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Abstract—The continuous advancement of computational tech-
nologies has accelerated the use of data-driven methods across
various domains, including metrology. Machine Learning (ML)
models, in particular, have demonstrated significant potential to
enhance measurement processes, establishing themselves as fully
fledged elements of modern metrology. However, in such ML-
based measurements, the evaluation of measurement uncertainty
requires additional considerations compared with the conven-
tional approaches to measurement. The most widely adopted
framework in metrology, i.e., the guide to the expression of
uncertainty in measurement (GUM), is based on the assumption
that the measurand must be defined in such a way that defini-
tional uncertainty is negligible compared to the other components
of measurement uncertainty. In conventional practice, this is
achieved by selecting an appropriate relationship between the
measurand and a set of input quantities, referred to as the
measurement model. In contrast, in ML-based measurements, this
relationship is not explicitly chosen by the practitioner but rather
inferred from data. Consequently, should adherence to the GUM
framework be intended, it is necessary to verify the validity of the
GUM assumption and take corrective actions where appropriate.
Based on these considerations, this article proposes a novel
methodology that enables GUM-based uncertainty evaluation in
ML-based measurements. The primary focus is on ML determin-
istic regression models, whose structure can be readily assimilated
into measurement operations. The proposed methodology is
applied to two representative case studies. The first case study
involves an electric circuit for resistance measurement, where
a comparison between ML-based approaches and a consolidated
measurement model is provided to ensure consistency. The second
case study concerns the estimation of the output power of a power
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plant, where no conventional measurement model is available.
Overall, the proposed methodology enables proper integration
of ML practices into the GUM framework, thus broadening the
application domain of measurement processes.

Index Terms—Artificial intelligence (AI), gum, machine learn-
ing (ML), measurement uncertainty, metrology, regression,
uncertainty.

I. INTRODUCTION

HE emergence of artificial intelligence (AI), and in
particular machine learning (ML), has introduced new
opportunities across various scientific disciplines [1]. Metrol-
ogy is not exempt from this trend [2]. It has increasingly
benefited from the application of ML-based methods as a
means to measure, through indirect methods, physical quanti-
ties that are otherwise difficult or even impractical to measure
directly [3]. Such situations typically arise when the mea-
surand cannot be expressed in terms of a known functional
relationship with directly measurable input quantities or when
such a relationship exists but does not satisfy the metrological
requirements imposed by the specific application context [4].
It should be noted, however, that the use of such
ML-based methods for measurement applications raises sig-
nificant considerations whenever there is a need to adhere
to established metrological standards. This article specifically
refers to the Guide to the Expression of Uncertainty in Mea-
surements (GUM), which represents the most widely adopted
framework in metrology.' According to the GUM, the evalu-
ation of measurement uncertainty can be performed under the
following assumption. The measurand must be defined such
that the definitional uncertainty can be considered negligible
in comparison with the other components of measurement
uncertainty [5]. The GUM suggests defining the measurand
through the establishment of an appropriate measurement
model, namely a mathematical relationship among all quan-
tities known to be involved in a measurement. In conventional
metrology, measurement models are consciously selected by
practitioners and are typically expressed in the form of closed-
form analytical relationships. However, the GUM does not
preclude the use of alternative model formulations, including

'A different and less widely adopted framework is provided by the Inter-
national Electrotechnical Commission (IEC). The considerations presented in
this article may not fully apply to the IEC framework.
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Fig. 1. Overview of the measurement uncertainty components in ML-based measurements. While the physical quantity uncertainty represents the conventional
measurement uncertainty, the measurement model uncertainty constitutes an additional contribution, accounting for model and approximation uncertainties,
which in turn consist of epistemic and/or aleatoric contributions. Both the physical quantity uncertainty and the measurement model uncertainty, alongside

the best estimate of the measurand, constitute the measurement result.

those derived from empirical or data-driven approaches, pro-
vided that the assumption of negligible definitional uncertainty
remains valid [6]. In this regard, as discussed in the relevant
literature [7], an ML model holds the potential for being
considered a valid measurement model. Nevertheless, unlike
conventional measurement models, it is crucial to consider
that such ML-based measurement models are not explicitly
chosen by practitioners. Instead, they are inferred through a
learning (also known as training) process that depends on
multiple factors, including the amount and quality of the data
provided [8]. It follows that, in the context of ML-based
measurements, assessing whether the uncertainty related to
ML-based models can be considered negligible (thus satisfying
the GUM assumption) becomes challenging.

As a matter of fact, the uncertainty related to ML-based
measurement models is multifaceted and has been categorized
in different ways. A common taxonomy distinguishes between
model uncertainty, which refers to the uncertainty associated
with selecting the appropriate model structure, i.e., the choice
of the mathematical function to be fit to the given training
dataset, and approximation uncertainty, which refers to the
different learning and approximation steps chosen during the
training process [9], [10]. Another prevalent classification
differentiates between epistemic uncertainty and aleatoric
uncertainty. Epistemic uncertainty denotes the uncertainty
stemming from incomplete knowledge about the underlying
data-generating process or model structure. It is inherently
reducible through the acquisition of additional data, refinement
of the model, or an enhanced training process and domain
understanding. Aleatoric uncertainty, on the other hand, arises
from intrinsic variability or randomness in the observed phe-
nomena. It reflects the intrinsic noise present in the data and,
eventually, in the training process and is generally considered
irreducible, even with the acquisition of additional information

[11], [12]. These taxonomies are not mutually exclusive.
As reported in [9], model uncertainty exhibits an epistemic
contribution (arising from the selection of the model to be
employed), whereas approximation uncertainty comprises both
epistemic (e.g., arising from lack of sufficient training data,
or selection of the the hyperparameters’ space and training
processes) and aleatoric contributions (e.g., arising from ran-
domness in the data and training process, such as initialization
of the model parameters and dropout strategies).

