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networks
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Li-ion batteries are the main power source used in electric propulsion applications (e.g., electric

cars, unmanned aerial vehicles, and advanced air mobility aircraft). Analytics-based monitoring

and forecasting for metrics such as state of charge and state of health based on battery-specific
usage data are critical to ensure high reliability levels. However, the complex electrochemistry that
governs battery operation leads to computationally expensive physics-based models; which become
unsuitable for prognosis and health management applications. We propose a hybrid physics-informed
machine learning approach that simulates dynamical responses by directly implementing numerical
integration of principle-based governing equations through recurrent neural networks. While reduced-
order models describe part of the voltage discharge under constant or variable loading conditions,
model-form uncertainty is captured through multi-layer perceptrons and battery-to-battery aleatory
uncertainty is modeled through variational multi-layer perceptrons. In addition, we use a Bayesian
approach to merge fleet-wide data in the form of priors with battery-specific discharge cycles, where
the battery capacity is fully available or only partially available. We illustrate the effectiveness of our
proposed framework using the NASA Prognostics Data Repository Battery dataset, which contains
experimental discharge data on Li-ion batteries obtained in a controlled environment.

Electric and hybrid-propulsion systems are key enablers of advanced air mobility transformation, in which small
and large aircraft will rely on Li-ion batteries to source part of all power needs. As a critical component of the
powertrain, safe operation of these batteries will require robust prognosis and health management methods"?.
Current literature shows an array of methods for battery monitoring with models based on first principles®*,
machine learning®~, and a combination of both®-!°. However, existing modeling approaches often find roadblocks
including: (a) governing equations are complex; and when available, high-fidelity simulations are computation-
ally expensive to be executed onboard; (b) purely data-driven models do not necessarily obey the governing
physics, nor do they generalize well to scenarios on which they have not been trained; and (c) collecting enough
high-quality data to adequately train data-driven models for a complex system is often challenging—in fact, data
available for adjusting reduced-order models or building machine learning models can be poor (plagued with
noise, missing data, unbalanced observations of inputs and outputs, etc.). These challenges are commonly shared
across many prognosis applications; creating a need for a robust modeling approach that is computationally
efficient, while being grounded on first principles, and can account for unstructured datasets.

With this background, physics-informed neural networks!!-1* have the potential to revolutionize prognosis
and health management. This class of machine learning methods can potentially mitigate the lack of data as
well as other problems such as poor interpretability of purely data-driven models while offering accuracy that is
comparable to high-fidelity simulations at a fraction of the computational cost. In fact, recent developments in
neural operators'*!* indicate that for problems in which the partial differential equations are known, the trained
neural networks can be reused to make predictions even outside the boundary/initial conditions used in train-
ing. However, many complex systems cannot be described purely by partial differential equations, but rather
by a set of governing equations and empirical laws that might not be fully characterized at the same time that
available data are scarce. This explains the growing interest in hybrid physics-informed machine learning'®'’
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as a promising modeling framework for complex applications such as electric and hybrid propulsion systems.
The hybrid framework we propose uses a different paradigm when compared to physics-driven loss functions
as in'!. It leverages existing equations of a system to build a model, and introduces small data-driven kernels
strategically within the model. The data-driven portions of the model compensate for missing physics, model-
form uncertainty, and ignorance of model parameters.

In terms of Li-ion battery prognosis, it is difficult to build models that can predict battery end of discharge
while accurately accounting for the effect of battery aging. Challenges include effect of random-discharge cycles,
effect of cumulative energy drawn from the battery, inter-battery variability, temperature effects during aging,
and availability/completeness of recorded data. In order for prognosis models to be useful, they must furnish
uncertainty estimates used in optimization of batteries operation as well as guiding model updates.

In this paper, we propose a hybrid Bayesian physics-informed neural network approach, depicted in Fig. 1a,
to address the following key challenges:

®  Computational footprint: models used for prognosis have to be computationally efficient, both in terms of
memory requirement and speed, as they are often used in embedded applications or to run thousands of
“what-if” scenarios. Our proposed hybrid model implements the numerical integration of governing time-
dependent dynamics using recurrent neural networks!®.

® Partially characterized first-principle models: in many real-world applications, degradation or failure mecha-
nisms are only partially modeled, due to computational complexity or lack of complete knowledge. In our
approach, model-form uncertainty introduced by either unknown physics or by reduced-order models is
compensated with data-driven nodes placed in the design of the recurrent neural networks'>?.

®  Unstructured datasets: ideally, prognosis models should be able to leverage very diverse sources of informa-
tion—from legacy systems, to design, to early operation, etc. Our framework can handle heterogeneous
sources of data such as design and laboratory experiments (e.g., reduced-order model and constants used
therein); while also compensating for reduced number of data points with prior information coming from
historical data (e.g., legacy fleet data).

The hybrid graph model described in Fig. 1a is at the foundation of the work presented here. It is composed of a
series of nodes, each one corresponding to a single or multiple sets of equations. Such equations can be derived
from first principles, empirical or phenomenological models, or data-driven models like deep neural networks
and variational Bayesian models. Input-output relationships among the nodes are represented by edges con-
necting those nodes, thus blending physics-derived and data-driven blocks. Physics-derived model parameters
and neural network parameters are then trained in a single stage using off-the-shelf deep learning libraries.
The incorporation of different data sources is possible, in part due to the hybrid nature of our model, which
mixes principle-based and machine learning kernels. For example, the principle-based portion of the model is
friendly to engineering and design information; while the machine learning portion can accommodate observed
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Figure 1. Hybrid Bayesian physics-informed neural network framework and its application to prognosis of
Li-ion batteries. (a) Our framework directly implements numerical integration of governing equations through
a hybrid graph model that merges principle-based nodes, data-driven nodes, and variational Bayesian nodes.

As a result, the model can accommodate information coming from design, testbed experiments, historical and
usage data in applications ranging from diagnosis and prognosis modeling, design under uncertainty, robust
control, etc. (b) In the Li-ion battery prognosis application, the state-of-charge dynamics is modeled through a
recurrent neural network such that physics-derived reduced-order models are built in as nodes; and data-driven
as well as variational Bayesian nodes quantify the different forms of uncertainty in prediction. Our model can be
used for discharge prediction as well as battery aging forecast far ahead in the life of the battery.
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data. In addition, our Bayesian approach to data fusion makes it possible to use data that becomes available in
different points during the battery life cycle.

