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Abstract Accurate and efficient humidity estima-
tion is critical for various applications, particularly
with the rise of IoT devices and smart sensors where
computational resources are limited. A common issue
with many conventional humidity sensors is their slow
response dynamics, which restricts their performance
in applications requiring rapid, real-time data. This
work introduces a novel Machine Learning algorithm
for fast humidity estimation, based on analyzing the
voltage discharge dynamics across microelectrodes,
computationally frugal yet accurate estimation method
suitable for resource-constrained environments. We
propose a Physics-Informed Dimensionality Reduc-
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tion (PIDR) methodology that leverages an underly-
ing physical model – specifically, anomalous diffu-
sion governing the electric discharge between micro-
electrodes – to extract low-dimensional, physically
meaningful features from high-dimensional sensor
time series data. Neural Parameter Estimation (NPE),
trained effectively on synthetically augmented data
guided by limited experimental observations, maps the
voltage discharge curves to the anomalous diffusion
parameters of the physical model. These parameters,
representing a low dimensional physical space, are
then fed alongside temperature readings into a compact
Artificial Neural Network (ANN) for final humidity
prediction. This two-stage, physics-aware architecture
significantly reduces model complexity. Experimen-
tal results demonstrate the effectiveness of the PIDR
approach, achieving high prediction accuracy while
demanding significantly less computational effort and
trainingdata than traditional parameter estimation tech-
niques or purely data-driven deep learning models
applied to raw data. Our study highlights the successful
integration of physical principles with machine learn-
ing for developing efficient, interpretable, and robust
AI solutions tailored for smart sensors and sustainable
IoT applications.
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Physics-Informed Dimensionality Reduction
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1 Introduction

The precise and fast estimation of air humidity is
essential across a multitude of applications, ranging
from environmental monitoring and agricultural man-
agement to sophisticated industrial process control
[1–3]. While the proliferation of low-cost humidity
sensors offers widespread accessibility, these devices
often struggle with inherent limitations such as non-
linear responses, calibration drift, and susceptibility
to environmental factors, necessitating advanced sig-
nal processing techniques [4,5]. Capacitive sensors,
favored for their stability and cost-effectiveness [6],
measure humidity-induced changes in dielectric prop-
erties, oftenmonitored via electrical characteristics like
capacitor discharge times [7]. A significant drawback
of most humidity sensing technologies is their slow
response – often dictated by the diffusion-limited inter-
action of moisture with the sensing element – which
restricts their utility in dynamic scenarios. Machine
learning has emerged as a powerful tool to enhance the
accuracy of such sensors, compensating for errors and
linearizing outputs [5,6]. However, deploying sophisti-
catedMLmodels directly on resource-constrained sen-
sor hardware presents challenges regarding computa-
tional efficiency and the need for large training datasets.

This paper investigates the feasibility of a novel
humidity sensing approach based on analyzing the volt-
age discharge characteristics of a capacitor connected
across amicroelectrode gap immersed in the air sample.
The core principle relies on the fact that the discharge
dynamics are modulated by the conductivity of the air,
which is strongly influenced by humidity. Our primary
objective is to develop a predictivemodel that estimates
humidity H from the observed time-dependent volt-
age discharge curve ũ, potentially incorporating ambi-
ent temperature T as conditioning information. Cru-
cially, we aim to design a solution adhering to strict
constraints relevant for smart sensor applications: the
model must perform reliably even when trained on lim-
ited experimental data and must be computationally
frugal, suitable for deployment on low-power embed-
ded hardware.

To address these challenges, we propose a physics-
informedmachine learning framework centered around
the concept of Physics-Informed Dimensionality
Reduction. Instead of directly mapping the high-

dimensional voltage time series to humidity using a
potentially complex model, our approach first projects
the observational data onto a low-dimensional latent
space defined by the parameters of an underlying phys-
ical model. Specifically, we model the voltage decay
using principles of anomalous diffusion within the
microgap. Indeed, the experimentally-informedmathe-
matical modeling approach proposed in [8] has proven
effective in characterizing the transport properties of
electrical discharge, enabling the classification of flu-
ids with varying conductive and insulating properties,
including mixtures containing water. We then employ
Neural Parameter Estimation (NPE), a probabilistic
machine learning technique for parameter estimation
[9,10], to efficiently infer the key physical parameters
governing the observed discharge curve from the input
time series ũ. This NPE step, enhanced by training on
synthetic data generated via a GaussianMixtureModel
(GMM) prior, effectively reduces the dimensionality of
the input while retaining physically meaningful infor-
mation. The inferred low-dimensional physical param-
eters then serve as input to a final, compact Artifi-
cial Neural Network (ANN) trained to estimate the
humidity H . This two-stage approach leverages physi-
cal knowledge for interpretability and robustness, facil-
itates training with smaller datasets, and results in a
computationally efficient final model suitable for fru-
gal hardware.

Section 2.1 introduces the mathematical model
based on anomalous diffusion used to describe the
capacitor discharge phenomenon. Section 2.2 details
the Physics-Informed Dimensionality Reduction step,
discussing traditional Nonlinear Least Squares (NLS),
motivating the use of NPE, and describing the gen-
eration of synthetic data through GMM prior. Sec-
tion 2.3 describes the final humidity estimation stage
using a neural network trained on the inferred physi-
cal parameters. Finally, Section 2.4 provides a consol-
idated overview of the complete training and inference
pipeline. We validate our method through experimen-
tal analysis which is discussed in Section 3, where we
tested the accuracy of the method and also investigated
the possibility of further decreasing time costs, show-
ing that the estimation time can be effectively reduced
from 4 seconds to 0.5 seconds.
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1.1 Related Work

Humidity Sensors and Estimation
Estimation of air humidity is a critical task across

diverse domains, from industrial processes to environ-
mental monitoring and agriculture [1–3]. The increas-
ing availability of low-cost humidity sensors has
spurred significant interest in leveraging machine
learning techniques to enhance the accuracy and reli-
ability of humidity estimation [4,11,12]. Among the
various types of humidity sensors, capacitive sensors
are particularly attractive due to their favorable char-
acteristics such as good linearity, long-term stability,
and low cost [6]. These sensors operate on the princi-
ple of changes in the dielectric properties of a material
in response to moisture, leading to variations in capac-
itance. Monitoring the electrical behavior, such as the
discharge time of a capacitor, offers a direct and poten-
tially economical route for humidity sensing [7].

Several foundational works have explored the use
of machine learning to improve humidity sensing. [5]
addressed the inherent inaccuracies and drift often
associated with low-cost humidity and temperature
sensors. This study showed the effectiveness of train-
ing various machine learning models on data from
high-precision reference instruments to significantly
enhance the accuracy of the low-cost sensor readings.
This work highlighted the capability of machine learn-
ing to compensate for complex error sources, including
non-linear sensor responses and cross-sensitivities.

A particularly relevant study in [6] presented the
development of a low-cost, flexible capacitive humid-
ity sensor designed for integration into RFID labels
and microcontroller-based systems. Their approach
involved screen-printing techniques to fabricate the
sensor and a direct interface with a microcontroller
for capacitance measurement using an RC timing
method. Notably, they implemented a feedforward arti-
ficial neural network directly on the microcontroller to
effectively linearize the sensor’s non-linear response,
achieving high accuracy. This work exemplifies the
potential of combining printed electronics with embed-
dedmachine learning for accurate environmentalmoni-
toring in resource-constrained applications. The signif-
icant impact of this research is evidenced by its wide
citation in subsequent works focusing on areas such
as food moisture monitoring [11], flexible electronics
[13], interface circuits for capacitive sensors [14], and
direct sensor-to-microcontroller interfaces [15–18].

Further contributing to the development of direct
sensor interfaces, in [19] the authors introduced a cir-
cuit that allows for the direct connection of capac-
itive humidity sensors to a microcontroller, simpli-
fying the design and reducing cost and power con-
sumption. Their proposed three-signal auto-calibration
technique effectively compensated for offset and gain
errors, demonstrating the feasibility of accurate low-
cost humiditymeasurement systemswhere the sensor’s
inherent non-linearity becomes the primary limitation.

