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A B S T R A C T

Accurate reconstruction of aerodynamic loads from sparse strain measurements is a longstanding challenge in 
structural health monitoring (SHM), particularly for lightweight composite wings in unmanned aerial vehicles 
(UAVs) where space and weight constraints limit instrumentation. This work presents a data-efficient pipeline for 
UAV wing load reconstruction under sparse sensing, explicitly designed to operate with limited experimental 
data. The proposed framework uses a two-stage approach consisting of multi-objective optimization for sensor 
placement and a hybrid load reconstruction strategy that combines physics-based (low fidelity) with data-driven 
(high-fidelity) observations. In the first stage, the optimal strain gauge locations are identified numerically 
through a Pareto-based optimization that balances the number of sensors against reconstruction accuracy. Then, 
in the second stage, a multi-fidelity approach is developed for the reconstruction of the aerodynamic loads where 
a calibration matrix (CM), derived from finite element simulations, is combined with an artificial neural network 
(ANN) trained on limited experimental data to account for modelling discrepancies and improve prediction fi
delity. The framework is validated both numerically and experimentally, using wind tunnel experiments on a 
composite UAV wing. The results show that the multi-fidelity framework improves load reconstruction relative to 
the CM-only baseline and is particularly effective when experimental data are limited. With only three wind- 
tunnel runs used for training, the multi-fidelity model reduced the mean MAE from 8.72 to 4.58 for lift and 
from 8.94 to 4.08 for drag. For lift, the corresponding mean absolute percentage error (MAPE) decreased from 
49.23% to 18.44%. When ten training runs were used, the mean MAE was further reduced from 8.73 to 3.85 for 
lift and from 8.44 to 3.91 for drag, while the lift MAPE decreased from 47.51% to 12.92%. The proposed 
framework is also compared against a fully data-driven ANN trained on the same experimental datasets. Across 
the full data-availability study, the multi-fidelity approach reached accurate and stable predictions with fewer 
training runs than the ANN, which exhibited higher variability under data-scarce conditions. These results 
highlight the potential of the proposed framework as a promising basis for SHM and digital twin (DT) appli
cations in aerospace structures.

1. Introduction

Structural health monitoring (SHM) of composite aerospace struc
tures plays a critical role in ensuring mission reliability, structural 
integrity, and aerodynamic performance throughout service life. Recent 
advances in sensing technologies and computational capabilities have 
enabled increasingly sophisticated monitoring strategies, supporting the 
transition from periodic inspection toward continuous, data-informed 
assessment and digital twin–based operation of aerospace structures 
[1]. This is particularly relevant for composite materials, which, despite 

their high strength-to-weight ratios, are susceptible to internal damage 
mechanisms such as delaminations and fibre breakage that are difficult 
to detect using conventional inspection techniques [2]. Within this 
context, integrating SHM with reliable load reconstruction capabilities is 
essential for linking measured structural responses to operational loads, 
enabling fatigue assessment, remaining useful life estimation, and 
performance-informed decision-making.

Aeronautical structures experience complex and highly variable 
loading throughout their operational life. Accurately capturing the 
aerodynamic load spectra encountered in service not only provides 
insight into historical usage but also supports improved structural 
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design, certification, and maintenance planning [3,4]. SHM systems can 
support this need by enabling continuous monitoring capabilities for 
load estimation, early detection of performance degradation, and the 
development of digital twins that reflect the true operational state of the 
structure [5]. In composite wing structures, reconstructing aerodynamic 
lift and drag forces from strain-based measurements offers a practical 
pathway for monitoring stresses at critical locations and assessing fa
tigue damage accumulation under realistic operating conditions [6,7].

Common sensing technologies employed to acquire these strain 
histories include conventional strain gauges (SGs), piezoelectric sensors, 
and fibre-optic-based systems, such as Fiber Bragg Grating (FBG) sensors 
and distributed fibre optic (DFOS) sensors [8]. FBGs can be surface 
mounted or embedded into composites and allow multiplexing of many 
sensing points along a single fibre, offering great performance against 
electromagnetic interference [9]. Novel, miniaturized acquisition sys
tems have made possible the integration of FBGs into space- and 
weight-limited structures [10]. Currently, integration of SGs is the 
standard practice in industry and has also been used extensively in wing 
structures [11,12]. However, in unmanned aerial vehicles (UAVs), 
constraints on space, weight, and power significantly limit the number 
and type of sensors that can be deployed. It is therefore typical that load 
reconstruction must be achieved from sparse strain measurements, often 
under conditions where experimental training data are limited.

Inferring loads, stresses, or displacements from strain measurements 
is an inherently ill-posed inverse problem [13]. In the specific case of 
reconstructing displacement or deformation fields, this class of methods 
is often referred to as ‘shape sensing’ [14]. A wide range of methodol
ogies has been proposed to address this challenge. Data-driven ap
proaches employ machine learning models such as Artificial Neural 
Networks (ANN) or Gaussian Process regression trained on numerical or 
experimental datasets to establish strain-to-load mappings [15,16]. 
While such methods can achieve high accuracy, their performance de
pends strongly on the availability of sufficiently rich and representative 
training datasets, and their generalization capability may degrade when 
data are sparse, or operating conditions deviate from those observed 
during training. More recently, physics-informed learning approaches 
have also been proposed for shape sensing, including models that 
incorporate strain–displacement relations, constitutive equations and 
equilibrium constraints within neural-network training [17].

In contrast, physics-based approaches exploit mechanical models to 
reconstruct loads or deformations without reliance on extensive training 
data. Typical examples include: i) the inverse finite element method 
(iFEM) which reconstructs full-field displacements by minimizing the 
least-squares error between measured and numerical strains, without 

requiring prior knowledge of material properties or loading conditions 
[12,18], ii) strain integration approaches such as Ko’s displacement 
theory [19] and iii) the Calibration Matrix (CM) method in which strain 
responses to unit load cases computed via finite element (FE) models are 
used to infer unknown loads through inverse mapping. Owing to their 
simplicity and interpretability, CM-based approaches have seen wide
spread adoption across multiple engineering domains [10,20,21]. In 
[22] and [14], demonstrated the effectiveness of the CM approaches for 
load identification while their integration with FE models allowed 
full-field displacement, strain or stress reconstruction. In such two-step 
approaches, the loads are first identified from measured strains and 
are then applied to a refined FE model to recover the structural field 
quantities. These methods are highly valuable when the objective is 
full-field reconstruction and when a sufficiently representative struc
tural model and sensor set are available.

Despite their respective advantages, both data-driven and physics- 
based approaches face limitations in practical UAV applications. 
Physics-based methods are sensitive to modelling assumptions, param
eter uncertainties, sensor noise, and sparse sensor placement, which can 
lead to degraded reconstruction accuracy. Conversely, purely data- 
driven approaches often require extensive experimental datasets to 
achieve robust performance, which are costly and difficult to obtain.

To address these challenges, recent research has explored two com
plementary directions. The first concerns optimal sensor placement, 
recognising that reconstruction accuracy depends on both the number 
and spatial distribution of sensors. Approaches based on statistical, 
modal, and optimisation techniques such as Fisher Information Matrix 
(FIM), Effective Independence (EI), Modal Assurance Criterion (MAC), 
and genetic algorithms (GA) have been widely studied [23–25]. Addi
tionally, data-driven sensor selection strategies have been recently 
proposed [26], leveraging machine-learned feature importance to 
identify informative sensing locations with reduced computational cost. 
These approaches aim to identify the monitoring locations that would 
obtain the maximum value out of the available sensor budget.

The second direction focuses on hybrid load reconstruction frame
works that combine physics-based models with data-driven corrections. 
Such approaches aim to retain the interpretability and generality of 
physics-informed methods while exploiting data-driven components to 
compensate for modelling discrepancies and unmodelled dynamics. For 
example, Zhou et al. [27] proposed a hybrid framework in which con
volutional neural networks are coupled with reduced-order inverse 
models to reconstruct the full-field aerodynamic loads and correspond
ing structural deformations. Duan et al. [28] introduced a reduced-basis 
reconstruction enhanced by ANN-based corrections to achieve fast and 
robust aerodynamic force estimation from sparse measurements. These 
studies demonstrate the promise of hybrid methodologies for load 
reconstruction under practical constraints.

Despite these advances, a fundamental disconnect remains between 
optimal sensing and robust load reconstruction in operational settings. 
Sensor placement studies typically optimize information content or 
reconstruction accuracy in isolation, without explicitly considering how 
the selected sensor network performs within hybrid or data-driven 
reconstruction frameworks under realistic data constraints. 
Conversely, hybrid reconstruction methods often assume fixed sensor 
configurations and focus on algorithmic performance, with limited 
attention to how sensor placement, data availability, and experimental 
uncertainty jointly affect reconstruction fidelity during operation. As a 
result, existing studies provide only partial insights into how to achieve 
accurate and reliable aerodynamic load reconstruction from sparse 
strain measurements. A study that jointly optimises sensor placement 
and assesses data efficiency and load-reconstruction fidelity (explicitly 
accounting for limited experimental data, measurement noise, and 
modelling discrepancies) remains lacking, particularly for composite 
UAV wings operating under practical constraints.

To address this gap, this work proposes a data-efficient multi-fidelity 
framework for aerodynamic load reconstruction in composite UAV 

Nomenclature

A Calibration matrix for load estimation
ARF Calibration matrix for estimation of reactions
BD Bias tensor
FL Load vector
FRF Vector of reaction forces
RFy Drag force
RFz Lift force
WD Weight tensor
c Boolean sensor indicator vector
nL Number of load components / unit load cases
ns Number of strain sensors
xRF Location of force transducer
δ Discrepancy term
εm Measured Strains
εij Strain component
λ Regularization parameter
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wings that integrates numerical modelling, sensor placement optimiza
tion, and multi-fidelity reconstruction within a unified pipeline. Multi- 
fidelity is defined here as additive discrepancy correction of a physics- 
based prior. First, high-fidelity FE simulations are used to construct 
the CM that forms the mapping between unitary loads and strain 
response and to support a multi-objective optimization that identifies 
optimal strain gauge locations by balancing reconstruction accuracy 
against sensor count. Then, a multi-fidelity reconstruction strategy is 
introduced, in which a physics-based CM formulation provides a base
line load estimate, and an ANN trained on a limited set of wind tunnel 
measurements learns a discrepancy correction to improve prediction 
fidelity. This formulation enables accurate load reconstruction under 
sparse sensing while reducing dependence on large experimental data
sets. In the present study, the primary quantity of interest is the recon
struction of the global aerodynamic resultant forces, rather than the 
recovery of the complete force distribution or full-field displacement/ 
stress response.

