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Chapter 1: Introduction
[0 Background and Motivation

O Resource underutilization and environmental impact

AGAINST WASTE Prevention EV usage *1 retired 18650 cell = 1m2land & 600 liters water wasted
*1 Tesla Model S = 7,104 cells

Preparation for reuse

Recycling

WASTE >80% Recovery

Disposal

Figure 1.1 The “inverse-pyramid” of electric vehicle energy utilization. Figure 1.2 The environmental impact per battery cell.
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Chapter 1: Introduction

0 Background and Motivation

O The current situation of unstandardized battery waste treatment (Reuse)

VR S )

Capacity test 3_\ s Re-assemble
e pactty WA

Figure 1.3 The simplified diagram of battery treatment for reuse.

PhD Work Summary at Tsinghua & Berkeley — Dr. Shengyu Tao G-Scholar | RearchGate | LinkedIn | GitHub 2025/9/16 Page 6



https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://www.researchgate.net/profile/Terence-Shengyu-Tao/publications
https://www.linkedin.com/in/shengyu-tao-phd-2171a6288/
https://github.com/terencetaothucb

Chapter 1: Introduction

0 Background and Motivation
O The current situation of unstandardized battery waste treatment (Recycling)
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Figure 1.4 The simplified diagram of battery treatment for recycling.
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Chapter 1: Introduction

0 Background and Motivation
O The state-of-the-art major policies
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Figure 1.5 Major policies of the battery circular economy.

PhD Work Summary at Tsinghua & Berkeley — Dr. Shengyu Tao

G-Scholar | RearchGate | LinkedIn | GitHub 2025/9/16 Page 8



https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://www.researchgate.net/profile/Terence-Shengyu-Tao/publications
https://www.linkedin.com/in/shengyu-tao-phd-2171a6288/
https://github.com/terencetaothucb

Chapter 1: Introduction
0 Background and Motivation

O The roles of machine learning

O Use data to evaluate battery status to inform safe, profitable, sustainable and standardized allocation

4 N
™ How to perform informed
second-life decision-making?
Long lifetime N e
+ 0] ® a Retired o RS Qe Reuse
_ Use A batteries " RUE " (second-life) cee
High power iy e - 1 ‘ y -
,& " w
T L ® .\
Fast charging BNOT - B
o o o E;]E £ i =
Carbon footprint Remanufa_ctured ‘ Remanufacturing End-of-life
batteries
N J

Figure 1.6 The concept of Machine Learning-Assisted Lithium-ion Battery Diagnostics and Prognostics for Sustainable Remanufacturing, Reusing and Recycling.
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Chapter 1: Introduction
0 Background and Motivation

O The tasks of machine learning
O The tasks are distinct for different battery service stages

R&D ° ° °

=2 - -
B £ Primary life ) ) ) )
=)
2 E
5 o Reuse [ ° ° ° °
° ©
T o
Recycling ° ° ° °

® required management task(s)
SOC: State of Charge, SOH: State of Health, RUL: Remaining Useful Lifetime

Figure 1.6 The concept of Machine Learning-Assisted Lithium-ion Battery Diagnostics and Prognostics for Sustainable Remanufacturing, Reusing and Recycling.
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Chapter 1: Introduction

[ Literature review
O The battery data barriers

Full historical data * No historical data

Varying compositions « Varying compositions . .

Varying formats +  Varying formats Data Sca rCIty

Varying capacity designs « Varying capacity designs

Discrete temperature + Controlled temperature B atte W Statu S NO- I on g er

Fixed cycling current « Smaller current . .

Known initial states * Unknown initial states monitored po st-retirement

S+ S++
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= ; . ﬁtﬂ - .. N
R&D Primary life Second life Recycling
(remanufacturing) A S+ (reuse) A stes Data hete rogene”:y:
i OH+ P H++ : .
' Every battery is different

Scale AP

: * Accumulated data * No historical data . . .
+ Mlnor‘ +  Fixed composition +  Varying compositions d uetoo pe ration varieties
e Medlum +  Fixed format +  Varying formats
+++: Severe Fixed capacity design +  Varying capacity designs

Controlled temperature * Ambient temperature
. . Dynamic current * No current

S: Data Scarcity Known initial states +  Unknown initial states

H: Data Heterogeneity

Figure 1.7 The data characteristics in different battery service stages.
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Chapter 1: Introduction

] Literature review

O The state-of-the-art methods overcoming battery data barriers (data scarcity and heterogeneity)

Physical battery
testing and data
generation

Equivalent circuit
model

Generative AI model
(e.g., GAN and
VAE)