Beyond these initial studies, the field has seen a
growing interest in employing more advanced machine
learning techniques for humidity estimation. Deep
learning models, particularly Recurrent Neural Net-
works (RNNs) [20] like LSTMs [21] and GRUs
[22], have shown promise in capturing the tempo-
ral dependencies inherent in humidity data [23–25].
For instance, hybrid architectures combining Convolu-
tional Neural Networks (CNNs) and LSTMs [21] have
been explored to leverage the feature extraction capa-
bilities of CNNs and the sequence modeling abilities of
LSTMs for improved accuracy [26]. Statistical meth-
ods, including ARIMA models and Fourier analysis,
also remain valuable tools for identifying patterns and
forecasting humidity levels [26].

Parameter Estimation
Parameter estimation represents a fundamental prob-

lem in various scientific and engineering disciplines,
aiming to determine the unknown parameters of a
model based on observed data [27]. Traditional meth-
ods for parameter estimation often involve analyt-
ical techniques or iterative optimization algorithms
[28,29]. For instance, when dealing with non-linear
models, the method of nonlinear least squares [30] is
commonly employed to find the parameters that min-
imize the sum of the squared differences between the
observed data and themodel’s solution. These methods
typically require awell-definedmodel structure and can
be sensitive to initial parameter guesses and noise in the
data.

In recent years, machine learning has emerged as
a powerful alternative for parameter estimation, offer-
ing the ability to learn complex relationships directly
from datawithout explicit model specification [31–33].
Neural networks [34], in particular, can be trained to
map input data to the parameters of a model. When the
ML model is a neural network, we refer to this task as
neural parameter estimation, where the goal is to train a
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Fig. 1 Functioning Block Diagram. A capacitor is fully charged
from power supply (switch 1 open, 2 closed), then it is connected
to the microgap that allow electrical discharge (switch 1 closed
and 2 open). Switch n.1 connects themicrogap to 100 nF capaci-
tor,which is also connected by a second one to the supply voltage.

As pointed before, during the power supply charging, the capac-
itor is disconnected from the microgap (switch 2 closed and 1
open). By opening switch 2, the capacitor can be connected to the
microgap. The voltage on the microgap is measured by a signal
analyzer linked to it.

network to predict the parameters of a physical model.
In our case, a neural network is trained on sensor data
and corresponding physical parameters to directly esti-
mate them. This approach can be beneficial when the
underlying physical relationships are complex or not
fully understood, allowing the neural network to learn
the optimal parameters from the data.

Other promising machine learning methods for
parameter estimation involve more advanced neu-
ral network architectures. Mixture Density Networks
(MDNs) [9], for instance, can estimate the parame-
ters of a probability distribution (e.g., means, vari-
ances, mixing coefficients) rather than just a single
point value for the target parameters, allowing them
to model uncertainty or multi-modal parameter solu-
tions [10,35]. Furthermore, Physics-Informed Neural
Networks (PINNs) [36] represent a significant devel-
opment by integrating governing physical laws, often
expressed as differential equations, directly into the
network’s training process. This ensures that the esti-
mated parameters not only fit the observed data but also
adhere to known physical constraints, making PINNs
particularly suitable for solving inverse problems [37]
common in parameter estimation across various scien-
tific domains [38,39].

1.2 Problem Framework

Humidity Sensor The study of transport phenomena
offers a robust approach for the characterization of
materials. To implement novel general principles of
sensing signal processing within a particular context,
this research will explore the feasibility of developing

an innovative humidity sensor, which is based on the
discharge characteristics between microelectrodes.

The essential component of the experimental setup
is the microgap, which consists of a pair of microelec-
trodes fabricated via photolithography, separated by a
distance of a few micrometers.

The electrodes are separated by aminimum distance
ranging from 1.5 to 2.5 microns. A switch is employed
to connect the microgap to a 100 nF capacitor (refer
to Figure 1). This capacitor is further connected via a
second switch (n. 2 in Figure 1) to either a DC power
supply or dedicated electronics that facilitate a 5Vvolt-
age through a linked PC. While the capacitor is being
charged by the power supply, it is disconnected from
the microgap (with switch n. 2 closed and n. 1 open, as
shown in Figure 1). Subsequently, when the connection
between the power supply and the capacitor is disen-
gaged, the capacitor can be connected to the microgap.
The voltage across themicrogap is thenmeasured using
a signal analyzer.

In scenarios where the microgap is immersed in a
virtually perfect insulator or exposed to dried air, the
capacitor’s discharge time approaches infinity. How-
ever, in practical media, a current can traverse between
the microelectrodes over finite durations. This current
flow within the microgap can be utilized to character-
ize the ambient humidity levels as will be elucidated in
subsequent sections. Furthermore, the sensor is capable
of detecting relative humidity and exhibits sensitivity
to temperature variations.

Humidity Estimation Framework Let ũ ∈ R
K be a

time dependent observation, in our case the voltage
vector over time. Let us hypothesize that there exist
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a function u : t ∈ R
+ �→ u(t) ∈ R such that for

any k = 0, . . . , K − 1 holds uk = u(tk), for a given
partition {t0, . . . , tK−1} of a time interval [0, T ]. Since
observations aremade in a controlled environmentwith
negligible perturbations, we assume that noise does not
perturb this observation, and this does not lead to a loss
in generality. However, it could be possible to encapsu-
late noise in the observations, e.g. Gaussian noise, by
imposing that

ũk = u(tk) + εk for k = 0, . . . , K − 1 (1)

where εk ∼
iid

N (0, σ 2), with the parameter σ 2 assessing

the magnitude of the noise.
The objective of this analysis is to construct a predic-

tive model for the humidity H within the air between
the two shields of the capacitor, utilizing the given dis-
charge curve ũ. Humidity H ∈ [0, 100] is defined as
the proportionofwater vapor present in the atmosphere.
We posit the potential acquisition of an additional phys-
ical parameter, namely the environmental temperature
T , whichmay offer statistical insights into the observed
phenomenon. Consequently, our goal is to develop a
machine learning architecture that accepts time series
ũ ∈ R

K as input and, by conditioning on temperature,
forecasts the air humidity in the sensor’s surroundings.
Mathematically, this problem is formulated as identify-
ing the optimal parametric function fθ , parameterized
by the learnt parameters θ ∈ �, where� represents the
parameter space, ensuring that Ĥ = fθ (ũ, T ) approx-
imates as closely as possible the true humidity value
H .

Given the potential applicability of the technology
to smart sensors and intelligent devices, the architec-
ture is designed to adhere to certain epistemological
constraints:

• training data is collected in labs and requires human
expertise for setting the chamber, hence training
with small number of samples must not influ-
ence the performance (we do not want an over-
parametrized model),

• the architecturemust be frugal, i.e. computationally
efficient and able to run on low-powered and simple
hardware.

In this paper, we propose a comprehensive solution
to the aforementioned problem,which effectively satis-
fies the specified requirements. The approach involves
projecting the time series onto a physical latent space.

This is achieved by ensuring that the function u(·) is
delineated by a physical model, such as the solution
of a Partial Differential Equation (PDE), and that this
model is contingent upon individual parameters that
unambiguously characterize the input data ũ within a
low-dimensional manifold. We designate this concept
as Physics-Informed Dimensionality Reduction.

2 Physics Informed Dimensionality Reduction for
Humidity Estimation

In this section, we introduce and motivate our
physics-aware machine learning architecture for esti-
mating humidity using a frugal and efficient neural net-
work. Our approach leverages physical modeling prin-
ciples to improve interpretability and reliability while
maintaining computational efficiency.

In Section 2.1, we present the physical model under-
lying the analyzed phenomenon, specifically focusing
on anomalous diffusion within the capacitor microgap
[40]. This model serves as the foundation for our learn-
ing framework, ensuring that the inferred parameters
remain consistent with physical constraints.

Once the governing model is established, we intro-
duce physics-informed dimensionality reduction via
Neural Posterior Estimation (NPE) in Section 2.2. We
begin by discussing the nonlinear least squares (NLS)
method, a widely used yet computationally expensive
approach for parameter estimation. We then formally
introduce NPE, justifying its use from a probabilistic
perspective and highlighting its advantages in terms of
scalability and robustness. To further improve reliabil-
ity,we employ aGaussianMixtureModel (GMM)prior
to generate an extensive synthetic dataset, allowing the
NPE togeneralize effectively across diverse conditions.

In Section 2.3, we describe the final stage of our
pipeline: humidity estimation. Once the data is pro-
jected onto the low-dimensional physical latent space,
we train a compact artificial neural network on the
reduced observed dataset to accurately predict humid-
ity levels. An illustrative scheme is shown in Figure
2.

