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Unsupervised time series anomaly detection based on subspace reconstruction
GE Ningzhen, WENG Xiaoqing, YUAN Zixuan

(Institute of Information Technology, Hebei University of Economics and Business, Shijiazhuang 050061, China)

Abstract; Time series anomaly detection has long been a subject that has attracted wide attention in academia and industry, which
aims to find the data that deviate significantly from the excepted behavior of time series, and then provide valuable information to
those interested. However, most existing anomaly detection methods ignore the multiple patterns in complex data, and thus fail to
make full use of the existing patterns information for effective feature learning, resulting in unsatisfactory detection results. To
address the above problems, this paper proposes an unsupervised time series anomaly detection method based on subspace
reconstruction. Firstly, the original time series is converted to latent space with lower dimensions. Then, based on the result of
gaussian mixture model clustering in latent space, the original time series is divided into multiple independent subspaces. To achieve
the goal of extracting multiple patterns, one sub—model is trained for each subspace separately. Finally, samples are reconstructed by
all sub—models at the same time, and anomaly detection is performed based on the reconstruction errors. Experimental results on six
public datasets of UCR and MIT-BIH show that the proposed method is significantly superior to the existing methods, and thus
demonstrates the effectiveness of the method.
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Fig. 1 Four heartbeats are marked as normal and there are

significant differences between them

BEXS FARE, AR SO T — R T s (A
FAI Y S K I 3 ( GMMSAE ) |, B 78/ A BE 2% >
I 1] P 91 530 v T ) Z2 AR DABR i AR |
GMMSAE & 5EF1] H w5 1R 5 A% ( gaussian mixture
model, GMM ) 7E Fi B H % i ( sparse autoencoder,
SAE) RIRTEAL i AT RS I SR 2645 A0 It iR
i ANFEA T BRI Y2 X FE R AR 25 ]
BT A B IR R E R, Z R AT
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e sE R EF W, BB A Ik TE AUC (area under
curve) Fll AP (average precision) P/ PEREFEAR I, ik
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( autoregressive integrated moving average model,
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SUSH ML, S BRI B 2 S Y, 1B
PRI B ] P B 2 e 28 Sk B
()25 R AR AT AR A R R 2 IR MY
Breunig &5 2% FU W ey s B N T (local outlier
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Fig. 2 Model framework
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B, WA 0BT 1 T s (R E R 1 S R
R PERE
3.1 REMEEE

SEIG AR AU IL T Python 3.6 Fl1 Matlab 2022a #£17
Fa g, i 4-F 5 A Windows 10, CPU Inter Xeon(R)
CPU E3-1231 v3 @ 3.40 GHz, N f# 16 GB, GPU
NVIDIA GTX1080ti,

ARSCHE 6 DR FIEAT T S00 X Se s A
439K F MIT-BIH £G4 45 F1 UCR £idli 48 | $idl 46

(1)MIT-BIH #(#i5"" , AT Beth Isral B
B R A Y 48 A AR NS % I 2 DL B
JIES e AL B OB 10 B I 67 B A i O Bk 2R
B ARYE AAMI ( Association for the Advancement of
Medical Instrumentation ) 8y Y RTINS R 2R 2D
LA N, L FI RA 7R IR A28 T 0 55 0
B, R I SR Y R B AN S, 102,103,107
1218 AL sRAEIZ I T h BRI BdE R
2 860 J3 N HUHE A, 2T 97 568 N BRI HIRE A,
AT HOH, AR SCR I SCHR [ 8 1 v i) Bl 4 4k 2
75 20 B B A6 O Bk 5% 23 5 O SRl S0 AH W] 9.0 B 4R
FEA AT S i A

(2) UCR B e Je: i 18] )5 41 53 40 o
B HEERAE A AR 22 I ) 9 AR G Y A ] T
B PEATIPAL . UCR a4 5 128 AN [ 435
EHE A SO IE IR T 5 MR AR | A & AN Rl 1Y
FRAERNIE SAFIE R B, AR A% A7 200 S WA 0 5503k 1Y
AR ). TR B RN GEIHE R WAL 1,

F1 BEESIHER

Tab. 1 Statistical information of datasets

EVEITES SR B34 HARL M
CBF UCR 128 930 3
MixedShapesSmallTrain UCR 1024 2 525 5
FreezerSmallTrain UCR 301 2 878 2
TwoPatterns UCR 128 5 000 4
ElectricDevices UCR 96 16 637 7
Arrhythmia MIT-BIH 320 97 568 2