Hence, the uncertainty related to the ML-based mea-
surement model, which can be named measurement model
uncertainty, needs to be considered as an additional component
in the overall measurement uncertainty budget, alongside the
conventional one arising from the measurement of the input
quantities, which can be named physical quantity uncertainty.
These two components are illustrated in Fig. 1. As shown,
the measurement model uncertainty comprises contributions
from model and approximation uncertainties, which in turn
consist of epistemic and/or aleatoric contributions. Therefore,
the measurement result comprises the best estimate of the
measurand together with its associated uncertainty, which
encompasses both physical quantity uncertainty and mea-
surement model uncertainty components, where the GUM
explicitly assumes that the latter contribution is negligible
compared with the former.

Building on these considerations, this article proposes a
novel methodology enabling the application of GUM guide-
lines for uncertainty evaluation in ML-based measurements.
Attention is dedicated to: 1) determining whether the mea-
surement model uncertainty can be considered negligible with
respect to the physical quantity uncertainty, in accordance with
the GUM assumption; and 2) proposing corrective actions in
cases where this condition is not met. This initial study focuses
on deterministic regression models, whose mathematical
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structure can be meaningfully interpreted within the frame-
work of measurement operations [13]. Two representative
case studies were considered to show the application of the
methodology. The first case involves an electrical circuit used
for resistance measurement, in which the performance of an
ML-based measurement model is compared with that of an
established measurement model to ensure consistency. The
second case addresses the estimation of the output power of
a power plant, where no conventional measurement model is
available.

This article is organized as follows. Section II provides a
background on ML-based regression models and related uncer-
tainty sources. Section III describes the proposed methodology
to evaluate the measurement model uncertainty. In Sections IV
and V, the two aforementioned case studies are shown, along
with the obtained experimental results. Finally, conclusions are
drawn and future work is outlined.

II. BACKGROUND

Regression analysis is a statistical technique for investigat-
ing and modeling the relationship between variables [14]. In
the context of indirect measurement, regression analysis is par-
ticularly useful for measuring an unknown physical quantity Y,
corresponding to the measurand, from a set of input physical
quantities (X, X5, ..., Xy), which are typically more accessible
or practical to measure. From a mathematical standpoint, the
resulting functional relationship between Y and X corresponds
precisely to the measurement model as defined in the GUM
framework. According to this, the measurement model may be
constructed using data-driven modeling techniques, and ML is
arguably the most commonly used [15]. Thereby, this section
provides a detailed overview of ML-based regression models,
along with an in-depth discussion of the typical sources of
uncertainty associated with their use.

A. ML-Based Regressors

ML regression is a supervised learning approach aimed at
identifying a functional relationship that maps the space X,
consisting of the predictors or features (i.e., the input physical
quantities) to the output space Y, which contains continu-
ous target values (i.e., the measurand). To achieve this, a
hypothesis space H is defined, containing hypothesis functions
h: X — Y. The objective is to find the hypothesis #* € H that
best approximates the true underlying function f [9]. Thus, the
process of estimating f, known as training, involves selecting a
suitable estimator h* by minimizing a loss function, commonly
the mean squared error (mse), that quantifies the dispersion
between predicted and observed values [16]. Once trained, the
model can be used to predict outputs for new input instances,
assuming these inputs are drawn from a distribution similar to
that of the training data.

Based on the provided output at prediction time, ML-based
regression models can be categorized into deterministic and
stochastic [11], [15]. Deterministic models, such as simple
feedforward artificial neural networks (ANNs) or support
vector machines, are characterized by a fixed mapping from
input to output. This means that for a given input, the output is
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Fig. 2. Conventional representation of model and approximation uncertainties:
the function f* is the ground truth, h* € H is the best possible learned
function within the hypothesis space, and / is the induced predictor produced
by the ML model [9].

always the same, with no variability between predictions for
repeated estimations. On the other hand, stochastic models,
including Bayesian neural networks and ensemble methods,
introduce inherent variability in their predictions, generating
probability distributions over the outcomes.

B. Uncertainty Sources in ML-Based Deterministic
Regressors

Focusing on ML-based deterministic regressors, it is highly
desirable to evaluate the uncertainty associated with the predic-
tion y, for a given query instance (x1,, X2p, ..., Xnp) € X. This
uncertainty, which encompasses all sources of doubt affecting
the predicted outcome,” is generally decomposed into model
uncertainty and approximation uncertainty [9], [10].

