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ARTICLE INFO ABSTRACT
Keywords: Open-circuit voltage (OCV) updates are the key to accurate state of charge (SOC) estimates over lifetime.
Lithium-ion battery Degradation modes (DM) are directly coupled to OCV estimation. They offer a more detailed analysis of the

State of health estimation
Transfer learning
Degradation modes
Mechanistic model

battery’s state of health (SOH) and yield optimized usage strategy, and with that, a prolonged lifetime. In
this study two data-driven models are coupled with physics-based models and compared in regards of their
OCV and DM estimation accuracy: Two temporal convolutional — long short-term memory neural networks
(TCN-LSTM) are trained from synthetic NCA-graphite battery data for OCV curve estimation (model 1) and
alignment parameter estimation (model 2). Both models are fine-tuned with varying amounts of experimental
NMC-graphite battery data during the transfer learning (TL) step. In the subsequent physics-constraining part
the DMs are derived via optimization (model 1), i.e., fitting the OCV with half cell open-circuit potentials, or
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directly via mathematical equations (model 2). Both models prove that fine-tuning data from one aging path
suffices, if it includes the maximum appearing DMs of the target domain. For these use cases both models
maintain OCV mean absolute errors (MAEs), DM MAEs and SOH mean absolute percentage errors (MAPEs)
under 10mV, 3.10% and 1.98 %, respectively. The model 2 has less computational complexity and reaches
slightly better results but requires labeled target data including alignment parameters for its application. This
study shows that synthetic data is eligible for TL, even for varying cell chemistries, and that the mechanistic
model helps to physically constrain the output.

1. Introduction

In recent years the new registrations of battery electric vehicles
(BEVs) have rapidly increased [1]. With that, more used BEVs are
available on the aftermarket, where customers are especially interested
in the SOH. The SOH is the currently available energy relative to its
value at begin of life (BOL). The definition is usually simplified to
the currently available capacity relative to its pristine value [2]. The
battery is the most costly component of BEVs and, hence, it heavily
defines the residual value. The SOH, however, is not only important
when selling a BEV but rather mandatory over the whole vehicle
lifetime to allow accurate SOC or remaining range estimations, efficient
operation and healthy charging. OCV updates for BEVs, unfortunately,
have not yet been well documented or reached a sufficient state of the
art. Knowledge about the OCV, however, is crucial and the backbone
of accurate state estimation. Due to its aging-path-dependent variation,
maintaining high OCV reconstruction accuracy is challenging [3,4]. It,
additionally, allows the calculation of DMs [5], which help to realize
adaptive, aging-path-individual, usage strategies. Such counteractions
may help to, e.g., reduce the time at high storage SOCs which prevents
the battery from further triggering a specific DM and might lead to a
knee point [6].

Throughout this research paper, we refer to the simplified SOH
definition as the currently available capacity Q(r) in relation to the
available capacity in its initial state Q(#,), as given in

o)

Oty
The automotive industry has long sought effective data-driven ap-
proaches to estimate battery SOH. Recent advancements [7-13] in
data-driven SOH estimation have shown promising results. Bockrath
et al. [8], for example, used a TCN to estimate SOH from raw partial
constant-current discharge segments, achieving an SOH root mean
squared error (RMSE) of 1.0% for the NASA dataset. Costa et al.
[9] extended the field to include DM estimation using a convolutional
neural network (CNN) with synthetic data, achieving an RMSE of 2%
for all DMs of interest. Yet, a key challenge remains: Determining
the OCV, and consequently DMs, over the lifetime of non-synthetic
battery data still requires costly and time-consuming aging experiments
to parametrize these aging models, making it difficult to keep pace
with the rapid development cycles of new battery generations. Novel
approaches for OCV reconstruction from real-world charging events are
sought more than ever. TL allows the usage of pretrained models and
adopting them to small target datasets. There has been a significant
increase in publications [14-26] exploiting TL for SOH, DM, or OCV
estimation: Yao and Han [14] explored the influence of different aging
paths in a CNN-TL model, achieving an SOH RMSE of 2.2 %. Zhou et al.
[15] extended TL-based OCV reconstruction to other cell chemistries,
achieving SOH RMSEs 0.47 % and 2.73 % for nickel cobalt aluminium
oxide (NCA) and lithium iron phosphate (LFP) cells, respectively. Hof-
mann et al. [17] demonstrated that TL from synthetic data is possible
across different cell chemistries with a mean absolute error (MAE) of
12mV for OCV reconstruction and a mean absolute percentage error
(MAPE) of 1.1 % for SOH. On the other hand, optimization models based

SOH(t) = €h)

on mechanistic approach [5] only require pristine measurements but
are heavily limited by the input data’s precision requirements [5,27—
32].

The combination of data-driven and physics-based models is a
promising research avenue to reduce data requirements and integrate
physical constraints [33-41]. Liang et al. [34], for example, have
merged two machine learning (ML) models and weighted their output
based on a nonlinear optimization result. They have used time-series
data from battery charging as an input for two models that both output
the SOH. During the training phase an optimization process yielded the
weights of each SOH estimate. The final estimated SOH reached a RMSE
below 1% but required full charging cycles to deploy. Tian et al. [25]
have used partial charging voltage curves at 1C as an input for a CNN
model that estimated the alignment parameters which directly yield
the DMs, as well as the OCV curve. Their supervised learning approach
required labels which were generated via optimization, i.e., minimizing
the difference between reconstructed and measured OCV in repetitive
checkups of aging tests. The RMSE of the reconstructed OCV from the
CNN model remained below 15mV.

Reviewing the state of the art, we identify a research gap in the
field of physics-constrained ML for OCV curve reconstruction and DM
estimation. While substantial progress has been made in the field of TL
for SOH [34] and OCV estimation [17,25], there remains a gap in the
integration of TL with physics-based optimization models for real-world
applications. Existing studies treat TL and optimization separately,
missing the opportunity to leverage the strengths of both approaches in
a combined framework. Especially the usage of synthetic data for DM
estimation has not been reported before. We present a novel approach
that directly couples TL with optimization, leveraging the strengths of
both methods. Our model uses a TCN-LSTM architecture to estimate the
OCV curve from partial charging segments, followed by an optimization
step to refine the OCV and calculate DMs. By pretraining our TL
model with high-quality synthetic data and fine-tuning with minimal
experimental data, we significantly reduce the data requirements and
associated costs of aging experiments. The inclusion of an optimization
step based on the mechanistic model ensures that the estimated OCV
and DMs are physically consistent and accurate, addressing a key limi-
tation of purely data-driven approaches. This approach is compared to
an alternative path that uses the same architecture to directly estimate
the alignment parameters, and from that reconstruct the OCV. Our
approach is validated across different UCs, demonstrating its versatility
and potential for real-world applications, including scenarios with lim-
ited and noisy data. In summary, our work bridges the gap between
data-driven TL models and physics-based optimization, providing a
robust and efficient solution for SOH and OCV estimation that is both
data-efficient and physically consistent.

To our knowledge this is the first study to directly couple syn-
thetic data, ML and optimization for OCV curve reconstruction and
DM estimation. By comparing various model architectures and UCs we
are able to evaluate the individual strengths of model parts and data
requirements. The incorporation of synthetic data as the source domain
for TL yields low data requirements, allows rapid reduction in aging
experiment costs and development time for model parametrization.
The inclusion of the optimization, based on the mechanistic model
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approach, however, integrates physical constraints and improves bat-
tery state estimation. Furthermore, the training of neural networks
necessitates a large number of data points, which are often unavailable
in the early stages due to cost and time constraints associated with
aging experiments. By supplementing limited experimental data with
synthetic data that mirrors physical behavior, these limitations can be
overcome. This paper specifically investigates the utility and bound-
aries of synthetic data in this context by addressing key questions such
as the optimal ratio of synthetic to real data, the required similarity
between synthetic and real data, and the feasibility of extrapolation.

2. Theory

The combination of simulation, ML and optimization allows the
generation of mass data, learning from that data and finally fusing
the output with physico-chemical information from pristine half-cell
potential curves. Hence, we introduce the basics of the used simu-
lation toolbox (mechanistic model), the ML framework (TL) and the
optimization (OCV reconstruction). For a more detailed description
of the mechanistic model, TL, and optimization, we refer to previ-
ous publications [17,27]. While our prior work [17] established the
theoretical foundation for the neural networks (NNs) and TL tech-
niques used, this section introduces the novel aspects of our approach.
Specifically, we emphasize the integration of the OCV model with the
calculation of DMs through mathematical optimization. This unique
combination ensures both accuracy and physical consistency in OCV
and DM estimations. Nevertheless, the essential theoretical basics are
briefly reintroduced for completeness.

