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Abstract The increasing deployment of inspection drones for monitoring remote
and critical infrastructure presents new opportunities and challenges in asset man-
agement. These drones operate in demanding environments, where ensuring opera-
tional reliability is essential. Among the various subsystems, battery health plays a
central role in determining mission success and safety. This chapter presents a phys-
ics-aware probabilistic approach for battery health management, integrating data-
driven techniques with physics-based models to improve the predictability of bat-
tery performance. At the core of this methodology lies a probabilistic machine learn-
ing model that provides uncertainty quantification, enabling more informed and ro-
bust decision-making. By incorporating this uncertainty-aware perspective into bat-
-ery discharge forecasting, the approach supports advanced digital maintenance
strategies. The methodology is demonstrated to drone-based inspections of offshore
wind energy infrastructure, highlighting its contribution to enhancing asset reliabil-
ity and enabling condition-aware maintenance strategies.
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1 Introduction

Unmanned Aerial Vehicles (UAVs) are widely used in civilian operations in-
cluding surveillance and inspection through their vertical take-off capabilities and
precision in remote environments rations (Valavanis and Vachtsevanos, 2015).
They significantly enhance safety and data collection efficiency in hazardous con-
ditions (Eleftheroglou et al., 2019). However, UAV reliability remains challenged
by battery limitations, payload constraints, and weather conditions that can cause
mission failures (Gatti et al., 2015).

Digital maintenance strategies highlight the critical role of Battery Management
Systems (BMS) in real-time diagnostics and intelligent decision support (Sierra et
al., 2019). These systems enable proactive fault detection and dynamic path replan-
ning to ensure mission continuity. However, accurate end-of-discharge (EOD) volt-
age prediction faces challenges from environmental uncertainties and measurement
errors (Sierra et al., 2018). In addition, reliable estimation of State of Health (SOH)
and Remaining Useful Life (RUL) are necessary to quantify battery degradation and
anticipate end-of-service conditions during operation. Integrating uncertainty mod-
eling into battery degradation analysis is essential for developing robust predictive
maintenance methodologies supporting autonomous UAV operations (Zhang et al.,
2022).

Battery health management methods are categorized as physics-based, data-
driven, or hybrid (Demirci et al., 2024; Vanem et al., 2021). Physics-based methods
use physical models, often updated with algorithms like Particle Filtering (PF)
(Djuric et al., 2003) or Unscented Kalman Filter (UKF) (Bai et al., 2023) to estimate
battery health. Data-driven approaches instead rely on degradation data to model
capacity fade (Mitici et al., 2023). Finally, hybrid methods integrate both strategies,
leveraging the accuracy of physical modeling and the adaptability of data-driven
techniques (Guo et al., 2015).

Physics-based Approaches

Physics-based approaches to battery degradation have been explored in various
studies. Daigle and Kulkarni (2013) proposed a prognostics method grounded in
electrochemical modeling, where the system state is updated using the UKF. This
approach yielded precise EOD predictions with quantified uncertainty, though it
demands the estimation of numerous parameters, complicating optimization. In an-
other contribution, Pola et al. (2015) developed an empirical state-space model for
estimating state of charge (SOC) and EOD using a PF. Their model accurately fore-
casted battery discharge duration and offered confidence intervals. However, it
lacked adaptability for multi-cell batteries due to a static open-circuit voltage curve.
In this direction, Sierra et al. (2019) designed a prognostics framework for Li-Po
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batteries that integrates a simplified battery model with evolutionary strategies for
parameter estimation. Their method includes a feedback mechanism to correct pro-
cess noise variance, reducing estimation bias. Nonetheless, such physics-based
methods often require intensive computation, limiting real-time deployment.

Data-Driven Approaches

Several data-driven methods have been proposed to overcome the limitations of
physics-based models (Ng et al., 2020). Data-driven methods, such as Artificial
Neural Networks (ANNSs), Gaussian Processes, and Support-Vector Machines, have
addressed EOD prediction and degradation inference (Ochella et al., 2022). Deep
learning techniques, including Convolutional Neural Networks (CNNs) (Couture &
Lin, 2022; Mitici et al., 2023), Recurrent Neural Networks (RNNs) (Guo et al.,
2024; Zhao et al., 2023), and hybrid models (Mazzi et al., 2024), excel in extracting
temporal features and mapping nonlinear relationships. However, purely data-
driven approaches face limitations in robustness for unseen data and uncertainty
quantification (Aizpurua et al., 2023; Arias Chao et al., 2022).

To improve uncertainty estimation, advanced methods like encoder-decoder ar-
chitectures with Monte Carlo (MC) dropout (Biggio et al., 2023), Bayesian tech-
niques (Zhang et al., 2022), and Probabilistic Neural Networks (Che et al., 2024)
have been developed. While these enhance prediction accuracy and uncertainty
quantification, data-driven models remain largely interpretability-limited, often
seen as black-box solutions.

