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Battery State—-of-Health Estimation Method based on Deep-learning and

Feature Engineering

Moon-Seok Chang', Gang-Seok Lee!, and Sungwoo BaeT

Abstract

This study proposes a battery state—of-health estimation method by applying a feature extraction technique.
The technique that can improve estimation performance is the process of identifying and extracting meaningful
data. To apply a data-driven-based aging state estimation method to batteries, health indicators are used as
training data. However, limitations occur in extracting health indicators from charge/discharge cycles. This
study proposes a deep-learning—based battery state-of-health estimation method that applies feature extraction
techniques to compensate for this problem. According to the performance evaluation result of the proposed

method, it has a low estimation error of 0.3887% based on an absolute error evaluation method.
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Fig. 1. Extracting a health indicator from a discharge curve.
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Fig. 2. Discharge time in the 39~35V range in each
discharge cycle.
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Fig. 4. Flowchart of the proposed SOH estimation process.
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TABLE III
SOH ESTIMATION ERROR RATE

MAE | MAE | MAX
(%) (%) (%)

Used feature

Health Indicator 0.6352 0.0186 1.605
Health Indicator,
Fl, F2 0.3887 0.0159 1.151
100 == Real SOH

== After Feature engineering
98 == Before Feature engineering|

=== Real SOH
97.5 = After Feature engineering
= Before Feature engineering
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60 70 80 90 100 110
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(b)

Fig. 6. SOH estimation results before and after using the
proposed method (a) estimated results of 1~260 cycles. (b)
estimated results of 60~110 cycles.
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