To improve clarity and readability, we provide a
structured overview of the entire methodology in Sec-
tion 2.4. This section summarizes both the training
routine and the real-time inference process, ensuring
a coherent understanding of our approach.
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Fig. 2 Schematic representation of the model architecture.
When a input signal ũ, it is mapped onto the low-dimensional
physical latent space P , i.e. the neural network gϕ∗ forwards it
to obtain the estimated diffusion coefficient D̂ and the exponent

γ̂ . Those two parameters, alongside the temperature T , initially
measuredby the sensor are concatenated andused as input feature
for the second neural network hψ∗ which outputs the prediction
for the humidity level.

2.1 A Mathematical Model for Anomalous Diffusion

Let x ∈ 	 = [0, 1] ⊂ R denote the spatial coordi-
nate within the microgap, and let t ∈ [0, T ] represent
the temporal coordinate. The diffusion of the voltage
v(x, t) in the capacitor is governed by the Gaussian
model with a Time-dependent Diffusion Coefficient
(TdDC) [8,40], which is expressed as

∂

∂t
v(x, t) = Dtγ−1 ∂2

∂x2
v(x, t). (2)

This equation introduces a temporal dependence in the
diffusion coefficient, given by D̃(t) = Dtγ−1. The
parameter γ ∈ (0, 2] determines the nature of the dif-
fusion process: for γ = 1, the equation reduces to stan-
dard diffusion, whereas for γ �= 1, it describes anoma-
lous diffusion. In particular, when γ ∈ (0, 1), the trans-
port slowsdownover time, potentially leading to a com-
plete halt (clogging). Conversely, for γ ∈ (1, 2], the
diffusion rate accelerates, resulting in a rapid increase
in transport, which may be interpreted as a burst-like
phenomenon or a micro-lightning event.

Following [8], appropriate initial and boundary con-
ditions are imposed to model the anomalous transport
dynamics within the microgap. The system is initial-
ized with an unbalanced voltage configuration, subject
to a reflecting boundary condition at x = 0 and an
absorbing boundary condition at x = 1. Specifically,
the initial and boundary conditions are given by

v(x, 0) = v0(1− x)n,
∂

∂x
v(0, t) = 0, v(1, t) = 0,

(3)

where v0 > 0 represents the initial potential applied at
the left electrode, and the exponent n is set to 100 to
impose a steep voltage gradient (see also [8] for further
investigations).

In this framework, the function u(t) describing the
observed phenomenon is defined as the voltage evalu-
ated at the left boundary,

u(t) = v(0, t) for any t ∈ [0, T ]. (4)

Given a uniform temporal partition {t0, . . . , tK−1} of
the interval [0, T ], the observations ũk are defined as

ũk = u(tk) = v(0, tk) for k = 0, . . . , K − 1. (5)

2.2 Neural Parameter Estimation with GMM
Sampling for Data Augmentation

It is possible to notice that the solution of Equation (2)
relies on two parameters, i.e. the diffusion coefficient D
and the exponent γ . For amore compact notation, let us
call those two physical parameters p = (D, γ ), and we
denote byP the space of admissible parameters. In our
case, since D > 0, and γ ∈ (0, 2], the admissible space
is P = (0,+∞)× (0, 2]. In order to explicitly link the
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Fig. 3 Comparison ofNLS andNPE in estimatingmodel param-
eters based on observed data (green curve) across different
humidity and temperature conditions. The black curves represent
physical model solution using parameters estimated via NPE,

while the red curves correspond to those estimated with NLS,
respectively u(t; p̂NPE) and u(t; p̂NLS). The voltage, expressed
in volts, is plotted over a 4000-millisecond observation window.

solution of the model to the physical parameters, we
write the physical model as u(t; p).

The core idea behind our method is to enhance
computational efficiency by reducing the input space
dimension (K ) to a low-dimensional space that maxi-
mizes the significance of the new features. This latent
space corresponds to the space of the physical param-
eters, i.e., P , which is a low-dimensional space. In our
case, |P| = 2, meaning |P| 
 K .

In this section, we focus on the inverse problem [27]
of finding the parameters p̃ ∈ P of the model that gen-
erate the observed sample ũk = u(tk; p̃) for a partition
of [0, T ], indexed by k = 0, . . . , K − 1. The state-of-
the-art technique for parameter estimation is the Non-
Linear Least Squares (NLS) method [30], [41]. In our
experimental evaluations, we used the Bayesian imple-
mentation of lsqcurvefit [42] in MATLAB. Illus-
trative comparisons between model solutions obtained
from parameters estimated both with NLS and NPE are
shown in Figure 3.

Non-linear Least Square Method The NLS method
aims tominimize the discrepancy between the observed
data and the model predictions by solving the least
squares problem. Specifically, for a fixed observation
ũ, the routine finds the optimal physical parameters by
solving

p̂ ∈ arg min
p∈P

K−1∑

k=0

|u(tk; p) − ũk |2. (6)

That is, the optimal parameters p̂ are those that min-
imize the �2-norm between the observed sample ũ ∈
R

K and the solution of the TdDC model with parame-
ters p ∈ P . Themost commonly used approach to solve
this problem is the Levenberg-Marquardt algorithm
[42], which interpolates between the Gauss-Newton
method and gradient descent. This is achieved by iter-
atively updating the parameters via

p(i+1) = p(i) − (J T J + λI )−1 J T r, (7)

where J is the Jacobian of the residuals, r = u(tk; p)−
ũk is the residual vector, andλ is the damping parameter
that dynamically adjusts the balance between Gauss-
Newton and gradient descent steps.

Although this method provides robust and precise
estimates, its computational cost makes it impracti-
cal for real-time applications and resource-constrained
devices such as smart sensors. The primary limitation
is that each iteration requires solving the PDE for the
current parameters, which is computationally expen-
sive. Since multiple evaluations are needed until con-
vergence, even highly optimized software can lead to
excessive time delays and computational burden.

Nevertheless, due to its high precision and robust-
ness, we used this technique as a preliminary step to
determine the ground-truth physical parameters of the
training set, which are otherwise unknown. In the fol-
lowing section, we discuss our proposedmethod which
mitigates these computational challenges.
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Neural Parameter Estimation Neural Parameter Esti-
mation (NPE) refers to the use of neural networks to
infer the parameters of a physical model from observed
data.Unlike traditional optimization techniques such as
Non-Linear Least Squares or Bayesian inference, NPE
leverages the approximation capabilities of neural net-
works to learn complexmappings between input obser-
vations and the underlying parameters of the system.
Formally, NPE defines a function, parameterized by a
neural network, that maps observed data to the physical
parameter space. Given a neural network with trainable
weights ϕ ∈ 
, the estimation function is expressed as

gϕ : u ∈ R
K �−→ gϕ(u) ∈ P, (8)

where gϕ(u) represents the predicted physical parame-
ters associated with the observation u. The parameters
ϕ are learned by minimizing a suitable loss function
over a training set.

Let D = {(un, pn) | n = 1, . . . , N } ⊂ R
K × P

be a dataset containing observations un ∈ R
K gen-

erated from the physical model with corresponding
parameters pn ∈ P , where each component satisfies
unk = u(tk; pn). To formally describe the estimation
problem, we introduce a probabilistic framework, fol-
lowing [9]. Specifically, we assume that u and p are
absolutely continuous random variables with a joint
probability density function π(u, p) satisfying

∫

RK×P
π(u, p) dp du = 1. (9)

By applying the standard decomposition of joint prob-
ability distributions, we express π(u, p) as

π(u, p) = π(p|u)π(u), (10)

where π(p|u) represents the posterior distribution of
the parameters given the observation u, and π(u)

denotes the prior distribution of the observations. Since
π(u) is typically high-dimensional and difficult to
model explicitly, NPE focuses on learning an approx-
imation of the posterior distribution π(p|u). In this
framework, parameter estimation is formulated as com-
puting the expected value of p given an observation u,
i.e. E[p|u]. This expectation serves as the optimal esti-
mator in the mean-squared error sense and provides a
probabilistic interpretation of the inferred parameters.

Learning the Map Learning the NPE map gϕ(u) con-
sists of finding the optimal weight configuration ϕ∗ that
minimizes the empirical error over a given training set
(un, pn)Nn=1. This corresponds to solving the optimiza-
tion problem:

ϕ∗ ∈ argmin
ϕ∈


1

2N

N∑

n=1

‖gϕ(un) − pn‖22, (11)

where ‖ · ‖2 denotes the �2-norm. This formula-
tion represents a standard regression problem, where
the objective is to minimize the average discrepancy
between the observed responses and the predicted
outputs. The function being minimized is commonly
referred to as the mean squared error (MSE) loss,
which can be optimized using various stochastic algo-
rithms, such as Stochastic Gradient Descent or Adam
[43].

