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WE., YT oG EiHFAXNE, EX 7 LA I &4 75 £ 84 (orthogonal generalized autore-
gressive conditional heteroskedasticity, O-GARCH) T# FH ML R L5 EFEARAF, AT
MBIy TN L ARRALEHEFH ZHEA (GARCH model based on independent component a-
nalysis, ICA-GARCH) #¢ A 2k i & 3 15 3,12 ICA-GARCH A8 b o946 THHE: H A B H R
P BB E LR FR G, A AR E ALK T A TETFTHEILF %4 ICA-GARCH
A (ICA-GARCH model based on particle swarm optimization, PSO-ICA-GARCH) , 5+ % 2 A
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PSO-ICA-GARCH model for volatility analysis of stock market
ZHOU Xiaoling, WANG Xiaoxia
(Faculty of Sciences, Xi’an University of Technology, Xi’an 710054, China)

Abstract: The principal components being conditional correlated, the orthogonal generalized au-
toregressive conditional heteroskedasticity model (O-GARCH) may lead to inconsistent predic-
tions in the actual situation. GARCH based on independent component analysis (ICA-GARCH)
can effectively solve that problem. However, the gradient descent algorithms for traditional ICA-
GARCH models often get into a local extreme rather than the best one. In addition, their conver-
gence accuracy could be improved. This paper proposed a GARCH model based on the particle
swarm optimization and independent component analysis (PSO-ICA-GARCH) to overcome those
flaws. This new model is applied to predict the return volatility of securities market and to im-
prove the forecasting effect of return rate eventually. The empirical studies of the return volatility
of Alibaba concept stocks show that the PSO-ICA-GARCH mode is of higher separation accuracy
and more accurate model prediction effect than O-GARCH and ICA-GARCH models.
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EATE R B — o g R R, H O-GARCH
IR Hp SR FH A IR 32 8 43 22 100 19 4% 1 B Oy 25 B
ST 7 SR AN ST S PR 32 B 22 1R B TG 2%
TEARHE R IF A IR & &1 A HH 56, 2005 4F Wu
£l 57 40 B 43 #r (independent component anal-
ysis, ICA) 51 A 2 JC UK 2l 38 HEAL L X 241 24 A s 19 %
SR AT SUE A BT I 8 5% 25 F 5 ICA 647 4%
i R J5 X A5 20 (4 2l 37 43 43 0 7 GARCH
R, 2 R I R 2 RS A 25 SR I 3l i Ak
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7 2 A T S 30 R XL R BRI T S, FL X R
PR FE TN 43 5 ) 08 5 GARCH AR, i 153
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BRI ZE & T 1ICA M1 £ 56 GARCH (MGARCH) £
A, GICA-GARCH # A fifi H . 48 §i ARMA-
GARCH # 8Kl 57 43 Ak v 5 K5 40 9. JF
L3 i o 1l LR 2T 3 0 4 5 N PE A AR G-
CA-GARCH H CUC-GARCH 1 O-GARCH ## #!
HHEGRA— L B R B EE . 2018 x| A
8T AT ICA W20l sh AR 51T T ICA 7 1E
I3 T 5 WM 4 28 ) 91 I8 20y 23 A e o7 T A9 AT A 1k A
BRI LA 5 AT RCR e #2018 4F Lin' ™ A
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Fig. 1 Experimental results of FastICA and PSO-ICA
# 1 TFastICA Ml PSO-ICA 559 iy {5 H HIE 1A LB H, 5 FastICA A PSO-ICA B
Tab.1 SNR of FastICA and PSO-ICA algorithms B 4 B ARt AR 7 I IS B dh A SR W
o Fixd B, R R B R R A B A BN S
FastlCA PSOTICA LA (25 2 WU B0 ] 9 EL 5 6 £ B 5 500 £
s 13.757 9 13. 447 9 . . . . i
1 o 156 12 036 o SAH 32 TCA BE I B A 1 5 B4R 5 1 HES ik
So . . N / . 2% s ./,
_ 7 AT B0 S5 AR AL AN B e PES T A . I A5
53 14.781 6 14,607 9
o e A
51 5.581 4 6.678 9 LZEEREF IR
R —IREHET 0BT 5 RGE S WE
#2 FIRES 50 BT AR R ME L S HRR R B R, R 1 T LLE

Tab. 2 Correlation coefficient of original

signal and separated signal
RS 51 5 55 5,
ys  0.9887 0.0285 0.0111 0.0128
FastICA v 0 0.977 6 0.0226 0.011 4
NEEY 0 0.0017 0.9970 0.0126
y»  0.0379 0.0393 0.0318 0.9379
y:  0.9869 0.1040 0.0556 0.0116
PSO-ICA y 0.1046 0.9932 0.0669 0.002 3
SEES oy 0.0631 0.0209 0.9962 0.0021
v, 0.0318 0.0016 0.0034 0.949 6
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Tab. 3 Statistical properties of logarithmic return series
JBE 5 44 FR
EiE 3
TIRESGH IR K AL [ 53 A% 1t (PN

