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Abstract. The ability to accurately estimate structural responses is essential for ensuring safety and enabling early
damage detection in complex engineering systems. However, obtaining full-field structural state data is often
hindered by the physical limitations of sensor installation in extreme operational environments and the scarcity of
failure data required for data-driven approaches. To address these challenges, this paper proposes a physics-based
virtual sensing technique that reconstructs the full-field strain distribution using a sparse array of strain sensors. The
proposed method utilizes the mode superposition principle, approximating the global structural response as a linear
combination of modal weights derived from limited sensor data. A key feature of this approach is the construction of
a hybrid basis set that integrates dominant low-order eigenmodes with quasi-static correction vectors, ensuring that
both dynamic characteristics and static aeroelastic deformations are accurately captured with high computational
efficiency. The method is applied to a blended wing body (BWB) aircraft structure, and its performance is verified
through numerical simulations under various cruise conditions with elliptical lift distributions. The analysis results
show that the proposed technique effectively estimates the strain field over the entire structure. Relative errors are
mostly within 10% compared to the finite element analysis reference value. In addition, the error is less than 4% in
the major deformation area, showing high precision. These findings confirm the potential of the proposed virtual
sensing framework as a robust and efficient solution for real-time structural health monitoring in aerospace
applications.

Keywords: blended wing body; finite element analysis; full-field strain reconstruction; mode superposition
method; virtual sensing

1. Introduction

Engineering structures are inevitably exposed to complex dynamic loading regimes throughout
their service lives, rendering the continuous monitoring of structural deformation imperative for
safety assurance. Accurate assessment of such structural behaviors provides critical insights into
the system’s integrity and potential failure mechanisms [1]. Consequently, structural health
monitoring (SHM) technologies, which measure structural response states in real time, are
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considered essential for early damage detection and maintenance of structures [2, 3]. However,
structures operating in extreme environments often have technical limitations in directly
measuring structural response states due to constraints on physical access and harsh environmental
conditions [4-7].

To overcome these limitations, recent research in structural dynamics and health monitoring
has explored structural state identification techniques. Previous studies have proposed various
methodologies, such as inverse load identification methods [8, 9] and Kalman filter-based
approaches [10, 11], to estimate structural response states. In parallel with these estimation
techniques, advanced data-driven approaches have been widely adopted for anomaly detection in
complex systems [12, 13].

Despite these advancements, significant challenges remain. Inverse load identification methods
often face challenges due to the ill-posed nature of the problem, making them highly sensitive to
measurement noise and modeling errors. Furthermore, while Kalman filter-based approaches offer
high accuracy, their computational cost scales prohibitively with the dimensionality of the model,
often limiting their utility for real-time monitoring of large-scale structures without model order
reduction. Similarly, data-driven methods, such as deep neural networks, require vast amounts of
training data representing various damage scenarios, which are practically impossible to obtain for
complex engineering systems such as aircraft, offshore structures, wind turbines, and power plants.

These limitations are particularly critical for aircraft structures, which possess complex
characteristics formed by numerous components and operate under extreme environmental
conditions, including severe temperature changes and aerodynamic loads. Such environments
carry a high potential for inducing fatigue damage in the structure, necessitating advanced
detection technology to prevent accidents and ensure structural integrity and safety [14-17]. In
particular, accurate fatigue life estimation necessitates not only localized sensor data but also full-
field response reconstruction across the entire structure over time [18, 19].

In practice, installing physical sensors like strain gauges and accelerometers on operational
aircraft is challenging. Even when installed, these sensors provide only localized information, and
the reliability of the observed data may be compromised under severe conditions [20-22]. To
address these challenges, virtual sensing technology has emerged as a promising solution [23-28].
Virtual sensing is an indirect measurement method that estimates structural response states in
uninstrumented areas based on data acquired from a sparse set of physical sensors. Previous
studies have demonstrated the validity of these techniques by comparing estimated data with
actual sensor data under various dynamic loads [18-20, 28]. However, these validations have
predominantly been confined to simplified, idealized structural geometries, such as one-
dimensional beams or two-dimensional plates. The direct translation of these methods to highly
complex, built-up aircraft structures remains a significant engineering challenge.

