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ABSTRACT

Batteries are crucial in the transition towards a sustainable so-
ciety. There is therefore an increased interest in battery health
management. In battery health management, one of the key
quantities is the State of Health (SoH), i.e., the maximum ca-
pacity of a battery, which decreases over time as the battery
degrades. Accurate SoH estimations are needed to plan oper-
ations and battery replacements.

A crucial challenge in SoH estimation is to quantify the un-
certainty of the estimates. Two types of uncertainty must
be considered. First, aleatoric uncertainty is irreducible and
caused by inherent noise in the data. Quantifying this uncer-
tainty gives a lower bound on the SoH. Second, epistemic un-
certainty is reducible and is caused by, among other factors,
a lack of training data. Epistemic uncertainty can be used to
identify if a test sample differs from the training samples, i.e.,
if it is Out-Of-Distribution (OOD).

In this paper, we estimate the SoH during discharge based on
the current and voltage measurements obtained during charge.
For this, we employ a Bidirectional Gated Recurrent Unit
(Bi-GRU) neural network with attention. We estimate the
aleatoric uncertainty using Simultaneous Quantile Regression
(SQR), while we estimate the epistemic uncertainty by apply-
ing Orthonormal Certificates (OC). We test our approach on
the fast charging dataset of Toyota. We achieve good results
with a high accuracy, with a RMSE of only 0.00343 Am-
pere hours, and a good calibration. The model estimations
become less accurate near the End of Life (EoL) of the bat-
teries, but the corresponding data samples are correctly iden-
tified as OOD due to the high epistemic uncertainty.

1. INTRODUCTION

Batteries are a crucial in the transition towards a sustainable
society, and are for instance employed in electric vehicles
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and in Unmanned Aerial Vehicles (UAVs). Battery Health
Management is therefore becoming increasingly important
(Thelen et al., 2024). In battery health management, a key
quantity is the State of Health (SoH), which is the discharge
capacity available in a battery after a full charge. This capac-
ity decreases over time as the battery degrades. The SoH is
estimated based on measurements obtained during charging,
and is used to plan operations and battery replacements.

Physical battery models, such as equivalent circuit models
(ECM) and electrochemical models (EM), are frequently used
for battery SoH estimation. These models, however, require
extensive prior knowledge about the battery (Zhang & Li,
2022), which is not always available in practice. In this paper,
we therefore use a data-driven method instead.

Most data-driven methods for battery SoH estimation provide
a single point estimate (Rasul, Abbas, Baek, & Kim, 2026).
However, quantifying the uncertainty of the SoH estimate
is crucial for employing SoH estimation models in practice,
especially for safety-critical applications. First, uncertainty
quantification enables the planning of operations based on the
lower bound of the estimated SoH. In this way, the often neg-
ative consequences of overestimating the SoH, e.g., a crash of
the UAYV, can be avoided. Second, the quantified uncertainty
indicates to the user when the SoH estimated by the model
can, and more importantly cannot, be trusted. Specifically,
the outcomes of a machine learning model are usually un-
trustworthy for Out-Of-Distribution (OOD) samples, i.e., for
samples that differ significantly from (most) training samples.
An uncertainty quantification method should thus yield a high
uncertainty for OOD samples (Nemani et al., 2023).

In literature, various methods are employed for SoH estima-
tion with uncertainty quantification. In (Roman, Saxena, Robu,
Pecht, & Flynn, 2021), ensemble learning is used, while a
Bayesian Neural Network (BNN) is employed in (Ke, Zhou,
Zhu, & Peng, 2021) instead. Both ensemble learning and
BNNs, however, are computationally expensive, which is un-
desirable for practical applications. In (Ke et al., 2021; Ke,
Long, Yang, & Peng, 2024), the BNN is therefore approxi-
mated by applying Monte Carlo dropout. With MC dropout,
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however, the estimated uncertainty is highly dependent on the
hyperparameters of the neural network, which makes these
methods highly sensitive for user-defined inputs.