Hybrid Approaches

Hybrid modeling approaches that combine physical principles with data-driven
techniques have gained attention for enhancing interpretability in predictions (Fink
et al., 2020). For instance, Yeregui et al. (2023) developed a model integrating a
Reduced Order Model (ROM) with a Long Short-Term Memory (LSTM) network
to estimate the %ﬁ in lithium-ion batteries. Nevertheless, this work did not analyze
uncertainty. Sitaildrly, Fernandez et al. (2023) introduced a Bayesian neural net-
work guided by physical knowledge to improve predictions in lateral-load test sce-
narios. Their model uses Approximate Bayesian Computation instead of conven-
tional loss functions, leading to better performance in prediction and uncertainty
quantification (UQ).

A related methodology involves Physics-Informed Neural Networks (PINNs),
which incorporate governing physical laws into the training process by embedding
them in the loss function. PINNs have shown strong results across engineering
fields, such as computational mechanics (Li et al., 2021), fluid dynamics (Raissi et


Liñan Garcia, Antonia Sonia
What does SOC mean? 

jalcibar
Thanks, is defined in the subsection "Physics-based Approaches".


4 J.Alcibar - A Probabilistic Physics-aware Battery Health Management Approach for Inspection
Drone Operations

al., 2020), material engineering (Zhang and Gu, 2021), and fault diagnosis (Feng et
al., 2023; Ni et al., 2023). More recently, Sun et al. (2023) proposed a physically
informed LSTM model for battery prognostics, though without addressing uncer-
tainty. Nascimento et al. (2023) used a physics-guided RNN framework with ROMs
and neural networks to model voltage discharge and represent model uncertainty.

r@/r 1. Summary of recent battery health-state estimation methods.

Ref. Dataset Model Output uQ
(Sierra et al., 2019) Operational ~ Physics based ~ *EOD, SOC Yes
(Sierra et al., 2018) Operational ~ Physics based ~ *EOD, SOC None
(Bai et al., 2023) Laboratory Physics based RUL Yes
(Hong et al., 2020) Laboratory Data-Driven RUL Yes
(Hsu et al., 2022) Laboratory Data-Driven **EODy,EOL  None
(Zhao et al., 2023) Laboratory Data-Driven SOH None
(Han et al., 2022) Laboratory Data-Driven SOH, RUL None
(Meng et al., 2023) Laboratory Data-Driven SOH None
(Biggio et al., 2023) Laboratory Data-Driven **EODy Partial
(Zhang et al., 2022) Laboratory Data-Driven RUL Yes
(Yeregui et al., 2023) Laboratory Hybrid SOC None
(Sunetal., 2023) Laboratory Hybrid SOH None
(Nascimento et al., 2023)  Laboratory Hybrid SOC Yes
Proposed Approach Operational ~ Hybrid **EODy Yes

Legend: *EODy: EOD time. **EOD,: EOD Voltage.

Table 1 summarizes recent advancements in battery health-state estimation and
emphasizes the key contributions of this research. As shown in the table, only a few
works have focused on analyzing drone battery data collected under real-world op-
erating conditions (Sierra et al., 2019, 2018). Most existing research relies on bat-
tery data obtained from controlled laboratory discharge processes. Additionally,
many analytical approaches fail to explicitly quantify or differentiate between data
uncertainty and model uncertainty. Addressing these gaps, this study introduces a
physics-aware probabilistic model that leverages real-world operational battery data
to quantify uncertainty.
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This paper presents a novel hybrid probabilistic approach for predicting EOD
voltage in Li-Po batteries. The method combines MC |dropout for epistemic uncer-
tainty and Negative Log Likelihood (NLL) loss for-aleatoric uncertainty within a
residual architecture. The approach integrates a physics-based discharge model with
a probabilistic error-correction component, reducing computational costs and data
requirements. The physics-based model extracts battery behaviour features without
complex electrochemical details, enhancing efficiency and scalability for complex
scenarios. This strategy offers a robust, efficient, and data-aware solution for battery
voltage prediction under uncertainty.

Subsequently, probabilistic error correction is implemented by explicitly inte-
grating uncertainty via CNN and MC dropout. A benchmarking analysis is con-
ducted to assess the accuracy and uncertainty of various probabilistic models.

The proposed approach effectively addresses various battery parameter errors,
such as calibration issues, enabling accurate EOD voltage prediction across diverse
drones. Its effectiveness is demonstrated using an industrial dataset from real drone
inspections involving varied manoeuvres and loading conditions, offering practical
value to drone fleet operators.

2 Understanding Predictive Uncertainty

Battery EOD voltage predictions can be evaluated based on both accuracy and
uncertainty. Uncertainty reflects the model’s confidence in its output (Heo et al.,
2018), but low uncertainty values alone do not guarantee reliability. This reliability
depends on calibration, meaning that the predicted uncertainty must align with the
true likelihood of error (Rathnakumar et al., 2023).