2.1. Mechanistic model for battery data generation

Dubarry et al. [5] have introduced the mechanistic model approach
as a simplification for battery degradation which breaks down the
complex mechanisms to relative shifts and scalings between the open-
circuit half-cell potential curves of the negative electrode (NE) OCPyg
and positive electrode (PE) OCPpg. These relative shifting and scaling
can be determined by the alignment parameter set 9 which is the set of
scaling ayg, apg and shifting parameters fyg, fpg. The resulting OCV
is the difference between the positive and the negative open-circuit
half-cell potential curve within its voltage boundaries

OCV(Q) = f(OCPyg, OCPpg, 9, Q)
= OCPpg(apg; fpg, Q) — OCPyg(ang Ang, Q)

where Q is the charge throughput. Eq. (2) can be applied to higher
C-rates by exchanging the open-circuit half-cell potential curves with
half-cell potential curves gathered at the desired C-rates. This implies
that Eq. (2) transforms to

Vc(Q) = f(Pngxc> PrExc: 9, Q)

= Ppg xc(apE, Pprs Q) — Png xc(@ng: Pnes Q)

(2)

3

with the half-cell potential curves Pyg yc, Ppxc at a given C-rate xC.
Simulation toolboxes, e.g., the alawa-toolbox [5], exploit this theory
to generate synthetic voltage charging curves at arbitrary degradation
states (via 9) and C-rates (via xC).

The alignment parameter set J directly transfers to the physico-
chemical DMs with the following formula: The loss of active material
(LAM) is the lost electrode capacity in relation to its pristine state.

ANE, pristine ~ *NE
LAMyg = ——M8M8M8M8 @

QANE, pristine

QPE, pristine ~ *PE
L AMPE _ pristine (5)

APE pristine
The loss of lithium-inventory (LLI), however, is the lost cyclable lithium
inventory, i.e., the superposition of both half-cell potential curves.

Clit,pristine - Clit

LLI= (6)

Clit,pristine
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The available lithium inventory Cj;; demands a case-sensitive defini-
tion [27].

(apg — Ane + Pre) - Cn , for (apg — Pne + Pee) < ang
A (Ppg — Bnp) <0
(ang) - Cn , for (apg — Pne + Pee) > ang
Cp = A (Bpg — Pnp) £0
(ang + Pne — Bpe) - On , for (ang + Pne — Pee) < app
A (Bpg — Pnp) 20
(apg) - Cy , for (ang + Png — Bpe) > apg
A (Bpg — Bne) 20

)

2.2. Open-circuit voltage reconstruction via optimization

The mechanistic model approach can be used to reconstruct the OCV
and determine the underlying DMs from either full or partial (pseudo)
OCV measurements [28-30]. The process of this optimization workflow
is displayed in Fig. 1. Fig. 1(a) shows the necessary input, namely
the measured and normalized pristine electrode open-circuit potential
(OCP) curves OCPyp and OCPpp and the measured and normalized
OCV pcasured- Many different solvers can be used for optimization, with
least-squares being the most prominent [42]. Boundaries, as stated
in Eq. (8), should be set for improved performance [27]. Fig. 1(b)
presents the optimization itself. The solver aims to find the optimum
parameter set 9 = [ang. app. A, fpel that minimizes the discrepancy
between the measured OCVc.sureq @nd the reconstructed OCVi ..
For every possible alignment parameter set, the reconstructed OCV is
simply calculated by Eq. (2).

The final optimization problem states as follows

Dest = arg;nin 10CVmeasured(@) = OCVieo(Q) 113
=arg ;nin I0CV measured(Q) — f (OCPyg. OCPyg. 9. 0) |13

s.t. 9>1b 8)
9 <ub
feq @, Ocvmeasuredi OCVreco’ =0
fineq(‘g’ OCVmeasured’ ocvrecov )20

with b and ub being the lower and upper boundaries, and f.q(9,
Ocvmeasured= OCVrecov ..)and fineq(’97 Ocvmeasured’ OCVrecov ..) as the equal'
ity and inequality constraints. The constraints can be any arbitrary
functions that can be calculated from the available input. Fig. 1(c)
finally visualizes the output of the method, based on the reconstructed
OCV, including the SOH which is the available charge throughput
within the voltage limits in comparison to its pristine values, and the
DMs. With the help of Fig. 1(c) the DMs can be interpreted visually:
The LAM is the decreased length of the electrode capacities and the
LLI is the reduction in the overlapping section of both electrodes.
Mathematically, Egs. (4) to (7) are used to determine the DMs.

2.3. Transfer learning for battery state of health estimation

Supervised learning with NNs for battery state estimation, including
SOH and DMs, and OCV reconstruction was extensively studied in avail-
able literature [7-13,15]. Supervised learning methods, however, rely
on huge labeled training data, which are rare for the battery use case.
For conventional methods, the training data must be representative
for the target data, which further reduces suitable data. TL with NNs
relaxes the strict requirements for training data.

In the context of TL, a domain D is formally defined as D =
{x, P(X)}, where y represents the feature space and P(X) denotes the
edge probability distribution, with X = {x,...,x,} € y [17,43,44].
Similarly, a task 7 is defined as 7 = {y, f(x)}, comprising the label
space y and the target prediction function f(x), which can also be
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Fig. 1. Pipeline of OCV reconstruction via optimization. (a) Input, (b) Optimization,
(c) Output.

interpreted as the conditional probability function P(y | x) [17,43,44].
The number of samples within the source domain s and target domain
t are given by N, and N,.

Definition 2.1 (Transfer Learning). The goal of TL is to improve the
performance of the predictive function f;() for the primary learning
task 7;. This is achieved by leveraging the latent knowledge discovered
from a supplementary learning task 7; and its associated data D,, where
D, # D, and/or T # T,, typically with N> N, [17,43,44].

Several types of TL exist, whereas for our problem at hand, parameter-
based TL in the context of model-based TL is the most promising [17,
33,44]. Parameter-based TL refers to methods with domain adaption,
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i.e., D, # D,. In parameter-based TL a model gets pretrained in the
source domain and reuses its learned parameters in the target domain.
This is realized by, e.g., partial freezing and/or fine-tuning [44]. Some
layers of the NN keep their weights, while some layers, mostly the out-
put layer(s) [44], adopt their weights during fine-tuning with a reduced
learning rate and/or reduced epochs. It is important to only allow small
modifications of the network to avoid catastrophic forgetting, which
describes an overfitted model to the target domain which has lost its
memory of the source domain [44].

2.4. Performance metrics

The accuracy of the developed methods in terms of SOH, DM or
OCV is measured with the MAE and MAPE

N o
1 Yi =i
MAPE = — —-1
N;' Yi ‘ 00% ©)

N
1 N
MAE = = 3" |y; = 5| (10)

i=1
where y; is the true label and y; is the estimated label of sample i.
The total number of samples is N. Both, the MAE and the MAPE, are
given in percent. The MAPE is generally useful to compare the SOH
estimation accuracy across varying degradation states, because the SOH
in the used data never approaches zero, which would drastically bias
the MAPE [45]. The MAE, on the other hand, works for near-zero
estimates and does not show this bias. Hence, the MAE is used for
DM estimation accuracy. For better interpretability, the MAE is selected
for the OCV reconstruction accuracy. Note that the OCV error is only
calculated at the overlapping sections of the estimated and real capacity
range. Hence, the MAEqcy must always be interpreted together with
the MAPEgy.

3. Materials and method

Our research compares two methods which both combine model-
based TL with the mechanistic model approach, as can be seen in
Fig. 2. The TL-NN-A builds upon our previous work [17] but extends
the approach to correct the OCV via optimization which enables the
estimations of DMs. The TL-NN-B, on the other hand, utilizes the same
data but the prior TL model is trained to directly output the scalar
values SOH and the alignment parameters. From these values it is
directly possible to calculate the OCV curve without the subsequent
optimization step from the first approach.

3.1. Data

In our study, we use simulation data from an automotive prismatic
NCA-graphite cell with 70.2 Ah capacity. This specific choice allows
us to maintain consistency with our previous work [17] and directly
compare the results. Furthermore, our previous findings indicate that
the selection of simulation data type has minimal impact on the out-
comes, provided that essential characteristics such as gradient changes
within the voltage slope and sufficient sample diversity are present.
This reinforces the robustness of our TL approach across different
cell chemistries and configurations. Simulation data for the source
domain is generated by a physico-chemical mechanistic model toolbox.
The simulation toolbox takes the DMs and a constant-current C-rate
as input, and outputs the voltage curve, charge throughput during
charging, OCV curve, charge throughput for the OCV curve, SOH, and
DMs. For more details about the cell characteristics and the simulation
we refer to our previous publication [17]. One of the key findings in our
previous work [17] was that the source domain in TL should encompass
a larger search space than the target domain. To fulfill this requirement
for any possible output variable, we add additional simulation data to
the source domain, including more aging paths and C-rates. We add the
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Table 1
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The experimental data, taken from Schmitt et al. [28], which includes ten identical cells without any pre-treatment. For each cell the aging
condition as well as the final SOH, DM fade, charge throughput and experiment duration is given.