Hybrid model
(testing + generative
Al)

Transfer learning

Continual learning

Feature engineering
(for early prediction)
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New dataset availability

Efficient and affordable

Data generalization

Balance priors and
posteriors

Invariant domain

Continuous model
updates

Efficient

Time-consuming, costly

Intensive model priors
(biased to fixed patterns)

Overfitting to training
distribution

Intensive hyperparameter
tuning
(another type of model
priors)

Theoretical transferability

Catastrophic forgetting

Overfitting and

intensive expert knowledge

o A T Unexhaustive operation

vl i e on New dataset availability conditions and fiegradatlon -
mechanisms
6 . .
[6] Raqdorn charging Simulate real electric vehicle Not applicable to reuse and [21-25]
selection and segment recycling
[7-8] Noise addition Efficient and affordable szl adh‘ere'to qnderlymg [26,27]
distribution
[9-10] Intensive h ) .
Ensemble learning Mixture of model experts ftensive hyperparametet tu ning [28-32]
and poor interpretability
Transfer learning Invariant domain Theoretical transferability [16,17,33]
[H-17] Communication cost, data
0 Federated learning Collaborative and private missing [27, 34]
[18-20] and poor interpretability
[1,16,17] Large language model Data generalization Ve Rl SR [35]

and lack of training materials

Table 1.1 Literature review on state-of-the-art methods overcoming data scarcity and heterogeneity.
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Chapter 1: Introduction

] Literature review

O Research gap

O Data scarcity:

restricted access, few data...; Data heterogeneity: operation, degradation variabilities...

Research gaps - Research gaps
Existing data testing-based generation methods are  Existing data generation cannot exhaust case-
costly and time-consuming specific operation conditions
Existing prediction methods are vulnerable to  Existing prediction methods are barely informed of
varying operation conditions and model parameters diversified degradation mechanisms

Solutions: - Solutions:
Collaborate to maximize existing data source * Integrate condition information into adaptable
->mitigate data restrictions diagnostics & prognosis
Generate new condition-constrained data to ensure * Integrate physics (degradation mechanism) into Research gaps
robustness battery diagnostics & prognosis

This work

->increase data generalizability

Figure 1.8 The research gap identification.
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Chapter 1: Introduction

0 The high-level work structure
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Figure 1.9 The high-level dissertation structure.
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Chapter 2: Early Quality Control

[0 Research Question

O How to ensure the quality of remanufactured batteries before put into massive productions?

Research gaps

Existing prediction methods are barely informed of
diversified degradation mechanisms

Solutions:

Integrate physics (degradation mechanism) into

. . . Research gaps
battery diagnostics & prognosis

This work
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Chapter 2: Early Quality Control

O Overview

OO Motivation

O Traditional quality verification takes > 3 (6) months under accelerated (normal) conditions

O Accelerated verification are faster but can be hard to translate into normal conditions

O Contribution

O Formulates the early quality control as an Arrhenius-transferable time-serials forecasting problem

O A multi-step fast charging dataset is generated for explainable feature extraction

Prototype verification Verification queue Machine learning Prediction
25°CJ| *e—o o o oo n @ Accessible @ Prediction Q: Capacity
s asc e Pofi i~ : ‘. i~ : Guiding samples [l End of verification
‘6 r—o—9o 0 oo 1
2 45°C o o o o B o - |
§ s o o o onm \
o) 55°C ' P 1
L Lifetime '
(o] 1
= ] A\l :
Heating As—— — ! Predicted 4
s —— Lifetime
trajectory Accelerated aging system Model training Verification result

Figure 2.1 The diagram of normal and accelerated quality verification.
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Chapter 2: Early Quality Control

O Methodology Summary

Model training
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Chemical Process
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Figure 2.2 The diagram of different recycling methods.
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Ttarget Chain | (Fearget) Iteration i
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Figure 2.3 The algorithm summary.

G-Scholar | RearchGate | LinkedIn | GitHub

2025/9/16 Page 18


https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?hl=zh-CN&user=MHzCCogAAAAJ&view_op=list_works&sortby=pubdate
https://www.researchgate.net/profile/Terence-Shengyu-Tao/publications
https://www.linkedin.com/in/shengyu-tao-phd-2171a6288/
https://github.com/terencetaothucb

T
Chapter 2: Early Quality Control

[0 Methodology

O The Arrhenius equation:

_E_a)
r = Ae kBT

where, 7 is the aging rate of the battery, A 1s a constant, E; is the activation energy, kg 1s Boltzmann constant and T is
the Kelvin temperature.

