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Abstract

The local linear model, being widely studied and used to predict chaotic time series, has a history of
over thirty years. Because of its simple structure, it is easy to implement. However, the local linear
method cannot effectively fit nonlinear characteristics of chaotic time series. According to the local
and nonlinear characteristics of chaotic time series, a local polynomial coefficient autoregressive
prediction model is proposed, namely, local nonlinear prediction model, based on local linear model.
Compared to the local linear model, local nonlinear prediction model can approximate many effec-
tively nonlinear properties of chaotic time series. The simulation results of three typical chaotic time
series (Logistic mapping, Henon mapping and Lorenz system) show that prediction performance and
stability of local nonlinear multi-step model are better than the local linear model. Moreover, the
presented model has higher prediction accuracy, even under the circumstances of less sample data.
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Figure 1. The process of LPP modeling and algorithm

[ 1. LPP BIREERIZ



VRN 8] 5 510 ) ) 3 2 T 2 5 A Tl

FEUAX(t) Ay (t) 40 52 4 B S B0 F EL S R, IR = R A o 1 58 X RIE R T

n

a1 (0 y(0), or HOON L Seb0-n)
3 x(t) VELGO -3 ZL -5
o, n RORI A P TE NE0,  X R Y 20 3R 7R SR R TR (1) P38 .
3.1. Logistic BREF
Logistic Bif ik X~
X = 1% (1-%), (13)
A, Wu=4, OB RGEARMEE. BYIIG1E x =0.1, BE#E%E4K 10000 25, LBRATHE 1000 HdE

JE BRIV R A AT 07 BUSE S8, SEaegt R 1.

M1 ATLLE Y, LPP2 BERYAE S A R T Logistic YR 18] 55471, A [RIA% A< & T 00 280 5 — A
TRIREANER A DL & LPPL A2 4, JUHZAEREAE Y 500, 2000, 4000 LA K 8000 Kff¥) MAE Fil perr [
BT BIR. XFEAE Y 4000 T Z5E R —5 00, 15 2 ZFEA Ry 4000 AN [R5 8 LSk
L FITFEIEL i) PR LA % EL AR v i 22 e (t) = x(t) — y (t) BB, 1] 3 e &%k CC B T $d i
TR 1 B

M 2 FTEAE Y, LPP2 MR g fig A5 LA T Logistic VR 1A]FE 51, FRIIAS BE o 1 4 AR A f T
WES BIERB AR ZE . ME 3 TTUE 1, SRR TINE 5 H S B AR O R 4R LPP2 HEAYAH LUK
RZ, HBEE B E I T U8, 2 P Ge b & T EOR g kiR 22 . R 2 ST
E 0.99 BIE & BTN Logistic YR [A]F7 51 (1A MK B . % 2 iTBAE i, LPP2 #5814 R4 T
WA FE R
3.2. Henon M5+

Henon B Ria Xt~
a2
{Xm =1-ax +Y;, (14)
Yio1 =bX;,
X, Wa=14, b=03, I RZRGEAEMEHE. TWIHEE X =0, x,=0.1, E#E%EA 10,000 2, %

BRI 1000 /N J5 10 AN [ I GRFE A BT 07 LS00, SRR 45 3 0L 42 3.

3 LR —EU, RERATE 2 EH I LPP2 5 GEGE A 2K TN Henon YRS 8] /751,
TR R — B T 2R MR DL LPPL AL IX R LPP2 MR RERS IR UF X4t T Henon Lt (148 fh ka4
FERE A ARA AT T o

[FIRE, XEFEAE: >y 4000 B f¥) Henon VRS 18] 73 41 (1 T30 M BE S0k — 2D 0. S5 R ILIE 4 51 5.,

M 4 FTLLE Y, LPP2 RERY AL A AT Henon JEIEI 18] 5551, TR B . 10 £ PR R Aty it
H5ALEABAMmZE. MIE 5 Al AE Y, SRR 5 E S R o< R %L CC [A LPP2 A5 7Y AH LA
RZ, HBEAE TSI T FE, SO T RE L LPP2 BB EI 2 . ¢ 4 45
T FASALTI Henon YR 8] 57 81 (AT RO B o A2 4 Wl 0, LPP2 AR FLA S5 4 (¥ T0 80K

3.3. Lorenz &%t
Lorenz ARG FER T



TR IR ) 7 1) £ J ek 2 T 2R 5 A A it

Table 1. The comparative results of different samples of Logistic time series
= 1. Logistic BREHE ERT 8] 5 A E S SIS AR M TR E

