"m Check for updates

Journal of the Korean Institute of Industrial Engineers https://doi.org/10.7232/JKIIE.2023.49.1.015
Vol. 49, No. 1, pp. 15-27, February 2023. © 2023 KIIE
ISSN 1225-0988 | EISSN 2234-6457

AAD Holele] AFT AR5 A%
g} 29 7]uke] B4 Y
Aqrt

1_
R

ﬂ,
=
1%
=
2
s
o,
of
ofd
Lok
i)
=
>

frl
2L

T
=
o
)
>

A Meta Model-based Feature Selection Method for AutoML of
Time Series Data

Seohyeon Ryool - Dagyung Lee' - Gilseung Ahn® + Sun Hur'"

"Department of Industrial and Management Engineering, Hanyang University

2Big Data Group, Hyundai Motors Company

Feature engineering is a key step to construct machine learning model as it determines the upper limit of model’s
performance. However, designing feature engineering is generally iterative, complex and time-consuming step.
Also, the large scale of time series data is rapidly generated from the industry, but there is a shortage of data
scientists to handle them. So, it has become necessary to automate this process. In this paper, we aim to develop
a meta model-based feature selection method that can learn about which features work best given the dataset.
The proposed meta-model is a kind of warm-start that can search from the candidate features that is expected to
be good without starting a new search for each data. Proposed method is compared by real time-series datasets
obtained from UEA & UCR Time Series Classification Repository. Then, we show the proposed method
outperforms random search in terms of F1-measure.

Keywords: Automated Machine Learning(AutoML), Feature Selection, Time Series Classification, Decision
Tree, Meta-Learning

1.A & A s RdS 75T £ UEE 7)) g golxegly &

ZEAN2E AF3 & A5 714 < (automated machine
71 A & <i(machine learning) %92 ] B &4, dlol8 AA  leaming; AutoML)o] B-& F5-2 iy 9t}
¥, 574 ¥ (feature engineering), ¥ L& Al

]
e E—”u, stolsztet A% A e U S B A Adsaly] 9
v E 54 (hyperparameter tuning) «] oA

] = A AERT. 8 dAE 7Y, 54§31, daelE 2 $d o vyt
Zt Ao s gete A e T A e BEF AFE 59 HAS EAS A 7]%o|thZoller and Huber,
Az Nzl Bag @k ofyel, HolH Hetak 5o AT 2021). 1Y o] & AHE EAE FHE BAHoE T3t
JEE Fasitt 2y AT oY ¢ #E AT F27F = Ao] oy & Byt ol & U E 3 }o}—t— gl Alzke]
ZaA o2 248 HA 24, A E, Az 5 thea Bofo oaﬁ Adve 540l Atk ool wet F4 L1 F(Ahn
dlolg #d d¥L 37 ‘ﬂio}u}(ﬂe et al,2021). ool W2l and Hur, 2020; Safarik et al., 2018), ¥l ] 1&4@§}(Wu etal,
Hlole #d A& A4 o] LA 2 AHAE E4A 71 2019), YA 7 AHKToal et al., 2011) 5 ThFd Fel 2 g

o) A3k 019 ARGHDIEAREINS Aoz FRALAU A Bl

T oAZAAL 3 A ag 15588 A& QHAbAl A= ghoktetE 55 dHokistw A
E-mail : hursun@hanyang.ac.kr

20223 10€ 69 A 20229 1€ 169 FAE A4 202249 119 239 AA S,

Y ATY(2019R1A2C1088255).
Q7Y F3t, Tel 1 031-400-5265, Fax : 031-400-5265,


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2023.49.1.015&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

16 FA4

4

e ]

o] A3} £A & s At &EHT
| EA Fae 7)A g md g JiEst
Th(Christ et al., 2016). L& A}
E daeE Add sto|H e}
Lt ols e EAS Z=
T8 7|HE d8Hog H4E
olpert and Macready, 1997). o]l {3l 7]
sto] H atetr B = Ty HlolHE g5