O Arrhenius equation-based transferability metric (AT gcore):

ES E} 1,1
T — a4y ——t)a
ATSSCoolﬁzce%target _ Ttarget _ e( kpTs KpTp 8( Ts Tt)

Tsource

where, T and T; are the Kelvin temperatures of the source domain and the target domain, respectively.

1

)—1
source j— target 1

o o . [ — t t
O The contribution of source domains: W; = (|[ATsore 00 —1|- 3K

|ATSCOT‘€

where, i is the source domain index.

° . 1 t t 1
O The aging rate of target domain: 1y, gor = Xici Wi - ATyrore 00+ Tource

where, K is the number of source domains.
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Chapter 2: Early Quality Control

[0 Methodology

O Chemical Process Prediction Model: F = f,(U) = ( () (f;(LL))) 0(1) (fé}%)) )

where, U (from the charging test) is the broadcasted input voltage matrix Ucxm)x10, glven a feature matrix F cum)xn-

C N
Yi=1(Fi—F
c

)2 "
O Loss of Chemical Process Prediction: L;,s chemicaiprocess = D% 4 ) L xYS_L|F; — Fy

where, U is the broadcasted input voltage matrix U cxm)x10, glven a feature matrix Fcxm)xn, F; 18 the ith label of

A

defined chemical processes, F; is the predicted chemical processes feature matrix for the ith cycle, A ; is regularization.

source j— target

O Chemical Process Prediction Model in target domain: Fi,, ;.. = Fiz}ger + Yii W Ascore

i—1

Tsourcej Where, the F,, get 18 the feature value of target domain in the ith cycle, 7 il

, Tsource j 18 the aging rate of source

domain j at the (i — 1)th cycle .
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Chapter 2: Early Quality Control

[0 Methodology
O Degradation Trajectory Prediction Model: D = f, (F) = ( (@) (f ((L)) o [ ( (1))) (F)

A

where, F is the predicted battery chemical process feature matrix.

C N
Yi=1(Vi—yi)?
C

O Loss of Degradation Trajectory Prediction: L;,ss pegragationtrajectory = + A, *

AN

iC= 11yi — yil where, U is the broadcasted input voltage matrix U cxm)x10, given a feature matrix Fcxmyxn, F; 18 the

AN

ith label of defined chemical processes, F; is the predicted chemical processes feature matrix for the ith cycle, 4 4 1s
regularization.

0 The SAGE feature importance: SAGE = 1 D (d|;| 1)‘1E[Var(E [Y | X5, Xi] | Xs)]
ScD\{i}

where, Y is the output of the degradation trajectory prediction model, X = {X; | i € S} are subsets of features for

different S € D, where D is the set of all features and D ={1, ..., d}. ( S| ) equals to combination numbers of features.
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Chapter 2: Early Quality Control
[0 Results

O The degradation trajectory prediction achieves low errors while only using 4% data (50 cycles)

O Robust to temperatures, lifetime points, data availabilities, and battery samples

Verification temperature at 45 degrees
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Figure 2.4 The degradation trajectory prediction performances. Model3 IR} 091 1341 11.78 082  12.76
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Chapter 2: Early Quality Control

] Results

O The capacity based features are more important than other manipulated features
O The thermodynamic features are more important than the Kinetic features

Note: thermodynamic features are those from low current stages, while Kinetic ones are from high current stages

O The voltage loss (battery degradation) is presented by:
|Uactual _ Utheoretical(*) | = AE (SOC: SOH, T) + 77(1' SOC,S0H, T)
where, U, +,q1 1 the actual working voltage. Uipeoreticar 15 the theoretical open-circuit voltage, AE is the thermodynamic

voltage loss, 77 1s the current-induced kinetic loss.

Thermodynamics ~ Kinetics 0« @1

———=0 ! Aging Variability Multi-dimensional chemical processes Deviation g 6
1. 0 4 = Temperature I
:;/ £ n Prior-cycling In-cycling (intra-step) In-cycling (inter-step) Importance (10-23) § / invariant * li
) o : I : T ;= - éi -
5 q IMV (U1-U9) Capacity (Q) Ohmic resistance (RO) I 79% |21%| T 0 - ;* &5
- © Lumped resistance (RL) Voltage transient g-
o " N
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Figure 2.5 The feature engineering methodology. Figure 2.6 The feature importance analysis.
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Chapter 2: Early Quality Control
[0 Results

