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A Neural Network-Driven Decision Tree Classifier Approach to Time
Series Identification
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Sang Bong Oh, Kun Chang Lee
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We propose a new approach to classifying a time series data into one of the autoregressive
moving-average(ARMA) models. It is based on two pattern recognition concepts for solving time
series identification. The one is an extended sample autocorrelation function(ESACF). The other is
a neural network-driven decision tree classifieNNDTC) in which two pattern recognition techniques
are tightly coupled: neural network and decision tree classifier. NNDTC consists of a set of nodes
at which neural network-driven decision making is made whether the connecting subtrees should
be pruned or not. Therefore, time series identification problem can be stated as solving a set of
local decisions at nodes. The decision values of the nodes are provided by neural network functions
attached to the corresponding nodes. Experimental results with a set of test data and real time
series data show that the proposed approach can efficiently identify the time seires patterns with
high precision compared to the previous approaches.
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(28 1D Jepd vig} go] AAE 283tE Y3t
NNDTC Aell= 10 7F9) W =Z(internal node)7} &7
3t o|g Zpze) shte] JIFAAT Fa7t g ojof
e 10 709 AFAAEE SEAAL & Aotk &
oA o] &8 AFAUF e T2 Fud A (B
1-3)0] ackxlo] Qict. AA AFAARY AZE 3 AT
(3 layers), & & AZ(nput layer), £ 7 Z(output
layer), 22|31 3] &4 A& F-Z(one hidden layer)E
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(a) Main Module
Goal: F0{ZI NNDTCOAM %X AZE woish= 2.
Input: 2iolo] AAZXIZS| ESACF E4 THE % Tlroot).

Output: #HE 4=

104 Ex| == 2|AE (potential node list}el PNL 12|12
*ZE Lt 2|AE({terminal node list)o! TNLE MAISICE
20t Ui =0l T(eery), T(REIH)0|A 2ArIMZ0! s
2), ESRH)B A
3¢HA If v(pure) > vimixed), then do
begin
search T(240%):
prune T(Z&2y),
end;
Else if v{z>
begin

2408) ( v(&328), then do

search T(&&ig&d);
prune T(24-0%):
end;
AT PNLOY RUs EA ool cHst ojAREEES AlMSIC)
5CHAL SIA@’“Z}OI 7HE 2 AX =F TNLOY ARRISICE

(b) search T(£4+28) Module
fnput: ESACE B4 98 9 T&408),
Output: 2 ARiE 2 %}ZH MAXE

197 vIMARE) ¥ vAREE)E ANt
20! If vIMARE) > v ARE&) then do
begin

search TIMAR.&);

prune T(AREZ.%);
end;
Eise if vIMARE) { v(ARX.3), then do
begin

search T(ARK. ),

prune TIMAE®);
end;
39A: A2 AR:E 2 A4 MAXEE PNLd| AFgl).

(c) search T(E3%3) Module
Toput: ESACF £3 19 € T(E828)
Output: 34| ARMARE

1"471] v(ARMA(1,%)),
o). If v(ARMA(p
pk
search T(ARMA(p,*));
prune T(ARMA(k,*)) where pk=1...,5 and p#£k;

V(ARMAS(5,%)3k8 A4t
) > v(ARMA(k,*)) where pk=1...,5 and

36 A7 ARMA=ES PNLo|) ARSJahc.

AHatget shtef 29 AFE A olfre AAE &
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T(ROOT)

AR(I’) MA(J) ARMA(1,1) ARMA
AR(2) MA(2) ARMA(1,2)  ARMA
AR(3) MA(3) ARMA(1,3)  ARMA
AR(4) MA(4) ARMA(1,4) ARMA
AR(5) MA(5) ARMA(1,5) ARMA

1) ARMA(3,1) ARMA(4,1) ARMA(5,1)
2) ARMA(3,2) ARMA(4,2) ARMA(5,2)
3) ARMA(3,3) ARMA(4,3)  ARMA(5,3)
4) ARMA(3,4) ARMA(4,4) ARMA(5,4)
5) ARMA(3,5) ARMA(4,5) ARMA(5,5)

Zyztel a9y Ao dhte] AT A Yol @“Elzi 3}
A EAE sdsy] A% "J%ﬂ A 12E 3 AF T

zold FEdte]ge Y ol 2FHUG & =&
Ay BE A3A7A%e] A8 A8 10 X 10 ESACF &
A HY FFE ol &stEE F 100 A9 %’Ja k=73
{83 A7) A EY Y k= £ T T
AlAw}o] 1‘51}145‘;_] DTC 49 w9 39 x& £z
gtk &Y A k= e ITAETY A7t &
B3] ez %}t g 98 k=9 £o A SE 1
3 AFAZEFY 5 HAA bipolar sigmoid &