O
Job m(x
=
ox B
\1 J
¥
Mo
i

N
)
=2
>
N
=L
ol
ofN
ko

ol
ol

)

ot o L
14)Y
rJ
R
re
—
rr
=N

Hd
24
du P

oo
m
mé

o mx
o
—1[1

~
=2
m
rlo
|t
o>_~‘,

o o
~
o
=

A

>
Kl Ao

EEL

o

_‘_(|){_!

on, flo
oot ofm
o 2
ok ot
oo Ix
ofr E
rir fol

B
b T
N
S
214‘

-

nhot o 2 719 & A getal vl ashe 3
) 28 7]W S Zolo} 3

o & Jm Ot x4 O H oft rr

o
AN
N
OB Lt W
g
=

>
o
e >
I o ne o

[t i1
l>

of
:(’)I:
-

[m

(time series classification)& &% 7]E A&t
(instance)E P|2] A oH Zef o] Tt
A o] th(Keogh and Kasetty, 2003). # < AlAE ©l

oJHE AE 56, A8 5 UFT Lokl M FHHL e #
ghotUet #d A= ALH 0 R FUbetal lth(Parmentier
etal.,2021; Abanda et al., 2019).

AAE 7S & wos AAZ dole e Az &A% 2
o7t e Y2’ =S nHdof st EE AA D] obd HlolH
& T o] T2 th(Bagnall et al., 2017). Al
THE T 33}% HEAQ oz 54 7|Rke) AAE
THE T 7 e, ol W2 AALE Jdzd 2 B, 941
5 A5 484, JERY Y gFdt B BhJr AEFE
=

N

f

_?(_',
oy Lo
M

=1
(Fulcher and Jones, 2014). ©] :rLOHHL ANAE 2"
Fobe tol &8st o e 54 E A]ﬁl% ﬁZJ

mEoﬂLr‘B,o
lml
Hiﬁimm—ﬂ‘l

» —H
=2
>
rr
>
b
e
M
S
by
offt

> &
i

Ho

e

=

o

o

<,

N

5

o % E(leaf node)oﬂ

AR EloJE7E Bl 3} ‘/P?‘L WEd U
(feature sampling tree)= A A E E4 S AEstH AdH = A
& EYske Aot of W ek U o BV E

A AEE U9 2] = E(root node) | .

e TMO% g3 2ok AR, BH 2AE F
A NAL EAE —% 34 Je 2 Aot
"]74]‘5 7a]° i :

olehg -

A BFo $88 5 9= vek 542 oAk A, Ho]
B 448 54¢ 49T 5 9k e 22 g
o gk mae e HolEsh A 7] E HelE Y o
AYS wgoz 54 el 18T VY Fu 5Y YL
B2 2k 3, Hol e 540 B 443 AAYG 54
& SIS o2 AL BR BN S8 g

E%':EI \/}UV]E &3t 2o #AE Jnt AAAAM =
= 2AE TAH LR Forint. A3l
2 A5 At A4l M Al

LR

A A S gAE

Z](random search)E H| 1

s Ay A A
st 1 AFE FHTORA A Aol AT Hth
A2 A5 E & A7l g 2} FF A7

ekl A8 4

A% 29 13 4% A3
S
=

J
B 95E AT A S AT §
A (1) o] BEE 4 9

¢ _arg]glax S(f¢ neu) (1)

A7 [, 98 54 HHOE AGE BF ot £

S(fs | Doy )E D000 EHO}"% Mg AR A AR
S(q].zqgc,Fl;‘d‘F SE £, WS WY H5E YE
Y, o] AT = 4 (2)9Jr Z%O] kA 22 7335 (k-fold cross
validation)& AF-&-3ko] Al 4Hgtot,

k
S(fy | D)= E Dy )i DAY 2)

7,

k

714 A dolepe kel FE A (p=Jp")oR

el A, D, =D-DVk Dl =DVE 27t ili=
L2, k) WA Y %OHAH 8¢ dloEl9h H2E HolE
E»}EME} S(fs | D DEL)E foF Dyfoy 2 Fsrsh