Denoting the empirical loss function as LN (ϕ), the
optimal solution ϕ∗ minimizes LN (ϕ), making gϕ∗ the
best possible approximation given N training samples.
As N increases, the model’s predictions become more
accurate. This intuition is further supported by the fol-
lowing theoretical result, which connects neural net-
work regression with probabilistic parameter estima-
tion [34,44] and, more broadly, with generative mod-
eling frameworks [45].

As N → ∞, the empirical loss function converges
to its expected counterpart due to the Central Limit
Theorem:

lim
N→∞LN (ϕ) = lim

N→∞
1

2N

N∑

n=1

‖gϕ(un) − pn‖22

= 1

2
E(‖gϕ(u) − p‖22) = L(ϕ), (12)

where the expectation is taken with respect to the
joint probability distribution π(p, u). Exploiting the
linearity of expectation, we can express the loss func-
tion as

L(ϕ) = 1

2

Q∑

q=1

E(gϕ(u)q − pq)
2

= 1

2

Q∑

q=1

∫

RK×P
(gϕ(u)q − pq)

2π(u, p) dp du,

(13)
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where pq denotes the q-th component of the phys-
ical parameter vector p. To determine the optimal ϕ∗
minimizing L(ϕ), we impose the optimality condition

δL(ϕ∗)
δgϕ(u)q

= 0, ∀q = 1, . . . , Q. (14)

Computing the variational derivative and applying
this condition yields

∫

RK×P
(gϕ∗(u)q − pq)π(p, u) dp du = 0. (15)

Applying thedecompositionπ(p, u) = π(p|u)π(u)

and integrating with respect to π(p|u)dp we obtain
∫

RK×P
(gϕ∗(u)q − pq)π(p|u)π(u) dp du = 0

⇐⇒
∫

RK
[E(gϕ∗(u)q |u) − E(pq |u)]π(u) du = 0

(16)

which is true if and only if E(gϕ∗(u)q |u) = E(pq |u),
and since E(gϕ∗(u)q |u) = gϕ∗(u)q . This sums up to
the condition

gϕ∗(u)q = E(pq |u). (17)

Equation (17) establishes a fundamental result:
training a neural network for regression via MSE
minimization is equivalent to computing the condi-
tional expectation of the physical parameters given the
observed data, without requiring explicit assumptions
about the distributions of u and p.

GMM Sampling To train the NPE model, we require a
large synthetic dataset, denoted as

Dtrain = {(un, pn) : n = 1, . . . , N }.

In our experimental setting, however, we have access
to only a limited number of observed curves, for which
the exact physical parameters remain unknown. Specif-
ically, the available dataset

{ũn : n = 1, . . . , Nobs}

is small, with Nobs around 100. To ensure robust train-
ing of the NPE map gϕ∗ , a substantially larger number
of training samples is needed–ideally, N → ∞. Con-
sequently, we must augment the data.

When performing data augmentation and synthetic
data generation, selecting an appropriate prior distri-
bution π(p) over the parameter space P is crucial. An
unrealistic or mis-specified prior can severely degrade
the quality of parameter estimation.

Given a prior distribution π(p), the data generation
process follows a straightforward two-step procedure:

1. Sample pn ∼ π(p) for n = 1, . . . , N .
2. Numerically solve the PDE to obtain unk = u(tk, pn)

at each time step tk .

This results in a training dataset

Dtrain = {(un, pn) : n = 1, . . . , N },

where each sample pair (un, pn) ∼ π(u, p).
A key challenge is the selection of a suitable prior

π(p). A poorly chosen prior can lead to unreliable
parameter estimation. For instance, a uniform distri-
bution over P performed poorly, as it failed to cap-
ture correlations among parameters. To address this
point, we leveraged the robustness of the Nonlinear
Least Squares (NLS) method to estimate the gener-
ating parameters of the observed curves ũ. Denoting
these estimates as p̂NLS, we assessed their quality by
computing the residual norm for each observation:

K∑

k=1

|ũk − u(tk; p̂NLS)|2.

This allowed us to construct an empirical dataset

Dobs = {(ũn, p̂nNLS) : n = 1, . . . , Nobs},

where we treat the NLS-estimated physical parameters
as approximate ground truth.

Since P is a continuous space, a more flexible prior
was necessary. Instead of assuming a uniform distri-
bution, we modeled π(p) as a mixture of Gaussian
distributions:

π(p) =
J∑

j=1

α jN (μ j , � j ),

where α j are the mixture weights, and N (μ j , � j )

denotes a Q-dimensional Gaussian with mean μ j ∈
R

Q and covariance matrix � j ∈ R
Q×Q . This choice
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Fig. 4 GMM sampling with respect to the number of mixture
components J ∈ {2, 3, . . . , 9}. The scatter plots, with both axes
logarithmically scaled, depict the coefficients D and γ estimated
usingNLSon the observed curves, represented as black triangles,
which are considered as the ground truth, and the red circles illus-
trate the 100,000 samples derived from the various prior distri-
butions. It is observed that as the number of mixture components
increases, the sampling algorithms have a tendency to overfit cer-
tain modes, particularly those associated with a lower value of γ .

Conversely, when employing a smaller value for J , some regions
become under-represented, such as those exhibiting large values
of D. Therefore, a suitable balance between model complexity,
as well as the exploration and exploitation of data samples, was
identified in J = 5, which was subsequently utilized to sample
the dataset for training the NPE. The selection of J = 5 was
undertaken in order to minimize the Wasserstein-2 distance [46]
between the empirical data and the estimated GMM, see Table
1.

allowed for amore accurate representation of the under-
lying data structure, leading to a more effective syn-
thetic dataset and, ultimately, improved performance
of the NPE model. In Figure 4, we show the sampled
parameters for different number of mixture compo-
nents J . Algorithm 1 summarizes the procedure fol-
lowed to sample the synthetic dataset, used to train the
NPE.
Training the Parameter Estimation Training the NPE
on the simulated datasetDtrain allows learning the map

gϕ∗ , where ϕ∗ represents the optimal weight vector of
the neural network that minimizes the empirical loss
function LN (ϕ). Given that N is large (in our exper-
iments, approximately 105 samples), the trained net-
work provides an accurate and precise estimate of the
conditional expected value of the parameters given the
observations. This ensures that the learned posterior
distribution aligns closely with the underlying data-
generating process.
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Algorithm1 Synthetic DataAugmentationwithGMM
Sampling

Require: Lab measurements ũn ∈ R
K for n = 1, . . . , Nobs

Ensure: Sampled dataset Dtrain = {(un, pn) | n = 1, . . . , N }
1: for n = 1, . . . , Nobs do
2: Compute estimated parameters: p̂nNLS ← NLS(ũn)
3: end for
4: Dobs ← {(ũn, p̂nNLS) | n = 1, . . . , Nobs}
5: Estimate GMM parameters {α̂ j , μ̂ j , �̂ j }Jj=1 from { p̂nNLS |

n = 1, . . . , Nobs}
6: Fix N very large and sample pn ∼ π(p) =∑J

j=1 α̂ jN (μ̂ j , �̂ j )

7: for n = 1, . . . , N do
8: Numerically solve the PDEmodel: unk = u(tk; pn) for any

k = 0, . . . , K − 1
9: end for
10: Return Dtrain ← {(un, pn) | n = 1, . . . , N }

In our application, when the sensor acquires a new
time series ũ, the trained network gϕ∗ maps the sig-
nal onto a two-dimensional latent space representing
the physical parameters. Specifically, denoting the pre-
dicted diffusion coefficient by D̂ and the predicted
exponent by γ̂ , we obtain

{
D̂ = gϕ∗(ũ)1 = E[D|ũ]
γ̂ = gϕ∗(ũ)2 = E[γ |ũ]. (18)

Thus, the first output neuron of the NPE network cor-
responds to the estimated diffusion coefficient, while
the second neuron provides the predicted exponent.

To optimize the network, we employ the ADAM
optimizer [43]. The trainingobjective is tominimize the
MSE loss, ensuring that the estimated posterior remains
close to the true parameter distribution.

2.3 Humidity Estimation with Artificial Neural
Networks

Now that we have accurately trained the Neural Pos-
terior Estimator (NPE), the map gϕ∗ serves as a non-
linear function that projects the input time series onto
a low-dimensional, interpretable physical space. This
transformation effectively acts as a denoiser, as it com-
presses high-dimensional data into a two-dimensional
representation while maximizing expressiveness.