Conformal prediction and the quantile loss function are two
alternative uncertainty quantification methods that require only
little computational time and that are not dependent on any
parameter or assumed distribution of the uncertainty. For in-
stance, in (Rasul et al., 2026), ensemble learning is combined
with conformal prediction, where the uncertainty of the SoH
estimation is derived based on the predictions for a calibration
set. In (Zhang, Zhang, Liu, Feng, & Xu, 2024), a quantile loss
function is used to estimate the SoH with uncertainty. The
main disadvantage of these methods, however, is that they
only capture the aleatoric uncertainty.

The aleatoric uncertainty is the irreducible uncertainty that is
inherent in the link between inputs and outputs of the model
(Cabezas, Santos, Ramos, & Izbicki, 2025; Tagasovska &
Lopez-Paz, 2019). The epistemic uncertainty, which is the
reducible uncertainty caused by a lack of knowledge, such as
a lack of data, is not captured by these methods. For OOD
samples, there is a lack of similar training data, and the epis-
temic uncertainty is thus high. Both conformal prediction
and quantile regression alone would therefore underestimate
the uncertainty of OOD samples, erroneously indicating that
the outcomes of a machine learning model can be trusted for
these samples. In (Zhang et al., 2024), this is solved by ad-
justing their loss function based on the Wasserstein distance,
but for this, they have to assume a distribution for the uncer-
tainty.

In this work, we tackle this gap by estimating the SoH and
quantify the uncertainty with two methods that are adopted
from (Tagasovska & Lopez-Paz, 2019). First, we use Simul-
taneous Quantile Regression (SQR), with a special quantile
loss function, to estimate the aleatoric uncertainty. Second,
we use Orthonormal Certificates (OC) to estimate the epis-
temic uncertainty and detect OOD samples. Both methods re-
quire only little computational time, and are independent on
user-defined inputs such as hyperparameters or an assumed
distribution. Moreover, these methods have, to the best of our
knowledge, not yet been applied for uncertainty quantifica-
tion of the battery SoH. Last, by separately quantifying the
aleatoric and epistemic uncertainty, we provide additional in-
sights into the different sources of uncertainty.

As a SoH estimation model, we develop a Gated Recurrent
Unit (GRU) neural network with attention. This neural net-
work automatically extracts features from raw sensor data,
thus eliminating the need for manual feature extraction as of-
ten used in battery SoH estimation (see for instance (Roman
etal., 2021)). We test our approach on the Toyota battery fast
charging dataset (Severson et al., 2019). The results show
that a model trained with SQR provides narrow, but well cal-
ibrated, confidence intervals for the estimated SoH, while the

model with OC successfully detects OOD samples.
Summarizing, the main contributions of this paper are:

e To the best of our knowledge, we are the first to ap-
ply SQR and OC to separately estimate the aleatoric and
epistemic uncertainty, respectively, of the battery SoH
estimation.

* We integrate these uncertainty quantification methods in
a GRU neural network that automatically extracts feautres
from raw sensor data, thus eliminating the manual fea-
ture extraction phase

*  We test our results on the Toyota battery fast charging
data set.

In the remainder of this paper, we first introduce our method-
ology in Section 2, followed by the case study and results in
Section 3. We provide the conclusions in Section 4.

2. METHODOLOGY

In this Section, we first introduce the SoH estimation model
in Section 2.1. We subsequently introduce the aleatoric un-
certainty estimation method in Section 2.2, and the epistemic
uncertainty estimation method in Section 2.3.

2.1. SoH estimation model

In this section, we introduce a SoH estimation model for bat-
teries. First, let C' denote the number of cycles a battery is
used, where each cycle consists of first charging, and subse-
quently discharging a battery. We assume that we measure
the voltage (V') and current (/) during charge. Let V. =
Vi Vi9and I = [I},... 149, c€ {1,...,C}, de-
note the voltage and current measurements of cycle ¢ during
charge, respectively, with ¢(c¢) the number of measurements
during cycle c. We normalize the data of each charging cy-
cle between —1 and +1 using min-max normalization. Our
model can be extended to also include temperature measure-
ments, if available.

