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Abstract Following empirical mode decomposition(EMD), chaos analysis and neural network theory, a

method is presented to model and forecast stock market. First, using EMD theory, the stock market time

serial is decomposed into many intrinsic modal functions(IMF) which can significantly represent potential

information of original time serial, and the further analysis of IMF indicates that China stock market exists

a chaos feature. Then, by using chaos theory and neural network, the forecasting models are established

to forecast the IMF respectively. By these means, the model can be improved to learn various objective

function and more precious prediction can be obtained. The experiments show that the presented method

can effectively improve the prediction accuracy.
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�����������������
�
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, ������������� [3]. ����
������
�����������:
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���.
����'02�#�)7B, 87C# ����, 2�##&����.
���9
�8
��. 1998 � Huang 5� 	:�6��7D [9] (Empirical mode decomposition, EMD), EMD ���&
�-E������, ,(&��59/��6�! (Intrinsic mode function, IMF). 0�D,)��1�
F%2&�:��8
G�, ��3�4&������
��5;�$6��<�, 1(%�����
����
!.��, =%2��HI%2/��6�!. 89���� 
72 IMF �>:
;�J
?, =%2 IMF HI (&����.
%2�����8, K;<'0HI(&�
;�5@=. EMD
7D� �7D�L, *�9%AM����(�
;��, �9B
-EI%#�. ���G��
�8&��, EMD �D9��> [10]. ��&�	 EMD 7D��:, *� <;2N.���=>
�
)�?�C, 8?�C���
��, HI ��������
������
���Æ��, ,K<

 ���������
��&@@�
;	5&�. �3A=4(A��!.BC�	��, &�
�
�C2�D�, �	��B+>O?�
���DE#F&�
��. K EMD �D�����
 IMF �
C)$7HI (&�
��
-E��, 	.�34��
 IMF �C��2�BC �	���:�C
E, 79�	��#@9�MDE�#F(&�
��, ,K555A �GCE
>F�:�GP
%A
 [11]. )H4 EMD �D�QB�	���� (DRNN) ���, F�C����:���. I)'� EMD
�D#��!.���<;2 IMF, ,F=2 IMF �C'�QB�	��:���, H:�72�C
�
�='D�(A&�
����, ,K5A��I�. �:I>, 0�D��>
.

2 (X EMD )*+,Y)Z-[.\/01

2.1 EMD 23]4
EMD 7D��8D
!J: JE&�"��%��F���K"L���

�)�?�CD�, 8

��)�?�CÆEK�%2MG, HN
L�!�I�!��55	�R 1 2, ���N
I5=�I 
=A6
� ������6-EFS. Huang 48��)�?�C6F�/��6�!, H IMF. EMD
�D*�4	�C&�
7J IMF %%OG��, PT7� : J(A
&�� s(t),

1) A6 s(t) 
��I5=�I =;

2) �.I5=�I =8Q&DMU=�DH s(t) 
� ��;

3) �.� ��, K7� s(t) 
-E@= m11(t) �� s(t) � m11(t) 
R= h11(t) = s − m11(t);

4) � h11(t) HR(A&� s(t), '	��QT, A h1(k−1) � h1k @�
�R �M%J6=, HD
� h1k �%2 IMF �C,  c1 = h1k, r1(t) = s(t) − c1, s(t) = r1(t);

5) '	��ST, A rn  �%J6=, 5� rn �� %2V+�!�, (A&�
 EMD ���T,
� s(t) 
��I?� : s(t) =

∑N
i=1 ci + r, =%2 IMF �C"�� (&�������
���6

��, 2/�JW&�.
2.2 9^_:;<=`>a?@A]4

��������, ���=2�C
�
"�����L8�
���C�N6
. 	., =2�C

K
��"�.B92��
&@, �����V�C
���� X(t) �%U
, ����
�E)�
��"LX�8%���.4����
)���,8%U���59���O���=���MC
'+
�V. � #@,������ �����P�
ME�D, Packard�$Y���NCNW, ��#%U
��P���QC m UP��, O X(t) = {x(t), x(t − T ), · · · , x(t − (m − 1)T )}, ��, X(t) IX t �R

��
���D6, T �NZ��,m �QCP�ÆP
U!. �.*��S�P� QCP�
�Y, O�
�P��ÆH3��! f(·) 9�N�:
D6 X̂(x + T ) �[TD6 X(t) @�K� X̂(x + T ) = f(X(t)),
�� f(·) ��QR
���!, NZ�� τ �QCU! m *�'���
�DO�.

