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Battery thermal runaway cell detection using DBSCAN and
statistical validation algorithms

[=1

Z1 K| 2|

s B
O =

40
=

’

Jingeun Kim*, Yourim Yoon**

8 9% WA= Mg edd A4 wiEE Azdor dAxzkA FAA wiEe ZokdlA AeElE A7 it o
HE g odet olfr dEF ol Arjed ole & AtnRE olojd ZheAdo] vk a®T] wiie] d%FF
e dshs A2 e wE] Alade] diFEeld. Hole dEFF AF diEY As VAggeR
ERdte A7 Jd Folth ¥ =EolM e HA =359l DBSCAN S22HY 3 A4 WS AMgsto] %5
A9 A g4 2 AT dagss Adskdth BMSolA 543 lead-acid MiE ] A& gwke ARESho] EE%F
A9 A BF APS AR mRelA At darelFo] EE%F AF A g AEe We BTl
TR 2 oA AGE daelse AREstel wiE e W A5 9ol = Ay woj=rh 4E AS EFE
Ao aE= AAE T3 DBSCAN 3ehr|E 4 §}§ g3l AEF Y A4S 27 HES ¥ F IATh

F20 : Z2H¥, DBSCAN, 714 35, d5H44, @%5 a4

Abstract Lead-acid Battery is the oldest rechargeable battery system and has maintained its position in the
rechargeable battery field. The battery causes thermal runaway for various reasons, which can lead to major
accidents. Therefore, preventing thermal runaway is a key part of the battery management system. Recently,
research is underway to categorize thermal runaway battery cells into machine learning. In this paper, we
present a thermal runaway hazard cell detection and verification algorithm using DBSCAN and statistical
method. An experiment was conducted to classify thermal runaway hazard cells using only the resistance values
as measured by the Battery Management System (BMS). The results demonstrated the efficacy of the proposed
algorithms in accurately classifying thermal runaway cells. Furthermore, the proposed algorithm was able to
classify thermal runaway cells between thermal runaway hazard cells and cells containing noise. Additionally, the
thermal runaway hazard cells were early detected through the optimization of DBSCAN parameters using a grid
search approach.
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Battery thermal runaway cell detection using DBSCAN and statistical validation algorithms
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Figure 1. Lead-acid battery [22,23]
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Table 1. Detection point by DBSCAN parameter for Dataset

01

eps min_sample state Detection point
05 5 O after 21month
0.5 10 O after 21month
05 15 X -

05 20 X -

1 5 0] after 23month
1 10 ) after 23month
1 15 O after 23month
1 20 O after 22month
1.5 5 0] after 25month
1.5 10 0 after 25month
15 15 O after 25month
15 20 ) after 25month
2 5 X -

2 10 X -

2 15 X -

2 20 X -

E 2. Dataset 020f cHst DBSCAN OH7H tH=8 EfX| A|H

Table 2. Detection point by DBSCAN parameter for Dataset
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eps min_sample state Detection point
05 5 X -

05 10 O after 27month
0.5 15 0O after 27/month
05 20 X -

1 5 O after 32month
1 10 X -

1 15 X -

1 20 X -

1.5 5 X -

15 10 X -
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1.5 20 X -

2 5 X -
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2 15 X -

2 20 X -
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Figure 18. Resistance values, threshold and time of detection

Figure 16. The result of clustering for the 1% month dataset
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