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Abstract In recent years,the research enthusiasm for time series data in academic and industrial fields has been increasing, but
the frequency information contained in it still lacks effective modeling. The studies found that time series forecasting relies on dif-
ferent frequency patterns,providing useful clues for future trend forecasting: short-term series forecasting relies more on high-fre-
quency components,while long-term forecasting focuses more on low-frequency data. In order to better mine the multi-frequency
mode of time series, this paper proposes a multi-feature adaptive frequency domain prediction model (MAFD). MAFD is com-
posed of two stages. In the first stage,it uses XGBoost algorithm to measure the importance of the input vector and selects high-
importance features. In the second stage.the model integrates the frequency feature extraction of the time series and the frequency
domain modeling of the target sequence,and builds an end-to-end prediction network based on the dependence of the time series
on the frequency mode. The innovation of MAFD is reflected in the predictive network’s ability to automatically focus on diffe-
rent frequency components according to the dynamic evolution of the input sequence, thereby revealing the multi-frequency pat-
tern of the time series and strengthening the learning ability of the model. This work uses 4 datasets from different fields to verify
the performance of the model. The experimental results show that compared with the existing classic prediction models, MAFD

has higher accuracy and smaller lag.
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Fig. 3 Adaptive prediction network

3.3 TR 4k
MAFD 1955 Z i B i i T o 43 4% 46 JELAEL B33 g 90 Ja
W25 ALHE 53 iR 2 B E BB E U R AR Z . 72
A LA fBL A 76 1 28 ) 465 HE 2 T S 3L /0N BB A8 o Ak BT ] Y5
XA b R KR AE — S B B ] L AT A A R A S
B T X4 T o TR HE T o0 fE A B
a=al sb=qbyal a,>1,b0, ER (4)

_p [H=
G(p.@)=a, ? J S ¢lag "t—qb ) dt (5

Hodr, o) AR T A8 W N T a, b BOFE R BT a0 A1 b, 2 [ 5E
RHIE. poq NEBESEL.G(p, ) MK RS, B3 JE
7T 2 B B B LA 92 B B A AR AR AR F S X
X2 oo X" BOMRIRE— WA 2 S5 2 77— MR WS S Fre
(LAY FEIAE S Fre(H(1) . RIME S Fre(L(1)) 4k 4Lk
I F =R 53] Fre(H(2)) Al Fre(L(2)), $RE T 44
Z W 4% Sk 2 S A A e 9 B {Fre (H (1)),
Fre(H(2)) o+ Fre(H(j)) , Fre(L(G) |, i j AL FAMR IR
B, 4 51 AR R, AR s RS .

Xof - 25 X 45 T L B R 2 R AL A Sl 2R M LG BE )
AR L 2 ) SR AR T pl R R I 2 T T RE K I
] BT A FRAT] — Mt & e R A R e L A R D I 5. A
MAFD 15 5 1 J7 W2 (5 Al A2 20 1 i 1 45 AR 4 1 i 3R
B EMATTABON 128,58 2 N 64,1 2N T iR R 0
RGN DD TUA B B F A . 4% SE R 56 B T B
MR ZEMABBIZRAERNZ . & BUZ /805 F A6 B E
Fil B2 A 408 5 A (4R T 30 8 X 4% 1 B 1R 2 AR BE FT . T
A= WD RRE R TR €7 R PR f A S e NI U R
i, 58 A (] 50 2R e X TIOI H AR 2w, a0 3 R L of
XGBoost 15 Bl B 55 AF 77 371 i A B0 9 265, 38 3 28 (6) A7
N NE R NE L S

1 & - ;
L‘:TZI)(y*y)Z (6)
<IN
0 50 0 n

Hr,y ARG 2 W B0, y 2IBRE. XD FBERIL
bR E, 0 LRI DAL S8, o S PTIRT 2% 3 %,
FIREAE B 4 LSTM [ 02 b #1745 3] — 20 [ 58K 35
{hy shs s shr b o SRJT BRI ROHCIR S M AT T— 1 0 20 3k 47
BB 7 gr ) ={gr (H(1)), -, gr CH()), gr (L
GOy R TREZISS j 250 i 7= A 0 SRR3R 5 BUE B,
BEJG . 3G 2 hy WRE g o XA 2 43 i AT B A AL .
fCgrshy) =W, hrgr+b, (8)



