BB FFHI IR 2 SRR R R
RESCHT, BRERK, BRAu1E

FIHASLC:
FRESCHT FRAR T SRS T, 12 317 81 I N 28 25 R R A 2 BT, 9 E R G821, 2023, 18(2): 240-250.
KANG Wenxuan,CHEN Lifei,GUO Gongde. Spatiotemporal structure feature representation model for motion sequences[J]. CAAT

Transactions on Intelligent Systems, 2023, 18(2): 240-250.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202203011

L] RERGBR A HAN SO
LT[ A5 A (S ] PP 51 SR 234

Association rules analysis of time series based on synchronization frequent tree

BHERG AR, 2021, 16(3): 502-510  https://dx.doi.org/10.11992/tis.202008012
BE i 23 Rl AR A2 A ) Bl SCRU 7 v

Active semantic recognition method based on spatial-temporal period pattern mining

BHER G FAR. 2021, 16(1): 162169  hitps://dx.doi.org/10.11992/tis.202012035
FET IR RIS PR i i P A s SR

Personalized attraction recommendation based on the knowledge graph and users’ long—term and short—term preferences

BIHE ARG AR, 2020, 15(5): 990-997  hitps://dx.doi.org/10.11992/tis.201904064
o3 B R A AU FIVE T S 50 sl 285 i ) sy v

Dynamic time warping based on piecewise aggregate approximation and data derivatives

BIRER G 2016, 11(2): 249-256  https://dx.doi.org/10.11992/tis.201507064
TR SE I PR

Object classification based on the tactile sequence

I BE RG24 2015(3): 362-368  https://dx.doi.org/10.3969/].issn.1673-4785.201408026
FEFRENERE R 19 Z2 O (R 51 die/NFE 5 8 v

A minimum distance measurement method for a multivariate time series based on the feature matrix

FIRE R G52 2015(3): 442447 https://dx.doi.org/10.3969j.issn.1673-4785.201405047


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202203011
https://dx.doi.org/10.11992/tis.202008012
https://dx.doi.org/10.11992/tis.202012035
https://dx.doi.org/10.11992/tis.201904064
https://dx.doi.org/10.11992/tis.201507064
https://dx.doi.org/10.3969/j.issn.1673-4785.201408026
https://dx.doi.org/10.3969/j.issn.1673-4785.201405047

9518 B 2 M B OB R & o i Vol.18 No.2
2023 423 H CAAI Transactions on Intelligent Systems Mar. 2023

DOI: 10.11992/ti5.202203011
[ £& H AR B 3E - https:/kns.cnki.net/kems/detail//23.1538.tp.20221223.1550.002.html

Z B Fr 5 R = S R IE R i B

}%Kfﬁ'lz ]IZ'J: /J\,E‘123 ‘,I.Sg%,‘t,l23

(1. AEFERF HEMNE M T ELFR, A BN 350117, 2. X FHERFRNYER LT, BE B
M 350117; 3. 4@ &4 B R 25 P, 481 48 M 350117)

# E: 23PN E M 52 IE XN 24T [E T84 A4 T ) Z B B SRS RS A2
Y 5 5 FAE 7 1K 22 JE T 48 B2 (W AR B0 ST A I sl s 2 R AR REPE, ik, 48 i — il 32 303 50 19 B s 454
FRAE IR B N L B B A 1 ko B 06, SR TS [ AR AR 4 O 1k, s 2 A () )5 0 AR 48 ol — 4 S 1R
G, UARTE RS i 23 [ S5 M 450k . 3538, 58 LT — P 28 5 M S AE B0 0 B s R . T E XY ERE
B, S N R R I — 2 B AR AR TR A K i oo i 2 SR AE . E 2 A AT iR
FEARLE LS aE SRR, 5IA 2 40 8] 77 51 378 O B L, BT R R AE 4R TR AR SR, A2 BT AR
R 4TI AT LA B T o 2R

LG Z BT YRRt T 5 ERAE AR I B 2SR E F R B 23 H) AR DGR TR A ISR HA T Ak
7 iR

FESES . TP301.6 XEIREHL: A XEHS: 1673-4785(2023)02-0240—11

S| AR R CH, BRE Y, BEE EHF I ZEMBFERTER J). R RFFR, 2023, 18(2): 240-250.
#1325 A183: KANG Wenxuan, CHEN Lifei, GUO Gongde. Spatiotemporal structure feature representation model for motion se-
quences[J]. CAAI transactions on intelligent systems, 2023, 18(2): 240-250.

