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Abstract

With the development of the global economy, people have more interest in investing different
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fields of underlying assets, among which the stock market is one of the most popular ways for all
the investors. In order to gain extra benefits, investors try to use different mathematics and statis-
tics methods to predict the tendency or prices of the stock they prefer. In this research, in order to
improve the effects of stock prediction, first we use different methods of signal decomposition
such as Empirical Mode Decomposition (EMD), Ensemble Empirical Mode Decomposition (EEMD)
and Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) to re-
duce the noise of original stock price. With the signal data as input of machine learning models, we
are able to forecast the stock price in the last few years by sliding window method based on stock
trading data in existing financial markets. The last result shows that models have good perfor-
mance in forecasting time series with different signal decomposition.

Keywords

Financial Time Series, Signal Decomposition, Prediction, Machine Learning

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

%, Gbt SRR R RIS, IR 7 PUE G AN A5 g SRk Tz Y K. R,
I ER T 37 B 38 S B ASAHHOR B R . EIXRPIEOLS, ISR Br St mAT AR B iR B AR T H
WA BERATER, V2 RBTE AR EN W IR R BT 58 M2 5 mi s KaRM A, AT 3RS 45
SN o BRI, s B RE e T AHENE, HA RS, MZRTTEOR, BUA T A 1
25 IR B e S R AT SR A B ks e [ 1] DRIk, ARSI FERISERR ML 7T, 6 Rk ]
Fe 5 FATI SR A — TR A BRI AR 55 o B 04 K 2 I A si K TS Re 0, BLA I Bee M g it
PR AT LM 24 e — e F MR S, TR BB U A 5 R 3, @ S A B R . R R fiE 4
fsE sy i, wnep E A ASEE,  AATTRT BLIE 3R w AR TR A AN B 22 1) < i R X o RS M T 3
EZ W T TE T, BATESE 1 b E AL 5 WIS E SR FEA, 5Tl 50 Rl
I EAEAEHLE 2 SRR, PR 3 R . RN S5 &5 5 0 M I 5 B N R A AS R (e A . 4
SRR, HeTAF T 70 0 B 2 AR IS AR R B D5 (U 5 OR

ARSI A R Q0T o 55 2 AT T 5 I a7 S0 N A AR SGHIE FE TAF . 28 3 T VELHIR 1t
FAEIIBART I B, 255 4 i, A TSRS BB R R, )5, RAFESE 5
TR AW TCREAT T A

2. XHkERR

TOI I ZE AN A% S L TR 78 (AT 55, A4 H AT BB FOAE 00, SCHRERIA H O& T 1] 5 470 Tt AR 5 52 0 s
T RIE TR 3E AT A R ﬂ%*jvi%ﬁﬁ%é}i (e (8] PP ZIBLRY, i [FH(AR) B30~ F 35 (MA)
H [\ 5 A A2 50 T2 (ARIMA) ) & [ B (VAR) o A7 A2 NGl B 22U 80 i3 ARIMA B, 75 i f%
GLGE T2 R B R A0 G T A T R R A S5 [2]. RS ARIMA-GARCH 121E T IR #£1E
MR 23], B THENIRFZ AR & R, 28 R HE LA 5 =) (Machine Learning). ¥R %% 2]
(Deep Learning) 15 1k, %% >] (Reinforcement Learning) =557 /5% . TEANKIEZ RGO T, TRES IR
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PEIRARLE RR 2% (RNN) [ TG BT 22 WX 28 (GRU) AT A A0 124 22 /9 2% (LS T M) E 4 Rl i [ 32 1) 30 v 45
BITHET . BRBRSE NGRS BB E B S, A — SR B IR LSTM SR T A 7] i 52 1)
BRER[4], FRIE R A . KRR SR N K ML 2% ST RNUR FE 2% 2] B 7 e AT 0 L, 3847 B 234 [5]
AT NG 1 2 USRI AS R 2 X 25 (CNINY, - LI S5 (A ek P S A/ CNINE (i N 2k Tl i 252 1)
AEH[6]. SR1M, Makridakis 55 NKIL, MIIGEIEA RS, BEA RN, BREEY IR MERE T RELL
WLES 2 SR B AL Ge Gt i 8] 7 AR B 22 [ 7] W FEN O R P A B 2 B 1) 0 5 1R B e A R 1) 471
M IERGTE: Cao 2 NIET15 520, {4/l EMD, CEEMDAN 1 LSTM 454 1 J5 325 % K Fe B A 2t
ATTRI, AR 7 ANEE BR8] A SCHHASE FH RIS 5 40 i 77 1R 0T S RIS 18] e B AT o0 i, 456
B )71 88 5 S B ) oA SR — Bt (8] BB 1A T T30