In recent years, hybrid and physics-informed data-driven modeling strategies for prognostics have been
proposed. Some*"?? use a mixture of physics-based models or parameters derived experimentally to feed neural
networks with the intent to predict the remaining useful life of complex systems, and potentially outperform
pure data-driven models. Others® proposed a deep learning architecture where the last layer is tailored to solve
differential equations to compute the point-solution at two time steps simultaneously, to estimate parameters of
power electronic converters. An overview of methods that broadly apply to prognostics, reliability analysis as
well as system safety can be found in**. Our prognostics framework differs from other, existing frameworks as it
blends physics-derived equations and data-driven kernels in a sole hybrid model, and can train both data-driven
and physical parameters together using back-propagation. Other frameworks combine physics and machine
learning sequentially, where each model is calibrated/trained independently and serves as input to the other.
Our framework can also accommodate physics-driven error metrics in the loss function like in'!. In addition,
model parameters can either be trained for each physical sample, e.g., train a different parameter for each battery
in the training set separately, or shared across multiple samples of the same system type, e.g., train parameters
to represent a fleet of similar batteries. A single model can be composed of a mix of both, parameters that are
shared across different specimens, and parameters that needs to be tailored for each specimen.

Figure 1b details the application of our proposed framework to the prognosis of Li-ion batteries. The battery
state of charge is approximated using discretized ordinary differential equations based on the Nerst and But-
ler-Volmer models?>*. These are at the foundation of the principle-based nodes (blue blocks), which captures the
major trend of the battery state-of-charge, but discrepancies between the predictions of those models and field
data prevent them from being used alone for battery risk management. Therefore, we pair the principle-based
nodes in the graph with (a) purely data-driven nodes to adjust for model-form uncertainty coming from model
simplifications; and (b) variational Bayesian nodes*’~?* to account for data uncertainty coming from battery-
to-battery variability and observation uncertainty. In practical terms, our hybrid model offers the following key
benefits to battery operators: (1) it does not rely solely on constant discharge curves, which are the standard to
estimate the battery residual capacity; and therefore, model updating can be performed without decommission
of the battery; (2) it can handle battery-to-battery variation; which can happen due to factors such as inherent
variability of manufacturing, initial internal damage, etc; and (3) it models battery degradation incorporating
fleet-wide data; and with the aid of the Bayesian formulation, it can handle model updates with full and partial
discharge cycles as well as missing history of battery usage. The approach is demonstrated using the experimental
data publicly available through the NASA Prognostics Center of Excellence Data Repository*®*!.

Results

We present four key results: (1) estimation of model-form inadequacy in the state-of-charge model; (2) modeling
of battery aging with incorporation of battery-to-battery variation; (3) model update using full and partial bat-
tery discharge cycles; and (4) ability to derive battery-specific models without requiring battery usage history.

Handling model-form uncertainty with hybrid physics-informed neural network. The first
result of the proposed hybrid physics-informed neural network is that the numerical integration of ordinary
differential equations governing the state of charge is directly implemented as a recurrent neural network. This
class of network models the one-step-ahead prediction of the response of interest and associated model states,
given set of input values:

[y: h" = f(u,yi-1,he—1), (1)

where the subscript ¢ represents the time discretization; y € IR" are the observable responses; h € IR are the
internal states; u € IR are input variables; and f(.) defines the transition between time steps.

As detailed in Fig. 2a, we propose designing f{.) in Eq. (1) so that (i) we implement the appropriate integration
scheme™ (e.g., Euler, Runge-Kutta, etc.) for the set of governing equations; (ii) we use principle-based models
with the intent to capture trends in the data; and (iii) we add data-driven and variational kernels to quantify
model uncertainty. For the Li-ion battery model, the physics-based nodes implement the simplified electrochem-
istry given by the Butler-Volmer-Nernst models. The data-driven nodes estimate the non-ideal internal voltage
Vaii» § = {p.n}, while the variational Bayesian nodes model the total resistance Ry (Ohms) and the maximum
charge ¢ (Coulombs), which values are driven by the aging of the battery and may change from one speci-
men to another. Therefore, the data-driven and variational Bayesian nodes characterize epistemic and aleatory
uncertainties in the principle-based models. The computational cost associated with our model is remarkably
low. The principle-based models come from fast-to-compute reduced order models and the data-driven models
are shallow Multi-Layer Perceptrons (MLPs) and variational Multi-Layer Perceptrons (vMLPs). The first-order
ordinary differential equation that governs the time-dependent response is integrated using a state-space rep-
resentation and is ideal for onboard computing or massive uncertainty quantification offline. Details about the
implementation of the nodes are given in the Methods section and the Supplementary Material illustrate the
costs associated with training and prediction.

Figure 2b illustrates the use of our hybrid models. A time series with the electric current drawn from the bat-
tery is used as input. At each time step, the hybrid physics-informed neural network updates the internal states
as well as estimates the values for the voltage drop between the battery terminals. The set of hyperparameters
of the hybrid model for both data-driven and variational Bayesian nodes are estimated using a set of discharge
cycles. Full discharge cycles performed with fresh batteries are used in the parameter optimization of the data-
driven model used to describe the non-ideal internal voltage (aging models utilize, instead, both full and partial
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Figure 2. Implementing a hybrid physics-informed neural network for Li-ion prognosis. (a) Recurrent neural
network design implements numerical integration of governing equations in the state-space representation.
The recurrent unit is composed by surrogate models describing the main phenomena driving the battery
electrochemistry, a data-driven node that captures the non-ideal internal voltage, and a variational Bayesian
node that models aging through degradation of battery parameters. (b) The hybrid model takes a current time
series as input and returns battery voltage. This allows one to use the model for tracking of present discharge
cycles as well as forecast of future missions. (¢) Comparison between experimental data and predictions out of
our hybrid physics-informed neural network. Predictions are obtained for batteries not used in the training set.

discharge cycles). In order to ensure diversity, the training data comes from a set of batteries exposed to different
duty cycles.

Finally, the trained model can then be used to predict battery discharge for batteries and missions not pre-
sent in the training set. Figure 2c shows how hybrid model predictions compare against a sample of random
discharge cycles. These results illustrate the model’s ability to track voltage throughout the cycle. This allows
one to determine whether the battery will be able to finish a given mission; or to optimize the deployment of a
set of batteries across multiple missions.

Accounting for battery aging with variational Bayesian models. The second result of our frame-
work is that we are able to build an aging model for a battery being monitored (“test battery”) by leveraging
existing knowledge from a fleet of similar batteries. To achieve this goal, we resort to vMLPs. The model is then
updated with new data coming from the test battery during operation using Bayesian update.