In this context, this paper proposes an advanced application of a virtual sensing technique
capable of reconstructing the full-field strain distribution of a three-dimensional blended wing
body (BWB) aircraft structure. Unlike purely data-driven approaches, the proposed method
combines a physics-based finite element (FE) model with sparse sensor data using mode
superposition theory [18, 26-28]. Moving beyond the simplified geometries of prior studies, the
analyzed BWB model incorporates structurally practical representative members, including spars
and ribs, which introduce spatially varying stiffness distributions, complex internal load transfer
paths. Validating the numerical stability and reconstruction performance under such complex
structural conditions is a crucial step toward real-world aircraft applications. Fig. 1 illustrates the
overall procedure. The process begins with the creation of a FE model and the selection of a basis
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Figure 1. Flowchart of the proposed virtual sensing technique based on mode superposition method

that effectively simulates the dynamic behavior. Based on this, sensor locations are determined to
ensure estimation accuracy [28]. Subsequently, numerical analysis is performed to obtain local
response data, which is then combined with the mode superposition algorithm to reconstruct the
strain field of the entire structure. For validation, the strain calculated via finite element analysis
(FEA) is treated as the reference to assess the accuracy and feasibility of the developed algorithm.

The remainder of this article is organized as follows. Section 2 introduces the formulation of
virtual sensing algorithms. Section 3 details the numerical simulations using the BWB aircraft
model. Section 4 presents the conclusions.

2. Formulation of virtual sensing algorithms

This section outlines the finite element method-based formulation process that serves as the
theoretical foundation for implementing virtual sensing strategies. The dynamic behavior of
structures is governed by the equations of motion for multi-degree-of-freedom systems. In this
study, the mode superposition method is applied to approximate the structural response, ensuring
both computational efficiency and physical validity. The procedure for constructing the strain
mode matrix and the mathematical algorithm for reconstructing the full-field strain from limited
sensor data are detailed below.

2.1 Structural dynamics and strain mode

To implement virtual sensing techniques, displacement basis vectors must initially be
constructed using FEA. Eq. (1) represents the equation of motion for the FE model:

MU(t) + CU(t) + KU(t) = F(t) (1)

where M, C, and K denote the mass matrix, damping matrix, and stiffness matrix, respectively. U,
U, and U are the displacement, velocity and acceleration vectors, and F is the load vector.
Generally, the equation of motion involves numerous degrees of freedom (DOFs), requiring
substantial computational effort. To address this efficiency issue, the mode superposition theory is
applied, allowing the displacement vector to be approximated as a linear combination of selected
mode vectors. To obtain these vectors, the eigenvalue problem is solved to determine the mode
shapes corresponding to the structure’s natural frequencies [18, 28, 29]. The eigenvalue problem
under free vibration conditions is expressed as Eq. (2):
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where A; denotes the eigenvalue, and ®; is mode shape vector corresponding to that frequency.
The accuracy of the mode superposition method relies fundamentally on the selection of a basis set
that adequately spans the actual deformation space. In structural dynamics, higher-order modes
typically contribute to localized high-frequency deformations but possess low participation factors
in the global strain energy distribution under standard aerodynamic loads. Consequently,
truncating the basis to a set of dominant low-order modes allows for a significant reduction in
computational dimensionality without compromising global estimation accuracy. However, to
account for the residual flexibility of the omitted high-frequency modes, incorporating quasi-static
correction vectors is often necessary [18]. This ensures that the steady-state response under static
loads is accurately captured, bridging the gap between dynamic approximation and static reality.
Consequently, the displacement response of the structure can be approximated using a truncated
set of modes rather than full DOFs, as shown in Eg. (3). Furthermore, using the strain-
displacement relationship, the strain state response can be derived as shown in Eq. (4):

N
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where @ = [®; ®, --- dy] denotes the displacement mode matrix, ¥ = [¥; W, --- Wy] is the
strain mode matrix, N is the number of selected modes, and q(t) = [q1(t) q2(t) - qn(®)]T
represents the modal coordinates (mode contribution). Thus, the dynamic response of a structure
can be effectively approximated using a subset of its mode vectors [28].