3. ARG
3.1. ¥iEHA

AHIE FEAL FH MHEFE A 22 [9] N 8T F 4 B (I 22 4R8S: 0005), ¥EFTHRAT (B SEAXAD: 2888), R IVAR
T ZEARID: 0023), A [EHRAT(BEZEACHD: 3988), Ff [ 2 SARAT (I 224R01D: 0939) M1+ [E T p R AT (I 22
fRf5%: 1398), NEEFBRL ST EHIZEH 2017 4£ 1 A 1 HE 2021 4 12 A 31 HE H I F&AE s
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Figure 1. Diagram of six stocks
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3.2. HBFEIER

YL (Decision Tree, DT)Z % H TG AN EIH . X T REANREM B, & MARTT S48,
BT RS AR ORI S AT DAL 2 AT AL SRRSO 510 ROARE AT LU, kR
PO R BN BN — /T, ERBEM Y . BMIAREAT ST IR, IFER SRy S B
FIHARGE R T R H AR E P S5 0 A T

SCRF IR EHL(Support Vector Machine, SVM) ] LA T ik G AR S 1 () 4 AN RN ) . 5 SVM
SYFAERUEE, SVM [BlVA 75 2% € H A sk BT E B bR e B P 8 — N EEE: AFEFZ SVM 1A EE
TR R W] BT o5 2 (B (W R B, 3R R 1 1) P 2 AN Bt o 3B e /IS e 11 A e [ B )
J&, AL 2] H AR e BT I T AR 2 TONME .

3.3. BIFOZE

SoF T IS ) 5 70 Kd S8 vh (5 Y 3 & 119%:(Sliding Window Method)iE 47047 1 56 K38 0 A
R o AR DK, 45 RS EE 5 4 i 1~50, 4~53, 7~56, LALEHE. X128 —# 4,
1~47 AR 255, 48~50 1E AR ISR 7E28 &0 7rh, 4~50 2 YIZREE, 51~53 il 4E;
F=E, 7-53 AR, 54~56 AR, JETH T IR DL

FEAREF A, WA A — Rl i 76 70 B H0E R I L a8 2 ST i sh i 1. SRS I 4505
TEAAEL, HLER 5 IR AT LLBE A I 8] 7 1 800 (0 W s R A T A8 — 505 20 o N T S8 ax — 34, 5k
3o {8 FH python (1) sktime 5[ 104 BN AR AL 40 B2 AR 7, A AL 257 S B R 1 il il e .

34. (RSO

2GRS /) i (Empirical Mode Decomposition, EMD)J& — ok AE et A1 A FFafE 5 i v A RN
& RIS 5 U ASEAS B B (Intrinsic Mode Function, IMF) /732, Horf IMF 5850056 2 UL R &4 =3
WA S R AN B EECE A 22 1Ay R KA i ME RS PP 4ME N 0. SRJEXT & IMF 43
BT A R AR ok 3RS W FE 7 BRI % . EMD 549252 11 Norden Huang A& 1E# 7€ 1998 4E4%
I —F R T 208 2 R BAE 5 DL AP RS 5 VAL .