To build robust predictive models, it is essential to understand and represent the
sources of uncertainty present in the modeling process. In general, uncertainty in
machine learning is categorized into two main types: aleatoric and epistemic un-
certainty (Der Kiureghian and Ditlevsen, 2009). Capturing these uncertainties often
involves moving beyond deterministic point estimates and instead inferring full
probability density function (PDF) over predicted outcomes (Hiillermeier and Wae-
geman, 2021).

Aleatoric uncertainty arises from inherent randomness in the data-generating pro-
cess. This form of uncertainty is considered irreducible, as it stems from factors
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such as measurement noise or environmental variability (Kendall and Gal, 2017). It
reflects the stochastic nature of the world, and even with perfect knowledge of the
system, such variability cannot be eliminated. In predictive modeling, quantifying
aleatoric uncertainty requires characterizing the conditional distribution of the out-
put given the input, rather than just its mean (Tagasovska and Lopez-Paz, 2019).

T
1
Var(elX) = TZ 62 (X) Equation 1
t=1

here 02(X) indicates that the variance of residuals is dependent on X.

In contrast, epistemic uncertainty reflects the model’s ignorance or lack of
knowledge. Unlike aleatoric uncertainty, epistemic uncertainty is reducible: it can
be decreased by collecting more data, particularly in regions of the input space that
were underrepresented during training (Tagasovska and Lopez-Paz, 2019). This
type of uncertainty is especially relevant evaluating model robustness. One common
way to capture epistemic uncertainty is to examine the variability of predictions
across multiple models trained under different assumptions or initializations (Lak-
shminarayanan et al., 2017). Such ensemble-based approaches reveal the uncer-
tainty due to limited information, such as ambiguity in model parameters or archi-
tecture choices (Hiillermeier and Waegeman, 2021). Epistemic uncertainty is rep-
-esented as (Kendall and Gal 2017):

T T 2
Var(y) = %Z f(x,0)%— (%Zf (x, Ht)> Equation 2
t=1 t=1

where f(x,68;) denotes the output of the model for the t-th sample, x signifies
the sample in question and 8 represents the parameters of the model.

The total uncertainty (TU), which integrates both epistemic uncertainty (EU) and
aleatoric uncertainty (AU), can be expressed as follows (Abdar et al., 2021):

TU = EU+ AU Equation 3

This formulation ensures consistent units among the uncertainty terms and adheres
to the law of total variance, which governs uncertainty propagation in Bayesian pre-
dictive models.
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3 Uncertainty-Aware Battery Health Management
Approach

Figure 1 illustrates the proposed uncertainty-aware battery health management
approach, which consists of three main stages: (i) EOD voltage prediction, (ii) post-
processing UQ and (iii) health state diagnosis.
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Figure 1. Uncertainty-aware battery health management approach.

3.1 EOD Voltage Prediction

This section details Step 1 of Figure 1. The EOD voltage prediction combines a
physics-based model with a data-driven model in an error-correction configuration.
Before these steps, a preprocessing stage is performed to clean the monitored data
by removing empty variables, duplicate records, and erroneous sensor readings.
Missing values are imputed using average values to maintain data consistency.

The physics-based model captures the discharge behaviour of the battery. Given
the load at instant ¢, denoted as iq, it estimates the terminal voltage v'yy. This esti-
mate is then passed to the probabilistic data-driven model, which predicts the error.
Finally, the last stage applies dynamic error correction to estimate the discharge
voltage vag).

Physics-based discharge model

The physics-based discharge model is electrochemistry-based battery discharge
model is inspired from Daigle and Kulkarni (2013) and implemented through the
Prognostics Model Library (Teubert et al., 2023) from NASA Ames Research Cen-
ter. This model operates using a set of ordinary differential equations to determine
the total battery voltage, V(#), which is defined as the difference in potential between
the positive and negative current collectors, accounting for the resistance losses
come across these current collectors. The state-space of the battery model, x(2), in-
put vector, u(2), and output vector, y(?) are defined by the next equations (Salinas-
Camus et al., 2023):
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! ! I T .
x(t) = [qs,p: qb_p: 9sn 9pns v, Vn_p, Vn,_n] Equatlon 4
u(t) = [iapp] Equation 5
y(t) = [V] Equation 6

The state-space includes ¢ and V", corresponding to the charge on the electrodes and
the voltage differentials, respectively. The notations p and » indicate the positive
and negative electrodes, which are divided into two volumes representing the sur-
face layer (s) and the bulk layer (). The input vector, indicates the electric current
applied to the battery and the output vector denotes the discharge voltage of the
battery.