Cell Aging condition ASOH ALAMyg ALAMpg ALLI Charge throughput Duration
Al Cycling (2.5V-4.2V) 30% 30% 15% 35% 6610 Ah 433d
A2 Cycling (2.5V—4.2V) 30% 30% 15% 35% 5900 Ah 348d
Bl Cycling (2.5V-4.0V) 15% 15% 8% 15% 8720 Ah 486d
B2 Cycling (2.5V—4.0V) 15% 15% 8% 15% 8630 Ah 486d
cl Cycling (3.6V-4.2V) 15% 15% 8% 15% 6700 Ah 489d
c2 Cycling (3.6V-4.2V) 15% 15% 8% 15% 7400 Ah 486d
D1 Cycling (WLTP) 25% 25% 15% 30% 5210 Ah 489d
D2 Cycling (WLTP) 25% 25% 15% 30% 5740 Ah 483d
El Storage (3.7V) 10% 8% 25% 10% 1530 Ah 4544
E2 Storage (3.7V) 10% 8% 25% 10% 1690 Ah 486d
The experimental data is taken from Schmitt et al. [28] and includes
Data from ) ten commercial INR18650 MJ1 nickel manganese cobalt oxide (NMC)-
Mechanistic Public Dataset silicone/graphite cells with 3.35 Ah. As listed in Table 1, the cells were
Model aged in five different scenarios. The aging test was performed for a
r * . total duration of maximum 489d or until the cell surface temperature
Synthetic Experimental 1. exceeded 60°C at any time during the experiment. The operating am-
NCA-graphite NMC-graphite | | bient temperature during the experiment was set to 25°C by a climate
battery data battery data : chamber. In the following we refer to the pseudo-OCV measurements
(Source) (JTarget) -q--! as checkups, which took place during the reference performance test.
: The dataset not only includes the aging series of the ten cells, but also
Preprocessing (Normalization, LY the pristine electrode potentials OCPyy and OCPpg. A pristine cell was
Voltage-Windowing) 1 opened within an argon-filled glove box and coin cells with lithium-
: metal counter-electrodes were built. The used OCPs within this study
- ! are constant-current measurements at C/90 and an ambient tempera-
Transfer Learning from Source 1 R . . .
(Synthetic) to Target (Experimental) : ture of 25°C [f16,47]. Table 1 not onl.y 1nc1u.des the aging condition but
1 also the resulting SOH and DM fade in the final checkup. The SOH was
: calculated by a pseudo-OCV measurement with C/30. It is defined as the
Data-Driven Method : Evaluation capacity throughput within the voltage limits from 3.25V to 4.2V dur-
TONISTM TONISTM : for 6 ing these checkups, in which 3.25V is the highest minimum value dl%r—
Model Model : different ing all pseudo-OCY measurements of all cells. As expla}med by Schmitt
(TL-NN-A) (TL-NN-B) H Use Cases et al. .[28] the minimum V.oltage. va11.1§ of .the charging pseudo-OCV
: curve increases over time, i.e., with rising impedance. To allow com-
3 3 : 'y parable results, the pseudo-OCV, as well as the SOH, is defined within
- 1 these limited voltage boundaries. Because the DMs were not available
oCV ?;Iil:;:::;; P in the published data [28], we generate these labels via optimization
1 and the pristine OCP curves of the electrodes. In every checkup, the
* : OCV curve is known and can be used to map the OCPs to the OCV and
Physics-Based Method : generate the DM labels via Eq. (4) to (7). The cost function combines
1 the OCV with the DVA and ICA fit, because this has been shown to in-
Optimization Calculation < crease accuracy [48]. We refer to the measured and reconstructed DVA
(TL-NN-A) (TL-NN-B) and ICA with DVAcosureds DVAreco a0d ICA acured> ICA eco, TESPEC-
tively. We use the scipy.optimize.minimize function with sequential
3 3 least squares programming (SLSQP) and the default settings [49]. We
exclude any additional constraints and solely pass upper and lower
Alignment OoCV boundaries for the alignment parameter set 9. Hence, the optimization
Paraieters problem for one cell at iteration/checkup i > 1 is formulated as follows
' . OCVi,measured - OCVi,reco 2
8 est = arg;nln < X1 H

Fig. 2. Overview of the presented approach, from data generation and extraction to
the coupling of data-driven and physics-based models.

C-rate of 3/2C to the simulation data, resulting in a total of seven C-
rates: C/15, C/10, C/6, C/3, C/2, 1C and 3/2C. Besides that, we extend
the aging path space by running simulations with each eight discrete
steps in varying DMs. LAM is varied between 0 % and 40 %, while LLI is
varied between 0 % and 60 %. In total 260 out of the possible 512 simula-
tions are successful, due to constraints regarding the minimum voltage,
and stored for later preprocessing. With these settings, the SOH ranges
from 32.7 % to 100 % and in total 7 - 260 = 1820 samples are available.

max(ocvi,measured) 2

DVA[ ,measured — DVA,

ireco | |2

2

y

|

maX(DVAi ,measured)
ICA, 4 —ICA,

i, measures i,reco

maX(ICAi,measured)
s.t. si,est >0.8- 19i—l,est

an

|

l()z',est <LIL- l()i—l,est

with x; (OCV), x, (DVA) and x; (ICA) being 10, 1 and 1, respectively.
These values were motivated by literature findings [48] and manu-
ally optimized to reach the lowest possible error. The components
of the cost function are normalized to values below one for better
interpretability of the weighting factors. The optimization runs for
every cell individually and sets the boundaries depending on the last
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Fig. 3. The measured SOH (a) and estimated DMs ((b) LLIL, (c) LAMyg,

iteration. The initial value is set to the optimization result from the
previous iteration. For the initial run, the values for 9, are set to
[1.02,1.14,-0.04,-0.14]. The MAEqy stays below 3mV for all samples
along lifetime. The results of all checkups from all cells in regard to
SOH and DMs is visualized in Fig. 3. One checkup took place approx-
imately every 19d. Each aging path includes two cells which mainly
show very similar DMs over lifetime. All curves show good agreement
with the visualized DMs in the publication by Schmitt et al. [28]. Note
that they did not plot the DMs from checkups with a SOH below 80 %.
As can be seen in Fig. 3(a), the partial cycling in the upper and lower
region result in almost the same DMs at the final checkup. During the
cycling, however, the cells cycled in the lower voltage region have
shown higher degradation. Degrading the cell with full cycles lead to
the highest degradation with a final SOH of approximately 70 %. The
underlying DMs are higher than for any other aging condition. The
WLTP cycling reaches similar DMs in the final checkup but showed
a latter knee-point [6] after 15 checkups. In early checkups the cells
behaved similar to those from the lower cycling phase. To analyze the
influence of the checkups, a calendaric aging phase was conducted with
cells stored at 3.7V, 25°C and the whole duration of the experiment
(486 days) [28]. As expected, this aging phase has shown the least
degradation and the SOH stays above 90 % for all checkups.

3.2. Method

The method overview is given by Fig. 2. Two models are developed
with the same final output: The OCV, SOH and DMs. TL-NN-A directly
estimates the OCV curve and feeds its output to an optimizer which
fits the OCPs into the OCV curve to update its estimation and calculate
the DMs. TL-NN-B does not require an optimization step because it
estimates the alignment parameters. With these alignment parameters
and the help of Eq. (2) and Egs. (4) to (7) it is possible to calculate the
OCV curve and also the DMs. Hence, the TL-NN-B approach offers an
opportunity with less computational but stricter data requirements due
to the explicit mandatory knowledge over all DMs.
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(d) LAM,;) from the OCV reconstruction of the experimental data.

Table 2
Selected voltage windows from the simulation and experimental data during prepro-
cessing.

Vmin Vmax Vmin Vmax
Exp. Data 325V 38V Sim. Data 28V 38V
34V 4.0V 3.0V 4.0V
3.6V 41V 32V 41V
3.8V 42V 34V 425V
3.6V
3.8V

Table 3

Data size and input/output relation of both models. The estimated alignment parameters
from TL-NN-B are reduced to 9, .q,ceq» COnsisting of three values ayg, apz and fyz — o
because these values include the same information but final complexity is reduced.