2 00,2 Whae ) Aol

of A AE 4 (Nl AR NAD 54 A g8 2
7 913 gol U@ B4 B2 (g )& A BT ol A
AY 5402 A4 & e 54 0 ARelel 584
o2 32 el gtk AT A g Al
3 A 2L 53 AL E Fobe o 2 Aol &2

& 9lonz e Bl B43o M5 Fe AT el



A A4 dlolE 9 257 A %

A 7 5 QA B
Akt vEl 298 7] Z glolEAl ol A BAE 5,
EQ AT g oz Az dolHA D, A HH &
Hge gAste At Y F A o X
A S-S A2 e A k3 & Aolgka dAEE | EE B
ste 4% 9 2EFE(warm-start) WH ol 2k & 4 ¢l

3. Ak g

o] oA & Aol A Agkat
31A A= AAE 54 )
S vg volHE A W
U]]E]— U\‘:ﬂ ul 19} 6]—&. H]-lg_‘
B 2dg Agalo] H2e do

Aote e AWt

—4:.\‘:,055-‘1‘

3.1 HjE} Hloje A4

A8} AH(Christ et al., 2018; Barandas et al. 2020)%%13}01
Fr FE o AAE 54 897N (2= {9, by, s o)) EA
3 o] 5 HE A9 <Table A.1>0 ]33t} ?\S}RIVOHI et
(20 /] ATE Faste] £ A7 FA o Hghah= 4370
e} 5% i) = T A9 <Table A.2>%
2ol A stath. o] wf v et 54 & <Table A.1>] A 2] & A Al
d 570 S ZEH ALEG webA WE £ GA AAE EA
7} ]i dlole 9] 542 ettt & 4 Qi
<Figure 1>& HE} Hlo|E] & A st= #Aolth. vE Hlo]
Bl 1ﬂrohﬂ dolHA AAE §4 3o #A S 5ot
thE01zl Hlo|El 2] wEr BE & S5t o AbEdTh 71
el pe D, ,25FE vE dolHE vtes P o
Z.

A, <Table A.1>o| A A3 ot Fej o] AA L EA ¢l
DE sk, o] & HIE O = <Table A.2>0 3 HEt &
A pE A4

A, 2oA YAZ 7 SRS AT A AR AL
SR A% oS AEE AT o] W g 9= A 3)F 2ol A
HE2 2389,

S (p={p1 s>~

>

|

~ _|1,if ¢, is selected,
$= {O, otherwise. (3)
Ao, 4 ()8 o8] A8A 44T EF Yl
ol skl 9= Hrheka S(f, D) @& T3 ©] AHE F

ol A ¢,p,5(f,1D) 9 #E HE volE Y AEo] H
=, (¢.pT 5F WHOIL S(f,1D)E 28 (label)o]
<Figure 2>+ " &} to]H & A &S o A3t Y.

wd 7] 54 A 3y 17

Stepl. Data preparation

1
: Dataset
1

!

]

: Itemte“ Calculate time series Calculate meta

g Jvera features features

| training

| datasets ‘ ‘
Time-series features(¢p ) Meta features(p) |

Train dataset Repository |

Step2. Meta data preparation

| Select a dataset

!

1
1
1
1
1
Sample time-series Evaluate the :
1
1
1
1

]

]

1

1

1

1

]

: features performance
I Iterate

1 ‘ ‘
1

1

1

1

1

1

]

]

Sampled time-series features + meta features label |

A meta data sample

!

| Meta data Repository

Figure 1. Meta Data Creation Process

Time-series features Meta-features
Dataset Performance
$1 |2 |3 | |Ps0 | P1 P2 Pa3
ACSF1 | 1 | o | o [~ |0 |0445]|0112|  |2302 0.9410
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Beef 1o |1 0 | 1483 |0.056 | - | 1.609 0.9552