Probabilistic Data-driven

A probabilistic CNN was developed for the error-correction stage, leveraging
its strengths in feature extraction and uncertainty estimation. In drone operations,
identifying uncertainty is critical. Aleatoric uncertainty arises from inherent system
randomness, such as wind or sensor noise, while epistemic uncertainty results from
gaps in knowledge, including modeling errors. Distinguishing between these types
of uncertainties enables better decision-making and mitigate risks associated with
uncertain information.

CNNs are deep learning models designed to exploit local spatial or temporal pat-
terns, allowing them to capture meaningful structured features in high-dimensional
data (Xu et al., 2022). Applying Monte Carlo dropout during both training and test-
ing enhances their robustness and provides a more comprehensive probabilistic in-
terpretation (Choubineh et al., 2023; Mitici et al., 2023). Figure 2 shows the struc-
ture of the proposed CNN-based error-correction model, with each layer described
below.

3
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Activation = RelLu Loss = NegLogLikelihood

Figure 2. Structure of the proposed uncertainty-aware CNN architecture.
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e [nput data: the input to the CNN is organized as a tensor. Each row represents

data sample obtained through windowing. Each column corresponds to a sensor

9

a

measurement from the inspection drone, such as the current load or the estimated

voltage computed using a physics-based model.

o Convolutional layers (Convl to Conv3 in Figure 2): These layers consist of

Convl1D layers, which apply a series of convolutional filters to extract features
from the input data. The filters scan the input sequence to identify distinctive
patterns related to the target prediction variable. In the context of battery behav-
ior, these filters specifically detect temporal patterns such as voltage-current dis-
charge characteristics, capacity degradation trends across cycles, and variations
in discharge profiles that indicate early-stage degradation signatures. Each con-

volutional layer uses 16 filters to generate the feature maps.

o Adaptive Average Pooling layer: In this layer, the average of all activations is
computed for each feature map, producing a single scalar value per map. This

operation reduces the spatial dimensions and provides a compact summary of
each feature map. This layer provides a fixed-size representation independent of
the input sequence length and offers a smoother, more stable summary than

max-pooling, which is advantageous given the noisy nature of battery signals.

o Fully Connected (FC) layers: these layers transform the extracted features into

predictions using activation functions. Two fully connected (FC) layers are
used, allowing the model to learn complex relationships and patterns from the

features. This enables accurate predictions based on the input data.

o OQutput layer: this layer generates the final output based on the inputs and the

learned weights fre previous layers. It includes two neurons, one repre-

senting the mean a

e other the variance, to capture both the expected value

and its associated uncertainty. To ensure the variance remains positive, an ex-

ponential activation function is applied to that neuron.

Table 2. Architectural and Optimization Hyperparameters of CNN.

Category Hyperparameter Value
Window-size 10
Convolutional layers 3
Number of filters 16
Kernel size 3
Architecture Padding Same
Initializer Xavier Uniform
Activation Rectified Linear Unit
Number of fully connected layers 2

Number of nodes in fully connected layers 64,32
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Loss Function NLL
Optimizer Adam
Optimization Learning Rate 0.001
Number of epochs 130
Monte Carlo dropout rate 0.1
Number of Monte Carlo inferences 100

Dropout layers are strategically placed between the fully connected layers during
training to prevent overfitting by randomly deactivating neurons in the network. At
inference time, the MC dropout technique is applied to approximate a predictive
distribution in a computationally efficient manner (Gal and Ghahramani, 2016). As
shown in Figure 3, during training, each distinct dropout mask effectively simulates
a different draw from the approximate posterior distribution over the model’s pa-
rameters. This stochastic sampling enables the estimation of epistemic uncertainty
by computing the variance (g2 in Figure 2) across multiple forward passes improv-
ing the model’s robustness and predictive accuracy.

O o
O O O
Figure 3. Use of dropout at test stage with MC sampling.

Finally, to capture aleatoric uncertainty, assuming it follows a Gaussian distri-
bution N(u, ¢°), the CNN architecture is modified to include an additional output
for the variance ¢, as shown in Figure 2. Combined with a negative log-likelihood
(NLL) loss function, this allows the model to learn uncertainty directly from the
data (Kendall and Gal, 2017).

i — p(x))? .
Ly Werueltt, 0?) = z LZa(x )2 —loga(xl)2 Equation 7
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where y; is the true value for the i-th element in the batch, u(x;) is the predicted
mean, and o (x;)? represents the variance of the distribution.

When the CNN predicts the target variable accurately, the estimated variance is low,
minimizing the MSE loss in Equation 7. In high data uncertainty scenarios, the CNN
increases the variance to reflect the noise. Thus, the variance (i) quantifies predic-
tion uncertainty and (ii) balances capturing data variability with avoiding overly
uncertain predictions.

This approach improves the ability of the CNN to provide accurate predictions
while capturing data uncertainty, making it a valuable asset for decision-making in
inspection drones.