The proposed methodology is validated both numerically and 
experimentally using wind tunnel tests on composite UAV wings. The 
results are compared against a CM-only method as well as a fully data- 
driven method. The main contributions of this work are as follows: 

1. The development of an end-to-end, experimentally validated pipe
line that jointly addresses sensor placement and aerodynamic load 
reconstruction under sparse sensing constraints in composite UAV 
wings.

2. Wind tunnel validation on a composite UAV wing, providing prac
tical insight into the interaction between sensor placement, model
ling discrepancies, and reconstruction fidelity under realistic 
operational conditions.

3. A systematic comparison using experimental observations under 
typical UAV operational conditions of physics-based (CM-only), fully 
data-driven, and hybrid multi-fidelity reconstruction, performed on 
the same sensor network and aerodynamic test campaign.

4. A quantitative assessment of data efficiency, indicating that multi- 
fidelity reconstruction can reach comparable accuracy with fewer 
experimental training runs within the tested operating envelope.

The remainder of this paper is structured as follows. Section 2 pre
sents the proposed methodology, introducing the CM formulation for 
aerodynamic load reconstruction, the multi-objective optimization 
strategy for sensor placement, and the hierarchical multi-fidelity 
framework for discrepancy learning. Section 3 describes the wind tun
nel experimental campaign, including the test configuration, instru
mentation, and data acquisition procedures used to generate 
experimental datasets. Section 4 reports the numerical and experimental 
results, covering the identification of optimal sensor layouts, analysis of 

strain measurements, and a comprehensive comparison of physics- 
based, data-driven, and multi-fidelity reconstruction strategies under 
varying data availability scenarios. Finally, Section 5 summarizes the 
main findings and discusses their implications for UAV structural health 
monitoring and digital twin applications.

2. Methodology

The proposed methodology is formulated as an integrated, multi- 
fidelity pipeline that combines numerical modelling, sparse sensing 
design, and experimental validation to enable accurate aerodynamic 
load reconstruction in composite UAV wings. The framework is devel
oped and demonstrated using the ASTERO fixed-wing UAV by Nordic 
Wing [29], which provides a representative lightweight composite wing 
platform. The overall structure and information flow is illustrated 
schematically in Fig. 1, while the individual methodological compo
nents are detailed in the following subsections.

The methodology builds on a physics-informed backbone based on a 
FE model of the wing. This numerical model serves as a low-cost sur
rogate for simulating structural strain responses under unitary aero
dynamic loading conditions and forms the basis for constructing CM 
mappings between applied loads, measured strains, and reaction forces. 
These mappings provide an interpretable, physics-based baseline for 
load reconstruction.

To explicitly address the sparse sensing constraints inherent to UAV 
platforms, a multi-objective sensor placement optimization is incorpo
rated into the framework. Using information derived from the FE-based 
CM formulation, the optimization identifies strain gauge configurations 
that balance reconstruction accuracy against the number of sensors. 
Importantly, this step is not treated as a standalone design exercise, but 
as an integral component of the overall framework that provides 
actionable design feedback for both instrumentation strategy and sub
sequent operational load monitoring. In this way, the sensor layout is co- 
designed with the reconstruction methodology, ensuring consistency 
between numerical modelling, experimental validation, and in-service 
application (Fig. 1).

Recognising that numerical models alone cannot fully capture real 
structural behaviour, the framework adopts a multi-fidelity recon
struction strategy. In this formulation, the CM-based reconstruction is 
treated as a low-fidelity, physics-driven estimate, while an ANN trained 
on a limited set of experimental measurements learns a discrepancy 
correction that accounts for modelling errors, sensor placement imper
fections, and experimental variability. This multi-fidelity approach 
preserves the interpretability and robustness of physics-based methods 
while providing adaptability when experimental data are limited.

Experimental wind tunnel tests conducted at Imperial College Lon
don on an instrumented wing-set from the ASTERO UAV provide the 

Fig. 1. Schematic overview of the proposed multi-fidelity load reconstruction framework integrating numerical modelling, optimization, and experi
mental validation.
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data required for training and validation. These experiments enable 
systematic evaluation of the proposed framework under controlled yet 
representative aerodynamic conditions, allowing direct comparison 
between CM-only, purely data-driven, and hybrid multi-fidelity recon
struction strategies.

2.1. Calibration matrix (CM) method for aerodynamic load 
reconstruction

The CM method forms the foundation of the proposed multi-fidelity 
framework, as it embeds the underlying physics of the structural 
response. Load reconstruction relies on a suitable parameterization of 
the external load field acting on the structure, enabling the mapping of 
strain measurements to global load components. It is assumed that the 
structure operates within its elastic range, allowing the deformation 
state to be represented as a linear superposition of individual unitary 
loads. This assumption is generally valid in practical applications, since 
aerospace structures are designed to remain within their elastic regime 
under normal operating conditions.

The aerodynamic pressure acting on the wing surface can be 
parameterized as a set of concentrated forces defined as FL =
[
FL,1, FL,2, …, FL,nL

]T
, where nL is the number of individual concentrated 

forces. A common choice is to assume that the concentrated forces are 
applied at each nodal location of the underlying FE mesh that is con
structed for the spatial discretization of the problem [10,30].

The application of parameterized aerodynamic load, FL, leads to the 
deformation of the structure and a strain field ε. Let the structure be 
instrumented with ns strain sensors, located at coordinates xs. At each 

time instant, the measured strains can be arranged in the vector εm =
[
εm

1 ,εm
2 ,…, εm

ns

]
. Using the linear-elastic assumption, the ith strain εm

i can 

be described as a superposition of the strain contributions εm
ij from each 

FL,j load component as: 

εm
i =

∑nL

j=1
εm

ij =
∑nL

j=1
aijFL,j (1) 

where aij is an influence value and describes the effect of the jth unit load 
on the ith strain [30]. Repeating Eq. (1) for each element in εm, the in
fluence values aij can be arranged in an [ns ×nL] matrix leading to: 

εm = A⋅FL (2) 

where A is termed the calibration matrix (CM). Each aij element of A can 
be viewed as the εm

i strain value that would be observed if a single 
unitary load FL,j was applied [31], and transforms the applied loads to 
sensed strains at the sensor locations. Thus, the elements of A are 
computed column by column by applying iteratively a unitary load at 
each load location. This process is done numerically using a FE model.

Assume that at a time instant, the installed sensor system measured 
the strain vector εm. The error between the measured and the estimated 
strains under the application of the parameterized load can be computed 
as the norm e = ‖ εm − A⋅FL‖

2. Using the error e for a given vector εm of 
measured strains, it is possible to estimate FL by solving the inverse 
problem through a least-squares minimization of e (i.e. ∂e /∂FL = 0) 
leading to [30]: 

F̂L =
(
ATA

)− 1ATεm (3) 

where F̂L is the estimation of the applied load.
Generally, ns ∕= nL leading to a non-square matrix A . The large 

condition number of A can lead to significant errors when solving the 
inverse problem described in Eq. (3). At the same time, measurement 
noise will be amplified and propagated to the final estimations. It has 
been shown that the reconstruction accuracy does not strictly increase as 

the number of sensing points (ns) increases [13]. To manage the 
reconstruction error in the identified load vector, the Tikhonov regula
rization technique is a common choice, which is suitable in removing 
additive Gaussian noise [13,32]. The load identification problem can be 
recast into an optimization problem min

FL
‖ A⋅FL − εm‖

2
2 + λ2‖ FL‖

2
2 and 

the identified load can be derived through [33]: 

F̂L =
(
ATA + λ2I

)− 1ATεm = A∗εm (4) 

where λ is the regularization parameter. Selection of the appropriate λ 
value is crucial to avoid over-smoothing the results or introducing 
redundant errors. The selection of parameter λ can be optimized to 
reduce measurement noise, leading to improved predictive accuracy 
[13,30,34,35]. A common approach is the implementation of the 
Generalized Cross Validation (GCV) approach which is also adopted 
here. For the implementation steps of GCV the interested reader is 
directed to [13] and the references therein. The regularization addresses 
the numerical instability of the inverse problem for a given CM by 
reducing noise amplification and improving the conditioning of the 
reconstruction. However, it does not correct systematic errors in the CM 
itself, nor discrepancies arising from modelling assumptions, 
boundary-condition differences, or sensor positioning errors. Therefore, 
regularization is necessary for stable CM-based reconstruction but is not 
sufficient to account for model–experiment mismatch. The proposed 
multi-fidelity framework is applied on top of the regularized CM esti
mate to account for such errors.

In Eq. (2), matrix A maps the applied forces FL to the sensed strains 
εm, formulating a forward problem. We can work in an analogous 
manner and create a mapping between the applied loads and specific 
reaction forces. Let FRF ∈ RnRF be the vector containing the reactions at a 
given control location xRF. Matrix ARF can be defined to map FL to the 
vector of reaction forces FRF as: 

FRF = ARFFL (5) 

where the elements in ARF are defined and computed in an analogous 
manner to the influence values of A. Therefore, given a measurement εm 

from the sensing system, the reaction forces can be estimated using Eq. 
(4) and 5 as: 

F̂RF = ARFA∗εm (6) 

Essentially, Eq. (6) combines a direct (Eq. (5)) with an inverse 
problem (Eq. (4)) to link the measured strains with the reactions 
observed. Similar formulations can be implemented to obtain mappings 
for various quantities of interest such as loads, stresses and strain fields 
[31]. For the UAV study conducted, this formulation aims to predict the 
total lift and the drag acting on the drone during flight. The focus on 
resultant lift and drag forces is motivated by their practical relevance for 
UAV operational monitoring. These quantities provide compact in
dicators of aerodynamic loading experienced by the structure and can be 
used to support load-history reconstruction, fatigue assessment, 
flight-envelope monitoring, and digital-twin updating.

2.2. Selection of the optimal sensing positions

The accuracy of load reconstruction depends on both the number and 
placement of strain gauges. Weight and space limitations in UAVs 
restrict the number of sensors that can be installed. Here, sensor 
placement optimization is not treated as a standalone objective, but as a 
supporting design step, aiming to identify the most informative loca
tions, to ensure that the sparse sensor network maximizes the value of 
each sensor and enables robust load reconstruction within the proposed 
multi-fidelity framework.