Figure 2. An Example of Meta Data Sample
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Figure 3. Comparison of F1-Scores According to Number of Iterations with RF
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Figure 4. Comparison of F1-Scores According to Number of Iterations with SVM
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Table A.1 Time-series Features Considered in the Paper
Feature Description Formulation Reference
o, Mean 2 - %t Christ et al.(2018)
T Y
&, Standard deviation Zi-y (:; )
1 2L (=—9) i :
é Skewness =1 ; I Kampouraki et al
(7-1) &, (2008)
. 1 21]; 1 (ﬁt - ¢1 )4
9 Kurtosis y
4 (7—1) b,
@5 Maximum max, T,
e Minimum min, z,
P Christ et al.(2018)
. (—)th percentile of x
O =y Percentile 10
e p=1,2,3 -9
ST g2 Kampouraki et al.
; Root mean square Bk T
%o a T (2008)
) Absolute energy >, 22
&l e Christ et al.(2018)
b1s Absolute maximum | max, _, ., |
Complexity-invariant
¢19 d
1stance
Normalized Batista er al.(2014)
Dy complexity-invariant
distance
>0 @, = ) @y — o)) Bagnall et al.(2015)
Byy — bys Autocorrelation =7 (@ —¢)? Kampouraki et al.
© 1=1,2,3,4,5 (2008)
COVwy ) |2y yin)
VVARG, T2,y ) VAR, Ta, 1y i)
Ba5 — P30 Partial autocorrelation | o [=1,2,3,4,5 Bagnall et al.(2015)
* COV: covariance
* VAR: variance
. 1
Cumulative mean of | —27_, ¢y, ;
P31 0 autocorrelation "
U relatt * n=23,4,5
. Christ et al.(2018
Cumulative standard \/Zi”zl(%oqf(pmﬂﬁ rist ef al.(2018)
35 — gg deviation of n
autocorrelation e n=2345

Zszl I('Tf >¢)1)
T

o Count above mean * [ Indicator function
|1, if cond = True
Heond) = {O, otherwise
T Iz, <
b0 Count below mean M

T

Christ et al.(2018)
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Feature Description Formulation Reference
First location of 1
P4 . -7 < argmax Tk, =)
maximum
First location of 1
Lo o ?Xargma.xt [(x, E%)
minimum
1 -1
Dys Mean change ﬁzlzl Ty T,
1 -
bay Mean absolute change ﬁZtT: Pl —x, |
1 o -
5 Mean of the 10 largest 1—02k:1 |z, |
Pus ~
absolute value * | x, | : the kth largest absolute value
Mean second derivative 1
>y 2., +x
Pus central 2(7—2) “t=1 Tir2 te1 T L
1 .
. ) i T RN
byr — b5 Third-order cumulants | 7—20 =1 “iH Tl Thomas et al.(1997)
* [=1,2,3,4,5
1
Newcomb-Benford Correlation between log (1+—) and Pr(z < ) where )
b3y distribution £ Bolm g Do+ Hill et al.(1995)
istribution for dis 1,2, 3 .9
=T plog(p)
G55 — s Binned entropy * =3,510
* p,: ratio of samples in the kth bin
) Longest strike above |Length of the longest consecutive subsequence in z that
P56 mean is bigger than ¢,
) Longest strike below |Length of the longest consecutive subsequence in x that
o7 mean is smaller than ¢,
4. Number of crossing S0 (e, > 6) (v, <¢))+1((x, <)) (2,0, >¢,))
o mean T
, Number of peaks whose length is bigger than [ obtained | Christ ef al(2018)
Number of continuous )
D9 — Dot by continuous wavelet transform
wavelet transform peaks
* [=2,510
Number of peaks of at least support n in the time series
Do — Deu Number of peaks x
* n=2,510
5 Percentage of reoccurring| The number of points occurring more than once / the
P
0 data points number of points (i.e., T)
) Percentage of reoccurring| The number of unique values occurring more than once /
o values the number of unique values
) Permutation entro iven window size
Der — Dgs Permutation entropy ; ) by & Bandt er al.(2002)
* Window size = 3, 5
. . S Iz, —¢, | >rxe,
Ratio beyond r times TR Tl rxd;)
b0 — Pr1 . T
sigma .
e r=1,2,3 Christ et al.(2018)
I g =y | <rx< | gs—a )
Dy — Drs Symmetry lookin
wo Y Y & | r=001 005 01
. 1 5 .
) ) Time reversal asymmetry| ——= 7" (2, ,,. )%~ 2, =74, - @, Fulcher and Jones
P75~ Prg -2