3.2 Post-Process Uncertainty

This section describes Step 2 of Figure 1, which corresponds to the post-pro-
cessing stage. This stage aims to infer the total uncertainty to enhance decision-
making under uncertain conditions.
Total Uncertainty Quantification
Integrating aleatoric and epistemic uncertainty is essential for capturing and inter-

preting the total uncertainty within a system, process, or model. To address this,
Algorithm 1 outlines the complete procedure for quantifying total uncertainty.

Algorithm 1 Total Uncertainty Inference
1: Input: data X,.;, prediction model /(-), number of iterations N

2: Qutput: total uncertainty oy,

3: foreachie N do

4 [y, ”'fn] = h(Xiest,) > cf Figure 2
5 Vil =y » Store mean results
6: u:f\z[i] = rrf‘ > Store variance results
7: end for ’

8: § = mean(y) » Infer mean pred. values
9: o2 = var(y) > Infer Ep. Uncertainty
10: (ri = m«an(a‘é) > Infer Al. Uncertainty
Il opy = G‘i + (J'lz‘

12: return oy

Summing the squares of individual uncertainties emphasizes the contribution of
larger ones, as they have a greater influence on the overall measure. This approach
ensures that significant sources of uncertainty are not underestimated. Finally, tak-
ing the square root of the sum restores the total uncertainty to the original scale,
providing a interpretable measure of overall uncertainty.
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Battery Health-State Diagnostics

This section describes Step 3 of Figure 1. Drone health-management decisions
are made based on available data, observations, and evidence. In this context, UQ
plays a key role by accounting for model and data-related uncertainty, supporting
decision-making under uncertain conditions.

In the proposed methodology, uncertainty analysis is used to estimate the bat-
tery’s health state. A prediction interval, learned from healthy battery data, is de-
fined based on total uncertainty. When new flight data from the inspection drone is
available, (i) EOD voltage predictions are made considering this uncertainty, and
(i1) the result is assessed to determine whether the observed voltage falls within the
predicted range.

— Batt. Ok Health-State
— Eslirmated 1.0
— Batl. NOK

—

-

= -.8

— =

= MCP=0.9

=

=

L FICP=0,4 =0.6

]

(=’

w =04

Time (s)
Figure 4. Health-state inference example based on prediction interval quantification.

The Prediction Interval Coverage Probability (PICP) metric quantifies the pro-
portion of true values that fall within the predicted interval defined by total uncer-
tainty (Gonzalez-Sopefia et al., 2021). Figure 4 illustrates how PICP is used to infer
battery health. The green line shows cases where most true values fall within the
confidence intervals, indicating a healthy battery (Batt. OK). In contrast, the red line
highlights cases where most values lie outside the intervals, suggesting poor battery
health (Batt. NOK).

Based on PICP results, a health-state diagnosis is computed for each flight. This
metric is essential for evaluating predictive performance and serves as a key indi-
cator in the battery health diagnostic system.
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4 Case Study

The proposed approach is evaluated using data from multiple flights conducted
with inspection drones. These drones are used for the inspection of defects in off-
shore wind turbines, e.g. cracks, which are processed through on-boarding pro-
cessing software. All drones are equipped with Li-Po batteries. In this study, a sin-
gle cell extracted from a 6S Li-Po battery pack is analysed, where 6S denotes six
cells connected in series. The full battery pack has a nominal capacity of 30,000
mAh.

During each flight, several parameters are recorded, including load and
discharge voltage. Current is measured via an ACS758 Hall effect sensor placed
on the main positive wire to reduce the risk of short circuits. Voltage is monitored
using a filtered voltage divider circuit, helping to prevent false return-to-launch
events, especially under strong winds that cause sudden motor speed increases.
While external factors such as ambient temperature and pressure also influence
battery discharge, their effects are manifested through changes in current con-
sumption. Accordingly, it is assumed that the current variable implicitly captures
the environmental variability, and the estimation therefore relies on it to accurately
predict the EOD voltage.

Although ambient temperature and pressure can influence battery dis-
charge, their effects are largely manifested through changes in current consump-
tion. Because our model directly incorporates the load current, we assume that this
variable implicitly captures most of the environmental variability. For this reason,
temperature and pressure were excluded from the analysis. We note this as a limi-
tation and identify the explicit integration of these factors as future work.
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Figure 5. Available datasets for the flight #73.
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Figure 5 presents a sample of the variables collected per flight in this study.
The dataset comprises 26,156 samples gathered from 33 separate flight sessions.
The number of samples used for validation varies depending on the duration of
each flight. To process this large volume of data, a laptop with an Intel® Core™
15-10210U processor (1.60 GHz) and 16 GB of RAM was used, leveraging the
PyTorch framework for deep learning analysis.

Table 3 shows the distribution of how flight data has been split into training
and testing subsets over a three-year period. It also presents the total number of
recorded flights for each year.

