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Nomenclature

𝑎 = crack length

D = domain

𝐸 = Young’s modulus

E = expectation

L = loss function

M = full-order model

M𝑟 = reduced-order digital twin

M 𝜃 = physical feature extraction model

𝑝, 𝑞 = distribution

R = real number set

𝑅 = stress ratio

𝑡 = thickness

𝑢 = node displacement

𝑢𝑟 = node rotation

x = sensor detected signal

x̂ = reconstruction signal

z = physical features

𝜇 = weight of the constraint mode

𝜃 = parameters of the physical feature extraction model

𝜙 = parameters of the variational distribution

Λ = influencing parameters

Subscripts

𝑝 = panel skin

panel = helicopter panel

𝑠 = panel stringer

Superscripts

𝑐 = boundary constraint

exp = experiment

𝑔 = geometric dimension

𝑚 = material property

meas = measurement
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norm = normalization

sim = simulation

I. Introduction

Structural damage poses a serious threat to aircraft flight safety and may lead to fatal accidents [1]. And damage

tolerance is critical in maintaining the structural integrity of aircraft, allowing components to serve with damage,

provided the damage state and its implications on airframe safety are well understood. With recent advances in sensor

technology, structural health monitoring (SHM) has garnered considerable attention. SHM relies on an integrated

sensor network [2, 3] to collect various signals (e.g., strain, temperature, vibration) that are used to detect, localize,

and quantify damage within the structure [4]. This capability enables continuous monitoring of structural health and

facilitates the estimation of remaining useful life (RUL), thereby supporting both the sustainment of structural integrity

and the dynamic scheduling of inspection and maintenance for aeronautical structures [5, 6].

In recent years, data-driven SHM methods have been widely studied [7–14]. These methods directly establish

mapping relationships between detected signals and damage states based on their correlations, making them a popular

choice for SHM applications due to their straightforward implementation [15–17]. However, purely data-driven

approaches inherently lack the incorporation of physical mechanisms, which can result in limited interpretability of

damage quantification outcomes [18]. Furthermore, factors such as geometry, material properties, and boundary

constraints significantly influence structural damage quantification, yet these are aspects that data-driven methods

often struggle to address. This limitation undermines the robustness of the models and reduces their effectiveness in

supporting informed decision-making.

To alleviate the shortage of the pure data-driven method, some researchers have explored the integration of physical

mechanisms into these models, which can be broadly categorized into three kinds of approaches [19]. The first involves

generating representative datasets for data-driven methods guided inherently by physical mechanisms [20–23]. The

second incorporates weak additive loss functions into data-driven methods, consisting of the residuals of physical

equations and boundary constraints [24–27]. The third forcibly encodes known physical mechanisms into the core

architecture of data-driven models to enhance resilience against data sparsity and improve model generalization [28–30].

Decades of research in aeronautical structural integrity have generated substantial domain knowledge. Physics-based

models, developed through methods such as the Finite Element Method, enable the prediction of responses in both

intact and damaged structures. To leverage this knowledge for structural damage quantification, researchers have

investigated several of the aforementioned approaches [31–35]. For instance, Zhang et al. [36] extended neural network

inputs and loss function by integrating finite element simulation. Wang et al. [37] combined structural dynamics

equations with feature extraction neural networks to achieve deterministic predictions of structural damage. However, in
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complex aeronautical structures, the measured responses of damaged components are influenced by the parameters of

physics-based models and various uncertainties—factors that current research has yet to adequately address.

Given these challenges, reduced-order digital twins, developed through model reduction techniques, offer a promising

solution, as they account for parameter influences and uncertainties while enabling real-time prediction of responses

in damaged structures [38–42]. Therefore, integrating physics-based digital twins with the data-driven methods for

damage quantification seems beneficial, provided that two challenges can be addressed. First, effectively integrating

these influencing factors into the damage quantification process and accurately assessing their specific effects on a

given structure remains challenging. This integration is essential for ensuring that damage quantification results are

interpreted with precision. Second, the inherent uncertainties in both the influencing factors and the detected signals

must be quantified during the online stage to ensure that the results are robust. Addressing these uncertainties is critical

for achieving reliable damage quantification.

