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Abstract:
and diagnosis for cells in lithium-ion battery modules, this
paper
spectroscopy and distribution of relaxation time curves

To address the issues of state identification

proposes using electrochemical impedance
with the affinity propagation (AP) clustering algorithm for
The AP

algorithm is compared with the density-based spatial

abnormal identification of battery modules.
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clustering of applications with noise (DBSCAN) algorithm
using 10 normal samples and multiple abnormal samples.
The results show that AP performs better than DBSCAN in
terms of accuracy, robustness, and parameter sensitivity
(overlapping data, uneven density, etc.). In addition, the
(XGBoost)
introduced, and after storing a certain amount of data

extreme gradient boosting classifier is
corresponding to the battery, the same battery can be
directly diagnosed for abnormalities through the XGBoost
classifier. The anomaly detection rate is 100%, and the
accuracy of identifying anomaly types exceeds 92%.
Finally, a battery module abnormal identification and
diagnosis system is proposed, which includes key steps
such as data collection, feature extraction, identification,

and diagnosis.

Keywords: lithium-ion  battery; electrochemical

impedance spectroscopy; distribution of relaxation time;

abnormality; affinity propagation clustering algorithm
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Fig.17 Low 10% -20% SOC anomaly identification results
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Tab.4 Confirmation of the optimal number of iterations for identifying other anomalies
(2 Anomalies And 10 Normal)

PR BRERREL TR RS AL RLEPEEA
1E# + &AL +busbar 1—2 0. 828 159 [0,0,0,0,0,0,0,0,0,1, 1] [4, 11]
EH K SOCH 5 SOC 3 0. 656 463 [0,0,0,0,0,0,0,0,0,1, 2] (5, 10, 11]
EH 48 SOC10% —20% 2% 5+ 1—2 0. 693 052 [0,0,0,0,0,0,0,0,0,1, 1] [9, 11]
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Fig.18 Identification results of low SOC+aging abnormalities
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Tab.5 Confirmation of the optimal number of iterations for identifying three anomalies
IR B RESEIEX RAEER - L RNIN S %S
1 0.639 740 (0,0,0,0,0,0,0,0,0,0,1, 1, 2] [9,11—12]
2 0.639 740 [0,0,0,0,0,0,0,0,0,0,1, 1, 2] [9,11—12]
3 0. 639 740 [0,0,0,0,0,0,0,0,0,0,1, 1, 2] [9,11—12]
4 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2,3, 4] [3,8,10—12]
5 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2, 3, 4] [3,8,10—12]
6 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2, 3, 4] [3,8,10—12]
7 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2,3, 4] [3,8,10—12]
8 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2,3, 4] [3,8,10—12]
9 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2, 3, 4] [3,8,10—12]
10 0.464 714 (1,1,0,0,0,0,0,1,1,1, 2, 3, 4] [3,8,10—12]
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Fig.19 Normal battery identification results
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Fig.20 DBSCAN single anomaly identification results
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Fig.21 DBSCAN multiple anomaly identification results
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Fig.22 XGBoost abnormal diagnosis results
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Fig.23 Battery anomaly identification and diagnosis system
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Fig.24 Battery anomaly identification and diagnosis process

Sk

(1]

(6]

WANG X, FANG Q, DAI H, ez al. Investigation on cell
performance and inconsistency evolution of series and parallel
lithium-ion battery modules [J]. Energy Technology, 2021, 9
(7): 1.

DAI H, JIANG B, HU X,

management

et al. Advanced battery
strategies for a sustainable energy future:
Multilayer design concepts and research trends [J]. Renewable
and Sustainable Energy Reviews, 2021, 138(3): 110480.
WANG X, WEI X, ZHU I, et al. A review of modeling,
acquisition, and application of lithium-ion battery impedance for
onboard battery management [J]. eTransportation, 2021, 7
(2): 1.

JIANG B, ZHU J, WANG X, e al. A comparative study of
different features extracted from electrochemical impedance
spectroscopy in state of health estimation for lithium-ion
batteries[J]. Applied Energy, 2022, 322: 119502.

JONES P K, STIMMING U, LEE A A. Impedance-based
forecasting of lithium-ion battery performance amid uneven
usage [ J]. Nature Communications, 2022, 13(1): 4806.

LAI X, HUANG Y F, DENG C, et al. Sorting, regrouping,
and echelon utilization of the large-scale retired lithium

batteries: A critical review [J]. Renewable &. Sustainable

[7]

[10]

[11]

[12]

Energy Reviews, 2021, 146: 111162.

ZHANG Y, TANG Q, ZHANG Y, et al. Identifying
degradation patterns of lithium ion batteries from impedance
spectroscopy ~ using  machine  learning [J].  Nature
Communications, 2020, 11(1): 1706.

CIUCCI F, CHEN C. Analysis of electrochemical impedance
spectroscopy data using the distribution of relaxation times: a
bayesian and hierarchical bayesian approach [J]. Electrochimica
Acta, 2015, 167: 439.

WANG X, LI R, DAI H, ez al. A novel dual time scale life
prediction method for lithium-ion batteries considering effects of
temperature and state of charge [J]. International Journal of
Energy Research, 2021, 45(10): 14692.

FREY B J, DUECK D. Clustering by passing messages
between data points[J]. Science, 2007, 315(5814): 972.
CHEN T, GUESTRIN C. XGBoost: a scalable tree boosting
system [C]//KDD'16: of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery
and Data Mining. San Francisco: ACM, 2016.

ESTER M, KRIEGEL H P, SANDER J, ez al. A density-
based algorithm for discovering
databases with noise[C]//KDD'96: Proceedings of the Second
International Conference on Knowledge Discovery and Data

Mining. Portland Oregon: AAAI Press, 1996: 226.

Proceedings

clusters in largespatial



