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Imbalanced Time Series Multi-Classification Method

Based on Two-Steps Algorithm

Chen Liming,Huang Shiru, Xiu Baoxin,Zhou Yun
(Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha 410073, China)

Abstract : This paper proposes a multi-classification method of imbalanced time series based on two-steps classification
algorithm, and takes the 15-minutes trading data of“Shanghai Stock Exchange 50 index” as an example to conduct an
experimental test and analysis. The results show that,in most cases, the two-steps classification algorithm has a higher
accuracy, recall rate and F1 value than the single algorithm,and that it can solve the problem of multiple classification of
unbalanced time series more effectively.
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Fig. 4 Flow chart of two-steps algorithm
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Fig. 6 Two-steps classification experiment flow chart
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Table 1 Comparison of specific classification results
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21— KNN 0.28 0.62 0.39
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Pi— KNN 0.39 0.23 0.29
24 i LSTM 0.46 0.38 0.42
H4F LSTM1+KNN 0.61 0.76 0.67
F 4T LSTM1+LSTM2 0.61 0.76 0.67
Pi— KNN 0.50 0.62 0.39
TA H— LSTM 0.57 0.70 0.62
H117 LSTM1+KNN 0.20 0.18 0.19
117 LSTM1+LSTM2 0.30 0.21 0.25
2i— KNN 0.65 0.42 0.51
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Sz .
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Wiibl 4, 45 2T B AT 0 BRSPS 6] PP 81 22 932607 1k

RGBT RRR SR AL T —5 H R2 RESRERIL
;ﬁg*/i 1'1H1§ ﬂﬁ 0.6. Uﬂ % il@ 5'% Z’K iﬁ\ ﬂ{l B‘EE E lil E ﬂ:‘ Table 2 Comparison of overall classification results
B BUBR N, B2 B S. AERE, P s prcision_recall_ Fllseore
WSEAARTRIRY AUC (i, R AT —& 5T, Ntk i 71 R i KN 0.48 0.4 0.4
P74 SSEEME ML T O PTRIBEY AUC . ot oz o
4T LSTM1+KNN 0.60 0.66 0.62

DA 855 A SC AR B 458

(1) SEB I UE T 5B A7 43 28 51 A Ak 3HAS Y- Ay Biof
[E] )55 2 2 )8 AR, 200 DB 2 BN o 2588 At AR AT 3" WA 28 T AL
i DRASSY A 4 245 [ A

(2) Tie Rl B AT 0288 FE 25U IR, LSTM B Y 2R T35 T DTW 8 KNN 32,

(3) PAT /T EBIERORAR KR E e T8 — 2 ds. SRR 2ROR i i AT e
ANorEds.

4 4hiE

ARGl AL AT 20 Se NG D HER AR M 2 B 0 2648 FHEE 6 0 R BB 20 2R 5 125, T A AL
SRS I ) 797 22 43 2 Il SR 5 AR 1 #AT 200 Bk A R (BT AAAE LT ST fE .

() I FERARA AL, Bl I 2RA00CR

HAT T B A R SRS B SRR, L AZ BR Tl USRI, sk LA HR AR G O R 2 2 > B 1y
RACRAA TR, BT, —Jrm T LA e se 8, o5 — 5 T v] LR 8R4 20 SRS E I A 3 28 8
W PR P Ay 2. S AR R 2T R Ok S AT AR BIACR BE AR A 4L 4y 2 AR BN, FEER AT 4y
FEERHEAL 2 b AT DU LGB A AU A PRASSF- I 1] J 51 53 2 1) 74

(2) SIABLGE R mE > AT AR

ARSC R IR R A A W3R F1 1350 AUC 555 PPN R AR EAT 70 RARBORIT A, X 5 1Rl 5
SRR I oM. P, JE SEMT SR A BN 22 WA B SR L, BT IR SR, IAKUBS: I 25 DT
BRI DRSS 30T 1 FH A A 25

(3) BT 2P RE LR S UL

AR SCHENT B ER AT 22 43 A A S AE 4 B TR) 7 51 © 45 B 90k, B4 o — 2B il gk, (Haz
V0 I AR ST BT X, REAR A L T e 2R B R 8 | 5 i — 2D PR

FRAT A BRI “ 2 43 28 e NS Al5 ™ ) 80, LR T 2 HE B350 A% P 1 1) AT, 38 ) 5 3 fft
. PRt TR NE S 11 85 A IO A0 (L, 7 1 1 S0 0 0 v B 2 0 — 26 B0 E (32 SR E" RS
12 4y

HB4T LSTM1+LSTM2 0.61 0.66 0.63

[ &3k | (References)

[1] WANG Z,YAN W,0ATES T. Time series classification from scratch with deep neural networks ;a strong haseline[ C]//2017
International Joint Conference on. Alaska,USA .IEEE,2017.

[2] KARIM F,MAJUMDAR S, DARABI H,et al. LSTM fully convolutional networks for time series classification[ ] ]. IEEE
access,2017,6(99) . 1662-1669.

