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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/REIL-UConn/
Forecasting-Battery-Capacity-for-Second-Life-A

Accurately forecasting lithium-ion battery capacity degradation is crucial for optimizing the second-life
utilization of these batteries, enabling reliable operation, reduced maintenance costs, and extended life

pplications-Using-PI-RNN
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cycle performance. However, achieving consistent forecasting accuracy across cells and over time remains
challenging due to significant cell-to-cell variability and substantial changes in real-world usage conditions
during the transition from first to second life. In this study, we propose a new physics-informed machine
learning method that integrates an aging-aware electrochemical model with a recurrent neural network,
creating a physics-informed recurrent neural network (PI-RNN). This hybrid model leverages both physics-
based insights and data-driven learning to predict capacity fade under diverse usage conditions, including
transitions from first- to second-life applications. We evaluate PI-RNN using two datasets: an open-source NASA
dataset comprising 28 lithium cobalt oxide/graphite cells, and a newly collected dataset of 39 commercial
lithium iron phosphate/graphite cells, where cells were initially cycled to 80% capacity in their first life before
undergoing milder cycling in their second life. While PI-RNN performs comparably to data-driven models in the
first-life phase, it demonstrates a clear advantage in second-life forecasting, reducing root mean squared error
by approximately 40%-70% compared to baseline models when forecasting periods span the transition from
first to second life, even when trained on as few as two cells. Parametric studies highlight the advantages
of incorporating physics-based modeling, and uncertainty quantification ensures the reliability of long-term
capacity forecasting. In addition, we conducted benchmarking studies to systematically assess the advantages

and limitations of the proposed model, thus identifying the scenarios where this approach excels.

1. Introduction

Lithium-ion batteries have experienced rapid market growth in
recent years, driven by their advantageous qualities, such as low self-
discharge rates, high power densities, and long lifetimes [1,2]. This
growth has expanded their application across various fields, including
transportation systems, smart grids, and renewable energy sources [3].
However, continuous usage of lithium-ion batteries inevitably leads to
degradation over time due to irreversible side reactions and changes
in material morphology. This degradation typically manifests as a
decrease in capacity and an increase in internal resistance, both of
which can lead to operational inefficiencies, unplanned downtime,
and in severe cases, safety risks if the degradation reaches a crit-
ical threshold [4]. Internal resistance is commonly measured using
techniques such as the hybrid pulse power characterization (HPPC)
test [5] or standard cycling and pulsing protocols for equivalent circuit
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model (ECM) parameter identification [6]. HPPC tests are designed
to assess battery behavior under high current pulses. However, these
tests often require precisely controlled protocols to ensure reliable data,
making standardization and interpretation a significant challenge [7].
Furthermore, traditional HPPC tests lack a strong physical basis for
protocol design, limiting their ability to diagnose specific degradation
mechanisms accurately. ECM parameters, which are derived from these
tests, are highly sensitive to state of charge (SOC), state of health
(SOH), and temperature. This variability necessitates extensive testing
under diverse conditions to produce robust models, which can be
resource-intensive and time-consuming [8]. Capacity measurements,
another critical metric for assessing SOH, typically involve discharging
the battery fully between predefined upper and lower voltage cut-
offs and integrating the discharge curve to calculate the ampere-hour
capacity. However, in practical applications, full discharge cycles are
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Fig. 1. Schematic representation of the battery capacity forecasting problem adapted from [12].

often avoided due to operational constraints and the risk of acceler-
ated degradation [9]. For instance, lithium-ion batteries are frequently
operated in partial charge/discharge cycles to extend their lifespan,
as full discharges can induce stress and damage to the cells [10].
Additionally, external factors such as temperature, current rates (C-
rates), and battery age significantly influence voltage cut-offs, leading
to variability in capacity measurements [11]. In practical settings,
greater focus is placed on tracking capacity loss, as it directly impacts
the energy a battery can store and deliver, making it a key indicator of
SOH.

Accurate and computationally efficient prediction of a battery’s
capacity degradation is essential for battery management systems or
other battery health management platforms to recommend/implement
suitable management strategies throughout the battery’s service life.
It also aids manufacturers in promptly assessing battery lifetime, opti-
mizing cell and battery pack design, and strategizing for recycling and
repurposing efforts [13].

1.1. Background

Numerous studies have investigated lithium-ion battery health prog-
nostics [14], with a particular focus on predicting capacity degradation.
These approaches can be broadly categorized into model-based and
data-driven methods. Capacity forecasting traditionally involves using
past and current cycle data as inputs to a machine learning model,
which generates probabilistic capacity estimates (e.g., mean and stan-
dard deviation) for future cycles. These estimates form a capacity
degradation trajectory, allowing an end-of-life (EOL) estimate based on
when the trajectory crosses a predefined capacity threshold, typically
80% of the nominal capacity for automotive applications [12] as illus-
trated in Fig. 1. This threshold defines the transition from a battery’s
first-life, during which it is used in its primary application (e.g., electric
vehicles), to its second life, where it may still be repurposed for
less demanding applications such as stationary energy storage. More
recently, researchers have begun integrating model-based and data-
driven approaches, leading to the development of physics-informed
machine learning (PIML) frameworks [15].

1.1.1. Model-based methods

Model-based methods (category I in Fig. 2) for battery health prog-
nostics involve creating mathematical models, which can be electro-
chemical models [16,17], ECMs [18] and empirical models [19,20].
Electrochemical models (subcategory 1.1 in Fig. 2) detail internal bat-
tery degradation processes at a microscopic level, focusing on mecha-
nisms such as solid electrolyte interface (SEI) growth [21] and lithium

plating [22]. Including these mechanisms in the model allows sim-
ulations to forecast future capacity degradation. However, capacity
loss can arise from various failure mechanisms, making it challenging
to develop comprehensive electrochemical models that account for
different loading conditions over the battery’s lifespan. This is because,
as batteries age, the initial model parameters can vary significantly,
leading to substantial errors in predicting capacity degradation. ECMs
(subcategory 1.2 in Fig. 2) are used to model the dynamic characteristics
between the current and terminal voltages of a battery using circuit
elements such as capacitors, resistors, and voltage sources. The sum
of the equivalent impedances is then identified using electrochemical
impedance spectroscopy (EIS) data to quantify the battery’s SOH. How-
ever, acquiring EIS data requires additional equipment and extensive
testing time [23], which limits the practical use of ECM models. Empir-
ical models (subcategory 1.3 in Fig. 2), on the other hand, fit capacity
fading trends using functions like exponential [24], polynomial [25],
or ensemble methods [26] to extrapolate capacity over time, offering
the advantage of directly predicting degradation levels. However, these
models often require extensive experiments to account for various
factors, making them unsuitable for long-term forecasting in the early
stages.

1.1.2. Data-driven methods

Unlike model-based methods, data-driven approaches (category II
in Fig. 2) can predict battery SOH without understanding complex
physics, making them more adaptable to different loading conditions
in practical applications [27]. However, their accuracy heavily de-
pends on available historical data. Both lightweight machine learning
and deep learning algorithms (subcategories II.1 and IL.2 in Fig. 2)
have been successfully applied in battery health prognostics. When
features are well extracted, lightweight algorithms such as linear re-
gression [28], support vector machines (SVM) [29,30], relevance vector
machines (RVM) [31], and Gaussian process regression (GPR) mod-
els [32,33] are used to develop prognostics models. In contrast, deep
learning algorithms, which can automatically extract features, are able
to directly use raw time-series data as input. Typical examples in-
clude long short-term memory (LSTM) networks [34,35], convolu-
tional neural networks (CNNs) [36], and transformers [37,38]. Prac-
tical challenges for data-driven methods include incomplete battery
usage histories and difficulties in obtaining full charging/discharging
curves in real-world applications, which limit data availability for
training the machine learning models. Moreover, purely data-driven
approaches lack an inherent understanding of underlying physical prin-
ciples, posing challenges in improving their performance, particularly
for scenarios beyond their training data distribution [39].



S. Navidi et al.

eTransportation 25 (2025) 100432

1. Model-based
methods

Highest

Battery capacity
forecasting
III. PIML II. Data-driven
methods methods
1I1.3 . .
1.1 1.2 L II.1 Lightweight 11.2 Deep
. . . Inductive bias . - .
Learning bias Observational - machine learning learning
methods (PINNs) || bias methods PI-RNNs) algorithms algorithms
Fidelity of physics
Intermediate Lowest
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methods to fully physics-based models, with hybrid PIML strategies occupying the intermediate spectrum.
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1.1.3. PIML methods

To address the challenges in model-based and data-driven methods,
PIML methods have recently gained popularity in the field of prog-
nostics and health management due to their ability to combine the
strengths of physics-based and data-driven models. Due to incorporat-
ing physical information, PIML methods can show enhanced generaliza-
tion capabilities and require fewer high-fidelity data for training [40].
Karniadakis et al. [41] conducted a comprehensive review of PIML
methods, highlighting biases introduced by prior physical knowledge.
They defined PIML as leveraging prior observational, empirical, phys-
ical, or mathematical understanding to enhance learning algorithms,
categorizing PIML approaches into observational, learning, and induc-
tive biases as shown in Fig. 3. Learning biases arise from selecting
appropriate loss functions and inference algorithms to guide machine
learning models toward solutions aligned with physical principles (Fig.
3a). Observational biases in PIML are introduced through data that
reflect underlying physics or through well-designed data augmentation
techniques (Fig. 3b). Inductive biases are prior assumptions or con-
straints integrated into the architecture of machine learning models,
particularly within the neural operations of neural networks. These
biases help ensure that predictions conform to specific physical laws
and principles, which are often represented as mathematical constraints
(Fig. 3¢).

In battery research literature, Aykol et al. [42] proposed a classi-
fication of PIML methods into five categories: three “sequential inte-
gration” methods (A1-A3) and two “hybrid” methods (B1-B2). The
“sequential integration” methods feature standalone physics-based and
machine learning models, akin to observational bias techniques. In
contrast, “hybrid” methods integrate both models, with the B1 archi-
tecture incorporating physics-based elements into the machine learning
framework, potentially leveraging learning or inductive biases. The

observational bias (subcategory IIL.2 in Fig. 2) method is relatively
straightforward to implement because the physics-based and machine
learning models are standalone, making it a practical near-term strategy
for battery prognostics modeling [43-45]. However, “hybrid” models
that integrate both learning bias and inductive bias (subcategories III.1
and IIL.3 in Fig. 2) have been implemented far less frequently, primar-
ily due to the complexity of embedding physics-based equations into
neural networks. To develop a “hybrid” PIML framework effectively, it
is important to choose neural network architectures that are tailored to
the specific problem.

1.1.3.1. Learning bias in feed-forward neural networks. Classical feed-
forward neural networks are effective in capturing nonlinear relation-
ships between inputs and outputs through parameter adjustment using
backpropagation and gradient descent. However, these models face
limitations in lithium-ion battery modeling because they process only
the current input at a given time step, making it difficult to account for
long-term effects, such as polarization, which depend on the previous
load history. Accurately capturing these effects requires access to the
complete load history [46]. For example, You et al. [47] developed
a neural network using raw voltage, current, and temperature signals
to estimate the SOH. However, this approach struggles in prognostic
applications due to its inability to capture the temporal characteris-
tics necessary for accurate long-term predictions. Recent studies by
Wang et al. [9] and Navidi et al. [15] introduced physics-informed
neural network (PINN) models for estimating battery SOH, each em-
ploying distinct strategies to incorporate domain-specific knowledge.
Wang et al. utilized state-space equations in a partial differential equa-
tions format in the loss function, leveraging neural networks to model
underlying degradation dynamics. Navidi et al. on the other hand,
integrated a half-cell empirical degradation model directly into the
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PINN framework. Both approaches adopt a learning bias strategy to
guide the optimization process and enhance predictive accuracy in
capturing battery degradation. However, these methods are not tailored
for long-term prognostics, limiting their applicability in this domain.
In a more recent study, Bajarunas et al. proposed an unsupervised
learning bias method for SOH estimation, embedding general knowl-
edge about degradation trends at different stages of a battery’s life
into a convolutional autoencoder’s architecture [48]. While this method
has shown promise in predicting remaining useful life (RUL) in a
prognostics setting, its ability to generalize to real-world applications,
where degradation trends may not follow predefined patterns, is yet to
be demonstrated.