2.2 Strain field reconstruction algorithm

The proposed algorithm aims to reconstruct the strain field for the entire structure using data
from a limited number of sensors. The sensor data (g,,) is obtained from FEA (reference) at
specific sensor locations.

En = [gm,l Emy2 Sm,n]T (58.)

&= [6p1 82 = Epm| (5b)

where &,,, denotes the strain measured by the sensors and &, is the estimated strain at the sensor
locations using mode superposition, as defined in Eq. (5). The error between the measured and
estimated strain is defined using least squares method as follows:

Z(e‘m —em) = (Bp—em) (Bp—&m) = (¥nd(®) — &) (Pna(t) — &)  (6)
i=1

where W,,, represents the partial strain mode matrix corresponding only to the sensor locations,
extracted from the full matrix ¥. To minimize the difference between the measured and the
estimated strain data, the optimal mode contribution q(t) is derived by minimizing Eq. (6) with
respect to q(t):
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where q(¢t) refers to the reconstructed modal contribution. Finally, the full-field displacement and
strain can be reconstructed using the full mode matrices (& and W) and the estimated modal
coordinates:

N
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As a result, the reconstructed displacement and strain fields are derived through a linear
combination of the reconstructed modal contribution and the displacement mode shape matrices.

3. Numerical simulation using the BWB aircraft model
3.1 Finite element model of the BWB aircraft

This study investigates the BWB configuration, which is emerging as a promising platform for
next-generation aircraft. Fig. 2 shows the configuration of the BWB aircraft model used in the
analysis. Unlike the traditional tube and wing (TAW) configuration, it is characterized by a unified
structure where the fuselage and wing are merged with smooth curves. This geometric
configuration enables the entire structure to function as a single lift-generating body, providing
structural and aerodynamic advantages in terms of improved aerodynamic performance and
maximized fuel efficiency [30-32].

To generate a reliable displacement basis, a FE model was constructed to accurately represent
the structure’s physical characteristics. Considering the structural symmetry, a FE model based on
3-node shell elements was constructed for half the geometry of the BWB aircraft model, as shown
in Fig. 3. The model consists of a total of 13,670 elements and 6,426 nodes, with 38,556 total
degrees of freedom. Clamped boundary conditions constraining all 6 degrees of freedom were

4
> /

Figure 2. Geometric configuration of the blended wing body (BWB) aircraft model [33]
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Figure 3. Finite element model of the BWB aircraft structure

Table 1. Material properties of aluminum 6061-T6 and polycarbonate

E (MPa) 68,900
Aluminum 6061-T6 v 0.33
p (kg/m3) 2,700
E (MPa) 2,300
Polycarbonate v 0.37
p (kg/m®) 1,200
Displacement comparison of polycarbonate and aluminum
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Figure 4. Comparison of maximum wing tip displacement for material selection suitability

applied to the end regions of the fuselage section. Polycarbonate was selected as the structural
material for this analysis, with its properties compared with Aluminum 6061-T6 in Table 1. While
distinct from standard aerospace-grade metals, polycarbonate was employed to enhance strain
measurability, facilitating effective analysis of the strain distribution. As illustrated in Fig. 4, the
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Table 2. Specifications of the BWB scaled prototype

Specification Values
Fuselage length (m) 2.42
Wing span (m) 3.6
Wing area (m?) 3.15
Wing loading (kg/m?) 7.6
Maximum take-off weight (kg) 24
Maximum lift-drag ratio (-) 12

low elastic modulus of polycarbonate induces significant displacement at the wing tip under the
applied lift loads. This material selection ensures that the structural deformation is sufficiently
large to be captured by sensors, facilitating effective validation of the strain estimation algorithm
even under laboratory-scale loading conditions.