Signal Dimension TL-NN-A TL-NN-B
Qpartial U] R<Ix100> Input Input
Vartial (1) R<1X100> Input Input
I(r) R<IX100> Input Input
Qocy() R<Ix100> Outputy Outputpy
Outputpy
OCV(1) R<IX100> Outputy, Outputpy
Outputpy
SOH R<Ix1> Outputy, Outputy;,
Outputpy Outputpy
DMs R<P3> Outputpy Outputpy
Oreduced R<P3> Outputy;,
9 R<4> Outputpy

Both models process the same source and target domain. The data
undergoes preprocessing which includes voltage windowing to later
access the sensitivity of the models. The voltage windows are selected
as in Table 2. Due to a larger voltage span in the simulation data, we
extend the possible minimum voltages for this data. With these sam-
pling, one simulation sample results in 23 windowed samples and one
experimental sample in 15 windowed samples, respectively. In total, we
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thus create 1820-23 = 41860 simulation data samples and 726-15 = 10890
experimental data samples. Both datasets are individually normalized
to lie in a range between zero and one. The data structure can be
accessed in Table 3. In Table 3 Outputy, refers to the output of a TL
model and Outputpy is the estimated physics-based value, either from
the optimization model (TL-NN-A) or the calculated output via Egs. (2)
and (4) to (7) (TL-NN-B). The information loss between describing the
alignment parameters as three instead of four variables is zero because
the absolute value for fyy can be accessed as the distance between the
first value of the OCPyy curve and the minimum voltage of the full cell
OCV curve. As shown in Table 3, both models utilize the same input
from the partial charging segment: Qpqriia1 (1), Vpartial(t), and 1(r). The NN
models are designed to process raw time-series signals without the need
for feature processing or dimensionality reduction. The data-driven
section of TL-NN-A directly generates the full OCV curve Qqcy(f) and
OCV(r), from which the SOH can be determined as the maximum charge
throughput between the voltage limits. In the subsequent optimization
step, TL-NN-A again outputs the full OCV curve Qqcy(f) and OCV(r)
along with the SOH. Additionally, this step allows for the calculation
of DMs using the alignment parameters 9. Conversely, the data-driven
section of TL-NN-B directly provides the SOH value and the reduced
alignment parameters 8.q,ceq- Through simple analytical equations,
the complete TL-NN-B model can then compute the full OCV curve
Qocy(?) and OCV(r), as well as the DMs.

The study at hand determines the minimum requirements for fine-
tuning data necessary for adequate generalization. Hence, six different
UGs, as defined in Fig. 4, are introduced. In Fig. 4, the experimental
data is categorized for each cell along with its respective aging path
(compare with Table 1) and the applied C-rates during the checkups.
In Sub Fig. 4(g), the simulation data only shows the applied C-rates
and the division for pretraining. During pretraining, the objective is
to learn as much as possible from the source domain. Consequently,
except for the data at C/6 and C/3, the simulation data is directly used
for training.

The UCs are separated into three categories (UC1, UC2 and UC3)
which differ in the included aging path for the fine-tuning. In every
category itself, the B UCs (Fig. 4(b), (d), (f)) aggravate the TL process
by reducing the fine-tuning data even further in regards to the included
C-rate. UC1A and UC1B (Fig. 4(a), (b)) include cells from aging path
A (Cycling (2.5V—4.2V)), D (Cycling (WLTP)) and E (Storage (3.7 V)).
Comparing with Table 1, it gets clear that these fine-tuning data, aging
path A and D, show the highest degradation in terms of SOH and
DMs and, hence, will be the easiest to apply TL. Fine-tuning data in
UC2A and UC2B (Fig. 4(c), (d)) reduces to aging path A, which again
shows the highest degradation and should allow successful TL. On the
other side, UC3A and UC3B (Fig. 4(e), (f)) only include fine-tuning
data from aging path B (Cycling (2.5V-4.0V)), which only shows a
15 % SOH drop. Hence, UC3A and UC3B are the most challenging tasks
because their fine-tuning data from aging path B roughly shows half
the degradation of aging path A.

As outlined in Fig. 2, the prior model is a NN that either esti-
mates the OCV curve (TL-NN-A) or directly estimates the alignment
parameters (TL-NN-B). It is impossible to try every possible combi-
nation of available NN architectures to find the optimum. It is more
efficient to tune the hyperparameters of a predefined architecture
that has been shown to be advantageous for the given application
in available literature [7,8,17,50-53]. TCNs have been found to be
effective for time-series modeling as they can automatically extract
relevant features from raw data [54]. Several studies have demon-
strated the effectiveness of TCNs for SOH estimation [7,8,17,50-53].
In this work, we propose a hybrid approach that combines TCN lay-
ers as a feature extractor with subsequent LSTM layers as a feature
interpreter. This approach is supported by previous research showing
the mutual benefits of combining CNN with LSTM, and even TCN
with LSTM [17,18,50,55]. The optimum hyperparameters are found via
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Fig. 4. Definition of use cases including data split for model training, validation
and testing. (a) UC1A including the description of the relation between cell and
the respective aging path, (b) UC1B, (c¢) UC2A, (d) UC2B, (e) UC3A, (f) UC3B, (g)
simulation dataset used for pretraining. The used training data within each UC is
displayed in dark blue, whereas the validation data is light blue. Both, training and
validation data, are used for fine-tuning. The test data is yellow and if the data is
excluded it is pictured white.

Bayesian optimization. Bayesian optimization is the state-of-the-art hy-
perparameter tuning method because it allows the exploration of large
search spaces and the exploitation of promising valleys while being
very efficient [17,56]. Bayesian optimization minimizes the required
trials to find the optimum hyperparameter set because a surrogate
model prunes unpromising directions and hence shrinks the search
space continuously [17,56]. In this study, the KerasTuner [57] is used
to optimize the NNs. Two different NNs, TL-NN-A and TL-NN-B, each
adopted for six different UCs, are developed. The architecture tuning
is limited to the source domain. The search space, however, stays
consistent for every tuning operation and is listed in Table 4. In Table
4, for any hyperparameter A for any layer N the possible set of values
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Table 4

Search space for Bayesian hyperparameter tuning, where N refers to
the layer number and 4 is a hyperparameter that belongs to the set of
possible hyperparameters A. Hence, for every additional TCN or LSTM
layer, the respective hyperparameters can be tuned individually.

Hyperparameter Definition
TCN layers Aren € Aren

with Apey = {Arey € Ni 1 < Aoy < 3)
Kernel Size v € Ag

with Ay = {Ag € N;1 < A¢ <8}
Filter Size Apy € Ap

with Ap = {4 € N;8 < Ap < 128}
Arstm € Arstm
with Apgry = {Aisry € N:0 < Agry <2}

LSTM layers

Units Aun € Ay
with Ay 1= {Ay € N;8 < Ay <128}
Dropout Ap Ny € Ap

with Ay := {4p € D;0 < Ap < 0.5}
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Fig. 5. Architecture of the optimized model for DM and SOH estimation, where (a) is
the TL-NN-A and (b) is the TL-NN-B. In the TCN layers, K represents the kernel size
and F the filter size.

is given by A. For any hyperparameter not listed in Table 4, we
use the default parameter. Additionally, the models must end with
a LSTM-layer which matches the output dimensions, i.e., two units
for TL-NN-A and four units for TL-NN-B. All training run with the
Adam optimizer [58]. The tuning process runs for 100 iterations with
60 initial points, a batch size of 128 and a maximum number of 500
epochs on a NVIDIA L4-2Q with 8 GB dedicated memory. One trial
runs as long as the validation loss does not decrease for 50 consecutive
epochs. Both TL-NNs use the data at C/3 from the simulation data as
the validation data, the C/6 curves as the test data and the remaining
simulation data serves as the training data. After successful tuning,
the base TL-NNs are trained with the full simulation data in order
to reach the optimum knowledge transfer. During this base-training
process, 33 % of the simulation data are excluded from the training
data and rather used as the validation data. The final architectures
for the base transfer learned neural network (TL-NN)s are displayed
in Fig. 5. Both the TL-NN-A (Fig. 5(a)) and TL-NN-B (Fig. 5(b)) show
similar complexity. The TL-NN-A includes one more LSTM layer and
the TL-NN-B reduces the dimension in the last LSTM layer to match
the final output.

In this work, we employ a TL approach to leverage the knowledge
gained from the source domain for the target domain. Specifically,
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we utilize a fine-tuning strategy with a reduced learning rate, which
is a type of parameter-based TL. The parameter-based TL approach
belongs to the broader category of model-based TL, which in turn is
a sub-category of domain adaptation TL [44]. Given that our source
and target domains are different while the task remains the same,
parameter-based TL is optimal for our problem. Within parameter-
based TL, the two primary options are partial freezing and fine-tuning.
We choose fine-tuning because it allows for adjustments throughout
the network, which can lead to improved performance. This approach
has also been successfully employed in other studies, such as those
by Yao and Han [14] and Zhou et al. [15], where fine-tuning yielded
positive results. The rationale behind this hierarchical TL strategy is
that the source and target domains are highly similar. Both datasets
are obtained from battery cells with a similar chemistry (NCA-graphite
vs. NMC-silicone/graphite), and the input and output data, as well
as the underlying patterns, are analogous across the two domains.
Prior literature has shown the effectiveness of TL techniques in such
scenarios [15,17-20]. By employing the fine-tuning approach with a
reduced learning rate, we can capitalize on the similarities between
the source and target domains, while minimizing the need for extensive
retraining or architectural changes. This TL strategy allows the model
to effectively leverage the knowledge gained from the source domain
to improve the performance on the target task, which is crucial for the
practical deployment of the proposed approach. The fine-tuning process
runs for a maximum of 1000 epochs with a learning rate of 1 x 1075
and the early stopping criterion being 20 consecutive epochs without a
decrease in the validation loss. A detailed overview, including the final
performed epochs during fine-tuning, can be found in the Appendix A,
Table A.7.