Within this context, sensor placement is formulated as a constrained, 
multi-objective combinatorial optimization problem and performed 
prior to the experimental campaign using numerical predictions only. To 
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ensure tractability and reflect realistic installation constraints, candi
date sensor positions are predefined as a finite set of feasible discrete 
locations on the wing surface, accounting for wiring routes and acces
sibility. Based on the internal layout of the wing structure, regions near 
the leading and trailing edges cannot be instrumented due to limited 
access during manufacturing and integration. Although the strain 
gauges used in the subsequent experimental campaign are installed on 
the exterior surface of the wing, the proposed methodology is formu
lated with broader applicability in mind, including scenarios where in
ternal access for sensor integration is possible during manufacturing, 
representing a realistic and generalisable sensing design space for UAV 
wing applications.

Based on these considerations, candidate locations are restricted to 
three spanwise lines: one located near the leading-edge region, one 
aligned with the internal stiffener, and one near the trailing-edge region. 
Along each line, candidate sensor locations are defined at regular in
tervals of 100 mm, resulting in a total of ns = 50 potential sensor posi
tions across the top and bottom wing surfaces (Fig. 2A and Fig. 2B). This 
discretisation reflects common practice in both strain gauge and fibre- 
optic based monitoring systems, where longitudinal strain (εxx) is 
measured at regular spanwise intervals using distributed arrays [12].

The optimization addresses two competing objectives: (i) minimizing 
the reconstruction error of the aerodynamic reaction forces, and (ii) 
minimizing the number of installed sensors. This trade-off naturally 
leads to a multi-objective optimization problem, for which no single 
solution simultaneously optimizes both objectives. Instead, the outcome 
is a Pareto front comprising non-dominated solutions, where improve
ments in one objective can only be achieved at the expense of the other 
[37].

The reconstruction error objectives are evaluated over a numerical 
validation dataset composed of quasi-static distributed pressure load 
cases. These load cases are generated using the Gaussian pressure pro
files described in Section 2.3. Therefore, the optimization is not per
formed for a single load case, but for a collection of idealized distributed 
loading scenarios. Let c = [s1, s2,…, s50] be a Boolean vector indicating a 
selected sensor combination, where si = 1 or si = 0 indicates that a 
sensor has been selected or not, respectively. For each candidate sensor 
configuration, matrix A is reduced by retaining only the rows of active 
sensor locations while matrix ARF is kept unchanged, since it maps the 
reconstructed load vector to the resultant reaction forces. Using the 
reduced matrix A, the reaction forces are then reconstructed for each 
distributed pressure load case. The first objective can be expressed as: 

f1 =
∑

RMSE
(
FRF,i, F̂RF,i

)
(7) 

and it describes the summation of the root mean square error (RMSE) 
between the components in the true (FRF) and the estimated reaction 
forces (F̂RF) computed using Eq. (6). The second objective can be written 
as: 

f2 =
∑ns

i=1
si = ||c|| (8) 

representing the total number of selected sensors. To constrain the 
search space and reflect practical deployment limitations, lower and 
upper bounds are imposed on the number of sensors. Specifically, a 
minimum of two sensors is required to ensure a solvable reconstruction 
problem, while the maximum number is limited to twenty four due to 
data acquisition hardware constraints. The resulting optimization 
problem can be written as: 

minf1
minf2

s.t. : 2 ≤ f2 ≤ 24
(9) 

The combinatorial nature of this formulation results in an expo
nentially growing search space, rendering exhaustive evaluation 
computationally infeasible. To efficiently explore candidate configura
tions, a GA is employed. The GA operates on a population of candidate 
solutions encoded as binary vector c (Fig. 3), which are evaluated using 
the two objective functions. Through successive generations involving 
selection, crossover, and mutation, the algorithm promotes high- 
performing configurations while maintaining population diversity and 
avoiding premature convergence. The optimisation process ultimately 
yields a set of Pareto-optimal sensor configurations that capture the 
trade-off between reconstruction accuracy and sensor economy.

2.3. Numerical model and construction of calibration matrices

The practical construction of matrices A and ARF, which are central 
to the identification of FL and FRF, requires a computational represen
tation of the wing. To this end, a FE model of the ASTERO wing is 
developed in ABAQUS [36] to simulate its structural response under a 
range of loading conditions.

Fig. 2. A) Candidate locations on the top surface of the wing and B) candidate locations on the bottom surface of the wing.

Fig. 3. Illustration of binary vectors c for the identification of active 
sensor locations.
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The structure of each wing consists of a top and bottom skin and an 
internal stiffener (Fig. 4A). Linear quadrilateral shell elements with 
reduced integration (S4R) are used for spatial discretization. Each wing 
(left and right) is analysed individually, acting as a cantilever with fixed 
boundary conditions applied at the root. This modelling choice is made 
to ensure that the boundary conditions are well defined and directly 
controllable during the experimental campaign in the wind tunnel. The 
resulting FE mesh consists of 5538 elements and 5385 nodes. The dis
cretization size is selected to ensure convergence of the structural 
response while further mesh refinement was found to have negligible 
influence on reconstruction accuracy while increasing the computa
tional cost associated with matrix construction.

The wings of ASTERO are made of a proprietary composite structure 
with thickness of approximately 1 mm. Due to confidentiality con
straints, the properties of the composite material used, and internal 
structure are not disclosed. Based on the information available, the 
global structural response of the wing is expected to be approximately 
quasi-isotropic. Therefore, in the present study, the wing is represented 
using an equivalent isotropic material model. This modelling choice is 
intended to capture the global elastic behaviour required for CM con
struction, rather than the detailed ply-level response.

The equivalent Young’s modulus, E, and density, ρ, are identified 
experimentally by collecting vibration measurements from four ASTERO 
wings (2 left and 2 right wings) in the laboratory (Fig. 4B). The inclusion 
of responses from multiple wing sets ensures that the material and 
geometrical variability from the manufacturing process is captured in 
the estimations. Each wing is clamped at its root and excited to record 
tip accelerations [37]. A calibration study is then performed to adjust E 
and ρ such that the first two natural frequencies of the FE model matched 
those obtained experimentally (Fig. 4C), providing good agreement 
between the numerical and physical global dynamic response. The 
estimated values are reported in Table 1 which are used for all numerical 
simulations performed in this study. It is noted that the present frame
work targets quasi-steady aerodynamic load reconstruction under stable 
wind tunnel conditions. Dynamic aeroelastic phenomena, such as 
flutter, are outside the scope of the current study. Remaining discrep
ancies between the equivalent FE model and the experimental response 
are addressed through the multi-fidelity discrepancy-learning correction 
introduced in Section 2.4.

For the construction of A and ARF, unitary forces are applied 
sequentially at each nodal location of the FE mesh on the surface of the 
wing. Aerodynamic loading is assumed to be adequately represented as a 
superposition of lift (Fz) and drag 

(
Fy
)

components, while longitudinal 
contributions (Fx) are neglected due to their negligible influence within 
the operating conditions considered. A load case is constructed where a 
unitary lift and drag forces are applied individually at each surface node. 
In total nL = 2 × 5295 = 10590 unit load cases are constructed where 
the nodes at the root boundary have been excluded.

For each unit load case, the resulting strain field is computed and the 
longitudinal strain component εxx is extracted at the 50 candidate strain- 
gauge locations (see Fig. 2). The strain responses associated with a single 
unit load form the entries of the corresponding column of matrix A. In 

parallel, the global reaction forces at the wing root are recorded to 
populate matrix ARF. Specifically, the reaction forces RFz (total lift re
action) and RFy (total drag reaction) are extracted with respect to a 
reference point located at [ − 105, 75, − 221.67]mm. This reference 
point corresponds to the monitoring position of the force transducer that 
is used in the subsequent wind tunnel experiments. The adopted force 
directions, coordinate axes, and reference point are illustrated sche
matically in Fig. 5A.

Using the solutions from the simulated load cases, matrices A and 
ARF are constructed. If strain gauges are available at all candidate sensor 
locations, the dimension of these matrices would be 50 × 10590 and 2×

10590, for A and ARF, respectively. The construction of A and 
ARF enables the estimation of lift and drag reaction forces (RFz and RFy, 
respectively) for each wing, given a vector of strain measurements εm at 
any time instant.

For validation of the CM method, a numerical dataset of simulated 
load scenarios is constructed. In each scenario, a distributed pressure 
field is applied normal to the wing surface, following the Gaussian 
profile illustrated in Fig. 5B and centered at xc =

(
xc, yc

)T as: 

q(x) = Aqexp

(

−
‖ x − xc‖

2

2σ2
q

)

(10) 

where Aq ∼ U
(
1.125 10− 3,3.75 10− 3) N/mm2 is the amplitude of the 

pressure load and σq = 30mm is the standard deviation. In total, 400 
samples are generated and simulated using the FE model, by randomly 
varying xc over the wing surface. During each simulation run, the lon
gitudinal strains εxx are computed at each of the 50 candidate sensor 
locations, along with the reaction forces at the reference point. This 
numerical validation dataset is used to evaluate the CM performance 
and to guide the sensor placement optimization in the following sections 
and it is distinct from the unit nodal lift and drag load cases used to 
construct A and ARF.

The reaction forces are reconstructed based on the strain measure
ments using Eq. (6) and matrices A and ARF. It is noted that for this 
validation step, all 50 locations are assumed active. The predicted versus 
true values of RFy and RFz are reported in Fig. 6. The results indicate that 
using the CM method, it is possible to reconstruct accurately the reaction 
forces with RMSE errors of 0.13 and 1.63 for RFy and RFz, respectively. 
The high accuracy in the reconstruction is expected as matrices A and 
ARF and the validation dataset are both generated from exactly the same 
system (the FE model in this case).

In the following sections, the validation dataset will be used as a 
benchmarking tool to evaluate the reconstruction accuracy of different 
sensor configurations during the sensor placement optimization.

Fig. 4. A) Numerical discretization of the wing geometry using shell elements, B) experimental configuration for the extraction of acceleration time histories and C) 
comparison of the first 2 natural frequencies between the numerical model with the equivalent material properties and the actual wings.

Table 1 
Equivalent material properties used for the simulation of the wing response.

Young’s Modulus 
E [MPa]

Density 
ρ
[
kg /m3]

Thickness 
t [mm]

Poisson’s 
Ratio

16000 2000 1 0.3
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2.4. Multi-fidelity load reconstruction through discrepancy learning

While FE models are valuable for establishing the CM, their predic
tive accuracy is affected by several sources of uncertainty. Material 
property variability, geometric tolerances, and modelling simplifica
tions can all reduce the accuracy of the simulated response. In addition, 
the inverse problem formulation in Eq. (4) is ill-conditioned and sus
ceptible to numerical instabilities, meaning that even small discrep
ancies in the strain data may lead to significant errors in the 
reconstructed loads. On the experimental side, uncertainties arise from 
sensor misplacement/misalignment, environmental and operational 
conditions, and intrinsic measurement errors of the strain gauges. These 
modelling and experimental uncertainties can significantly impair 
reconstruction accuracy.