In this study, the physics-decoded variational neural network (PDVNN) is proposed for online structural damage

quantification. The PDVNN integrates a physics-based reduced-order digital twin, which encapsulates both damage

states and influencing parameters, into the variational neural network as a decoder. By explicitly representing the

damage state and influencing parameters as physical features, the model ensures that physical knowledge relevant to

structural damage is embedded within the quantification process. With this approach, structural damage states and

influencing parameters can be identified based on detected signals. Furthermore, the use of variational inference

allows for the quantification of associated uncertainties. The method is validated on a set of aluminum helicopter

panels, demonstrating that the proposed PDVNN achieves higher accuracy and interpretability in structural damage

quantification compared to existing data-driven methods.

The remainder of this paper is organized as follows. Section II details the proposed physics-decoded variational

neural network and its integration into the structural damage quantification framework. Section III presents the validation

of the method on an aeronautical panel, including the experimental setup, numerical model, and comparison methods.

Section IV compares and discusses the results, emphasizing the advantages of the proposed approach in damage

quantification and parameter calibration. Finally, Section V offers concluding remarks and potential future directions.

II. Development of the Physics-Decoded Variational Neural Network for Structural Damage
Quantification

This section details the development of the proposed PDVNN and its application to structural damage quantification,

as illustrated in Fig. 1. Section II.A examines the physical mechanisms underlying the responses of intact and

damaged structures, along with their influencing factors, which serve as the foundation for developing a physics-based

reduced-order digital twin for predicting the response of damaged structures, discussed in Section II.B. Section II.C

introduces the integration of the reduced-order digital twin with a data-driven physical feature extraction model, resulting
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Fig. 1 Flowchart of embedding physics-based digital twin into the variational neural network.

in the formation of the PDVNN. The training of this PDVNN using variational inference is then described in Section

II.D. Finally, Section II.E, presents the framework for online structural damage quantification using the PDVNN, which

facilitates the quantification of structural damage states and the calibration of digital twin parameters based on detected

signals, while accounting for uncertainties. This approach enables individualized damage quantification for identical or

similar structures from different sources, such as multiple structures within a fleet.

A. Factors Affecting the Response of Intact and Damaged Structures

Fig. 2 Source of dispersion and influencing factors in the responses of intact and damaged structures.

In the context of structural damage quantification, domain knowledge includes an understanding of how a structure

responds to external loads across different damage states. While physics-based models can simulate structural behavior,
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their accuracy is highly dependent on the precise setting of model parameters. As depicted in Fig. 2, two primary sources

contribute to variability in these parameters. The first source stems from the inherent variability introduced during

the manufacturing stage, where machining and manufacturing errors lead to inconsistencies in geometric dimensions

and material properties across different batches and equipment. The second source arises from discrepancies between

the real load conditions and boundary constraints encountered during service and the ideal conditions assumed in the

simulation model [16].

In structural digital twins that model the response of damaged structures, uncertainties are represented through

influencing parameters, denoted as:

𝚲 = [𝚲𝑔,𝚲𝑚,𝚲𝑐] (1)

where 𝚲 is the set of the influencing parameters, with 𝚲𝑔 represents geometric dimensions, 𝚲𝑚 denotes material

properties, and 𝚲𝑐 corresponds to boundary constraints.

B. Constructing the Reduced-order Digital Twin Based on Physical Mechanisms
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……

Model reduction
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Fig. 3 Flowchart of constructing the reduced-order digital twin.

As illustrated in Fig. 3, the construction of the reduced-order digital twin involves three key steps: parameter

sampling, batch simulation, and model training.

First, the influencing parameters of the damaged structures are identified, and sampling is performed within the

parameter space to encompass all possible states and variations of these parameters. This process generates a sufficient

number of sample points for subsequent batch simulation, with each sample point representing a distinct set of parameters

for the simulation model.