The final block of the architecture consists of a shal-
low regression network designed to predict humidity
based on three physical inputs: the physical parameters

inferred by theNPE and the temperature of the chamber
where the capacitor is placed. Specifically, we define
the regression network as a mapping

hψ : P × R −→ R

(D̂, γ̂ , T ) �−→ Ĥ = hψ(D̂, γ̂ , T ),
(19)

where D̂ and γ̂ are the predicted physical parameters
from the NPE, T is the temperature, and Ĥ is the pre-
dicted humidity.

The optimal weightsψ∗ are obtained byminimizing
the Mean Squared Error (MSE) loss function with the
ADAM optimizer [43], solving the optimization prob-
lem

ψ∗ ∈ arg min
ψ∈�

1

2Nobs

Nobs∑

n=1

(hψ(D̂n, γ̂ n, T n) − Hn)2.

(20)

Since the humidity prediction model is trained on
real laboratory measurements, the regression network
must remain shallow. This is because temperature and
humidity are not directly linked to the discharge curve
through an explicit physical model. Instead, their rela-
tionship is a black-box function that we learn from data
using the overall architecture.

To train the ANN for humidity estimation, we use
observed experimental data consisting of time series
measurements ũn alongwith the corresponding temper-
ature T n and humidity Hn (i.e., the target variable) for
n = 1, . . . , Nobs. Since the model must be autonomous
and efficient, while also leveraging the feature extrac-
tion capabilities of the trained NPE gϕ∗ , we train hψ

on the dataset

D = {(gϕ∗(ũn), T n, Hn) | n = 1, . . . , Nobs}, (21)

where gϕ∗(ũn) = (D̂, γ̂ ).
Thus, training the overall model consists of two

phases:

1. Training the NPE gϕ on realistic synthetic data
to learn the mapping from time series to physical
parameters.

2. Training the final regression layer hψ on observed
experimental data, where input features are first
dimensionally reduced using the trained NPE gϕ∗ .
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Algorithm 2 Training the Model

Require: Lab measurements ũn ∈ R
K , with temperature T n

and humidity Hn for n = 1, . . . , Nobs
Ensure: Trained blocks gϕ∗ and hψ∗
1: Use Alg. 1 to simulate the dataset {(un, pn) | n = 1, . . . , N }

with GMM to train the NPE for dimensionality reduction gϕ

2: Train gϕ by minimizing the empirical loss Lg
N (ϕ) =

1
2N

∑N
n=1 ‖gϕ(un) − pn‖22 with stochastic optimizer, obtain-

ing the weights ϕ∗
3: Train the humidity predictor hψ by mapping the observed

data onto the latent space, jointly with the temperature, i.e.
on {(gϕ∗ (ũn), T n, Hn) | n = 1, . . . , Nobs} byminimizing the

empirical loss Lh
Nobs

(ψ) = 1
2Nobs

∑Nobs
n=1 (hψ(gϕ∗ (ũn), T n) −

Hn)2

2.4 The Algorithm

In this section, we provide a summary and some
remarks on the overall algorithm. Our objective is to
learn a parametric function fθ that maps a potential
discharge observation and the corresponding ambient
temperature to an estimate of humidity. To achieve this,
we employ a two-block architecture, illustrated in Fig-
ure 2, which leverages the underlying physical model
to construct an efficient humidity estimator.

The first block, denoted as gϕ∗ , performs physics-
informed dimensionality reduction (NPE), projecting
the time series data onto a two-dimensional latent
space. The second block, a shallowneural network hψ∗ ,
takes as input the extracted physical parameters along
with the chamber temperature and predicts the corre-
sponding humidity value.

Formally, we express this relationship as:

fθ∗(ũ, T ) = hψ∗(gϕ∗(ũ), T ) = Ĥ , (22)

where Ĥ represents the predicted humidity. The param-
eter space � = 
 × � is the Cartesian product of
the parameter spaces of the two blocks. Consequently,
the optimal parameters for the architecture are given
by θ∗ = (ϕ∗, ψ∗), obtained through a two-stage opti-
mization procedure. TheNPE is trained on a large-scale
synthetic dataset, while the final regression network is
trained on the collected experimental data.

Algorithm 2 outlines the training routine employed
to optimize the architecture.

3 Experiments and Results

This section presents the experiments conducted to
evaluate our approach for fast humidity estimation
using Physics-Informed Dimensionality Reduction
(PIDR). Section 3.1 describes the experimental setup,
including the selected architectures, hyperparameters,
and dataset construction and split. Section 3.2 ana-
lyzes the results in terms of accuracy and computational
efficiency, comparing the performance of the architec-
ture when employing the NLS method versus NPE for
parameter estimation. The results indicate that apply-
ing PIDR significantly improves model predictions–
without it, achieving accurate predictions is not guar-
anteed. Crucially, using NPE instead of NLS for PIDR
substantially reduces both computational overhead and
required resources, decreasing evaluation time from
seconds to milliseconds. This improvement highlights
the potential for real-world deployment in sensor and
IoT devices.

3.1 Implementation Details

This section outlines the implementation details neces-
sary to assess our method. We first describe the dataset
used for training, including the laboratory setup for
data collection. We then provide an overview of the
chosen architectures, training setup, and computational
resources.

Settings and data collection Experiments were exe-
cuted utilizing a climatic chamber, model LC/64/70/3.
The selection of specific temperature and humidity
setpoints was deliberately chosen to align with the
sensor’s primary intended application, while also pro-
viding a broader characterization within the technical
constraints of the experimental setup. The main focus
was on conditions relevant to proton-exchange mem-
brane (PEM) fuel cells, which typically operate at ele-
vated temperatures (e.g., above 60 ◦C) and high rel-
ative humidity (60% to 90%RH) to ensure optimal
performance. While these demanding conditions were
prioritized, the experimental scope was extended to a
wider temperature range (from 25 ◦C to 80 ◦C) for a
more comprehensive validation. It is also important to
note that the choice of discrete humidity values was
dictated by the climatic chamber’s technical specifica-
tions, which support a minimum resolution of 1%RH.
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Fig. 5 Label of testing temperature and relative humidity val-
ues. Tests were performed by setting six temperature values 19
relative humidity values for each of them, requiring 1 hour to sta-

bilize every selected humidity inside the chamber before initiate
the signal acquisition.

Within this system, it is feasible to configure three dis-
tinct parameters:

• Temperature (T)
• Relative Humidity (Rh)
• Stabilization time

The following label (Figure 5) shows the temperature
and relative humidity values set in the performed tests.

In these experiments, themicrogap is interfacedwith
dedicated electronic equipment which facilitates the
charging and discharging processes on the sample and
records the output voltage values through the use of
specific freeware (YAT 2.1.0). For each selected tem-
perature, measurements were conducted by varying the
relative humidity of the climatic chamber. Prior to the
initiation of data acquisition, an approximate duration
of 60 minutes is allowed for the humidity within the
chamber to stabilize.

The data recording span is 4 seconds, with a sam-
pling frequency of 1 sample/ms, thus each acquisition
yields 4000 output voltage values. Given the influence
of both temperature and humidity on the measurement,
various discharge dynamics in the output values can
be observed, with elevated temperatures and humidity
levels resulting in higher discharge rates.

Figure 6 presents illustrative data series highlight-
ing the relationship between capacitor discharge, tem-
perature (measured in degrees Celsius), and humidity
(represented in percentiles). Reduced temporal obser-
vation interval, e.g., 100 milliseconds (see Figure 7),
are considered to evaluate theminimum time necessary
to distinguish between discharge curves corresponding
to distinct temperature and humidity settings.

Dataset We constructed our dataset using three
attributes: the voltage discharge ũ ∈ R

K , the corre-
sponding temperature T , and the humidity percent-
age H (the target variable). Our observed dataset,
Dobs = {(ũn, T n, Hn) | n = 1, . . . , Nobs}, con-
sists of Nobs = 118 observations collected in a con-
trolled environment. Humidity levels were systemati-

cally increased from 50% to 53%, 55%, 58%, and so
on up to 98%. Temperatures were recorded at 25◦C,
40◦C, 50◦C, 60◦C, 70◦C, and 80◦C. Due to the lim-
ited number of observations, we performed a 95%-5%
split on the observed data. Results were averaged over
5 different random seeds to ensure reproducibility. This
choice reflects a realistic scenario in which data collec-
tion is expensive, andwe aim tomaximize the available
information for the training process. The portion of the
data used for training was also used for sampling and
augmenting the dataset for parameter estimation (as
described in Algorithm 1). For the simulated data used
to train the NPE, we generated a large number of sam-
ples (100,000), then filtered out physical parameters
outside the admissible set P , resulting in a final set of
95,758 simulated samples.