To mitigate these effects, a hierarchical multi-fidelity framework is 
adopted, in which the FE-based CM method is explicitly treated as a low- 
fidelity, physics-informed prior, and a discrepancy term is introduced to 

learn systematic deviations from experimental observations using 
limited data [38]. This formulation effectively decomposes the recon
struction into two components: (i) a physics-based estimate derived 
from the FE model and inverse mapping, and (ii) a data-driven correc
tion that learns systematic biases and unmodeled dynamics. Such an 
additive structure is particularly well suited to SHM applications, as it 
preserves the interpretability of the physics-based framework while 
exploiting the adaptability of machine learning to compensate for sys
tematic uncertainties.

The hierarchical approach can be expressed as: 

FHF
RF (εm) = FLH

RF (εm) + δ(εm) (11) 

where, FLH
RF (εm) = F̂RF(εm) is the low-fidelity estimate based on Eq. (6), 

δ(εm) is the discrepancy term and FHF
RF (εm) is the high-fidelity estimation.

In practice, the identification of δ(εm) is not straightforward and 
requires field observations to characterize the mismatch between model- 

Fig. 5. A) Top down view of the meshed wing. An example of unitary lift and drag forces is depicted along with the position of the reference point. B) Example of a 
test load with the application of Gaussian pressure on the wing surface.

Fig. 6. Evaluation of the reconstruction accuracy of the CM method using the numerical dataset generated.
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based and real responses [39]. Here, δ(εm) is approximated by training 
an ANN on experimental data to learn this mismatch: 

δ(εm) = FMeasured
RF − FLH

RF (εm) ≈ ANN(εm;WD ,BD ) (12) 

where, WD and BD are the weight and bias matrices learned on a 
training dataset D of strain-load pairs. Substituting Eq. (12) into Eq. 
(11) yields: 

FHF
RF (εm) ≈ F̂RF(εm) + ANN(εm;WD ,BD ) (13) 

Because the ANN learns only the residual discrepancy rather than the 
full strain–load mapping, substantially fewer training runs are required 
compared to fully data-driven approaches.

This hierarchical approximation retains the CM prediction as a 
physics-based prior and learns only the residual discrepancy between 
the CM estimate and the measurements with a data-driven correction, 
providing a robust framework that accounts for both numerical inac
curacies and experimental uncertainties. Both the numerical simulations 
and experimental measurements that are used in the above equations 
implement the sensor network that is suggested following the optimi
zation process defined in Section 2.2, ensuring consistency between the 
two stages. Although an ANN is used in this work, the formulation is not 
restricted to neural networks. Other surrogate models, such as Gaussian 
processes [39,40], Polynomial Chaos Expansion [41,42], and statistical 
methods [43] have been implemented in similar applications. In this 
study, a feed-forward ANN was selected because it provides a simple and 
computationally efficient way to approximate the residual mapping 
from sparse strain measurements to force-discrepancy terms, while 
allowing rapid inference once trained.

Further calibration or updating of the FE model could also improve 
the fidelity of the numerical simulator and, consequently, the initial CM- 
based estimates by recreating the A and ARF matrices. Such updating 
may be performed using preliminary laboratory tests, as adopted here 
through matching of the first two frequencies, or using online strain 
measurements during operation [44]. Even an updated FE model may 
not fully capture all sources of experimental discrepancy, particularly 
when these arise from effects that are difficult to parameterize explicitly, 
such as local sensor positioning and bonding errors, boundary-condition 
tolerances, aerodynamic contributions from the complete wind tunnel 
fixture, and manufacturing variability in the composite wing. For this 
reason, the proposed residual-learning step is not intended to replace FE 
calibration, but to complement it by correcting the remaining systematic 
mismatch at the level of the reconstructed resultant forces.

3. Experimental test campaign

3.1. Wind tunnel facility and flow conditions

An experimental test campaign is conducted to generate the data 
required for training the discrepancy term and for validating the pro

posed multi-fidelity load reconstruction framework under controlled yet 
representative operating conditions. All experiments are performed in 
the low-speed wind tunnel at Imperial College London, which features a 
test section of 1.5m × 3.0m (Fig. 7A) and provides uniform flow veloc
ities at a controlled ambient temperature of 18∘C. The total blockage 
ratio of the experimental configuration was approximately 2.1%, 
remaining below the commonly accepted 5% threshold for low-speed 
wind tunnel testing, thereby minimising blockage-related interference 
effects.

The test conditions are selected to reflect the operational envelope of 
the ASTERO UAV while ensuring stable and interpretable aerodynamic 
loading. The free-stream velocity was limited to 24m/s, and the angle of 
attack (AoA) is varied between − 15∘ and + 20∘. These limits are chosen 
to avoid damaging the load cell that is used for measuring the acting 
forces, while sufficiently covering the expected operational range of the 
ASTERO UAV.

3.2. Mounting configuration and boundary conditions

To reproduce controlled and repeatable boundary conditions, each 
ASTERO wing is mounted onto custom fixtures machined to match the 
wing profiles (Fig. 7B), enabling precise positioning and load transfer 
while ensuring geometric compatibility with the wing structure. An 
elliptical nose profile is also added to emulate a simplified fuselage ge
ometry during testing. This configuration allows each wing to be treated 
as a cantilever, enabling precise control of the boundary conditions and 
ensuring consistency with the numerical modelling assumptions.

The fixtures are bolted to a 15 mm thick aluminium flange creating a 
rigid assembly. Holes are drilled through the flange along a circular 
pattern allowing the assembly to rotate. The rotation axis was positioned 
close to the aerodynamic centre of the wing section (approximately one- 
third of the chord length from the leading edge), such that pitch ad
justments produced realistic variations in aerodynamic loading. The 
holes are spaced to allow changing the AoA in the range from − 15◦ to 
+20◦ in 5◦ increments. The range is selected to cover the expected 
operational profile of ASTERO during flight.

3.3. Instrumentation and data acquisition

Aerodynamic forces are measured using an ATI Delta 330-30 triaxial 
force transducer [45] mounted beneath the aluminium flange. The 
transducer records total lift and drag force components with sampling 
frequency of 1000 Hz and provides the reference measurements used for 
training the discrepancy model and validating the reconstructed loads. 
To minimise boundary-layer interference and blockage effects, the 
model is mounted on an aluminium column, raising the wing centreline 
to 0.75 m above the tunnel floor. All wiring is routed along the tunnel 
floor and passed outside the test section through a sealed opening to 
avoid flow disturbance.

Fig. 7. A) Cross section of wind tunnel with positioning of the model aircraft, B) Fixture configuration for the installation of the ASTERO wings C) Data acquisition 
set-up with HBM GEN4tB.
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Strain measurements are acquired using an HBM GEN4tB high-speed 
data acquisition (DaQ) system [46], which provides a total of 24 chan
nels for simultaneous measurement (Fig. 7C). The maximum number of 
channels in the DaQ dictates the maximum number of sensors in the 
optimization step. The system is configured to sample each channel at 
1000 Hz, fully synchronised with the force transducer, enabling direct 
time-aligned correlation between measured aerodynamic loads and 
structural strain responses. The strain gauges are installed according to 
the optimised sensor configurations identified in Section 2.2, ensuring 
consistency between the numerical optimisation, multi-fidelity recon
struction, and experimental validation stages.

4. Results and discussion

4.1. Numerical identification of optimum sensor placement

The sensor placement optimization problem is solved using the CM 
constructed in Section 2.3. The optimization is formulated as a multi- 
objective combinatorial problem and implemented using the NSGA-II 
algorithm available in the pymoo package [47]. The GA is initialized 
with a random population of 100 Boolean vectors c, each representing a 
candidate sensor configuration. Binary random sampling is used for 
initialization, while half-uniform crossover (crossover probability 0.9) 
and bit-flip mutation (per-variable mutation probability equal to 1 /ns =

0.02) are employed to generate offspring solutions. Duplicate in
dividuals are eliminated to maintain population diversity.

For each candidate configuration the Boolean sensor availability 
vector c indicates which sensors are available and thus the dimensions of 
matrix A change and can be written as 

∑
c× 10590, where 

2 ≤
∑

c ≤ 24, given the constraints on the allowable number of sensors 
defined in Section 2.2. The reconstruction error and sensor-count ob
jectives are then evaluated using Eqs. 7 and 8, respectively. The nu
merical validation dataset of distributed pressure load cases constructed 
in Section 2.3 is used at each iteration to assess the reconstruction ac
curacy associated with each candidate sensor configuration. The algo
rithm is executed for 40 generations, resulting in a total of 4000 function 
evaluations.

The optimization yields a set of Pareto-optimal sensor configurations 
that represent the trade-off between reconstruction accuracy and the 
number of installed sensors. The resulting objective space and the Pareto 
front are shown in Fig. 8. Each red marker corresponds to a sensor 
configuration evaluated during the optimization, while the blue markers 
identify the non-dominated solutions forming the Pareto front. As ex
pected, configurations with fewer sensors generally lead to higher 

reconstruction errors. A clear region of diminishing returns is observed 
between approximately 10 and 15 sensors, beyond which further 
increasing the total sensor count yields only marginal improvements in 
reconstruction accuracy. This behaviour provides a strong numerical 
justification for sparse instrumentation in the ASTERO wing.

To further interpret the optimization outcomes, the sensor configu
rations on the Pareto front are visualized in Fig. 9A using the binary 
selection vector c. Distinct spatial patterns emerge where sensor loca
tions aligned with the internal stiffener are consistently selected on both 
the upper and lower wing surfaces, while positions near the wing root 
and trailing edge also appear frequently. In contrast, sensor locations 
close to the leading edge are rarely selected, indicating limited sensi
tivity to the reaction forces of interest.

To extract additional trends and insights, the subset of solutions 
yielding RMSE error below 20 are grouped, and the 20 most frequently 
selected sensor locations were identified. Fig. 9B shows the most 
frequently selected sensor locations within this subset, highlighting a 
small number of structurally informative regions that dominate the 
optimal solutions. These results indicate that the sensor placement 
problem is highly structured, with optimal configurations concentrating 
sensors along key load-bearing features rather than distributing them 
uniformly.