First, we observed very strong correlation between capacity fading in aging batteries and changes in model
parameters ¢ and R('*?%, as shown in Fig. 3a and Fig. S4b of the Supplementary Material. We assumed that
historical capacity-fading data from a fleet of older batteries can be collected and used to build aging models
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for each battery in that fleet. The models aim at predicting the expected value and the confidence intervals as a
function of the cumulative energy drawn E, C(E). Each model is composed of two vMLPs to capture epistemic
and aleatory uncertainty as described in the Methods section. Figure 3b shows the output of the individual
variational models on top of collected capacity data. Thanks to the strong correlation observed between C and
parameters g%, Ry, we built an aging model describing q”**(E) and R, (E), as explained in further details in
the Methods section. The variational models of all other batteries in the fleet work as prior for the test battery,
and they are combined in an ensemble model as follows:

" (E) = Zk:wz qr“(E) and  Ro(E) = ; of Rox(E), 2

where wZ and a)?2 are the weights of k-th model, defined later in the Methods section; and g;"** (E) and R x (E) are
the k-th vMLPs associated with batteries used to build fleet priors, as illustrated in Fig. 3b. Therefore, g"%*(E) and
Ry (E) represent the estimates “a priori” as an ensemble model derived from the fleet. The orange lines in Fig. 3¢
show an example of prior for ¢"**. Every time new data is collected from the operation of the test battery, either
through a reference discharge cycle test or by indirectly estimating them, we update the ensemble-model prior
given the predictions from the fleet, and update the weights and biases of the test battery vMLP models using
Bayes’ rule. This leads to a new a-posteriori model, as depicted in Fig. 3¢, green line and shaded area.

This approach allows us to leverage the existing trends of capacity fading of older batteries to infer future
values of g™, R for the test battery. Forecast of g%, Ry at future values of E as the one in Fig. 3¢ enables the
prediction of the voltage discharge behavior of the test battery at different aging stages, as shown in Fig. 3d.

Dealing with complete and censored data through specialized loss functions and variational
models. The third result of the proposed hybrid physics-informed neural network is the ability to use both
complete information (constant discharge) as well as censored data (random discharge) to perform battery-spe-
cific model update, as illustrated in Fig. 4a. Full discharge data are obviously more effective in reducing model-
parameter uncertainties than partial discharge data. However, the fact that our framework can incorporate par-
tial discharge implies that the models are updated while the batteries are still in use. From our experiments, we
observed that model behavior is consistent with the aging effects observed in the fleet of similar batteries used
for training. Thus, if the aging of a test battery follows (in a statistical distribution sense) the aging already seen
in the fleet describing the training set, then partial discharge cycles are sufficient to guarantee a proper model
updating and refine model predictions of future discharge cycles. However, full discharge data are likely to be
necessary for test batteries behaving very differently from the one seen in the training set. The number of full
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Figure 4. Using full and partial discharge cycles to perform model updates. (a) In partial discharge cycles the
only available information is the used capacity; which imposes uncertainty in the estimation of available Li-ions,
Xp,n- (b) Fleet information can be used to elucidate prior distributions; while both full and partial discharge
cycles can be used for continuous model update. The top panel illustrates the update with one full discharge
at E = 0 kWh and partial discharge cycles between E = 0 kWh and E = 1 kWh. The bottom panel shows the

update with full discharges at E = 0 kWh and E = 2kWh and partial discharge cycles between E = 0 kWh and
E = 2kWh. (c) Uncertainty in model parameters can be propagated to state-of-charge throughout a mission
(voltage history). Integration of voltage and current is used to estimate power and energy used in each cycle. The
estimated energy distribution can be compared against actual used energy. (d) As long as the distribution of the
error in the energy estimation is stationary, the hybrid model can be used for the specific battery. Metrics such
as KL-divergence can be used to indicate when new full discharge cycles are needed for model updating.
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discharge cycles necessary strongly depends on the behavior of the battery during operation. The update of the
capacity model for a sample battery is illustrated in Fig. 4b. The available data at 1 KWh is composed of one
constant discharge at 0 KWh and all random discharge cycles run up to 1 KWh. The posterior model can be
used to forecast capacity as a function of cumulative energy - Updated Model in Fig. 4b. Further results on the
reduction of uncertainty obtained by updating models with only partial discharge data is provided in the Sup-
plementary Material.

In order to evaluate whether a model produces predictions accurate enough for further use, we propose
estimating the distribution of the error between the predicted and consumed energy and evaluate the stationar-
ity of such error using a statistical measure. To do so, we predict the voltage discharge curve and corresponding
uncertainty coming from the model parameters. Voltage and applied (load) current profile can be integrated to
estimate the energy distribution necessary for a specific mission. This energy distribution can then be compared
against the actual energy consumed by the battery, as in Fig. 4c. The models can be used for prognosis for as
long as the distribution of this energy error remains stationary. Metrics such as the KL-divergence between the
present energy error distribution and the energy error distribution immediately after the model is updated with
full discharge data can be used to indicate the need for new full discharge data, as illustrated in Fig. 4d. The top
panel shows the median and the 95% confidence interval of the energy error distribution over the battery usage.
While there is expected variation as the battery accumulates cycles, it is not until cumulative energy reaches 2
kWh that the energy error distribution starts to diverge substantially. This is easily captured by KL-divergence,
which becomes an index for the “health of the model,” as shown in the bottom panel of Fig. 4d. The threshold
level for the KL-divergence that will indicate the need for new full discharge data is application dependent and
we recommend to use a fleet of batteries to determine it. In our study, we found this value to be around 1.0 (see
discussion in the Supplementary Material).

Quantifying uncertainty in aging due to unknown battery usage through Bayesian
update. The fourth result of our proposed framework is the ability to perform battery-specific model update
without requiring complete knowledge of past battery usage. This scenario is likely to occur when monitoring
legacy fleets of battery-powered vehicles and devices. Operators, insurers, and service providers might have to
serve batteries with unknown previous operations, route/usage structure and patterns, driver/user behavior, etc.
Nevertheless, to control operations and maintenance costs, it is important to quantify battery degradation and
estimate capacity fade over future usage. The hybrid physics-informed neural network models for such batter-
ies can be obtained by (1) monitoring present and future decay in capacity against the observed increment in
cumulative energy; and (2) performing Bayesian update of fleet-wide model taken as prior information in the
light of newly recorded data.