We use V, and I, to estimate the capacity (). during dis-
charge. The estimated SoH of cycle c then equals (Xiong,
Li, & Tian, 2018):

Qe
Qnom ’

where Q,om denotes the initial, nominal capacity of a new
battery.

SoH,. =

(D

The number of measurements per cycle ¢, ¢(c), varies from
cycle to cycle. We therefore estimate the SoH using a Re-
current Neural Network (RNN) with zero padding and mask-
ing. We specifically use a Bidirectional Gated Recurrent Unit
(Bi-GRU) neural network. To enhance the explainability of
the GRU and improve its ability to learn complex, long pat-
terns, we add a hierarchical attention mechanism (Yang et al.,
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Current I  Voltage V

Bi-GRU with Context Quantile feed-
Sensor data attention vector  forward layers
Figure 1. Overview of the considered SoH estimation model, where x; = [V, I{], i € {1,2,...,t(c)} and h; denotes the

output vector of the BiGRU layer with hierarchical attention at time £.

2016). The output of the Bi-GRU attention layer with hi-
erarchal attention is a context vector, which we subsequently
input in several feedforward layers to predict the capacity Q..
Figure 1 shows the model architecture.

2.2. Estimation of aleatoric uncertainty using SQR

The aleatoric uncertainty is the irreducible uncertainty that is
inherent to the relationship between the inptus (voltage and
current measurements) and output (capacity estimate) of the
model. Aleatoric uncertainty can be estimated by training
a model to minimize the quantile loss function (Koenker &
Hallock, 2001). The quantile loss function for a considered
quantile « € [0, 1], also called the pinball loss function, is:

N
L) =) wQi— Q2 )
=1

with A
a:{l—a Qi— Q¢ <0 3

W N )
! Qi—Q¥>0

Here, Q; is the true capacity of sample ¢, Qf‘ is the output of
the model for sample 7 and quantile «, and NV is the number of
samples. The quantile loss function is based on the standard
L1 loss function, and the optimal loss is reached by predict-
ing Q? such that it equals the a-quantile of the capacity of
sample 7 (Tagasovska & Lopez-Paz, 2019). For instance, for
the oo = 0.1 quantile estimate of the capacity Q?'l, the loss is
minimized if we predict Q%' such that there is a 10% prob-
ability that the true capacity falls below Q?!, and that there
thus is a 90% probability that the true capacity exceeds Q)-'.

In standard quantile regression, a separate model is trained for
each quantile o. One can subsequently estimate the Cumula-
tive Distribution Function (CDF) of the capacity of a single

sample ¢ by computing the « quantile estimate for different
values of a. Unfortunately, this might lead to “quantile cross-
ing”, which means that the estimated quantiles do not mono-
tonically increase (Waltrup, Otto-Sobotka, Kneib, & Kauer-
mann, 2015). For instance, we get an invalid CDF if we es-
timate that the & = 0.2 quantile equals 1.7 Ah, while the
a = 0.3 quantile estimate is only 1.5 Ah. Moreover, training
a separate model for each quantile is computationally expen-
sive.

We therefore instead use Simultaneous Quantile Regression
(SQR) (Tagasovska & Lopez-Paz, 2019). When training the
model with SQR, we sample a random quantile «(¢) from
the uniform distribution for each data sample i, i.e., a(i) ~
U [0, 1]. The loss function thus becomes:

N
£=>"wQ; - "], 4)
i=1

with w®") as defined in Eq. (3). For each sample 4, a(i)
is added as input to the first feedforward layer of the neural
network (see Figure 1). When training our model for multiple
epochs, we resample «(7) for each sample ¢ in each epoch.
By training our model with the SQR loss function, we have
a single model with which we can predict the quantile Q? of
any sample 7 for any value of « € [0, 1].