While the mathematically optimal configurations identified by the 
optimization often exhibit irregular and asymmetric layouts, such so
lutions are undesirable in practice due to increased wiring complexity 
and integration challenges. Guided by the observed selection patterns 
and constrained by the 24-channel limit of the available data acquisition 
system, a final sensor layout comprising 12 uniaxial strain gauges per 
wing is selected. This choice both aligns with the observed region of 
diminishing returns, where adding further sensing locations would be 
expected to yield only marginal improvements in reconstruction accu
racy as well as aims to fully utilize all available channels in the DaQ 
system used during the subsequent wind tunnel testing. The chosen 
configuration includes sensors 9, 11, 13, 15, 18, 20, 34, 36, 38, 40, 43, 
and 45 (see Fig. 2 for numbering convention). The selected locations are 
divided into 6 at the top surface (Fig. 9B, indicated with green circles) 
and 6 at the bottom surface of the wing, preserving symmetry between 
the upper and lower surfaces and arranging the sensors along two 
straight spanwise lines to facilitate easy installation while remaining 
consistent with the optimization results. Therefore, the sensor configu
ration considers both the insights gained from the optimization study as 
well as practical implementation.

Since the selected configuration does not match exactly the config
uration on the Pareto front, the reconstruction performance of the 
selected layout is compared against the best-performing 12-sensor 
configuration from the Pareto front. The comparison summarized in 
Table 2, shows that the proposed layout achieves comparable recon
struction accuracy for both lift (RFz) and drag 

(
RFy
)

forces, despite not 
being the mathematically optimal solution. This confirms that near- 
optimal numerical performance can be achieved using structured and 
practically deployable sensor layouts, providing a robust basis for the 
subsequent experimental campaign and multi-fidelity reconstruction 
analyses.

4.2. Wind tunnel demonstration under representative operational 
conditions

Using the selected sensor configuration, a set of composite wings are 
instrumented with standard foil strain gauges [48] featuring a gauge 
length of 15 mm and a nominal resistance of 350 Ω. A total of 12 gauges 
are installed on each wing, with six mounted on the upper surface and 
six on the lower surface (Fig. 10).

To minimize disruption of the aerodynamic surface, electrical tracks 
are screen-printed on flexible Kapton film using silver ink. The gauge 
leads are bonded to these tracks via copper pads and conductive adhe
sive, providing a low-profile and reliable connection. The flexible films 

Fig. 8. Objective Space for all samples during the GA optimization. Red circles 
indicate a sample solution while blue circles indicate non-dominated solutions 
on the Pareto front.
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carrying the printed tracks were subsequently bonded to the wing sur
face using heat blankets to ensure uniform adhesion. The bonding pro
cedure consisted of ramping the temperature to 90◦C, holding it steady 
for 10 minutes. The printed tracks, developed and supplied by the 
Danish Technological Institute, exhibited a resistance of less than 0.2 Ω, 
thereby reducing the need for conventional wiring and limiting 

aerodynamic interference.
A preliminary screening run is conducted to characterize the aero

dynamic response of the wings and to define a safe and representative 
operating envelope for the experimental campaign. During this initial 
assessment, the wind velocity is set to 12m/s and the AoA is varied from 
10∘ to 25∘ in 5∘ increments (Fig. 11). Surface-mounted tufts are used to 
visualize flow behaviour and their motion is recorded during testing 
using a camera installed inside the wind tunnel. While lift and drag 
forces remain small and stable up to 15◦ angle of attack, significant flow 
separation and associated structural vibrations are observed at 20◦ and 
25◦. Similar vibrations were also recorded for AoA below − 5∘. To avoid 
excessive structural excitation and potential damage to the load cell, the 
combinations of wind velocity and AoA tested in the main campaign are 
restricted accordingly and summarized in Table 3. A total of 16 com
binations are tested.

For each operating point, the wind tunnel turbine is gradually ram

Fig. 9. A) Visualization of the Pareto front sensor combinations. Black boxes indicate active sensors. B) Visualization of the most commonly picked sensor locations 
for RMSE less than 20. Green circles indicate the final selected pattern (symmetrical on both sides).

Table 2 
Comparison of the predictive accuracy between the 12 optimal sensor locations 
and the configuration selected.

Configuration RFy [N] Error in RFy [%] RFz [N] Error in RFz [%]

Selected 12 Sensors 29.1 5.2 241.8 3.4
Optimal 12 32.2 4.9 253.6 1.3
True Values 30.7 - 250.4 -

Fig. 10. Sensorized composite wings and installation of the model drone inside Imperial’s wind tunnel. Each wing is sensorized with 12 strain gauges and printed 
tracks are used to minimize the disturbance of the aerodynamic surface.
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ped to the target velocity, after which the flow is held steady for at least 
30 seconds to ensure stable aerodynamic conditions and allow the 
structural response to settle. Strain and reaction forces are recorded 
simultaneously throughout this period, yielding a set of synchronised 
strain–reaction force dataset D that forms the experimental dataset used 
for training and validation of the proposed hierarchical reconstruction 
framework.

Because the force transducer is mounted beneath the rotating flange, 
the measured reaction forces are expressed in the global tunnel coor
dinate system. These measurements are transformed into aerodynamic 
lift and drag components using a standard coordinate rotation: 

FRF =

[
RFy
RFz

]

=

[
cos (α) − sin (α)
sin (α) cos (α)

][RFʹ
y

RFʹ
z

]

(14) 

where α is the AoA and RFʹ
y, RFʹ

z are the reaction forces measured at the 
transducer coordinate system (Fig. 12). This transformation is applied 
consistently across all test cases to compute the aerodynamic lift and 
drag forces. It is noted that the recorded values correspond to the 
combined forces acting on both wings.

Fig. 13 (W1: left wing, W2: right wing) presents strain time histories 
from all instrumented locations on both wings for a single wind tunnel 
run (16 m/s wind velocity and AoA 5∘), illustrating the symmetry, 
repeatability, and residual discrepancies observed in the experimental 
data. As expected, gauges mounted on the upper surfaces record 
compressive strains, while those on the lower surfaces record tensile 
strains, consistent with the bending response of the wing under aero
dynamic loading. The measurements from the two wings show good 
overall agreement in both magnitude and temporal evolution, indicating 
a consistent structural response under identical aerodynamic loading. 
Across all sensor locations, the strain time histories exhibit similar 

transient behaviour during the ramp-up and ramp-down phases, as well 
as stable plateaus under steady flow conditions. Gauges mounted on the 
upper and lower surfaces record compressive and tensile strains, 
respectively, consistent with the expected bending response of the wing.

Minor discrepancies are observed between corresponding sensors on 
the two wings, primarily in the form of small amplitude offsets and local 
variations in strain magnitude. These differences are attributed to a 
combination of material variability inherent to composite structures, 
slight deviations in sensor positioning and bonding, and tolerances in 
boundary conditions during installation. Importantly, the discrepancies 
are largely systematic rather than stochastic, and no significant phase 
lag or drift is observed between the responses of the two wings. At the 
same time, the presence of small but persistent wing-to-wing differences 
highlights the limitations of purely physics-based models and motivates 
the use of the proposed multi-fidelity reconstruction framework to ac
count for such discrepancies in subsequent load estimation analyses.

4.3. Hierarchical reconstruction of aerodynamic loads

The strain time histories in Fig. 13 exhibit small but persistent 

Fig. 11. Airflow separation at different AoA. Orange regions indicate the observed separation area.

Table 3 
Wind velocity and Angle of Attack combinations tested during the wind tunnel 
experiments.

Wind Velocity [m /s]

12 16 20 22 24

Angle of Attack [◦] -5 ✓ ✓ ✓ ​ ​
0 ✓ ​ ​ ​ ​
5 ✓ ✓ ✓ ✓ ✓
10 ✓ ✓ ✓ ✓ ​
15 ✓ ✓ ✓ ​ ​

Fig. 12. Schematic illustration of applied and sensed reaction forces.
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differences between nominally identical sensor locations on the left and 
right wings. While these deviations are expected in composite struc
tures, they can propagate through the inverse mapping and reduce load 
reconstruction accuracy. The observed mismatch arises from a combi
nation of factors, including manufacturing and material variability, 
slight differences in sensor positioning and bonding, boundary condition 
tolerances during installation, and minor geometric misalignment be
tween the wings. To account for these effects, the discrepancy term 
introduced in Section 2.3 is employed to capture the residual error 
associated with both measurement noise and modelling inaccuracies 
inherent to the CM-based reconstruction. The discrepancy term is 
approximated by training an ANN on the error between the estimated 
reaction forces from the CM method and the true experimental response 
using the data collected from the wind tunnel campaign.

For reconstruction, each wing is treated independently and the total 
aerodynamic forces are obtained by summing the contributions esti
mated from the left and right wings. To assess and compare the proposed 
approach three reconstruction strategies are considered: 

• Case 1: CM Method (Baseline) – The reaction forces are reconstructed 
directly using the CM formulation described in Eq. (6). This approach 
serves as the baseline for evaluating reconstruction accuracy.

• Case 2: ANN Only (Data-driven) – A neural network model is trained 
to estimate the reaction forces solely based on the measured strain 
data. This purely data-driven case relies entirely on the correlations 
learned from the available training dataset without incorporating 
any physics-based information.

• Case 3: Proposed Multi-Fidelity Method (Hybrid) – The proposed 
multi-fidelity framework augments the physics-based CM recon
struction with an ANN trained on the discrepancy correction learned 
from the experimental data.

Prior to aerodynamic load reconstruction, the ANN-based models 
must be trained using the experimental wind tunnel dataset. Each wind 
tunnel run listed in Table 3 consists of synchronised strain and reaction- 
force time histories acquired at 1000 Hz. To focus on steady aero
dynamic conditions, the ramp-up and ramp-down portions of each run 
are removed prior to training, as these transient intervals are not 
representative of the steady response targeted in this work.

Each retained time instant provides one paired sample, 
(
εm(t),

Fmeasured
RF (t)

)
, where εm(t) contains the 12 measured strain values from the 

selected sensor network and Fmeasured
RF (t) contains the corresponding 

measured reaction-force components. A training set containing Ntrain 
wind-tunnel runs therefore consists of all paired strain–force samples 
extracted from those complete runs, while the remaining runs are used 
only for testing.