F el L 4 T T 22 0 ] FF 5 B Y F IS N A A A

207

a=sigmoid( f(gr hr)) 9
Hob, f o A TERLZ I IMAL PR A, gr AR ETER W b
SRR A ) (B [ AU 2. FIHAE o = {avae s
a1 PR IR O3 HEAT SRR, A5 B INAL 1] 1 o

jt+1
or=Za;gr(j) 10
B 5 K or R b il IFEAT SR AR A L AT B B B
S)’I‘+N=Wy|:71’rah’r]+by (11)

Horh W, F b, SR AR 2 3T B AT i o A 22

TN P 46 by 4 J= P S5 R 2, SRS PI)Z LSTM 3t
JZ B X PR LSTM JZ 7T LA A5 3 45 5 B0 45 2R 5 4556 = —
JZERZ B FUZ T DUH A B4 A BRI AR, A 3% >0 4
fEFR S B E BUZ JG R R AE 6] s 5 2 B G V2 B IE
JZ 0 AR T e A ) T ML A 8 B T T LA T 1) 4
JEE I 30 4% A OC B9 ) A5 4G, B 2 A I [A]2D A7 7R 2 AR
R, 25 5 228 Wi 0 T P B A 2 ST MR A AL o5 T A 3 AR T
CNN 897 #F M LSTM B BIR 25 42 BURF AT . 3 il 45 45 0 RE 48
155 22 A~ Ik 18] 25 (K 326 95 AH G AR B by A [R] A9 450 3 6 A0 2 A7 0 A4
A5 ) g A ) TN 45 2R

4 =B

4.1 HIBEMITMIER

H T AL MAFD KA )75 30z AL Re ) AR SCE % T
A4 T AN T A R 1 B8 4 AT T A

(DI 300 M 4 - FRATICHOF I T I I 300 i
TAR B H R . O S A AT R S 38 5 i MACD #E
FRAE 9 M OCHRRAE . LR SR U B A0 S TN H AR . TEAS SCSEER
v, I SR A A R A VI 4 (60 Y6 VIS (20 %6) A it
£20%),

(2) 73 S0t U 42 - 8IS 2013 — 2018 4E 48 H
2 S F AR . AR SCRLAE H O A SRR R A AQL A T H
o LAAH G 75 Y Wy ik B2 8 3R 20 ) B A5 B0 . 28 <0 &k A
2 IR (4 5, LA TR0 R 245 L PR O S B0 K R 1 300 A4
Bt T U025, R 4y 488 K Tt

(3)SML2010: JH T % A ifik BE F00 19 22 S B a4, R U8 T
UCT HLge % BRSO = IR AE S B AR R 51, I8 X Bk
(B 5 22 (4R AF 5 20 1E AT T AR B, e 20 1 13 S HH DG 4R AF 3 1
HEATSEES . FEAR R S5 v, FRATTH% T 3200 AN B a5 FVE DI 25
KI5 400 D EUE S MERIESE R4 437 4S50 2T 1
4 .

(O R T i i B 4R B IR 1 2006 4F 12 A &
2010 4F 11 AWM Y 2075259 Wl 848 . B TR £ T
PR AR SCAL 338 FH P iy 3 J7 4 B die, ot o Rl 4
(80 %) VR IEE (10 %6) FI i £ (10 Y0 AT 5L 50 .

Ji S0 RN s ST i e L R B O B M L AR AR
I, TN M ELPR R L T SMIL2010 Fi1 5% J6E F A & 08 52 %
TR MR, B — R R R T M, R AR S DU
o e o =F B A RS HE S5 R SMIL2010 B4 4 o0 A % ' /s Al
HRAL 25 5, I ) R 3 1T A 26 5780 R 0 J50 40 2 % A5 AR () T 47 1
PEAT A . R TR A Rl Ol 3k X B ) A I B4 A R AR
SCAE - ¥ 4 X 3 HE AR 22 (MAPE) #1359 7 #i% 22 (RMSE)
TEAGASE A M B8 3 249 A i 18] 3 370 390000 450 55 149 5 P T 48
A% 30 B PEAG (B A A LB AT 10 IR SR ST ge 25 01 .