Model uncertainty, which exhibits an epistemic uncertainty
contribution [9], arises from the choice of the appropriate
model class, specifically the selection of the hypothesis space
H and, consequently, the mathematical form used to map
inputs X to outputs Y. Model uncertainty captures the dis-
crepancy between the learned function A*, often referred to as
the best possible, and the optimal function f*, referred to as
the ground truth, which best approximates the true underlying
relationship f [9]. Thus, it could be stated that

W= e (1

with € accounting for such discrepancy from the ground truth
[9]. However, it is typically assumed that the hypothesis space
H is correctly specified such that f* € H. Consequently,
model uncertainty € is neglected. As a matter of fact, this
type of uncertainty is inherently challenging to quantify, as it
involves expressing doubt over which hypothesis space might
be the right one. In practice, conducting such an analysis is
considered unfeasible [9].

2Unlike stochastic regressors, uncertainty evaluation in deterministic regres-
sors is more challenging, since state-of-the-art methods such as variational
inference, Monte Carlo dropout, or deep ensembles are not applicable [11].



2554611

Selection of the hypothesis space 111 (Model Uncertainty)

Feedforward
Neural Network

v

Model training (Approximation Uncertainty)

Polynomial ‘ Other models

Regression

-

Model capacity *

~

Learning Process 2

Amount of data *
Quality of data ?

Input Output

\ Hidden

1 epistemic uncertainty 2 aleatoric uncertainty
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measurement models, with an example of typical deterministic regressors (i.e.,
polynomial regression and feedforward neural network). Model uncertainty is
typically neglected, whereas approximation uncertainty can be more readily
quantified by addressing its epistemic and aleatoric contributions.

On the other hand, the functional relationship A* is inferred
from the data through the training process. Due to various
approximation and learning steps inherent in training, the
resulting functional relationship fz, often referred to as the
induced predictor, is itself only an estimate of A*. Such
discrepancy is known as approximation uncertainty and can
be formalized by expressing the learned function as follows:

h=h*"+e 2)

where e accounts for the deviation from the best possible
predictor [9]. In Fig. 2, a conventional graphical representation
of model and approximation uncertainties is provided.
Notably, in the context of ML-based measurements, the
learned function & corresponds precisely to the measurement
model. Therefore, % can be referred to as the ML-based
measurement model. However, since B is: 1) not chosen by
the practitioner; 2) not known in closed form; and 3) strongly
influenced by both the quality and quantity of the available
training data, it is not possible to neglect such approximation
uncertainty, which is composed, in turn, of both epistemic
and aleatoric uncertainty contributions [9] Epistemic contri-
bution arises from the lack of sufficient training data, the
use of an insufficiently refined model in terms of selection
of the hyperparameters, or the decisions made during the
training process. Conversely, aleatoric contribution refers to
data uncertainty arising from the inherent stochasticity of the
observations and training process. This type of uncertainty typ-
ically cannot be reduced by increasing the amount of training
data [9], [10]. However, the distinction between aleatoric and
epistemic uncertainty is often ambiguous. As stated in [9],
these uncertainty contributions should not be seen as absolute
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Fig. 4. Flowchart of proposed methodology for ML-based measurement model
uncertainty evaluation.

notions, but they depend on the given context that includes the
model, feature set, data, and predictions. Variations in these
contextual factors can alter the classification of uncertainty
sources, with aleatoric uncertainty potentially manifesting as
epistemic uncertainty, and vice versa. Overall, these considera-
tions underscore the need for robust methodologies to quantify
ML-based measurement model uncertainty, encompassing
both epistemic and aleatoric contributions (summarized in
Fig. 3) from a more holistic perspective.

III. METHOD

Fig. 4 illustrates the proposed methodology, which com-
prises three main steps. The first step is the identification
of the best ML-based measurement model for the intended
measurement task. Arguably, this is conducted following
the established ML practices. The second step involves the
evaluation of the uncertainty associated with the selected
model, specifically through an appropriate model calibration.
Conversely, this step is conducted according to metrological
practices, since it is necessary to assess whether the ML-based
measurement model satisfies the GUM assumption. Finally,
the third step concerns the employment of the ML-based
measurement model in the actual measurement process. Over-
all, this methodology integrates both ML and metrological
practices in order to provide reliable measurement results,
ensuring full compliance with the GUM framework.

A detailed description of each step is provided in Sec-
tions III-A-III-C.

A. Identification of the ML-Based Measurement Model

This first step comprises several tasks. Initially, it involves
the selection of a suitable hypothesis space H, which defines
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the class of models considered during training. The hypothesis
space is typically determined by the chosen model architecture
(e.g., the structure of a feedforward ANN or the kernel type in
a support vector machine), as well as the range of hyperparam-
eters to be optimized. As discussed in Section II, this stage
primarily addresses approximation uncertainty, while model
uncertainty is generally neglected under the assumption that
the hypothesis space is sufficiently expressive to approximate
the true underlying function [9]. Subsequently, in order to
identify and train the most suitable ML-based measurement
model for the specific measurement task, it is essential to
construct a suitable training dataset that accurately reflects the
conditions under which the ML-based measurement model is
expected to operate. Guidelines for dataset construction are
outlined as follows.

1) High-Quality Instrumentation: The dataset should be
developed using accurate measuring systems. This
ensures that the aleatoric contribution of the uncer-
tainty remains within acceptable limits for the ML-based
measurement model to be employed under real-world
conditions.

2) Sufficient Data Quantity: The dataset should include
a sufficiently large amount of data to ensure that the
epistemic contribution of the uncertainty is reduced to
acceptable levels, thereby supporting the deployment of
the ML-based measurement model in practical scenarios.

