AEFA ARG HFHOIHE o3 AAE HE A4

IRE - FeE
) MHR
Convolutional Neural Network and Data Mutation
for Time Series Pattern Recognition
Myong-ho Ahn" - Mi-hyeon Ryoo~
'MHR Inc

E-mail : mhrjames@gmail.com

TSC(Time Series Classification)> A|AEHoJEE e we} EF/ete Zo=E, AAE] o
23 dolEgH o, =3 857} w7 wWEo] 2@ AZFE¢E  Data Mining ¥ Machine
Learning oF8 Fa3 o]tk HEZ < WHolA = Distance®t Dictionary 718kl W ES
wol &83F9 2, Time Scale?} Random Noised] AR 13 79 HEg=7) AFHAUT £ =
T4 = Deep Learning®] CNN(Convolutlonal Neural Network)¥} ¥ EH ©]E(Data Mutation)<
ol &3] FEEE FAI WHEES AAIRT CNN2 o|u|A|ZofolA ojn] HFH ANAY md=H
AAEdolHe 54 Yed= FeatureE A= adHor &8Y 4 Jx, WFHolH=

i Mt E YT BHOZ WSS HEol CNNS] 58 el JieE WYl AdA
% RS GoHE AT AT BAE JEe] BAHBG 95T FIEE Moz
ABSTRACT

TSC means classifying time series data based on pattern. Time series data is quite common data type and
it has high potential in many fields, so data mining and machine learning have paid attention for long time.
In traditional approach, distance and dictionary based methods are quite popular. but due to time scale and
random noise problems, it has clear limitation.

In this paper, we propose a novel approach to deal with these problems with CNN and data mutation.
CNN is regarded as proven neural network model in image recognition, and could be applied to time series
pattern recognition by extracting pattern. Data mutation is a way to generate mutated data with different
methods to make CNN more robust and solid. The proposed method shows better performance than
traditional approach.
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