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Time series semi-supervised classification based on Locality Preserving Projections
SHAN Zhongnan, WENG Xiaoqing, WU Tianhong
(Information Technology College, Hebei University of Economics & Business, Shijiazhuang 050061, China)

[ Abstract] In the field of time series research, semi-supervised classification technology has attracted more and more attention.
The existing research mainly focuses on semi—supervised classification of time series of raw data. In general, the dimension (length)
of the time series is relatively high. It is very important to choose the appropriate dimensionality reduction technique in the semi—
supervised classification method. This paper proposes a time—semi—supervised classification method based on Locality Preserving
Projections. The method first uses the locality preserving projections to reduce the dimensionality of the time series samples, and then
semi—supervised the reduced —dimensional data. The experimental results in 15 time series datasets show that the classification
performance of this method is significantly better than the existing methods.
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Tab. 1 Dataset description
.- e/ S o IR g wEE
ELN M A% BAR KRE
1 Gun_Point 2 50 150 150
2 CBF 3 30 900 128
3 lighting2 2 60 60 637
4 Synthetic_Control 6 300 300 60
5 SonyAIBORobot Surface 2 20 601 70
6 Beef 5 30 30 470
7 ECG200 2 100 100 96
8 ECGFiveDays 2 23 861 136
9 Symbols 6 25 955 398
10 TwoLeadECG 2 23 1139 82
11 FaceAll 14 560 1 690 131
12 yoga 2 300 3 000 426
13 TtalyPowerDemand 2 67 1 029 24
14 MoteStrain 2 20 1252 84
15 Wafer 2 1 000 6174 152

R2~4 PIHE 2~4 HN 3 B4 T ] Wei_
SSCTS, LPP_SSCTS HJ Precision LA KA S 4L,

SIHTRTAL, LPP_SSCTS 7€ 15 M8 4 1432k
1) ¥ ¥ Precision {5 T Wei _ SSCTS [ °F 3
Precision, 2 TR Precision B nSeeds 1
KIMTIG I, i WG I 4 IE AN, BB 4 5 5
sy detERe, N S T LIE S, Y nSeeds 4 1,
3.5 0}, LPP_SSCTS 5 Wei_SSCTS F# Wilcoxon 15
BRAG I AR p (H#R/N T 0.05, B LPP_SSCTS 1
IrEPERE . ML T Wei _SSCTS,
3.3 SEMFEESEMRNZI

ARSCHE [ LPP_SSCTS Rk A 3 M54, .
PCA ratio JifL 38 k (98U | ISR AL\ d, K1
v 0 T £ Synthetic _ Control % # % I, 4
PCA ratio = 0.66 . H i 28% k = 10 B}, Precision
BEHRALEE d W72 TE 0L, 18 2 45 1 T 7E FaceAll
Bt 1, 24 PCA ratio = 0.86, HI TS5k = 6
i, Precision B AGEEL d WAL TN . M 1 F1
Bl 2 ATLAA i A ZEER d X3RS R K
M. M AGEE d HLE/NET, Precision R, 72
AR X B0, — AT B B A B Sy s 2 A [ 9 IX
A B LS TRk A S R P SR T —i; B
HIRALEEL d BN, Precision TRE T,
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Tab. 2 Precision of various methods when nSeeds =1

