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Abstract

This paper investigates the relationship between electric vehicle user behavior characteristics and
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battery capacity degradation through a data-driven approach. By labeling and analyzing various
behaviors, the study reveals that specific actions, such as fast charging, deep charging, and high-tem-
perature charging, significantly accelerate battery capacity degradation. A combination of cross-sec-
tional and longitudinal analysis is employed to identify and evaluate the cumulative effects of user
behaviors. To enhance the depth of analysis and improve prediction accuracy, the study integrates
statistical models with a multilayer perceptron (MLP) neural network, which proves particularly
effective in capturing the subtle links between user behavior and battery capacity degradation. By
training the MLP model, we can learn the complex mapping relationship between user behavior
characteristics and battery capacity degradation, leading to the development of a behavior-based
capacity degradation prediction model. This model provides optimization directions for battery
management systems.
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Table 1. Explanation of data fields
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Table 2. Feature extraction rules
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Figure 1. Classification of attenuated users
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Table 3. Horizontal analysis of specified user characteristic behavior labels
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Figure 2. Changes in behavioral habits
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Figure 3. Correlation heatmap of behavioral characteristics
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Figure 4. Characteristics of capacity decay and fast charging deep charging behavior
E 4. RERBERFRTITAFHEE
64.5 T
— fRIR TS L A

64 f

Capacity/Ah

625

62

0 0.5 1 1.5 2
it /min x10*
Figure 5. Characteristics of capacity decay and low temperature charging behavior

E 5 FEFRRSREFREITAFHEE

b, OV B R GR A T R B TR, R SRS H T AT Y R AR AL S R B

DOI: 10.12677/mos.2024.136582 6363 5 1 A


https://doi.org/10.12677/mos.2024.136582

ESVAE 7

FLIAE D SRS, AT Z0CHE K Tt A S 7 i DR B L BB o AROR B FE AT DARE— SRR AN R P A
AT A [14], DALt n i T P R UL (X AT, DhYREE ra it 25 (Y R U

SE K

(1]

[2]

(3]
(4]

[5]

(6]

(7]

(8]
(9]
[10]

[11]

[12]

[13]

[14]

Al-Saadi, M., Olmos, J., Saez-de-lbarra, A., Van Mierlo, J. and Berecibar, M. (2022) Fast Charging Impact on the Lith-
ium-lon Batteries’ Lifetime and Cost-Effective Battery Sizing in Heavy-Duty Electric Vehicles Applications. Energies,
15, Article 1278. https://doi.org/10.3390/en15041278

Han, X., Ouyang, M., Lu, L., Li, J., Zheng, Y. and Li, Z. (2014) A Comparative Study of Commercial Lithium lon
Battery Cycle Life in Electrical Vehicle: Aging Mechanism Identification. Journal of Power Sources, 251, 38-54.
https://doi.org/10.1016/j.jpowsour.2013.11.029

You, G., Park, S. and Oh, D. (2016) Real-Time State-of-Health Estimation for Electric Vehicle Batteries: A Data-Driven
Approach. Applied Energy, 176, 92-103. https://doi.org/10.1016/j.apenergy.2016.05.051

Li, W., Sengupta, N., Dechent, P., Howey, D., Annaswamy, A. and Sauer, D.U. (2021) One-Shot Battery Degradation
Trajectory Prediction with Deep Learning. Journal of Power Sources, 506, Article 230024.
https://doi.org/10.1016/j.jpowsour.2021.230024

Wang, Z., Song, C., Zhang, L., Zhao, Y., Liu, P. and Dorrell, D.G. (2022) A Data-Driven Method for Battery Charging
Capacity Abnormality Diagnosis in Electric Vehicle Applications. IEEE Transactions on Transportation Electrification,
8, 990-999. https://doi.org/10.1109/tte.2021.3117841

Ecker, M., Gerschler, J.B., Vogel, J., Kabitz, S., Hust, F., Dechent, P., et al. (2012) Development of a Lifetime Prediction
Model for Lithium-lon Batteries Based on Extended Accelerated Aging Test Data. Journal of Power Sources, 215, 248-
257. https://doi.org/10.1016/j.jpowsour.2012.05.012