1.1.3.2. Inductive bias in recurrent neural networks. Recurrent neural
networks (RNNs) are able to incorporate an internal memory mecha-
nism that allows them to consider past time steps without requiring
the entire load history as explicit input [49]. This feature facilitates
time-series prediction, as RNNs can process current inputs while inher-
ently accounting for prior data. Additionally, RNNs can predict time
series of varying lengths sequentially, making them more flexible than
traditional neural networks that demand a predefined input format.
This adaptability enables RNNs to model long-term dependencies more
effectively [50]. For example, Liu et al. [51] developed an adaptive
RNN that captures temporal characteristics and dynamic states during
battery degradation. Although this model adapts well to abrupt state
changes, it faces challenges in long-term predictions due to the gradient
vanishing problem associated with RNNs [52]. To mitigate this issue,
Zhang et al. [34] investigated the use of LSTM, a variant of RNNs,
for on-board SOH and remaining useful life (RUL) estimation. Their
model achieved accurate SOH predictions with or without offline train-
ing data, while maintaining reasonable training times. However, its
validation was limited to a narrow range of experimental conditions. Lu
et al. [35] introduced an RNN-based deep learning framework designed
to predict long-term degradation trajectories for NMC/Gr cells under
both constant and variable usage conditions. Their model employs a
gated recurrent unit to forecast charge and discharge capacities using
future current load data along with early capacity-voltage data as input.

Nascimento and Viana [53] were the first to introduce an inductive
bias approach in an RNN structure by embedding a physics-based
model into the RNN cells. Inspired by cumulative damage model-
ing [54], they used a multi-layer perceptron within the recurrent cell
to model stress intensity and integrated it with the Paris law layer,
accurately simulating fatigue crack propagation in wind turbine main
bearings. Following the same approach, Kim et al. [55] presented an
inductive bias approach by using a hybrid recurrent unit. In their ap-
proach, they incorporated an empirical model within the recurrent unit
to compute the damage increment, representing the capacity degrada-
tion for each charge—discharge cycle. Nascimento et al. [56] applied
the same inductive bias approach to a battery prognostics problem,
developing a hybrid model that integrates physics-based and empirical
equations within an RNN unit. Each unit includes a principle-based
node using a simplified electrochemical model (Butler-Volmer—Nernst
equations) for electrode overpotential, a data-driven node for internal
voltage, and a variational Bayesian node for uncertainty. This model
leveraged fleet-wide data to predict future capacity drops, merging
information on battery aging parameters with existing aging data.
However, it is important to note that their work primarily demonstrated
the potential of this approach, rather than providing a thorough vali-
dation or a clear pathway for practical deployment. The approach was
validated using two subsets from the NASA prognostics data repository,
one with constant loading and one with randomized loading conditions,
each including 4 cells. While the results demonstrated effectiveness in
predicting voltage discharge cycles and estimating the residual capacity
of batteries under randomized loading conditions, it is important to
note that the validation on randomized conditions was conducted on
only 4 cells, which limits its statistical significance.
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1.2. Knowledge gaps and our contributions

Despite the development of numerous battery degradation prognos-
tic models demonstrating excellent performance for specific applica-
tions, several areas require improvement:

+ Limited real-world applicability: Many existing studies are con-
strained in their applicability to real-world scenarios due to their
reliance on historical state information and the assumption that
cells operate under constant conditions. This neglects the vary-
ing future usage conditions that batteries experience in practical
settings. Battery capacity degradation is closely tied to diverse
loading conditions throughout the service life. Therefore, a more
practical approach would involve health predictions as an evolv-
ing function of changing usage conditions. Two of the studies
that tackled this gap were conducted by Richardson et al. [33]
and Lu et al. [35]. Both relied on the assumption of access to
the cell’s response, either in the form of temperature or voltage
data. Richardson et al. utilized a GPR model to predict short-
term capacity degradation while accounting for varying usage
conditions, using temperature data as a key input. Lu et al. on
the other hand, predicted capacity degradation trajectories under
random future usage conditions by integrating future current load
patterns with early capacity-voltage response data. While these
studies provided valuable insights, their dependence on specific
cell responses highlighted a key limitation, as such information
was often unavailable in practical applications.

Complexity of modeling approaches: The majority of existing
prognostic studies rely on either physics-based or data-driven
approaches, both of which present significant challenges for prac-
tical deployment for online inference (e.g., embedded on battery
management systems). Physics-based models require extensive
parameterization, as noted by Chen et al. [57]. This process is
time-consuming and requires specialized characterization meth-
ods, making it impractical for many applications. On the other
hand, data-driven models depend on large training datasets and
highly predictive features derived from temperature or voltage
measurements, which are not always available in real-world set-
tings. For example, Deng et al. [58] employed an LSTM model
with a GPR residual, relying on a large dataset from 20 vehicles
and temperature and voltage data. Additionally, the complex-
ity of deep learning models, such as LSTM networks, further
complicates their deployment on battery management systems
or other edge computing platforms that require lightweight and
computationally efficient models.

Lack of second-life capacity forecasting studies: To the best of
our knowledge, there have been no studies focused on second-life
capacity forecasting following the end of a battery’s first life, par-
ticularly at the critical transition point when cycling conditions
might change. Most research has concentrated on fixed proto-
cols until the end of the first cycling life of batteries. However,
second-life applications are becoming increasingly important as
a sustainable solution for managing retired batteries from elec-
tric vehicles and other applications. These batteries often retain
significant capacity and can be repurposed for less demanding
applications.

Lack of hybrid PIML implementations: While there have been
studies applying PIML for battery health prognostics, the lit-
erature lacks straightforward and reliable implementations of
inductive bias methods for health prognostics that are suitable for
deployment on edge-based battery health management platforms
such as battery management systems [42].

To address the gaps highlighted above, we propose a PIML approach
for capacity forecasting of lithium-ion batteries, capable of handling
time-varying usage conditions and second-life usage. This new PIML
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approach builds a new class of RNNs, which we call physics-informed
RNNs (PI-RNNs), to forecast capacity drops based on features extracted
from future load patterns and a recent history of capacity degradation.
It incorporates an initial estimate of degradation from a physics-based
model as a new input layer into standard RNNs, introducing a physics-
informed inductive bias. The resulting PI-RNNs are equipped with a
more informative starting point than features from raw data that are
often empirically defined. The key contributions of this paper include:

» Dynamic capacity loss forecasting: Our approach predicts ca-
pacity loss dynamically as conditions evolve, moving away from
models that rely on static historical data and fixed cycling proto-
cols.

Independence from historical state information: Our method
exclusively utilizes features extracted from current versus time
data during future load cycles, eliminating the need for tempera-
ture or voltage response data during inference.

Data efficiency: We reduce the amount of battery cell data
required for training while maintaining predictive accuracy. The
proposed method also demonstrates excellent out-of-distribution
prediction accuracy.

Computational efficiency: Once trained, PI-RNNs are compu-
tationally efficient during online inference, making them well-
suited for deployment in on-the-edge battery health analytics
applications (e.g., battery management systems). Moreover, the
implementation is inherently scalable, capable of being extended
with additional resources as needed. This approach offers a
straightforward implementation of inductive bias techniques,
which are not yet widely adopted in the battery field.
Performance benchmarking: We benchmarked the performance
of the proposed PI-RNN method against baseline state-of-the-art
methods in the literature for capacity forecasting using two com-
prehensive datasets, highlighting the advantages and use cases
where it may be preferable to other methods.

1.3. Article organization

The remaining parts of this paper are organized as follows: Sec-
tion 2 provides the problem definition. Section 3 introduces the battery
cycling experiments and the datasets. Section 4 details the proposed PI-
RNN methodology. In Section 5, we elaborate on the results, validation,
and discussions of the proposed method. Finally, Section 6 presents the
conclusions drawn from this study.

2. Problem definition

This study tackles the challenge of forecasting capacity degradation
across successive load patterns using a novel PIML health transition
model. Unlike traditional battery cycle approaches, a “load pattern”
is defined as a sequence of load periods, each characterized by a
battery current vs. time profile, between two consecutive reference
performance tests (RPTs) [33], O, at RPT, and Q,,, at RPT,,,. These
load patterns can vary in both duration and complexity, often including
multiple charge-discharge events. We assume that only current versus
time data (i.e., time series measurements of battery current) is avail-
able for inference, representing practical scenarios where detailed cell
state and response information are unavailable, and only the loading
conditions are known.

The goal is to predict the capacity drop for an upcoming load
pattern based on the current capacity and features derived from the
future loading conditions. By accurately predicting the capacity drop
for each load pattern, this approach allows for long-term forecasting
of cumulative capacity degradation over multiple load patterns. To
achieve this, we seek to learn the mapping from an input feature
vector x, which captures the loading conditions over a load pattern, to
the output y, representing the level of capacity degradation associated
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Fig. 4. Capacity fade plot of cells from the NASA random walk dataset. Groups G1,
G2, G3, G5, and G7 were cycled at room temperature, while groups G4 and G6 were
cycled at 40 °C. For all groups except G7, the discharge current was randomly selected
from the range of 0.5 A to 4 A. The charge current for groups G1-G5 was fixed at
2 A, with the charge duration in G1 randomly selected from 0.5 to 3 h. All charge and
discharge cycles, except for G7, were performed until the cells were fully charged and
discharged. In group G7, both charge and discharge currents were randomly selected
from the range of —4.5 A to 4.5 A.

with that load pattern. This mapping is learned using a labeled train-
ing set composed of N, input-output pairs {(x,, y,)}:\;‘lrain collected
from one or multiple cells. Here, N,.;, corresponds to the number
of load patterns, equivalent to the number of RPTs, across all train-
ing cells. Each load pattern L, is characterized by a set of features
extracted from the time series of battery current. The input vectors
X,41,---» X4 used for predicting capacity degradation over M future
load patterns are the feature vectors extracted from the corresponding
load patterns L,,;,...,L, ;. The outputs y,,,...,y,,» represent the
incremental capacity drops measured over the forecasting horizon of
M load patterns.

3. Dataset description

3.1. NASA randomized battery usage repository (LCO random walk dataset
[59D

This first dataset was originally used in [60] to study capacity
degradation under randomized load profiles, providing a more realistic
representation of practical battery usage conditions. It consists of 28
experimental cells manufactured by LG Chem, with an 18650 form
factor and lithium-cobalt-oxide/graphite (LCO/Gr) chemistry. The cells
have a rated capacity of 2.1 Ah, offering relatively high energy den-
sity but shorter cycle life. The dataset is divided into seven groups,
each containing four cells, with each group subjected to a distinct
randomized load profile as outlined in Table A.4. Groups 1, 2, 3,
5, and 7 were cycled at room temperature, while groups 4 and 6
were cycled at 40 °C. Periodically, an RPT was conducted, involving
a 2 A (approximately 1C) charge-discharge cycle between the cell
voltage cut-offs. The capacity was evaluated from the discharge curves
obtained during these RPTs, integrating the current over time to assess
the total capacity. Key experimental variables in this dataset include
discharge current and ambient temperature as shown in Fig. 6a. Fig. 4
displays the plotted capacities of cells across different groups against
RPT number, illustrating how varying discharge operational conditions
lead to distinct capacity trajectories within each group. Each trajectory
represents the mean and standard deviation of the capacities for groups
of four cells.