4.2 HHIEEES

RS — 3 ) F XGBoost ¥ ik 4 A% 318 £ 45 1 9t 47
R AL, RRAE Y 3 B R B AL MR R 4 R B T
TVE B A AR AR AR BELY L R P 300 M R HOH 45 v L R B B A
A I B — I 24 45 T 3 AR R B B i RS R
MA%AES) .5 H¥Zk 10 H ¥ . MACD $845.5 H¥ & .10 H
Pim DA RO BRI . AR SO 5 R A S &, TR SR A
A BRI B IR B R R AR AR 2 B M R e . A
4C) AT LU Y FRAE ma5 FIERAE MACD B 8 26 50, Ul
BT 30 A AR AE B B ATL IR 7 B i O R 2 K. TEIREE T
rhv I S 0 v A A AR A AR IR SR 2 B B B I e v A A R
TR A% . BT 385 TR T 35 09 PR 45 I 5 24 0% g (o
TR B2 (IR T FF A 89 10 %, 36 43 11 Bk () 42055 i
SRS 0 AR AE — o R L BT T g h 3K SR B T iR
58, i R TIT A4 I 285 R A8 A1 U W B 2 B SR T 4 1k B e
A4 H Y FE B K T M H A I A 00 2 Dy 7 o5 A IR A
WA Lk R M AR A T RGBS, BN 2. K
ST A AR B R B ST 3 2 A% i DR 2R ) e 2R
ML A SO 5 HISL R MACD £y B 57 28 45 4F L [ Bt 22y K
LAGIR AN TF RO f i B S AN g A B0 ) 4% . X
TEAFEPIREMFREHN R HEE S0 EEEERG
B AT AL 45 SR P 4 (b)) A 4CD Bz, i T3 4> B4 45 41
SCHRME 3 9 880 AR SO A TR AR AR S A R 46 . 5 H A B ds 4R
A EL . SML2010 FY4FAE J3° 51 48 £ o AH K38 4 65 A 0 T500 B
BOAR MR TS . ANt & B, R B 7 4k R I AR O A 4
AIF 2 BRI 3 R T o 0 R 2k B e R R SOk B 4 (oo o
M2 PR CRIT) VEAMELEESE 7 A RRAEAE S i B0 48 1 4
TR BELE R

bl & 225 == pM25
L &2 2 = PM10
3 B = S02
LR = NO2
—10H# % = 03
== MACD¥# % == CO
5H#
—10H 34k
KEkiE
Ca) I SR AIE 2 1 ik A

- i (RT)
ARAHHERID)
- A T)
- R H(EA)
AR E(RT)
— R (E W)

% % 13%

- - 3R

Co) i J3E A B 2 4

() JH R R AT o

#l 4 XGBoost 43 #r 4%

Fig. 4 XGBoost analysis results

4.3 SHSH

AT K DEAT S BB 3, LUV AL AT f# AR SC MAFD
BIPR BT . T TE T AP (DA R A AR R S5 i B A
S fif J2 ORI 8] 25 K ofe WL A AP BB B S L. AR ) A
JE B IR 22 T AL 25 RN 5 iR X T SR RO A A <
HOE  MAFD 2 ) 265 80700 16 — J2 23 fiff 10 T500 25 2R 1% 22 ¢
Ko IR N — 2 50 M 7 A 1) 1 J2 A3 4 O B0 32 40 $ B
B mBR 5 8 . TN JZ 2% TT 46 BUI i 2% B & o> % J2



208

Computer Science T MBI Vol. 48,No. 11A,Nov. 2021

BRI R . Xt TR W R B0 &
Z R B B TR0 A e 77 A A K A R
PRI AR SO e 52 HOHE AN 25 B SR TP U2 20 M. T T A
XA A ZE P9 I R R R S BE T L B A BRI
JA S R 2 P, — 2 i T L FE A4 4 N AR R AR S
KM —E o