F�Z��, *��	��:��(. I)'����P�'D��, O����	���D
):7
E, �\��D��	����. [:����������, <�����%2�#8����, *9��
UDF��:�U], K:,:���^!��. J η = 1, 2, · · · , � Rn P��3�PQ�!, K� x̂(t′ +
ηT ) = f ′(X(t′)), ?� ηT ���T! [12], )H�9 ηT = 1, :�VT��. ERNZ�QCU!*9�L
&@CD� G P7D� , A=VT��E5
�������
BC!.@��C=,� 
VT���
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�*� ?IX:
x̂(t + 1) = f(x(t), x(t − T ), · · · , x(t − (M − 1)T )) (1)

?�
 M ��	��BCT�!, {x(i)|x ≤ t + 1} ��C=.

3 (X EMD -FG[.\/HIbJKc

�.��!.
��� [1,13] , )H4 EMD ��D��	������, �S%2U
�	��U�
�D. I)F��!.:� EMD ��, � �.72������
�)�?�C IMFs; ,'�%2�8

�	��F=%2 IMF :���; H:'�Y%2�	��, 4T%Ja�
=%2 IMF 
���
38�BC, F(A��
 %2D):���. 92����Q2Ja (�^ 1 �X), (%Ja�, ��
EMD ��VV�U=VV, InX(t) � Inimfi �U=:!.; (4Ja�, NS ��DJKVV; (QJa
�, EDNNIX�� EMD
QB�	��, M �%2,�L%
�	���D, q �(A!.	 EMD
7D��:� 
 IMF �C
2!.

X t

d 1 Le EMD MNOfPgQRhST
J"6%��!. {x(t)|t = 1, 2, · · · , n}, n �����
D)�!. O��7D
P�%7D� :
1)'� EMD7D��������.�(%T�, 4������ {x(t)|t = 1, 2, · · · , n}'� EMD7

D:���, � �#2�)�?�C {imfi(t)|t = 1, 2, · · · , n; i = 1, 2, · · · , q}.
2) '��P�'D��F�	��'+^!:���. <F��:��U, OS�U=b!, ����

��	 EMD ��:, �:C�	��@T, 9��U7DF(A���=2�)�?�C:�UW. 	.
*� �� X ′(t′) = {x′(t′)|t′ = 1, 2, · · · , n′} � {imf ′

i(t
′)|t′ = 1, 2, · · · , n′; i = 1, 2, · · · , q}, .� (1) ?�V

?IXH�: x̂(t′ + (λ + 1)p) = f(x′(t′), x′(t′ − T ), · · · , x′(t′ − (M − 1)T )).
��	���, ����NZ, � S(m, N, r, T )[14] ��cDH�KC�A6ER��NZ T ′, � S �

T ��^�(%2I =F�ERNZ T ′; QCU!
GX9� ln(Cm(r)) � ln r 
��O� [15]. �G9
�P�'D�
ERNZ T ′ ��	���
 T :, ��
BC%T�! M = m. 	., �	����*I
X� [16]: S(t′ + (λ + 1)) = Ω(U [2→2]s(t′) + U [1→2]x′(t′) + a[2]), x̂(t′ + λ + 1) = U [2→3]s(t′ + (1 + λ)) + a[3],
�� Ω(·) �%2 N U
MCU�, ����L%�	V
WX�!, Z[L%�	V
D6U�*� ?
IX:

S(t′(1 + λ)) = �s[2]
1 (t′ + (λ + 1)), s[2]

2 (t′ + (λ + 1)), · · · , s[2]
N2(t′ + (λ + 1))�,

���	��
�G7DG�YMde7D [17−18] ��%.
3) F��
�C���:, � ���3 x̂k(t + 1), k = 1, 2, · · · , q + 1. H:'�%2V%
Y7\, F

{x̂k(t + 1)} :������(A����
 %2D)� x̂(t + 1), H x̂(t + 1) =
∑q+1

k=1 ω3
j x̂k(t +1). 0

%��,�L%, BC%!]��(4T�
	%�	��
2!, H imf 
2! q; �B�VV�
,
F�^=MC ω3

j (j = 1, 2, · · · , q) 
K7, � K7E �!�, N
CE*�'�H_ [19] ��Z7D�
��.
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4 ij0UkÆV