3.2 Aerodynamic load conditions

This study evaluated the structural response of the BWB aircraft under varying speeds by
defining five distinct analysis conditions. Assuming quasi-static cruise conditions at steady flight
velocities of 5, 10, 15, 20, and 25 m/s, the lift loads acting on the BWB aircraft were derived based
on the scaled prototype specifications [34, 35]. Table 2 presents the scaled prototype specifications
for the BWB aircraft model.

To calculate the lift distribution, the aerodynamic circulation concept was applied, and
considering induced drag minimization, the circulation distribution along the span direction was
assumed to be elliptical, as shown in Eq. (10).

2

ro =1 [1-(2) (10)

where, I'(y) represents the circulation distribution along the spanwise coordinate y, and T is the
circulation at the mid-body and b is the spanwise length.

Subsequently, the total lift coefficient is defined in terms of circulation by Eq. (11a), and the lift
per unit span length is defined by Eq. (11b).

_(PPer(y) 2y
CL= fo Vo€ d(?) (112)
and
cMGW)/¢ = 2I(y)/Vwl (11b)

where C; is the lift coefficient, V,, is the free-stream velocity, c(y) is the local chord length at
spanwise position y, C;(y) is the section lift coefficient, ¢ is the mean chord length.

By combining the equations above, the lift load distribution along the unit length direction is
ultimately defined as shown in Eqg. (12) [36].

1
L) = 5pVbcG() (12)
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Figure 5. Elliptical lift distribution per unit span calculated for varying cruise speeds

where L' (y) denotes the lift distribution per unit span length and p is the air density.

In this study, an ideal elliptical lift distribution was assumed to simulate the cruise condition.
While actual flight loads involve complex non-linear aerodynamic phenomena arising from angle
of attack variations and gusts, this simplified static load model provides a deterministic baseline
for evaluating the reconstruction algorithm’s performance. The primary objective of this study is
to verify the virtual sensing capability under known loading conditions rather than to model exact
flight dynamics. The resulting lift distribution at each point is shown in Fig. 5, and this load
distribution was applied as the quasi-static load during the FEA. Therefore, the quasi-static
deformation shapes induced by the lift loads were derived from the FEA and used as the reference
deformation fields for validating the proposed virtual sensing technique.

3.3 Basis selection and sensor placement

To ensure high estimation accuracy, it is essential to select a basis that effectively represents
the structural characteristics under operating loads. Therefore, a parametric sensitivity analysis was
conducted to evaluate the impact of these variables on reconstruction accuracy. By varying the
number of retained eigenmodes and input sensors, the reconstruction error was systematically
assessed. As shown in Fig. 6, the analysis revealed that the lowest normalized root mean square
(NRMS) error was achieved when 11 eigenmodes were retained. Furthermore, the accuracy
improvements became marginal beyond 12 sensors. Consequently, considering both the
reconstruction performance and practical constraints such as sensor installation cost and system
complexity, an optimal configuration of 11 eigenmodes and 12 sensors was determined.

Based on these findings, the displacement basis was constructed by combining the lowest 11
eigenmodes derived from the modal analysis with the quasi-static deformation shapes obtained
under cruise conditions. This basis set ensures that both the dynamic characteristics and the static
aeroelastic deformation are captured effectively. The representative mode shapes (from the 1% to
the 5" eigenmode) are illustrated in Fig. 7.
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Figure 7. Dominant mode shapes and natural frequencies of the BWB structure: (a) 1st mode (14.15 Hz), (b)
2nd mode (45.54 Hz), (c) 3rd mode (55.25 Hz), (d) 4th mode (72.56 Hz), and (e) 5th mode (83.03 Hz)

To measure the structural response state under operational conditions, the 12 selected strain
measurement sensors were positioned on the finite element (FE) model. Specifically, 6 sensors
were placed on the upper skin and 6 on the lower skin of the fuselage. The fuselage region was
chosen to circumvent the practical limitations associated with instrumenting the wing surfaces. In
particular, direct sensor installation on the wing, especially at the leading and trailing edges, is
severely constrained by high surface curvature, limited internal access for cabling, and the critical
requirement to maintain a smooth aerodynamic profile. Consequently, positioning sensors on the
fuselage serves as a practical alternative that minimizes aerodynamic interference on the lifting
surfaces while providing a stable baseline for estimating the global deformation behavior.