Next, these sampled parameters are fed into the full-order simulation model M to perform the batch simulation,

typically using Monte Carlo Simulation (MCS). The structural responses at the sensor network locations are extracted

from the simulation output and combined with the corresponding input parameters to form a simulated dataset Dsim as:
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Dsim =
{
asim,𝚲sim, xsim} (2)

where asim, 𝚲sim and xsim represent the simulated damage state parameters, influencing parameters, and sensor detected

signals, respectively.

Finally, construct a reduced-order digital twin, denoted as M𝑟 , is trained to establish the relationship between

the damage states/parameters and the detected signals. This reduced-order model (ROM) effectively serves as an

alternative to the full-order simulation model M. In this model, the input consists of the structural damage state a and

the influencing parameters 𝚲, while the output corresponds to the sensor-detected signal x. The ROM can be expressed

as:

x = M𝑟 (𝒂,𝚲) (3)

It is important to note that the reduced-order digital twin can be constructed using various machine learning

methods, such as neural networks [43, 44] and Gaussian process regression [45]. When the model’s inputs and outputs

are complex, deep learning techniques may be necessary. For instance, convolutional neural networks [46] can be

employed for image-type inputs; recurrent neural networks [47] for time-series inputs; and graph neural networks [48]

for graph-type inputs. In cases where the digital twin is complex and contains multiple ROMs, a co-simulation approach,

such as the functional module interface [49], may be required to integrate these models effectively.

C. Fusing the Physics-Based and Data-Driven Model into the Physics-Decoded Variational Neural Network

Based on the trained reduced-order digital twin model, the PDVNN is constructed as depicted in Fig. 4 (a). The left

part of the architecture represents the data-driven physical feature extraction model M 𝜃 , parameterized by 𝜃, which

takes the detected signals x as input and outputs the latent variables. The middle part represents the physical features,

z = [a,𝚲], where a is the damage state parameters and 𝚲 is the influencing parameters. These latent variables are

probabilistically modeled with the mean 𝝁 (z) and standard deviation 𝝈 (z). The right part of the PDVNN consists of the

reduced-order digital twin, which uses the sampled latent variables as input to reconstruct the sensor signals x̂ as output.

This architecture shares similarities with the classical VAE model, as shown in Fig. 4 (b). However, there are

two key differences that enable the PDVNN to perform damage quantification and parameter calibration which is

unachievable with VAE. First, the decoder in the PDVNN is replaced by the reduced-order digital twin developed in

Section II.B, allowing for the reconstruction of detected signals in a physically meaningful manner. Second, with the

digital twin serving as the decoder, the damage state parameters a and influencing parameters 𝚲 in the PDVNN are

explicitly treated as physical features, whereas in a VAE, the latent variables lack physical meaning.

As a result, when the model is properly trained, the damage state and influencing parameters can be probabilistically
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quantified, providing their mean and variance based on the detected signals as input. Additionally, the signals can be

reconstructed using the digital twin. The method for training this model is introduced in the next subsection.

D. Training the Physics-Decoded Variational Neural Network Based on Variational Inference

𝑝𝜃 𝐳|𝐱 =
𝑝𝜃 𝐱|𝐳 𝑝 𝐳

𝑝𝜃 𝐱

Posterior
Likelihood Prior

Model Evidence

Fig. 5 Approximate Bayesian inference.

As discussed in Section II.A, the response of a damaged structure is influenced by various factors, making it difficult

for the ROM to achieve accurate deterministic predictions, especially when the parameters are biased. Consequently,

the quantification of uncertainties in the damage state and related parameters becomes crucial. In this subsection, the

variational inference method within a Bayesian framework [50] is employed to train the PDVNN, enabling the estimation

of uncertainties in both damage states and influencing parameters.