Richardson, R.R., Osborne, M.A. and Howey, D.A. (2019) Battery Health Prediction under Generalized Conditions Us-
ing a Gaussian Process Transition Model. Journal of Energy Storage, 23, 320-328.
https://doi.org/10.1016/j.est.2019.03.022

Birkl, C.R., Roberts, M.R., McTurk, E., Bruce, P.G. and Howey, D.A. (2017) Degradation Diagnostics for Lithium lon
Cells. Journal of Power Sources, 341, 373-386. https://doi.org/10.1016/j.jpowsour.2016.12.011

Severson, K.A., Attia, P.M., Jin, N., Perkins, N., Jiang, B., Yang, Z., et al. (2019) Data-Driven Prediction of Battery
Cycle Life before Capacity Degradation. Nature Energy, 4, 383-391. https://doi.org/10.1038/s41560-019-0356-8

Lindgren, J. and Lund, P.D. (2016) Effect of Extreme Temperatures on Battery Charging and Performance of Electric
Vehicles. Journal of Power Sources, 328, 37-45. https://doi.org/10.1016/j.jpowsour.2016.07.038

Barré, A., Deguilhem, B., Grolleau, S., Gérard, M., Suard, F. and Riu, D. (2013) A Review on Lithium-lon Battery
Ageing Mechanisms and Estimations for Automotive Applications. Journal of Power Sources, 241, 680-689.
https://doi.org/10.1016/j.jpowsour.2013.05.040

Schmalstieg, J., K&bitz, S., Ecker, M. and Sauer, D.U. (2014) A Holistic Aging Model for Li(NiMnCo)O: Based 18650
Lithium-lon Batteries. Journal of Power Sources, 257, 325-334. https://doi.org/10.1016/j.jpowsour.2014.02.012

Rahman, T. and Alharbi, T. (2024) Exploring Lithium-lon Battery Degradation: A Concise Review of Critical Factors,
Impacts, Data-Driven Degradation Estimation Techniques, and Sustainable Directions for Energy Storage Systems. Bat-
teries, 10, Article 220.

Xu, B., Oudalov, A., Ulbig, A., Andersson, G. and Kirschen, D.S. (2018) Modeling of Lithium-lon Battery Degradation
for Cell Life Assessment. IEEE Transactions on Smart Grid, 9, 1131-1140. https://doi.org/10.1109/tsg.2016.2578950

DOI: 10.12677/mo0s.2024.136582 6364

e
dr
:_[
m


https://doi.org/10.12677/mos.2024.136582
https://doi.org/10.3390/en15041278
https://doi.org/10.1016/j.jpowsour.2013.11.029
https://doi.org/10.1016/j.apenergy.2016.05.051
https://doi.org/10.1016/j.jpowsour.2021.230024
https://doi.org/10.1109/tte.2021.3117841
https://doi.org/10.1016/j.jpowsour.2012.05.012
https://doi.org/10.1016/j.est.2019.03.022
https://doi.org/10.1016/j.jpowsour.2016.12.011
https://doi.org/10.1038/s41560-019-0356-8
https://doi.org/10.1016/j.jpowsour.2016.07.038
https://doi.org/10.1016/j.jpowsour.2013.05.040
https://doi.org/10.1016/j.jpowsour.2014.02.012
https://doi.org/10.1109/tsg.2016.2578950

	数据驱动下的用户行为特征标签与电池容量衰减诱因分析与容量预测
	摘  要
	关键词
	User Behavior Feature Labels and Analysis of Battery Capacity Degradation Triggers and Capacity Prediction under Data-Driven Conditions
	Abstract
	Keywords
	1. 引言
	2. 数据驱动下的容量衰减诱因分析
	2.1. 数据处理
	2.2. 横向分析：容量衰减的统计建模
	2.3. 容量衰减用户分类
	2.4. 纵向分析：行为变化的时间序列分析
	2.5. 统计分析方法

	3. 多层感知器(MLP)神经网络
	3.1. MLP的基本结构
	3.2. MLP的基本结构
	3.3. 训练MLP神经网络

	4. 数据分析与结果
	4.1. 训练MLP神经网络
	4.2. 预测结果
	4.3. 模型准确性评估

	5. 总结与展望
	参考文献