Wik R H —0.082 556 0.005 453 —0.025 768 —0.166 785 —0.004 540

WA i s o 22 3. 441 440 2.199 613 3.261 495 2.778 630 3.364 276

g RS> PN:] 9.537 658 8. 157 999 9.527 339 9.494 428 9.568 269

W 5 %t/ ME —10.551 190 —9.612 518 —10. 548 343 —12.553 187 —10.599 024

W 5 0 —0.202 838 0.189 259 0.036 368 0.170 463 —0.035 309

4 0 1.617 462 1.738 905 1.212 176 1.655 217 1.251 887
J-BRIE: PAH  1.000 0e-03C" ") 1.000 0e-03C" " ") 1.000 0e-03(* ") 1.000 0e-03C* ") 1.000 0e-03(" " ")
ADF #58 Pf  1.000 0e-03C***)  1.000 0e-03(***)  1.000 0e-03(***)  1.000 0e-03C***) 1.000 0e-03(***)

3.3 BHEXMERE

I AH G 3R 2 Bl ATL B 3 20 i) 2% > 22 8] 47 78 36 AR
KRR, HAH M2 Bl A B 2 Bl 1 A A i
28 A AN BN BT e 1 e AR A . %o i O S
S BN B A R S0 HEAT HOAE OGRS 5, 45 SR B 4%
B S H U RS )T B 5 B S B e R i T A
FHEME

e U B2 < AR R TS B H AR OCHE
AR BER L BRI [ AH G .
3.4 ARCH R #18

8 a, = r — AT LOE AR B8R 257 7 )P 8
a; P T RE OGP R 50 R B0 E 45 B S R SR Y S O 224
B ARCH R0 . 4 I 25 28 5% 22 7 07 Jy 510 1 B AH
KGRI 2,

Autocorrelation  Partial Correlation AC PAC Q-Stat Prob Autocorrelation Partial Correlation AC  PAC Q-Stat Prob
A 1 0208 0208 21.162 0.000 " " 1 0.007 0.007 0.0211 0.884
A 2 0171 0133 35454 0.000 g il 2 0.083 0.083 34188 0.181
= 3 0248 0202 65694 0.000 i i 3 -0.029 -0.030 3.8368 0.280
A 4 0.162 0073 78.627 0.000 i i 4 0.007 0.001 38611 0425
] 5 0.113 0.023 84.932 0.000 n il 5 0.077 0.083 67903 0237
p 6 0.066 -0.030 87.074 0.000 " " 6 0.060 0.057 8.5417 0.201
il 7 0.004 -0.070 87.083 0.000 i i 7 -0.027 -0.042 89143 0.259
il 8 0.048 0016 88211 0.000 " ail 8 0.050 0.047 10170 0.253
g 9 0110 0.101 94.185 0.000 g i 9 -0.034 -0.025 10.736 0.294
1] 10 0.114 0.104 100.71 0.000 g g 10 0.108 0.093 16.541 0.085
i 11 -0.016 -0.075 100.84 0.000 i i 11 -0.049 -0.053 17.732 0.088
i 12 -0.010 -0.069 100.88 0.000 i oL 12 0.042 0.028 18.611 0.098

(a) HRELH (b) HFRE K

Autocorrelation Partial Correlation AC PAC (Q-Stat Prob Autocorrelation Partial Correlation AC PAC Q-Stat Prob
= =3 1 0293 0.293 42.097 0.000 L L 1 0031 0.031 04617 0497
a 1] 2 0163 0.084 55123 0.000 Hi i 2 0.001 0.000 04626 0.793
3 a 3 0205 0.151 75.828 0.000 m i 3 0.019 0019 0.6490 0.885
il q 4 0.039 -0.073 76.591 0.000 " " 4 0.055 0.054 21187 0714
" i 5 0.027 0.000 76.944 0.000 il a 5 0.043 0040 3.0379 0694
i\ i 6 -0.012 -0.050 77.012 0.000 il al 6 0014 0.011 31332 0792
q i 7 -0.069 -0.054 79.391 0.000 il il 7 0020 0017 3.3251 0.853
ul il 8 0.009 0050 79.434 0.000 g g 8 0.091 0086 7.4463 0.489
i i 9 -0.004 0.005 79.442 0.000 " i 9 0.013 0004 75340 0582
1 a 10 0.082 0.114 82799 0.000 Hi e 10 0.002 -0.002 7.5359 0674
p L 11 0.074 0.015 85.559 0.000 i i 11 -0.043 -0.049 B8.4671 0.671
il i1 12 0.053 0.017 86.946 0.000 il i 12 -0.002 -0.011 8.4698 0.747