The same experimental dataset is used for both Cases 2 and 3. In Case 
2, the ANN is trained to directly map the measured strain vector εm(t) to 
the measured reaction forces Fmeasured

RF (t). In Case 3, instead of predicting 
the aerodynamic reaction forces directly, the network is trained to es
timate the discrepancy between the low-fidelity CM-based reconstruc
tion and the experimentally measured ground truth. Following the 
formulation introduced in Section 2.3, the CM-based estimate is treated 
as the low-fidelity prediction: 

Fig. 13. Strain gauge measurements of both wings for 16 m/s wind velocity and AoA 5∘.
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FLH
RF (εm) ≈ F̂RF(εm) (15) 

where F̂RF(εm) is obtained from Eq. (6). The discrepancy term is defined 
as the residual between the measured reaction forces and the low- 
fidelity estimate and is trained to approximate this residual by mini
mizing the following loss function of the training dataset D : 

L = ‖ FMeasured
RF − (F̂RF(εm)+ANN(εm;WD ,BD ))‖1 (16) 

During inference, the ANN-predicted discrepancy is added to the CM- 
estimated reactions to obtain the final corrected load predictions (Eq. 
(13)). This formulation allows the multi-fidelity model to retain the 
physical interpretability of the CM method while leveraging the data- 
driven component to adaptively compensate for systematic modelling 
errors, measurement noise and experimental uncertainties.

First, the hyperparameter tuning study is presented for Case 3. The 
experimental dataset contains 16 wind tunnel runs spanning the com
binations of wind speed and angle of attack (Table 3). The hyper
parameter tuning study is conducted to assess the influence of the ANN 
architecture on reconstruction performance. The ANN consists of an 
input layer, an output layer and (Nh) fully connected hidden layers, each 
with the same width (wh) and ReLU activation functions. The tested 
architectural configurations are compared in Table 4, where the per
formance of each configuration is assessed using the mean and median 
Mean Absolute Error (MAE) over 10 repeated random run-based splits.

The effect of the ANN hyperparameters is evaluated using a repeated 
random run-based train/test splitting procedure. Splitting is performed 
at the level of complete wind tunnel runs, rather than individual time 
samples, to avoid leakage between highly correlated measurements 
from the same operating condition. For each configuration, Ntrain wind 
tunnel runs are randomly selected for training, while the remaining 16 −
Ntrain runs are held out for testing. For the hyperparameter tunning 
study, Ntrain = 10 corresponding to a 62.5/37.5 split, with 10 runs used 
for training and 6 runs used for testing. The ANN is trained using the 
Adam optimiser with a learning rate of 5⋅10− 4 for a maximum of 80 
epochs. To reduce the risk of overfitting, early stopping is applied with a 
patience of 20 epochs. For each hyperparameter combination, the 
training process is repeated 10 times using different random train/test 
splits, and the ANN weights are re-initialized at the beginning of each 
repeat.

The results in Table 4 shows that increasing the ANN size does not 

necessarily improve reconstruction accuracy. Although wider networks 
reduce the error in some cases, the improvement is accompanied by a 
substantial increase in trainable parameters. For scarce experimental 
datasets, excessively large ANN architectures are more prone to over
fitting because their high number of trainable parameters can fit split- 
specific noise or experimental artefacts rather than generalizable re
lationships. The 3 × 40 (Nh ×wh) configuration is selected as a balanced 
architecture. It improves upon the smaller models for both reaction 
forces, while achieving comparable accuracy to wider networks with 
considerably fewer parameters.

Having selected the 3 × 40 architecture, the effect of experimental 
data availability is investigated next for the ANN-based reconstruction 
strategies. The same architecture is also used for the ANN of Case 2 to 
ensure a consistent comparison. For this purpose, the number of wind 
tunnel runs used for training, Ntrain is varied from 2 to 14. For each value 
of Ntrain, Cases 2 and 3 are trained and tested 10 times, where each time a 
random run-based train/test split is used. This procedure enables the 
reconstruction performance and robustness of the two ANN-based ap
proaches to be assessed under progressively increasing levels of exper
imental data availability, while reducing dependence on any single split. 
For consistency, at each iteration, Case 1 is evaluated on the same held- 
out test runs, although it does not require experimental training.

Fig. 14 compares the reconstructed and experimentally measured lift 
and drag forces for a representative random iteration when only Ntrain =

3 wind tunnel runs are used during training. For completeness and for 
better comparison, the performance of each method is expressed though 
MAE, RMSE and Mean Absolute Percentage Error (MAPE). The high 
MAPE value should be interpreted with caution as values close to zero 
are included. Under this highly data-scarce regime, Case 1 exhibits the 
lowest accuracy. The drag component shows limited agreement with the 
experimental measurements. For the lift component, Case 1 performs 
better than for drag and the predictions follow the general increasing 
trend of the measured force. However, there is systematic deviation 
from the one-to-one line, indicating that the CM alone cannot fully 
reproduce the experimental response. In contrast, both ANN-based ap
proaches improve reconstruction accuracy in this data- scarce case. For 
drag, in this representative random split, Case 2 gives the lowest error, 
although Cases 2 and 3 perform similarly. For lift, Case 3 performs best, 
indicating that the CM-based estimate provides a useful physics- 
informed prior under limited training data. Both ANN-based methods 
also reduce the lift MAPE compared with the CM baseline.

Although the results reported in Fig. 14 provide useful indications of 
the performance of each case, the values are influenced by the specific 
runs selected for training and testing. Table 5 provides the comparison 
across the 10 repetitions when Ntrain = 3. For RFy, both ANN-based 
approaches improve substantially over the CM baseline, reducing the 
MAE from 8.94 in Case 1 to 4.21 and 4.08 in Cases 2 and 3, respectively. 
Similar trends are observed for RMSE, which decreases from 9.69 in 
Case 1 to 5.07 and 4.95 for Cases 2 and 3. The MAPE for RFy is also 
reduced, although these values should be interpreted cautiously because 
the measured drag force includes values close to zero.

For RFz, the advantage of the multi-fidelity formulation is clearer 
under this data-scarce condition. Case 3 reduces the mean MAE from 
8.72 in Case 1 to 4.58, and the RMSE from 11.78 to 6.03. The corre
sponding MAPE decreases from 49.23% to 18.44%, indicating a sub
stantial improvement in relative prediction accuracy. In contrast, Case 2 
shows high variability for RFz, with a mean MAE of 18.27 and RMSE of 
24.27, although its median errors are lower than the mean values. This 
indicates strong sensitivity to the selected training and test runs and 
suggests reduced generalisation of the purely data-driven model under 
highly limited experimental data.

Next, the case with Ntrain = 10 is considered. Fig. 15 reports the 
reconstructed reaction forces for a representative random split with 
Ntrain = 10. As expected, the increased availability of experimental data 
improves the performance of both ANN-based approaches relative to the 
CM baseline. the representative split, both Cases 2 and 3 substantially 

Table 4 
Hyperparameter tuning for the discrepancy-correction ANN. Reported values 
correspond to the mean ± standard deviation and median MAE over 10 repeated 
random run-based train/test splits.

Nh wh Total 
Parameters

RFy MAE 
mean ±
std

RFy MAE 
median

RFz MAE 
mean ±
std

RFz MAE 
median

2 20 1182 2.15 ±
0.43

2.23 5.44 ±
2.48

4.5

2 40 3962 2.10 ±
0.36

2.21 3.96 ±
1.64

3.53

2 80 14322 2.05 ±
0.29

2.14 3.27 ±
1.38

3.06

2 100 21902 2.18 ±
0.42

2.19 3.23 ±
1.04

3.10

2 200 83802 2.06 ±
0.32

2.05 3.80 ±
2.35

3.57

3 20 1602 2.27 ±
0.33

2.26 4.99 ±
2.40

4.10

3 40 5602 2.11 ±
0.34

2.21 3.66 ±
2.13

3.23

3 80 20802 2.05 ±
0.28

2.08 3.90 ±
2.02

2.96

3 100 32002 1.91 ±
0.37

1.96 4.40 ±
4.92

2.83

3 200 124002 1.94 ±
0.24

2.00 5.42 ±
4.89

3.42
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reduce the drag error compared with Case 1, with Case 3 giving the 
lowest MAE/RMSE values. For lift, both ANN-based models also 
improve over Case 1, with Case 3 providing the lowest MAE and MAPE.

The results across all 10 repetitions with Ntrain = 10 in Table 6
confirm the performance improvement after the available data are 
increased. For RFy, Cases 2 and 3 both outperform the CM baseline, 
reducing the mean MAE from 8.44 in Case 1 to 4.34 and 3.91, respec
tively. This corresponds to reductions of approximately 49% and 54%. A 
similar improvement is observed in RMSE, which decreases from 9.12 in 
Case 1 to 5.43 and 4.86 for Cases 2 and 3. The MAPE for RFy is also 
reduced, although the percentage errors remain high because of near- 
zero drag values.

For RFz, Case 2 now improves over the CM baseline, reducing the 
mean MAE from 8.73 to 7.39 and the RMSE from 11.74 to 9.63. How
ever, Case 3 achieves the best overall lift reconstruction, with a mean 
MAE of 3.85 and RMSE of 5.13, corresponding to reductions of 

approximately 56% relative to Case 1 for both metrics. The improve
ment is also reflected in the relative percentage error. The mean MAPE 
decreases from 47.51% in Case 1 to 13.33% in Case 2 and 12.92% in 
Case 3.

By comparing the results in Table 5 and Table 6, it is observed that 
the purely data-driven (Case 2) and multi-fidelity (Case 3) approaches 
both improve when a rich training dataset is available. This convergence 
is expected, as sufficiently rich training data allow ANNs to learn the 
nonlinear mappings between measured strains and aerodynamic loads 
with high accuracy through interpolation within the observed operating 
envelope. Under such conditions, the reliance on prior physical infor
mation becomes less critical. This observation naturally raises a key 
question for practical SHM applications: What is the added value of a 
multi-fidelity approach when purely data-driven models can eventually 
achieve similar accuracy?

To investigate the influence of data availability on reconstruction 

Fig. 14. Comparison of predictive accuracy when 3 experimental runs are used for training: (A) reconstructed drag component (RFy) and (B) reconstructed lift 
component (RFz).

Table 5 
Repeated training summary for Ntrain = 3.