0 Before the SEI activation, kinetics loss dominates
OO0 At higher temperature, the Kinetics loss can lead to higher thermodynamics loss

O The degradation correlation can be used as a non-destructive measure of battery degradation (circle points) to
control the battery quality

== Thermodynamic loss (LAM&LLI)
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Figure 2.7 The degradation dominance and correlation.
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Chapter 2: Early Quality Control

] Results

O A forward-looking sustainability assessment of “refined-recycling”
O The “refined-recycling” demonstrates a 19.76 billion USD defective material recycling market by 2060 worldwide

O The early quality control is fast, non-destructive and sustainable in treating defective prototype batteries
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Figure 2.8 The diagram of different recycling methods. Figure 2.9 The sustainability assessment of different recycling methods.
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Chapter 3: Rapid Residual Evaluation

[0 Research Question

O How to ensure the residual evaluation’s rapidness and generalizability using minimal data?

Research gaps

 Existing prediction methods are vulnerable to
varying operation conditions and model parameters

- Solutions:

e QGenerate new condition-constrained data to ensure
robustness
->increase data generalizability This work

Research gaps
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Chapter 3: Rapid Residual Assessment

0 Overview
0 Motivation

O The residual value evaluation requires extensive data measurement

O The data measurement are sensitive to different state of charge conditions and material types
O Contribution

O A real-world pulse test based residual value assessment dataset is generated

O A condition-dependable generative model is built for extended pulse measurement data generation
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Reuse s L Py 5s ®
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. LN ] * 3 3
= . o » : Y - = s 36 ‘lo_. —4 '\¢ 0§ a s
P \ A . ¥ - g 1 .J 25s u21 s g 38 g, e :
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Figure 3.1 The diagram of rapid residual assessment. Figure 3.2 Pulse test. Figure 3.3 Condition dependency of pulse test.
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Chapter 3: Rapid Residual Assessment
O Methodology Summary

Measured data Condition exploitation Condition exploration Data generation
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Figure 3.3 The algorithm summary.
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Chapter 3: Rapid Residual Assessment

[0 Methodology
QK™

O The attention mechanism: Attention (Q, K, V) = softmax (F) V
k

where, Q, K, V represent the query, key, and value sequence, respectively. d is the scaling factor, typically the dimension

value of the key K. T is the transpose operator. The softmax function normalizes the input vector so that the sum of the

probabilities is 1.

O The conditional embedding for the encoder: C = ReLU(cond W + bc)

where, cond = [SOC,SOH] € R¥*? is the condition input, W, € R®4*2, b, € RN*%* are the condition embedding neural

network weighting matrix and bias matrix.

O The feature embedding for the encoder: H = ReLU(X W+ bh)

where, X € RV*21 s the feature matrix input, Wy, € R®4*21 b, € RN*®* are the main input embedding neural network

weighting matrix and bias matrix.
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Chapter 3: Rapid Residual Assessment

[0 Methodology

O The latent embedding after the cross-attention of encoder: AttenEncoder = Attention (H, C, C)

where, H € RN** and C € RN*6* are embeddings of pulse voltage response data and retirement condition data,

respectively.

0 The parameter for the latent space of the variational auto-encoder:

mean of Gaussian distribution: Zy,ea, = AttenEncoder - W, +b

Zmean Zmean

variance of Gaussian distribution: Zjeg var = AttenEncoder - W} +b

Z1og_var Z)log var

1
O Sampling in the latent space: Z = Z, o, +€2 %8 €

O The feature embedding from the decoder: H' = ReLU(z - W4 + by)
O The latent embedding after the cross-attention of decoder: : AttenDecodeder = Attention (H',C’,C")

O The reconstructed feature matrix output: X = G(AttenDecodeder - WJ +b0)
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Chapter 3: Rapid Residual Assessment

[0 Methodology

o L o 1 A\
O The reconstruction loss of variational autoencoder: Lossysg = N ’ivzl(xi — %;)?

Z
O The KL-divergence loss of variational autoencoder: Lossg; = — %Z{-V:l (1 + Zjog var . — Zinean ; — © log_var i)
—_ 1

O The total loss of variational autoencoder:Loss = wyept * LOSSysg + Wk, + LOSsky,

where, wy.nt and wgp, are set to 0.5 to achieve a balance between the generation accuracy and the diversity, respectively.

N is the sample size.

O The random forest regressor: y = h(X) = %Z%zl h(X;9,,,0.,)

where, X 1s the generated feature matrix, y is the predicted SOH value vector. M is the tree number in the random forest.