3) Representative Measurement Setup: The dataset should
accurately reflect the typical measurement setup, includ-
ing relevant influence quantities under which the actual
measurements will be performed.

4) Range and Resolution: The input quantities and cor-
responding measurand values should span the full
expected operational range and resolution of the
intended measurement task, ensuring adequate model
generalization.

Once the dataset has been prepared, it should first be
partitioned into distinct subsets for training and for valida-
tion. This partitioning is typically performed using techniques
such as hold-out splitting or k-fold cross validation [16].
The training set is used to estimate the parameters of the
ML-based measurement model (e.g., weights and biases in the
case of an ANN), while the validation set is employed to assess
the model’s generalization capability and to guide model
selection [16]. Following this step, the process of identifying
and training the ML-based measurement model is undertaken.
This involves hyperparameter optimization, commonly car-
ried out using grid search or random search strategies [16],
combined with validation procedures to evaluate predictive
performance and to determine the most suitable model con-
figuration. In the context of regression tasks, performance
is typically quantified using metrics such as the root-mean-
squared error (RMSE) and the mean absolute error (MAE),
which express the deviation between predicted values and
ground truth across the entire validation set. However, it is
crucial to highlight that such performance metrics provide a
global evaluation of the model’s accuracy [10], without offer-
ing a direct quantification of the uncertainty associated with
individual predictions. Consequently, while these metrics are
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useful during model development, they are not sufficient from
a metrological standpoint, where each prediction is expected to
be associated with an uncertainty value. Then, a more detailed
uncertainty evaluation that takes into account not only the
physical quantity uncertainty but also the measurement model
uncertainty is required to ensure compliance with the GUM
framework.

B. Calibration of the ML-Based Measurement Model

To assess the uncertainty related to the ML-based mea-
surement model, this study proposes a procedure inspired
to instrument calibration. However, given that an ML model
plays the role of a measurement model, this process can be
referred to as model calibration. As defined by the VIM [5],
instrument calibration is an “operation that, under specified
conditions, first establishes a relationship between quantity
values with associated measurement uncertainties provided
by measurement standards and corresponding indications with
their respective measurement uncertainties. Then, it uses this
information to establish a relation for obtaining a measurement
result from an indication”. The proposed measurement model
calibration follows a similar structure. First, it establishes
a relationship between the model predictions and the refer-
ence values of the measurand incorporating the associated
uncertainties. Then, this relationship is used to evaluate the
measurement model uncertainty and ensure its predictions can
be reliably applied in metrological contexts.

Such a calibration process can be conducted, in principle,
on the same validation set employed during model training.
However, when a pretrained ML-based measurement model
is provided without access to the original training/validation
data, or when the available validation set does not satisfy the
metrological conditions required for calibration (described in
the following), it is necessary to adopt a broader perspective:
calibration can be performed by an accredited calibration
center, which is responsible for constructing a calibration
dataset that mirrors the four characteristics of the training
dataset mentioned in Section III-A. This ensures consistency
with the operational conditions under which the model will be
deployed.

The generation of the calibration dataset should be con-
ducted with the following principle as a foundation; for each of
the target values (i.e., the reference values of the measurand),
the dataset should include a set of M distinct measurements
(also referred to as instances) of the input quantities. This
methodology allows for the evaluation of the mean of the
ML-based measurement model predictions and the standard
uncertainty at each target point. The result is analogous to
a calibration curve for the measurement model, including
a linear regression line that can be used to correct for any
systematic effects during actual measurement operations. It is
thus possible to assign an uncertainty value to each individual
prediction of the ML model, which represents the uncertainty
related to the ML-based measurement model, which has been
named, for simplicity, measurement model uncertainty.

In the case that the metrological performance of the ML
model does not meet predefined targets, either in terms of
target uncertainty or deviation from reference values, the
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procedure enables the implementation of corrective actions.
These actions may involve: 1) improving data quality to reduce
the aleatoric contribution of the uncertainty or 2) increasing
the amount of data to reduce the epistemic contribution, or
a combination of them. Thus, the calibration procedure is an
iterative process between the model training and uncertainty
evaluation steps. Corrections are implemented with the objec-
tive of achieving model performance that meets the GUM
requirements.

C. Comparison of Uncertainty Components

Once the ML-based measurement model achieves satis-
factory metrological performance, it can be deemed suitable
for deployment within the intended application context. At
this stage, conventional measuring systems typically account
for uncertainty contributions arising from the measurement
of the input quantities, which are propagated to the output
using either the law of propagation of uncertainty [6] or
Monte Carlo simulations [17].> However, in the case of ML-
based measurement systems, the uncertainty associated with
the measurement model itself also needs to be considered as
an additional component in the overall uncertainty budget.

Consequently, as anticipated, the overall measurement
uncertainty consists of two main components: 1) the physi-
cal quantity uncertainty, which encompasses the conventional
contributions associated with the measurement of the input
physical quantities; and 2) the measurement model uncertainty,
which accounts for the uncertainty inherent in the ML-based
measurement model itself. The latter can be evaluated starting
from the best estimate of the measurand and the calibration
diagram obtained through the model calibration procedure
described in Section III-B.