Architectures and Hyper-parameters Since our goal
is to develop a model suitable for deployment on
resource-constrained hardware, we designed a com-
pact architecture consisting of two main components:
the NPE network for PIDR, gϕ , which maps the input
time series onto a two-dimensional physical space, and
the humidity prediction network, hψ , which maps the
triplet (D, γ, T ) to the predicted humidity value.

The NPE network gϕ is a simple multilayer percep-
tron (MLP) [47] with Rectified Linear Unit (ReLU)
activations [48]. It consists of two layers, with 2048
neurons in the first and 512 in the second. The model
was trained for 1000 epochs on the GMM-simulated
dataset with J = 5 mixture components, using a batch
size of 256. Training was performed with the ADAM
optimizer [43], combined with cosine annealing [49]
for learning rate scheduling, with a maximum of 20
annealing rounds. The number of mixture components
was set to J = 5 as it minimizes the Wasserstein-2
distance [46] between the empirical distribution of the
(D, γ ) parameters and the estimated GMM prior (see
Table 1). This choice avoids overfitting the observed
data while promoting a more diverse and robust train-
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Fig. 6 Voltage discharge measurements over 4 seconds,
obtained for (left) different percentage of relative humidity, at
fixed temperature T = 60◦C: (right) different temperature val-

ues, at fixed relative humidity H = 90%. Higher humidity and
temperature values correspond to faster discharge rates.

Fig. 7 Voltage discharge measurements over 100 milliseconds,
obtained for (left) different percentage of relative humidity, at
fixed temperature T = 60◦C: (right) different temperature val-
ues, at fixed relative humidity H = 90%. Higher humidity and

temperature values correspond to faster discharge rates.Working
at shorter time intervals allows us to investigate the response of
the sensor to rapid environmental changes, as well as the sensi-
tivity of the device.

Table 1 Wasserstein-2 distance [46] between the empirical dis-
tribution of the (D, γ ) parameters and the estimated GMM prior
as a function of the number of mixture components J . The opti-

mal value of J corresponds to the lowest Wasserstein distance,
indicating better coverage of the parameter space without mode
collapse.

Mixture Components J 1 2 3 4 5 6 7

Wasserstein-2 1.8076 0.6898 0.7256 0.4779 0.4082 1.2239 0.7863

ing set, as evident from Figure 4. The initial learning
rate was set to 0.001. The input time series was rescaled
to [0, 1], and target parameters were log-transformed
(base 10) to enhance differentiation, as diffusion coef-
ficients vary within a narrow range.

The final mapping function, hψ , for humidity pre-
diction is implemented as a single-layer shallow neu-
ral network with a ReLU activation function. As in

previous steps, the input physical parameters are log-
transformed and standardized, along with the output
variable. To ensure the predicted humidity remains
within the valid range, we apply a cut-off function that
maps the unstandardized output to the closest value in
the training set. Thenumber of neurons is tuned for each
experiment within the range {5, 10, . . . , 220}, with the
best-performing configuration typically around 80 neu-
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Table 2 Performance summary highlighting the advantages of
the PIDR method in terms of RMSE across different test set
splits. We consider RMSE below 3% as a good result, given the
training dataset’s sensitivity of 3%. The models are trained on
the voltage discharge with time duration T = 4 s. The table
compares parameter estimation using NLS and NPE, noting that

PIDR with NLS provides an upper bound for PIDR with NPE
but requires significantly more computation time. Dimensional-
ity reduction is essential, as the model without it yields errors
exceeding 10, making it impractical. Applying PIDR allows to
achieve RMSE below the sensitivity threshold, with errors below
2% for humidity values under 60% and above 75%.

Model
PIDR (NLS) + ANN PIDR (NPE) + ANN ANN w/o PIDR

Test Data Split All 2.236 ±0.957 2.463 ±0.744 13.759 ±1.806

H below 60% 1.816 ±1.486 1.816 ±1.486 17.334 ±2.033

H above 60% 2.247 ±0.857 2.572 ±0.667 12.194 ±1.826

H below 75% 2.370 ±1.243 2.453 ±0.929 12.907 ±1.228

H above 75% 1.897 ±0.766 2.338 ±0.765 15.194 ±2.942

rons. Thenetwork is trainedusing theADAMoptimizer
for a maximum of 2000 epochs with initial learning
rate of 0.001. Since the model is trained directly on the
observed dataset, we do not use batch-based training,
as the dataset is limited.

Finally, in the experiments reported in Table 2, when
PIDR is not applied (third column, “ANNw/o PIDR”),
we fine-tune a single-layer MLP that directly maps the
observations, alongwith the temperature, to the humid-
ity value. The number of neurons is tuned within the
range {5, 10, . . . , 500}. A larger model is not used in
this case, as training is performed directly on the small
observed dataset rather than a large simulated one. The
network is trained using the ADAMoptimizer for 2000
epochs with a learning rate of 0.001.

Software and Computational Resources The PDE
solutions are numerically computed in MATLAB
using pdepde function. The NLS parameter estima-
tion is implemented using the lsqcurvefit func-
tion from the Optimization Toolbox. These
computations are executed locally on an Apple M1
processor. The remaining code is implemented in
Python. In particular, the NPE training is performed
on GPUs–specifically, NVIDIA RTX 8000–using the
high-performance computing facilities at Politecnico di
Torino with the PyTorch library [50]. However, the
trained NPE model is evaluated on CPUs to simulate
deployment on resource-constrained sensor hardware.
The humidity prediction model is trained locally on
the Apple M1 processor using the scikit-learn
library [51].

3.2 Results Analysis

Evaluation Metric To assess the predictive perfor-
mance of our approach, we use the RootMean Squared
Error (RMSE) [52], computed on the test set and aver-
aged across five different train-test splits with vary-
ing random seeds. Given predicted humidity values
Ĥn and corresponding ground truth values Hn for
n = 1, . . . , Ntest, the RMSE is defined as

RMSE =
√√√√ 1

Ntest

Ntest∑

n=1

(Ĥn − Hn)2 (23)

RMSE is preferred overMean Squared Error (MSE)
as it provides an interpretable measure of the average
prediction error in the same units as the target variable.
Given that the humidity levels in our observed dataset
are spaced by 3% and 2%,we consider anRMSEbelow
3% indicative of a well-performing model, while an
RMSE below 2% signifies highly accurate predictions.

As detailed in the following sections, the proposed
PIDR methodology consistently achieves RMSE val-
ues below 3%, whether employing NLS or NPE for
parameter estimation–where NLS serves as an upper
bound reference for our approach. Notably, our results
demonstrate that NPE can even surpass this upper
bound by reducing the temporal duration of the input
signal, achieving an RMSE below 2%, as reported in
Table 4.

123



A. Licciardi et al.

Table 3 Relevance of physical features in humidity prediction:
a comparison between NLS and NPE. The reported metric is
test RMSE on humidity. The table examines how different fea-
tures affect the model’s predictive performance when estimating
parameters using NLS and NPE. To enhance data separation and
maximize information, we applied a logarithmic transformation
to the D and γ coefficients. The best performance is obtained
when including both model parameters and temperature. How-

ever, the feature pair (D, T ) achieves similar performance, sug-
gesting that the anomalous exponent has a limited impact on
prediction–except in cases where humidity is low and measured
at low temperatures. Rows where the test RMSE is below 3% are
highlighted in grey. The results also emphasize the importance
of conditioning the model with the temperature feature, which
improves robustness and accuracy in humidity estimation.

Physical Features Parameter Estimation Method
D γ T NLS NPE

� � � 2.236 ±0.957 2.463 ±0.744

� � ✗ 9.979 ±1.268 9.814 ±1.419

� ✗ � 2.366 ±0.852 2.517 ±0.512

� ✗ ✗ 9.918 ±1.746 9.944 ±1.359

✗ � � 13.996 ±2.431 12.780 ±2.102

✗ � ✗ 10.005 ±1.921 12.934 ±1.683

✗ ✗ � 14.029 ±2.441 14.029 ±1.992

Advantages of PIDR
In this section, we discuss the advantages of apply-

ing PIDR to the humidity prediction task by compar-
ing three different models: two variations of the PIDR
architecture–one using NLS for parameter estimation,
which is computationallymore expensive, and the other
using NPE, which is more efficient–against an ANN
trained directly on the observed data. The ANN model
maps the discharge curve, coupled with temperature,
directly to the humidity value.