As can be seen in Fig. 2 the output of the TL models are later fed into
an optimization model (TL-NN-A) or directly into equations (TL-NN-B)
to calculate the DMs. The OCV curve from TL-NN-A is optimized via
OCP fitting and the optimization problem defined in Eq. (11). The same
procedure, as for generating the ground-truth labels of the experimental
data, is followed for OCV fitting: In the first iteration for one cell,
the pristine, ideal alignment parameters 9;,; = [1.02,1.14,-0.04, —-0.14]
are set as the initial value with the upper and lower boundary being
0.8 9;y; <9, <1.1-8;,;. Every succeeding iteration/checkup assumes
the prior solution as the initial value and allows the same variation
as in the initial run. Because TL-NN-B directly estimates the alignment
parameter set 9, Egs. (4) to (7) are enough to calculate the OCV curve
and the DMs.

4. Results and discussion

This work investigates the advantages of combining synthetic data
with ML and the mechanistic model approach. Especially, the under-
gone study answers the question about which coupling is the most
beneficial for accurate SOH, DM and OCV curve estimation from partial
charging voltage segments. Guidelines for the mandatory experiments
required to fine-tune pre-trained NNs are derived by defining vary-
ing UCs with reduced experimental fine-tuning data for the prior TL
models, as shown in Fig. 4.

4.1. Benchmark

Table 5 offers an overview of the models’ performance for the
respective complete test data, regarding to Fig. 4. From Table 5 it can
be seen at first glance that both TL models perform with comparable ac-
curacy. The computationally less complex TL-NN-B, however, performs
slightly better, especially in terms of DM accuracy.

4.1.1. Use case 1

Both models achieve high accuracy for UC1A: The MAEqy stays
below 8 mV and the MAPEgq;; below 1.2 %. While LLI is also estimated
with high accuracy, the LAMyy shows MAEs up to 2.48% for the
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Table 5

Performance comparison of TL-NN-A and TL-NN-B for different UCs and their complete test data. The UCs
differ in the amount of training data for the training/fine-tuning process.

MAPEgoy MAEqcy MAE; av.ng MAE; sy MAE; ;;
UCIA TL-NN-A 1.16% 7.55mV 2.48 % 2.13% 0.82%
TL-NN-B 0.96 % 5.83mV 0.97 % 0.73 % 0.81%
UCIB TL-NN-A 3.67% 15.8mV 2.57% 3.81% 2.80%
TL-NN-B 2.62% 14.0mV 2.41% 1.17% 2.36%
UC2A TL-NN-A 1.17% 821 mV 2.83% 2.03% 0.97 %
TL-NN-B 1.21% 723mV 1.40 % 0.61 % L11%
UC2B TL-NN-A 4.06 % 19.2mV 322% 3.71% 3.43%
TL-NN-B 3.13% 18.8mV 2.99 % 1.55% 329%
UC3A TL-NN-A 1.86 % 10.2mV 297 % 2.27% 1.21%
TL-NN-B 1.54 % 124mV 1.28 % 1.26 % 1.27 %
UC3B TL-NN-A 5.00 % 31.9mV 5.49% 3.78% 5.24%
TL-NN-B 4.97% 32.7mV 5.06 % 4.18% 4.16 %
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TL-NN-A model. Due to less fine-tuning data in UC1B, the performance
worsens for both models and the MAE ¢y rises above 15mV. Obviously,
due to a lower LAMjp; estimation accuracy, also the MAPEgq;; is worse
for TL-NN-A. Fig. 6 and Fig. B.14 (in Appendix B.1) offer a more
detailed analysis in regards to varying input voltage windows. Interest-
ingly, both models barely show any voltage-window-dependency. There
is a slight tendency towards lower voltage segments, as discussed in
our previous work [17]: Cells with graphite anodes show the highest
gradient of their OCP during the begin of charge of the full cell, as
can be seen in Fig. 1(a). This gradient is detectable in the full cell
voltage response during constant-current charging and, hence, allows
to estimate the anode degradation. On the other side, upper voltage
segments only include one detectable change of gradient due to the
anode. In some cases this is not only difficult to distinguish from
the cathodic gradient changes but further does not include as much
information as the gradient changes in the lower voltage segment. Even
with very limited input data, i.e., a partial charging curve from 3.8 V to
4.0V, the MAEcy stays below 10mV and the DMs are estimated with
adequate accuracy. This behavior drastically changes for UC1B: With
limited fine-tuning data, the voltage-window-dependency increases.
While segments from the lower range still achieve comparable results
to UC1A, both models have resulting MAEqy above 30mV for a lower
cutoff voltage of 3.8V, i.e., V;;, > 3.8V. Fig. B.14 in Appendix B.1
shows that TL-NN-A has more stable estimations and shows higher
interpretability. This can also be attributed to the fact that TL-NN-A
is not designed to directly produce the alignment parameters and,
consequently, the DMs. TL-NN-B, however, seems to already include
overfitted sections, i.e., voltage windows with a lower cutoff voltage of
3.6 V. The observation that nearly every estimated variable from these
limited voltage windows surpasses the accuracy of those estimated
with the full input voltage window suggests an increased likelihood
of overfitting. The full voltage window encompasses more information
than the partial segments and should, therefore, be capable of achieving
higher estimation accuracy compared to any individual partial voltage
window. Moreover, TL-NN-B reaches low LAMy errors, independent of
the input data, leading to the same assumption. Figs. 7 and 8 display
the reduction of the input data to only one sample at a specific SOH
and with input data from the C/2 charging events for UCIA. Fig.
7, specifically, visualizes the measured and estimated OCV, ICA and
DVA for samples at a SOH of 91%. The OCV trajectory (Fig. 7(a),
(d), (g), (j)) shows that all models underestimate the SOH. However,
a more detailed analysis can be derived from the ICA (Fig. 7 (b),
(e), (h), (k)) and DVA (Fig. 7(c), (f), (), (). The prior TCN-LSTM
model introduces high noise in the reconstructed signal, evident in
several peaks. Despite this, the mean peaks and valleys caused by
electrode degradation are accurately captured. The optimized models
TL-NN-A and TL-NN-B align well with the positions of all peaks and
valleys, though the peaks appear exaggerated and sharper compared
to real measurements. This discrepancy is due to the impedance rise

and increasing inhomogeneity in the real cell, causing the extrema in
the ICA and DVA to diminish slightly [59]. The reconstructed signals
fail to account for this behavior accurately because they are calculated
from pristine OCP measurements. This behavior becomes clearer when
comparing with Figs. B.12 and B.13 in Appendix B.1. At the pristine
state, the amplitude of all peaks in the ICA matches for both TL-NN-A
and TL-NN-B. For the aged cell with a SOH of 81% (Fig. B.13), the
measured peaks decrease in amplitude, and the mismatch between
measured and reconstructed signals increases.

Since directly comparing the model output (OCV) with the mea-
sured voltage curve using Figs. 7, B.12, and B.13 is challenging, we
evaluate the error trajectory for all analyzed input data, summarized
in Fig. 8. It shows the error course of the estimated OCV from the prior
TCN-LSTM network within TL-NN-A and the final OCV reconstructions
error from TL-NN-A and TL-NN-B. This evaluation is presented for three
distinct aging states SOH = 100%, SOH = 91% and SOH = 84 %
and four varying SOC ranges: low range from approximately 0% to
50 %, the mid range from approximately 20 % to 90 %, the high range
from approximately 50% to 100% and the full range. Note that the
input segments are snipped based on voltage boundaries, as described
in Fig. 8, hence, the SOC ranges are rough estimates. As before, the
evaluation shows both models perform with high accuracy and that the
error mostly stays within the 20 mV boundaries. Even the first estimate
from the stand-alone TCN-LSTM model in path A achieves satisfactory
results. These estimations, however, still include noisy artifacts, as
visible when comparing all three lines. Reconstructing the OCV via
optimization not only allows the estimation of the DMs but also the
correction of the OCV curve. Although the MAE,qy barely reduces
with optimization, the final results are more realistic and represent the
physico-chemical effects of battery aging. In general, the reconstruction
accuracy slightly decreases for higher degradation, as can be seen in
Fig. 8. This is reasonable due to the increasing internal resistance
leading to higher overpotentials and, hence, less visible features of
the OCPs in the full cell voltage trajectory. Interestingly, the general
course of the error course seems similar for one C/2 measurement at
the same SOH with varying input voltage segments. The offset to zero,
however, decreases for the full input segment. The models seem to
interpret similar features of the input data, independent of the voltage
segment. For all samples and models especially the error below 1 Ah has
a dynamic trajectory due to the high gradient in the lower SOC region
in combination with many gradient changes. Non-accurate estimations
of the shifting between both OCPs, thus, generate this special trend.
For each sample, an increasing OCV error is observed towards the end
of the charge cycle. This phenomenon can be attributed to the model’s
imperfect estimation of the SOH, leading to a premature termination
of either the reconstructed or the measured OCV. During this phase,
the OCV rises rapidly, as illustrated in Fig. 1(a), thereby causing a
substantial increase in the error. An unusual behavior is the negative
error in the beginning of the reconstruction for the plain TCN-LSTM
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Fig. 6. SOH estimation, DM estimation and OCV reconstruction accuracy for model
TL-NN-A and TL-NN-B for UC1A and varying partial voltage input charging curves. The
Subfigures show in detail the MAPEgyy for (a) TL-NN-A and (b) TL-NN-B, the MAEqcy
for (c) TL-NN-A and (d) TL-NN-B, the MAE, ,\;.ng for (e) TL-NN-A and (f) TL-NN-B, the
MAE py.pg for (g) TL-NN-A and (h) TL-NN-B, and the MAE,;; for (i) TL-NN-A and (j)
TL-NN-B.