Case Metric RFy mean ±
std

RFy 
median

RFz mean ±
std

RFz 
median

Case 
1

MAE 8.94 ± 0.46 8.75 8.72 ± 0.25 8.82
RMSE 9.69 ± 0.41 9.56 11.78 ± 0.34 11.91
MAPE 988.04 ±

43.44
995.63 49.23 ± 9.10 48.42

Case 
2

MAE 4.21 ± 0.71 3.92 18.27 ± 15.38 11.00
RMSE 5.07 ± 0.90 4.56 24.27 ± 19.99 14.63
MAPE 324.30 ±

151.67
272.56 110.09 ±

177.46
20.13

Case 
3

MAE 4.08 ± 0.45 3.89 4.58 ± 1.47 4.12
RMSE 4.95 ± 0.54 4.71 6.03 ± 1.55 5.43
MAPE 262.87 ±

39.11
268.25 18.44 ± 9.20 17.81

Fig. 15. Comparison of predictive accuracy when 10 experimental runs are used for training: (A) reconstructed drag component (RFy) and (B) reconstructed lift 
component (RFz).

Table 6 
Repeated training summary for Ntrain = 10.

Case Metric RFy mean ± std RFy 
median

RFz mean ±
std

RFz 
median

Case 
1

MAE 8.44 ± 0.59 8.40 8.73 ± 1.00 8.83
RMSE 9.12 ± 0.62 9.23 11.74 ± 1.04 11.76
MAPE 1045.65 ±

228.35
1098.17 47.51 ±

19.89
46.13

Case 
2

MAE 4.34 ± 1.05 4.42 7.39 ± 3.19 7.17
RMSE 5.43 ± 1.08 5.38 9.63 ± 3.90 9.79
MAPE 426.31 ±

332.94
278.56 13.33 ± 3.21 12.91

Case 
3

MAE 3.91 ± 0.68 3.70 3.85 ± 2.11 3.44
RMSE 4.86 ± 0.80 4.61 5.13 ± 2.87 4.42
MAPE 283.77 ±

167.50
217.72 12.92 ± 7.18 11.59
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accuracy, Fig. 16 reports the distribution of RFz MAE values obtained 
from repeated random run-based train/test splits as Ntrain increases from 
2 to 14. Case 1 shows an almost constant level of performance, as ex
pected for the CM-based method, with some increased variability at 
higher Ntrain values because fewer runs remain available for testing and 
the results become more sensitive to the specific held-out operating 
conditions.

The results show that both ANN-based approaches improve as more 
wind tunnel runs are included in training. However, the purely data- 
driven Case 2 approach exhibits substantially larger variability under 
low-data conditions, with several long upper tails. This indicates that 
when the experimental dataset is sparse, the direct strain-to-load map
ping may fail to generalise reliably to unseen aerodynamic states.

In contrast, the multi-fidelity approach (Case 3) shows lower median 
errors and a narrower error distribution over most of the data-scarce 
regime. This indicates that the CM-based estimate provides a useful 
physics-informed prior, reducing the learning effort on the ANN and 
improving robustness when experimental data are limited. As Ntrain in
creases, the performance of Case 2 and Case 3 gradually converges, with 
both approaches reaching lower and more stable MAE values.

While Case 2 can achieve high performance given sufficient experi
mental data, the multi-fidelity approach (Case 3), grounded by a 
physics-based prior, reaches higher accuracy significantly faster and 
with fewer training runs. After being trained on only Ntrain = 3 wind 
tunnel runs, Case 3 achieves an RFz MAE of 4.58±1.47, with a median 
value of 4.12 and clearly outperforms the baseline set by Case 1. This is 
already within the same order of accuracy as the results obtained with 
substantially larger training sets, where the median MAE for Ntrain = 10 
− 14 ranges approximately between 2.65 and 3.57. The main accuracy 
improvement for Case 3 is achieved early, while additional training runs 
further reduce the error and stabilize the predictions Case 2 requires 
approximately Ntrain = 6 training runs before its mean and median errors 
consistently fall below those of Case 1, and around Ntrain = 8 training 
runs before its predictions become more stable and consistently 
concentrated in a lower-error range. Even when Case 2 becomes 
competitive at higher training sizes, its low-data variability remains 
larger than Case 3. The full summary statistics for each run are included 
in the Appendix, Tables A1-A13.

In practical terms, these results highlight the data efficiency advan
tage of the multi-fidelity approach which may reduce the experimental 
burden associated with wind tunnel testing. By achieving reliable 
reconstruction with fewer training runs, the method may lessen the need 
to densely sample the full operational envelope, translating in savings in 

experimental effort and costs.

4.4. Limitations of the proposed framework and future work

The results presented demonstrate the potential of the proposed 
multi-fidelity framework for aerodynamic load reconstruction under 
sparse sensing and limited experimental data. However, several limita
tions should be noted. First, the FE model used to construct the CM is an 
equivalent isotropic representation of a proprietary ASTERO wing. This 
model is intended to capture the global elastic response relevant to lift 
and drag reconstruction, rather than the detailed ply-level orthotropic 
response or local strain field of the laminate. The calibration against the 
first two natural frequencies provides a validation of the global stiff
ness–mass behaviour, but it does not guarantee reproduction of the full 
spatial strain field across the wing surface under all possible loading 
conditions. At the same time, the sensitivity of the CM to uncertainties in 
material properties, geometric tolerances and FE modelling assumptions 
has not been quantified.

Furthermore, the CM is constructed using linear static unit load 
simulations. The present formulation therefore targets quasi-steady 
aerodynamic load reconstruction within the stable operating condi
tions tested in the wind tunnel. Dynamic aeroelastic phenomena, such as 
flutter or strongly coupled fluid–structure instabilities, are outside the 
scope of the current study. This choice is consistent with the experi
mental campaign, where operating points associated with significant 
flow separation and structural vibrations were excluded. In total, the 
experimental validation is based on 16 wind tunnel operating condi
tions. Although repeated random run-based train/test splitting and 
retraining were used to assess data efficiency and reduce dependence on 
a particular random split, the dataset remains limited in terms of distinct 
aerodynamic states. Additional states need to be assessed including 
different pitch, roll and aileron positions. The reported results should 
therefore be interpreted as evidence of performance within the tested 
operating envelope, rather than as proof of generalisation to arbitrary 
in-flight manoeuvres or untested aeroelastic regimes.

An additional limitation concerns the measured drag component. 
The drag force recorded by the wind tunnel transducer may include 
contributions from the mounting fixture and attached nose, which are 
captured in the measured reaction force but may not produce corre
sponding strain changes in the wing structure used to construct the CM. 
Consequently, future studies using a single-wing configuration in the 
wind tunnel, or improved aerodynamic isolation of the mounting sys
tem, could mitigate this effect and improve the observability of the drag 

Fig. 16. Distribution of RFz MAE as a function of the number of wind-tunnel runs used for training, Ntrain. Violin plots show the error distribution across repeated 
random run-based splits for Cases 1, 2 and 3.
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force from the wing strain measurements.
Finally, the ANN component is used to learn residual discrepancies 

between the CM-based estimate and the measured response. This re
duces the learning burden compared with a fully data-driven strain-to- 
load mapping, but it does not eliminate the need for representative 
experimental data. Although the results indicate that the proposed 
framework can significantly reduce data requirements, future work 
should extend the validation to larger experimental datasets, additional 
flight-like loading conditions, uncertainty propagation in the CM and a 
formal sensitivity analysis, and online adaptation using in-flight 
measurements.

5. Conclusions

This study presented a multi-fidelity framework for aerodynamic 
load reconstruction in composite UAV wings using sparse strain mea
surements. The proposed approach integrates a physics-based calibra
tion matrix derived from FE simulations with a data-driven ANN trained 
to learn residual discrepancies between numerical predictions and 
experimental observations. A multi-objective sensor placement strategy 
was employed to identify strain-gauge configurations that balance 
reconstruction accuracy against practical instrumentation constraints.

Wind tunnel experiments conducted on the composite wings pro
vided experimental validation of the framework under controlled but 
representative operating conditions. The results demonstrated that the 
multi-fidelity reconstruction strategy substantially improves load esti
mation accuracy compared to a CM-only approach. Even with as few as 
three experimental training runs, the proposed method reduced the 
mean MAE from 8.94 to 4.08 for the drag component and from 8.72 to 
4.58 for the lift component, corresponding to reductions of approxi
mately 54% and 47%, respectively. For lift, the MAPE was also reduced 
from 49.23% to 18.44%, indicating improved relative prediction accu
racy under data-scarce conditions. Adding more training data further 
improves the reconstruction performance. When trained with 10 
experimental runs, the multi-fidelity approach continued to outperform 
the CM-only baseline. In particular, the lift MAPE decreased from 
47.51% to 12.92%.

The repeated random run-based train/test analysis further showed 
that the main advantage of the multi-fidelity approach lies in its data 
efficiency. The purely data-driven approach can achieve competitive 
performance compared to the proposed method when sufficient exper
imental data are available, but it exhibits larger variability when trained 
with only a small number of wind-tunnel runs. In contrast, the multi- 
fidelity formulation reaches low and stable errors earlier. This behav
iour confirms that embedding physics-based constraints within the 
learning process can improve data efficiency and prediction stability 
within the tested operating envelope. Therefore, the proposed multi- 
fidelity approach provides promising load-reconstruction accuracy 
under the data-scarce conditions examined, a critical advantage for UAV 

SHM systems where extensive experimental data collection is 
impractical.

Beyond improved reconstruction accuracy, the framework offers 
additional practical benefits. The CM preserves physical interpretability, 
enabling insight into load–strain relationships, while the discrepancy- 
learning formulation limits the learning task to systematic modelling 
and measurement errors. Together with the sensor placement optimi
zation, this holistic methodology supports deployable, resource-efficient 
SHM solutions for lightweight composite structures. The results 
demonstrate that combining physics-informed modelling with targeted 
data-driven correction provides a promising pathway toward higher- 
fidelity load reconstruction in UAV applications, subject to further 
validation under broader flight-like conditions. Future work will focus 
on extending the framework toward online adaptation and in-flight 
learning, enabling real-time digital twin implementations for opera
tional monitoring and decision support.
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Appendix. Repeated training summaries for Ntrain in the range from 2 to 14

MAPE values should be interpreted cautiously because measured values approach zero.