Figure 5a illustrates the case in which battery usage becomes available after a period. Without historical data,
capacity decay is registered against the increment in cumulative energy from the moment the battery starts being
monitored (AE). Any two observed capacity levels and the physics-informed neural network developed with data
coming from a fleet can be used to estimate the distribution of possible cumulative energy; as shown in Fig. 5b.
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Figure 5. Modeling battery aging without known usage history. (a) Although capacity data might be missing
for considerable amount of operation, once it is consistently tracked, it can be used for updating aging models.
(b) Fleet-wide information of capacity versus cumulative energy is used to estimate cumulative energy
distributions for observed capacity levels. (c) Bayesian update is performed on the difference between observed
cumulative energy. (d) With enough observed capacity levels, aging models move from fleet to battery-specific
distribution.

Scientific Reports |

(2023) 13:13856 |

https://doi.org/10.1038/s41598-023-33018-0 nature portfolio



www.nature.com/scientificreports/

With these two distributions, we can convert the fleet-wide model into a battery-specific one by performing
Bayesian update. As depicted in Fig. 5¢, we use the distributions of Fig. 5b to define the prior distribution of
the increment in cumulative energy, po(AEq— 1) and the observed AE_, 1 to define the likelihood L(AEy_,1|6);
where @ is the vector of parameters for the hybrid model. As illustrated in Fig. 5d, as more data becomes available,
the fleet-wide model will converge to the battery being monitored. The battery-specific updated model is used
to forecast capacity degradation; and therefore, perform optimization of battery usage throughout service life.

Discussion

The formulation for hybrid Bayesian physics-informed neural network presented in this paper advances the
field of scientific machine learning by defining a computationally efficient framework for modeling of dynami-
cal systems (the computational footprint is illustrated in the Supplementary Material). The approach builds a
directed graph model incorporating physics-based nodes that capture the trends in the data while quantifying
and propagating uncertainty using data-driven nodes. These data-driven nodes are introduced into the graph
in order to compensate for limitations in predictability originally found in the principle-based model as well as
handling unstructured datasets, including partially observed and historical data. The framework is supported by
Bayesian methods; and in the Li-ion battery prognosis application, it uses fleet-wide information to build prior
distributions for battery-specific models while updating these models with operational data. Among the major
advantages of the proposed framework, we can mention:

®  Quantification of model inadequacy: our hybrid approach uses data-driven nodes to quantify model-form
uncertainty. In the Li-ion battery prognosis application, the approach has showed the ability reduce the gap
between predictions and observations with only a very reduced number of training points.

®  Quantification of data uncertainty: our hybrid approach uses variational Bayesian nodes to quantify different
forms of observation uncertainty. In our application, the approach successfully account for variability of aging
rates of different batteries due to factors such as inherent manufacturing variability, initial internal damage,
etc.

® Robustness to unstructured data: the Bayesian formulation allows using historical and fleet-wide data to build
priors for model parameters. In practice, this reduced the need for controlled full discharge cycles normally
used in precise estimation of battery residual capacity; which means that model updates can be performed
without decommissioning the batteries. In addition, this prior estimates of aging behavior ensure that model
update can be performed with partial discharge cycles without even requiring previous usage history of the
battery.

® Reliable tracking of model accuracy: the approach is able to monitor the predictive capability of the model
(i.e., the “health” of the model) by monitoring how stationary the integrated output errors are. In the battery
application, this is done by using metrics such as KL-divergence on top of the error in energy consumption
on a cycle-by-cycle basis. This can be used to inform when controlled full discharge cycles are needed for
major model updates.

The proposed framework will impact onboard health monitoring systems for electric propulsion and can be
directly applied to adjacent technologies, such predictive maintenance and digital twins of industrial equipment.
Soft robotics is another challenging application space, in which neural networks have been used to model the
complex dynamics®. Approaches proposed here could reduce the computational cost associated with numerical
integration of the highly nonlinear material models; and therefore, enabling model-based control.

In addition, our hybrid modeling framework has the potential to substantially facilitate verification and
validation of onboard analytics due to its ability to quantify and mitigate different sources of uncertainty. This
capability facilitates formal verification and validation and improves compliance with norms such as DO-178*
and ARP-4754%. In turn, this helps clearing the path to certification of machine learning enabled systems in
highly regulated environments, such as civil aviation.

Among the limitations of framework presented in this paper, we can mention:

®  From the modeling perspective: our framework assumes that (a) physics-based models that should approximate
the relationship between inputs and outputs of interest exist; and (b) engineers and scientists should be able
to pinpoint the cause of gap between predictions and observed data. Consequently, we can implement the
hybrid model and place the data-driven nodes accordingly. We assume that physics-based equations imple-
mented in the graph will have computational cost comparable to linear algebra found in neural networks.
These equations must be differentiable to enable back-propagation of gradients.

® From the application perspective: our approach was tested using a relatively homogeneous dataset; discharge
curves came from Li-ion batteries similar to one another. In addition, all batteries used for testing were sub-
ject to similar loading conditions (i.e., either constant loading or piece-wise random loading). We anticipate
that the aging behavior of batteries can change when batteries are subjected to substantially different condi-
tions. For example, if recharging batteries that were not fully or consistently depleted can introduce further
discrepancy between predictions and observations.

As potential future research, the model could be tested under realistic loading profiles coming from electric or
hybrid propulsion vehicles, under varying temperature profiles representative of real operations. Our hybrid
physics-informed neural network model could also be extended to other powertrain components, or even to
a full hybrid powertrain model. For electric vehicle operators, a hybrid powertrain model could provide not
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only end-of-discharge predictions, but also fault detection and isolation within the powertrain system. Another
important suggestion of future work is further quantify and improve the uncertainty prediction so that this
feature of our hybrid approach can be used to accurately estimate model confidence (methods that can be used
include calibration curves and metrics such as expected calibration error®). Finally, another venue that could
be explored is the model architecture alternatives (number of layers, number of neurons, activations functions,
and choice of optimizers) of the data-driven nodes. Subject to application complexity, one could pursue the
optimization of the data-driven architecture alternatives with technologies such as neural architecture search®-*.

Methods

Implementing the hybrid physics-informed neural network. The hybrid physics-informed neural
network proposed here implements the integration of ordinary differential equations describing battery simpli-
fied physics in the state-space form. Here we describe the simplified eletrochemistry model based on Nernst-
Butler-Vomer equations®>*>*" as well as the data-driven and variational Bayesian nodes of Fig 2a.