We evaluate the predictive performance of these
models using the test RMSE, as reported in Table 2,
where all curves are observed over a 4-second time
interval. The results clearly indicate that the model
without PIDR fails to learn the mapping due to the
small sample size. In contrast, both versions of PIDR
(with NLS and NPE) achieve test RMSE values con-
sistently below the 3% threshold, whereas the ANN
without dimensionality reductionmodel remains above
10%, far from an acceptable performance level.

Further insights can be gained by examining test
RMSE across different humidity ranges (Table 2).
Notably, the PIDR architecture maintains strong per-
formance across all ranges. In particular, when the
ground truth humidity is below60%, bothPIDRmodels
achieve an RMSE of 1.816, demonstrating high relia-
bility in this challenging region, where curve variations
are nearly imperceptible. Additionally, the model–
especially with NLS parameter estimation–achieves

highly accurate predictions for humidity values above
75%.

These results confirm that the proposed PIDR archi-
tecture outperforms state-of-the-art methods for this
task, providing reliable and accurate humidity predic-
tions with a shallow, efficient, and computationally fru-
gal design that aligns with our epistemological con-
straints. While the NLS-based approach establishes an
upper bound for parameter estimation due to its greater
precision, the NPE-basedmethod achieves comparable
performance, making it a strong alternative for compu-
tationally constrained settings (see Appendix B for a
detailed power consumption analysis).

Impact of Physical Features in Humidity Prediction
Another key aspect of our analysis was identifying
the physical parameters that most strongly influence
humidity prediction. In this experiment (Table 3), we
assessed the impact of the estimated diffusion coeffi-
cient D, the anomalous exponent γ , and temperature
T on predictive performance, measuring test RMSE
across different feature combinations. As in previous
analyses, discharge curves were observed over a 4-
second interval.

Both methods achieved their lowest test RMSE
when the ANN block was trained on all three features.
Specifically, PIDR with NLS yielded a test error of
2.236, while PIDR with NPE achieved 2.463. These
results highlight the advantage of leveraging all avail-
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Table 4 Ablation study on the impact of temporal length of
the input signal ũ on model performance and the relative aver-
age evaluation time required by different parameter estimation
methods to extract the model parameters D and γ for each time
series. The reported CPU time is averaged over 30 samples ran-
domly sampled over the observed dataset. The results indicate
that reducing the signal length to 0.5 seconds hasminimal impact
on prediction accuracy, still yielding results under the 3% thresh-
old. The NPE method is trained using ground truth parameters
estimated at 4 secondswithNLS,which is reflected in the results:

NPE produces better separated estimates as it attempts to approx-
imate NLS at 4 seconds despite operating on shorter signals.
Additionally, NPE significantly reduces computational time, as
it only requires a forward pass through a shallow neural network,
lowering evaluation time from seconds to milliseconds. In con-
trast, NLS is computationally more expensive due to its iterative
procedure, which involves solving the PDE. It is interesting to
notice that the smallest prediction error is obtained with NPE
with a temporal duration of the signal of 2.5 seconds.

Parameter Estimation Method
NLS NPE

Test RMSE Evaluation Time (CPU) Test RMSE Evaluation Time (CPU)

Duration of the Input Signal 0.25 s 4.956 ±1.104 2.468 ±0.819 s 3.851 ±0.847 6.265 ±2.122 ×10−4 s

0.50 s 2.875 ±0.795 2.635 ±0.695 s 2.757 ±0.563 8.921 ±3.612 ×10−4 s

1.00s 2.775 ±0.835 2.023 ±0.713 s 2.294 ±0.483 1.028 ±0.625 ×10−3 s

1.50 s 2.768 ±0.845 3.562 ±0.722 s 2.265 ±0.673 1.331 ±0.405 ×10−3 s

2.00 s 2.366 ±0.736 4.211 ±0.815 s 3.209 ±0.501 1.759 ±0.832 ×10−3 s

2.50 s 2.476 ±0.735 4.609 ±0.995 s 1.914 ±0.632 2.149 ±0.372 ×10−3 s

3.00 s 3.240 ±0.723 4.899 ±0.474 s 3.178 ±0.894 2.448 ±0.527 ×10−3 s

3.50 s 2.206 ±0.609 5.484 ±0.695 s 2.243 ±0.652 5.667 ±0.824 ×10−3 s

4.00 s 2.236 ±0.957 5.955 ±0.968 s 2.463 ±0.744 3.310 ±0.631 ×10−3 s

able physical information for accurate prediction.How-
ever, an interesting finding emerges when considering
only D and T as input features in the latent space.
Given the strong correlation between D and γ (see
Figure 4), removing γ still resulted in good predictive
performance, with RMSE values of 2.366 for NLS and
2.517 for NPE, both remaining below the 3% thresh-
old. This suggests the potential for further reducing the
number of trainable parameters in the overall model,
improving efficiency without significantly compromis-
ing accuracy.

The primary difference in performance arises at low
humidity levels, where γ becomes more informative.
In this regime, γ helps differentiate between similar
data points, leading to a slight improvement in discrim-
ination when included. Additionally, the results under-
score the critical role of temperature in the prediction
task. Omitting T significantly degrades performance,
reinforcing its importance in conditioning the posterior
probability of humidity. Temperature provides essen-
tial physical context, influencing diffusion dynamics
and ensuring robust predictions across different envi-
ronmental conditions.

Robustness of the Method To Input Signal Duration
A crucial aspect of designing a predictive model for a
humidity sensor is evaluating its robustness to reduced
observation time. Specifically, we aim to determine the
minimum observation duration required before predic-
tive accuracy significantly deteriorates. To assess this,
we tested both parameter estimationmethods–NLS and
NPE–on discharge curves of varying lengths, ranging
from 0.25 to 4.0 seconds. Additionally, we measured
the average computational time required for parame-
ter estimation per sample on a CPU. While NPE can
leverageGPUs for faster inference, we focused onCPU
performance, as simpler hardware is often more suit-
able for real-world deployment.

The results, summarized in Table 4, show that both
methods maintain consistently high performance for
observation times down to 0.5 seconds, with RMSE
values remaining below the acceptable threshold.How-
ever, at 0.25 seconds, prediction accuracy declines sig-
nificantly due to the nearly indistinguishable nature of
the early portions of the discharge curves. We also note
that the error bars (standard deviations) reveal a sig-
nificant overlap in the confidence intervals for RMSE
across different signal durations. This overlap indicates

123



A. Licciardi et al.

that the fluctuations in RMSE with respect to signal
duration are due to the inherent stochasticity of the
measurements, rather than a deterministic trend.

Beyond accuracy,NPEoffers substantial advantages
over NLS. In addition to reducing computational cost
by up to three orders of magnitude, it allows training
on shorter curves while still predicting physical param-
eters as if the full 4-second observation were available.
Specifically, we trained NPE using GMM sampling
(Algorithm 1) based on the full 4-second dataset, then
truncated the time series to simulate shorter observa-
tions. This approach enables NPE to estimate parame-
ters as if it had access to the complete curve, even when
provided with limited input.

This property gives NPE a significant advantage: as
observation time decreases, NPE consistently outper-
forms NLS in accuracy while requiring significantly
less computation. The best result for NPE is achieved
at 2.5 seconds, with a test RMSE of 1.914, whereas
NLS reaches its best performance at 3.5 seconds with
an RMSE of 2.206. Furthermore, NPE’s inference time
is in the millisecond range per sample, enabling real-
time predictions. This makes it particularly well-suited
for deployment in sensor applications and real-world
environments where rapid and efficient estimation is
critical.

4 Conclusion

In this work, we addressed the challenge of develop-
ing an accurate and computationally efficient method
for humidity estimation using a novel sensor based
on electric discharge dynamics across microelectrodes.
We introduced PIDR methodology, a novel dimen-
sionality reduction technique that uses the physical
model to extract features from higher dimension data.
We focused on humidity estimation using the PIDR
coupled with a model of anomalous diffusion govern-
ing the discharge. Using NPE, effectively trained on
synthetically enhanced data guided by a prior GMM
derived from initial NLS estimates, we successfully
mapped the high-dimensional voltage time series onto
a low-dimensional, physically meaningful latent space
defined by the anomalous diffusion parameters (D, γ ).
This reduced representation, combined with tempera-
ture readings, served as input to a final, shallow Artifi-
cial Neural Network, enabling accurate humidity pre-

dictions with low RMSE, even when trained with lim-
ited experimental data.