In the PDVNN, the physical features z are modeled as a probabilistic distribution 𝑝 (z), rather than a deterministic

estimate. Given the detected signal x in the training dataset, the posterior distribution 𝑝𝜃 (z | x) can be estimated using

Bayes’ theorem as shown in Fig. 5:

𝑝𝜃 (z|x) =
𝑝𝜃 (x|z)𝑝(z)

𝑝𝜃 (x)
(4)

where 𝑝𝜃 (x|z) is the likelihood, 𝑝(z) is the prior distribution of the physical features z and the 𝑝𝜃 (x) is prior distribution

of the detected signal x, also known as the model evidence. However, the true posterior 𝑝𝜃 (z|x) is generally intractable

due to the complexity of the model. To overcome this, the variational inference introduces a variational distribution

𝑞𝜙 (z|x), parameterized by 𝜙, to approximate the true posterior. The objective is to minimize the Kullback-Leibler (KL)

divergence between the approximate posterior 𝑞𝜙 (z|x) and the true posterior 𝑝𝜃 (z|x). However, directly minimizing

this divergence is difficult because 𝑝𝜃 (z|x) involves the marginal likelihood 𝑝𝜃z, which is also intractable.
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Instead, the PDVNN optimizes the Evidence Lower Bound (ELBO), which can be expressed as:

log 𝑝𝜃 (x) ≥ E𝑞𝜙 (z |x) [log 𝑝𝜃 (x|z)] − KL
(
𝑞𝜙 (z|x)∥𝑝(z)

)
(5)

where the first term E𝑞𝜙 (z |x) [log 𝑝𝜃 (x|z)] represents the expected log-likelihood of the data under the variational

posterior, commonly referred to as the mean-square error (MSE) loss in traditional neural networks [51], and

KL
(
𝑞𝜙 (z|x)∥𝑝(z)

)
is the KL divergence between the variational posterior 𝑞𝜙 (z|x) and the prior 𝑝(z).

By maximizing the ELBO, the loss function L of the PDVNN can be represented as:

L = E𝑞𝜙 (z |x) [log 𝑝𝜃 (x|z)] − KL
(
𝑞𝜙 (z|x)∥𝑝(z)

)
(6)

In this manner, the PDVNN simultaneously learns the parameters of the inference model and the posterior distribution

𝑞𝜙 (z|x) in a probabilistic framework. Since the variational inference in the PDVNN is analogous to that in the VAE,

further details can be found in [52].

With the loss function defined as in Eq. 6, the PDVNN model can be trained. However, in practical scenarios, noise

is often present in the detected signals, which can affect the model’s robustness. To mitigate this, noise is added to the

simulated signals to form the hypothesized noisy signal:

xnoise = xsim + 𝜺meas (7)

where 𝜺meas ∼ N(0,𝝈𝜀) and N represents a normal distribution. The standard deviation 𝝈𝜀 is determined by the noise

level of the SHM sensors. The model is then trained using the hypothesized noisy signal.

The complete PDVNN algorithm is formulated, with its pseudocode outlined in Algorithm 1.

E. Framework for Structural Damage Quantification and Parameter Calibration Based on the Proposed
Algorithm

With the proposed PDVNN, we present the framework for structural damage prediction and parameter calibration,

as illustrated in Fig. 6. This framework comprises both offline and online stages.

In the offline stage, a reduced-order digital twin is developed to solve the structural response of the damaged structure

using the simulated dataset. The digital twin is then integrated with an initialized physical feature extraction M 𝜃 to

form the PDVNN. During the training process, the digital twin guides the M 𝜃 to extract physical features (the damage

states and influencing parameters) through variational inference.

In the online stage, sensor-measured data obtained from physical entities is fed into the feature extraction model In

the online stage, the detected signals obtained from the structures are fed into the physical feature extraction model
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Algorithm 1 Physics-Decoded Variational Neural Network (PDVNN) for structural damage quantification and
parameter calibration

Input: Simulated dataset Dsim =
{
asim,𝚲sim, xsim}.

Output: Physical feature extraction model M 𝜃 .