YIGRFEA 500 1000 2000 4000 8000
ToAE 4 30 30 30 30 30
TLLP 0.3093 -- -- -- 0.2971
NLLP1 - 0.2354 0.1877 0.1637 0.1634
MAE NLLP2 0.3475 -- -- - --
LPP1 0.0979 0.2346 - - --
LPP2 2e-5 0.0845 3e-06 9e-07 4e—05
TLLP 0.3736 -- -- - 0.4707
NLLP1 - 0.3404 0.2961 0.2102 0.2628
perr NLLP2 0.4848 -- -- - -
LPP1 0.0879 0.3755 -- -- --
LPP2 1e-08 9e—02 3e-10 le-11 5e—08
Ee S “-7 BRBIERT 10,
Table 2. The effective length of forecasting in different training samples of Logistic time series
5z 2. Logistic J&ERTE 5 EHE NS AR B YTNHE
YIZREEA 500 1000 2000 4000 8000
TLLP 2 6 2 1 4
NLLP1 4 14 16 18 23
NLLP2 5 13 7 19 7
LPP1 18 13 13 12 15
LPP2 41 25 42 44 37
Table 3. The comparative prediction error of different samples of Henon time series
2 3. Henon BREDR B8] 51 A BB AR MTUIIR 2
UEREFS 500 1000 2000 4000 8000
TR A 30 30 30 30 30
TLLP - - - - -
NLLP1 0.5578 0.6514 0.3148 0.1759 0.2926
MAE NLLP2 0.4007 -- -- -- 0.0569
LPP1 - - - - 0.2449
LPP2 2e—06 1le-06 3e—04 7e-04 1e-03
TLLP - - - - -
NLLP1 1.2186 1.3799 0.5533 0.2741 0.5916
perr NLLP2 0.8866 -- -- -- 0.0469
LPP1 -- -- -- -- 0.3204
LPP2 6e—-11 2e-11 8e—07 le-05 2e-05

il ‘-7 FZREUERT 100
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Figure 2. Results of Logistic time series multi-step prediction
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y=(r-z)x-vy, (15)
2=xy-bz
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Table 4. The effective length of forecasting in different training samples of Henon time series
72 4. Henon SR JERTE) 55 E 8 2 U A AR BTN K E

WZRAEA 500 1000 2000 4000 8000
TLLP 7 4 5 10 13
NLLP1 9 11 22 23 21
NLLP2 10 8 14 14 30
LPP1 23 8 7 9 20
LPP2 49 50 43 40 50

Table 5. The comparative prediction error of different samples of Lorenz time series
5z 5. Lorenz 2GR R 8 F 5 A E S SIS AN TUNRE

YIZRFEAR 500 1000 2000 4000 8000
TREA 30 30 30 30 30

TLLP 0.0239 0.4170 0.2101 0.0030 0.0114
NLLP1 0.1588 0.9425 0.4376 0.0098 0.0027
MAE NLLP2 0.0784 0.4899 0.4502 0.0089 0.0081
LPP1 0.3000 1.6157 0.0199 0.0008 0.0004
LPP2 0.0217 0.4780 0.0277 0.0059 0.0028

TLLP 2.2e-05 0.0218 5e-04 5e-05 3e-06

NLLP1 2e-03 0.1698 2e-03 3e-04 2e-07

perr NLLP2 2e—04 0.0609 2e—03 5e—04 2e—06
LPP1 1e-02 2.8228 5e-06 1le-06 5e-09

LPP2 1.7e-05 0.0439 8e-06 le-04 2e-07
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Figure 7. Results of Lorenz time series multi-step prediction
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Figure 8. Trends in the correlation coefficient of different models of Lorenz time
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8. Lorenz RGUREFFIEAREHER T X RH T (L EEs

Table 6. The effective length of forecasting in different training samples of Lorenz time series
= 6. Lorenz JRJERT B FF 5 R E 8 2 WG RN BTN E

WERFEA 500 1000 2000 4000 8000
TLLP 59 42 127 58 83
NLLP1 29 15 125 300 179
NLLP2 35 22 99 99 196
LPP1 25 26 99 85 65
LPP2 291 46 216 300 300
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Table 7. Means and standard of the effective length of forecasting in three typical chaotic time series
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EX Logistic Henon Lorenz
TLLP 3+x1.79 7.8+331 73.8 £29.65
NLLP1 15+6.26 17.2 £5.95 129.6 + 104.64
NLLP2 10.2£5.15 15.2+7.76 90.2 +61.72
LPP1 142+214 134+6.71 60 +30.17
LPP2 37.8+6.79 46.4+4.13 230.6 £ 97.54
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