model and the samples from 100 % SOH. The NN overestimates the OCV
curve by up to 20mV, independent of the input voltage segment. This
behavior can be explained by an overestimation of LAMyg. The OCV
error reaches even —50 mV for end of charge which simply is due to an
earlier cutoff and a lower estimated SOH.

4.1.2. Use case 2

We conduct the same analysis for UC2A and UC2B in Figs. 9
and B.15, Appendix B.2, with a similar result: Both approaches work
excellent for UC2A, but struggle to achieve comparable performance
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for UC2B, which is also supported by Table 5. While the MAEy still
remains below 10mV, the MAPEgoy below 2% and all DMs mostly
below 3% for UC2A, this behavior changes for UC2B: The TL-NN-A
reaches similar results only for the lower and full SOC ranges with a
lower cutoff voltage below 3.4 V. The TL-NN-B even requires a start SOC
of 0% to maintain similar accuracy. The overall performance is highly
influenced by the input data and a lower cutoff voltage generally leads
to higher accuracy. As in UC1B, there seems to be an overfitted section
with input data and a lower cutoff voltage of 3.6 V for TL-NN-B.

4.1.3. Use case 3

As listed in Table 5 both models perform comparably well for
UC3A with an OCV reconstruction error below 13 mV and a MAPEgqy
below 2 %. Interestingly, TL-NN-B shows higher estimation accuracy in
terms of SOH and DMs while the OCV reconstruction error is higher.
The UC3B, however, seems to mark the boundary of successful TL
because for both models the OCV reconstruction error exceeds 30 mV
and all states are estimated with unusable accuracy. Figs. 10 and B.16,
Appendix B.3, compare both models and UCs according to varying
input voltage windows. The voltage-window-dependency is strongly
visible for both models in UC3A, Fig. 10. Both models achieve ade-
quate reconstruction and estimation accuracy for voltage windows with
Vinin < 3.6 V. TL-NN-A struggles to maintain high accuracy for LAMyg
estimation, whereas TL-NN-B maintains a MAE below 2 % for all input
windows. This behavior drastically changes for UC3B: Both models fail
to apply their transferred knowledge and the OCV reconstruction error
stays above 25mV for all input data. Fig. B.16 in Appendix B.3 reveals
that both models fail to estimate the anode aging which of course
leads to worsened OCV reconstruction and, hence, less accurate loss
of lithium inventory (LLI) and SOH estimation. For TL-NN-A, however,
the voltage-window-dependency is still very visible, especially for the
SOH and LAMpg estimation. Fig. 11 presents the estimation accuracy
per aging path from the test data for UC3A and TL-NN-A. UC3A offers
the most challenging and still successful TL step with very limited fine-
tuning data from cells which do not show the complete degradation,
as can be seen in Fig. 3 and Table 1. According to the findings from
our previous study [17] and the included information from Table 1 we
expect TL-NN-A to not reach high accuracy for samples with SOH <
85%, LAMyg > 15%, LAMpg > 8% or LLI > 15%. In Fig. 11, how-
ever, this theory cannot be confirmed completely. For the degradation
paths with lower degradation, i.e., path C (Cycling (3.6V — 4.2V))
and path E (Storage (3.7 V)), the model performs well besides a small
overestimation of LAMpg. The standard deviation remains narrow and
especially LLI and SOH are estimated with high accuracy. Even for the
two degradation paths with higher degradation, i.e., path A (Cycling
(2.5V —4.2V)) and path D (Cycling (WLTP)), the accuracy stays high
for the LLI and SOH estimation. Again, LAMp; is overestimated for
all checkups but the standard deviation stays narrow until the last
checkups. During the state of higher degradation, the TL-NN-A loses
accuracy, estimations get worse and standard deviation increases. This
trend, however, does not start once LAMp; > 8%, but rather once
LAMpg > 15 %. The LAMyg estimations also start to show wide standard
deviations ranging from 0 % to 25 % once the measured LAMy; exceeds
approximately 15%. This is again in well agreement with the prior
assumption [17].

In Table 5 the MAE for LAMyg and LAMpg stays below 3% for
TL-NN-A. Comparing with Fig. 11 this seems inconsistent because esti-
mation for aging path A (Cycling (2.5 V-4.2V)) and D (Cycling (WLTP))
gets highly inaccurate with absolute deviations up to 20 %. This high
variance can be either be interpreted as low confidence estimation or
as some samples with high deviations in relation to the full dataset
performance. The final scalar metric is calculated from the entire test
dataset. The influence of outliers in the dataset is diminished due to the
large data size. Therefore, it is highly recommended to not solely rely
on a single metric, but rather analyze individual samples and smaller
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Fig. 7. Evaluation of the OCV, ICA and DVA reconstruction from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance for
UCIA and test data drawn from partial charging events at C/2 and a SOH of 91 %. Four different voltage / SOC windows are evaluated: The low SOC-range ((a)-(c)) corresponds
to a voltage window from 3.25V to 3.8V, the middle window ((d)-(f)) from 3.6V to 4.1V and the high SOC-range ((g)-(i)) from 3.8V to 4.2V. Subfigures (j)—(1) show the results

for the full input voltage.

subsets of the test dataset to identify high variance in the model’s
estimation performance.

4.2. Comprehensive discussion

The results of our study reveal the benefits of coupling simulation
data with ML and the mechanistic model approach. Both models prove
their applicability for OCV reconstruction and DM estimation, even for
limited fine-tuning data. During the A UCs, fine-tuning data is limited
even further but it includes samples from every C-rate. This allows the
TL-NN-A and TL-NN-B to maintain high accuracy independent of the
input voltage window. All B UCs aggravate the TL by eliminating some
C-rates from the fine-tuning data. This leads to stronger requirements
for the input voltage window, i.e., lower cutoff voltage, for UC1B and
UC2B. For UC3B, however, an accurate reconstruction is not possible
anymore because the fine-tung data only includes samples from C/2.
Both models, TL-NN-A and TL-NN-B, perform comparably well. As can
be seen in Table 5, TL-NN-B reaches lower DM estimation errors. Be-
sides that, TL-NN-B convinces by reduced computational requirements:
The initial output from the TL-NN-B only includes four scalars (Fig.
5(b)) and the OCV curve can be calculated with a simple equation,
see Eq. (2). The coupling of TL with optimization, however, yields
more interpretable results with more stable estimation and a stronger
voltage-window-dependency, e.g., compare with Fig. B.14 in Appendix
B.1 and B.15 in Appendix B.2. The TL-NN-A does not show any obvious
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overfitted section and yields reasonable LAMyg errors for the upper
voltage segments.