3.2 FFMiEtR

ASCRH (Average Precision, AP) F1( Area Under
Curve, AUC) PHIERINERE, AP M AUC BERSIRII %18
BRD A EMNESRAEA Y 32K BE ) LEREA R AN
HHPIRS T BERE X 73S A TE DA

AP FNAUC W5 BoKG i B2 ( Precision) A 1A
H (Recall) FIMRFH>*R ( False Positive Rate, FPR) , %%
AMESRRY TR DT T

TP

Precision = (11)
TP + FP
TP
Recall = (12)
TP + FN
FP
FPR = (13)
FP + TN

Hop ) TP Fm i Ry iE M EREA R s FN
FEAR T Ry 728 ) IEAEAS K B 5 P s T00I Ry 1E 26
A SR AS RO TV 7R T Sy 67 28 04 R R AR i it
PRI Gt 82 e s 000 oA 1E 28 HLSE B oi iR 2R YRR AR
ReD Ui ST Ry S S0 = o NI 1 PR S 1 e A R
T A8 TE A o BT A SEBRIE A L (R BH AR SRR Bk
BRI Y 126 o5 B Ay 92 A 2R Ry e, RISk
g ARFRIORIEEAEAR  IERRIR A,

AP W B 25 RETF PR B2k ( Precision Recall
Curve) , W0 3 Fron, 18 3 v, BERAN N 5l 43 53] A 3
[l ARG B, PR it 2 55 1l S 2\ b v L i %) T
FRED A APAE . A 1 3R HURG B S T AR 1, 28
RYREAEF- 7 % S 6 FF A 10 5 5 B8 7 B ARG 00 G A 2
AP M2 Hhde

L]

0 0.2 0.4 0.6 0.8 1.0
EES

3 PRE#Z
Fig. 3 PR curve

AUC B3T3 45 3 3 F ROC il 28 ( Receiver
Operating Characteristic Curve) ,, 5 PR £, H
PRI LA BH 23 S i Al BB AR (4 1) S 4
B, ROC £k 5 B S 9\ b By Bl TRIRR B Sl AUC
B PRI, YA L BE i AUH X 1E 28 5 17 2 1Y B o g
Jiit , AUC RYfE A2 LB
33 XWIREMSH

ARSI B R One VS all” 1977 s0E 1745
RN, B i 5 46 v i — S 1 S e Bl
HARZERN R BE R e Bl . W PRUE SR A AP
Lol 51 ¥ SRR [ 30 ] A 8 B 0 5007 52X, 1 8
PR 80% MIFEAAE R I ZRbE A T4y 209% 1 Sl
AR, A, MUINZRAE v SRR 25% ROREASAE S 36
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Tab. 2 The subspace number of each dataset