(B 3) 3MHY 7=

o107 [ NNDTCAS| sfeiee feletee 4letee $gRize 3]
PMNET T(ROOT) 100 100 2
PURENET T R8) 100 100 2
MIXEDNET T(EYRd) 100 100 5
ARNET T(ARZ %) 100 100 5
MANET T(MAZ ) 100 100 5
MIXINET T(ARMA(1,*)) 100 100 5
MD(2NET T(ARMA(2,*)) 100 100 5
MIX3NET T(ARMA(3,%) 100 100 5
MIX4NET T(ARMA(4,%)) 100 100 5
MIXSNET T(ARMA(5,%)) 100 100 5
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ABANALE S5A1717] A3 22 AFAZ T of
& vl 79 dFulolH, & dFdolE, 10% %}-u—ﬂlc'l
B}, 20% F5ulofE, 302 FulolHE o &3t A
HolHe (& 1-D3F Zo] Fgo] sz AolA ¥
ESACF E4 f8& ,}uh‘s}ﬂ 10%, 20%, 30% -2t o]
£ A8 olE19 100 7 o] A4 Fol A 10%, 20%, 30% o]
BH%H% 10, 20, 30 7} ¢ rx}a T2 Hddsto ol
S ol HBAIHOL 17, 1S 00F) ESACF EA He g
oujglty. ¢ Jhee and Lee(1994)9] AFoAe} o
ESACF §4 sj|le] A48 F271 Al A=A &
T& 7] 93 A4 kY] Z2ATE ARMAQg) 3
o] A% 12-p—q & 9A ¥:E Y

o9} Zo| FHIHE IFuolHE o]&std A ¥
A7 diF) vl 57 ggulolE Set & FH3ATh
A5 olH Set, 10% F2-3FH|olH Set, 20% Fa
St lolE Set, 30% FH&8HrrlolH Set. U3 olH
Set & 9% ESACF 54 ddwoz 14393 10% &
S8 ElolE Set & F¥EGHolE Set o Zt7he] A
ESACF 54 i€l sl 3 7|29 10% FSH 87} o
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&3 Zojct. 20%, 30% FEFlolE Set o F¢T 10%
Faegdold Set o A9} vprtAR, 10%, 20% 3
S8 HlolE Set off Zhzhe) €8 ESACF 54 sjeo) o
3 3 AN 20%, 30% FLUlolE S Tt TASA.

gy (R 1-4)0) Yehd upe} o] Z4zbo] Q-3
7o] NNDTC oA Fddhe qEo] tang 7zt
olZA Ao F5ulolE Set o TEE % HEly 5
7h d2oke Ao F94& 71 &odof & Ho|tk. PMNET &
del9] ESACF &4 H& ¢4283 sgngoeg 7
Bl dEg sy3tnz dddolg Set & 35 A9
ARMA 23 ZYZbo ofaj 1 789} 93 ESACF 54 ¥
©2(% 35 /19 ESACF E4 #8) FAHYT 10% F&
tol8 Set o ALolE 35 /1o 98 ESACF &4 7€
of o] Y% ESACF 54 H€ 7ol disf 3 /44
10% Z=tole7h tai A F 140 7§o] ESACF §4 #j"
o2 FAs]o] gtk PURENET & $4:53% AR 28
7 MA 2308 BE{Fsty] Wi PMNET 9o d¥d¢]
B Set & 10 7}Y $4580) HPHE ESACE B4 3
10 AZ FAS Aok

€ =FoAe MY U344} NNDTC o g ©
2EE F3E o Aot N AFAE T HAEE 9
A 10%, 20%, 30% 9 F& T W3} 72 10 A
9] Bl2EH oH Set & 21|31tk PMNET 9] 10%, 20%,
30% AE 29 HAEYE Set & 35 7§ ARMA &
3 zZtzto] sl 10%, 20%, 30% & $%& 7 ESACF
EAN HEog FAST. PURENET 9 AS$E 10%,
20%, 30% &S 459 "HAEHOH Set & &
Zbol a2 A & 20 7)) ESACF 54 sjgog 7
A9 3 MIXEDNET ¢ HAEH o Set & EF2H
of tisl 1 A® F 25 7|9 ESACF &4 selog 74
HAT W2 QFAEG H2EHOE Set & T
AFAAL 5 o] H ARMA 28 Z4zbo) ois)
4 W4 F 20 7§} ESACF E4 #Heoz FAHU
NNDTC 9] H7}= 999 ESACF 54 #iglol disj A
AY B3t A o]FAAE A #11s7] g E
2EZHN 10 9] 1FAAT ] BF gl £R/E 3
AE 7] A3 2FAHA g2Eotth o]F YA 10%,
20%, 30% 9 & FF s 424 10 ¥ gH2EL
olg} Set & FHIEAT Z47te] HAEHOJE Set & 35
7He) ARMA 2o i3] d7 &g & 2He ESACF

E4 #9144 £ 35 7)¢] ESACF B4 gelog
R =

(B 4) 2 13N U DYol A3 &g e

o

BB OIF | aimoled 10% K2ejolEfj20% B2E0lE(30% Heoled
Set Set Set Set
PMNET 35 140 245 350
PURENET 10 40 70 100
MIXEDNET 25 100 175 250
ARNET 5 20 35 50
MANET 5 20 35 50
MIXINET 5 20 35 50
MIX2NET 5 20 35 50
MIX3NET 5 20 35 50
MIX4NET 5 20 35 50
MIXSNET 5 20 35 50

43 B35 U Y CIBAAY HAE

AFNZERY sgs s E5&(Learning  rate)n}
Momentum & 2tz 025 ¢ 09 & A3l3 MSE(mean
squared error)7} 0.005 WRH¢] A9 8Ho] ABEHTE 3
4t B =89 d¥d M Lee and Oh(1995) A &
3 ubE 8h; A 2Hlterative training strategy)S ©]-&3}%
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