As can be seen in Fig. 5(a) the TL-NN-A model deviates from the
tuned architecture in our previous work [17], i.e., the model is more
complex and includes two additional LSTM-layers. The input TCN layer,
however, has almost the same hyperparameters which is a result of
the similar training data. The higher complexity can be explained by
the extended data including more C-rates and voltage windows. The
number of epochs increases for higher UCs which may be due to a chal-
lenging training dataset in the lower UCs: The models get eventually
stuck in a local optimum early in the fitting process. For sparse data
the optimization landscape may be more well-defined and the fitting
process is likely to run into overfitting. On the other hand, the diverse
experimental data in the early UCs works as a type of regularization and
prevents the models from overfitting [60]. In our previous work [17],
we have shown with our UCs that fine-tuning with data from multiple
cells but only at one C-rate leads to worsened performance with OCV
reconstruction errors around 20mV for varying voltage windows. This
extended study at hand reveals that also the implicit DMs play a crucial
role. By selecting fine-tuning data from the cells which show the highest
degradation, i.e., from path A (Cycling (2.5V — 4.2V), compare Table
1), and including all C-rates we optimize the performance of both
models and consequently reach OCV reconstruction errors below 10 mV
independent of the input data. Although the model developed in our
prior study [17] was fine-tuned with two cells from varying aging
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Fig. 8. Evaluation of the OCV reconstruction error from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance for UC1A
and test data drawn from partial charging events at C/2. The error course is plotted over the charge throughput of the OCV measurement during the respective checkup. Three
degradation states and four different voltage / SOC windows are evaluated: The low SOC-range ((a)-(c)) corresponds to a voltage window from 3.25V to 3.8V, the middle window
(D)D) from 3.6V to 4.1V and the high SOC-range ((g)-(i)) from 3.8V to 4.2V. Subfigures (j)-(1) show the results for the full input voltage. The 20mV error boundaries are
plotted for better visibility in dashed gray lines. For all evaluated scenarios the MAEy, error is included in the subplot, in its respective color. The left text belongs to the prior
TCN-LSTM from TL-NN-A, the middle text to the final TL-NN-A, while the right text corresponds to the TL-NN-B.

paths and, hence, the learned degradation pattern is more diverse,
the error is above 10mV for any input data segment with a lower
cutoff voltage Vy,;, > 3.4 V. Comparing both studies, we can conclude
that this behavior must be due to the included samples at C/2 in
the fine-tuning of TL-NN-A and TL-NN-B. In contrast to our previous
study [17], by introducing an alternative UC definition, according to
Fig. 4, we have revealed that extrapolation of estimation is possible
to some extent. For UC3A the TL-NN-A is able to estimate the correct
DMs and SOH for two degradation paths which show higher DMs than
the fine-tuning data. The standard deviations for the LAM estimations,
however, increase once the input samples move too far away from the
re-learned fine-tuning data. On the other hand, this extrapolation is not
possible in combination with varying C-rates as in UC3B: The model
cannot conclude the correct OCV just from fine-tuning with data at the
medium C-rate and medium degradation.

Comparing our work to a purely optimization-based approach as
in the work by Schmitt et al. [28], we can reach more accurate DM
estimations even for partial charging events at higher C-rates. Schmitt
et al. [28] concluded that at least a C-rate below C/15 or partial
charging segments spanning at least the SOC range from 20 % to 70 %
at an even lower C-rate of C/30 are necessary to yield accurate DM
estimations. Especially for the upper voltage segments our approach
outperforms the model by Schmitt et al. [28] in terms of DM estima-
tion accuracy: For a partial voltage segment, measured at C/30 from
50% to 85% SOC, Schmitt et al. [28] have reached a RMSEy g Of
14.4 %, a RMSE; appg Of 2.5% and a RMSE;;; of 8.3 %. This SOC range
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approximates to the voltage window from 3.8V to 4.1 V independent
of the applied C-rate. For all of the UCs UC1A, UC2A and UC3A both
models — TL-NN-A and TL-NN-B — maintain DM estimation MAEs below
3% (RMSEapng < 5.08%, RMSE apipr < 3.67 %, RMSE;;; < 1.95%)
even for a test data comprising of voltage curves solely captured at
an applied current between C/3.85 and 1C (compare Figs. 6, 9 and
10). A similar improvement holds true for the OCV reconstruction and
SOH estimation error: While Schmitt et al. [28] reached a RMSEqcy
of 32mV and RMSEgoy of 8.0% our TL-NN-A maintains a MAEcy
below 12.2mV (RMSEgcy < 14.4mV) and a MAPEgyy below 2.47 %
(RMSEgoy < 2.46%) for the A UCs. Similar, the TL-NN-B yields a
MAEqcy below 18.1mV (RMSEgcy < 24.2mV) and a MAPEgqy below
1.63% (RMSEgoy < 1.77%). While this example is only on selected
voltage window, the general trend holds true for all input voltage
segments and even applies for the lower voltage segments from UC1B
and UC2B (compare Figs. 6, B.14 in Appendix B.1, 9, B.15 in Appendix
B.2, 10, B.16 in Appendix B.3).

The comparison with the developed TCN network by Bockrath et al.
[8], which directly estimates the SOH from partial discharge voltage
segments at approximately C/2, allows to evaluate the benefit of the
TL step from synthetic data: Their developed NN reaches a RMSEgqy
of 1.0% for 3.2V to 4.2V, 13.1% for 3.2V to 3.5V, 29% for 3.5V to
3.7V and 1.4 % for 3.7V to 4.2V [8]. These values lie in a comparable
range to our MAPEqy; for varying UCs and both models TL-NN-A and
TL-NN-B (compare Fig. 6, B.14 in Appendix B.1, 9, B.15 in Appendix
B.2, 10, B.16 in Appendix B.3). Contrary to our thesis, they concluded
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Fig. 9. SOH estimation, DM estimation and OCV reconstruction accuracy for model
TL-NN-A and TL-NN-B for UC2A and varying partial voltage input charging curves. The
Subfigures show in detail the MAPEgqy for (a) TL-NN-A and (b) TL-NN-B, the MAEcy
for (¢) TL-NN-A and (d) TL-NN-B, the MAE, ,.ng for (e) TL-NN-A and (f) TL-NN-B, the
MAE py.pg for (g) TL-NN-A and (h) TL-NN-B, and the MAE,;; for (i) TL-NN-A and (j)
TL-NN-B.

that the upper voltage segments are better suitable for SOH estimation
due to higher correlation between the accumulated charge in this
segments and the full capacity throughput. When it comes to OCV
reconstruction and DM estimation, however, our findings show that the
lower voltage segments are better suited, which also aligns with the
results from Schmitt et al. [28]. In essence, this phenomenon can be
attributed to the geometrical characteristics, specifically the gradient
variations within the voltage curve. Capturing and learning a greater
number of these features across the potential degradation range of a
battery cell enhances the accuracy of OCV reconstruction and SOH
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estimation. Ultimately, minimal electrochemical knowledge but rather
mathematical understanding is required to develop data-driven models
that effectively learn the trends of battery degradation.

The only comparable study to evaluate the coupling of ML and the
mechanistic model approach was derived by Tian et al. [25]: They
have trained a NN to estimate the stoichiometries from partial charging
voltage segments at 1C and directly derived the OCV curve from that.
For 200mV voltage segments at varying SOC positions their recon-
structed OCV curve maintained RMSEs below 15mV and the derived
MAEgoy was under 3.7%. Their estimated DMs accuracies were not
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fully specified but — visually analyzed - stayed in good agreement with
their reference. Their LAMy estimation, however, starts to increase its
deviation for later cycles. Our developed TL-NN-B follows a very similar
approach but includes TL to aggravate more training data, which seems
to benefit the OCV reconstruction. For 200mV input segments the
TL-NN-B reconstructs the OCV curve for UC1A and UC2A with a MAE
below 9.5mV (RMSEqcy < 16.1 mV) and also the MAPEgy; stays under
1.58 % (MAEgoy < 1.46 %, compare Figs. 6, 9).

As in any data-driven method, our results show that training data —
source and target domain — heavily influence the performance. Previous
findings [17] already prove the eligibility of synthetic data as the
source domain and prove that the source domain must cover all possible
variations in terms of C-rate, SOC window or DMs of the target domain.
Additionally, our previous study [17] highlights that the choice and
amount of synthetic data for pretraining do not matter as long as it
includes a sufficient amount of supporting points within the boundaries
of the describing parameters, ensuring accurate representation within
the target domain. Due to our UC definition in Fig. 4 we can conclude
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that also the fine-tuning data from the target domain highly matters:
To allow accurate OCV reconstruction it must at least include the
boundaries of the test data, as can be seen in Table 5. This implies that
the fine-tuning data should always be selected from the cells showing
the highest degradation. Further, the lowest and highest C-rates of all
samples, i.e., C/3.85 and 1C as in our UC3A, must be included as well. It
remains an open research question to determine the extent to which this
simplification of fine-tuning data can be pursued in real-world scenarios
including battery cell validation in industry application. On one hand,
it is crucial to understand the validity of this assumption across varying
dataset sizes. On the other hand, research must be conducted to explore
how much the fine-tuning data can be minimized to ascertain whether
highly accelerated aging tests are sufficient for this purpose. With these
findings it will be possible to conclude possible time and cost savings
enabled by TL from synthetic data.

The comparison of both model architectures — TL-NN-A coupling
TL and optimization, and TL-NN-B coupling TL and the mechanistic
model - is challenging to conclude with a clear advantage on one
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Table 6
A typical experiment design for aging model parametrization according to industry experience and literature [61]. The used
experimental data [28] in our approach is highlighted (lightgray) including the resulting capacity fade and DMs, as well as the
reduced fine-tuning data for UC2A (darkgray).