[3] AHN J,LEE J H. Clustering algorithm for time series with similar shapes[ J]. KSII transactions on internet and information
systems,2018,12(7) :3112-3127.

[4] JERZAK Z,ZIEKOW H. The DEBS 2014 grand challenge[ C]//ACM Press the 8th ACM International Conference. Mumbai,
India,2014.

[5] MUTSCHLER C,ZIEKOW H,JERZAK Z. The DEBS 2013 grand challenge[ C]//ACM Press the 7th ACM International
Conference. California, USA ,2013.

[6] LINES J,DAVIS L. M,HILLS J,et al. A shapelet transform for time series classification|[ C]//Proceedings of the 18th ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining. Beijing, China,2012.



P UM R A2 2R (TR R ) 55 19 55 3 11 (2019 4F)

[7]

[8]
[9]

[10]

[11]

[12]

[14]

[15]

[16]
[17]

[18]

[20]

[21]
[22]

[23]

[24]

[25]

[26]

LIU X Y, REN C L. Fast subsequence matching under time warping in time-series databases [ C]//2013 International
Conference on Machine Learning and Cybernetics(ICMLC). Tianjin, China,2013.

WEISS G M. Mining with rarity : a unifying framework[J]. ACM sigkdd explorations newsletter,2004,6(1) :7-19.
PURWANTO P,CHIKKANNAN E. Enhanced hybrid prediction models for time series prediction[ J]. The international arab
journal of information technology,2018,15(5) :866—874.

KEOGH E,LIN J,TRUPPEL W. Clustering of time series subsequences is meaningless: implications for previous and future
research[ J]. Knowledge & information systems,2005,8(2) :154-177.

ERGEZER H,LEBLEBICIOGLU K. Time series classification using point-wise features[ C]//IEEE 2017 25th Signal Processing
and Communications Applications Conference(SIU). Antalya, Turkey,2017.

RAJKOMAR A,OREN E,CHEN K, et al. Scalable and accurate deep learning for electronic health records[ J]. NPJ digital
medicine ,2018,18;1-18.

NWEKE H F,TEH Y W,AL-GARADI M A et al. Deep learning algorithms for human activity recognition using mobile and
wearable sensor networks :state of the art and research challenges[ J]. Expert systems with applications,2018,105:233-261.
WANG J, CHEN Y, HAO S, et al. Deep learning for sensor-based activity recognition:a survey [ J]. Pattern recognition
letters,2019,119.3-11.

NWE T L,DAT T H, MA B. Convolutional neural network with multi-task learning scheme for acoustic scene classification
[ C]//9th Asia-Pacific Signal and Information Processing Association Annual Summit and Conference. Kuala Lumpur,2017.
SUSTO G A,CENEDESE A,TERZI M. Big data application in power systems[ M |. Canada:Elseview,2018;179-220.
BAGNALL A, LINES J,BOSTROM A, et al. The great time series classification bake off:a review and experimental evaluation
of recent algorithmic advances[J]. Data mining and knowledge discovery,2017,31(3) :606-660.

YI M,CHEN W,CHEN Y, et al. An integrated data mining approach to real-time clinical monitoring and deterioration warning
[ C]//ACM Sigkdd International Conference on Knowledge Discovery & Data Mining. Not Wiki,2012.

KRAWCZYK B, GALAR M, JELEN L, et al. Evolutionary undersampling boosting for imbalanced classification of breast
cancer malignancy[ J]. Applied soft computing,2016,38.714-726.

WEI W, LI J,CAO L,et al. Effective detection of sophisticated online banking fraud on extremely imbalanced data[ J]. World
wide web,2013,16(4) :449-475.

MARKOWITZ H M. Portfolio selection[ J]. Journal of finance,1952,7(1) :77-91.

AR Hldss 2] [M]. JEat iR R 2016.

ZHOU Z H. Machine learning[ M]. Beijing: Tsinghua University Press,2016.(in Chinese)

KEOGH E,KASETTY S. On the need for time series data mining benchmarks :a survey and empirical demonstration[ J]. Data
mining and knowledge discovery,2003,7(4) :349-371.

FNI L BRAS, 75 Python 58 AL 98 AIEAIE ST M. dE5T: s 7 Toll Akt 2018.

WANG X C,CHEN J,LU W,et al. Python and quantitative investing : from basics to practice[ M |. Beijing; Publishing House
of Electronics Industry,2018.(in Chinese)

Fr i HALEHE L Python 3 TR M]. dEaT: B 5Tl Attt , 2017

CAI L D.Quantitative investing:use Python as a tool[ M ]. Beijing: Publishing House of Electronics Industry,2017.(in Chinese)
L. et Uik [ M. Rt R R A 2012,

LI H. Statistical learning methods[ M ]. Beijing: Tsinghua University Press,2012.(in Chinese)

[FTAE% . TR K]



