0 1 2 3 4 5 6 7 8 9
AR
@ |9 o 0 0 0 0 0 0 0 0 0
1 0 0 1 0 1 1 1 0 0 0
2 0 1 1 0 1 1 1 0 1 1
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5 0 0 0 0 1 1 1 1 1 1
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(b) (©
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(d) AR Network : 0.097 0.086 0.592 0.103 0.681 0.099
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18 10, KConsumer Price Index : ARMA(4,3)
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18 11, Caffeine Data : ARMA(2,5)
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