(c) MLt (d) 7> A At
Autocorrelation Partial Correlation AC PAC Q-Stat Prob
a a 1 0.163 0.163 12962 0.000
a a 2 0164 0.141 26.070 0.000
n i 3 0.070 0.026 28498 0.000
a a 4 0.140 0.109 38.166 0.000
H " 5 0.050 0.003 39.378 0.000
a a 6 0.150 0.114 50555 0.000
i " 7 0.045 -0.006 51.540 0.000
g n 8 0124 0.076 59.161 0.000
il " 9 0.047 0.005 60.281 0.000
n i 10 0.083 0026 63.737 0.000
g n 11 0.099 0074 68.680 0.000
g " 12 0.086 0.017 72.382 0.000
(e) HMETR AR

& 2

2 IO 5 R 5% 22 - 05 51 B9 AT SR A 46 ]

Fig. 2 Autocorrelation test chart of the square series of the return of each stock
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ML 2 AT LA Y IR 5K R G AR A I 1 X 4
W i 5% 22 7 5 R AUAE A5 i S B R S 3HE 0,05 1Y
FEVEIKOE T 45 22 R, B3 5% 22 7 07 P AN
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PRLBE H 0 A JE O ) e M 25 5 5k 22 F O 81 A
AR Y AR AR G X = 3 SR LA AR
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3.5 HESHETSERKE

128 3 AT, JIT 36 BRI a3k = S o] B L 1A R
{18 X 50U 2 3R B30 389 AS IR TE 25 40 A R I 7 X ik

25K F 5 317 O-GARCH., ICA-GARCH #1 PSO-

ICA-GARCH ##E0F, >R ] ¢ 43 A AT LA ST 4f db 220 1
FEAN R EETE . ] PCALICA Fl PSO-ICA 5% =
IR S I S L VA s N =R | DO
= FE AT BT AT #E AT GARCH(L, 1) B 41
BLEERNF A, TS ME 6, Hh K
IRTE R HEAKE 1% 5% 1026 F 3%,
F 4 O-GARCH(1, 1) BRI (& H 3t
Tab.4 Parameter estimation of O-GARCH (1,1) model

%6 PSO-ICA-GARCH(1,1) #5571 iy 2%k fiti i+
Tab. 6 Parameter estimation of

PSO-ICA-GARCH (1,1) model

PSO-ICA-GARCH (1, 1) 8 % 2 %1

c
w a B
IC, 0. 056 04 0- 078 15 0- 870 o7
) (G
. 0.278 96 0.371 90 0.394 88
’ ) ) )
IC,  0.016 32 o.(19?)o9 0(888 29

O-GARCH (1, D #i % %8

PC
w a B

1.072 20 0.075 15 0.876 16

PC,
) (G
2.095 25 0.375 11 0.394 47
(G (G )
0.101 52 0.098 24 0.892 20

PC,
) QU

# 5 ICA-GARCH1, 1)BEEI i1 54k i1
Tab.5 Parameter estimation of ICA-GARCH (1,1) model

ICA-GARCH (1, 1) #i# 2 %

Ic
w a B
0.074 31 0.102 66 0. 829 85
1C,
) SR SRR
0.274 92 0.245 03 0.479 82
Ic, , . ;
S SRR SRR
0.124 86 0.250 10 0.653 88
e )

H #E & O-GARCH. ICA-GARCH #1 PSO-
ICA-GARCH XU £5 3 ¢ 5 #F 47 3 5 43 A1 40 57 A
AU W A B W W, T W

0.6198 —0.5177 —0.5899
W, = |0.5004 0.8397 —0.2111| (10
0.6045 —0.1644 0.7794
—0.1313 0. 7597 0.6369
W, = 0.2338 —0.6006 0.7646
0.9634 0.2493 —0.0988
an
—0.0051 0.0230 0.9997
W, = |—0.0150 0.9996 —0.0231| (12)
0.9999 0.0151 0. 0048

W 2B 45 R A PSO-ICA-GARCH (1, 1)
22 TG Bh R ABHY , J T A5 3 I SR 2% R P Jr 25 A B
H, . 4 T K5 580 A R0  FRATTRT [l U5 A5 7Y 3%
LT TR, ok EmiEe = H, A, MY N
A R ARG A B 25 1 3 A I S (8 T 4R M G
K F K25 LK 7,
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Tab.7 Comparison of test results of O-GARCH
ICA-GARCH and PSO-ICA-GARCH models
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Tab.8  Prediction results of O-GARCH,
ICA-GARCH and PSO-ICA-GARCH models

m p  O-GARCH ICA-GARCH PSO-ICA-GARCH

1 0.280 3 0.225 2 0.218 2
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Fig. 3 Prediction effect of O-GARCH, ICA-GARCH and
PSO-ICA-GARCH models under t distributions
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