statistic

* 1=1,2,3,4,5

(2014)
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Feature Description Formulation Reference
os0 Variation coefficient (72 Christ et al.(2018)
1
b — empirical cumulative |Max, min and mean of empirical cumulative distribution Barandas et al.(2020)
— g arandas et al.
s distribution function | function with 10 bins
i ) Kampouraki et al.
b — Fast fourier Max, min and mean value of each spectrogram frequency (2008)
84 86 . _ . .
transformation coefficient| when sampling frequency is 1
ping frequency Barandas et al.(2020)
. . . Kampouraki et al.
Pg7 Max frequency Maximum frequency obtained by fast Fourier transform p(2008) e
bgs Peak to peak distance | @y — Barandas et al.(2020)
D9 Slope Slope of the linear equation fitted to the time series x Barandas et al.(2020)

Table A.2 Meta Features Considered in the Paper

Feature Description Formulation
d
Ratio of the number of features per the number of | 7
b records e d: number of features
* n: number of records
Ratio of the number of classes per the number of %
Py
fi
eatures ¢ ¢ number of classes
S| [pmbl, ey probq ]
1
. o prob,=—2"_, Iy, =c,)
D3 D5 Frequencies of the class values R T
* ¢ class k
e S max, mean, min
Ratio of the number of records per the number of | n»
DPs )
features d
Ratio of the number of records per the number of | n
Py -
classes q
Dy Number of features d
Dy Number of classes q
Do Number of records n
P Number of numeric features zt 1(z,ER")
Absol " lati S[corrl, e corrd]
P12 ~ Py solute features correlation .
2 * corr;: correlation between feature j and label
. SUQR,, -, IQR)]
Pis —Pi7 Interquartile range of features . IOR: int il f feat .
;: interquartile range of feature j
) S[kuriﬁ17 ey km,rtd]
Prs — Doy Kurtosis of features v kurt: kurtosis of feat )
urt;: kurtosis of feature j
. o S[mudl, mad,d]
Do — Pog Median absolute deviation of features .« mad.  medi bsolute deviati £ feat P
mad; . median absolute deviation of feature j
. S[maﬂ:l, ey ma,rd]
Doy — Pag Maximum value of features L . | ¢ feat )
maz; : maximum value of feature j
S[mean17 sy meand]
Doz — Dag Mean value of features

* mean;: mean value of feature j
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Feature Description Formulation
o S[minl, mmd]
Dy — Py Minimum value of features ) . )
* min;: minimum value of feature j
2 d— d
=1 Zf:}Zj:H_l (1 corr, ; | >7)
D3 — Dys Number of features pairs with high correlation « corr, ;: correlation between feature i and j
* 7 threshold (0.5, 0.7, 0.9)
, o = U(pval; = 0.05)
D36 Number of features with normal distribution. ' '
* pual; : p-value of normal test for feature j
Standard deviation of the feat Slady, -+ sd,}
Pyr — Dy tandard deviation of the features -
3T * sd, : standard deviation of feature j
S [skewl, ey sk’cwd}
Pyo ~Pa2 Skewness of features ‘
¢ skew; : skewness of feature j
cl ; 22 m log m,
12 ass entro . o
@ Py * m, : the prior probability for class k