3.2. Battery aging dataset for second-life SOH tracking (LFP second-life
dataset)

This dataset consists of 39 lithium-iron-phosphate/graphite
(LFP/Gr) cells, manufactured by LithiumWerks, with an 18650 form
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Fig. 5. Capacity fade plots of the cells in a. batch 1 and b. batch 2 of case study 2 (LFP second-life dataset). Groups G1-G5 and G16-G18 followed the one-step fast charging
without derating protocol with charge C-rates of 3.8C-5.7C, discharge C-rates of 2.1C-3.6C, and DODs of 70%-97%. Groups G6-G10 used the one-step fast charging with SOH-based
derating protocol, with initial charge C-rates of 4.2C-5.8C, discharge C-rates of 2.1C-3.9C, and DODs of 71.9%-95.7%. Groups G11-G15 followed the two-step fast charging protocol
with CC charging at 4.1C-5.7C up to a switching SOC of 71.1%-86.8%, followed by one step of CCCV at 1C. Discharge C-rates were 2.1C-3.9C, with DODs of 74.7%-95.3%. After
reaching the 80% of initial capacity, the second-life cycling protocol consisted of a CCCV charging step and a CC discharging step, both performed at a C-rate of 1C and full DOD.
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Fig. 6. a. Experimental design variables for case study 1, where the primary variable is the discharge current, with limited variability in charge current. b. Experimental design
variables for case study 2, showcasing a more complex scenario with significantly broader ranges for both charge and discharge currents and DOD, highlighting the increased
variability in cycling conditions. For detailed cycling conditions, refer to Tables A.4 and A.5.

factor, tested under various cycling conditions. The exact electrolyte
composition is not disclosed by the manufacturer, but it is expected to
be a typical lithium-ion formulation such as LiPF¢ in organic carbonate
solvents. The cells, with a nominal capacity of 1.2 Ah, were initially
aged to 80% of their remaining capacity under high-rate cycling condi-
tions (first-life application). Afterward, they were subjected to milder
cycling conditions simulating second-life usage. The dataset consisted
of 39 cells, divided into 13 groups, with each group containing 3
cells. These groups were further categorized into two batches based
on the range of design variables. Batch 2 was subjected to slightly
more aggressive conditions compared to batch 1. The first-life testing
involved fast charging protocols with changing design variables such
as C-rate, derating ratio, switching state of charge (SOC), and depth of
discharge (DOD) as illustrated in Fig. 6b.

The first fast charging protocol, termed “one-step fast charging”,
utilized a single constant-current consant-voltage (CCCV) charge step,
with the charging C-rate varied between 4C and 6C. This C-rate re-
mained constant throughout the entire first-life cycle. The second fast
charging protocol, referred to as “one-step fast charging with SOH-
based derating”, also implemented a CCCV charging step; however,
the charging C-rate decreased by a derating ratio of 5% to 10% for
every 5% reduction in remaining capacity. The initial C-rate for a
fresh cell similarly ranged from 4C to 6C, matching the one-step

fast charging protocol. The third fast charging protocol, termed ““two-
step fast charging”, involved a constant-current (CC) charging step up
to a predetermined switching SOC level, with the C-rate maintained
between 4C and 6C. Subsequently, the cell continued charging using
a CCCV step at a rate of 1C, with the switching SOC level sampled
between 70% and 90%. After every 5 days of cycling, an RPT was
conducted to measure the remaining capacity and internal resistances.
Once the cells reached 80% capacity, they were “retired” from first-
life usage and subjected to second-life testing. The second-life cycling
protocol consisted of a CCCV charging step and a CC discharging step,
both performed at a C-rate of 1C and full DOD. A Latin hypercube
sampling strategy was used to explore the design space during first-life
cycling, determining variables such as DOD, C-rates, and switching SOC
levels (or derating ratio when applicable).

The detailed cycling conditions are summarized in Table A.5. To
ensure consistent ambient conditions, all cells were cycled and tested
at 25 °C. This uniform temperature setting was maintained during both
load patterns and RPTs. Fig. 5 shows the capacity fade plots of the cells
from both batches in this dataset. Each trajectory represents the mean
and standard deviation of the capacity fade for groups of three cells.
Please note that groups 11, 12, and 14 are excluded since they have
not reached the end of their first life. A noticeable transition point from
first life to second life is present in all trajectories, where some capacity
retention occurs due to the shift to milder usage conditions.



S. Navidi et al.

Mode | C D C D
NgE N

eTransportation 25 (2025) 100432

Future load pattern 0

| Load features X;, 1

att+1
C: Charge
D: Discharge
—{ Current capacity Q, PI-RNN
t model
_ 100174 R Forecast (2]
X ° g
[ ] . a
g Predicted capacity
Z 90 % Transition to —
Data for network S Qdata ®4 ¢ cocond life drop AQ:4q
training onl Q 2
gNThreshold O
70 " Forecasted capacity
N RGREEES | o
Qr1 = Qr — AQ¢4q

0

PI-RNN: Physics-informed
recurrent neural network

PBM: Physics-
based model

olelelele

10 15 20

RPT number (-)

@ reature extraction @ Model inference

Fig. 7. Overview of the proposed PI-RNN method. The schematic illustrates the mapping from input features of a future load pattern (e.g., at RPT 7 + 1, consisting of N}';;I“_d
charge/discharge periods) to the predicted capacity drop 40,,,. The PI-RNN model shown on the middle right is composed of sequential PI-RNN cells, each incorporating outputs
from the PBM to guide learning. The PI-RNN cell architecture on the bottom left integrates PBM-informed degradation into the recurrent update.

4. Methodology

Fig. 7 illustrates the proposed framework for forecasting capacity
degradation in a future load pattern. The framework involves extracting
input features from the load pattern at RPT ¢ + 1. These features are
fed into a PI-RNN model, which predicts the capacity drop from RPT ¢
to 7 + 1. The same process is repeated iteratively for subsequent steps,
where each step is forecasted using a single PI-RNN unit. The figure
also highlights the structure of a PI-RNN. For each time step, the input
features are processed through a physics-based model (PBM), which
outputs an estimated capacity drop. This output is then refined by the
recurrent unit of the PI-RNN to account for time-dependent corrections
and provide the final capacity drop prediction. The sequential nature
of the framework ensures that the capacity degradation for each future
load pattern is predicted step by step.

4.1. Input feature extraction

The inputs to the PIML model are features extracted from the
current time-series data. Inspired by Richardson et al. [33], we adopted
a straightforward histogram-based method for feature extraction. Since
capacity measurements are only available per load pattern, the first
step involves mapping the time-series data to a fixed-size input vector
for each load pattern. Specifically, if a load pattern L consists of
Nlad measurement time steps, the N1°% battery current measurements
I e RNwésk are transformed into an ny-dimensional input vector x,
where n, represents the number of selected features. Regardless of
the number of time steps in L, the input vector x remains uniform
in size. The extracted features for each load pattern L are based on

predefined assumptions regarding stress factors. It is worth mentioning
that accurate results can be achieved with a relatively small number
of factors that contribute to battery aging, such as the time under
specific load conditions and the intensity of the load over a given time
period. Our approach mirrors that of Richardson et al. [33], excluding
temperature-based features.

The assumption that future current load patterns are available is
reasonable, as many real-world applications benefit from insights into
expected loads derived from typical usage scenarios. In many industrial
settings, historical data enable the derivation of a representative or
baseline usage profile, where key load features, such as ampere-hour
throughput and duration under specific load conditions, remain rela-
tively stable over time. In contrast, using temperature-based features
from the future is not realistic, as the thermal conditions of the cell
can vary unpredictably and are difficult to anticipate in advance. A
detailed list of the selected input features is provided in Table 1. Please
note that the values of I, and Iy, are determined based on the
dataset. For the first dataset, Ij,,, is 2 A and ;g is 3 A, corresponding
to applied C-rates of approximately 0.91C and 1.36C, respectively.
These initial bounds were selected following the approach taken in
Richardson et al. [33]. In contrast, for the second dataset, I,, and
Inigh are 3 A and 4 A, respectively, resulting in applied C-rates of 2.5C
and 3.33C, given that the nominal capacity of these cells is 1.2 Ah.
The bounds for this dataset were adjusted to reflect the harsher usage
conditions, allowing us to define a feature that distinctly characterizes
these different scenarios.

Fig. 8 displays joint distribution plots that illustrate the relation-
ship between selected input features and the corresponding capacity
changes for each batch in the two aging datasets. Joint distribution
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plots reveal detailed characteristics of the data, such as density, skew-
ness, and clustering, which help identify out-of-distribution (OOD)
conditions. This insight is particularly valuable for our PIML approach,
where robust performance in OOD scenarios is critical. The kernel
density contours provide a smooth estimate of the probability density
function, revealing the density of observations within the feature space.
This technique overlays a kernel on each data point and sums them to
visualize the underlying distribution. We categorize the NASA dataset
into two batches for consistency with our other case study: batch 2,
consisting of cell numbers divisible by 3, and batch 1, which includes
the remaining cells according to Table C.7. These designations allow us
to maintain uniform terminology across our analyses. While the kernel
density contour plots show some overlap between the distributions of
batch 1 and batch 2, batch 2 occupies a smaller region of the feature
space. Therefore, we chose batch 2 as the primary training set and batch
1 as the test set, as this configuration introduces OOD scenarios in the
test data and presents a more challenging learning problem. To further
assess the robustness of our proposed method, we plan to gradually
reduce the size of the training set (batch 2), thereby limiting feature
space coverage and rigorously evaluating model generalization.

In this study, we use SHAP (SHapley Additive exPlanations) values
to assess feature importance, providing a unified and interpretable
measure of each feature’s contribution to the model’s output. SHAP
values are grounded in cooperative game theory and specifically use
Shapley values, which allocate the “credit” for the model’s predic-
tions to individual features by considering all possible combinations
of features [61]. Mathematically, the Shapley value for a feature x 5 is
computed by considering all possible subsets of features .S that exclude
x;, and calculating the average marginal contribution of x; across these
subsets. The formula for the Shapley value is expressed as:
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where ¢, is the Shapley value for feature x;, x is the vector of all
features in the model (i.e., x = {x, x5, ..., Xp, 1), S is a subset of features
excluding x;, §(S) is the model’s prediction given the feature subset S,
(S U{x;}) - 3(S) represents the change in the prediction when feature
x; is added to the subset S.

In this study, we use the light gradient boosting machine (Light-
GBM) model to perform feature importance analysis. LightGBM is a
gradient boosting framework that uses decision trees as base learners.
By training a LightGBM model, we obtain predictions that are then
explained using SHAP values to identify and quantify the influence of
each feature on capacity degradation. Our motivation for this analysis
is to elucidate the relative impact of different operational metrics,
such as ampere-hour throughput and durations under specific load
conditions, on battery degradation, thereby linking measurable load
features to capacity fade. The feature importance plot in Fig. 9 presents
the mean absolute SHAP values for each feature, summarizing their
overall contribution to the model’s predictions. Each bar represents a
feature, with its length indicating the magnitude of its mean absolute
SHAP value. Features at the top of the chart have the highest impor-
tance, contributing more significantly to the model’s output. From this
bar chart, we observe that total time elapsed from start, ampere-hour
throughput, and the time duration between the two defined loading
thresholds are important predictors of battery capacity degradation. In
case study 1, where the loading conditions are relatively consistent, the
SHAP values are distributed more uniformly across features, indicating
that the model relies on a broad set of inputs. In contrast, in case
study 2, characterized by a more complex and variable experimental
design, the time duration between the two thresholds emerges as a
more effective differentiator. This suggests that under more complex
loading conditions, specific load-duration metrics provide additional
and better insight into capacity fade for cases that include transitions
to milder second-life operations.
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4.2. Inductive bias via PI-RNNs

Inductive bias approaches involve the design of specialized network
architectures that incorporate prior knowledge related to a specific pre-
dictive task. This method assigns physics-based information to neurons
or layers, as illustrated in Fig. 3c. In our proposed framework, the
predicted capacity drop provided by the physics-based model is incor-
porated into the hidden state update of the RNN through a learnable
weight. This integration of physics-based priors serves as an inductive
bias. Although widely used in other domains, this aspect of PIML has
not been extensively applied to battery research.