015

MAPE/%
o
S

2
&

3
AEEH
(b) 43 figt |2 iy RMSE % ke

3
Vy 275 ¢
Ca) 53 it )2 B0 MAPE % 11
&l 5 A4y i o E TR

Fig. 5 Frequency decomposition comparison chart

FE I T o o ) 25 A 3R AN [R] I I i) b 2 4] 0
H R BT MR b S T M 22 R 2% 5 ZAD 1L B 1R B
o R EOE ARG R AT BN X S O
A B S5 0000 249 Sy — 2L B, BB R — K g e . X A
T 53 Shy S SU) TIOY A i) AN R PR R . 2 ] 25
T R i (R Bl 2 38 R A 5y R BN A AR E A
T AERR BN R 2 . AT 123205 B/ 7
A BN A HERPE . Ferh 1 B BN R TR R X e
— NSO T 3 A TN A W R TS A (]
Fr o — R RE AR 5 A AR H B, R 5 LT 7 1@
R TR B A R R B U AP L i Bk R
P 6 BB 2E MR ER L A B S v L
04 5% 22 0 LA TN /0N o 33 2 T 4 e i) A TR
S R 3T T HCHE 18] #9 A 5G4 A X A s T EL B ) 2B R, A
FaE R R L SRR EE R . BT EE A 5 0 RCR , A 3¢
B ) 2 R 2 S 1 2, BEAT A I 0

015

- BRE
A BA
> EHRE

e
=
S

MAPE/%

005

B [ K

(a) W] 25 K 1) MAPE % 1 (b i} ] 25 K ) RMSE X [

6 i) 250 IR

Fig. 6 Time step comparison chart

W R AL T DL A G i 2 AR B ] A
JERZ T MAFD T 45 S (9 4 S 50
4.4 B

Ry ik — A B UE AR A [ M AR R SO MAFD AL 5 L)LF 3
AL IEAT FLRE . H BNE RS 87 5 AR ARMA™T 35 FUM 42
&% CNNUST 0 B bl 28 ) 4% RNNUYT . ARMA 25 58T H [
J 90 1) R A7 R A AL 3 1 T e L R ik e B ] )5 47 ) R 1Y
Ze ML T s CNIN Sl I 45 ARl A 45 1 15 30 I 0 200008 1 4 3K
FAE, J2 o 7 OO0 50 1) i 0 ) 45 A58 A8 s RNIN A N 36
A TE 2P 5 R 1% ol 412 20 B0 1Y i ) RO RS AE , 2 A2 B[R] 3 51 Tl

I FERAF RN Tz N

P 7 g2 bR A 50 L 45 52 B (L B 4T 2 L TR e L
Al B 4 FBERIRE LS S B R R HALG R
MZEBR . AC MAFD [ 00 fh £ A7 He H A 3 Fof 62 20 5 32
R, 5Pl & B R IR A — B0 B EHARE R,
MAFD 75 i i R A Ak ) 400 A il 2 A b JH Al A58 280 i 22 /)8
B T N AR AR R B G S PR R

3600

— B3 — B3

— ARMA 23{|— ARMA
CNN CNN
RNN RNN

3400

3200

k| g | [ Asonk
ﬁ 3000 E 2
2800 M 19
2600 18
0 50 100 150 200 0 20 40 60 8 100
it ] B [

(a) e A HL L 0T 1L (b) % P BE S0t L

B 7 MAFD 55 SRR BE W 2% (1% 36 28 5 Lo B CRRL 7 AR A 68
Fig. 7 Baseline comparison chart between MAFD and classic deep

networks

AR 8 525 43 47 vh s W] LAk B, ARMA fY 50 3% 2% & T
TR 2 W45 B U 7 v . X2 B ARMA B/ #07E R 4L
EEE 2 1Y 2 vl s s 10 [ R Rl T N = S - D7 T
FEH A F LR JBER A SCH B MAFD He 5 4095 i 28 19 45
RIS T A A S 25 R . 1) CNN Ml RNN X% 38 T 1 ¥
FEAE L 20 T 51 PN O A 38 A AE . i MAFD 19 43 i )2 A
DAAR 4l A B B[] 3 510 P9 35 42 48 1 510 09 450 B0 AIE 5 2) CNIN
M RNN ZWs T 55 8] #9 M 536 F 5 J0 v 1 42 i AR 22 [l
R L 1 MAFD 3 1 51 A 36 AR A E 38 B2, g 95 4
H 1D 7 5] 19 4 AR A S % LA S R AR Y B 4k 1A ) B g
1Tl A,

008 MAPE/%

o

BESE | EARE | ZARE LS
B ARMA 00255 00318 0026 2 0065 0
W CNN 00230 0.029 7 0017 0 0062 3
B RNN 0019 4 0026 4 0016 4 0038 4
LS &2 3 0016 5 00251 00143 00218
2 RMSE