Equilibrium potential. Based on the work presented in*®, we approximate the equilibrium potential as:

RT l—x,-
VU,,-:UO—{——ln
mF

max

+ Vuii  and  x =gqi/q"", (3)

Xi

where the subscripti = {n, p} indicates the negative or positive electrode, respectively; Uy is the reference poten-
tial; R is the universal gas constant (and should not be confused with the total resistance Ry); T is the electrode
temperature; m is the number of electrons transferred in the reaction; F is the Faraday constant; x is the mole
fraction for the Li-intercalated host material; V,; ; is the non-ideal internal voltage and activity correction term,
null in ideal conditions; x is the mole fraction (xp = 0.4 and x,, = 0.6 for the batteries utilized in this work); and
g™ = gn + qp is the amount of available Li ions used to represent aging.

The total volume of the battery is split into two control volumes, bulk b and surface s, such that the diffusion
rate from the bulk to the surface is:

qb,i _ bsi

Qvsi =D (cpi — Csi)s  Chji=—> Csi= > Gp =qsp+qbps  Gn = qsn T qbn >
Vb,i Vs,i (4)

é]s,p = iapp + qbs,p> qb,p = _qbs,p> QS,n = _iapp + Qbs,n’ and é]b,n = _Qbs,n’

where D is the diffusion coefficient and the concentration overpotential is calculated using the Nernst’s equation
for the surface:

Ve
and qgjiax zqmax % (5)
i

Voltage increment.  The surface overpotential is described by the Butler-Volmer equation® such that

Ji

RT . .
V=Vup=Vuu—Vo—Vip—Viym, Vyi= T arcsmh( >, Vo = Ro iapp (6)

i0
where « is a symmetry factor, J; is the current density and Jjo is the exchange current density, while Ry is the
Ohmic lumped resistance used to represent aging.

Non-ideal internal voltage. 'The assumption of unity activity coefficients is not applicable to real batteries; as a
result, in this paper, the non-ideal internal voltage is modeled through a multi-layer perceptron (MLP):

Viin = MLPy(xn; Wy, by) and  Vyip = MLP,(xp; Wy, bp), (7)

where w,,, b,,, Wp, and bp are the MLP parameters; and subscripts p and # refer to positive and negative electrode,
respectively. The set of equations (3)-(7) define the nodes implemented in the hybrid physics-informed neural
network for battery prognostics.

Accounting for battery aging with variational models. Battery aging is modeled through capacity
decay over the useful life, and we use parameters g™** and Ry as proxies for the aging effect on the capacity. The
input variable to the aging models is the cumulative energy E drawn from the battery. Both parameters g%, Ry
are strongly correlated to C; and thus, we modeled C(E) through:

qmax (E)

>

v(E) (8)
uc(E) = VMLP,. (E; wue,bye) and  o2(E) = VMLP2 (E; w,2,b,2)

C(E) ~ N(uc(E),0¢(E)), ¢ (E) =a C(E), Ro(E) =

where « is a scaling factor, determined with the data shown in Fig. 3a; and y (E) is a linear model, reported in the
Supplementary Material. The variational models for C(E), and as a consequence for the aging parameters q"**
and Ry, are composed of one YMLP to predict the mean value of the quantity of interest (epistemic uncertainty),
and another one to estimate the confidence interval of the prediction (aleatory uncertainty).
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Each weight and bias of the vMLPs are described by a normal distribution. This way, for the i-th layer of the
uc(E) vMLP:

2 2
Wie,i ™ N(”‘Wﬂc)i’ UWMCJ) > blLC>i ~ N(I"‘bﬂc,," abuci)’ (9)
and similarly, for the i-th layer of the o2 (E) vMLP:
Woc,i ~N(/Lw Lo O, ) boc,i ~N<1Lb L5 0%, ) (10)
oG oG oG Crotd

The means and standard deviations of these distributions are optimized during training. The loss function is
defined in Eq. (12).

Our observation is that aging is best modeled through battery specific ¢"** and Ry. When building a model
for a newly deployed battery, such that constant reference discharge data is not enough to build accurate yYMLP
models; we suggest using an ensemble of fleet-wide models to build priors for the new battery. The ensemble
prior and corresponding weights follow:

=1
Cwa(E) = Zwici(E) ;W= o (11)
; 1'%1

where: ¥; = eiTej, and ¢; is an error measure between model i and the observed values. In this paper, we used
the negative log-likelihood ANy as defined in Eq. (12) so that both observed and used capacities can be used in
the model update. Alternatively, when observed capacity data is plentiful, the mean-squared error between the
observed and the predicted capacities can be used.

Figure 6 shows a graphical representation of the variational models: from vMLPs to fleet prior to Bayesian
updating.

Dealing with complete and censored data through specialized loss functions and variational
models. Model update is performed using (i) fleet-wide information for definition of model-parameter pri-
ors; and (ii) partial discharge cycles, coming from step-wise random variations of input current, which only
gives an estimate of used capacity. Similarly to classic variational neural networks, the loss function that drives
the optimization of the vVMLP hyperparameters is the sum of negative log-likelihood and the Kullback-Leibler
(KL) divergence*!:

A = ANLL + Apgys  ANLL = — Zlog (pci) — Zlog (1—®cj), Apy = Z Zlog (Lix) —log (pok)
i j ik

¢C,i = ¢C (Ci; Wues bMC’ Wo.g, bU(Zj)’ CI)C,] = d)c (Cj; Wyes bMC’ Wgé, bo‘%)’
Lig=1L (Ci’ Wack Bpucks Wo2 o brré,k)’ and  po = po (wuok’ buck Woz bag,k>
(12)
where Ay is the negative log-likelihood contribution computed using observed capacity (constant discharge)
and used capacity (random discharge); A p,, is the KL-divergence contribution computed across the vMLP layers,
indicated by the subscript k; ¢c(.) and ®¢(.) are the probability density and cumulative distribution functions
of the normal distribution; ¢; and ¢jare the observed and used capacities, respectively; L(.) is the likelihood of

Variational Models

(2)

BE(kWh) > a0/ \ b
& //Qmax\\ / E
g J

(R N\ )
E(kWh) > X 0/ \
(kW) \} 5/ n\ F

;' W . . Build Prior Distribution: Fleet Ensemble
/ N Epistemic
Uncttr‘rain‘ry ]’B‘/\\ PB, PB

o

o

/ ‘\\ Ensemble Model

wE ||| 4 '
Gmaz, Ro Fleet Prior Gmazs Ro
Gmazs B
(b)

Bayesian Update: vMLPs weights and biases

p(w,b|D) o< p(D]w, b) p(w, b)

P 5  Aleatory
W |E 0“(E)  Uncertainty

(c)

Figure 6. Ensemble models used to predict battery aging based on Bayesian update. The models for g”**, R¢ are
built using variational inference-based layers, and composed of two MLPs each; one to estimate the expectation
as a function of cumulative energy, and one to estimate the aleatory uncertainty, (a). Each battery has its own

set of independent models for g™, Ry. These models are combined in an ensemble model predicting the
distribution g™, Ry for each level of cumulative energy draw, (b). Bayesian update is used to adjust the MLP
parameter values as more capacity data D are collected, (c).
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Steps to build fleet-wide priors for the

the vMLP weights and biases; and p(.) is the probability density function of the prior distribution of the vMLP
weights and biases.

