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Prediction of Battery Remaining Life based on Sliding
Window-LSTM for Camouflage Therapeutic System

Jong-Chan Park*, JongHyeon Kim**!, ChanKi Kim**?, Yong-Taek Park***, and Gun-Woo Kim**®

B e 20049E AR AdeR dRdTATe) Ade W #H
7] %9 T4 (NRE-2021R1IG1A1006381) 3 w&3-9} gHZA A the] APog AL wol £3)8 3¢
At e A=ish SAA(LINC 3.0)9] 723

o th
AT 8 B 17 A A e 3 FH AR E8Ee RIS AR 71719 s A
W3 Algol wol dasitt o]Hd st Ae EES A XIE 7171 Wil Wad eE el 43t 8,
T A5 22 2% gutelx A8 A gEol HEY AT dF Ve fde] et £ =
oA Ak HHoRE o7fe milgd XY T AT B7F AER ZAT RMSEZE HAR] 2H]) LSTM
2de gtfold AR dugF /e 8 Holy & 2Ast g5& dhe e A dd<s
&3l ok HlolEl7t AA dHolH F of 80%< 1~3024k01F o ] 7HE W2 RMSEZ} 0.0079] 23S ol H

|
Hl 44 7] dF A5 /M 2348 A5
Abstract

Recently, it is necessary to provide a stabilized treatment environment for camouflage treatment devices used for
breast cancer-related papilla, mammary gland reconstruction, and scar treatment. For this stable procedure environment,
it is necessary to develop a technology for predicting the life cycle of a lithium-ion battery for small devices such as
degradation of an embedded battery and life prediction inside a treatment device. As a method proposed in this
paper, we propose a method for learning the LSTM model, which has the lowest RMSE set as a performance
evaluation index among six machine learning models, by adjusting the number of learning data based on a sliding
window algorithm. Through the experiment, when the learning data was 1 to 302 cycles, which is about 80% of the
total data, the lowest RMSE was obtained with a result of 0.007 to verify the effect of improving the side
performance in the battery life cycle.
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Fig. 1. Examples of camouflage therapyl1]
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