36 A5

Re#MEALE5R

Journal of Tianjin University of Science & Technology

Vol.36 No.5

2021 410 H Oct. 2021

DOI:10.13364/j.issn.1672-6510.20200203
HFHARAHEA: 2021-06-07; #FHARMIE: http://kns.cnki.net/kems/detail/12.1355.N.20210604.1637.005.html

E T35 SRR FF BT 77 = R ik

R, A, B, EEE, B, £ OU8, XA
(REBHE R N TR RESBE, KEE 300457)

B E. MBF I RIIBEREARKE ST RIZIRG 2T B 2R BAE D . B HIETN — AR KB
b o E BB E L THE S T RTINS 285k BTN kA dE BTN k. ST mﬁrﬁaﬁ
R, 55 EE E R TR B HIETRN ; ELETN 5k ih 2 72, AR B RAF AR PR B P AR Z A v JE &t

F, RE BAF M At BT B BB AT RN AR SR AL B BT B SR TN A 4, 5B BTN kAT IR M, E /\#fr
LT F ik, IR LR R R AR

KB ML BUTPEURTON ; MR R P, RS Bk

FESYES: TP391 XERRERAD: A XEHS: 1672-6510(2021) 05-0001-09

Review of Prediction Methods of Time Series Data
Based on Machine Learning

ZHAO Tingting, HAN Yajie, YANG Mengnan, REN Dehua, CHEN Yarui,
WANG Yuan, LIU Jianzheng
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Machine learning, as the main tool for data analysis and mining in the era of big data, has been widely studied
and used. Time series data analysis is always the key and difficult point in data mining. Time series data prediction methods
based on machine learning are mainly divided into linear prediction methods and nonlinear prediction methods. The linear
prediction methods are simple and easy to model, which are suitable for short-term time series data prediction ; while nonlin-
ear prediction methods cover a wide range, which can well capture the nonlinear relationship between time series data, and
can better predict the data. This review article, taking stock time series data prediction as an example, introduces the time
series data prediction method in detail, focuses on the analysis of the non-linear prediction method, and finally explores its
future development trend.
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Fig.1 Prediction model based on BP neural network
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Fig. 2 Prediction model based on SVM
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Fig.3 Prediction model based on LSTM
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BT s A5~ I e R T 5 vk 2 L
NCES

— SRR E IR RS R B P R T
BIE AR A B L 20h | SRS S R AL 5~ SR B
B S A A A8 A (g o AR PV TR B R OR O M=
<S,4,P,R>. Hrf: S Jy iy R RS LA 4
PRI, HCA SR SEE G SR PFROR
R, TSN, P00 7 ] A
N P(s s a) » Fon ¢ 2RISR s, RIS 3)
VB a, JRARAG T — I 2B SR B s, 5 R 03Dl e
B m A Al R

5 —4 5 (18)

Fobs s, e SR 1+ BZINIREHE, o c AFR 1 B
RS, 5. Fk 1+ 1 AR
i, PLERBF R R, ] TD 5955 IR
% Q [M%UYRI DDPG FLP ARl T X F RS
T, FFHAT T AR AR

73— IR R A~ 20 0 T AL TR f 1) 245 45 s
S EHATIAL. 2T 15 00 28 G0 i A 14 %

FRABKLEER F36k F5H

PEBEAT AR, ORI otk Al ST BB Fioka th A AR
Wt S A2 T 28 Gex b A i B i plo Ak, Head e vl
P 750K, IR R TSR A ] BP Ml
pZ% (RBP) , Ml Ak %> %F BP Mz MZ8iEA T 2400
b, IS BUBEER T , AR e S B R 48 A Fey )
fF [F] B S0 B2 o T TS 2 5 Boris® SR AL 2% > A
#| GAN f, AWOU SR T, e T i
JeTT B AW AR AR B S EUSORJCEE FE DL A [

sfbss o)

E7 EFE4FEIBEHmnER
Fig. 7 Prediction model based on reinforcement learning
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Tab.1 Data list of different time of each feature
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2017-12-20 73.94 73.49 74.59 73.08 93 938 288 0.008 7 71.792
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2017-12-22 74.02 74.8 75.2 73.63 7195 658 0.006 6 73.482
2017-12-25 74.16 74.06 76.17 73.37 110 997 896 0.010 2 74.201
2017-12-26 73.94 74.11 74.56 72.88 83 228 950 0.007 7 74.136

R T PR AL A FONRE B, FEAR AL T 2R

F T T B R A T U — AR A BT 22 ity ) —
7R 0 BEIA—Ab 57 (z-score) , 1% 5 2 i
IR IR L PHE B LR EZE | 20207 A BRI %
PP EAREE RS, Bl ~ N0, 1). H—fbs%at
BT RN
x—u

o

Horbr: x NSRRI, 1 A BCE B 1
8, o MITARCEESIRREZE. ¥ HIH—1LE Ik
SEE.
3.2 EfriEtR

KT B B5CH R TROAT: 55 (%) L b 2 A S R 5 )
Bl 5 B Dy s 2 ) iR 22 IR T e/, TR
2 (mean square error, MSE) AJ DAAR fef b iy i 4% A5
A BN ZRECR, R MSE 72 SURERY 451 2k iR R
Al RN A

1 N
loss=— (% —x,)>
N;( = X,)

o N FoR SR N AEZ], %8 ¢ B
Z A B SRS B T, x, A ¢ B 220 P B S 1
SAH.

B T4 MSE 1E btk s, (i P24 0t
% MAE ., ¥ 722 RMSE FIPE465% 43 He iR 22
MAPE  F3FAl 512k Js e s S5 5 1 ol i Ao L s
{EZ [E 12, MAE . RMSE F1 MAPE [#{E /N
7 TN RN EL SR =22 [] () 152 22 760/, RS0 f T 34
kAT

(19)

Xx=

(20)

1,
MAE=—>"|% —x, | 1)
NS
1 N . )
RMSE = [—>(%, -x,) (22)
Nt:l
1 &% —x |
MAPE = — ' 121l
NZ‘ . (23)

3.3 REINLLER
N T 2 LI A% I P ek T 5 32 A M A

o P A PERE , A ST S T A B I TR 45 R
RT3 TR 5 AEIEE B
RMSE . MAE ., AR ~F-3A(EAE R B0 7 325 () v e 1
fili. PIZE R LR 2 AL AR > F R fe HE T
45 KA MAE,RMSE Hl MAPE 2 BIXF s 847
TINS5 B SE AR 221/, AR Fon 5 MERAEIE
T4 B vk 5. SR 2 ATAL FEPT L
BT, GAN AL A, BAT AR RE.
F2 M SPREHEENTHEN

Tab.2 Averaged performance on five stock data sets

Ak MAE MAPE RMSE AR
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