)HG9
�:!.� :

1) 1997-01-02 5 2002-03-29 
�ZW��! (000001) �`Z�8�! (9901) _a`=
F!a[F
!. (F!a[F, H rt = ln pt/p(t−1), �� pt �( t b
a`�);

2) LZG9�Z A ��%��� (SH600005 � SH600051) , 2000-4-3 5 2005-7-22
_a`�;

3) LZG9`Z A ��%\�� (SZ000043 � SZ000045) , 1999-8-3 5 2004-10-25 
_a`�. �
G9!.
D)!C"� 12592, �P� Data1, · · ·, Data6, '� EMD�	��7DF��:����
��. 	�F�������#X����, ��#=2����
T 1200 2!.8�CEU, :� 59 2
!.8�[f=�\:��
��>3, a�EU
!.8%T��, Y�g%@��cR (RMSE) ]C�
��3.

0.1

0.1

0.05

0.05

0.02

0.01

0.01

5

2

2

, imf1, imf2, imf3, imf4; imf5, imf6, imf7, imf8

d 2 lmnYopMZpRq[ EMD \]S^
F Data1 	 EMD ��:, 1( 8 2�)�?�C (�^ 2 �X). �.(A!.� 8 2��:!.J

K�	��
db�D, 8+B+K7(A!. Data1 � imfi, i = 1, 2, · · · , 8 
ERNZ���QCU!.
���C!.��#
8�!., *�.K7B+F�:���!C
U=G�, K7� S − t ��, � (
A!.� 8 2�?�C
ERNZ�P�: 6, 6, 4, 7, 9, 8, 8, 5, 3; 4NZ��HC G P 7D, 	K7*� 
(A!. Data1 ��?�C imfi, i = 1, 2, · · · , 8 
 ln C ln r ��^, �.� QCU!��cU!
F�
�� (�I 1 �X), 	.7��
QCU!�: 10, 10, 8, 12, 14, 15, 7, 3, 3. �)H
 EMD �	���B
CT�2!���NZ�P����
QCU!�ERNZ. L%T�!
A6Y�ehD, �P� 9 2
��
�D�: 10-12-1, 10-12-1, 8-6-1, 12-12-1, 14-12-1, 15-8-1, 7-9-1, 3-3-1, 3-3-1. F Data2, · · ·, Data6 $
]�D�D:���, ���3�^ 3 �X. ,^ 3(a) �^ 3(b) �*���, �F�ZW��`Z��

F!_a[F���, ,( 1 2� ( 59 2�, ��
>3"?�, I�?A. KS\��
_a`�
�
�� (^ 3(c) − ^ 3(f)), T%E8� (T 15 2�_^) ��
I�?�, LB���2!
_^, cR`$
__^, �P�E:%a (( 50 2��:), ��=��`=@�
cR#	05.

�%8�de*#��Z�!�`��!
���, 8%��!"��5C�����D), $^^
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�@DK7��
^^���!, V2��
��F�`���? , N��M��KaF�
af�;
�. �ZW�!�?B
����������, ���
bF�ic,F!Y6�i [2,20−21] ; `Z�
�
_a[�!*�dB��:��(, ����>:
gU, K/N
����"�>:
jb
>� [2,22]. ��f��� EMD �6�	�����F!a[F�, ���������"#9�L?�

>3. KV2��
���a		�
��, 0	
, ��?g
����, ����)H�D��
�, �#�T�%E8�9�?�
>3; K/�7D��:�VT��, =��%2�:, ,#�^CCE
U, ��� %2�. ��[cR�%:, LB���!
_^, �$_eh�5, C#�:��!
���,
cR 5.