By evaluating whether the measurement model uncertainty
is negligible relative to the physical quantity uncertainty, it
will be possible to determine the applicability of the GUM
framework in its conventional form. However, if this condition
is not met, additional procedures, which need to be properly
investigated in future work, will be required to appropriately
combine these two sources of uncertainty.

IV. CASE STUDY #1

In this first case study, an electrical circuit suitable for
resistance measurement is considered. The schematic of the
circuit is shown in Fig. 5. The circuit includes: three resis-
tances R,, Rp, and R.; a dc voltage source Vc; a multimeter
used to measure the voltage V, between nodes 1 and 2; and
the unknown resistance Ry. This circuit is typically employed
for resistance measurement following the Wheatstone bridge
method. In such a configuration, the resistance R. should be
represented by a variable resistor, whose value is adjusted so
that the measured voltage Vj is as close as possible to 0 V,

3The law of propagation of uncertainty described in [6] allows for uncer-
tainty evaluation when the measurement model is available in closed form,
but it becomes impractical in complex or nonlinear cases. Supplement 1 to the
GUM [17] recommends Monte Carlo simulations as a more general approach,
particularly suitable when the functional form of the model is unknown. Since
an ML-based measurement model is not available in closed form, Monte Carlo
simulations represent the most effective strategy.
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Fig. 5. Schematic of the electrical circuit considered in Case Study #1.

thereby maximizing the sensitivity of the measurement circuit.
However, in this case study, such a balancing condition is
not imposed. Instead, the relationship between the unknown
resistance Ry and the other physical quantities R,, Rj, R.,
Vee, and Vg is analyzed by solving the circuit in general
form. Specifically, by applying Kirchhoff’s laws, the following

expression is derived:
Yo Ry
(Vcc + Ra+Rh>

- (% + )
This equation can be interpreted as a conventional measure-
ment model, where the measurand Ry is a function of the
input quantities R,, Ry, R., Vcc, and V. The uncertainty
associated with this model, due to nonidealities in Kirchhoff’s
laws, is reasonably negligible compared to the uncertainty
associated with the measurement of the input quantities [18].
Therefore, in principle, there is no strict need to employ an
ML-based measurement model. Nonetheless, the adoption of
ML-based measurement models to estimate Ry from the input
quantities can still serve as an illustrative scenario, in which
the proposed methodology allows for a comparison between
the measurement model uncertainty and physical quantity
uncertainty. This enables the implementation of corrective
actions to ensure that the GUM assumption is fulfilled.

In this case study, it is assumed that the goal is to perform
resistance measurements within the range [100.0, 5000.0] Q,
with a target uncertainty of 1%. Consequently, it is expected:
1) that the uncertainty related to the measurement of the
input quantities remains below this threshold and 2) that the
uncertainty introduced by the ML-based measurement model
is negligible in comparison. While the first condition can be
satisfied by appropriately selecting the measurement setup,
the second can be thoroughly investigated using the proposed
methodology.

RX = RC (3)

A. Training of the ML-Based Measurement Model

The dataset initially considered for training the ML-based
measurement model consisted of resistance values of the
measurand Ry ranging from 100.0 to 5000.0 €, in increments
of 100.0 €, hence resulting in 50 distinct target values of
Ryx. The resolution with which Ry is provided is 0.1 Q, which
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TABLE 1
SEARCH SPACE ADOPTED HYPERPARAMETERS FINE-TUNING

Tuned Hyperparameters
number of hidden layers
number of neurons in each layer
learning rate

batch size

Search Space
{1,2,3, 4}
{10, 20, 50, 100}
{1072, 1073, 10~ %}
{32, 64, 100}

then constitutes the lower limit of the measurement uncertainty
[6]. For each target value of Ry, the input quantities R,, R,
and R, were randomly sampled from a uniform probability
density function (pdf) within the range [100.0, 5000.0] Q.
Similarly, the dc voltage source Vcc was sampled from a
uniform pdf over the interval [1.5, 5.5] V, to account for typical
dc supply conditions. The voltage V; was computed using
(3), with the addition of zero-mean Gaussian noise (standard
deviation o = 1 mV) to simulate nonidealities consistent with
Kirchhoff’s laws. This procedure yielded M; = 100 distinct
instances of the input quantities for each resistance value of
the measurand Ry. Hence, the overall dataset comprises 5000
instances (i.e., 100 instances for each of the 50 resistance
values of R,).

After a preliminary recognition of the hypothesis space
[9], the model selected for training was a feedforward ANN,
chosen for its suitability in modeling complex, possibly nonlin-
ear, input—output relationships that may arise in measurement
systems [19]. To identify the optimal configuration of hyper-
parameters, a grid search procedure was performed along
with a hold-out validation strategy, using an [80%, 20%] split
between training and validation data. More specifically, Table I
provides the tuned hyperparameters and the search spaces.

The activation function adopted in the hidden layers was
the rectified linear unit (ReLU). MinMax normalization was
employed to prevent potential scaling issues among the input
quantities and to ensure numerical stability during the training
process. Once the hyperparameter configuration yielding the
best performance, i.e., the lowest mse between the predicted
values and the target values, was identified, the ANN with
such settings, trained on the training portion of the dataset,
was identified as the ML-based measurement model.