Ml

BREE | 2ORE | ENEE kS S
B ARMA 15124 16017 15230 16752
B CNN 14323 15877 13054 16718
M RNN 14281 15314 12472 14887
W AX % 13879 15121 12011 13956

E 8 MAFD MR 2 0t
Fig.8 MAFD baseline error analysis
4.5 HEERBELSN
A7 ity 390 ity 1) 490 38 T80 D00 A5 L AR B AR T B R AT B )
G HU 7 A< SC3H i XGBoost 5k i 7 R¢AiF 32 £, X i [8] J§
BZIBE e S 1 LU RS o 1T o 1 1 AR G e N 9
HEAT MAFD BT (14 B R AT 0 22 48 AE 5000 X L
&9 Ay I R AR A 3L F B RR IR R 22 0 A 1Y T h 2k B A
& LT RT LU HY 22 R AF 450 2 () 390 00 45 SR o 2 3 R 971



F el L 4 T T 22 0 ] FF 5 B Y F IS N A A A

209

TR RO BRI O R S T AR R S B A R, T 1Ak
PR IR 2l Jy ) B9 4R s AN AL AN ot S0 U5 9K 2 15 31) 22 18] 47 75 FH B K
TG AR B X 50 (0] B AR A A I T R e R At TN o
BRE, AL 10 B9 25 2047 AT LU MAFD B9 2 453 fiE 1L
R 22 WG /N T BRI TIN5 W1 2 40 A1 T R 41 s A58 0 ) 1 E

ERRIE AR B,
3600 — ——
— LSTM 23{|— LsST™
3400 Vavelet-LSTM Vavelet-LSTM
SFM 22 SFM
3200 A " Fon
ﬁ 3000 XA w2 | oo
20
2800 B 19
2600 18
0 50 100 150 200 0 20 40 60 80 100
e 8] ]

Ca) S AR (b) % P4 i B B di

#l 9 MAFD fif B B XT He & (L F R # 2)

Fig. 9 Comparison chart of MAFD interpretation performance

. MAPE/%
001
0
RS FWIEE
m  LSTM 00191 00183
B Wavelet-LSTM 00188 00169
[ ] SFM 00179 00161
BAAE 00168 00145
| ES &2 0.016 5 00143
15 RMSE
) J_L
09
R FREE
B LST™M 14277 1246 2
B Wavelet LSTM 14185 12375
[ SEM 14097 12297
B 13924 12036
B AXF# 13879 12011

& 10 MAFD fif Bt 52 22 43 Hi
Fig. 10 MAFD interpretive error analysis

S B UE I A R A AR Y T AT AR SO MAFDi‘%iﬁ:
5K W R4 LSTMEY B F /N2 i (9 LSTM #i22
45 (Wavelet-LSTM) ™7 bk 25 4 % #ift 2 W 4% SEM™ ﬁ It
B, S 2 O 45 R 2 LAY B e T 4, b L AR R
Wavelet-LSTM 2y 3/ 1 42 Hi ) 1 FH /I 3 728 46 A 300 4 26
%xﬁﬁz%ﬁﬂ%ﬁ%%é@*ﬁﬂ@ﬁﬁ&ﬁ%;SFM JE I 0

) o 14 B RRAE T ASE AR L L Vs A 58 B A 2 11 o R AR R A S
(YN SR e ISR o A v N [ I N A s B g R 2
Ak B 5 5 3 0 TN 25 SR . NIEL 9 Hh T LU AR T
LA R e T L I ELAR SO 9k Y il 2R R
B G e, 5 BIP B A T A, 2 BUITUISURRAE AT L4 b
WA MBI KRR, B 10 WA H TIREE RN
L AR 7R B AT A TR 4 A B MAFD SRR AF 300 5% 22 /N F
SEM, HAH 22 AH %35 K, 33 36 B [ 3 Ry A0 358, el A5 i 5 0 i 4 1
T A% R, HAE MAFD HpE G HE A .