U, and 0, are the hyperparameters.
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Chapter 3: Rapid Residual Assessment

O Results
0 The data generation performance are below 2% MAPE.

O The generation saves time and energy!
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Data 1s cheaper and greener!
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Figure 3.4 The data training and testing split. Figure 3.5 Data generation results of all cases. Figure 3.6 Cost and carbon savings.
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Chapter 3: Rapid Residual Assessment

] Results

O
O

Retirement cases

The residual assessment is rapid and accurate using generated data, which is necessary.
The data generation can be generalized to other battery chemistries and formats.
C 7 4 B SOH estimation with interpolative discovery SOH estimation with extrapolative discovery
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Figure 3.7 The residual assessment performance across all cases.
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Figure 3.8 Comparison between original and generated data.
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Chapter 3: Rapid Residual Assessment

] Results

O The data generation involves least carbon emission among all typical recycling methods.

O The data generation reduces the pretreatment electricity cost over 50%.

Pretreatment methods
CCCV 50% SOC
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CCCV 5% SOC
Pulse 50% SOC
Pulse 25% SOC
Pulse 5% SOC
Generation
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Figure 3.9 The carbon comparison of different residual assessment methods.
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Figure 3.10 The cost comparison of different residual assessment methods.
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Chapter 4: Collaborative Material Sorting

[0 Research Question

O How to identify the material status of retired batteries using multi-entity data (with data privacy)?

Research gaps

* Existing data testing-based generation methods are
costly and time-consuming

- Solutions:

* Collaborate to maximize existing data source
->mitigate data restrictions

Research gaps

This work
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Chapter 4: Collaborative Material Sorting

O Overview

O Motivation

O The battery material data can involve commercial secrets and privacy use patterns.
O The battery materials are often mixed when collected from different vendors.

O Contribution

O A collaborative and decentralized material sorting algorithm is proposed.

O The algorithm can protect data privacy by using the data locally while not sharing them globally.

@ - Composition No

Q- How to ensure safe, economical, sez,ets BMS access
and sustainable battery allocation? ?

A- Depends on the states of the batteries Privacy Secondary

iﬂs """""" > use patterns destructions

Q- How to check those battery states? | A% i L

A- Let me look into the battery data! Future use Measurement
B R B A R D g t - uncertainties noises

3 Data constraints

Figure 4.1 The data privacy constraints in material property identification.
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Chapter 4: Collaborative Material Sorting
O Methodology Summary

e e e e e e e e =
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Figure 4.2 The algorithm summary.
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Chapter 4: Collaborative Material Sorting

[0 Methodology
O The client (one data collaborator): Client, £ (lb,, ub, NCy)

where, k = {1,2,---,10}, where lb, and ubj, are the minimum and maximum number of battery observations in Clienty,.

NC stands for the minimum number of classes in each Clienty,.

O The client decision (classification) model: g(X) = argmax Z§=1 | (y = h; (X; G)j))
yecl

where, I is the indicator function. [ (y = h;i(X; G)j)) = 1ify = hj(X; 0;) and 0 otherwise.

1

O The Wasserstein distance measure: W, (-,-) = ( inf | | — x2|qdy(x1,x2))5

yEMP “1xQ;

where, where ¥ is a transport operator, referring to the transport of arbitrary attributes pairs, i.e., (x4, X, ), from the global

feature space {14 to the client feature space (),. MP stands for a measurably preserved transport.
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Chapter 4: Collaborative Material Sorting

[0 Methodology

O The Wasserstein Distance Voting term: w; = o~ *(1="k(Wg)

where, a > 0 and A > 0 are voting hyperparameters. M, is the average operator on the pairwise Wasserstein distance

between feature spaces of Client;, and the global feature space, i.¢., the recycler.

O The aggregated global model: G(x) = argmax Yx_; wiI(y = gi(x))
yel

where, K 1s the number of clients. I is the indicator function. I (y = h;i(X; G)j)) = 1ify = h;j(X; 0;) and 0 otherwise.
. . 1 Ax 1 A
0 The permutation feature importance: Imp)' = ;Z jer, | (yn * Cp, j) — ]—nZ jer, 1 (yn * Cp, j)

where, 7, is the cardinality of the n out-of-bag observations, /,, is the number of trees in the random forest considering n

out-of-bag observations. The feature importance of ImpJ is averaged over all observations as a global importance.
O The privacy budget: PB = 100%x max(NSR|A(NSR) = 4)

where, A denotes the lower bound of acceptable accuracy of the model, NSR is the noise-to-signal ratio.
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Chapter 4: Collaborative Material Sorting

] Results

O The input for material sorting only requires one cycle (random) end-of-life data.