RNNs have been successfully applied to model time series data [62].
Fundamentally, RNNs process sequences by applying transformations to
a hidden state, described by the recurrence relation:

h =fh,x., ) (2)

Here, t € {0,1,...,T} represents the time steps (RPT numbers in
our case), where T is the total number of time steps. The hidden state
h,,; € R"™ at RPT 7+ 1 encodes the temporal dynamics and memory of
the sequence. The input vector x,,; € R"x, which includes the capacity
at RPT 7 + 1 and six other features extracted from the next time step
(as detailed in Table 1), has a dimensionality of n,. The function f(-)
transforms the previous hidden state h, and the current input x,,; into
the new hidden state h,;, with n, representing the dimensionality of
the hidden state space. A fully connected linear layer then maps h,;
to the output, which in this case is the capacity drop.

Fig. 10a illustrates the baseline RNN architecture. In this structure,
a fully connected dense layer combines the input at RPT 7 + 1 and the
hidden state at 7 to generate the hidden state at RPT 7+ 1. Specifically,
the hidden state is updated as follows for the baseline RNN model:

h,,; = tanh(Wyh, + W;x, ) 3)

where x,,; represents the input feature vector at RPT r + 1, h, is the
hidden state from the previous time step, W, and W, are weight
matrices for the hidden state and input, respectively, and tanh(-) is the
hyperbolic tangent activation function, introducing non-linearity to the
model. This setup enables the RNN to capture temporal dependencies
by updating the hidden state through a combination of past states and
current inputs. To forecast capacity degradation for the next M load
patterns, we utilize a sequence of M RNN units. Each unit corresponds
to RPT t+k for k = 1,..., M, and predicts the capacity drop 4Q,, . This
capacity drop results from the degradation accumulated during the load
pattern between RPT ¢+ k — 1 and RPT ¢ + k and is expressed as:

AQH—k = Qr+k—l - QH—k (€]

The cumulative degradation over M load patterns is computed by
summing the predicted capacity drops (40,,,...,40,,,,) from the M
RNN units as follows:
+M
Ou=0- ) 40, ©)
k=r+1
In lithium-ion batteries, polarization effects can create long-term

dependencies, meaning that distant time steps are correlated. During
backpropagation, the gradients used to update the model can gradually
shrink with each time step, eventually becoming too small to reach
the relevant time steps. This issue, known as the vanishing gradient
problem [52], led to the development of more advanced RNN models
like LSTM [63] and GRU [64], which help address this challenge.
While LSTM and GRU cells effectively mitigate the vanishing gradient
problem and capture long-term dependencies, they come with certain
drawbacks. Both models are computationally expensive due to their
complex gating mechanisms, which involve multiple weight matri-
ces and non-linear transformations at each time step. This increased
complexity results in longer training times and higher memory usage.
Additionally, for some tasks with short-term dependencies or when
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Fig. 8. Joint distribution plots illustrating the relationship between selected input features and the corresponding capacity drop for each batch in a. case study 1 and b. case

study 2.

limited training data is available, simpler architectures may outperform
LSTM and GRU due to overfitting risks and unnecessary overhead.
We propose a physics-informed architecture, illustrated in Fig. 10b.
In this architecture, capacity drop predictions from a PBM are inte-
grated into an RNN unit. The PBM, trained on simulation data from
a P2D model (see Section 4.3), maps input features to the capacity
drop for a given load pattern. While not perfect, the PBM aims to assist
the RNN in extrapolation by introducing inductive bias. In addition
to feeding the input features into the RNN, they are processed by the

PBM surrogate, which independently predicts the capacity drop for the
upcoming load pattern. The hidden state update is then computed as:

b,y = tanh(Wyh, + W, +hyp) (6)
where
hpbm = prmAQpbm(Xt+1) 7)

Here, hy, is adjusted to match the dimensionality of the hidden
state (h,) via a transformation layer. The physics-based prediction is
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Fig. 9. Feature importance analysis for a. case study 1 and b. case study 2 using SHAP values. The bar charts display the mean absolute SHAP values for each feature, summarizing
their overall contribution to the model’s predictions and highlighting the most influential features in each case study.

Table 1

Input features and their descriptions for a single load pattern. Note that T represents time durations and r represents time steps within each
load pattern used for summation or integration, and I(z) denotes the current at time 7. I,,, and Iy, are predefined thresholds used to classify

current ranges in each case study.

Feature Formulation Description

RPT number [-] t Index representing the position of the RPT
cycle in the overall experiment timeline.
Used for temporal ordering of load patterns.

Elapsed time during T, =Ty -T, The total duration of load pattern applied

a load pattern [s]

at ¢ or time between two consecutive RPTs
(r and 7+ 1).

Ampere-hour

Oue = [ 1) d
throughput [Ah]

The total charge passed through the cell
during the load pattern corresponding to
RPT 1.

Remaining capacity
[Ah]

0, = [ I(z)dr

dehgy

Capacity measured at RPT ¢, calculated as
the integral of current I(r) over the
discharge period. Here, 7qq,y and 7yeng,
denote the start and end times of the low
C-rate discharge step, respectively.

Total elapsed time
since start [s]

t
Tiotal = Zyey TLi

The cumulative time elapsed from the
beginning of the experiment up to RPT r.

Duration with
current magnitude
< Iy [s]

Tiow = Zioi<,, A7

The total time duration within the load
pattern when the current magnitude is
below I, .

Duration with I, Tia = 2 Do @< At

< current magnitude
< gy [s]

The total time duration within the load
pattern when the current magnitude is
between Iy, and Iy,

Duration with
current magnitude
> Inigh [s]

Thigh = z:|1(z>|>1h,xh 4z

The total time duration within the load
pattern when the current magnitude is
above Iy

incorporated with the previous hidden state through the activation
function, with a learnable weight parameter for the PBM component.
This parameter allows the network to dynamically control the contribu-
tion of the PBM output. Ultimately, the RNN unit uses the hidden state
update to correct the PBM prediction, leveraging both data-driven and
physics-based contributions.

By integrating physics-based predictions from the PBM, PI-RNNs
leverage the PBM’s ability to capture general trends in the input-output
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relationships, even though the PBM predictions may lack accuracy.
The recurrent units refine these predictions by adjusting them based
on the available data, reducing the need for the RNNs to learn the
underlying trends from scratch. This guided approach ensures a more
efficient learning process and improved generalization, particularly in
data-scarce or noisy scenarios. Learnable weight parameters dynami-
cally balance the contributions of physics-based predictions, enabling
PI-RNNs to be adaptable to diverse battery health prognostic tasks.
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Fig. 10. Structures of the a. baseline RNN and b. physics-informed RNN.

4.3. Physics-based P2D model

The most prevalent physics-based lithium-ion battery model, intro-
duced by Newman and his colleagues, describes the behavior of porous
electrode batteries and is commonly referred to as the P2D model [65].
This model operates under the assumption that each point within the
electrode is represented by a spherical particle of active material,
incorporating one spatial dimension for the electrode thickness and
another for the particle radius as shown in Fig. 11 [66]. The P2D
model has been extensively researched and serves as a robust tool for
estimating, optimizing, and predicting battery performance.

To fully characterize the physical, chemical, and electrochemical
properties of a cell using the P2D model, more than 30 parameters are
typically required, with the exact number varying based on the model’s
specifications. Obtaining accurate parameter values can be challenging
and time-consuming, often demanding various characterization tech-
niques. This challenge is compounded for commercial cell chemistries,
as manufacturers do not disclose critical information regarding parame-
ters, compositions, or components in their specifications. Consequently,
modeling practitioners often resort to parameter sets derived from
existing literature [57].

In this work, we focus on using a physics-based model to simulate
degradation trends across different cell groups rather than developing
a high-fidelity model. Achieving high accuracy would require extensive
experimental parameterization, which is impractical for this study.
Instead, we employ the Python Battery Mathematical Modeling (Py-
BaMM) package [67] and its P2D model to simulate discharge capacity
under cycling conditions aligned with our case studies. The P2D model
serves as a low-fidelity tool to estimate battery behavior, capturing
general degradation trends rather than providing highly accurate pre-
dictions. In case study 2, it highlights aggressive capacity fade during
the first-life phase and a slower degradation rate after the transition
point at 80% SOH. This approach prioritizes computational efficiency
over detailed accuracy, making it suitable as a starting point for further
refinement.

To address the limitations of the P2D model, particularly its in-
ability to capture long-term degradation trends accurately, we inte-
grate a customized RNN to correct capacity fade predictions. This
hybrid approach effectively captures complex degradation patterns
while maintaining computational efficiency, avoiding the extensive
parameterization required for a high-fidelity physics-based model. The
following assumptions are made for the P2D model:

» A fixed number of cycles is assumed between each RPT for each
group of cells. However, the number of cycles varies relatively
across different groups to reflect varying usage conditions.

In case study 2, we assumed that we have access to an estimate
of the number of load patterns required to reach the end of first
life for each group of cells.

We followed the framework by O’Kane et al. [68], which modeled
four coupled degradation mechanisms: SEI growth, lithium plat-
ing, particle cracking, and stress-driven loss of active material.
These mechanisms are considered in our simulations, with SEI
growth and particle cracking coupled through the “SEI on cracks”
option in PyBaMM, and particle cracking and stress-driven loss
of active material inherently linked via stress—strain relationships
within the particles. For lithium plating, we considered partially
reversible plating, where the SEI influences both reversible and ir-
reversible components. SEI growth in our simulations follows the
solvent-diffusion-limited mechanism available in PyBaMM, which
considers transport limitations but does not explicitly model sol-
vent consumption or electrolyte depletion. These effects have
been addressed in more recent works [69,70]. However, we did
not include them here, as our goal was not to improve standalone
PBM accuracy.

To fit the P2D model for each of the two case studies, which
feature different cell chemistries, we used consistent electrode char-
acteristics. For each case, a separate electrochemical P2D model was
used. Rather than measuring specific parameters, we used values from
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Fig. 11. Schematic of P2D model for a lithium-ion battery cell.

the literature that match commercial cells with similar chemistries or
adjusted assumed values to achieve the best fit to the experimental
low current voltage response at room temperature (Fig. B.24). The
final fitted parameters are shown in Table B.6. Essential intercalation
parameters were set based on the specific chemistries of the electrodes
and electrolyte in the experimental cells, while geometric parameters,
like electrode and separator dimensions, were measured for case study
2 and taken from studies of comparable chemistries for case study 1.
Where literature data was unavailable, we calibrated remaining param-
eters to achieve an optimal fit. The purpose of using the P2D model
here is not to develop a perfectly accurate physics-based model but
to leverage its ability to integrate multiple degradation mechanisms.
Rather than calibrating the model to experimental data across different
aging conditions, we intentionally employ it as a low-fidelity approx-
imation to provide meaningful inductive bias when integrated into
the proposed PI-RNN architecture. This allows us to explore how fun-
damental degradation processes, such as SEI growth, lithium plating,
and active material loss, impact capacity fade trends under the same
conditions as our experimental protocols, and to enhance the RNN’s
ability to generalize and extrapolate in data-limited regimes. While
these mechanisms are physically grounded and appropriate for mod-
eling generic degradation pathways, they may not reflect the dominant
aging phenomena in our specific cells and use cases. Nevertheless, the
PBM successfully introduces a physics-based prior and inductive bias
into the learning process. Accepting its limited standalone accuracy is
a deliberate design choice, made to prioritize improved generalization
within the PI-RNN over precise model fidelity.

