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Battery degradation

What is battery degradation?
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Figure from: https://www.greencars.com/greencars-101/battery-degradation-and-how-to-prevent-it

Loss of performance dur-
ing long-term operation.

Effect is loss of power and
capacity.

In an EV the result is loss
acceleration and range.

In a laptop / phone, the
result is a loss of response
and charge.
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Battery degradation

What makes it difficult to measure?

» Degradation is a latent variabel — meaning that it cannot be measured directly.
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» Power and capacity are very difficult to measure during battery operation.
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Battery degradation

What makes it difficult to model?

NCA cells NMC cells LFP cells
(b) (c)
S5—p- —a—
o o 3 566 o -—g-a-8a-
Foos Fos g e S wag FO5[ ° e N
=% 8 g S—s.
= 0.9 0.9 ©. 0.9 .
e S 8 *—o—ogq 3 e—ceoea.
= 20385 2 0.5 s 20485 oo
@ 5 ——a—- before storage B before storage ] = before storage
(&) © 08| —a—25C 10 months o 08[| —a—25°C 10months © 08[|—=—25C 9months
= o7s - 40°C 10 months Eozs 40°C 9 months
. —&—50°C 10 months 7| | —=—50"C 9months
0.7 0.7 0.7
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Storage SoC (%) Storage SoC (%) Storage SoC (%)
8 2 g 2 8 2
£ 20% resistance increaseat | .,  § © § u
[} o 18 25°C and 50% SOC T8 o 1.8 ;
o @ © 10% resistance increase at @ 0% resistance increase at 25°C
c 2 16 2 16 25°C and 50% SOC 2 16 and 50% SOC
«© - -} &
3 ] B @
. 2 14 2 14 o 2 14
2 T -4 > T
= ks ol G- e = g
T 1 T 9 T
o« « 4

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 €0 70 80 90 100
Storage SoC (%) Storage SoC (%) Storage SoC (%)


mailto:svilsen@math.aau.dk

Soren B. Vilsen svilsen@math.aau.dk | On the use of machine learning in (Li-ion) battery degradation

Battery degradation

What makes it difficult to model?
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» The way the battery is stored and operated has a huge influence on its degradation
pattern.

» The dependence between battery health and storage/operation is complex.
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Machine learning in battery degradation

Moddelling state-of-health

Lab measurement

Data processing
and analysis

Estimation
method

1, SM

> ML-based: Feasible, no model » Model-based: working principle, battery modeling

X. Sui, “Robust state of health estimation for lithium-ion batteries using machine learning,” Ph.D. dissertation, Dept. Energy, Aalborg University, Aalborg, Denmark, 2022
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The NASA data

The NASA data

» Publically available data-set of aged battery cells.

» The cells are aged under different operating
conditions — different charge/discharge profiles,
temperatures, ...

» Contains capacity, resistance, and EIS measure-
ments.

Data available at: https://data.nasa.gov/dataset/Li-ion-Battery-Aging-Datasets/uj5r-zjdb/data
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The NASA data

Charge and dischage
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Data available at: https://data.nasa.gov/dataset/Li-ion-Battery-Aging-Datasets/uj5r-zjdb/data
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The NASA data
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Data available at: https://data.nasa.gov/dataset/Li-ion-Battery-Aging-Datasets/uj5r-zjdb/data
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The NASA data

Degradation
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Data available at: https://data.nasa.gov/dataset/Li-ion-Battery-Aging-Datasets/uj5r-zjdb/data
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Example 1

5634 IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS, VOL. 65, NO. 7, JULY 2018 bs

Remaining Useful Life Prediction and State of
Health Diagnosis for Lithium-lon Batteries Using
Particle Filter and Support Vector Regression

Jingwen Wei ™, Student Member, IEEE, Guangzhong Dong =, Member, IEEE,
and Zonghai Chen =, Member, IEEE

"Remaining Useful Life Prediction and State of Health Diagnosis for Lithium-lon Batteries Using Particle Filter and Support Vector Regression,” J. Wei et al., 2018
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Machine learning in battery degradation

Example 1

"Remaining Useful Life Prediction and State of Health Diagnosis for Lithium-lon Batteries Using Particle Filter and Support Vector Regression,” J. Wei et al
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Machine learning in battery degradation
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Example 1
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Remaining Useful Life Prediction and State of Health Diagnosis for Lithium-lon Batteries Using Particle Filter and Support Vector Regression,” J. Wei et al., 2018
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Example 2

Journal of Power Sources 459 (2020) 228069

Contents lists available at ScienceDirect s
Journal of Power Sources

journal homepage: www.elsevier.com/locate/jpowsour

Perspective ».’

Cneckcfor

State-of-health estimation and remaining useful life prediction for the e
lithium-ion battery based on a variant long short term memory
neural network

Penghua Li™’, Zijian Zhang ", Qingyu Xiong", Baocang Ding “, Jie Hou ", Dechao Luo*,
Yujun Rong ¢, Shuaiyong Li*

"State-of-health estimation and remaining useful life prediction for the lithium-ion battery based on a variant long short term memory neural network,” P. Li et al., 2020
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Example 2
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"State-of-health estimation and remaining useful life prediction for the lithium-ion battery based on a variant long short term memory neural network,” P. Li et al., 2020
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Machine learning in battery degradation
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Example 2

Time scale

"State-of-health estimation and remaining useful life prediction for the lithium-ion battery based on a variant long short term memory neural network,” P. Li et al., 2020
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Example 2
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"State-of-health estimation and remaining useful life prediction for the lithium-ion battery based on a variant long short term memory neural network,” P. Li et al., 2020
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Who is going to use their battery like this?
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Data available at: https://data.nasa.gov/dataset/Li-ion-Battery-Aging-Datasets/uj5r-zjdb/data
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The problems with the NASA data ((‘
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What is this?
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Data available at: https://data.nasa.gov/dataset/Li-ion-Battery-Aging-Datasets/uj5r-zjdb/data
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Forklifts
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Forklifts
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Forklifts

Laboratory ageing
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Forklifts
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Figure from: "Transfer Learning for Adapting Battery State-of-Health Estimation From Laboratory to Field Operation”, Vilsen et al., (2022)
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Modelling state-of-health

» We will assume that the change in capacity can be decomposed into change
due to calendar and cycle ageing:

O - QO - Aoca/ - Aocyc.

» The loss in capacity due to calendar ageing is log-linear in time, w, and
temperature, T:
log(AQcar) = mo +mW +n2T +ngwT.

» The loss in capacity due to cycle ageing will be modelled using a neural network. ..


mailto:svilsen@math.aau.dk

Soren B. Vilsen svilsen@math.aau.dk | On the use of machine learning in (Li-ion) battery degradation

A simple state-of-health model
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A simple state-of-health model

Why domain adaptation?

Source domain (laboratory ageing tests)
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A simple state-of-health model

Domain adaptation
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"Correcting sample selection bias by unlabeled data", Huang et al., (2007).
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Results of domain adaptation on the source domain
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Figure from: "Transfer Learning for Adapting Battery State-of-Health Estimation From Laboratory to Field Operation”, Vilsen et al., (2022)
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Results of domain adaptation on the target domain
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Figure from: "Transfer Learning for Adapting Battery State-of-Health Estimation From Laboratory to Field Operation”, Vilsen et al., (2022)
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