O The feature extraction process is standardized for different material types .
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Figure 4.3 The feature engineering.
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Figure 4.4 The extracted features.
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Chapter 4: Collaborative Material Sorting

[0 Results
O The proposed WDV aggregation strategy achieve 99% sorting accuracy with homogeneous data access.

O The proposed WDV aggregation strategy is robust to strong measurement noise (up to 10%), thus
having the best privacy budget (accuracy > 90% with 10% random noise injection).

Prediction probability distribution Prediction probability distribution 1.00 NSR(%)

1 - Accuracy 1 . Accuracy /\ n=10 PB " g 10
2r e :‘I’_'fggf;% i 2 IR :’:2‘5/;;’9% | o5’ @ 9
i - o i 3] - M 0.95] e 8
4 %
G4 £ o~ B4 [ | A > 7
O5 12 AR % 5| 12 | /\ < 0.90 P | W6
g 61 12 | e E 61 12 | = 8 PB reference 5
"7 ™ 7 [ | % 4
| % Class 1 | Class 2 "Class 3 X - 0.85+¢ 5% 50% 95%
8 i S 81 Class 4 =Class 5 =Class 6 [ i I H ¢ H 9
9- 1% 2 () ——— 9" Class 7 ™Class 8 "Class 9 ot 259  75% 2
‘ ‘ e S INE % B & 2 in ow mh 0o 1 Sl
12 3 45 6 7 8 9 123 4567 89 0.80 '
Predicted Class Predicted Class IL MV WDV
Figure 4.5 Material sorting results with homogenous data access. Figure 4.6 Material sorting results with data privacy budgets.
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Chapter 4: Collaborative Material Sorting

[0 Results
O The proposed WDV aggregation strategy outperforms among all heterogeneity indexes.

O The proposed WDV aggregation strategy increased 26% of the material sorting accuracy compared to
the non-collaborative sorting method.
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Figure 4.7 Material sorting results with heterogenous data access. Figure 4.8 Class-wise (upper part) and client-wise (lower part) sorting accuracy.
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Chapter 4: Collaborative Material Sorting

[0 Results
O The model automatically finds the important features that relate to the dQ/dV peaks.

O The mixed battery materials are “sortable” only using F1 and F16 features (the dQ/dV peaks).
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Figure 4.9 The feature importance analysis.
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Chapter 4: Collaborative Material Sorting
[0 Results

O The profit of direct recycling after material sorting increased over 60% averaged over different
material mix rate.
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Figure 4.10 The sustainability analysis.
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Chapter 5: Unified Diagnostics and Prognostics

[0 Research Question

O How to ensure muti-condition, multi-task, multi-metric battery lifecycle management using unified model?

Research gaps

Existing data generation cannot exhaust case-
specific operation conditions

Solutions:

Integrate condition information into adaptable
diagnostics & prognosis

Research gaps

This work
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I
Chapter 5: Unified Diagnostics and Prognostics

O Overview

O Motivation

The physical measurements are inconsistent.

The diagnostics and prognostics tasks are different.

The model parameters are constantly changing but the model is hardly adaptive.
Contribution

CORAL transformation and neural network integration in a unified form.

OOQOooao

CORAL works for multiple tasks (RUL, SOC, SOH) and physical measurements (long term cycling
and short-term pulse test)
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Chapter 5: Unified Diagnostics and Prognostics
O Methodology Summary
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Figure 5.1 The feature importance analysis.
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Chapter 5: Unified Diagnostics and Prognostics

[0 Methodology

O The covariance matrix of source domain and target features: Cs = Cov(Xs) + AL, Cr = Cov(X7) + AL,

where, I, is an identity matrix. A > 0 is the regularization term. Smaller A corresponds to more alignment, while larger A

corresponds to less alignment. Cov(-) is the covariance operator.
0 The domain difference minimization: min |ICe — CT||12;- = min |ATCA — Crllig

where, C¢ 1s the covariance of the CORAL-transformed source domain features, A is a linear transformation applied to

2
the Dy features. ||-||= \/Z?il "1 |agl

1
O Adaptability: Adaptability =1 —W,(:,) = ( inf fﬂxﬂ |Xs — XT|qdy(X§,XT))5
YEMP
where, where y refers to the transportation of arbitrary CORAL-transformed feature points in the fast-charging condition

X¢ to the extremely fast-charging condition feature X7. () 1s the original feature space.
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T
Chapter 5: Unified Diagnostics and Prognostics

[0 Methodology

O The CORALloss: [coraL = 5 ICs — Cellz

4k2

where, C, and C, are the covariance matrices of source domain and target domain features, ||| is the squared Frobenius

norm. k is the dimensionality of the features, and thus, k = 21. The factor ﬁ normalizes the loss concerning the
dimensionality of features, ensuring that the loss values remain comparable even for different feature dimensions.