We solve the P2D model as outlined in Table 2, with four key
variables: the concentration of lithium in the electrode particles c; , the
ion concentration in the electrolyte c, ;, the electrode potential ¢, ,, and
the electrolyte potential ¢, ;. The governing equations for these vari-
ables are derived from the principles of mass and charge conservation.
Lithium transport within the electrode particles is governed by Fickian
diffusion, while charge transport follows Ohm’s law. The electrolyte
dynamics are modeled using concentrated solution theory. These con-
servation laws are interconnected through the intercalation reaction,
which is described by the Butler-Volmer equation, assuming symmetry
in the reaction. For further details on these equations, readers are
referred to standard battery modeling handbooks [66]. The equations
in Table 2 are defined separately for each region: the positive electrode,
separator, and negative electrode. Thus, the second subscript k in the
variables can take one of three values: p, s, or n, corresponding to
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the positive electrode, separator, and negative electrode, respectively.
Since the electrolyte spans all three regions, we must enforce continuity
conditions at the interfaces between the electrodes and the separator
(at x = L, and x = L, respectively). These conditions ensure the
continuity of concentration, potential, molar flux, and current. In our
case, we define the reference potential as ¢, = 0 at x = 0. In the
equations, F represents the Faraday constant, and R is the universal
gas constant. The model assumes isothermal conditions, meaning that
the system’s temperature T is held constant.

Once fitted, the model was used to simulate load patterns for the
conditions of each group of cells listed in Tables A.4 and A.5. To
simulate the complete version of the experiments, we defined the RPTs
in the same manner as in the experimental datasets between each pair
of load patterns. We then ran the simulations for a fixed number of
cycles and load patterns in each group.

5. Results and discussion

This section presents the main results. We begin with physics-
based simulations to inform model design. We then benchmark PI-RNN
against baseline methods across various scenarios and perform sensi-
tivity analyses. Finally, we conduct predictive uncertainty quantifica-
tion for PI-RNN to be able to convey model confidence in long-term
forecasts.

5.1. Physics-based simulation of capacity fade

Here, we present the capacity fade plots generated by simulating
cycling conditions with the developed P2D model for each case study.
As outlined earlier, we first created a P2D model specific to each case
study, then simulated the cycling conditions using the same cycling
and RPT protocols as in the experimental setup. Fig. 12 displays the
resulting capacity fade plots for each group within the case studies,
fixed at a set number of load patterns. Groups with SOH-based derating
have been excluded from these plots, as tracking capacity after each
RPT is computationally impractical for simulations. Additionally, we
assume access to the relative cycle counts and transition points from
the first life to the second life regime, as the simulation data is designed
to mimic the limited experimental data available for training purposes.

The results presented herein offer an initial estimate of the capacity
fade rate and associated trends derived from the physics-based model.
Although these estimates are not accurate, they differentiate between
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P2D model equations. The table provides the governing equations, boundary conditions, and initial conditions for a P2D model. Key variables
include: (i) ¢,;: the lithium concentration in the electrode particles, (ii) c,: the lithium concentration in the electrolyte, (iii) ¢,,: the electrode
potential, and (iv) ¢,: the electrolyte potential.
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Fig. 12. Simulated capacity fade plots for a. case study 1 and b. case study 2. For both case studies, each group is simulated using the same cycling conditions as the corresponding

experiments.

the groups based on their respective cycling conditions. We extracted
the same features from the simulation data (see Section 4.1) as those
utilized in the experimental datasets. To further reduce computational
complexity and allow for efficient training, we construct a surrogate
model that maps the input features to the corresponding capacity drop
estimated by the PBM over each simulated load pattern. This surrogate
model is used only during the training phase, as the full P2D model
operates as an offline data generator. The P2D model’s computationally
intensive operations are confined to generating training data, and it is
not iteratively updated during prediction. While the surrogate greatly
speeds up model training and deployment, it introduces an additional
layer of approximation, leading to further reductions in predictive accu-
racy. Additionally, the PBM parameters were primarily fitted under low
C-rate conditions and were not recalibrated for more aggressive cycling
protocols, which contributes to the discrepancies observed between
simulated and experimental results. Although the PBM surrogate is not
perfectly accurate, it provides a meaningful initial estimate and embeds
a physics-based bias into the model. This initial estimator is then
further refined and incorporated through the recurrent units within the
PI-RNN architecture, therefore enhancing overall prediction quality.

5.2. Comparative results

In this section, we evaluate the performance of the proposed PI-RNN
method alongside a few baseline methods, including a standalone PBM,
a standard RNN, and a GPR. These methods were tested across both
case studies to identify scenarios in which the proposed PI-RNN method
demonstrates effectiveness. The PBM model, used independently here,
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is identical to the one integrated within the PI-RNN, serving as a
baseline for comparison. RNN and GPR models were employed as
the purely data-driven baselines. The baseline RNN model shares the
same architecture and input features as the PI-RNN, with the primary
difference being that it directly maps input features to the capacity
drop (illustrated in Fig. 10a), whereas the model-based GPR uses a
fixed number of available capacity points as its input. The proposed
PI-RNN first uses a PBM surrogate to produce an initial estimate of
the capacity drop, which is then incorporated and refined by the
RNN units (Fig. 10b). Table 3 summarizes the hyperparameters and
training setup used in both the baseline RNN and PI-RNN models,
showcasing a consistent and straightforward setup. Hyperparameters
were optimized with Optuna [71] for the baseline RNN (details pro-
vided in the Appendix E). Optimizing for different training setups is
beyond the scope of the present study. The models were designed with
the goal of achieving accurate and consistent predictions using the
simplest possible structure. By maintaining identical hyperparameters
across both models, we ensure a fair comparison, isolating the specific
contributions of the PBM within the PI-RNN method. Furthermore, the
networks were initialized identically to minimize variations due to the
randomness of initialization, enabling a focused evaluation of the added
value provided by the PBM-informed structure. Also, both models are
trained using a maximum-horizon approach with a sequence length of
10 steps and evaluated on sequences of length 1 to 10. Additionally,
comparative results between the baseline RNN, LSTM, their augmented
versions, and the proposed PI-RNN model are provided in Appendix D.

To benchmark the proposed PI-RNN method, we also compare it
against a state-of-the-art prognostics approach: a Gaussian process (GP)
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Table 3
Hyperparameters and training settings shared between
the proposed PI-RNN and baseline RNN models.

Hyperparameter Setting
Hidden layer size 50
Learning rate 0.001
Optimizer Adam

Loss function MSE

Early stopping patience 25-100
Number of epochs 1500-2500
Evaluation metric MAE, RMSE

model-based method, referred to as GPR in this section. This method
integrates an empirical capacity fade model as its trend function. Often
known as explicit mean functions (EMFs) or semi-parametric GPRs, this
approach enables the incorporation of prior knowledge regarding the
expected functional form of the degradation process [32]. An empirical
degradation model predicting capacity fade can be expressed in the
form

0 = m(t; B mp) ®

where m(t; Oemp) represents the empirical capacity fade model with pa-
rameters O,,. If additional contributions to capacity fade, not captured
by the empirical model, are suspected, the formulation can be extended
by combining the empirical model with a GPR model:

©)]

where m(t; O.;,) provides the trend function, f(r;0y,) captures the
residual contributions, and ¢ is the noise term. The GPR model is
defined as:

Q = m(t; Oemp) + f(; Oyer) + €

F(@Oyer) ~ GPm(0), k(1,15 B1ep)) (10

where m(t) = m(t; ﬂemp) is the trend function derived from the empirical
model, and k(z,7; 0,,) is the covariance kernel function, which governs
the similarity between data points. In this work, we used the radial
basis function (RBF) kernel, also known as the squared exponential
kernel, expressed as:
(t=1)?
)

where o2 is the signal variance, controlling how much the function
can vary vertically in the output dimension, and # is the length scale,
controlling how quickly correlations decay with distance. Therefore,
0., = [62.7]. The RBF kernel is particularly effective for modeling
smooth functlons and is a common choice for capturing residual trends
in capacity degradation.

The empirical model, widely employed in the literature and specif-
ically designed for the first-life phase of batteries [72], is initially
fitted to a fixed number of load patterns (6 to 12 RPTs depending
on the group in case study 1) and to all first-life data in case study
2. This approach aligns with the common practice of using capacity
data up to the current cycle for training, with varying definitions of
the current cycle employed in the literature. We utilize an explicit
mean function of the form m(; Ocmp) = @ + a, exp(ast), where the
model parameters are defined as .y, = [4|,a;,a;]. This function is
equivalent to the degradation model used by Goebel et al. [73] and
Wang et al. [74]. This model captures the primary trend of capacity
degradation. Residuals, calculated as the difference between the true
capacity values and the predictions from the empirical model, are then
used to train a GPR model. During online prediction, the empirical
model provides an initial estimate of the capacity trend, while the GPR
predicts the residuals. The final prediction is obtained by combining
the empirical model’s estimate with the GPR’s residual prediction.

All baseline models were tuned with their hyperparameters em-
pirically selected to achieve the best possible performance, ensuring

1D

k(t,1; Opep) = af exp (—
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a robust and fair comparison. The purely data-driven baselines were
selected to serve two distinct purposes: the model-based GPR, which
represents a state-of-the-art approach in capacity prognostics using
different input features, and the baseline RNN, which shares the same
inputs as the PI-RNN and is intended to isolate and highlight the
contributions of the physics-informed architecture in the proposed
model. The forecasting accuracy of each model was evaluated using
the root mean square error (RMSE) metric at each forecasting horizon
M, calculated as follows:

Niest M

(-)A)n,l - yn,t)2
=1

RMSE(M) = 12)

lesl n=1
where y,, denotes the true value for the rth forecast of the nth test

sample, J,, is the corresponding prediction.

5.2.1. Forecasting strategies

To assess and compare forecasting strategies, we examine three dis-
tinct training and evaluation approaches: fixed-horizon, recursive, and
maximum-horizon forecasting. These strategies differ in their training
objectives, prediction horizons, and evaluation protocols.

In strategy S1 (fixed-horizon forecasting), the model is trained to
predict capacity over a fixed forecast length Mpg,. The training loss is
defined as

I Nirain M

. 2
(ORNN) _ E D=y
t i M, Nirain n=1 t=1 ( ! J)

13

At test time, the same model is used to forecast My, steps using the

learned parameters ORNN, with the evaluation loss given by

Niest M

1 Z (.Qn,t -

£Sl —
thNteSt n=1 t=1

test(oy N) (C)
While effective for short-term prediction, this approach requires train-
ing separate models for each desired forecast length My, increasing
deployment complexity.

In strategy S2 (recursive forecasting), the model is trained for

one-step prediction (i.e., M. = 1) using

Nirain

1 N
(yn,l - yn,l )2 .

tram( RNN) = (15)

train -]

At inference time, the model is recursively applied to generate a
forecast over M., steps. The test loss is

sz 1 Ntest Mrec ( ) 2
L = — (A ree) _ ) . 16
test( RNN) Mioc Nyt ; ; Y Y (16)
Here, § A(rec) is the recursively generated forecast at time ¢, where y(rec) is

fed 1nto the model to produce the next prediction. This approach often
suffers from compounding errors.

In strategy S3 (maximum-horizon forecasting), the model is trained
on full sequences of length M ... The training loss is

Nirain Mmax 5
(Pue = vur) " a7

s3 _ 1
Etrain(eRNN) M
=1

mathrain n=1
During evaluation, the model can be used to predict up to M.,
steps, but we evaluate only the first My, < M., steps to maintain

consistency
Niest Meval
Los Ofnn) = (Pue = (18)
test N n,t ﬂr
est RN Meval Niest n=1 1=1

Although it may require a larger hidden size to model long sequences,
this approach enables forecasting at arbitrary horizons with a single
model, offering superior flexibility and scalability.