Assuming available fleet-wide information, we build priors for the vMLP capacity models using the steps
described in the left panel of Fig. 7. These fleet-based priors are used to estimate model parameters for new bat-
teries when full discharge cycles are sparse and most data comes from regular battery usage. We assume that an
initial constant discharge is performed prior to deploying the battery into service. For a new battery, not included
in the set used to generate fleet priors, partial discharge cycles provide used capacity and feed the continuous
update of battery-specific models. The center panel of Fig. 7 describe the algorithm we propose to perform this
task. The quantified uncertainty affecting model-parameters is propagated through the hybrid physics-informed
neural network and can be used guide acquisition of new constant discharge data. The proposed algorithm,
detailed in the right panel of Fig. 7, calculates the need for new constant discharge cycle. Batteries submitted
to constant discharge cycles are depleted completely; and therefore, the observed battery capacity has a much
stronger contribution to the loss function, Eq. (12), when compared to used capacity found in regular partial
discharge data.

Quantifyinguncertaintyinagingduetounknown battery usagethrough Bayesianupdate. For
many fielded batteries, the usage history might not be known, as depicted in Fig. 5a. Assuming that (1) there is
no practical way to assess what is the battery initial capacity and cumulative energy; and (2) we can track battery
capacity versus the cumulative energy differential with respect to an arbitrary point; we can write:

Cae) ~ N (nc(de), o2(ae)), (13)

where C is the battery capacity, Ae is the increment in cumulative energy from the moment the battery starts
being monitored; and pc(.) and o¢(.) are the parameters that define the map between cumulative energy incre-
ment into battery capacity.

We propose using a Bayesian approach to update the uncertainty about battery capacity as a function of
battery usage:

L(D|6) po(AE)
JL(D|6)po(AE) df °

p(AE(C; 0) | D) = (14)

where AE(.) is the random variable that defines the increment in cumulative energy as a function of Cand #; C
is the battery capacity; 0 = [W.c, buc, W2, b2 s the vector of parameters for YMLP models that define C(E).
D is the set of observed data; which in this case is the set of observed capacity and cumulative energy increment

Steps to build and continuously update Steps to detect the need for new constant

vMLP capacity models:

battery-specific model: discharge data:

FWP 1: Given a set of batteries
representative of a fleet, collect historical
actual capacity data by performing a
series of constant discharge cycles
(random discharge cycles in between
constant discharge cycles should be used
to accelerate battery aging).

FWP 2: For each battery in the set, build
capacity models using the formulation
described in Eq. (9). The collection of
models capture the capacity decay over
usage accounting for battery-to-battery
variation.

FWP 3: Use the collection of models as
prior information for new (unseen)
batteries.

BSM 1: Use fleet-wide information as
prior.

BSM 2: As new data becomes available

(either random or constant discharge
cycles), use Eq. (3) to continuously

update the battery-specific aging model

described in Eq. (9).

BSM 3: When new data is dominantly

formed by random discharge cycles, we
propose balancing the contribution from
individual batteries in the fleet with an
ensemble model as a weighted average —

see Eq. (12) and discussion about it.

NCD 1: Build and constantly update the
battery-specific aging model using the
previously described steps BSM. I-3.

NCD 2: After every random discharge,
compute the distribution of energy and
its error w.r.t. the actual used energy.

NCD 3: Track the divergence of the
energy error distribution using metrics
such as the KL-divergence and others.

NCD 4: Collect new constant discharge
data as the divergence metrics cross
tolerable thresholds.

NCD 5: Update the battery-specific
model using steps described in BSM.1-3.

Figure 7. Set of algorithms used for updating battery-specific models using both full and partial discharge
cycles. Left panel describes the steps for elucidation of prior distribution of the vMLP model parameters. In
most practical applications, reference discharge data can be assumed to be previously available (either through
battery manufacturer testing data; or by collecting historical data). Center panel details the steps for model
updating. Battery-specific data is used to drive Bayesian update. However, in our study, we found that a heuristic
to balance the fleet information using a weighted average ensemble*? might be needed when data is still poor
and formed mostly by partial discharge cycles. The right panel describes the algorithm for monitoring the
“health of the model” Significant reduction in model-parameter uncertainty is expected after adding new
constant discharge data. However, the cost associated with this information justify the effort in tracking model
performance and only take the battery out of commission to obtain constant discharge cycles when needed.
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pairs observed since the battery started being monitored; p(.) and py(.) are the posterior and prior distributions
for AE(.); and L(.) is the likelihood model.

Equation (14) is known to be hard to solve due to the integral in the denominator. In order to sample the
posterior distribution, here, we use numerical integration through particle filtering*>**. For convenience, here,
we assume the likelihood to be Gaussian. Our Bayesian update strategy is illustrated in Figs. 5¢, d.

Data availability

The data set related to this article is open source, and can be found at the NASA Prognostics Center of Excel-
lence Data Repository, under set number 5, “Battery Data Set” and number 11, “Randomized Battery Usage
Data Set”%3!.

Code availability

Our implementation is all done in TensorFlow* using the Python application programming interface. The code
needed for replication of results is publicly available on GitHub: https://github.com/nasa/Li-ion-Battery-Progn
osis-Based-on-Hybrid-Bayesian-PINN.

Received: 11 November 2022; Accepted: 5 April 2023
Published online: 24 August 2023

References

1. Fink, O. et al. Potential, challenges and future directions for deep learning in prognostics and health management applications.
Eng. Appl. Artif. Intell. 92, 103678. https://doi.org/10.1016/j.engappai.2020.103678 (2020).

2. Yucesan, Y. A,, Dourado, A. & Viana, E. A. C. A survey of modeling for prognosis and health management of industrial equipment.
Adv. Eng. Inform. 50, 101404. https://doi.org/10.1016/j.aei.2021.101404 (2021).