1. Concatenate the damage state a and influencing parameters 𝚲 into the physical features z = [a,𝚲];
2. Define the architecture of the physical feature extraction model M 𝜃 based on the number of detected signals 𝑛𝑥

and latent variables 𝑛𝑧;
3. Construct the reduced-order digital twin M𝑟 with the physical features z as input and the detected signals x as

output;
4. Add noise in the simulated signals to obtain a hypothesized noisy signal xnoise as in Eq. 7;
5. Integrate the M 𝜃 and pretraind M𝑟 into a PDVNN model, and train the model with the xnoise as dataset and the

loss function L in Eq. 6;
6. Derive the trained M 𝜃 for structural damage quantification and parameter calibration.

Return: 𝑀𝜃 .
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Fig. 6 Structural damage quantification and parameter calibration with the proposed Physics-Decoded
Variational Neural Network.
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developed in the offline stage. This process enables structural damage quantification and parameter calibration in a

probabilistic manner, ensuring both accuracy and interpretability.

It is important to note that while this method is specifically designed for structural damage quantification in this

study, it may also be applicable to other similar inverse problems.

III. Validation of the Proposed Approach on Damaged Helicopter Panels
This section validates the proposed PDVNN and the damage quantification framework using a set of damaged

aeronautical panels. Section III.A describes the panels and details the experimental setup and numerical model. Section

III.B covers the construction of the simulated and experimental datasets used for training and validation of the PDVNN

model. Section III.C explains the implementation of the method and the configuration of hyperparameters. Finally,

Section III.D introduces two pure data-driven methods for comparison and outlines the performance evaluation metrics.

A. Helicopter Fuselage Panel and its Numerical Model

The aft fuselage of helicopters experiences substantial stresses, primarily due to torque resistance from the main and

tail rotors. In this study, a set of helicopter fuselage panel specimens is used for validation. Each panel consists of a skin

attached to stringers via rivets.
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Fig. 7 Experiment and simulation of the fuselage panel. (a) Experiment setup; (b) Sensor positions and labels;
(c) Numerical model.

The skin measures 600 mm in width, 500 mm in height, and 0.81 mm in thickness, and is fabricated from Al

2024-T6 alloy. The four L-shaped stringers, made of Al 7075-T76 alloy, are 435 mm in length and 1.2 mm in thickness

and are evenly spaced over the specimen’s skin surface. The fatigue crack growth tests were conducted as depicted

in Fig. 7 (a). The specimen is equipped with 20 Fiber Bragg Grating (FBG) sensors, arranged along the rivet line to

collect static strain at peak load, as shown in Fig. 7 (b). Initial response data is collected from an undamaged panel to

establish a benchmark signal for model validation. Subsequently, an initial 16 mm of damage is artificially introduced at

the center of the panel. The specimen is then subjected to sinusoidal loading with an amplitude of 𝐹max = 35kN and a

stress ratio of 𝑅 = 0.1 [53].

The finite element model, implemented in ABAQUS, replicates the structural behavior depicted in Fig. 7 (c).
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Quadratic shell elements (S9R5) are used to model the skin and stringers, while triaxial springs represent the rivets.

Each stringer is connected to the skin via rivets [54].

B. Experimental and Simulated Dataset
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Fig. 8 (a) results of three crack growth experiment and (b) Experimental and simulated strain range of 20 FBG
sensors.

In this study, simulated datasets are used to train the PDVNN model, while the experimental dataset are employed to

validate its performance.

First, the experimental dataset is introduced. Crack growth data were collected from three stiffened panel specimens,

labeled #1, #2, and #3. The crack growth histories of these panels are shown in Fig. 8 (a). Strain measurements from

20 FBG sensors and corresponding crack lengths were recorded, with 29, 15, and 13 measurements for each panel,

respectively. To mitigate the impact of load variations on strain measurements during the fatigue crack growth, a damage

index is defined based on the detected signals [55, 56]. Assuming 𝑁𝑠 strain sensors are arranged along the rivet line to

collect static strain at peak load, the damage index 𝜀norm
𝑘

of the 𝑘 th sensor is defined as:

𝜀norm
𝑘 =

𝜀𝑘∑𝑁
𝑖=1

𝜀𝑖
𝑁𝑠

(8)