As illustrated in Fig. 13, each subplot presents the PI-RNN and
baseline RNN predictions under the three forecasting strategies. The
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Fig. 13. Trajectory predictions for a test cell (G3C1) under three forecasting strategies: a. S1: fixed-horizon, b. S2: recursive, and ¢. S3: maximum-horizon.

recursive approach suffers from noticeable drift over time due to error
accumulation. Although the fixed-horizon strategy offers better short-
term accuracy, it requires training a separate model for each forecast
horizon, which limits scalability and flexibility. The maximum-horizon
forecasting strategy strikes a balance between accuracy and efficiency,
delivering competitive performance with a single model capable of
handling variable forecasting horizons. Therefore, we adopt this ap-
proach to train baseline RNN and PI-RNN models in all the following
evaluations.

5.2.2. Single-step forecasting

We assess the performance of the proposed PI-RNN and the base-
line models in single-step forecasting, where the model predicts the
capacity for the next step based on the current capacity and features
extracted from the subsequent load pattern. For case study 1, the
primary train/test split involves using cell numbers divisible by 3 for
training (batch 2), while the remaining cells are designated for testing
(batch 1) as described in Section 4.1. In case study 2, batch 1 and batch
2 are defined according to Fig. 5, with batch 2 used for training and
batch 1 for testing.

The results for true versus predicted capacity in single-step forecast-
ing are shown in Fig. 14 for both case studies. In case study 1, the trend
of capacity fade follows a predictable pattern, which is effectively cap-
tured by an empirical model within the model-based GPR framework.
Thus, while the proposed PI-RNN demonstrates an advantage over the
baseline models, both the GPR and baseline RNN models perform well.
This performance can be attributed to the consistent cycling protocols
in this case study, which remained unchanged even after reaching the
80% SOH threshold in some of the cells. As a result, the capacity
trajectories exhibit smooth, trend-like behavior with minimal abrupt
variations, making them more predictable and easier to model. In case
study 2, however, the scenario is more complex, featuring a transition
in capacity degradation behavior after reaching the end of the first-life
(i.e., 80% of nominal capacity), due to a shift to milder conditions.
Here, the benefits of the PI-RNN are more pronounced, as its error
rate is lower than that of the baseline models. This demonstrates the
PI-RNN’s enhanced effectiveness in handling complex, non-linear fore-
casting scenarios where traditional models struggle to capture abrupt
changes in degradation patterns.

5.2.3. Multi-step forecasting

To evaluate the performance of a PI-RNN model in long-term fore-
casting, we assess its accuracy alongside baseline models in a multi-step
forecasting scenario. The primary objective is to predict the remaining
capacity after a series of upcoming load patterns, given the current
capacity and features extracted from future load patterns. A PI-RNN
incorporates sequential dependencies by leveraging an evolving hidden
state, which captures temporal dynamics over multiple forecast steps.
The input to a PI-RNN consists of the current capacity and features
corresponding to a sequence of M subsequent load patterns, enabling
the direct prediction of the capacity trajectory across M steps. This im-
plementation mitigates the error accumulation typically associated with
recursive methods by simultaneously predicting the entire trajectory
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for the specified forecast horizon. At each step, a PI-RNN dynamically
refines a PBM’s initial estimate of capacity drop by utilizing the hidden
state, which encodes information from all prior steps, in conjunc-
tion with learned weights and input features. The hybrid architecture
combines physics-informed priors from a PBM with RNNs’ ability to
learn sequential and interdependent relationships between inputs and
capacity degradation. The proposed PI-RNN forecasting method proves
particularly advantageous in scenarios like case study 2, where the
dataset exhibits an abrupt transition from the first to the second life.
These transitions introduce non-linear, horizon-specific behaviors in
capacity degradation that are effectively captured by the trained PI-
RNN models. This is demonstrated in Fig. 15 for cell C1 in group G3.
The baseline GPR model (referred to as GPR in the figure) follows
the same trend observed in the first-life stage, failing to adapt to the
second-life behavior. A low-fidelity PBM provides an initial estimate
that captures the general degradation pattern: a faster degradation rate
in the first-life stage followed by a milder rate after the transition
point. This initial estimate from the PBM is further refined by RNN
components in the proposed PI-RNN structure. As a result, the PI-RNN
achieves a more accurate prediction of capacity degradation, capturing
both the first-life and second-life regions.

The GPR and PBM baseline models treat forecasting as indepen-
dent tasks for each horizon, lacking mechanisms to capture sequential
relationships or cumulative degradation effects. In the GPR baseline,
an empirical model provides a general trend of capacity degradation,
while a GPR model refines the predictions by modeling the residuals.
However, this approach assumes that residuals are independent across
horizons, failing to incorporate temporal dependencies or interactions
between successive steps. This limitation restricts its ability to accu-
rately model long-term degradation dynamics, particularly during the
transition from first to second life. Furthermore, the reliance on a
fixed empirical trend constrains the GPR model’s adaptability, making
it less effective in scenarios where degradation behaviors deviate. In
PBM simulations, capacity degradation is modeled based on a set of
predefined degradation mechanisms that update select electrochemical
parameters. Although these updates incorporate important physics-
based insights, they only partially capture the full dynamic evolution of
the system. Over extended horizons, this limited parameter adaptation
can lead to drift, particularly in scenarios where degradation accel-
erates or undergoes non-linear transitions. Therefore, while the PBM
simulations provide valuable insights into degradation trends, their
long-term forecasting reliability may be constrained by the incomplete
representation of the evolving electrochemical state.

Multi-step forecasting accuracy across varying forecasting steps for
both case studies is illustrated in Fig. 16. The GPR model performs
well in case study 1, where there is no transition from first to second
life and the cycling conditions remain consistent throughout the entire
degradation trajectory. This success can be attributed to the empirical
model’s ability to capture the degradation trend under these stable
operating conditions. Although the cycling conditions in case study 1
are dynamic, they are applied within a relatively narrow range (up to
2.1C), resulting in degradation trends that are both consistent and pre-
dictable. This allows the empirical model, fitted on early degradation
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Fig. 15. Capacity degradation trajectories for a test cell (G3C1), highlighting the
distinct behaviors of predictive models during the transition from first- to second-life
phases.

behavior, to extrapolate the trend over the full degradation trajec-
tory. Furthermore, for shorter-term forecasting (forecasting steps < 5),
baseline GPR outperforms PI-RNN, reflecting the empirical model’s
strong alignment with short-term degradation trends. However, as the
forecast horizon increases (forecasting steps > 6), PI-RNN’s recurrent
updates yield lower errors in these longer-term forecasting. In contrast,
the performance of the GPR model declines in case study 2, where
abrupt transitions occur between the first-life and second-life phases,
and the fixed empirical trend is less effective at capturing the evolving
degradation behavior.

The PBM baseline underperforms in case study 1 largely because
we only had access to generic cell parameters and geometric de-
tails (e.g., electrode thicknesses) were unavailable. Additionally, other
degradation mechanisms not represented in the model may become
dominant in these older cells. However, in case study 2, PBM performs
particularly well for longer-term forecasting horizons (> 6 steps),
capturing the abrupt transition to second life and outperforming purely
data-driven baselines in that phase. The error bars indicate one stan-
dard deviation of the RMSE computed from three independent runs
(for PBM, baseline RNN, and PI-RNN) initialized with different random
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seeds, or the standard deviation of per-cell RMSE across all test cells at
each forecasting horizon (for baseline GPR).

The proposed PI-RNN method demonstrates consistently strong per-
formance across both case studies and longer forecasting horizons. In
case study 1, while the GPR method performs well under stationary
usage conditions, the PI-RNN method still yields competitive results. In
case study 1, RMSE values for all four methods lie within a narrow band
(roughly 0-0.4 Ah) with largely overlapping error bars (see Fig. 16a),
demonstrating that purely data-driven approaches can provide reliable
short- to medium-horizon forecasts under stationary cycling conditions.
However, in case study 2, characterized by a wider operating range
and abrupt transitions from first to second life, PI-RNN sustains low
RMSEs at extended horizons, whereas PBM, GPR, and baseline RNN
produce sharply increased errors. This superior performance stems
from PI-RNN’s integration of temporal sequence modeling with physics-
informed inputs, enabling it to better adapt to complex, non-stationary
degradation dynamics.

To illustrate the comparative performance of the models in tra-
jectory forecasting, a selection of test cells is used to showcase each
model’s ability to follow the capacity degradation trajectory at various
stages of aging. This approach provides a closer look at how well each
model adapts to the nonlinear capacity degradation patterns over time,
highlighting strengths and limitations in their predictive capabilities
throughout different stages of the cells’ lifetime. Fig. 17 presents ca-
pacity forecasts by the proposed PI-RNN and baseline models for three
test cells from groups G3, G8, and G13 in case study 2, spanning three
distinct life stages. The first stage corresponds to the cells’ first-life
region, the second stage captures the transition from first to second
life, and the third stage focuses on the cells’ second life. Performance
across the degradation stages reveals distinct strengths for each model.
In the first-life phase, where capacity fade follows a predictable trend,
the GPR model delivers the best accuracy, thanks to its empirical degra-
dation framework. However, during the transition phase, the proposed
PI-RNN exhibits a pronounced benefit over both the GPR model and the
baseline RNN. In the first-life and second-life phases, the baseline RNN
performs relatively close to the PI-RNN, with the latter holding only a
slight advantage; nevertheless, the baseline RNN still outperforms the
GPR model in the transition and second-life phases.

5.2.4. Parametric study: impact of training set size on model performance
One anticipated advantage of PIML models is their robustness in
data-limited scenarios and their capacity for extrapolation. To evaluate
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Fig. 18. Impact of the number of training cells on the performance of the proposed PI-RNN and the baseline models in a. case study 1 and b. case study 2.

this, we conducted a parametric study by progressively reducing the
number of cells used for training in the original train-test split across
each case study for single-step forecasting.

In both case studies, we conducted a parametric analysis in which
we began with 9 training cells and systematically removed one cell at a
time until only 1 remained. The test set remained fixed throughout (see
Appendix C). All models were trained using the max-horizon approach
with a 20-step forecasting horizon and evaluated on a 10-step horizon.
As shown in Fig. 18, the RMSE does not consistently increase as the
number of training cells decreases. This may be explained by the
fact that individual cells differ in the quality of the information they
provide; some cells contribute more to generalization even with fewer
samples, while the removal of key cells can degrade performance due
to reduced data diversity. Furthermore, because the dataset is relatively
small, the RMSE trends are subject to higher variability. To address
this variability, each training process with each set of selected cells
was repeated over 3 trials and the mean RMSE along with the standard
deviation are reported.

In case study 1, where both training and test cells were selected
based on divisibility by 3, the proposed PI-RNN method exhibited more
consistent performance as the training cells were reduced, maintaining
stable accuracy down to 5 cells. When the training set was reduced
to 4 cells, the PI-RNN performance became inferior to that of the
baseline RNN; however, both models performed poorly, likely due to
the influence of a noise-dominant cell. In case study 2, where models
were trained on 9 cells from batch 2 and tested on 21 cells from batch
1, the PI-RNN demonstrated good performance up to 5 training cells,
with errors increasing when fewer cells were used. In contrast, the
baseline RNN showed fluctuating results and consistently higher RMSE
compared to the PI-RNN.

To better understand the extent of out-of-distribution input-output
coverage in the reduced training set scenarios, we visualized the ca-
pacity drop as a function of input features in the same manner as
shown in Fig. 8. For case study 1, this corresponds to using one cell for
training, and for case study 2, two cells for training, representing the
final setups illustrated in Fig. 18. Similar to Fig. 8, Fig. 19 illustrates the
input-output coverage for these reduced training sets. Compared to the
initial configurations in Fig. 8, this visualization highlights a significant
reduction in alignment between the training set (batch 2) and the test
set (batch 1).

5.2.5. Impact of neural network architecture on model performance

To understand the role of the recurrent units and hidden states
in the proposed PI-RNN method, we conducted an architecture sub-
stitution. Specifically, we replaced the PI-RNNs’ recurrent units with
a simple feedforward neural network of comparable structure, where
each input is processed independently by a multi-layer perceptron as
shown in Fig. 20. This modified model, termed “PI-NN”, also integrates
the surrogate model’s output but removes the recurrent connections
and hidden state mechanism of the original PI-RNNs.