GESRIE R A0 A AT B TR [ 8 LA [ B
BB B 7= A 0 22 A 3 R BB A AR R A X R ok 1
PR T KR . I8 B R R 5 20 R R

ztxjciﬁiJrTéﬁ% ?Elflﬁ WAL AL, AR RE A AR
5 A T 5 0 S AL L A 3 A R B S35 7 I ]
Fe 9 i 22 SR 3, AR SCR T 4 oA [] 451 3l 265 90 4 X0 A 2 )
PEREIEAT T £ 5 T A 32 IR IE , S5 30 45 2R R W], MAFD 5 K
b 3 20 5 3 AR L B AT T A Y TN A S S B

TEARSCIT A A L Z Ak et 225 1 A 51 B4
BRI 340 SR A i I i) e 21 ) 2 T £ S A5 JF AU R o 5 1
BRI R . BEXT BN S ST 5T T AR A ik — 2 R T AR A
B3 ()R R A A R AT N [ 500 A I S O L LU AR R 22 6
BOE AR b 1 B0 B ) PO AIOR

& % X B

[1] KAYACAN E,ULUTAS B,KAYNAK O. Grey system theory-
based models in time series prediction[ ] ]. Expert Systems with
Applications,2010,37(2) :1784-1789.

[2] KROGH A,LARSSON B, VON H G, et al. Predicting trans-
membrane protein topology with a hidden Markov model: appli-
cation to complete genomes[ ] ]. Journal of Molecular Biology,
2001,305(3) :567-580.

[3] SINGH S N,MOHAPATRA A. Repeated wavelet transform
based ARIMA model for very short-term wind speed forecasting
[J]. Renewable Energy,2019,136:758-768.

[4] WEINSTEIN S,EBERT P. Data transmission by frequency-divi-
sion multiplexing using the discrete Fourier transform[ ] ]. IEEE
Transactions on Communication Technology,1971,19(5) :628-
634.

[5] DAMERVAL C, MEIGNEN S, PERRIER V. A fast algorithm
for bidimensional EMD[J]. IEEE Signal Processing Letters,
2005,12(10) :701-704.

[6] XUAN Z Y,YANG G X. Application of EMD in the Atmos-
phere Time Series Prediction[ J]. Acta Automatica Sinica,2008.,
34(1).:97-101.

[7] AMOR L B,LAHYANI I, ]MAIEL M. Recursive and Rolling
Windows for Medical Time Series Forecasting: A Comparative
Study[C]// Recursive and Rolling Windows for Medical Time
Series Forecasting: A Comparative Study. IEEE Computer So-
ciety,2016.

[8] ZHONG X,DAVID E. Forecasting daily stock market return
using dimensionality reduction[ ]J]. Expert Systems with Appli-
cations.2017,67:126-139.

[9] QING X Y,YU G N. Hourly day-ahead solar irradiance predic-
tion using weather forecasts by LSTM[J]. Energy, 2018, 148:
461-468.

[10] WANG D C,LU Y Y,ZOU Y ]. Multi-output Intuitionistic
Fuzzy Least Squares Support Vector Regression Algorithm[]].
Computer Science,2019,46(5):163-168.

[11] TANG J,LIU F,ZHANG W,et al. Lane-changes prediction
based on adaptive fuzzy neural network [ ]]. Expert Systems
with Applications,2018,91:452-463.

[12] HU Y.FENG B,ZHANG X,et al. Stock trading rule discovery
with an evolutionary trend following model[ ] ]. Expert Systems
with Applications,2015,42(1) :212-222.

[13] ROUNAGHI M M,ZADEH F N. Investigation of market effi-
ciency and financial stability between S&P 500 and London

Stock Exchange:Monthly and yearly Forecasting of Time Series



210

Computer Science T MBI Vol. 48,No. 11A,Nov. 2021

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Stock Returns using ARMA model [ ] ]. Physica A: Statistical
Mechanics and its Applications,2016,456:10-21.

JIDONG W,PENG L,RAN R,et al. A Short-Term Photovoltaic
Power Prediction Model Based on the Gradient Boost Decision
Tree[J]. Applied Sciences,2018.,8(5) :689.

LV M Q,HONG Z X,CHEN T M. Traffic Flow Forecasting
Method Combining Spatio-Temporal Correlations and Social
Events[]]. Computer Science,2021,48(2) :264-270.

CONNOR J T,MARTIN R D, Atlas L. E. Recurrent neural net-
works and robust time series prediction[ J]. IEEE Transactions
on Neural Networks,1994,5(2) :240-254.