O The loss function of multi-task estimation (e.g., SOC and SOH estimations):

soctgt RRCtgt

SOCSTC CSTC
+ l + lﬁiE T lMSE ) +B - lCORAL

_ T
LcoraL net = @ - (lMSE

where, a 1s a weighting vector for source domain and target domain tasks, including SOC prediction and relative
remaining capacity prediction. S is a scalar value for the CORAL loss as a regularization that penalizes the model to

converge to directions with large domain divergence. [, s refers to the mean square error.
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Chapter 5: Unified Diagnostics and Prognostics

] Results

O The feature engineering shows great domain divergence with different operation conditions.
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Figure 5.2 The feature engineering visualization.
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Features Full name (from [b to ub;) Formula
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I
Chapter 5: Unified Diagnostics and Prognostics

] Results

O CORAL-aided MLP reduced 98% RUL prediction error with an absolute error of 31.8 cycles.
O CORAL-aided predictions are more stable than the state-of-the-art fine-tuning methods.
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Figure 5.4 The lifetime prediction error.
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Chapter 5: Unified Diagnostics and Prognostics
[0 Results

O The average error of 6.9% (31 cycles) shows stability with different regularization parameters

O CORAL can effectively align feature distributions by minimizing domain divergence.
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Chapter 5: Unified Diagnostics and Prognostics

] Results

O The cycle-wise adaptability observes a “saturation” after 120 cycles. (averaged by features)

O The dQ_ min feature has the best feature-wise adaptability. (averaged by cycles)

O The prediction accuracy is positively related to features adaptability regardless of feature types and

cycle time.
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Figure 5.8 The adaptability evaluation.
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Chapter 5: Unified Diagnostics and Prognostics

[0 Results
O CORAL can be used in different tasks (RUL, SOC, SOH) with different form (neural network loss)

O CORAL can be used in different physical measurement (long term charging and short term pulse test)

O CORAL outperforms existing methods under all data accesses. ° °
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Figure 5.10 SOC and SOH estimation using CORAL
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Figure 5.11 CORAL model benchmarking.
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Chapter 6: Conclusions & Outlooks
O Conclusions

0 Machine learning has been seamlessly integrated into battery remanufacturing, reusing, and recycling

by addressing data scarcity and heterogeneity challenges for maximized efficiency, safety, and
sustainability.

O Machine learning answers whether, when and how to perform remanufacturing, reusing, and recycling.
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T
Chapter 6: Conclusions & Outlooks

0 Outlooks

OO Non-invasive characterizations for prior knowledge about battery degradation, thus enabling effective
integration of physics knowledge into data-driven models.

O Evaluating the informativeness of existing datasets to ensure meaningful data expansion with careful
consideration of data sufficiency.

O Techno-economic analysis of data-driven models, from data curation, data storage, data processing,
model training and model deployment.

O Large language models that streamline literature reviews, synthesis, reports, specification sheets, and
extraction of technical knowledge.

0 Model evaluation that follows industry-standard benchmarks and defines acceptable error margins.
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Appendix A
O Multi-step fast charging

Charging details

Stepl: Rest 30.00

Step2: 0.33Cgpy CC to 2.5V -

Step3: Rest 30.00

Step4: 0.33Crpy CC to Ul 14.54 +8.0%
StepS: 3.00Cgpy CC to U2 2.40 +12.0%
Step6: 2.90Crpy CC to U3 2.07 +10.0%
Step7: 2.80Cgpy CC to U4 2.14 +10.0%
Step8: 2.40Cypy CC to U5 2.50 +10.0%
Step9: 2.00Cgpy CC to U6 3.00 +11.1%

Step10: 1.80Cgpr CC to U7 3.33 +10.0%

Step11: 1.40Cgpy CC to U8 4.29 +10.0%
Step12: 0.33Cgpy CC to U9 28.93 +15.9%
Step13: Rest 120.00 Summation: 97%

Step14: 1Cgrpr CC to (U10) 56.40 -94%
Step15: Rest 60.00

Steps 3 to 14 are repeated 3 times. Mean values of (U1-U9) are taken as cut-off

EEIR R Pt voltages for subsequent cycling.