While the presented PIDR approach using NPE
effectively leverages the physical model, future work
could explore alternative machine learning strategies
to potentially enhance the latent space representa-
tion or integrate physical constraints more deeply. For
instance, Variational Autoencoders (VAE) and genera-
tive models could learn latent representations directly
from the discharge curves, potentially capturing sub-
tle dynamics not fully described by the D and γ

parameters alone. Integrating our prior and poste-
rior knowledge of the parameter distributions could
guide the VAE training towards more structured and
physically interpretable latent variables. Alternatively,
PINNs offer a powerful method to directly embed the
governing anomalous diffusion equation within the
neural network training loop. This could refine the esti-
mation of physical parameters or even allow for direct
humidity prediction while ensuring that the underly-
ing physical laws are respected, possibly eliminating
the need for separate synthetic data generation based
on external solvers. From an experimental perspec-
tive, our study could be extended to further character-
ize long-term sensor stability. For example, hysteresis
is a relevant factor for humidity sensors, especially at
the high relative humidity values investigated in our
manuscript. In the current study, our data acquisition
protocol was unidirectional. Indeed, for each measure-
ment series, the relative humidity was increased from
a lower to a higher setpoint. Because the data was col-
lected only along this “adsorption” path, the model
was not trained on data from the “desorption” path,
i.e., decreasing humidity. Therefore, our current frame-
work does not explicitly account for hysteresis effects,
as its training data did not include this phenomenon.
However, these effects could become significant during
prolonged sensor operation. Moreover, several other
factors could be involved, e.g. repeated measurements,
especially at high voltages, can cause wear on the elec-
trode materials, leading to a drift in accuracy. Notice-
ably, both these effects are mitigated in our investiga-
tion. Indeed,we allow the system to return to its original
state before a successive discharge is performed, and
consecutive discharges are limited in number, so that
the materials involved are preserved.

As a conclusive remark, the effectiveness of the
PIDR methodology highlights the significant benefits
of integrating physical knowledge into machine learn-
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ing for developing advanced sensing systems. This
approach yields models that are not only accurate
and interpretable but also inherently frugal. By reduc-
ing data dimensionality based on physics and using
compact networks, PIDR enables efficient processing
crucial for real-world smart sensors and IoT devices,
where computational resources, power budgets, and
low latency are primary concerns. This computational
efficiency also translates directly to improved sustain-
ability, as frugal models require less energy for both
training and operation compared to larger architectures,
paving the way for greener AI-powered sensing solu-
tions.
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Appendix A Robustness to Geometric Variations of
the Microgap

We here address the potential impact of geometric
imperfections on device performance and provide fur-
ther details on the sensor’s physical characteristics to
support experimental reproducibility. The following
analysis demonstrates the robustness of the proposed
PDE-basedmodeling approach to variations in both the
microgap separation and the overall device geometry.
A more extensive analysis, including further ablation
studies and hysteresis evaluation, is presented in [8].

The sensor architecture, depicted in Figure 8, con-
sists of a chromium (Cr) thin film with a nomi-
nal thickness of 100 nm, deposited on an insulating
substrate such as silicon dioxide (SiO2) or alumina
(Al2O3). Electrical connections are established through
aluminum (Al) or gold (Au) contact pads, each 150
nm thick. The inter-electrode separation, or microgap,
ranges from 1.5 to 2.5μm. The lower bound of 1.5μm
represents the minimum distance reliably achievable
with our fabrication methodology without incurring
a significant risk of short-circuiting, while the stated
range accounts for the inevitable fabrication tolerances
at this micro-scale.

To evaluate the impact of these geometric variations,
we first investigated the effect of different gap separa-
tions. Figure 9 shows a comparison of discharge curves
obtained from devices with 2 μm and 10 μm gaps.
While minor differences in the dynamics are observ-
able, the overall response profile remains highly consis-
tent. Crucially, preliminary investigations show that the
proposed PDEmodel accurately captures the discharge
behavior in both cases, demonstrating its robustness to
variations in this key parameter.

Furthermore, we assessed the performance of dif-
ferent device geometries that share the same nominal
gap distance (2μm). As shown in Figure 10, tests were
conducted using fluids with varying electrical conduc-
tivities. Despite small deviations observed with con-
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ductive liquids–likely attributable to the degradation
of deionized water or the uncontrolled ionic content
of tap water–all devices exhibit comparable and pre-
dictable behavior, particularly when using insulating
liquids. This suggests that minor variations in the elec-
trode shape or layout do not fundamentally alter the
device’s electrical response.

In summary, these results support the conclusion
that, within typical fabrication tolerances, small geo-
metric imperfections do not significantly impact the
sensor’s discharge dynamics. The proposedPDEmodel
proves to be robust across these variations, a finding
that is consistently corroborated by the more extensive
studies presented in [8].

Fig. 8 Geometrical representation of the micro-gap sensor used
in our experiments. (A)Micro-gap composed of ametal thin film,
typically 100 nm of Cr, deposited on an insulating layer (SiO2
or Al2O3), with Al or Au electrical contacts (150 nm thick).
(B) Zoomed view of the region where the electrode separation
is minimal. The spatial domain 	 represents the extent of the
micro-gap.

Fig. 9 Tests were conducted by depositing a controlled volume
of water onto two micro-gaps with different separations (2 μm
and 10 μm). While the resulting curves are very similar, slight
differences related to gap size can be observed. Nevertheless, the
proposed PDE model provides an accurate fit for both cases.

Appendix B Power Consumption Analysis for
Embedded Deployment

In this appendix, we discuss the suitability of the pro-
posed model for resource-constrained environments,
by means of a power consumption analysis. Specifi-
cally, we estimated the total power required to execute
a single forward pass of the NPE model on a represen-
tative low-power embedded platform.

B.1 System Configuration

The target system comprises two main components,
representative of hardware commonly used in IoT
applications:

Fig. 10 Tests were carried
out on devices with a 2 μm
gap using different fluids
with varying conductivities.
While slight differences are
observed for water–possibly
due to degradation of
deionized water or the
uncontrolled conductivity of
tap water–the two
geometries exhibit
consistent behavior,
particularly when using
insulating liquids with high
dielectric strength.
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• Microcontroller (MCU): STM32F405 series
(ARM Cortex-M4), selected for its balance of per-
formance and energy efficiency.

• External Flash Memory: Cypress S25FS512S, a
512-Mbit (64-MB) flash device used to store the
NPE model weights. The model contains approxi-
mately 9.25 × 106 parameters (∼ 37 MB), which
exceed the internal memory capacity of most
MCUs.

The supply voltage was set to Vsupply = 3.3V.
Current consumption values for each component were
taken from the corresponding datasheets.

B.2 Computational Scenarios and Power Estimates

To effectively capture the trade-off between energy effi-
ciency and inference speed, we analyzed two opera-
tional scenarios.

Scenario 1: Low-Power, Low-Speed Operation In this
setting, theMCUoperates at 8MHz tominimize energy
consumption. The estimated current draw is:

IMCU, low ≈ 15mA, (B1)

IFlash, active ≈ 15mA. (B2)

Thus, the total current is:

Itotal, low = IMCU, low + IFlash, active = 30mA. (B3)

The corresponding power consumption is:

Plow = Vsupply× Itotal, low = 3.3V×30mA = 99mW.

(B4)

Scenario 2:High-Power,High-SpeedOperationHere,
theMCUoperates at itsmaximumfrequency (168MHz)
to achieve fast inference. The estimated currents are:

IMCU, high ≈ 105mA, (B5)

IFlash, active ≈ 15mA, (B6)

leading to a total current:

Itotal, high = IMCU, high + IFlash, active = 120mA. (B7)

The resulting power consumption is:

Phigh = Vsupply × Itotal, high = 3.3V × 120mA

≈ 400mW. (B8)

At this operating point, the inference time is reduced
to less than one second enabling real-time monitoring
and control.

This analysis demonstrates that the proposed model
can be deployed on embedded systems under different
energy–latency trade-offs. The low-power configura-
tion is suitable when energy efficiency is critical, while
the high-power mode supports real-time applications.
These results confirm the feasibility of the NPE model
for embedded deployment.
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