By comparing the results of this non-recurrent architecture to those
of PI-RNNs, we can assess the contribution of recurrence and hid-
den states to the model’s performance on temporal dependencies. The
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comparison results for multi-step forecasting between a PI-NN and the
proposed PI-RNN, with the same hidden layer size, are illustrated in Fig.
21, highlighting the performance differences across various forecasting
steps. The proposed PI-RNN demonstrates an advantage across different
numbers of forecasting steps. This trend suggests that the recurrent
structure of PI-RNNs better captures temporal dependencies, leading to
more robust performance over extended forecasting horizons.

5.3. Uncertainty quantification via Monte Carlo (MC) dropout

In this section, we focus on uncertainty quantification, an essen-
tial aspect of our prognostics approach. We adopted the MC dropout
approach to estimate predictive uncertainty of the PI-RNN model,
trained on the original train—test split in case study 2, for multi-step
forecasting of a battery cell’s remaining capacity. MC dropout is a
technique that enables quantifying uncertainty in model predictions by
keeping dropout layers active during inference, rather than only during
training [55,75]. By running multiple forward passes on the same input,
each with a different dropout mask, we introduce randomness into the
network’s predictions. This allows us to simulate an ensemble of models
without needing to retrain, which is efficient for scenarios like ours
where computational cost is a concern.

To quantify and refine forecast uncertainty, we implemented MC
dropout combined with a recalibration step using isotonic regression.
Specifically, we performed 40 forward passes with MC dropout enabled
at each forecast step and then recalibrated the resulting predictions to
produce a refined mean prediction (expected capacity) and standard
deviation (model confidence). Fig. 22 illustrates the predicted degrada-
tion trajectories along with the uncertainty bounds for the same cells
(from groups 3, 8, and 13) used in the trajectory forecasting results.
Here, the error bars represent two standard deviations (95% prediction
interval) around the recalibrated mean prediction, with recalibration
ensuring that uncertainty grows monotonically over the forecast hori-
zon. The figure highlights the predicted capacity and uncertainty across
three key stages of the cell’s life.

To assess the quality of uncertainty quantification, calibration
curves were generated to compare observed and expected confidence
levels. On a calibration curve, the observed confidence level is esti-
mated as the fraction of true values that fall within prediction intervals
constructed at the expected conference level [76]. This is achieved by
computing a series of confidence levels, ¢ € [0, 1], and determining
the corresponding two-sided bounds using the predicted means and
standard deviations. The critical value z is obtained from the standard
normal distribution as z @1 (<), where @~! is the inverse
cumulative distribution function of the standard normal distribution.

The observed proportion for each confidence level ¢ is calculated
as the fraction of true values falling within the corresponding pre-
diction interval. The expected calibration error (ECE) quantifies the
discrepancy between the observed confidence, ¢, and the expected
confidence [77], ¢, and is defined as:

1 Neonf
2

conf ;—1

ECE =
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Fig. 19. Joint distribution plots showing the relationship between selected input features and the output capacity drop for each case study in reduced training set scenarios. For
a. case study 1, one cell is used for training, and for b. case study 2, two cells are used.

where N is the number of confidence levels. The calibration curves
are visualized by plotting ¢ against ¢, with the diagonal line y = x
representing perfect calibration. The ECE value is also reported to
summarize the calibration quality, with lower ECE values indicating
better uncertainty quantification. To address potential miscalibration
in the model’s predicted uncertainties, recalibration was performed

using isotonic regression [77]. Isotonic regression is a non-parametric

method that ensures the recalibrated predictions maintain a mono-
tonic relationship between predicted means and true values. During
recalibration, predicted means are adjusted to improve alignment with
observed values, while predicted standard deviations are scaled to
better reflect the actual spread of the data. A scaling factor is applied
to the standard deviations to ensure that the recalibrated prediction
intervals more accurately represent the true coverage probabilities. This
recalibration process improves the reliability of the model’s uncertainty
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Fig. 21. Comparison of the proposed PI-RNN and a PI-NN, both with the same hidden layer size, to evaluate the impact of recurrent units on model performance in a. case study

1 and b. case study 2.

estimates and ensures that the prediction intervals correspond more
closely to the observed data.

Fig. 23 presents calibration curves after applying recalibration for
1-step, 2-step, 4-step, 6-step, 8-step, and 10-step forecasts, shown for
different numbers of MC dropout samples (5, 10, 20, and 40). The
average ECE for each forecast horizon is reported as a measure of
miscalibration. For recalibration, data from C2 cells from the training
groups were used (6 cells in total). During recalibration, the predicted
mean values were adjusted using isotonic regression to better align
with the true values, and the predicted uncertainties were scaled by
a factor of 0.45 to account for observed variability. The calibration
curves for shorter horizons (1-step, 2-step) align closely with the di-
agonal, demonstrating well-calibrated uncertainty estimates with low
ECE values. For intermediate horizons (4-step, 6-step), the curves show
a mild upward deviation, reflecting slightly under-confident estimates.
Longer horizons (8-step, 10-step) exhibit more pronounced deviations,
with ECE values rising to ~0.15, indicating the growing challenge of
accurately quantifying uncertainty over extended forecasts. The longer
forecast horizons introduce compounding errors due to the sequential
dependency of predictions, which makes uncertainty quantification
increasingly challenging. Overall, the results align with expectations,
as uncertainty naturally increases with longer forecasting horizons due
to the accumulation of errors and the sequential dependencies inherent
in multi-step predictions. This is reflected in the higher ECE values
and greater deviations observed in the calibration curves for extended

horizons. The consistent behavior across different MC dropout sam-
ple sizes further validates the robustness of the recalibration process,
demonstrating its effectiveness in adjusting uncertainty estimates to
better reflect the inherent challenges of forecasting over multiple steps.

6. Conclusions

In this study, we introduced a novel hybrid approach that combines
a physics-based P2D model with an RNN to create a PIML method. We
termed the proposed PIML method “PI-RNN”, representing a specific
type of RNN that leverages both physics-based insights and data-driven
learning to forecast capacity fade accurately across diverse usage con-
ditions. We evaluated the proposed PI-RNN method on two datasets:
an open-source LCO random walk dataset from NASA and an LFP
second-life dataset collected for this study, where cells were initially
cycled to 80% capacity before transitioning to a milder protocol for
second-life operation. The PI-RNN proved most advantageous on the
second-life dataset and in scenarios involving abrupt transitions in
usage conditions from first-life to second-life, as well as in data-limited
settings over extended forecasting horizons. In contrast, during the first-
life phase of case study 2 and in case study 1, where the experimental
variables were less complex and abrupt changes were absent, the
PI-RNN performed comparably to data-driven approaches. When the
training dataset is limited, the PI-RNN tends to outperform purely
data-driven methods, whereas with ample training data, conventional
data-driven approaches may be more suitable.



S. Navidi et al.

Fig. 22. Multi-step capacity degradation forecasts for test cells from groups 3, 8, and G13 in case study 2. Forecasts are presented for three distinct life stages: early first-life
phase (left), transition phase (middle), and second-life phase (right). The plots display the recalibrated predicted degradation trajectories and corresponding uncertainty bounds
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Fig. 23. Calibration curves for uncertainty quantification of the PI-RNN model trained using the original train-test split in case study 2 across different forecast horizons.
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Another novel aspect of this work is the incorporation of future load
patterns as input features, which enables the proposed method to more
effectively adapt to forthcoming operating conditions. This approach
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Nomenclature

Symbols

Symbol Definition

a, Anodic transfer coefficient.

a, Cathodic transfer coefficient.

ay Specific interfacial area for electrode k.

C, Lithium concentration in the electrolyte.

Ce Initial lithium concentration in the electrolyte.

CTZX Maximum lithium concentration in electrode particles for electrode k.
Cs.k0 Initial lithium concentration in electrode particles for electrode k.
D, Diffusion coefficient in the electrolyte.

Dy, Lithium diffusion coefficient in electrode particles for electrode k.
F Faraday’s constant.

0 Model parameters.

Ocmp Parameters of the empirical capacity fade model.

Oe, Kernel parameter vector for the GPR model, [62, 1.

h, Hidden state at time .

hypm Physics-based model contribution term to the hidden state update.
I Battery current measurements.

fapp Applied current.

Ji Reaction current density for electrode k.

k(t, 1" Oper) Covariance function in the GPR model describing similarity between times ¢ and ¢'.
ko Reaction rate constant.

L, Load pattern applied between RPT ¢ — 1 and 7.

Ly Thickness of electrode k.

13 Length scale in the RBF kernel of the GPR model.

M Forecasting horizon.

Hy Number of selected features (size of the input vector x).

X, Features extracted from the battery current load pattern at time ¢.
Nirain Number of training samples.

Niest Number of test samples.

Nload Number of measurement time steps in each load pattern.

N é‘;@‘d Number of charge and discharge load periods in each load pattern.
Tnigh Predefined higher current threshold.

Liow Predefined lower current threshold.

W, Weight matrix associated with the input component.

Wy Weight matrix associated with the hidden state component.

Woom Weight matrix for the PBM contribution.

A0 5m (%) Capacity drop predicted by the PBM based on the input at time 7.
Othr Ampere-hour throughput.

0, Capacity measured at RPT t.

T Time steps within each load pattern (for summation or integration).
Tdchg Low C-rate discharge step for capacity calculation.

T Temperature.

Ty, Duration of load pattern L at time ¢ or time between consecutive RPTs.
Tiotal Total elapsed time up to RPT r.

t RPT cycle index in the experiment timeline.

tﬂ Transference number of the electrolyte.

U(csp) Open circuit potential as a function of lithium concentration in electrode k.
14 Terminal voltage.

r Radial coordinate in electrode particles.

T Particle radius in electrode .

ok Electronic conductivity of electrode k.

o? Signal variance in the RBF kernel of the GPR model.

K, Ionic conductivity of the electrolyte.

R Universal gas constant.

Y Battery capacity at RPT .

V Forecasted capacity at RPT ¢.
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shows promise in capturing complex degradation trends across a va-
riety of usage profiles. For future research, rather than relying solely
on experimental cycling protocols to generate load patterns, one could
simulate a broader spectrum of conditions and use the resulting data to
train a physics-based surrogate model. Such an approach would permit
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Abbreviations

Abbreviation Definition

CC Constant-Current

CCCV Constant-Current Constant-Voltage
CNN Convolutional Neural Network
DOD Depth of Discharge

ECM Equivalent Circuit Model

EOL End-of-Life

GPR Gaussian Process Regression

HPPC Hybrid Pulse Power Characterization
LCO Lithium Cobalt Oxide

LFP Lithium Iron Phosphate

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MSE Mean Square Error

MC Monte Carlo

MNC Nickel Manganese Cobalt

00D Out-of-Distribution

PBM Physics-Based Model

PI-NN Physics-Informed (feedforward) Neural Network
PI-RNN Physics-Informed Recurrent Neural Network
PIML Physics-Informed Machine Learning
RBF Radial Basis Function

RNN Recurrent Neural Network

RPT Reference Performance Test

RMSE Root Mean Square Error

SEI Solid Electrolyte Interface

SHAP SHapley Additive exPlanations
SVM Support Vector Machines

RVM Relevance Vector Machines

SOC State of Charge

SOH State of Health

EMF Explicit Mean Function

more randomized testing that mirrors real-world vehicle or energy
storage operations, though it would introduce additional challenges in
terms of computational cost, calibration, and numerical stability. While
this strategy was computationally prohibitive for the current study, it
has the potential to further enhance the robustness and flexibility of the
PI-RNN methodology. Moreover, we envision extending this framework
to field data, which might be facilitated by leveraging extra computa-
tional resources and exploring more sophisticated RNN architectures to
improve adaptability to real-world battery usage patterns. In addition,
future extensions of the PBM could incorporate additional degradation
mechanisms, such as explicit modeling of solvent consumption, to
improve the PBM’s representational accuracy and further strengthen
the hybrid framework’s predictive capabilities.
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Table A.4
Experimental NASA (LCO random walk) dataset cell groups and protocols.
Group  Charge protocol Discharge protocol RPT period Ambient temperature  Details
1 Charge to 4.2 V Discharge to 3.2 V 50 cycles 25 °C -
with random with random
duration (0.5 h-3 h) currents (0.5 A-4 A)
2 Charge to 4.2 V Discharge to 3.2 V 50 cycles 25 °C -
with 2 A with random
currents (0.5 A-4 A)
3 Charge to 4.2 V Discharge to 3.2 V 50 cycles 40 °C Probability distribution
with 2 A with random skewed towards higher
currents (0.5 A-4 A) currents, new setpoint every 1
min during discharging
4 Charge to 4.2 V Discharge to 3.2 V 50 cycles 25 °C Probability distribution
with 2 A with random skewed towards higher
currents (0.5 A-4 A) currents, new setpoint every 1
min during discharging
5 Charge to 4.2 V Discharge to 3.2 V 50 cycles 40 °C Probability distribution
with 2 A with random skewed towards lower
currents (0.5 A-4 A) currents, new setpoint every 1
min during discharging
6 Charge to 4.2 V Discharge to 3.2 V 50 cycles 25 °C Probability distribution
with 2 A with random skewed towards lower
currents (0.5 A-4 A) currents, new setpoint every 1
min during discharging
7 Random charging Random charging 1500 cycles (5 days) 25 °C -

and discharging
currents (—4.5 A to
4.5 A)

and discharging
currents (—4.5 A to
4.5 A)

Table A.5
Cycling and RPT conditions for LFP second-life dataset at 25 °C with an RPT interval of 5 days.