In this case study, the optimal architecture was identified
as an ANN consisting of four hidden layers with 100 neurons
each, trained with a learning rate of 0.01 and a batch size of
32. This configuration achieved an mse of 6999.2 Q2.

However, as anticipated in Section II, the mse obtained
cannot be considered a metric suitable for evaluating the uncer-
tainty associated with the ML-based measurement model, as it
is a global metric associated with the predictions made by an
ML model across the entire dataset. Therefore, an appropriate
model calibration procedure should be implemented to assess
measurement model uncertainty.

B. Calibration of the ML-Based Measurement Model

The dataset employed for model calibration was developed
under the same conditions as the training dataset, specifi-
cally with regard to the selection of values for the input
quantities and the measurand Ry, ensuring consistency in
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terms of range, resolution, and PDFs. This design choice
follows standard practice in ML, where both training and
evaluation data are sampled from the same distribution to
ensure a reliable assessment of model performance within its
intended domain of applicability [16]. As for the dataset size,
M. = 30 instances of the input quantities were generated for
each of the 50 target resistance values of the measurand Ry.
Hence, for each of these 50 target values, 30 predictions were
produced, each corresponding to a distinct instance of the input
quantities. These predictions were then used to evaluate, for
each resistance value of Ry: 1) the measurement bias, i.e.,
the difference between the reference value of Ry and the
mean of the predictions, and 2) the standard uncertainty, i.e.,
the dispersion of the prediction mean, determined through a
type-A evaluation. Starting from this information, it was
possible to construct a fully fledged calibration diagram of the
ML-based measurement model, from which a linear regression
line was leveraged to correct for any systematic effects during
actual measurement operations.

These results are reported in Fig. 6(a). As evident from
the results, the evaluated standard uncertainties do not meet
the target uncertainty requirements established for the case
study. Specifically, for numerous mean predicted values of Ry,
the corresponding standard uncertainty approached the 1.0%
threshold. Therefore, appropriate corrective actions should be
undertaken to ensure compliance with the prescribed metro-
logical performance criteria.

C. Corrective Action

The chosen strategy for this case study was to act on the
epistemic contribution of the measurement model uncertainty.
Specifically, the training dataset was enriched by decreasing
the step size between consecutive target values of the mea-
surand Ry from 100.0 to 1.0 Q. As a result, instead of 50
target values, a total of 4900 target values were produced.
Consequently, by maintaining M, = 100 instances for each
target value, the overall dataset was expanded to 490000
instances. The range, resolution, and PDFs associated with
the input quantities remained consistent with those adopted in
the previous step.

Following the same grid search procedure, with the search
space defined in Table I, and employing the same hold-
out validation strategy and normalization used in the initial
training stage, a new ANN was identified and trained on the
enriched dataset. The resulting optimal architecture consisted
of four hidden layers with 50 neurons each, trained with
a learning rate of 0.001 and a batch size of 64, achieving
an mse of 304.1 Q?. Subsequently, model calibration was
performed on the same calibration dataset in order to compare
the metrological performance of the newly trained model. As
illustrated in Fig. 6(b), the measurement model uncertainty
was significantly reduced, thereby satisfying the prescribed
uncertainty requirement.

D. Employment of the ML-Based Measurement Model and
Uncertainty Evaluation

The proposed methodology enabled, during actual measure-
ment operations, a comparison between the physical quantity
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Fig. 6. Standard uncertainty and bias resulting from the model calibration of the ML-based measurement model #1 (a) and #2 (b) Case Study #1.

TABLE I

MEASUREMENTS OF THE INPUT QUANTITIES FOR THE EMPLOYMENT OF
THE ML-BASED MEASUREMENT MODEL IN CASE STUDY #1

Input Quantity | Best Estimate | Standard Uncertainty PDF

Ra 1502.0 Q2 8.7 Q Uniform

Ry, 1503.0 © 8.7 Q Uniform

R. 500.6 Q2 29 Q Uniform

Veo 5.0420 V 31071V Uniform

Vo 0.94905 V 21075V Uniform
TABLE III

RESULTS OBTAINED THROUGH CONVENTIONAL AND ML-BASED
MEASUREMENT MODELS IN CASE STUDY #1

Model Best Estimate [Q2] | MCM Unc. [%] [ Model Unc. [%] P
Meae, Nodil 1106.0 0.57 na.
ﬁf;ff’iiﬁdel #1 11482 0.43 0.71
x;::.a;;gdel #2 11085 0.47 0.20

2 MCM Unc. represents the physical quantity uncertainty, i.e., the uncertainty propagated
by using Monte Carlo Method (MCM) simulations. It is represented in the form of a
relative standard uncertainty.
b Model Unc. [%]) represents the measurement model uncertainty, i.e., the uncertainty
associated to the ML-based measurement models. It is represented in the form of a
relative standard uncertainty.

uncertainty and the measurement model uncertainty. For this
case study, concerning the measurement of the unknown
resistance Ry,* decade resistance boxes were employed for
the quantities R,, R, and R. (1% tolerance), along with a
dc power supply (Agilent 61100A) and a digital multime-
ter (Keysight 344401A). In Table II, the best estimates of
the measured input quantities are reported, along with their
associated standard uncertainties and the type of PDFs to be
considered (derived from instrument specifications). In this
way, the distributions of the input quantities were propagated
through: 1) the conventional measurement model; 2) the ML-
based measurement model #1, i.e., the model trained before