<%= B>
Table B.1 Information of the Collected Datasets
No Purpose Dataset Size Length Number of Classes Type
1 ACSF1 200 1460 10 DEVICE
2 Beef 60 470 5 SPECTRO
3 BinaryHeartbeat 409 18530 2 AUDIO
4 Car 120 571 4 SENSOR
5 CatsDogs 275 14773 2 AUDIO
6 CBF 930 128 3 SIMULATED
7 Chinatown 365 24 2 TRAFFIC
8 Coffee 56 286 2 SPECTRO
9 Computers 500 720 2 DEVICE
10 DodgerLoopDay 158 288 7 SENSOR
11 DodgerLoopGame 158 288 2 SENSOR
12 DodgerLoopWeekend 158 288 2 SENSOR
13 Meta'-n.qodel Earthquakes 461 512 2 SENSOR
tramning

14 ElectricDevices 16637 96 7 DEVICE
15 EOGHorizontalSignal 724 1250 12 EOG
16 EOGVerticalSignal 724 1250 12 EOG
17 EthanolLevel 1004 1751 4 SPECTRO
18 FordA 4921 500 2 SENSOR
19 FordB 4446 500 2 SENSOR
20 FreezerRegularTrain 3000 301 2 SENSOR
21 FreezerSmallTrain 2878 301 2 SENSOR
22 Fungi 204 201 18 OTHER
23 Ham 214 431 2 SPECTRO
24 HouseTwenty 135 3000 2 DEVICE
25 InsectEPGRegularTrain 311 601 3 EPG
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No Purpose Dataset Size Length Number of Classes Type
26 ItalyPowerDemand 1096 24 2 SENSOR
27 LargeKitchenAppliances 750 720 3 DEVICE
28 Lightning2 121 637 2 SENSOR
29 Lightning7 143 319 7 SENSOR
30 Mallat 2400 1024 8 SIMULATED
31 Meat 120 448 3 SPECTRO
32 MelbournePedestrian 3633 24 10 TRAFFIC
33 MoteStrain 1272 84 2 SENSOR
34 NonlnvasiveFetal ECGThorax1 3765 750 42 ECG
35 NonlnvasiveFetalECGThorax2 3765 750 42 ECG
36 OliveOil 60 570 4 SPECTRO
37 PigAirwayPressure 312 2000 52 HEMODYNAMICS
38 PigArtPressure 312 2000 52 HEMODYNAMICS
39 PigCVP 312 2000 52 HEMODYNAMICS
40 PLAID 1074 (avers gfffen oih) 1 DEVICE
41 Plane 210 144 7 SENSOR
42 PowerCons 360 144 2 DEVICE
43 RefrigerationDevices 750 720 3 DEVICE
44 RightWhaleCalls 12896 4000 2 AUDIO
45 Rock 70 2844 4 SPECTRO
46 ScreenType 750 720 3 DEVICE
47 SemgHandGenderCh2 900 1500 2 SPECTRO
48 SemgHandMovementCh2 900 1500 6 SPECTRO
49 SemgHandSubjectCh2 900 1500 5 SPECTRO
50 ShakeGestureWiimoteZ 100 167 10 SENSOR

(average length)

51 ShapeletSim 200 500 2 SIMULATED
52 SharePricelncrease 1930 60 2 FINANCIAL
53 SmallKitchenAppliances 750 720 3 DEVICE
54 SmoothSubspace 300 15 3 SIMULATED
55 SonyAIBORobotSurfacel 621 70 2 SENSOR
56 SonyAIBORobotSurface2 980 65 2 SENSOR
57 Strawberry 983 235 2 SPECTRO
58 SyntheticControl 600 60 6 SIMULATED
59 Trace 200 275 4 SENSOR
60 TwoLeadECG 1162 82 2 ECG
61 TwoPatterns 5000 128 4 SIMULATED
62 UMD 180 150 3 SIMULATED
63 Wafer 7164 152 2 SENSOR
64 Wine 111 234 2 SPECTRO
65 AbnormalHeartbeat 606 3053 5 AUDIO
66 Test ChlorineConcentration 4307 166 3 SIMULATED
67 ECGFiveDays 884 136 2 ECG
68 InsectEPGSmallTrain 266 601 3 EPG
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