Table 3. Train-test split on the flights within the dataset.

2021 2022 2023 Total
Train 18 3 3 24(72.72%)
Test 7 1 1 9 (27.27%)
Total 25 4 4 33 (100%)

The CNN hyperparameters shown in Table 2 were tuned based on the training da-
taset. Optimal performance was achieved using the Adam optimizer with a learn-
ing rate of 0.001, applying 16 filters, and configuring the two fully connected lay-
ers with 64 and 32 neurons, respectively.

5 Results

The validation of the proposed method is carried out in two stages. The first phase
involves benchmarking the accuracy and robustness of EOD voltage prediction
models to identify the most effective approach. The second phase addresses battery
health diagnostics, where flight data from different batteries is analyzed to estimate
uncertainty and evaluate their health status.

5.1 EOD Voltage Prediction

The predictive accuracy of the proposed CNN model has been compared with
other probabilistic models. Namely, Quantile Linear Regression (QLR) (Chung,
Neiswanger, et al. 2021), Quantile Regression Forest (QRF) (Meinshausen 2006),
and Quantile Gradient Boosting (QGB) (Friedman 2001) have been selected as
these probabilistic models exhibit high performance in analogous scenarios, demon-
strating robustness and accurate predictions across varied applications (Song et al.
2022; Bracale et al. 2023; Jiang and Meng 2023).
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Table 4 shows the Continuous Ranked Probability Score (CRPS) metric to eval-
uate the accuracy and calibration of the probabilistic forecasts (Zamo and Naveau,
2018), along with the corresponding standard deviations (std) tested on real flight
data (Table 3).

Table 4. CRPS (std) of different probabilistic models tested across real flights.

Flight Sample QLR QRF QGB CNN MC
#) (%) dropout
11 14.14 0.023 (0.007)  0.028 (0.021)  0.024 (0.019)  0.022 (0.003)
30 15.92 0.037 (0.013)  0.037 (0.024)  0.039(0.033)  0.023 (0.003)
39 15.51 0.017 (0.005) 0.027 (0.023)  0.021 (0.027)  0.016 (0.006)
44 3.99 0.031 (0.009) 0.036 (0.021)  0.033 (0.019)  0.026 (0.003)
69 13.83 0.029 (0.011)  0.034 (0.022)  0.035(0.031)  0.023 (0.002)
73 14.71 0.031 (0.009) 0.036 (0.024)  0.038 (0.034)  0.023 (0.003)
85 13.41 0.045 (0.014)  0.066 (0.037)  0.049 (0.056)  0.034 (0.008)
88 8.49 0.027 (0.007)  0.032 (0.019)  0.035(0.031)  0.022 (0.002)

TOTAL 100 0.027 (0.009)  0.037 (0.023)  0.034 (0.031)  0.023 (0.003)

CRPS metric is computed for each test sample within every flight, resulting
in a collection of CRPS values per flight. This collection is then modeled using a
Gaussian probability distribution, defined by its mean and standard deviation. A
smaller standard deviation indicates higher consistency between the predicted dis-
tribution and the actual outcomes. It is important to clarify that this standard devia-
tion refers to the variability of the CRPS values across samples, not the dispersion
of the predictive distribution itself.

Results indicate that the CNN MC dropout achieves superior performance com-
pared to the other probabilistic approaches. It yields both the lowest prediction error
and the smallest standard deviation, suggesting that its forecasts are not only more
accurate but also more stable and reliable.

Figure 6 provides an overview of error prediction for a single flight using various
data-driven error-correction methods. The results show that (i) all physics-aware
models effectively capture voltage discharge error dynamics, and (ii) each approach
incorporates different sources of uncertainty through probabilistic error estimates.
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Figure 6. Error correction performance across different models for flight #73 (a) Error
correction with CNN Dropout (b) Error correction with QLR (c) Error correction with
ORF (d) Error correction with QGB.

The performance results in Table 4 are consistent with the flight results in Figure
6. Specifically, the CNN with MC dropout achieves superior probabilistic accuracy
and reliability regarding voltage estimation errors and prediction consistency com-
pared to other evaluated models [see Figure 6(a)]. This is further supported by the
low standard deviation of 0.009 volts in Table 4. In contrast, Figures 6(c) and 6(d)
show the largest prediction errors and highest variance, which aligns with the data
for Flight #73 (QRF, QGB) in Table 4. Based on these errors, Figure 7 illustrates
the overall voltage drop of a single-cell battery alongside its uncertainty.

Evaluating the PDF is essential for quantifying uncertainty. To this end, calibra-
tion and sharpness are evaluated. Calibration reflects the statistical consistency be-
tween predicted distributions and actual observations, representing a joint property
of forecasts and empirical data (Jung et al., 2022). Sharpness indicates how concen-
trated the predictive distributions are, indicating how tightly confidence intervals
focus around a single value (Kuleshov et al., 2018).
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Figure 7. EOD Voltage estimation of a battery cell in Flight #73 using CNN MC drop-
out.

