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[Abstract]

The development process of deep learning is an iterative task that requires a lot of manual work.
Among the steps in the development process, pre-processing of learning data is a very costly task, and is
a step that significantly affects the learning results. In the early days of Al's algorithm research, learning
data in the form of public DB provided mainly by data scientists were used. The learning data collected
in the real environment is mostly the operational data of the sensors and inevitably contains various
noises. Accordingly, various data cleaning frameworks and methods for removing noises have been
studied. In this paper, we proposed a method for detecting and removing noises from time-series data,
such as sensor data, that can occur in the IoT environment. In this method, the linear regression method
is used so that the system repeatedly finds noises and provides data that can replace them to clean the
learning data. In order to verify the effectiveness of the proposed method, a simulation method was

proposed, and a method of determining factors for obtaining optimal cleaning results was proposed.

» Key words: Deep Learning, Time Series, Preprocessing, Noise, Data Cleaning

(2 <f]

Yool AR meAst e £A90] ATHE WA Y0 1 F % dolg A
Ael g 2 vlgo] ATHM S5 Avt] FH JFS F= Aol Al LueF o
1= F2 deld Aol ool dete Aelatel A5
Z2 A A4 #7004 £98 S dolHE F2 ANE 19
2 w027 ol WAT 4 Utk meb o2 AAN] A% U vy Feld ey
Ao el R, £ TN WA WY D S A el v
A BolEl A o] 28 FHsa AAE PHS A o] WL g
g3kl Aol
e

=EE
> ZA0f: Taiid, AAY, 27|, k0|, tiofe] B2y

ol M 2k rﬂom% At

 First Author: Jae-Han Cho, Corresponding Author: Lee-Sub Lee
*Jae-Han Cho (jaechanfs@gmail.com), Dept. of Computer Engineering, Kumoh National Institute of Technology
x| _ee-Sub Lee (eesub@kumoh.ac.kr), Dept. of Computer Engineering, Kumoh National Institute of Technology
* Received: 2020. 03. 24, Revised: 2020. 04. 10, Accepted: 2020. 04. 13.

Copyright © 2020 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



38 Journal of The Korea Society of Computer and Information

I. Introduction
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IV. Simulation & Analysis
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