Current rate (C)

Voltage (V)

3.0 U9 15.9 97
U8 10 81.1
U7 § 10 711
2.0 Us = 11.1 61.1
U5 o 10 50
10 U4 © 10 40
: U3 o 10 30
U2 = mam 20
0.0 U1 8
0 10 20 30 40 50 60 /" Step/Accumulated
Time (min) State of charge (%)

Figure A.1 The multi-step charging profile.

(1)
200 ey e
| - r—/ 0.33C
| |
36 |‘/ | C-rate @ | 0.33C
: | 0.33
| | ge

0 50 100
State of charge (%)

Figure A.2 The high current and low current region.
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Appendix B

O The concept of thermodynamics and kinetics

After S5
Theoretical voltage

Q
Thermodynamic voltage fade
0
g § Activation overpotential
e C
[0
> £ Ohmic overpotential | & After S1 After 6
£ B 3 42 T T
o o :
> e ™
2 s (& —"
| 4 1
< v Concentration overpotential S 36 l ! Corate
High £ !
® Actual volt 2 'Q | © IO’33
ctual voltage Y
0 » 0.5 _ 1 2 After S2 After S7 3.0 —— 300
Normalized capacity Uactuat— Useorsticar(*)| = AE(SOC,SOH, T) +n(1,50C, SOH,T) 0 =0 109
State of charge (%)
@ Initial/prototype under open-circuit @ After aging/verification under open-circuit
@ After aging/verification under applied current
After S3 After S8
After S4 Li-ion concentration (M) After S9
Low W High
Figure B.1 The concept of thermodynamics and kinetics. Figure B.2 The visualization of thermodynamics and kinetics.
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T
Appendix C

O Thermodynamic and kinetic features

ID Taxonomy | Name | Description Physical meaning

1 - T Operation temperature -

2 Ul

3 U2

4 U3

5 U4 Cut-off voltage value when Charge acceptance at each

6 Prior-cycle | US assigned SOC is hit at each charging step (SOC region) 1

7 U6 charging step

8 U7

9 Us

10 U9

Voltage change from the end Ohmic and electrochemical
11 VC89 | of step 8 to the start of step 9 polarization, linked to SEI growth
(pseudo relaxation) 34
Voltage drop from the start of . N
12 VD9 step 9 to the minimum of step Concentration polar;zatlon
9 (pseudo relaxation)

13 tVD9 | Time needed for VD9 Recovery time of concentration
In-cycle polarization (pseudo relaxation) 3
(inter-step) Voltage change from the end Ohmic and electrochemical

14 ReVC | of step 9 to the start of the rest | polarization, linked to SEI growth

(relaxation) 3*
Voltage drop from the start of Concentration polarization
15 ReVD | the rest to the minimum of the .
(relaxation) 3
rest
16 tReVD | Time needed for ReVD Recoyery time of copcentration
polarization (relaxation) *

17 Vgl

18 Vg2

19 Vg3

20 Vg4 . L

o1 Ip—cycle Ves Mean value o.f voltage gradient Polarl;atlon speed at ea.ch

) (intra-step) Va6 at each charging step charging step (SOC region) °

23 Vg7

24 Vg8

25 Vg9

PhD Work Summary at Tsinghua & Berkeley — Dr. Shengyu Tao

26 zln tce};(-::ep) RVg | Ratio of Vg2 and Vgl
27 Ql
28 Q2
29 Q3
30 In-cycle Q4 Chgrgmg cap ach:lty‘value When Charge acceptance at each
31 (intra-step) Q5 assigned SOC is hit at each charging step (SOC region) ’
32 Q6 charging step
33 Q7
34 Q8
35 Q9
36 In-cycle RL1 Ratio of voltage and charging Merged representation of ohmic,
37 (intra-step) | RL2 current at each charging step electrochemical, and concentration
38 RL3 resistance at each charging step
39 RL4 (SOC region) 8
40 RL5
41 RL6
42 RL7
43 RLS8
44 RL9
45 RO1
46 RO2
47 RO3 ;
48 In-cycle RO4 Ratic ofvoltage char}ge fmd Ohmic resistance from relaxation
49 (inter-step) | RO5 CUtEent changeitEaichng behaviours 34
points between steps
50 RO6
51 RO7
52 RO8
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Table C.1 The feature engineering from multi-step charging.
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Appendix D
[0 Pulse test

Figure D.1 The part of the pulse test equipment.
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Figure D.2 The schematics of pulse test and feature engineering.
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