2.3. Estimation of epistemic uncertainty

The epistemic uncertainty is the reducible uncertainty that is
caused by a lack of knowledge, such as a lack of represen-
tative training data. We estimate the epistemic uncertainty
using Orthonormal Certificates (OC) (Tagasovska & Lopez-
Paz, 2019). First, we train the SoH estimation model with the
SQR loss function (Eq. (4)). Let g; o, denote the vector with
the output of the penultimate layer of the trained model, when
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we input sample ¢ and a quantile « € [0, 1]. We subsequently
remove the last layer of the neural network, and instead add a
new OC layer with weights w°C. The input of this OC layer
1S g; o, and the output is a vector of dimension m, denoted by
y?g Here, m denotes the certificate size, which is a tunable
hyperparameter. The OC layer has no activation function or
bias. This is illustrated in Figure 2.

gi,a yz(,)tf
Input
current and BiGRU
voltage layer .
sample 7
- RS
Fixed parameters Trainable

weights w®C

Figure 2. The OC layer used to estimate the epistemic uncer-
tainty. In this example, m = 3.

We subsequently retrain the neural network, but we only up-
date the weights wOC of the new OC layer. All other pa-

rameters of the neural network are frozen. We minimize the
following loss function:

1 Y A T 2
E:N;ﬁ (0,y3§)+%HwOC (W) — m” (5)

Here, £’ equals:

£(0,52%) = > w0 - y2S[5]] (6)
j=1
with
) o . o _OC .
w® — L—a() 0-yialil <0 7
K a(i) 0-yPslil >0

where a(i) is sampled from an uniform distribution ¢/ [0, 1]
and y?g [j] denotes the j™ element of the vector y?g Note
that £’ equals the loss function in Eq. (4), except that the
ground truth is zero for each element in y?g We thus train

the neural network to map each element in S to zero.

The second term in Eq. (6) prevents that the calculation of
different elements in yf’g is (nearly) the same, i.e., to prevent
that the weights w© are equal for each output yzog [4, 4 =

1,...,m. Here, X is a hyperparameter, I, is the m x m
identity matrix, and we employ the Frobenius norm:

o 29" -1 -
m 2

> i (0 (@) = 1) ®)

i=1 j=1 t

where A;; denotes the element in the i row and j™ column
of a matrix A.

After retraining, the model learned to map the output of the
penultimate layer, g; ., to a vector with zeroes for the training
samples. However, if a test sample differs from a training
sample, i.e., if it is OOD, we expect that the model does not
succeed in mapping it to a vector with zeroes. We therefore
compute the epistemic uncertainty u; of a sample ¢ by taking
the mean of y?g' 5

m

1 oC .\2
Ui = m Z (%,0.5[3]) . ©))
j=1
Here, we enforce ao = 0.5 to prevent that sampling different
values of « influences the epistemic uncertainty estimate.

The epistemic uncertainty is unitless, and can therefore not
directly be integrated in the CDF of the capacity, as esti-
mated with SQR. We instead use the estimated epistemic un-
certainty to label samples either “in distribution”, if wu; is
close to zero, or OOD, if u; is significantly higher than zero.
Specifically, as in (Tagasovska & Lopez-Paz, 2019), we as-
sume that most training data samples are in distribution. We
then calculate the 95" percentile of the epistemic uncertainty
across all training samples as an OOD threshold. When vali-
dating and testing the model, we label a sample as OOD if the
estimated epistemic uncertainty is higher than this threshold.

3. CASE STUDY AND RESULTS

In this Section, we first introduce the case study in Section
3.1. We subsequently introduce the evaluation metrics in Sec-
tion 3.2. Last, we present the SoH estimation results with
aleatoric uncertainty in Section 3.3, while we present the epis-
temic uncertainty in Section 3.4.