3. Moura, S. J., Chaturvedi, N. A. & Krstic, M. PDE estimation techniques for advanced battery management systems - Part I: SOC
estimation. In 2012 American Control Conference (ACC), 559-565, https://doi.org/10.1109/ACC.2012.6315019 (2012).

4. Zheng, L., Zhang, L., Zhu, J., Wang, G. & Jiang, ]. Co-estimation of state-of-charge, capacity and resistance for lithium-ion batteries
based on a high-fidelity electrochemical model. Appl. Energy 180, 424-434. https://doi.org/10.1016/j.apenergy.2016.08.016 (2016).

5. Ma, G. et al. Remaining useful life prediction of lithium-ion batteries based on false nearest neighbors and a hybrid neural network.
Appl. Energy 253, 113626. https://doi.org/10.1016/j.apenergy.2019.113626 (2019).

6. Li, S., He, H., Su, C. & Zhao, P. Data driven battery modeling and management method with aging phenomenon considered. Appl.
Energy 275, 115340. https://doi.org/10.1016/j.apenergy.2020.115340 (2020).

7. Naha, A. et al. Internal short circuit detection in li-ion batteries using supervised machine learning. Sci. Rep.https://doi.org/10.
1038/541598-020-58021-7 (2020).

8. Leng, F, Tan, C. M. & Pecht, M. Effect of temperature on the aging rate of Li ion battery operating above room temperature. Sci.
Rep.https://doi.org/10.1038/srep12967 (2015).

9. Liao, L. & Kottig, F. A hybrid framework combining data-driven and model-based methods for system remaining useful life
prediction. Appl. Soft Comput. 44, 191-199. https://doi.org/10.1016/j.as0c.2016.03.013 (2016).

10. Li, X., Wang, Z. & Yan, J. Prognostic health condition for lithium battery using the partial incremental capacity and gaussian
process regression. J. Power Sources 421, 56-67. https://doi.org/10.1016/j.jpowsour.2019.03.008 (2019).

11. Raissi, M., Perdikaris, P. & Karniadakis, G. Physics-informed neural networks: A deep learning framework for solving forward
and inverse problems involving nonlinear partial differential equations. J. Comput. Phys. 378, 686-707. https://doi.org/10.1016/j.
jcp.2018.10.045 (2019).

12. Karniadakis, G. E. et al. Physics-informed machine learning. Nat. Rev. Phys. 3, 422-440. https://doi.org/10.1038/s42254-021-
00314-5 (2021).

13. Viana, E A. C. & Subramaniyan, A. K. A survey of Bayesian calibration and physics-informed neural networks in scientific mod-
eling. Arch. Comput. Methods Eng.https://doi.org/10.1007/s11831-021-09539-0 (2021).

14. Wang, S., Wang, H. & Perdikaris, P. Learning the solution operator of parametric partial differential equations with physics-
informed DeepONets. Sci. Adv. 7, eabi8605. https://doi.org/10.1126/sciadv.abi8605 (2021).

15. Lu, L, Jin, P, Pang, G., Zhang, Z. & Karniadakis, G. E. Learning nonlinear operators via DeepONet based on the universal approxi-
mation theorem of operators. Nat. Mach. Intell. 3, 218-229. https://doi.org/10.1038/s42256-021-00302-5 (2021).

16. Karpatne, A. et al. Theory-guided data science: A new paradigm for scientific discovery from data. IEEE Trans. Knowl. Data Eng.
29, 2318-2331. https://doi.org/10.1109/TKDE.2017.2720168 (2017).

17. Rai, R. & Sahu, C. K. Driven by data or derived through physics? A review of hybrid physics guided machine learning techniques
with cyber-physical system (CPS) focus. IEEE Access 8, 71050-71073. https://doi.org/10.1109/ACCESS.2020.2987324 (2020).

18. Goodfellow, I., Bengio, Y. & Courville, A. Deep Learning (MIT Press, 2016).

19. Nascimento, R. G., Corbetta, M., Kulkarni, C. S. & Viana, E A. C. Hybrid physics-informed neural networks for lithium-ion battery
modeling and prognosis. J. Power Sources 513, 230526. https://doi.org/10.1016/j.jpowsour.2021.230526 (2021).

20. Viana, E. A. C., Nascimento, R. G., Dourado, A. & Yucesan, Y. A. Estimating model inadequacy in ordinary differential equations
with physics-informed neural networks. Comput. Struct. 245, 106458. https://doi.org/10.1016/j.compstruc.2020.106458 (2021).

21. Chao, M. A,, Kulkarni, C., Goebel, K. & Fink, O. Fusing physics-based and deep learning models for prognostics. Reliab. Eng. Syst.
Saf. 217, 107961 (2022).

22. Sun, B. et al. Adaptive evolution enhanced physics-informed neural networks for time-variant health prognosis of lithium-ion
batteries. J. Power Sources 556, 232432 (2023).

23. Zhao, S., Peng, Y., Zhang, Y. & Wang, H. Parameter estimation of power electronic converters with physics-informed machine
learning. IEEE Trans. Power Electron. 37, 11567-11578 (2022).

24. Xu, Y, Kohtz, S., Boakye, J., Gardoni, P. & Wang, P. Physics-informed machine learning for reliability and systems safety applica-
tions: State of the art and challenges. Reliab. Eng. Syst. Saf. 108900 (2022).

25. Karthikeyan, D. K., Sikha, G. & White, R. E. Thermodynamic model development for lithium intercalation electrodes. J. Power
Sources 185, 1398-1407. https://doi.org/10.1016/j.jpowsour.2008.07.077 (2008).

26. Daigle, M. J. & Kulkarni, C. S. Electrochemistry-based battery modeling for prognostics. In Annual Conference of the Prognostics
and Health Management Society (PHM Society, New Orleans, USA, 2013).

27. Jordan, M. I., Ghahramani, Z., Jaakkola, T. S. & Saul, L. K. An introduction to variational methods for graphical models. Mach.
Learn. 37, 183-233. https://doi.org/10.1023/a:1007665907178 (1999).

28. Graves, A. Practical variational inference for neural networks. In Advances in Neural Information Processing Systems Vol. 24 (eds
Shawe-Taylor, J. et al.) 2348-2356 (Curran Associates Inc, 2011).