Group Charge protocol Discharge protocol Details

1 Charge to 3.6 V with 6.647 A Discharge to 97% DOD with 2.798 A One-step fast-charging without derating

2 Charge to 3.6 V with 6.884 A Discharge to 75.3% DOD with 2.992 A One-step fast-charging without derating

3 Charge to 3.6 V with 4.897 A Discharge to 92.5% DOD with 4.336 A One-step fast-charging without derating

4 Charge to 3.6 V with 6.145 A Discharge to 83.7% DOD with 4.158 A One-step fast-charging without derating

5 Charge to 3.6 V with 5.722 A Discharge to 79.6% DOD with 3.641 A One-step fast-charging without derating

6 Charge to 3.6 V with 5.099 A Discharge to 95.7% DOD with 2.543 A and One-step fast-charging with SOH-based derating
7.1% derating

7 Charge to 3.6 V with 5.810 A Discharge to 84.7% DOD with 3.802 A and One-step fast-charging with SOH-based derating
5.5% deratin

8 Charge to 3.6 V with 5.494 A Discharge to 91.7% DOD with 4.090 A and One-step fast-charging with SOH-based derating
8.9% derating

9 Charge to 3.6 V with 7.024 A Discharge to 79.2% DOD with 3.314 A and One-step fast-charging with SOH-based derating
9.4% derating

10 Charge to 3.6 V with 6.367 A Discharge to 71.9% DOD with 4.680 A and One-step fast-charging with SOH-based derating
6.3% derating

11 Charge to 3.6 V with 6.278 A Discharge to 84.7% DOD with 3.440 A and Two-step fast-charging
switching SOC of 86.8%

12 Charge to 3.6 V with 5.294 A Discharge to 95.3% DOD with 3.062 A and Two-step fast-charging
switching SOC of 79.7%

13 Charge to 3.6 V with 4.887 A Discharge to 80.0% DOD with 4.766 A and Two-step fast-charging
switching SOC of 82.6%

14 Charge to 3.6 V with 6.917 A Discharge to 90.8% DOD with 2.530 A and Two-step fast-charging
switching SOC of 71.1%

15 Charge to 3.6 V with 5.798 A Discharge to 74.7% DOD with 3.990 A and Two-step fast-charging
switching SOC of 77.7%

16 Charge to 3.6 V with 5.099 A Discharge to 95.7% DOD with 2.543 A One-step fast-charging without derating

17 Charge to 3.6 V with 5.810 A Discharge to 84.7% DOD with 3.802 A One-step fast-charging without derating

18 Charge to 3.6 V with 4.578 A Discharge to 91.7% DOD with 4.090 A One-step fast-charging without derating
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Fig. B.24. Fitted simulated voltage response to experimental voltage response at a low C-rate (0.04 A) for a. case study 1 and b. case study 2. The open circuit potential (OCP)
values for each electrode were taken from Ramadass et al. [16], Prada et al. [78], and O’Kane et al. [68].

Table B.6
Parameter values for the P2D model adjusted to case study 1 and case study 2.
Parameter Symbol Unit Case study 1 Case study 2
Positive electrode thickness L, m 10.5x 107> 5.8 x 10732
Negative electrode thickness L, m 13 x 10750 3.6 x 1072
Separator thickness L, m 1.2x 10750 1.9x 1072
Electrode height H m 0.065° 0.055°
Electrode width w m 1.58" 0.85°
Positive particle radius rp m 2x107° [16] 5.2x 1070
Negative particle radius y m 2x 1076 [16] 5.8%x107°
Solid phase volume fraction (positive) £p 0.68 0.54
Solid phase volume fraction (negative) En - 0.70 0.75
Separator porosity Egep - 0.50 [16] 0.45 [78]
Initial salt concentration in solution I mol m™3 1000 1200 [78]
Initial concentration in positive electrode cS » mol m~3 20440 29440
Initial concentration in negative electrode Ci),n mol m—3 17500 20100
Maximum concentration in positive electrode c;‘f};‘x mol m—3 23260 30370
Maximum concentration in negative electrode cx mol m~3 27850 45850
Solid phase diffusivity (positive) D,, m? s7! 5%x10713 6x1071
Solid phase diffusivity (negative) D,, m? s71 5% 1071 5% 1071
Electrolyte ionic diffusivity D, m? s7! 2x 10710 2x 10710
Bruggeman exponent p - 1.5 1.5
Positive electrode charge transfer coefficient a, - 0.5 0.5
Positive electrode conductivity o, S m! 100 0.34
Positive electrode porosity & - 0.385 [16] 0.43
Reference temperature o K 298 298
Negative electrode charge transfer coefficient a, - 0.5 0.5
Negative electrode conductivity o, S m™! 100 215
Negative electrode porosity £, - 0.48 0.36
Lithium plating kinetic rate constant KL plating m s! 1x107° 1x107°
Lithium plating transfer coefficient L plating - 0.65 0.65
Dead lithium decay constant KL docay s! 1x107° 1x107°
Electrode LAM constant exponential term A am - 2.0 2.0
Electrode LAM constant proportional term kiam s 2.7778 x 1077 2.7778 x 1077
SEI growth activation energy Eg J mol~! 38000.0 38000.0
SEI kinetic rate constant ke m st 1x 10712 1x10712
SEI reaction exchange current density io.SEL A m2 1.5% 1077 1.5%1077
SEI resistivity - Qm 2% 10° 2% 10°
2 Indicates measured values.
b Indicates assumed values.
Table C.7
Original train-test split of case study 1 (LCO random-walk dataset).
Batch Cells Dataset Number
of cells
Batch 1 RW1, RW2, RW4, RW5, RW7, RW8, RW10, RW13, RW14, RW16, Testing 17
RW17, RW19, RW20, RW23, RW25, RW26, RW28
Batch 2 RW3, RW6, RW9, RW11, RW12, RW15, RW18, RW21, RW22, Training and 11
RW24, RW27 validation
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Table C.8
Original train-test split of case study 2 (LFP second-life dataset).
Batch Groups Cells Dataset Number of cells
Batch 1 G3, G5, G6, G7, G8, G13, G15 Cl, C2, C3 Testing 21
Batch 2 G1, G2, G4, Gl6, G17, G18 Cl1, C3 Training and validation 12
Batch 2 G1, G2, G4, Gl6, G17, G18 Cc2 Calibration 6
a. b.
075 Original Training Setup 15 Reduced Training Setup
’ Bascline RNN ’ Baseline RNN
0,60 ™™ Bascline LSTM™ 1,00 "™ Bascline LSTM
= BN PI-RNN = BN PI-RNN
< Augmented RNN < Augmented RNN
ET-T 0451 mmm Augmented PI-RNN E 0.751 mmm Augmented PLRNN
% 0.30 % 0.50
0.15 0.25
0.00- 0.00-

1 2 3 4 5 6 7 8 9 10
Number of Forecasting Steps (-)

1 2 3 4 5 6 7 8 9 10
Number of Forecasting Steps (-)

Fig. D.25. Comparison of forecasting RMSEs by LSTM, baseline and augmented RNN, PI-RNN, and augmented PI-RNN models using a. original training setup and b. reduced

training setup.

Appendix D. Benchmarking against LSTM and data augmentation

We conducted a benchmarking analysis to compare the proposed PI-
RNN method with state-of-the-art methods. In particular, we compared
PI-RNN against LSTM and an alternative PIML approach based on
observational bias through data augmentation. The evaluation was
carried out under two training setups as described in Section 5.2.4.

+ Original training setup: Using the full training set, LSTM per-
formed very well, almost on par with PI-RNN and outperforming
baseline RNN.

» Reduced training setup: When the training set was reduced
to only two cells, the performance of LSTM declined relative to
PI-RNN, especially in longer forecasting horizons.

These results suggest that while advanced methods like LSTM can
perform comparably when more data and future loading conditions are
available, PI-RNN consistently delivers more robust long-term forecasts,
especially under data-limited scenarios.

For completeness, we also added another PIML approach based
on observational bias via data augmentation. This augmented RNN
is trained on both experimental and simulated data from the PBM,
providing a straightforward means to integrate observational bias.
The results indicate that for long-term forecasting in data-constrained
scenarios, leveraging both inductive and observational biases, as in the
augmented PI-RNN method, is particularly beneficial. Fig. D.25 displays
the RMSE values over forecasting horizons from 1 to 10 steps for the
compared models.

Appendix E. Hyperparameter selection

Hyperparameter optimization using Optuna [71] was conducted on
the baseline RNN model to verify the suitability of the selected hyper-
parameters (see Table 3). Optimal values obtained from this analysis
(summarized in Table E.9) support our original parameter selection.
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Table E.9
Summary of Optuna hyperparameter optimization settings and optimal results for
baseline RNN model.

Optuna Hyperparameter Settings Value

Sampler TPE (Tree-structured Parzen Estimator)
Direction Minimize validation loss (MSE)
Trials 50

Epochs 2000

Early stopping patience 50

Hidden size range [10, 601, step=5

Learning rate range [107%, 1072]

Optimal hyperparameters

Case study 1: Hidden size 45

Case study 1: Learning rate 0.00726

Case study 2: Hidden size 50

Case study 2: Learning rate 0.00038

Appendix F. GPR baseline model results on LCO random walk
dataset (case study 1)

The trajectory forecasting results for GPR baseline model as the best-
performing model in case study 1 is shown in Fig. F.26. The degradation
trend in this case study remains relatively consistent throughout each
cell’s lifetime, allowing the GPR baseline to capture the underlying
trend. By fitting an empirical model to the initial portion of the capacity
fade and then applying GPR to the residuals, the forecast remains close
to the true capacity data for multiple steps ahead, even with a limited
amount of training points. This illustrates that when usage conditions
are relatively stable and degradation trends are consistent, the GPR
baseline offers reliable long-term predictions with comparatively low
forecasting errors.

Data and code availability

The processed LFP second-life data and the code supporting the find-
ings of this study are publicly available at: https://github.com/REIL-
UConn/Forecasting-Battery-Capacity-for-Second-Life-Applications-Using-
PI-RNN. A link to the raw data of the LFP second-life dataset, including
the first two batches used in this study and additional batches to be
released, will be added when available.
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