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Efficient Time-Series Similarity Measurement and Ranking Based on
Anomaly Detection

4 A o g
Ji-Hyun Choi Hyun Ahn

o OF
= =

AL A3 AL vk gl AAE AR 4 sl Hsg AAIEES A7) A% dAR

b 2 AAE B &AM wif Fasith & AFolXe AA AAGe] ofd o dAES FHOE A

FEHOE FYshe WHS ALt o9 HHste I*J% A5 Foll F2E AEAAL Jgel A FA

AA ] h FALE 574 A3 Alole] 9] FBABAE S4B BA st Al “J%'..ﬂg U%LE} A AARN, T4 FE AAE ol

Elol] o)A Hl& 10% & AL FAE F 32 HE thH 09 o] Azjot <=9 «&7%] g eIt A8H o2 At IS
3 AAL FAE S AL EHE AREE fovs Aitshe SAlC AF sFEd Al l‘ﬁ A2 g st 23S 71aE A

1:},

AAL BHE A AR ALY HoIERE Bt ARe CIEE A A% PUOE e Al M2 £
24 A

o FAlS]  AAD FALE, oA, ABAAL, 23o)w 29l F8A%F

ABSTRACT

Time series analysis is widely employed by many organizations o solve business problems, as it extracts various information and
insights from chronologically ordered dafa. Among its applications, measuring fime series similarity is a step fo idenfify time series with
similar patterns, which is very important in time series analysis applications such as time series search and clustering. In this study, we
propose an efficient method for measuring fime series similarity that focuses on anomalies rather than the entire series. In this regard,
we vdlidate the proposed method by measuring and analyzing the rank correlation between the similarity measure for the set of
subsets extracted by anomaly detection and the similarity measure for the whole time series. Experimental results, especially with stock
time series data and an anomaly proportion of 10%, demonsirate a Spearman’s rank correlation coefficient of up fo 0.9. In conclusion,
the proposed method can significantly reduce computation cost of measuring time series similarity, while providing reliable time series
search and clustering resulfs.
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(Figure 1) The concept of Isolation Forest

3.2 Autoencoder

Autoencoder[11]F HoJElE SF&3stal Edshe Wy
o2 FA%e "HEY Ad EEEM A 93

(encoder) 2} Tl T (decoder) T HEOZ FAHTH AF
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o= A AFSH &Y AT Aol 2, T AF
(botleneck layer)®] A1510] H& A% A% 722 Mk
Input Bottleneck Output
layer layer layer
X Encoder z Decoder X¢

Latent vector

(a2 2) Autoencoder®| =
(Figure 2) The architecture of Autoencoder
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Individual time series
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1| X, Spearman’s Rank 1] X,
2 };v < Correlation > -2 ;
. Analysis .
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(Figure 3) The overall procedure of the
proposed method
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(Table 1) Summary of the variables in the dataset

5 A A=
Open A 7HOpening price) float
High I 7HHigh price) float
Low A 7HLow price) float
Close % 7}HClosing price) float
Adj Close |58 F7HAdjusted closing price)| float
Volume A MEL AdNF int

AGNNE F /\]ﬁl%’i G A8 A5
A9 1) 22 £ % 10079 F7} vlojE 2 A
° :

(£ 2) MEYH APIEN J1E A9 S=(1171)
(Table 2) Top 11 stocks by market capitalization

by sector

| AE AE] A 2E
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2 |csco |84 AEE A AH|

3 |AMGN 6“*7%]0% A& oA

4 |CME |H% FA-L /HEA /A H| 2
5 |EQIX Bl HIEA Bz} AlE
6 |AMZN [A 2HlA4 PIEE0/HE £ %
7 |PEP I U4 SRR/ %)

8 [HON |44 g 5
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Robust scalingS A-8-3}91 T} Robust scaling A5
H2AQR: Inter Quartile Range)$} FYZh(median)S A
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o) 7 3Kmin-max normalization) B HAHE A&-EHE
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x—median(z)
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¥ 33} 7o) PCAE A 4313 th & 32 A7 0] HE <9
U3 F52 Amgend] HolEd] FAE 248 g4 4
FE Yepdth 4% 71982 06538, 0.3383, 0.0064,
0.0008, 0.0004, 0.0001¢]H, IWtH O 2 =7 7])& 85%
oY wo] FAREE Helste 7l wet T WA F
AR AL Y 248 HolEHE AJtHFH
7181 0.9921). Ak ¥ o] mEx| e @AQ] 2ot

(F 4) Amofot =9 &l 28 2

(% 3) E8 Z=(A= AMGN)e o4& &M Z1}
(Table 3) Results of principal component analysis
of the specific stock(symbol: AMGN)

FAE 2d | uwg | Ade | ¥4 e
1 2.6766 0.6538 0.6538
2 1.3851 0.3383 0.9921
3 0.0263 0.0064 0.9985
4 0.0035 0.0008 0.9994
5 0.0017 0.0004 0.9998
6 0.0005 0.0001 1.0000
5.4 48 21t
£ 4 B AT AF ABEA 2 ol4uA W 2

(Table 4) Measurement results of the Spearman’s rank correlation coefficient

o ¢A] Hl& o] etz W Cosine Pearson FastDTW SMAPE
Isolationforest + PCA 0.8725 0.8121 0.6532 0.8011
0.05 Autoencoder + PCA 0.8429 0.7213 0.6807 0.8387
' Isolationforest 0.8504 0.8435 0.8238 0.8803
Autoencoder 0.7191 0.6667 0.6367 0.7478
Isolationforest + PCA 0.9143 0.8984 0.6376 0.8801
01 Autoencoder + PCA 0.8922 0.8585 0.7098 0.8635
’ Isolationforest 0.8876 0.8821 0.8609 0.8988
Autoencoder 0.7631 0.7663 0.7569 0.8186
Isolationforest + PCA 0.9415 0.9304 0.7824 0.9109
015 Autoencoder + PCA 0.8995 0.8825 0.7046 0916
Isolationforest 0.9075 0.9022 0.8779 09164
Autoencoder 0.7862 0.7742 0.7926 0.8184
Isolationforest + PCA 0.9615 0.9524 0.7846 0.9408
025 Autoencoder + PCA 09144 0.9011 0.6974 0.9356
’ Isolationforest 0.9342 0.9293 0.9109 0.9387
Autoencoder 0.8295 0.7973 0.8205 0.8361
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(Table 5) Evaluation criteria for Spearman’s rank
correlation coefficient
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Rate of outliers (%)
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(Figure 4) Measured Spearman’s rank correlation
coefficients by outlier rate
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