3.1. Case study

We apply our methodology to the fast charging dataset pub-
lished by the Toyota Research Institute (Severson et al., 2019).
We consider batch 3 of this dataset, containing 46 1.1Ah
phosphate based lithium-ion batteries. During a cycle, a bat-
tery is charged with a battery-specific 2-phase fast charging
protocol, and subsequently discharged with the traditional Con-
stant Current - Constant Voltage (CC-CV) procedure (dos Reis,
Strange, Yadav, & Li, 2021). When charging the battery, there
are two “blocks” of Constant Current (CC), where the current
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is significantly higher than in the traditional CC-CV charging
procedure. When the battery is charged for roughly 80%, the
standard CC-CV procedure is followed instead. These cycles
continue until the battery reaches its End-of-Life (EoL), in a
controlled environment with a constant temperature of 30°.

Table 1. The considered training, validation and test split.

Set \ Battery names (“B3_...")
Train 1,2,3,4,6,8,9,12,14,15,16, 17, 18, 19, 20,
21, 22, 25, 27, 31, 33, 44, 35, 36, 37, 38, 41,
42,43,44, 45, 46
Validation | 7, 10, 13, 24, 28, 39, 40

Test 5,11, 23, 26, 29, 30, 32

We randomly divide the 46 batteries with a 70% training, 15%
testing and 15% validation split, as given in Table 1. With
this, we finetune the hyperparameters of the SoH estimation
model, as given in Table 2. We train the model in PyTorch
using the AdamW optimizer.

Table 2. Hyperparameters for the SoH estimation model.

Hyperparamer Value
BiGru with attention
Hidden state size 16
Attention size 32
Attention dropout 0.1
Feedforward Iayers
Number of layers 4
Number of neurons per layer | 33/128/128/1
Activation function ReLU
Data
Sampling rate 10 sec.
Optimizer
Number of epochs 150
Weight decay 1.0E-05
Mini-batch size 64
Initial learning rate [, 1.0E-03
Reduce [, factor 0.2
Reduce /,- patience 5 epochs
Reduce I, sensitivity 1.0E-05
Early stop patience 10 epochs
Early stop sensitivity 1.0E-06

3.2. Evaluation metrics

We evaluate the median predictions of our model with @ =
0.5 using the RMSE and MAE:

_ 1 a 0.5
RMSE = | — ;Zl(Qi —QV-5)2 (10)
1 N
- . A0.5
MAE = — ;:1 1Q; — Q%) (11)

where NV denotes the number of test samples.

We also evaluate the predicted CDF of the capacity, as esti-
mated with the aleatoric uncertainty, with a calibration curve

(Nemani et al., 2023; De Pater & Mitici, 2022). For instance,
assume that we consider a quantile of « = 0.3, and that we
make for N = 1000 test samples, a prediction of the capac-
ity Q%3 (i € {1,2,...,1000}). For one individual sample
i, we then thus predict that the capacity is lower than Q-3
with a 30% probability, and that the capacity is higher than
QY3 with 70% probability. Ideally, if we would do this for a
1000 samples, we would thus observe in reality that for 300
samples, the true capacity is lower than -3, and that for 700
samples, the true capacity is higher than Q%-3. A calibration
curve is used to test this desired property for different quan-
tiles.

1.0 |
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. / 4
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T 04 s 7 i
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c /7 |
o / .
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O /|l
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- ”
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Figure 3. Overview of the ideal, an under-confident and a
overconfident calibration curve.