Aging condition  Current profile =~ Temperature = SOC / Voltage-range =~ ASOH  ALAMyg ALAMpg ALLI

Cyclic 0.5C 25°C 2.5V to 42V
2.5V to 40V
3.6V to 42V
35°C 2.5V to 42V
25V to 40V
3.6V to 42V
25V to 40V 15% 15% 8% 15%
3.6V to 42V 15% 15% 8% 15%
35°C 2.5V to 42V
2.5V to 40V
3.6V to 42V
WLTP 25°C 25% 25% 15% 30%
35°C
3N3F 10°C
25°C
35°C
Calendaric 25°C 10%
50 % 10% 8% 2.5% 10%
100 %
50°C 10%
50 %
100 %
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Fig. B.12. Evaluation of the OCV, ICA and DVA reconstruction from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance for
UC1A and test data drawn from partial charging events at C/2 and a SOH of 100 %. Four different voltage / SOC windows are evaluated: The low SOC-range ((a)-(c)) corresponds
to a voltage window from 3.25V to 3.8V, the middle window ((d)-(f)) from 3.6V to 4.1V and the high SOC-range ((g)-(i)) from 3.8V to 4.2V. Subfigures (j)—(1) show the results
for the full input voltage.
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Fig. B.13. Evaluation of the OCV, ICA and DVA reconstruction from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance
for UCIA and test data drawn from partial charging events at C/2 and a SOH of 84 %. Four different voltage / SOC windows are evaluated: The low SOC-range ((a)-(c)) corresponds
to a voltage window from 3.25V to 3.8V, the middle window ((d)-(f)) from 3.6V to 4.1V and the high SOC-range ((g)-(i)) from 3.8V to 4.2V. Subfigures (j)—(1) show the results

for the full input voltage.

side. The TL-NN-B, however, has less computational complexity and
slightly outperforms the TL-NN-A in almost any UC. It has the downside
of requiring the exact alignment parameters for both, the source and
target domain, for model training. This requirement can often not be
fulfilled, whereas the TL-NN-A suffices with the captured OCV and the
pristine alignment parameters, without any additional label. Hence,
TL-NN-A allows the OCV reconstruction and DM estimation applied to
almost any battery aging test.

The results from UC2A show that a huge reduction of the planned
experiments is possible if a pretrained TL model is used. Our findings
strongly suggest that the exact aging path does not matter as long as
the explicit fine-tuning data provoke the highest degradation in terms
of SOH and DMs. If we assume that Table 6 is the standard for data-
driven aging model parametrization, we reduce the number of required
experiments from 23 to 1. If we assume that one aging experiment
runs for 500 days, a checkup is performed every 30 days and a climate
chamber makes up 36 % of the aging costs (cycling + storage), the TL
approach can reduce the costs by 95 %.

Especially TL-NN-A, due to its low requirements on fine-tuning data,
offers a high probability of being successfully applied to onboard or
backend BEV algorithms. Offering aging-path-individual OCV updates
takes a huge step towards optimized battery usage strategy, increases
the accuracy of state estimation and eventually prolongs the lifetime.
The gathered knowledge from this study enables the refinement of
typical experiment designs for their validity in advance. Many planned
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measurements can be pre-analyzed to determine their location in the
source or target domain. Ultimately, this allows for the exclusion
of unnecessary measurements that are implicitly covered by other
measurements.

These promises, however, must be interpreted considering the in-
herent limitations of the chosen theory. DMs are primarily a mathemat-
ical construct used to describe OCV changes over the battery’s lifetime.
Nonetheless, they are valuable for roughly categorizing the degradation
mechanisms occurring within the battery. For instance, electrolyte
decomposition can be mainly attributed to LLI, while lithium plating
affects both LLI and LAMy [62]. In this study, we limited the DMs
to LLI, LAMyg, and LAMpg, although impedance rise is also a critical
factor for battery performance over its lifetime. Impedance significantly
impacts the available power of the system, especially in BEV applica-
tions, and thus affects fast-charging performance. Future studies should
expand the DM terminology to include impedance rise to account for
practical performance considerations.

Apart from that, TL opens the possibility to develop many SOH
or SOC estimation algorithms by using synthetic data as the source
domain. The proposed method can be extended to hysteresis-affected
battery cells, such as LFP cells or those with a high silicon content in the
anode, by substituting the pseudo-OCV with galvanostatic intermittent
titration technique (GITT) measurements. This substitution results in
even more pronounced cost and time savings.
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Fig. B.14. SOH estimation, DM estimation and OCV reconstruction accuracy for model
TL-NN-A and TL-NN-B for UC1B and varying partial voltage input charging curves. The
Subfigures show in detail the MAPEgqy for (a) TL-NN-A and (b) TL-NN-B, the MAE ¢y
for (¢) TL-NN-A and (d) TL-NN-B, the MAE, y.ng for (e) TL-NN-A and (f) TL-NN-B, the
MAE, p\\ipe for () TL-NN-A and (h) TL-NN-B, and the MAE,;; for (i) TL-NN-A and (j)
TL-NN-B.

5. Conclusion

This study compares two approaches — TL and optimization — to
couple synthetic data for battery state estimation. A base model is
trained with a large synthetic dataset, including constant-current charg-
ing profiles at various C-rates and degradation states for a large-format
automotive NCA-graphite cell. Two TCN-LSTM models are developed:
TL-NN-A for estimating OCV and TL-NN-B for estimating alignment
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Fig. B.15. SOH estimation, DM estimation and OCV reconstruction accuracy for model
TL-NN-A and TL-NN-B for UC2B and varying partial voltage input charging curves. The
Subfigures show in detail the MAPEg,y for (a) TL-NN-A and (b) TL-NN-B, the MAEqcy
for (¢) TL-NN-A and (d) TL-NN-B, the MAE, y.ng for (e) TL-NN-A and (f) TL-NN-B, the
MAE, \yupe for () TL-NN-A and (h) TL-NN-B, and the MAE,;; for (i) TL-NN-A and (j)
TL-NN-B.

parameters from partial voltage segments. These models are fine-tuned
with experimental data from a commercial NMC-silicone/graphite cell.

Both models achieve high accuracy, maintaining MAEqc, below
10mV and MAPEgqy under 2%, for most use cases even for voltage
segments of 200 mV. For the challenging use case with less degradation
data, the MAEqcy ranges from 9.23 mV to 19.7mV, and MAPEgq; ranges
from 1.15% to 2.65%. Our findings suggest that fine-tuning with one
cell from one aging experiment is sufficient if the cell shows the highest
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Fig. B.16. SOH estimation, DM estimation and OCV reconstruction accuracy for model
TL-NN-A and TL-NN-B for UC3B and varying partial voltage input charging curves. The
Subfigures show in detail the MAPEgyy for (a) TL-NN-A and (b) TL-NN-B, the MAEqcy
for (¢) TL-NN-A and (d) TL-NN-B, the MAE, y.ng for (e) TL-NN-A and (f) TL-NN-B, the
MAE, p\\ipe for () TL-NN-A and (h) TL-NN-B, and the MAE,;; for (i) TL-NN-A and (j)
TL-NN-B.

degradation in terms of capacity fade and all DMs. Specific triggering of
isolated DMs is not necessary; instead, data generation should focus on
evenly developed DMs. Lower cutoff voltages generally lead to better
results due to more detectable gradient changes. While TL-NN-B has
lower computational requirements and achieves slightly better results,
TL-NN-A offers lower data requirements.

Utilizing TL from synthetic data has proven effective for developing
battery state estimation models with minimal fine-tuning data. The key
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Table A.7

Final number of epochs before the early
stopping criterion was fulfilled during the
fine-tuning process of the TL models TL-NN-A

and TL-NN-B.

Use case TL-NN-A TL-NN-B
UC1A 359 524
UC1B 450 490
UC2A 610 1000
UC2B 829 1000
UC3A 521 873
UC3B 614 988

to this efficiency is the use of a single aging path with the highest
degradation, allowing the model to capture essential features of battery
degradation without extensive data. Coupling ML with optimization
enables the generation of DMs and the creation of aging-path-specific
OCV updates, crucial for optimized battery management systems.

Challenges remain in deploying the coupled model for vehicle ap-
plications. It is unclear whether ML can handle noisy and superimposed
battery pack signals from multiple cells. Additionally, generalizing the
ML model from accelerated lab aging data to real-world aging behavior
needs validation. The validity of the assumed ground truth labels of
the experimental data can be questioned, but generating the DMs via
OCYV fits is currently the only available method for non-invasive, repro-
ducible long-term aging tests [63,64]. Future research should explore
alternative approaches to combine ML and optimization. For instance,
leveraging fleet data to train a Bayesian neural network could constrain
the solution space during OCV reconstruction, increasing the likelihood
of returning the global optimum.
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Appendix A. Neural network optimization and fine-tuning

See Table A.7.

Appendix B. Detailed benchmark results

B.1. Use case 1

See Figs. B.12-B.14.
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B.2. Use case 2

See Fig. B.15.

B.3. Use case 3

See Fig. B.16.
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