nSeeds = 1
LEIE S
Wei_SSCTS LPP_SSCTS £
Gun_Point 0.61 0.63 d = 50, PCA ratio = 0.99, k = 4
CBF 0.34 0.35 d =27, PCAratio = 098, k = 5
lighting2 0.52 0.62 d =2, PCA ratio = 0.97, k =5
Synthetic_Control 0.19 0.76 d = 3, PCA ratio = 0.66, k£ = 10
SonyAIBORobot Surface 0.40 0.56 d =2, PCAratio = 0.96, k = 8
Beef 0.63 0.81 d = 15, PCA ratio = 0.99, k = 6
ECG200 0.78 0.78 d = 48, PCA ratio = 0.79, k = 6
ECGFiveDays 0.52 0.53 d =22, PCAratio = 095, k = 4
Symbols 0.52 0.53 d = 24, PCA ratio = 0.77, k = 11
TwoLeadECG 0.53 0.53 d = 21, PCA ratio = 0.96, k = 11
FaceAll 0.45 0.46 d = 23, PCA ratio = 0.86, k = 6
yoga 0.43 0.47 d =2, PCAratio = 0.87, k = 11
TtalyPowerDemand 0.61 0.64 d = 3, PCA ratio = 0.99, k =5
MoteStrain 0.61 0.59 d =19, PCA ratio = 0.70, k = 15
Wafer 0.88 0.90 d =76, PCA ratio = 0.98, k = 5
S 0.53 0.61
%3 nSeeds=3 B &M T LK Precision
Tab. 3 Precision of various methods when nSeeds=3
nSeeds = 3
Biln sk
SR AR EE LPP_SSCTS BH
Gun_Point 0.61 0.65 d = 50, PCA ratio = 0.99, k = 4
CBF 0.37 0.39 d = 27, PCA ratio = 0.98, k =5
lighting2 0.52 0.64 d =2, PCAratio = 097,k =5
Synthetic_Control 0.20 0.85 d = 3, PCA ratio = 0.66, k = 10
SonyAIBORobot Surface 0.30 0.59 d =2, PCA ratio = 0.96, k = 8
Beef 0.79 0.92 d =15, PCA ratio = 0.99, k = 6
ECG200 0.78 0.78 d = 48, PCA ratio = 0.79, k = 6
ECGFiveDays 0.53 0.57 d =22, PCA ratio = 0.95, k = 4
Symbols 0.80 0.84 d = 24, PCA ratio = 0.77, k = 11
TwoLeadECG 0.55 0.60 d = 21, PCA ratio = 0.96, k = 11
FaceAll 0.64 0.69 d = 23, PCA ratio = 0.86, k = 6
yoga 0.44 0.47 d =2, PCA ratio = 0.87, k = 11
TtalyPowerDemand 0.61 0.64 d =3, PCAratio = 099, k =5
MoteStrain 0.61 0.65 d =19, PCA ratio = 0.70, k = 15
Wafer 0.91 0.92 d =76, PCA ratio = 0.98, k = 5

SEH(E 0.58 0.66
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Tab. 4 Precision of various methods when nSeeds =5
nSeeds = 5
AEE S
Wei_SSCTS LPP_SSCTS 24
Gun_Point 0.61 0.65 d = 50, PCA ratio = 0.99, k = 4
CBF 0.38 0.42 d =27, PCA ratio = 0.98, k = 5
lighting2 0.52 0.65 d =2, PCAratio = 097, k =5
Synthetic_Control 0.20 0.87 d = 3, PCA ratio = 0.66, k = 10
SonyAIBORobot Surface 0.30 0.60 d =2, PCAratio = 0.96, k = 8
Beef 0.83 1.00 d =15, PCA ratio = 0.99, k = 6
ECG200 0.78 0.78 d = 48, PCA ratio = 0.79, k = 6
ECGFiveDays 0.56 0.59 d =22, PCAratio = 0.95, k = 4
Symbols 0.86 0.88 d =24, PCA ratio = 0.77, k = 11
TwoLead ECG 0.57 0.64 d =21, PCA ratio = 0.96, k = 11
FaceAll 0.72 0.83 d =23, PCA ratio = 0.86, k = 6
yoga 0.43 0.47 d =2, PCAratio = 0.87, k = 11
ItalyPowerDemand 0.62 0.65 d =3, PCAratio = 099, k =5
MoteStrain 0.63 0.70 d =19, PCA ratio = 0.70, k = 15
Wafer 0.92 0.93 d =76, PCA ratio = 0.98, k = 5
FHME 0.60 0.71
* 5 Wilcoxon FEHKRIS
Tab. 5 Wilcoxon signed rank test
nSeeds = 1 nSeeds = 3 nSeeds = 5
signedrank {E WE=E p (1 signedrank {H HEZE p {H signedrank {f W& p E
Wei_SSCTS 5 LPP_SSCTS 6 0.003 4 0 1.220 7e-04 0 1.220 7e-04
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Fig. 1 The Precision of Synthetic_Control dataset changes with the

number of embedding dimension d
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Fig. 2 The Precision of FaceAll dataset changes with the number of

embedding dimension d
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Fig. 3 The Precision of Beef dataset changes with the number of
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Fig. 4 The Precision of ECG200 dataset changes with the number
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Fig. 5 The Precision of Symbols dataset changes with PCA ratio
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Fig. 6 The Precision of Synthetic_ Control dataset changes with
PCA ratio
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