BRI RS0 I ZREEECR 200, 2% 2 %
“50.000 1, L2 IEW IR AL EE RE0R 0.5, Fi b Lh 3
0.05 , Fi i IE I IGAL EE R E0CH 1,

34 XWERSHH
3.4.1 XFHSLE

R T BAEA SCRL R A 8, 5 5 SRR A

HEAT T M BB OXT Eb SE 3R, SR dfE BT 4 i R

Hupadk T AnoGAN"" | ALAD'! | Ganomaly ' | BeatGAN'®! )
CBF 6 ol
B MMGAN' SCR AR L3 3 3 4 )3k s, oy,
MixedShapesSmallTrain 3 TR - .
FreezerSmallTrain 3 %% 3 \%% 4 ﬁjﬂjj\] AUC %H AP E‘J%E’ﬁ%% R %:2 5 j‘j$
TwoPatterns 6 M Wilcoxon £S5 BATERZE R
ElectricDevices 5
Arrhythmia 10
R3I AUC EHHR
Tab. 3 Experimental results of AUC
e/ S
Tk Mean - AU
CBF MixedShapes—SmallTrain FreezerSmall-Train ~ Two—Patterns Electric—Devices Arrhythmia
AnoGAN 0.664 9 0.722' 1 0.688 0 0.598 0 0.659 1 0.904 3 0.706 0
ALAD 0.761 0 0.789 1 0.764 1 0.658 7 0.751 0 0.864 2 0.764 7
Ganomaly 0.791 7 0.767 3 0.754 8 0.651 8 0.848 9 0.908 3 0.787 1
BeatGAN 0.816 5 0.888 5 0.857 0 0.625 3 0.716 4 0.944 7 0.808 0
MMGAN 0.918 6 0.918 3 0.895 0 0.726 1 0.893 4 0.956 0 0.884 5
GMMSAE 0.999 6 0.982 0 0.911 6 0.934 3 0.8853 0.966 6 0.946 6
R4 AP ZTHHER
Tab. 4 Experimental results of AP
EVEITES
RS Mean — AP
CBF MixedShapes—SmallTrain FreezerSmall-Train ~ Two—Patterns Electric—Devices Arrhythmia
AnoGAN 0.596 4 0.818 9 0.730 5 0.599 9 0.624 7 0.865 6 0.706 0
ALAD 0.717 7 0.761 6 0.777 0 0.5820 0.771 6 0.803 5 0.735 6
Ganomaly 0.699 1 0.754 8 0.621 6 0.545 4 0.8229 0.870 1 0.719 0
BeatGAN 0.735 1 0.8112 0.742 8 0.478 3 0.579 9 0.910 8 0.709 7
MMGAN 0.893 8 0.844 9 0.817 0 0.6150 0.882 3 0.920 1 0.828 9
GMMSAE 0.999 8 0.984 2 0.855 0 0.975 6 0.988 0 0.937 8 0.956 7
£5 B Wilcoxon &KL
Tab. 5 One-sided Wilcoxon rank test
PRGNS (AUC) Signed rank f§ (AUC) #F p (AP) Signed rank {H (AP) 3% p fl
AnoGAN 5 GMMSAE 21 0.015 6 21 0.015 6
ALAD 5 GMMSAE 21 0.015 6 21 0.015 6
Ganomaly 5 GMMSAE 21 0.015 6 21 0.015 6
BeatGAN 5 GMMSAE 21 0.015 6 21 0.015 6
MMGAN 5 GMMSAE 20 0.031 3 21 0.015 6
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MFE 3 F1 4 FYFEARFE %5 5 (Mean AP, Mean
AUC) W1, GMMSAE 7 FT 43 B4 55 L BUS 1 el
SEAVERE (Mean AUC 0.946 6, Mean AP 0.956 7) , 5
MR R I K B LS B9 MMGAN A8t , Skt G
BE T 7. 0% (AUC) ,15.4%(AP), iFE B 7T
GMMSAE F| 73 [] 5 44 B % 78 73 £ B2 2% 2040
) 2P (R B A b s T 2R I

M 5 ATLLE H ,GMMSAE 5 AnoGAN (ALAD |
Ganomaly . BeatGAN L1}z MMGAN , 7 AUC F1 AP #)
Al Wilcoxon -5 FAG I3 p (H /N T 0.05, U
B GMMSAE [PAGI14: 68 . 3% Mol F Hofth 5 A~ Lo
Y

MR 3 IR 4 AR 7 5 MR RN
UCR %4l 4E |, GMMSAE {4 &6 i 0 SR B2 THH &8, 7
AUC AP 3X 2 M 48F5 L, M X T MMGAN 4255 17
8.3% M1 18.5% ,UEW] T GMMSAE 7E/INECHs B2 1 107 7
Yse Vet o A B 145 B0 28 URRIE F
HAk, 4, GMMSAE 78 MIT-BIH 44 I, AH
T MMGAN, AUC Fl AP b3 B4R 8 T 1.1% F0
1.9% ,iEB T AEGMM 78 K &4 & 1 b 7 5t T,
R RO 2 T b B2 B 2 B RRAE . A XS BB UCR
i GMMSAE 7E MIT-BIH [~ A9 P GE 45 T AH Xt
N2 FEFEF S MIT-BIH 1955 5 S 85084
DR HREASTE I P A AP R 22 5, T axX b 22
S o I BT [ R R PERE

XA FEERAY AT 7304, AnoGAN 77 % 54K
iy A2 8] 55 P AR 2 1] 1 o A i 5 R AT S R i
X T 2% B 4 ) 22188 O8O AT AR 4k 3 e
Wb, [FIET AnoGAN X Il 2Rk 4 1) B 4 it 2ok 45
i, AR 5 AN 0E = 45/N UCR i 48 1 K
SR ANFRAR . ALAD FIH XL GAN #4755 Kl
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