4For the unknown resistance Ry, a resistance of nominal value of 1100 Q
was chosen as it is one of the possible target values included in both the
training datasets.

dataset expansion; and 3) the ML-based measurement model
#2, i.e., the model obtained after corrective actions. The prop-
agation of the distributions was performed using Monte Carlo
simulations, with a number of samples equal to 10°. For each
of the three resulting PDFs of the measurand, it was obtained:
1) the best estimate as the arithmetic mean (with correction of
systematic effects); 2) the standard uncertainty as the standard
deviation (representing the physical quantity uncertainty); and
3) the measurement model uncertainty (solely for the two
ML-based measurement models). The experimental results
obtained are reported in Table III. As expected, the best
estimate provided by the ML-based measurement model #2
is closer to that of the conventional measurement model
compared to ML-based measurement model #1. Furthermore,
the measurement model uncertainty associated with ML-based
measurement model #2 is significantly reduced with respect
to model #1 and is also lower than the physical quantity
uncertainty. Overall, the result obtained by ML-based mea-
surement model #1 is not compatible with the conventional
measurement model, whereas the one obtained by ML-based
measurement model #2 exhibits compatibility. This confirms
that the proposed methodology proved effective in enabling
the ML-based measurement model to comply with the GUM
framework.

V. CASE STUDY #2

The second case study is an example of the challenges in
modern metrology when conventional measurement models
are either unavailable or impractical. Specifically, it concerns
the measurement of the full load electrical power output
of a combined cycle power plant (CCPP) operating under
base load conditions [20], as sketched in Fig. 7. Accurate
measurements of the full load electrical power output are
crucial for optimizing plant efficiency, maximizing economic
returns from available energy, and ensuring reliability and
sustainability of the system. In this scenario, a physically based
measurement model would require solving a complex system
of nonlinear thermodynamic equations.
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Fig. 7. Schematic of a generic CCPP in Case Study #2 (Legend:
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The resulting computational burden and lack of tractability
make the development of an explicit analytical model infea-
sible for practical purposes. This motivates the adoption of
data-driven models and highlights the need to extend the GUM
metrological framework to these approaches. Specifically, the
gas turbine power output is particularly sensitive to ambient
conditions, namely ambient temperature (AT), atmospheric
pressure (AP), and relative humidity (HR), while the steam
turbine output depends primarily on the vacuum pressure (V)
in the condenser. Hence, these quantities can be considered as
the input quantities for measuring the full load electrical power
output by means of an ML-based measurement model. Also,
in this case study, it is assumed that the goal is to perform
measurements with a target uncertainty of 1%.

The dataset under analysis is publicly available at [21].
Regarding the input quantities, AT ranges from 1.81 °C to
37.11 °C, AP ranges from 992.89 to 1033.30 mbar, RH
spans from 25.56% to 100.00%, and V ranges from 25.36 to
81.56 cm Hg. The measurand values range from a minimum of
420.26 MW to a maximum of 495.76 MW. In order to illustrate
the applicability of the proposed methodology, approximately
70% of the original dataset was allocated to the identification
and training phase of the ML-based measurement model, while
the remaining portion was reserved for the model calibration
procedure and on-field testing. Furthermore, zero-mean Gaus-
sian noise was added to each value of the physical quantities
in the dataset (relative standard deviation o = 10%) to
simulate the measurement uncertainty associated with data
acquisition. The choice of Gaussian noise was motivated by
the lack of detailed information on the instrumentation used
to acquire the data. Subsequently, the measurand values were
rounded to the nearest integer to ensure an adequate number
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of instances for each measurand value, specifically, M; = 100
instances for each measurand value in the training dataset and
M, = 30 instances for each measurand value in the calibration
dataset.

A. Training of the ML-Based Measurement Model

Also in this case study, the model selected for training
was a feedforward ANN, with the ReLU employed as the
activation function in the hidden layers. The same consid-
erations adopted in case study #1 regarding hyperparameter
optimization within the search space defined in Table I, data
normalization, and the train—validation split were applied.
The optimal ANN architecture initially identified consisted
of four hidden layers with ten neurons each, trained with a
learning rate of 0.01 and a batch size of 32, achieving an mse
of 31.1 MW2,

B. Calibration of the ML-Based Measurement Model

Once the ML-based measurement model was identified, it
underwent the model calibration procedure, from which both
the bias and the relative standard uncertainty were estimated
for each target value of the measurand. These results are
reported in Fig. 8(a). Regarding the measurement model
uncertainty, its value was already significantly below the
target uncertainty of 1%. However, the majority of the values
predicted by the ML-based measurement model fell within
the range [440, 470] MW, whereas the measurand values in
the calibration dataset (used as a reference in the calibration
procedure) were approximately distributed between 430 and
475 MW. In fact, the relative bias was considerably higher
at the boundaries of the range compared to the intermediate
values. Consequently, a corrective action was undertaken to
mitigate this issue.