29. Kingma, D. & Welling, M. Auto-encoding variational Bayes. arXiv preprint arXiv:1312.6114 (2014).

Scientific Reports |

(2023) 13:13856 | https://doi.org/10.1038/s41598-023-33018-0 nature portfolio


https://github.com/nasa/Li-ion-Battery-Prognosis-Based-on-Hybrid-Bayesian-PINN
https://github.com/nasa/Li-ion-Battery-Prognosis-Based-on-Hybrid-Bayesian-PINN
https://doi.org/10.1016/j.engappai.2020.103678
https://doi.org/10.1016/j.aei.2021.101404
https://doi.org/10.1109/ACC.2012.6315019
https://doi.org/10.1016/j.apenergy.2016.08.016
https://doi.org/10.1016/j.apenergy.2019.113626
https://doi.org/10.1016/j.apenergy.2020.115340
https://doi.org/10.1038/s41598-020-58021-7
https://doi.org/10.1038/s41598-020-58021-7
https://doi.org/10.1038/srep12967
https://doi.org/10.1016/j.asoc.2016.03.013
https://doi.org/10.1016/j.jpowsour.2019.03.008
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1007/s11831-021-09539-0
https://doi.org/10.1126/sciadv.abi8605
https://doi.org/10.1038/s42256-021-00302-5
https://doi.org/10.1109/TKDE.2017.2720168
https://doi.org/10.1109/ACCESS.2020.2987324
https://doi.org/10.1016/j.jpowsour.2021.230526
https://doi.org/10.1016/j.compstruc.2020.106458
https://doi.org/10.1016/j.jpowsour.2008.07.077
https://doi.org/10.1023/a:1007665907178
http://arxiv.org/abs/1312.6114

www.nature.com/scientificreports/

30. Saha, B. & Goebel, K. Battery data set. NASA AMES Prognostics Data Repository (2007).

31. Bole, B., Kulkarni, C. & Daigle, M. Randomized battery usage data set. NASA AMES Prognostics Data Repository (2014).

32. Nascimento, R. G., Fricke, K. & Viana, F. A. C. A tutorial on solving ordinary differential equations using Python and hybrid
physics-informed neural networks. Eng. Appl. Artif. Intell. 96, 103996. https://doi.org/10.1016/j.engappai.2020.103996 (2020).

33. Gillespie, M. T, Best, C. M., Townsend, E. C., Wingate, D. & Killpack, M. D. Learning nonlinear dynamic models of soft robots for
model predictive control with neural networks. In 2018 IEEE International Conference on Soft Robotics (RoboSoft), 39-45, https://
doi.org/10.1109/ROBOSOFT.2018.8404894 (Livorno, Italy, 2018).

34. Collaborators, R. T. C. A. Software considerations in airborne systems and equipment certification. Standard DO-178, RTCA,
Washington, DC, USA (2012).

35. Collaborators, S. A. E. Guidelines for development of civil aircraft and systems. Standard ARP4754A, SAE, Warrendale, USA
(2010).

36. Nixon, ]., Dusenberry, M. W,, Zhang, L., Jerfel, G. & Tran, D. Measuring calibration in deep learning. In CVPR workshops, vol. 2
(2019).

37. Kandasamy, K., Neiswanger, W., Schneider, J., Poczos, B. & Xing, E. P. Neural architecture search with Bayesian optimisation and
optimal transport. In Advances in Neural Information Processing Systems (eds Bengio, S. et al.) 2016-2025 (Curran Associates Inc,
2018).

38. Liu, C. et al. Progressive neural architecture search. In The European Conference on Computer Vision (ECCV) (Computer Vision
Foundation, Munich, Germany, 2018).

39. Elsken, T., Metzen, J. H. & Hutter, F. Neural architecture search: A survey. J. Mach. Learn. Res. 20, 1-21 (2019).

40. Bole, B., Kulkarni, C. S. & Daigle, M. Adaptation of an electrochemistry-based Li-ion battery model to account for deterioration
observed under randomized use. In Annual Conference of the Prognostics and Health Management Society (PHM Society, 2014).

41. Kullback, S. Information Theory and Statistics (Courier Corporation, 1997).

42. Viana, F. A. C,, Haftka, R. T. & Steffen, V. Multiple surrogates: How cross-validation errors can help us to obtain the best predictor.
Struct. Multidiscip. Optim. 39, 439-457. https://doi.org/10.1007/s00158-008-0338-0 (2009).

43. Barber, D. Bayesian Reasoning and Machine Learning (Cambridge University Press, 2012).

44. Robert, C. P, Elvira, V., Tawn, N. & Wu, C. Accelerating MCMC algorithms. WIREs Comput. Stat. 10, e1435. https://doi.org/10.
1002/wics.1435 (2018).

45. Abadi, M. et al. Tensorflow: Large-scale machine learning on heterogeneous distributed systems. arXiv:1603.04467 (2016).

Acknowledgements

This work was supported by the System-Wide Safety (SWS) project under the Airspace Operations and Safety
Program within the NASA Aeronautics Research Mission Directorate (ARMD). The contributions of Matteo Cor-
betta and Chetan Kulkarni were performed under NASA Ames Research Center, Contract No. 80ARC020D0010.

Author contributions
R.G.N. helped developing the methodology; analysed the battery data; and implemented the computer codes
used in this study. EA.C.V conceived the methodology and supervised the research. M.C. helped developing
the methodology and analyzing the results of the hybrid model. C.S.K developed the physico-chemistry model
for battery state-of-charge and helped developing the methodology. All authors contributed to the writing and
revision of the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to M.C.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© KBR Wyle Services LLC 2023

Scientific Reports |

(2023) 13:13856 | https://doi.org/10.1038/s41598-023-33018-0 nature portfolio


https://doi.org/10.1016/j.engappai.2020.103996
https://doi.org/10.1109/ROBOSOFT.2018.8404894
https://doi.org/10.1109/ROBOSOFT.2018.8404894
https://doi.org/10.1007/s00158-008-0338-0
https://doi.org/10.1002/wics.1435
https://doi.org/10.1002/wics.1435
http://arxiv.org/abs/1603.04467
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A framework for Li-ion battery prognosis based on hybrid Bayesian physics-informed neural networks
	Results
	Handling model-form uncertainty with hybrid physics-informed neural network. 
	Accounting for battery aging with variational Bayesian models. 
	Dealing with complete and censored data through specialized loss functions and variational models. 
	Quantifying uncertainty in aging due to unknown battery usage through Bayesian update. 

	Discussion
	Methods
	Implementing the hybrid physics-informed neural network. 
	Equilibrium potential. 
	Voltage increment. 
	Non-ideal internal voltage. 

	Accounting for battery aging with variational models. 
	Dealing with complete and censored data through specialized loss functions and variational models. 
	Quantifying uncertainty in aging due to unknown battery usage through Bayesian update. 

	References
	Acknowledgements