(a) lmnoZp�Rq[rbS^ (b) smcoZp�Rq[rbS^

(c) SH600005 �RderbS^ (d) SH600051 �RderbS^

(e) SZ000043 �RderbS^ (f) SZ000045 �RderbS^
d 3 ftZp�Rq[guvhi�RderbS^

� L?)H�D
��>3, F�G�:!., ,�PY�$��	���� (ANN)����� [3] �

 ��	���� [4] F�G�:!.:���. I 2 :X S��D��:
��@�cR, ,I 2 *�
��: �F�ZW��`Z��
_a[F
���, )H�D
��I�+"����D, ��@�cR
E ; �FV2��_a`�
���, )H�D`�%6
#h, ��
@�cR`�E , '#h
>3
,��!���>:.
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j 1 fPgQwkxypzlmypMZ{l|
m = 1 m = 2 m = 3 m = 4 m = 5 m = 6 m = 7 m = 8 m = 9 m = 10

D(original) 0.7434 1.3200 1.7934 1.4625 1.2811 1.9982 2.1703 2.6248 2.5067 2.3449

D(imf1) 0.0013 0.0027 0.0047 0.0055 0.0063 0.0087 0.0120 0.0128 0.0115 0.0158

D(imf2) 0.8347 1.4593 1.6507 1.8036 2.0652 2.1304 2.2105 2.2598 2.2507 2.2378

D(imf3) 0.0521 0.0437 0.0380 0.0326 0.0294 0.0264 0.0263 0.0233 0.0219 0.0188

D(imf4) 0.0305 0.0308 0.0278 0.0265 0.0247 0.0219 0.0203 0.0194 0.0175 0.0177

D(imf5) 0.0160 0.0154 0.0149 0.0140 0.0137 0.0133 0.0130 0.0127 0.0124 0.0161

D(imf6) 0.0320 0.0327 0.0271 0.0214 0.0178 0.0154 0.0136 0.0120 0.0107 0.0105

D(imf7) 0.0217 0.0218 0.0209 0.0204 0.0201 0.0195 0.0190 0.0188 0.0184 0.0171

D(imf8) 0.0255 0.0257 0.0260 0.0250 0.0249 0.0246 0.0242 0.0238 0.0233 0.0221

m = 11 m = 12 m = 13 m = 14 m = 15 m = 16 m = 17 m = 18 m = 19 m = 20

D(original) 2.6887 2.7133 2.7462 2.7366 2.7132 2.6842 2.6588 2.6294 2.5778 2.5644

D(imf1) 0.0144 0.0158 0.0174 0.0188 0.0202 0.0215 0.0231 0.0245 0.0263 0.0275

D(imf2) 2.2076 2.1904 2.1578 2.1289 2.0894 2.0806 2.0132 1.9524 1.9114 1.8536

D(imf3) 0.0176 0.0164 0.0155 0.0147 0.0148 0.0138 0.0122 0.0136 0.0133 0.0135

D(imf4) 0.0163 0.0157 0.0159 0.0160 0.0154 0.0150 0.0146 0.0143 0.0139 0.0134

D(imf5) 0.0160 0.0154 0.0149 0.0144 0.0138 0.0135 0.0132 0.0125 0.0122 0.0119

D(imf6) 0.0115 0.0114 0.0110 0.0108 0.0105 0.0101 0.0115 0.0093 0.0900 0.0088

D(imf7) 0.0163 0.0158 0.0153 0.0149 0.0145 0.0142 0.0139 0.0136 0.0133 0.0131

D(imf8) 0.0211 0.0202 0.0194 0.0188 0.0183 0.0180 0.0177 0.0174 0.0172 0.0165

j 2 Data1–Data6 Mrb}nopqrs
Model RMSE: Data1 RMSE: Data2 RMSE: Data3 RMS: EData4 RMSE: Data5 RMSE: Data6

ANN 1.03040 1.2177 1.3304 1.0982 1.46245 1.1845

ftT` 0.9312 1.0665 1.1042 1.2131 1.2917 1.2027

29 ANN 0.5473 0.7642 0.9395 0.8014 1.1146 0.9841

k�@< 0.1770 0.3057 0.8337 0.7465 0.9617 0.8993

5 0V

)H�� EMD 7D�����, cF�C����, 5� %��6QB�	���D, 5A VT
����
I�, 2��0�DF�ZW��!�̀ Z�8�!
F!_a[F���� 4 \��_a`�
:� ��. �:�3I>: 0�D������`�
F!_a[F�, >3?�,���������

I�"L?A; ���V\��
_a`��, ����
I�?A�cR? , K����cR?5�I�
?R. uP�i, )H�D��>
, �%?0���7D�L, >3�%6
#h.
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