Spatiotemporal structure feature representation
model for motion sequences

KANG Wenxuan'”, CHEN Lifei>’, GUO Gongdel’z’3

(1. College of Computer and Cyber Security, Fujian Normal University, Fuzhou 350117, China; 2. Digital Fujian Internet-of-Things
Laboratory of Environment Monitoring, Fuzhou 350117, China; 3. Center for Applied Mathematics of Fujian Province, Fuzhou
350117, China)

Abstract: The motion sequence is a multidimensional time series associated with motion signals, and there are high
coupling characteristics between different dimensional sequences. Most of the existing multidimensional sequence rep-
resentation methods are based on the assumption that the dimensions are independent or lack interpretability. As a result,
we propose a spatiotemporal structure feature representation model for motion sequences and its two-stage construction
method. First, the multidimensional time series are transformed into one-dimensional event sequences using the trans-
formation method of spatially changing events, preserving the spatial structure characteristics of sequences. Second, an
unsupervised mining algorithm for spatiotemporal structure features is defined. A collection of representative event
grams of various durations and low redundancy are extracted from the event sequence as spatiotemporal structure fea-
tures using the newly proposed representation measure. The experimental findings on various datasets for recognizing
human behavior demonstrate that the new model’s feature set is more representative than the methods currently used to
represent multidimensional time series, and it can considerably increase classification accuracy in the domain of motion
sequence pattern recognition.

Keywords: motion sequence; multidimensional time series; feature extraction; spatiotemporal feature representation

model; spatial transformation; key subsequence mining; event sequence; human activity recognition
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Table 1 Details of the data sets for experiments
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Table2 Comparison of classification accuracy obtained by different classifiers using different representation methods

s FAFATAY HAR LIBRASI LIBRAS2 WISDM
STEM 0.70+0.04 0.86+0.09 0.89+0.05 0.96+0.03
CAE 0.51+0.05 0.88+0.06 0.83+0.06 —
1-NN TF-IDF 0.30+0.05 0.61+0.10 0.88+0.05 0.81+0.06
N-gram 0.200.03 0.40+0.05 0.500.09 0.64+0.02
DTW 0.47+0.05 0.92+0.03 0.78+0.07 0.41£0.05
STEM 0.780.04 0.90+0.06 0.94+0.05 0.97+0.04
CAE 0.20+0.05 0.78+0.09 0.59+0.07 —
SYM TF-IDF 0.19+0.02 0.34+0.11 0.49+0.10 0.39+0.05
N-gram 0.20+0.03 0.40+0.05 0.50+0.09 0.64+0.02
LSTM W 0.24+0.10 0.19+0.09 0.210.06 0.45+0.08
OWBC WE 0.77+0.04 0.81+0.08 0.93+0.04 0.92+0.06
TapNet W 0.78+0.03 0.93+0.01 0.81+0.06 —
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Table 3 CPU time in seconds consumed by different methods for sequence classification s
e AR HAR LIBRASI LIBRAS2 WISDM
STEM 5.20 0.89 0.64 40.32
CAE 15.02 5.64 5.44 —
KNN(I-NN) TF-IDF 0.58 0.03 0.17 37.80
N-gram 0.47 0.01 0.12 33.88
DTW 17.59 2.85 2.85 894.50
STEM 5.97 0.85 0.62 41.14
CAE 15.97 5.45 6.01 —
SVM
TF-IDF 1.63 0.18 0.97 43.23
N-gram 0.54 0.05 0.11 40.97
LSTM WHE 8.39 3.74 431 661.14
OWBC NE 4.55 0.51 0.94 58.09
TapNet WE 38.22 42.02 42.03 —
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Table 4 Comparison between the n-grams and the RTS features on the four event-sequence sets

. n=3 n=6 n=9 n=12 n=15
FIGITES
SCE RTS SCE RTS SCE RTS SCE RTS SCE RTS
HAR 3563 134 5531 120 4922 101 — — — —
LIBRASI 117 322 1200 235 1626 253 1725 243 1679 212
LIBRAS2 275 125 1394 345 2668 367 3087 344 2954 304
WISDM 14627 3351 282989 34747 663428 38579 738462 38605 757230 38586
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