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Timestamp alignment method of multi-dimensional
time series sequence to reduce data sparsity
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[ Abstract] Multi-dimensional time series refers to a series of data points arranged in the order of time, which is widely used in
astronomy, medical treatment, transportation and other fields. Due to poor collection technology or the physical properties of the
sequence, there are often more missing values and a large number of irregular sampling in the time series sequence record, which
greatly increases the sparsity of the time series sequence. In the end, many deep learning time series sequence classification
algorithms cannot work normally, and problems such as poor algorithm effect and long algorithm—training time occur. In the face of
these problems, the current common method is to simply delete or use expert knowledge to do resampling. The former will result in
a smaller data size, and the latter will increase the cost of the algorithm. In this paper, a semi—automatic preprocessing method is
constructed using the timestamp data of the time series sequence. Experiments on the public data set MIMIC-III, Physionet and
kidney transplantation data set show that the method proposed in this paper can effectively reduce the sparse scale of the data while
basically not losing the effect of the algorithm, and can save the algorithm training time on average by 42.1%.

[ Key words] multivariate time series classification; deep learning; missing values; irregular sampling

A Gt 2 LI A AN KLU SR A A B 4

0 3 & AERES P 7 S BB A B P KA 0, BELE T4 24

FERE Z20) Z 4 b I E] P51 4326 (time series
classification , TSC ) B A A 2B P 12 48 v e HL Pk i P
(] —2 B RO TR R, A
2015 4ELIRE A B0 Bl TSC SRk g i T
N [ PP 9 B 1 19 ORI R, L — > i A Ao
NN FE AT 55 vh 0 2 Hh B )7 5 B0
I IR]Y 51 )2 A7 AR 2 280 58 AR A 45 v {dt e
O NS SN B 2 R A 2K R 45
4 ARG, R E TR RR R P A B R R |
AR (BT A R A A RS

ST,

BE XS I P 51 e i 1 R, WA ] 6 A ke D7 v
K&, FEAT LGy 2 28, —J2 LA G O JE il
HEAT T IR R R AR s R R IR B 2% 2 45 05 ik
S5 2 i R RS R B2 2 HTE REA K
ST AR A B e e 471 500 ) O 00 A% i S5 B R T Bk
FRAEMIAMRME E ) J5 3 IR B 2 S 3 K
TGRAERE ) AU 5 BE T R 52 LUK 1 LR F1 53
%[11—14] .

BT ORI 7 V5 AT R i, (H 2

EBRIT: 2 (1995-) 5 BULOS0 L BRI T 07 ]« BE 2415 B R GU R (B2 N T AR KRS (1965-) 33, L Rl i, i A
SO, EROSET ) R R R ARG SRR AN TR A EHR AR RS

WIAEE . BT
KfEEHE. 2021-11-19

Email ; zhengjianli163@ 163.com

Ve B E RN o744 4l L 5 & A




136 B o /5 M5 MM

12 %

HBRIN 3% g W T IR 2 ) T IR AR A e AR
ELEBMNE BRSO ARSI ROR (2 M2 T
AHUNERAESE R, 1t At , Bt 4 v n] BEA7 AE R 70
WE B R R i AR A OB R B
BRSO KA THrAN . A SCHR H — P T2 4
HR A S TR AR B , 3 o 5l s ] BBOX 5 AR R
FETTIR AEZ A TR LA B RL A B 4R R 4F
SRR Y TRBE “2 ~) I 7 7 91 03 203k g S g 3k

N
0
1
3 Template
4 0
1
= 2
0 3
4
2 5
4 6
5
6

observed value

unobserved value

WA I J7 E RERS AESE AR AR A RCR A [R5
il N B 1) s R AL LS R )1 ZR s
1 MBXAE

TEATT i AR 4 1 Z2 e I Fe ) B A G
S, Z 508 H 5% T 9k 23 O N 1) R0 5% A T o A
R R YRE R R R B 1 i
IR

g0

0 0y
=2
o =

[
==

QB

[ R I [ |
—m N — m o o

R
CICR GO NK)

g6

mean value

B1 MEBXFNTRERERSE

Fig. 1 Schematic diagram of time stamp alignment and downsampling process
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Fig. 2 Data distribution density of Physionet data set
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Tab. 1 AUC effect table of GRUD and Interp—net models on Physionet, MIMIC-III, and kidney transplantation data sets
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IR Wb S i Wb H A 46 Lb S
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Tab. 2 Training schedule of GRUD and Interp—net models on Physionet, MIMIC-III, and kidney transplantation datasets
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Physionet MIMIC-TII (FRE20
IR Wb H S i B A 46 Ab S
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