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Abstract

Aiming at the classification of chaotic time series, we proposed a new method for classification of
chaotic time series based on siamese neural network (SNN-SVM), by imploying the chaotic features
generated from siamese network, used Support Vector Machines to identify and classify, and make
accurate judgments on whether the time series is chaotic. The results show that our proposed model
had high generalization ability, can accurately learn the characteristics of a chaotic system, and ge-
neralize to the chaotic feature recognition of multiple systems, without selecting a specific chaotic
system. The accurated classification of chaotic and non-chaotic time series can be achieved.
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Table 1. Layer parameters of neural network

1. HEMEENNERHSY

Z2y N MAEE RF Pt
Conv3 *3 64 * 64 * 64 3%3 1
Pool 0 64 *23 *23 2%2 2
Conv_1 128 *20 * 20 4%*4 1
Pool 1 128 * 10 * 10 2%2 2
Conv_2 64 *8 *8 3*3 1
Pool 2 64*4*4 2%2 2
Conv_3 96 *3 *3 2%*2 1
Full 0 2000
Full 1 128

B, CBRHERRIRHE XY, SNBSS SRR R R T SVM oy R R, 15 313 2R ah
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W28 P 22 I S5 R AE AR OURE B B B FROARAE X, Y, S N B SRRl LA B o, JRAN 46 s A 2R 31
GREHAR, NEHAEE: D, = {(X].label),(Y label )} » Frft label NI AFF X MIFEAMBRZES label =121
TR 751, label = 0 NARIRVERS (0] F 51 WZREHEEE D, (mxv), NZHEILE L, (mx1), MAEHEE
D, (nxv), WHENEL (nx1), mn,v 3 RHAVIGEFEARNE, MR EREARAN L SR 44

A AL KR A

F(X)=wX"+c 4)
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HAWRFA T
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T D, (mxv) o RTREA AN B0 2 1A) BB 2 (AR 8] 51 ELAH SGBE 5, R 3 moem ST RFAIE 23 [R) A )11
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3. XWEBRERSH
3.1. BEsEME

1) Logistic map. Logistic map 772 N: x,,, =u(1-x,) [13], Hhx, =05, u [0, 413 X8, u
L 2 1% R G R IR AL R BOR I R . YR o FEUE, 774 1000 250 (8] 750 8, — iR i
ETD52 71 P SN E | AL A DS 2718

2) Sine map. Sine map N —4EMES[14], HBUNTTREAN: x,,, = psin(Bx, —0), Hh u RBIHZE, B
o RWSHIEESH, W A=1, 0=0, 4 uMEZEINN, RGHEEESSRAEZBHUTFEIRES L
JE R B E s e ), AEFSE= AR R WA R, B R p TR, STX AEUE .

3) Henon map. 1964 % E K 3L 558 Henon MW FEERCIR 2 H UL IR 24 W 51 71 Ba &, R IR
%11/ Henon ML 15]:

X, =l+bxy, —axx
{ym—l =X,

IR —ANEBEEN 2K, AR EHRG, 428 a=14,b=030, REAERENE,
b=03ZSH o MPUETER, a /[0, 2]Z A HUH.-

4) Lorenz R 4t. Lorenz R 4t[16 ]2 i B R IMAI S HIRIRIM RS, B AN =AY 00 J7 FR 24 Ak

x'=o(y—x)
V=x(p-z)-y
Z'=xy-pz

ZH o p. pAAEDME L HIFE R R JLATE T A FIE 16]. b, 20 =10,p=28,4=8/3,
RGHNRMRE, £ 8 o =10,4=8/3 1, WE p EAFXEBETMUE, RIS EBOEI AR,
Lorenz R RIL IR . I, LEMix(r),y(r),2(¢), BEATHERAE.
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AR P4 . SRR IR 68 N TR VEI [R] P81 73 26, 8 2000 ZEH I 8] 7 41 32 B
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BB 1. B A TRMRHE R R ST, A2 BRI 7] 41 5 AR IR I TR 2 41, I 8] 7 1 RE D 2000 4,

A FHRE T 1000 &I EFH), FIARHEEA: D={x.x,.x, .x, | B FHA
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I 18] P 37 RIS 18] 3 81 5 AR TR I 18] 5 81045 1 50%) FIB VR AR, 70 il 45 HH 2 SR HER

3.3. SEWERIHT

FZEA 3 2 2% )1 25 Logistic map B4, SRBUBVERFEIEH SVM 4328, ndk 2 iR, EZEEmE
WX 25 R AIE HE B Logistic map &, FR#H SVM 47 43-25 1] Sine map HIR BIAERH 2 0] LLIAE] 98.6, B UL UE A,
AR AR I 2% Be A 0 ) — YRR R G PIRTEARRAE,  FE T DA AR AR R . AERRIE SR G A
SRR T, FER A 48 I 25 Logistic map A1 Henon £ 4E, $RBURMAFEIH SVM 402, W
DA B Bz AR . e 3 P, AR B IR U 02 A RE 7). 4852 Sine map P& Henon map
PRI RS, Hph—/NA—4ERM ARG, — DN 4R RS, ELTRMEEHMEIRN Y J5, Z2AEME
W28 BEA A > — 4. HERVE RGP FRIESSAE, FFTAZ A B = HRVE RSt o R PRARE g W 4%
$ZHX Sine map VA K Lorenz R4EH] x 73 BAFE, Hh— AN —4ERIE RS, — M N=4ERIE RS — 00
&, ERFESEI L [T SVM 7328, R 4 AT RN2R AR ph 22 I 28 e A A5 SIIRTEA-AE , IF ] Az A6 31 =4

R RS L.
Table 2. Classification result
2 HRER
Logistic map Sine map
R AIER 2 99.8 98.6
Table 3. Classification result
3. DELER
Logistic Sine Henon Lorenz Lorenz Lorenz
map map map X E yOE 1 E
R AIER 2 98.9 99.8 99.8 94.8 97.6 77.9
Table 4. Classification result
F 4. PRER
Logistic Sine Henon Lorenz Lorenz Lorenz
map map map X E yOE 1 E
AR 2 98.9 99.8 87 99.8 88.7 87.1

HISEIR S R AT R, AERARSEAR R OUR, 2R 4 n] DR 2% SRS AL, BT B i
WRE ST FRATTEE LA 2R A Ao 8 0 2% 1) S [ B ALTR T I [8] 2 810 7 SRR, AT DUJE R s B — PR VR
RGE, T EEN I [R]85 5 R AT 20 2K
4. BL

KRIAEE TN R G S AR S S I B AR, BT 1 30 0 R SR TEAR I 22 AR A 22 N 2% R 3 %
SESL T BT AR I 2 I 2 ) SR ) B LIRS 18] 7 510 0 SR, R SNIN ] T I [ e B AR 3R B,
Ao P SR T AL AR EAT IR 70 26
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