Figure 8 shows the calibration plots of the developed models, where the X-axis
represents predicted probabilities and the Y-axis shows observed outcomes. Ideally,
a well-calibrated model aligns along the diagonal, indicating close agreement be-
tween predictions and actual results. Calibration quality, illustrated by solid blue
lines, is assessed by the area between the calibration curve and the diagonal, referred
to as the miscalibration area, represented in blue shaded area. Smaller areas imply
better calibration (Tran et al., 2020). The CNN MC dropout model [Figure 8(a)]
displays the lowest miscalibration area of 0.04. In contrast, the QRF and QGB mod-
els have higher miscalibration areas of 0.21 and 0.23, indicating poorer calibration.
The QLR model falls in between, with a miscalibration area of 0.15, showing ac-
ceptable performance compared to the other quantile models.

At the same time, sharpness is assessed as a measure of how concentrated the
predictive distributions are (Tran et al., 2020). Since the model outputs are Gaussian
distributions, sharpness is typically quantified using the predicted variance. A lower
variance indicates a sharper distribution. However, it is important to note that there
is often a trade-off between how well a model is calibrated and the sharpness of its
predictions (Gneiting, Balabdaoui, & Raftery, 2007). Figure 8 illustrates the predic-
tive uncertainty distributions for all probabilistic models, with vertical lines repre-
senting their corresponding sharpness levels.
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Figure 8. Calibration and sharpness metrics for all UQ methods used in this study. (a)
CNN MC dropout model (b) QLR model (c) QRF model (d) QGB model.

As illustrated in Figure 8(d), QGB presents the lowest sharpness, indicating min-
imal variability in its predictions. However, this model also exhibits inferior cali-
bration, aligning with earlier findings. This highlights the necessity of balancing
calibration and sharpness. Within this framework, QLR stands out by achieving an
¢ffertive compromise between these two aspects, with a sharpness value of 0.04V,
own in Figure 8(b).

On the other hand, although the CNN MC dropout model exhibits the highest
sharpness, the difference compared with the other models is minimal [Figure 8(a)].
It achieves a sharpness of 0.05 V, only 0.01 V higher than that of QLR. This small
margin suggests that the increased sharpness of the CNN MC dropout model does
not significantly compromise its calibration.

The results demonstrate that the proposed probabilistic physics-aware model out-
performs alternatives in terms of CRPS, calibration, and sharpness. This superior
performance validates the contribution of the methodology and highlights its effec-
tiveness in predicting EOD voltage.

5.2 Health-State Diagnostic

Table 5 presents the estimated health-states derived from eight different drone
flights, each fitted with distinct distinct Li-Po batteries sharing identical capacity
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specifications. Specifically, each drone flight in the testing dataset employs unique
batteries with matching capacity characteristics. Battery degradation was qualita-
tively evaluated by experts, who classified battery health into categories of good,
medium, and bad based on their operational history and usage conditions. Never-
theless, this qualitative classification does not offer precise quantitative metrics. To
achieve quantitative degradation measurement, total predictive uncertainty is em-
ployed, represented numerically as illustrated in Figure 4, where 0 corresponds to
degraded battery health and 1 signifies optimal battery condition.

Table 5. Health-state estimation of different models for different real flights equipped
with batteries in different health conditions.

Flight #) QLR QRF QGB CNVMC Ground

dropout Truth
11 0.956 0.806  0.601 0.998 Good
30 0.602 0471  0.191 0.993 Good
39 1.0 0.841  0.605 0.997 Good
44 0.938  0.903  0.541 1.0 Good
69 0.834  0.659  0.306 1.0 Good
73 0.763  0.506  0.157 1.0 Good
85 0.283  0.184  0.068 0.948 Good
88 0.961  0.727  0.241 1.0 Good

A detailed analysis of the results presented in Table 4 indicates that the UQ mod-
eling based on the QGB method is less accurate in determining the true health-state
of the batteries across different flights. In comparison, the QRF method achieves
superior performance, with significantly better results in identifying the batteries
corresponding to flights #11, #39, #44, and #88.

On the other hand, the QLR method demonstrates robust health-state index mod-
eling for most batteries, except for flights #30 and #85. In these particular cases, a
substantial number of observations fall outside the uncertainty interval, pointing to
a suboptimal battery health condition.

Finally, the CNN MC dropout demonstrates the most effective uncertainty mod-
eling, successfully estimating health-states across various batteries, as validated by
domain experts. By integrating both aleatoric and epistemic uncertainties, the model
offers detailed and accurate insights, allowing the probabilistic CNN to produce a
Well-ca ted, uncertainty-aware health indicator (Abdar et al., 2021). This
method ncertainty quantification supports the final contribution of the work,
showing that jointly addressing aleatoric and epistemic uncertainty enhances the
overall quality of decision-making.
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6 Discussion

This research presents a robust probabilistic physics-aware battery health manage-
ment approach for inspection drones. However, before reaching conclusions, it is
important to discuss key aspects of the developed methodology in more detail.