Specifically, we define the observed confidence ¢ as:

N
e= Y s(Qel@n ), a2
=1
with

- Ao o 1 Qi € [QA?’J’_OO)
) (Qz € [Q; 7+00)) - {0 Otherwise (42

We aim to observe a confidence level of ¢* = 1 — a. We are
overconfident if we observe that ¢ < 1 — «. For instance, in
our example with a = 0.3, we aim to observe a confidence
level of é9-3 = 0.7. If we observe a smaller confidence level,
for instance ¢°3 = 0.6, then we predict that the probabil-
ity that the true capacity is larger than Q% is 70%, but we
observe that it is only 60%. The probability that the true ca-
pacity is lower than Q%3 is then 40% instead of 30%. Such
overconfident predictions might endanger the safety of opera-
tions in safety-critical battery applications. If we observe that
¢* > 1 — a, we are underconfident, which might lead to un-
derusing the capabilities of the battery. This is illustrated in
Figure 3.
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Figure 4. Estimated capacity, with aleatoric uncertainty, for battery 5.
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Figure 5. Estimated capacity, with aleatoric uncertainty, for battery 29.

3.3. Results: Estimated capacity and the aleatoric uncer- 1.0 H2 o= Observed Calibration
tainty --- Reference Calibration

In this section, we evaluate the estimated capacity and the
aleatoric uncertainty of the batteries. For the median predic-
tions, with o = 0.5, we obtain a RMSE of 0.00343 Ah, and
a MAE of 0.00231 Ah. Our model is thus able to accurately
predict the capacity with only small errors. Figure 4 and 5
further illustrate the results for battery 5 and 29, respectively.
For battery 5, the estimated capacity is highly accurate, with
a very narrow confidence interval that contains the true ca-
pacity. For battery 29, however, the capacity is consistently
slightly overestimated. The 98% confidence interval of the
estimated capacity for this battery is also very narrow, but un-
fortunately, the true capacity does not always fall inside.

< o o
IS o ©

Observed Confidence [-]

o
N

0.0

0.0 02 0.4 06
Figure 4 and 5 also show that near the EoL, the median es- Confidence Level [
timated capacity is higher than the true capacity, Moreover,
the estimations are more uncertain, as indicated by the wider
confidence intervals. This is the case for all test batteries.

This might be because the charging time usually decreases as

0.8 1.0

Figure 6. Calibration curve for all test batteries.

the battery ages, due to the decreased capacity. Since we use ~ May have learned that the capacity decreases when the in-

a variable length sequence as input to the model, the model ~ Put sequence becomes shorter. For the last few cycles before
the EoL, however, the charging time instead increases again.
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Figure 7. The attention weights of the model, as a function of time, for each cycle of battery 5
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Figure 8. The estimated epistemic uncertainty for battery 5.

This is because during the 2-phase fast charging procedure,
the voltage threshold is reached relatively early. The current
is therefore gradually decreased, which increases the charg-
ing time.

Figure 6 shows the calibration curve. We observe that we
achieve a near-ideal calibration, where we are slightly under-
confident for most confidence levels. Moreover, in Figure 4
and 5, we observe that the confidence intervals are very nar-
row. This was observed for all test batteries. We can thus es-
timate the capacity accurately with a high confidence. How-
ever, when considering a high confidence level of 99%, the
model becomes overconfident: We predict that the probabil-
ity that the capacity is lower than Q%% is 1%, while in re-
ality, it is larger than 1%. This is undesirable, as for safety-
critical applications, operations and battery replacements will

be planned based on these estimates at high confidence levels.

Last, we visualize the attention weights in Figure 7 for bat-
tery 5 over the different cycles. The model usually focuses
its attention on the measurements at the end of the charging
cycle, in the traditional CC-CV part. As the charging time
decreases when the battery degrades (except near the EoL),
the attention weights shift slightly backwards in time as well.
This is in line with the research in (Roman et al., 2021), where
features for SoH estimation are created based solely on the
CC-CV part. However, near the EoL, the model also focuses
on the fast charging part. This may be an additional reason
for the relatively poor model performance near the EoL.
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Figure 10. The estimated epistemic uncertainty for battery 5,
during training.