In this study, the term “full-field”” refers to the reconstructed structural response over the entire
FE mesh. While the proposed algorithm estimates the continuous displacement and strain
distributions across the entire BWB structure, the quantitative accuracy of this full-field estimation
is verified at discrete locations. Accordingly, 8 evaluation points were defined at the leading and
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(b)

Figure 8. Sensor placement strategy on the finite element model: (a) Plan view and (b) Front view showing
strain sensors (fuselage) and evaluation points (wing)

trailing edges of the wing. These locations were chosen because physical sensor installation is
typically challenging in these regions due to aerodynamic constraints, yet significant structural
deformation occurs there. The final determined configuration of the measurement sensors and the
evaluation points is depicted in Fig. 8.

Based on this configuration, the strain values calculated from the FEA at the fuselage locations
were utilized as input data for the proposed algorithm. These data are combined with the selected
basis to reconstruct the strain field across the entire structure. The estimation accuracy is then
evaluated by comparing the reconstructed results with the reference FEA data at the evaluation
points on the wing.

3.4 Numerical validation

Numerical analysis was performed using strain data obtained from the selected displacement
basis and sensor locations to evaluate the estimation performance of the proposed method. To
simulate realistic measurement environments and assess the robustness of the algorithm against
measurement uncertainty, artificial Gaussian white noise was introduced to the input sensor data.
Specifically, noise with a standard deviation corresponding to 5% of the nominal strain magnitude
was added to the FEA-extracted strain values at each sensor location, reflecting typical noise levels
encountered in physical applications. The estimation accuracy at each evaluation point was
quantified using the mean relative error, defined as follows:

N
1 & —€
Mean relative error (%) = NZ | 2 m‘ x 100 (13)
= om

where N is the number of data points, &, and &, represent the estimated and measured (reference)
strain values, respectively. Fig. 9 shows the comparison between the strain data calculated by FEA
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Figure 9. Comparison of reference (FEA) and estimated strain values at evaluation points under various flow
velocities: (a) 5 m/s, (b) 10 m/s, (c) 15 m/s, (d) 20 m/s, and (e) 25 m/s

Table 3. Comparison between estimated strain and reference FEA data

Case 1 (5 m/s)

Case 2 (10 m/s) Case 3 (15 m/s)

Case 4 (20 m/s) Case 5

(25 m/s) Mean relative

Est* Meas.* Est* Meas.* Est* Meas.* Est* Meas.* Est* Meas.* error (%)
13 -0.056 -0.052 -0.216 -0.201 -0.469 -0.437 -0.803 -0.748 -1.204 -1.122 7.426
14 -0.052 -0.050 -0.202 -0.191 -0.438 -0.414 -0.749 -0.709 -1.124 -1.063 5.387
15 0.224 0.245 0.861 0.942 1.871 2.048 3.201 3504 4.802 5.257 8.627
16 0.285 0.306 1.096 1.176 2.382 2557 4.076 4.374 6.114 6.562 6.845
17 0.226 0.229 0.872 0.882 1895 1917 3242 3.280 4.863 4.920 1.182
18 0.026 0.027 0.101 0.104 0.219 0.227 0.375 0.386 0.562 0.579 3.180
19 -0.411 -0.384 -1.582 -1.480 -3.440 -3.217 -5.884 -5.504 -8.827 -8.257 6.931
20 0119 0.126 0459 0.484 0.998 1.052 1.707 1800 2560 2.701 5.248

*Strain unit: millistrain (me)

(reference) and the strain data estimated by the proposed method under these noisy conditions,
evaluated at the specific points on the leading and trailing edges of the wing. The detailed
numerical results and mean relative errors are listed in Table 3.