6.1 Uncertainty Decomposition

The proposed CNN MC dropout method demonstrates enhanced performance in
both accuracy and uncertainty quantification (cf. Section 5.1). Notably, this ap-
proach quantifies aleatoric and epistemic uncertainty. As shown in Figure 9, the
blue region indicates data-related uncertainty, typically caused by sensor noise (ale-
atoric), while the purple-shaded region reflects model uncertainty (epistemic).
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Figure 9. Estimation of EOD Voltage Correction in Flight #73 using CNN MC dropout
for the Discrimination of Aleatoric and Epistemic Uncertainty.

The analysis shows epistemic uncertainty is greater than aleatoric uncertainty,
indicating that methods to reduce epistemic uncertainty like improving model cali-
bration or expanding training data could address the primary uncertainty source.
Distinguishing between uncertainty types is a crucial benefit of this method. The
proposed UQ approach offers important insights that enhance our understanding of
uncertainty compared to alternative probabilistic approaches (cf. Section 5).

6.2 Sensitivity analysis of dropout rate

To assess how the dropout rate affects the outcomes, this section examines
its impact on various performance measures. Using flight #73 as a benchmark, the
analysis evaluates how changes in the dropout rate influence calibration, sharpness,
and CRPS metrics. The resulting findings are presented in Table 6.
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Table 6. Sensitivity analysis of dropout rate for the flight #73.

Dropout Rate Calibration = Sharpness CRPS
0.01 0.06 0.05 0.0178
0.05 0.09 0.09 0.0267
0.1 0.24 0.18 0.0482
0.15 0.28 0.21 0.0503
0.2 0.29 0.23 0.0561

The results show that the dropout rate has a significant impact on calibration,
sharpness, and CRPS. In particular, increasing the dropout rate from 0.01 to 0.2
leads to a deterioration in these metrics. Calibration shifts from 0.06 to 0.29, sharp-
ness increases from 0.05 to 0.23, and CRPS rises from 0.0178 to 0.0561. Therefore,
the choice of a dropout rate of p=0.1 in the experiments represents a balanced trade-
off between overfitting and high model uncertainty.

6.3 Limitations

Despite its contributions, this research faces several limitations. First, imple-
menting real-time processing on drones is challenging due to the computational cost
of CNNs and MC dropout. Second, the dataset may not fully capture the diversity
of operating scenarios, potentially excluding irregular or extreme environmental
conditions. It also exhibits a temporal imbalance, with most data concentrated in a
single year, which may hinder generalization. Third, the ground-truth health labels
rely on expert assessments and may introduce subjective bias. Fourth, all cells orig-
inate from a single battery manufacturer, limiting the applicability of the findings
to other chemistries or designs. Finally, the test set is relatively small and cross-
validation was not performed, reducing statistical confidence.

7 Conclusion

This research introduced a physics-aware drone battery health assessment ap-
proach combining physics-based models with probabilistic data-driven error pre-
diction. The methodology demonstrated robust uncertainty performance in predict-
ing battery discharge voltage while effectively quantifying data and model related
uncertainties

Empirical evaluation on EOD voltage data from real offshore wind turbine in-
spection missions showed that the probabilistic CNN achieved 14.8% better accu-
racy than QLR, with 37.8% and 32.3% improvements over QRF and QGB respec-
tively. The framework maintained high prediction performance even when applying
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a Li-Ion physics-based model to Li-Po batteries, suggesting potential for cross-
chemistry transfer, pending validation on other battery chemistries.

Future work will focus on computational efficiency using techniques such
as quantization (Cheng et al. 2018), tensor factorization (Kim et al. 2016), and low-
rank approximation (Tai et al. 2016). The integration of PINNs will also be explored
to incorporate physical constraints directly into the learning process, and bench-
marked against the current physics-aware approach. Alternatively, expanding the
dataset to include diverse operational scenarios, enriched with environmental sensor
data and controlled charge/discharge cycles, will improve model robustness.

Moreover, prediction accuracy could potentially be improved by applying cali-
bration techniques, such as isotonic regression (Kuleshov, Fenner, and Ermon
2018), and by comparing performance with models like Bayesian Neural Networks
to combine the strengths of different UQ methods (Alcibar et al. 2024). Finally,
while the framework provides decision support, it does not implement a complete
maintenance strategy or formal operational decision-making process.

=
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GLOSARIO:
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Particle Filtering (PF) Filtrado de Particulas
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Reduced Order Model (ROM) Modelo de orden reducido
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