Thus, the resulting experimental dataset is denoted as:

Dexp
panel =

{
a𝑖 , 𝜺norm

𝑖

}
(9)
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Table 1 Distribution range of influencing parameters

Parameter Meaning Nominal value Range

𝑡p Thickness of the skin 0.80 [mm] 0.74 ∼ 0.82 [mm]
𝑡s1 Thickness of the first stringer 1.30 [mm] 1.0 ∼ 1.3 [mm]
𝑡s2 Thickness of the second stringer 1.30 [mm] 1.0 ∼ 1.3 [mm]
𝐸p Young’s modulus of the skin 73.8 [GPa] 71.5 ∼ 74.5 [GPa]
𝐸s1 Young’s modulus of the first stringer 70.3 [GPa] 69.0 ∼ 72.0 [GPa]
𝐸s2 Young’s modulus of the second stringer 70.3 [GPa] 69.0 ∼ 72.0 [GPa]
𝜇𝑖 Weight of the 𝑖th constraint mode [1, 0, 0] ∑𝑖=1

3 𝜇𝑖 = 1 and 𝜇𝑖 > 0

where 𝑖 = 1, 2, 3 corresponds to the three crack growth experiments, a𝑖 is the crack length set of the 𝑖th panel, 𝜺norm
𝑖

is

the damage index set of the 𝑖th panel.

Second, the simulated dataset is introduced. After evaluating the influence of various parameters on the simulation

outputs, the geometric dimensions and material properties of the connectors on the upper and lower parts of the panels

were fixed. Attributes closely related to structural damage, such as those of the skin and stringers, were identified as

influencing parameters. The types and ranges of these parameters are detailed in Table 1.

For complex boundary constraints encountered in real service scenarios, state superposition is an effective method

to characterize constraints by weighted averaging different constraint modes [57], the superposed simulated strain signal

𝜺sim
panel, is calculated as follows:

𝜺sim
panel =

3∑︁
𝑖=1

𝜇𝑖𝜺
sim
𝑖 with

3∑︁
𝑖=1

𝜇𝑖 = 1 (10)

where 𝜇𝑖 represents the weight corresponding to the 𝑖th constraint mode, 𝜺sim
𝑖

is the simulated strain in a single constraint

mode.

In this study, three constraint modes are considered for the panels, as detailed in Table 2. For all three modes, the

degrees of freedom (DOFs) at the lower end of the panels are fixed. At the upper end, the constraints vary as follows:

the first mode restricts both out-of-plane translation and rotation, consistent with the original model [55] the second

mode permits only vertical translation, as referenced in [57]; and the third mode allows out-of-plane translation only,

which is a relaxation compared to the first mode. It is important to note that the weighted sum of the three constraint

modes equals 1, indicating that only two of the constraint modes are independent. Therefore, only the weights of the

first two modes are utilized in the influencing parameters.

As a result, the final set of influencing parameters of the panel 𝚲sim
panel consist of eight parameters as:

𝚲sim
panel =

{
𝑡p, 𝑡s1, 𝑡s2, 𝐸p, 𝐸s1, 𝐸s2, 𝜇1, 𝜇2

}
(11)
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Table 2 Constraints on the degrees of freedom (DOFs) at the clamping end for different constraint modes

Mode Lower end DOFs Upper end DOFs

1 𝑢𝑖 = 𝑢𝑟 𝑖 = 0, 𝑖 = 1, 2, 3 𝑢3 = 𝑢𝑟1 = 𝑢𝑟2 = 0
2 𝑢𝑖 = 𝑢𝑟 𝑖 = 0, 𝑖 = 1, 2, 3 𝑢1 = 𝑢3 = 𝑢𝑟 𝑖 = 0, 𝑖 = 1, 2, 3
3 𝑢𝑖 = 𝑢𝑟 𝑖 = 0, 𝑖 = 1, 2, 3 𝑢𝑟1 = 𝑢𝑟2 = 0

where 𝜇1 and 𝜇2 represents the weight corresponding to the first and second constraint mode, respectively.