Table A1 
Repeated training summary for Ntrain = 2.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.73 ± 0.18 8.74 9.01 ± 0.45 8.82
RMSE 9.51 ± 0.19 9.52 12.07 ± 0.37 11.93
MAPE 989.99 ± 92.84 1032.93 49.95 ± 7.38 52.94

Case 2 MAE 4.17 ± 1.09 3.88 29.95 ± 19.27 26.59
RMSE 5.03 ± 1.47 4.65 36.57 ± 23.29 30.92
MAPE 381.58 ± 269.48 254.00 130.18 ± 121.19 89.83

(continued on next page)
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Table A1 (continued )

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 3 MAE 4.51 ± 0.75 4.37 11.85 ± 7.96 9.99
RMSE 5.65 ± 0.95 5.40 14.61 ± 8.90 12.79
MAPE 357.50 ± 199.79 277.53 52.97 ± 44.65 39.02

Table A2 
Repeated training summary for Ntrain = 3.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.94 ± 0.46 8.75 8.72 ± 0.25 8.82
RMSE 9.69 ± 0.41 9.56 11.78 ± 0.34 11.91
MAPE 988.04 ± 43.44 995.63 49.23 ± 9.10 48.42

Case 2 MAE 4.21 ± 0.71 3.92 18.27 ± 15.38 11.00
RMSE 5.07 ± 0.90 4.56 24.27 ± 19.99 14.63
MAPE 324.30 ± 151.67 272.56 110.09 ± 177.46 20.13

Case 3 MAE 4.08 ± 0.45 3.89 4.58 ± 1.47 4.12
RMSE 4.95 ± 0.54 4.71 6.03 ± 1.55 5.43
MAPE 262.87 ± 39.11 268.25 18.44 ± 9.20 17.81

Table A3 
Repeated training summary for Ntrain = 4.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.94 ± 0.18 8.96 8.69 ± 0.53 8.59
RMSE 9.73 ± 0.18 9.75 11.86 ± 0.58 11.93
MAPE 973.92 ± 116.09 965.21 50.24 ± 6.93 48.79

Case 2 MAE 4.08 ± 0.79 4.32 12.91 ± 6.12 11.89
RMSE 5.01 ± 0.97 5.31 17.03 ± 8.41 15.62
MAPE 330.21 ± 157.42 282.90 34.39 ± 32.29 21.23

Case 3 MAE 3.97 ± 0.46 4.17 5.75 ± 2.04 4.98
RMSE 4.90 ± 0.51 5.05 7.23 ± 2.36 6.76
MAPE 286.32 ± 94.73 260.00 28.07 ± 18.93 20.04

Table A4 
Repeated training summary for Ntrain = 5.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.83 ± 0.49 8.89 9.06 ± 0.57 9.09
RMSE 9.59 ± 0.49 9.65 12.07 ± 0.53 12.06
MAPE 1020.76 ± 98.35 1008.36 53.51 ± 9.38 55.68

Case 2 MAE 4.49 ± 0.90 4.58 10.20 ± 2.15 10.91
RMSE 5.69 ± 0.93 5.88 13.72 ± 3.13 14.43
MAPE 375.65 ± 211.41 297.03 21.38 ± 12.85 18.01

Case 3 MAE 3.95 ± 0.38 3.92 5.38 ± 2.38 4.74
RMSE 5.04 ± 0.35 5.00 6.87 ± 2.66 6.40
MAPE 247.28 ± 56.84 226.17 24.76 ± 23.85 17.50

Table A5 
Repeated training summary for Ntrain = 6.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.89 ± 0.51 8.75 9.11 ± 0.55 9.12
RMSE 9.68 ± 0.45 9.58 12.16 ± 0.56 12.23
MAPE 965.28 ± 152.78 961.39 56.09 ± 10.79 58.86

Case 2 MAE 4.63 ± 0.49 4.64 7.59 ± 3.47 6.62
RMSE 5.66 ± 0.66 5.60 10.60 ± 4.84 8.99
MAPE 362.54 ± 159.82 306.00 16.91 ± 5.99 17.12

Case 3 MAE 4.06 ± 0.36 4.02 3.71 ± 1.07 3.39
RMSE 4.99 ± 0.34 5.00 4.90 ± 1.29 4.43
MAPE 229.28 ± 39.33 222.61 18.45 ± 8.32 16.70
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Table A6 
Repeated training summary for Ntrain = 7.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 9.08 ± 0.51 8.94 8.30 ± 0.79 8.53
RMSE 9.73 ± 0.46 9.69 11.32 ± 1.05 11.76
MAPE 1040.08 ± 133.07 1044.11 52.98 ± 14.08 47.76

Case 2 MAE 3.93 ± 0.95 3.87 8.23 ± 3.35 6.62
RMSE 5.01 ± 1.02 4.79 10.51 ± 3.53 8.90
MAPE 288.30 ± 198.20 242.59 20.75 ± 20.65 13.97

Case 3 MAE 4.04 ± 0.65 3.91 4.23 ± 2.26 3.56
RMSE 4.86 ± 0.66 4.74 5.60 ± 2.95 4.59
MAPE 241.79 ± 54.05 218.59 23.56 ± 21.58 16.75

Table A7 
Repeated training summary for Ntrain = 8.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 9.17 ± 0.70 9.15 9.51 ± 0.45 9.57
RMSE 9.93 ± 0.66 9.97 12.45 ± 0.48 12.56
MAPE 970.66 ± 179.53 939.00 65.50 ± 10.90 69.31

Case 2 MAE 4.82 ± 0.59 4.85 6.15 ± 1.67 5.97
RMSE 5.88 ± 0.59 6.06 8.37 ± 2.06 7.97
MAPE 316.64 ± 190.32 261.60 17.87 ± 8.69 14.95

Case 3 MAE 4.50 ± 0.58 4.55 3.17 ± 1.05 2.79
RMSE 5.44 ± 0.62 5.45 4.27 ± 1.36 3.88
MAPE 232.24 ± 29.33 228.69 13.83 ± 3.95 13.08

Table A8 
Repeated training summary for Ntrain = 9.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 9.05 ± 0.84 9.19 8.72 ± 0.65 8.45
RMSE 9.79 ± 0.75 9.78 11.86 ± 0.68 11.84
MAPE 934.15 ± 269.97 931.20 55.59 ± 22.55 56.29

Case 2 MAE 3.91 ± 0.48 3.96 5.84 ± 2.24 5.17
RMSE 4.91 ± 0.67 5.04 7.80 ± 2.60 7.30
MAPE 246.71 ± 67.96 264.11 16.52 ± 11.82 12.22

Case 3 MAE 4.03 ± 0.90 4.08 5.49 ± 2.84 4.87
RMSE 4.96 ± 1.04 4.91 7.14 ± 3.05 6.10
MAPE 213.57 ± 36.03 220.02 31.17 ± 38.68 17.43

Table A9 
Repeated training summary for Ntrain = 10.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.44 ± 0.59 8.40 8.73 ± 1.00 8.83
RMSE 9.12 ± 0.62 9.23 11.74 ± 1.04 11.76
MAPE 1045.65 ± 228.35 1098.17 47.51 ± 19.89 46.13

Case 2 MAE 4.34 ± 1.05 4.42 7.39 ± 3.19 7.17
RMSE 5.43 ± 1.08 5.38 9.63 ± 3.90 9.79
MAPE 426.31 ± 332.94 278.56 13.33 ± 3.21 12.91

Case 3 MAE 3.91 ± 0.68 3.70 3.85 ± 2.11 3.44
RMSE 4.86 ± 0.80 4.61 5.13 ± 2.87 4.42
MAPE 283.77 ± 167.50 217.72 12.92 ± 7.18 11.59

Table A10 
Repeated training summary for Ntrain = 11.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 9.11 ± 0.86 9.00 8.83 ± 1.48 8.90
RMSE 9.75 ± 0.78 9.68 11.71 ± 1.64 11.82
MAPE 1016.14 ± 261.27 935.75 59.49 ± 23.02 55.29

Case 2 MAE 4.32 ± 1.27 4.28 5.67 ± 1.73 5.61
RMSE 5.39 ± 1.54 5.77 7.55 ± 2.19 7.43

(continued on next page)
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Table A10 (continued )

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

MAPE 265.83 ± 86.68 244.89 14.94 ± 8.04 12.79
Case 3 MAE 4.05 ± 0.75 4.04 4.19 ± 1.85 3.57

RMSE 4.86 ± 0.87 4.77 5.34 ± 2.15 4.53
MAPE 228.04 ± 41.51 244.18 21.41 ± 16.19 13.96

Table A11 
Repeated training summary for Ntrain = 12.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 9.05 ± 1.09 8.79 8.55 ± 1.97 8.65
RMSE 9.66 ± 0.99 9.47 11.33 ± 1.95 11.52
MAPE 994.73 ± 170.32 1011.99 57.77 ± 24.02 56.77

Case 2 MAE 4.39 ± 1.44 4.09 5.03 ± 1.55 4.58
RMSE 5.70 ± 1.57 5.42 6.72 ± 1.93 5.99
MAPE 330.18 ± 340.90 216.41 12.84 ± 4.22 12.42

Case 3 MAE 4.07 ± 0.55 3.78 2.55 ± 0.52 2.65
RMSE 4.91 ± 0.66 4.73 3.41 ± 0.74 3.41
MAPE 215.93 ± 32.62 218.67 11.34 ± 5.83 11.03

Table A12 
Repeated training summary for Ntrain = 13.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 8.73 ± 0.86 8.61 8.93 ± 2.33 8.78
RMSE 9.45 ± 0.84 9.43 12.03 ± 2.25 12.11
MAPE 823.68 ± 176.72 746.70 56.31 ± 33.66 59.43

Case 2 MAE 4.16 ± 1.00 4.15 4.93 ± 2.05 5.43
RMSE 5.49 ± 1.17 5.90 6.57 ± 2.46 7.12
MAPE 227.34 ± 51.38 227.46 11.51 ± 3.06 11.44

Case 3 MAE 4.15 ± 0.46 4.03 2.94 ± 0.99 2.85
RMSE 5.13 ± 0.62 5.07 3.95 ± 1.20 3.98
MAPE 209.55 ± 35.78 199.78 11.77 ± 8.57 11.02

Table A13 
Repeated training summary for Ntrain = 14.

Case Metric RFy mean ± std RFy median RFz mean ± std RFz median

Case 1 MAE 9.42 ± 1.01 9.38 9.07 ± 1.96 9.56
RMSE 10.12 ± 0.99 10.17 11.82 ± 2.17 12.62
MAPE 1099.00 ± 312.54 1064.20 69.75 ± 32.85 74.09

Case 2 MAE 4.16 ± 1.38 3.91 3.17 ± 1.86 2.44
RMSE 5.31 ± 1.92 5.25 4.33 ± 2.67 3.35
MAPE 256.79 ± 56.64 245.27 9.76 ± 4.76 8.10

Case 3 MAE 3.99 ± 1.14 3.92 2.75 ± 1.41 2.70
RMSE 4.87 ± 1.47 4.93 3.60 ± 1.74 3.67
MAPE 229.18 ± 69.59 205.21 14.09 ± 8.04 13.17

Data availability

Data will be made available on request.
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