HOCHREITER S,SCHMIDHUBER ]J. Long short-term memo-
ry[J]. Neural Computation,1997,9(8):1735-1780.

PETERSEN N C,RODRIGUES F,PEREIRA F C. Multi-output
bus travel time prediction with convolutional LSTM neural net-
work[ ] ]. Expert Systems with Applications, 2019, 120 426-
435.

HU H,GUO J Q. State-Frequency Memory Recurrent Neural
Networks[ C]// International Conference on Machine Learning.
New York: ACM,2017:1568-1577.

MOUATADID S,ADAMOWSKI J F, TIWARI M K.et al. Cou-
pling the maximum overlap discrete wavelet transform and long
short-term memory networks for irrigation flow forecasting[J].
Agricultural Water Management,2019,219:72-85.

ZHANG L H, AGGARWAL C, QI G J. Stock price prediction
via discovering multi-frequency trading patterns[ C] // Procee-
dings of the 23rd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York: ACM,2017;
2141-2149.

OUYANG L,ZHU F,XIONG G, et al. Short-term traffic flow
forecasting based on wavelet transform and neural network
[C]//2017 1IEEE 20th International Conference on Intelligent
Transportation Systems (ITSC). NJ:IEEE,2017:1-6.

CHEN T Q, GUESTRIN C. Xgboost: A scalable tree boosting
system[ C] // Proceedings of the 22nd ACM SIGKDD Interna-
tional Conference on Knowledge Discovery and Data Mining.
New York: ACM,2016:785-794.

ZHENG H, YUAN J,CHEN L. Short-term load forecasting u-
sing EMD-LSTM neural networks with a XGBoost algorithm
for feature importance evaluation[]]. Energies, 2017, 10 (8);
1168.

HSIEH C P,CHEN Y T,BEH W K,et al. Feature Selection
Framework for XGBoost based on Electrodermal Activity in

Stress Detection[ C]J // 2019 IEEE International Workshop on

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Signal Processing Systems (SiPS). NJ:IEEE,2019:330-335.
KE J,ZHENG H, YANG H, et al. Short-term forecasting of
passenger demand under on-demand ride services: A spatio-tem-
poral deep learning approach [ J ]. Transportation Research.
2017,85¢c(dec) :591-608.

LAT G,CHANG W C,YANG Y.et al. Modeling Long- and
Short-Term Temporal Patterns with Deep Neural Networks
[C]//The 41st International ACM SIGIR Conference. New
York: ACM,2018.

CHU B,LI Z S.ZHANG M L,et al. Improvement Research on
Feature Selection Algorithm Based on Forest Optimization[ ] ].
Journal of Software,2018,29(9) :2547-2558.

DASH M, LIU H. Feature selection for classification[ J]. Intelli-
gent Data Analysis,1997,1(3):131-156.

MA X,SHA J, WANG D, et al. Study on a prediction of P2P
network loan default based on the machine learning LightGBM
and XGboost algorithms according to different high dimensional
data cleaning[ ] ]. Electronic Commerce Research and Applica-
tions,2018,31:24-39.

TORLAY L,PERRONE B M, THOMAS E. Machine learning-
XGBoost analysis of language networks to classify patients with
epilepsy[ J]. Brain Informatics,2017,4(3):159-169.
DAUBECHIES 1. The wavelet transform,time frequency locali-
zation and signal analysis[J]. IEEE Transactions on Information
Theory,1990,36(5) :961-1005.

HUANG G B. Learning capability and storage capacity of two-
hidden-layer feed forward networks[ ]J]. IEEE Transactions on
Neural Networks,2003,14(2) :274-281.

LI Y F,XIE M G, THONG N. A study of project selection and
feature weighting for analogy based software cost estimation
[JJ. Journal of Systems and Software,2009.82(2) :241-252.
FAMA E F. Random walks in stock market prices[ ]J]. Financial
Analysts Journal,1995,51(1) : 75-80.

AL-SHUBIRI F N. Analysis the determinants of market stock
price movements: An empirical study of Jordanian commercial
banks[ ] ]. International Journal of Business and Management,

2010,5(10) :137.

WANG Xiao-di, born in 1981, master.
His main research interests include arti-
ficial intelligence, data mining and so

on.