C. Corrective Action

In this case study, for illustrative purposes, the focus was
placed on the aleatoric contribution of the measurement model
uncertainty. Specifically, the training dataset was modified by
reducing the relative standard deviation of the added Gaussian
noise from 10% to 5% to simulate a practical condition
involving the use of higher quality instrumentation. Hence, the
training procedure was conducted under the same conditions
as the initial training. The resulting ML-based measurement
model was a feedforward ANN with two hidden layers and
ten neurons per layer, trained with a learning rate of 0.01
and a batch size of 64, achieving an mse of 21.8 MW?2,
Subsequently, the model underwent the calibration procedure
using the same calibration dataset initially used. As shown in
Fig. 8(b), the distribution of the predicted values improved,
with the predicted range being closer to that of the reference
values.

D. Employment of the ML-Based Measurement Model and
Uncertainty Evaluation

Analogously to case study #1, the proposed methodology
was exploited to compare the physical quantity uncertainty
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Fig. 8. Standard uncertainty and bias resulting from the model calibration of the ML-based measurement model #1 (a) and #2 (b) Case Study #2.

TABLE IV

MEASUREMENTS OF THE INPUT QUANTITIES FOR THE EMPLOYMENT OF
THE ML-BASED MEASUREMENT MODEL IN CASE STUDY #2

Input Quantity | Best Estimate | Standard Uncertainty PDF
AT 27.17 °C 0.29 °C Uniform
AP 1011.4 mbar 0.2 mbar Uniform
RH 65.32 % 0.29 % Uniform
|4 61.02 cm Hg 0.04 cm Hg Uniform
TABLE V
RESULTS OBTAINED THROUGH ML-BASED MEASUREMENT
MODELS IN CASE STUDY #2

Model Best Estimate [MW] | MCM Unc. [%] ?| Model Unc. [%]
Reference 453 n.a. n.a.
ML-based
Meas. Model #1 430 0.80 0.14
ML-based
Meas. Model #2 41 0.77 0.14

4 MCM Unc. represents the physical quantity uncertainty, i.e., the uncertainty propagated
by using Monte Carlo Method (MCM) simulations. It is represented in the form of a relative
standard uncertainty.
> Model Unc. [%]) represents the measurement model uncertainty, i.e., the uncertainty
associated to the ML-based measurement models. It is represented in the form of a relative
standard uncertainty.

with the measurement model uncertainty during the employ-
ment stage of the ML-based measurement model. In this case
study, concerning the measurement of the output power PE, it
was assumed, for illustrative purposes, that the temperature
quantity AT was measured using a STTS22H sensor, the
relative humidity RH using a HDC3120 sensor, the vacuum
level V using a DVR2pro vacuum gauge, and the AP using
a LPS22DF sensor. Table IV reports the best estimates of the
measured input quantities, along with their associated standard
uncertainties derived from the instrument specifications and
the assumed PDFs. The distributions of the physical input
quantities were propagated through both ML-based measure-
ment models, i.e., the models trained before and after the
corrective actions, by means of Monte Carlo simulations
with 10° samples. As in case study #1, the best estimate
was obtained (with a correction of systematic effects), along
with the physical quantity uncertainty and the measurement

model uncertainty. The experimental results are presented
in Table V. As shown, the best estimate produced by the
ML-based measurement model #2 is closer to the reference
value, while the total uncertainty contributions for both models
are comparable. In any case, it is confirmed that the uncertainty
attributable to the ML-based measurement model (0.14%)
can be regarded as negligible® with respect to the uncertain-
ties associated with the measurement of the input quantities
(0.77%), thus fulfilling the conditions prescribed by the GUM
framework.

VI. CONCLUSION AND FUTURE WORK

This article proposed a novel methodology enabling the
application of GUM guidelines for uncertainty evaluation in
ML-based measurements. Unlike conventional measurement
models, whose definitional uncertainty is typically negligible
by construction, ML-based measurement models infer the rela-
tionship between the measurand and the related physical input
quantities from data. This fundamental difference necessitates:
1) thorough evaluation of the uncertainty associated with
such ML-based measurement models (defined as measurement
model uncertainty) and 2) comparison with the conventional
physical quantity uncertainty in order to verify whether the
GUM assumption is met. Focusing on deterministic regres-
sion models, the efficacy of the approach was demonstrated
through two case studies: 1) an electrical circuit used for
resistance measurements and 2) the measurement of the full
load electrical power output of a CCPP. These case studies
showed the capability of the methodology to validate ML
models within the GUM framework and to identify when
corrective actions are required. Specifically, the first case
study confirmed that ML models can achieve consistency with
established analytical measurement models, ensuring negligi-
ble model-related uncertainty. The second case study, in turn,
highlighted the practical necessity of data-driven measurement

5As outlined in the GUM [6], an uncertainty component may be ignored
if its contribution to the combined standard uncertainty of the measurement
result is insignificant.



ANGRISANI et al.: MACHINE LEARNING-BASED MEASUREMENT MODELS: A NOVEL METHODOLOGY

models when explicit physical models are infeasible, providing
a path to comply with metrological standards despite the
absence of conventional models. In both case studies, the ML
model applied was a feedforward ANN. Future work will
explore: 1) the application of the methodology with other
ML architectures, such as recurrent neural networks, to better
demonstrate its generality and 2) how to extend the proposed
methodology to incorporate stochastic regressors as ML-based
measurement models. Additionally, future studies will investi-
gate how to combine the two uncertainty contributions when
the assumptions of the GUM framework are infeasible to
satisfy.
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