EMD SHyd A2 a0 T

1) FR3N FEHEE AR ME, =R SRR (AR B AL .

2) HE B NS RIIIE, R AR 2% A B

3) W AR ANAFTE R M BRI /IME, FEERDE 1M 2, HEA BRI AR
A /ME, ZHEEE A —A IMF.

4) ¥ IR 2 IMF 732 residue, ¥ residue 1E AT I S 0 B 52 DL _EOP RIS 2R — > IMF F residue,
H % residue Jy 5L BRELLE R .

I L, R EARE AT R O 2 IMF F1—) residue.

BIN EMD HEAES AR IE ARG S T ARG E, (HEMRFE “BRE” 8. XE
WA I B 5 5 5 B AR R IMF 23 2 G MALRE S ECE LR — A IMF RA ARG SR 1
R P PIE S B R AN m T A S s, 52 KRBES 5 (Ensemble Empirical Mode Decomposition,
EEMD)f# ik T EMD Syt “#A0RE” M#[12]. EEMD Hi%L5 EMD HiEAF 1) E:

1) ERINBEAL T R 7S R 46 i 2 S FEEAT EMD 4R

2) THEAR AR T IMF E1E.

EEMD HEN B AIEAS 5 05 56 AW Ik = 0 e A5 TR RE ) R T X s a8, 5 A2t T EEMD
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LB SU A, B A 584 I8 W e S 55 2 50 158 41 fi (Complete Ensemble Empirical Mode Decompo-
sition with Adaptive Noise, CEEMDAN), i it st 38 D045 48 s 19 1 e 75 1) 05 SXOGHE 5 13647 20 i AN EE A
[13]. #HEL EEMD %37, CEEMDAN Ref8 5 A ok “fix0RE” M, \E#REJLTFRIE, JFHE
I8 T TR AR

TEMCIE U, ISR I B T E AR o FRATT B S B R S A B £ 43 9 LA B 4
AR A [ (B B, A v] LB {E ] Python ) PYEMD 4] EMD. EEMD F1 CEEMDAN
FVE[L4] 9 fR LA IMF Fl—A> residue. £, JLAS IMF A1 residue (18 8] /5 15 dE /B AHLAS 2% S 1Y
AN, FETIA SR LR K IMF F residue.  FRKEE FUITET IMF FT residue AHN,  RITRESRAS 0y lic A%
MEEiR . SETATH FIATE TS, FRATRENE A T &5 5L Ut (8] e F0 5, ok 5 szl
FEAAEXTEL, WL 5 R R B AT E .

4. ARBR

AHIE TR AT AR AL S Raz AT I TR A [l Aok F T4 B AN R 8 2 S B ASUR . 2 T 41 Ay,
Y, RN BB A EE | I ZI RN I LS, Y R B B RS A B SR § I 2 SN I T
n ARSI B2 H

R P75 A )2 TR AP 2 E 5 S 2 T iR 22, HHUEVE @S 7E 0 B 1 2 (/. 4 RFIr M
EREHLT 1B, FomiZ 8 TRNME S B S 2 PSR ZE RN, ZAR R A SR M RSPy
MEEREEIR T 0, E2/NT 0 B, RN IZAR AL TG 5 30 5B Y SR 22 AP35 (8 5 LS R 220K,
AR RGO . AR

RZ_1_ 2%, )2 1)
> (%i-¥)

PR 22 (Mean Absolute Error, MAE) & TiilME 5 B S AR 2 8] 1) ZEE IE-F- 3 40 HE . i MAE 1)

MR/, TP R BUSe s, HAR SRR B e . AR

MAE = Zi_l|:i - y|| (2)

1771 2 (Mean Squared Error, MSE) 134 77 1% % (Root Mean Squared Error, RMSE)#R 4 F -1l &4k
RS RCER . MSE 2 FINME 5 B SHE 2 AR 2P 75 -3 18, RMSE M2 MSE HI~F 7. 24 MSE
5% RMSE (RN, RN S5 B Sl 2 AR ZE U, AR A ORI . eI AT
Fi7R:

MSE:—Z”():;_%) @3)
RMSE = M (4)

S48 %) B 43 He i 22 (Mean Absolute Percentage Error, MAPE) 2 THINE (15 25 78 E Sl L 20 EL i
PHME. 24 MAPE [EREEE T 0, R FUNME 9352 25 76 LB 0 4 LU, 7 () SR B AT

P
Yi | (5)
n

yi _9i

MAPE =
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PIAHLE 7 ST R ] T sklearn GU[1S10EAT 5206 . FRATHE =Fh (5 5 20 W7 12453 B RO 45

PP IEES

1~3 SoRe HAE 1L THT EMD 720ff N T BEEREARI A TE4R . 4 2 A5 3 735 oR3k T EEMD

1 CEEMDAN 23 @ 5 [ 33847 o

Table 1. Models’ performance under EMD decomposition
& 1. EMD R T HIR BRI

BR (T 2 1BATIN 18] (7)) RFJ5 MAE MSE RMSE MAPE
DT (0005) 8 0.9890 1.1236 2.3818 1.5433 0.0210
SVM (0005) 0.9884 1.1645 2.5186 1.5870 0.0221
DT (2888) 8 0.9741 1.7212 5.3109 2.3045 0.0297
SVM (2888) 9 0.9744 1.6823 5.2488 2.2910 0.0291
DT (0023) 9 0.9899 0.5204 0.5896 0.7679 0.0240
SVM (0023) 9 0.9905 0.5176 0.5582 0.7471 0.0242
DT (3988) 8 0.9696 0.0652 0.0085 0.0922 0.0194
SVM (3988) 8 0.9541 0.0882 0.0129 0.1134 0.0265
DT (0939) 8 0.9340 0.1414 0.0361 0.1901 0.0217
SVM (0939) 8 0.9192 0.1613 0.0443 0.2104 0.0252
DT (1398) 8 0.9466 0.1200 0.0264 0.1625 0.0220
SVM (1398) 8 0.9226 0.1464 0.0383 0.1957 0.0272
FiME 8 0.9627 0.6210 1.3979 0.8504 0.0243
Table 2. Models’ performance under EEMD decomposition
5z 2. EEMD /T RIiR BRI
R (T 5E) AT N E] (D) RFJs MAE MSE RMSE MAPE
DT (0005) 232 0.9892 1.1364 2.3421 1.5304 0.0211
SVM (0005) 233 0.9880 1.1981 2.6095 1.6154 0.0224
DT (2888) 232 0.9772 1.6498 4.6657 2.1600 0.0281
SVM (2888) 232 0.9751 1.6794 5.0903 2.2562 0.0289
DT (0023) 242 0.9916 0.4958 0.4891 0.6993 0.0230
SVM (0023) 243 0.9905 0.5188 0.5550 0.7450 0.0243
DT (3988) 235 0.9704 0.0655 0.0083 0.0910 0.0195
SVM (3988) 233 0.9459 0.0968 0.0151 0.1231 0.0295
DT (0939) 233 0.9340 0.1408 0.0362 0.1902 0.0218
SVM (0939) 233 0.9151 0.1676 0.0465 0.2156 0.0262
DT (1398) 234 0.9468 0.1187 0.0263 0.1622 0.0219
SVM (1398) 233 0.9162 0.1543 0.0415 0.2037 0.0287
EHE 235 0.9617 0.6185 1.3271 0.8327 0.0246
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Table 3. Models’ performance under CEEMDAN decomposition
% 3. CEEMDAN £ R A R I