Comparing the reference strain at these evaluation points with the estimated strain revealed a
trend where strain magnitude increased proportionally with increasing velocity. Across the five
analysis conditions, the estimated results generally fell within an error range of 10% or less. These
results confirm that the proposed virtual sensing technique can estimate structural response states
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Figure 10. Displacement field reconstruction results: (a) 10 m/s cruise condition, (b) 20 m/s cruise condition

with high accuracy using only a limited number of sensors. In particular, evaluation points 17 and
18 showed a remarkably low error of 4% or less, demonstrating a high agreement with the
reference strain data. Even for evaluation point 15, which showed a slightly elevated difference
due to the steep strain gradients at the fuselage-wing transition, the result remained well within the
target accuracy range.

Nevertheless, maintaining an overall error range within 10% indicates that the technique
proposed in this study is reliable for estimating the structural response state. Furthermore, Fig. 10
shows the reconstructed full-field displacement results under representative analysis conditions of
10 m/s and 20 m/s cruise speed. Fig. 11 shows the corresponding full-field strain results.
Compared to the reference FEA data, the estimated full-field results show highly consistent trends,
even in the wing tip region where significant structural deformation occurs.

4. Conclusions

In this study, a virtual sensing technique based on the mode superposition method was
proposed to reconstruct the global strain field of a blended wing body (BWB) aircraft structure.
Unlike conventional aircraft, BWB aircraft structures are subjected to load conditions in which



Full-field strain reconstruction of BWB aircraft structures... &9

Reference strain (FEA) Reconstructed strain

(b)

Figure 11. Strain field reconstruction results: (a) 10 m/s cruise condition, (b) 20 m/s cruise condition

aerodynamic loads interact with internal pressurized loads, so monitoring of all areas of the
structure is important to ensure structural integrity. To this end, in this work, we formulated an
algorithm that can efficiently reconstruct the behavior for the entire area of the structure using
limited local strain data. By applying mode superposition theory, the structural response under
operating conditions was reconstructed using a reduced basis of low-order modes, achieving a
balance between computational efficiency and accuracy. To secure physical validity, a hybrid base
was constructed by combining the quasi-static deformation shape derived from cruise conditions.
Furthermore, through a parametric sensitivity analysis, an optimal configuration utilizing the
lowest 11 eigenmodes and 12 strain sensors placed on the fuselage was determined. Numerical
validation results show that the estimated strain values generally agree well with the reference
finite element analysis results. In most cases, the error is within 10%. Notably, at certain
evaluation points, the error is below 4%. The analysis results show that relatively large errors
occur in regions with steep strain gradients. These areas correspond to structural transition zones,
such as the fuselage-to-wing transition region. Therefore, they emphasize the importance of
strategic sensor placement in geometrically complex areas.

It is worth noting that while polycarbonate is employed for the numerical model in this study to
facilitate the observation of distinct strain responses, the underlying formulation of the proposed
virtual sensing algorithm is based on linear elastic principles. Therefore, the fundamental logic and
mathematical consistency of the method remain valid regardless of the specific material properties,
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such as those of aluminum or composite materials typically used in aerospace structures, provided
the response remains within the elastic regime. Consequently, the proposed virtual sensing method
shows great promise for structural health monitoring by enabling continuous full-field deformation
monitoring.

Future research will focus on wind tunnel experiments to validate the algorithm using
physically measured data. Subsequent studies will also aim to address practical implementation
challenges, such as compensating for thermal strain and measurement noise under real-world flight
environments. While the current framework was specifically validated under symmetric, quasi-
static cruise conditions to verify the numerical stability of the algorithm across varying load
magnitudes, actual flight operations involve spatially complex, asymmetric loading scenarios.
Therefore, extending the present methodology to handle combined bending-torsion responses,
such as those induced by roll maneuvers, asymmetric gusts, or varying angles of attack, through
full dynamic analyses remains a critical direction for future research to further demonstrate the
robustness and practical applicability of the proposed technique. Furthermore, conducting
comprehensive benchmark studies against alternative methodologies, such as Kalman filter-based
approaches and the inverse finite element method (iIFEM), will be essential to comparatively
evaluate computational efficiency and accuracy under dynamic conditions.
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