3.4. Results: Epistemic uncertainty

We estimate the epistemic uncertainty using an OC layer with
128 neurons, which we trained using the Adam optimizer for
10 epochs, a regularization factor A of 1 and a learning rate
of 1.0E-3. The OOD threshold equals 8.009-1079, i.e., we
label a sample as OOD if its epistemic uncertainty exceeds
this threshold. Figure 8 shows the results for battery 5, while
Figure 9 shows the results of battery 29. The epistemic un-
certainty is consistently low for the first 90% of the cycles
of both batteries. In general, for all test batteries, no OOD
samples are detected in the first 90% of the cycles. This is
in line with the accurate estimates of the capacity for the test
batteries, except near the EoL. The epistemic uncertainty thus

when masking the last 40% of the cycles of each training battery

correctly indicates that the model can be trusted in this region.

Near the EoL of battery 5 and 29, however, the epistemic un-
certainty increases. This also occurs for the other test batter-
ies: In the last 10% of the cycles, on average 36% of the sam-
ples is labeled as OOD. This is in line with the relatively in-
accurate capacity estimations near the EoL (see Section 3.3).
This shows that by splitting up the estimation of the aleatoric
and the epistemic uncertainty, we can correctly identify when
the SoH estimation model cannot be trusted: In this regions,
the epistemic uncertainty is high and we have many OOD
samples. In practice, this would allow human intervention,
for instance by manually inspecting the sensor data, or by
taking a larger safety buffer when planning operations.
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Interestingly, only 1.5% of the training samples are near the
EoL and have an increased charging time compared to the
previous cycles. Test samples near the EoL with a relatively
long charging time are thus indeed different from the majority
of the training samples. This shows that the epistemic uncer-
tainty correctly labels test samples as OOD. However, for re-
liable SoH estimations near the EoL of the battery, we would
need to either employ a different model with a constant input
length, or to consider another dataset with more samples near
the EoL of the battery.

We subsequently train our model with only the first 60% of
the cycles per training battery, while we estimate the capacity
of all cycles of the test batteries. In a practical application,
such a situation would occur if an operator decides to use the
batteries for a longer period of time. Figure 10 shows the re-
sults for battery 5. After 60% of the life cycles, the model
still provides accurate capacity estimations, even though the
model was not trained on samples of this region. The epis-
temic uncertainty remains relatively low as well, indicating
that these predictions are indeed relatively trustworthy. Af-
ter roughly 900 cycles, however, the capacity estimation be-
comes less accurate. This is not captured by the aleatoric
uncertainty, as the confidence intervals remain narrow. The
epistemic uncertainty, however, clearly increases, thus cor-
rectly indicating that the model outcomes are not trustworthy
anymore.

4. CONCLUSION

In this paper, we use a Bi-GRU neural network with hierarchi-
cal attention to estimate the capacity of a battery based on the
voltage and current measurements obtained during charge.
We use SQR to estimate the aleatoric uncertainty of these
estimates, while we employ OCs to estimate the epistemic
uncertainty. We test our approach on the fast charging dataset
published by the Toyota Research Institute (Severson et al.,
2019). Our model provides accurate estimates, with a RMSE
of only 0.00323 Ah. The estimations are especially accurate
during the first 90% of the cycles of each test battery. In this
region, the aleatoric uncertainty provides a narrow confidence
interval for the capacity, but remains well calibrated, though
slightly underconfidendent. Near the EoL, however, the ca-
pacity estimations become less accurate. This is reflected by
the epistemic uncertainty, which increases near the EoL, thus
correctly indicating that the model becomes less trustworthy.

For future research, we will extend our model by predicting
the RUL of batteries by estimating how the SoH will decrease
over time. Moreover, we will test our epistemic uncertainty
approach with other experiments. Last, we will compare our
approach to different benchmarks, varying both the uncer-
tainty quantification method and the SoH estimation model.
Most importantly, we will also develop a model that has a
fixed sequence length as input. This might improve the pre-

dictions near the EoL and make the model more robust to
different hyperparameters.
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