BR () B AT [8) (FD) R MAE MSE RMSE MAPE
DT (0005) 433 0.9896 1.0979 2.2564 1.5021 0.0207
SVM (0005) 431 0.9881 1.1665 2.5715 1.6036 0.0221
DT (2888) 444 0.9755 1.6462 5.0155 2.2395 0.0284
SVM (2888) 442 0.9753 1.6673 5.0640 2.2503 0.0288
DT (0023) 488 0.9906 0.5052 0.5482 0.7404 0.0234
SVM (0023) 490 0.9900 0.5228 0.5874 0.7664 0.0244
DT (3988) 439 0.9715 0.0631 0.0080 0.0894 0.0187
SVM (3988) 436 0.9546 0.0867 0.0127 0.1127 0.0261
DT (0939) 441 0.9328 0.1416 0.0368 0.1918 0.0218
SVM (0939) 438 0.9169 0.1638 0.0455 0.2134 0.0256
DT (1398) 459 0.9445 0.1235 0.0275 0.1658 0.0228
SVM (1398) 455 0.9236 0.1449 0.0378 0.1944 0.0269
SEHE 450 0.9628 0.6108 1.3509 0.8392 0.0241
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Figure 2. 0005 decision tree model fitting diagram based on CEEMDAN
2. #F CEEMDAN H#J 0005 R EERHE R A &
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Figure 3. 0005 SVM model fitting diagram based on CEEMDAN
3. #F CEEMDAN #J 0005 X # i EHAREUEE

KA EOUT, AL IR ILA FE R P 54 1 0.95, AT MAPE KT 0.03. ¢ B [E 15
RORAER T . BT B REA, SVM RERLZE 0939 1 1398 W /MREASKE I Ul & 1 LI X EUR, &
£ 0.91~0.92 Z [f]. fEFT EMD Zp ) Bl fadar, BA-F1 MSE 7 1.3979, RMSE 4 0.8504. %
(iR 272 U B B R DAL 5 o BERUE TR A -8 BAG S BA0ME . IR P3N 2R (8] 8 #b. 7ETH
FE I EMD Fr 2t hb TR % . AESEBR R, R N\ AR S AN SE BRI EMD J3 A 10 1 R A 3

S0 MG S A AT VE YR A EEMD I, AR R 2088 88 R R RL R I 2 Fow, ET3ME F, MAE
(0.6185). MSE (1.3271). RMSE (0.8327)#11 MAPE (0.0246)7f 1% Z 4 {8 1 EMD 4>l L, A4 AR
B, BUEBCERLE EMD 55 . (HBEE /- i = A, BB IR B S35 8 s F1 42 235 s, 1
IIFERS () A 0T, R ZEENRA RIRE R % AR SRR AR AT A 2

5, T CEEMDAN [ f7iE R, SIRZER s FHAENE 2] 7K, MAE (0.6108). MSE
(1.3509). RMSE (0.8392)¥JRIMMF5. MM AE L, R FIRIHMEIAE] 0.9628, Lk EMD il EEMD
SREEINLTS . FATIEHLT 0005 M 2 AFE A%+, EH T 7E CEEMDAN F3ff T [ S A S ] S AL
RPEE, FEWE 2 & 3. (BRI E] i, CEEMDAN 1A% 7 450, #H#(T EEMD FERT £ 1
T 1] T EL EMD &% 56 /%1, Blfff CEEMDAN 7EYI AR L BF AT MRS, (HE8TF
SR, FHSKHA R [E] U R 2 DA SR AL PR ) I RS TR U] S5 4 EMID J3 il fe 35 8 hn i 2 .

5. B4

TEMEEMAS TR |, AR FiE 72T & MAFRE 5 0 rIpLEs 5 A . RT3 & A I 2R
A, AT AN R EE AR BTN o 38X LA RIS A4S 5 43 77 7(EMD, EEMD, CEEMDAN), 5258
4 B B oRFET = HE S R AL A 2 STEE TR G AR I i R R, Hih CCEMDAN 43 fif 7 R B
fE, EAFMER ., ANEFEAEHE TRIFA LR ER AL R HAENZHEE L, EMD 75 BA 1T
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