The process for generating the simulated dataset for the helicopter fuselage panel structure is outlined as follows:

1) Latin Hypercube Sampling (LHS): LHS was employed to generate a sufficient number (in this study is 10000)

of data points across the space of crack sizes asim
panel and influencing parameters 𝚲sim

panel, as detailed in Table 1,

ensuring a statistically meaningful distribution of samples within the parameter space.

2) Parametric Modeling in ABAQUS: Crack sizes and influencing parameters were incorporated into script files

using ABAQUS’s parametric modeling capabilities, generating corresponding INP files for each sample point.

3) Automated Simulation Analysis: The ABAQUS solver was employed to perform automated simulations based

on the structural models specified in the INP files. These simulations generated structural responses, and strains

were extracted from 20 sensor locations.

4) Data Analysis: Outliers were eliminated from the simulation results, resulting in a final dataset comprising 9862

samples.

Thus, the resulting simulated dataset is denoted as:

Dsim
panel =

{
asim

panel,𝚲
sim
panel, x

sim
panel

}
(12)

The range of simulated and measured strains is shown in Fig. 8 (b). It can be observed that the strain range of the

simulated dataset Dsim
panel encompasses the strain range of the experimental dataset Dexp

panel. This comprehensive coverage

is crucial for parameter calibration, as it ensures that the calibration process relies primarily on interpolation rather than

extrapolation. Such coverage enhances the stability and reliability of the calibration process.

C. Implementation of the PDVNN and Hyperparameter Setting

Using the simulated dataset Dsim
panel, the PDVNN model for the damage quantification and parameter calibration of

the panels are constructed.

Initially, the reduced-order digital twin model was pretrained with a neural network. The network’s input size

was 9, representing the combined number of damage state and influencing parameters, while the output size was 20,

corresponding to the number of FBG sensors. This pretrained neural network consisted of two hidden layers, with 13
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Table 3 PDVNN parameters applied to panel damage quantification

Parameter Setting

Learning rate scheduler Cosine learning rate from 0.05 to 0.0003
Epochs 5000

Batch size 64
Activation Sigmoid

and 27 neurons, respectively.

Subsequently, this reduced-order digital twin was integrated into the PDVNN framework. The physical feature

extraction model within the PDVNN also had two hidden layers but with 23 and 12 neurons, respectively. The input and

output sizes of this model were reversed compared to the pretrained digital twin.

For training the PDVNN, the simulated dataset Dsim
panel is partitioned into training and validation subsets in an 0.8/0.2

ratio. The network was then optimized using the Adam optimizer, with specific hyperparameters detailed in Table 3. To

prevent overfitting, early stopping is applied during training. The training and validation losses over the course of 5000

epochs are depicted in Fig. 9. The results indicate that the training loss generally remained lower than the validation

loss, with the difference between them being within a reasonable range, suggesting effective model learning.
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Fig. 9 Training process of the PDVNN.

D. Methods for Comparison and Performance Evaluation

This study compares the proposed PDVNN with two classical pure data-driven methods: Artificial Neural Network

(ANN) and Random Forest (RF). Both methods were configured with parameter settings comparable to those used for

the PDVNN, as illustrated in Fig. 10.
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Fig. 10 Illustration of (a) Artificial neural network and (b) Random forest.

Artificial Neural Network is commonly used to develop surrogate models that map detected signals to damage

states. However, traditional ANN models neither incorporate physical mechanisms nor quantify uncertainty. The ANN

architecture employed in this study consists of a fully connected layer with 29 × 17 neurons connected to the input layer,

which processes the 20 FBG measurements, and an output layer with a single neuron representing the damage size. To

account for the randomness inherent in initialization and training, 20 ANN models were trained, and their predictions

were averaged to derive the result. The architecture of the ANN is shown in Fig. 10 (a).

Random Forest model consists of multiple decision trees, each functioning as an individual model. The RF model is

constructed by randomly selecting subsets of variables and samples from the training dataset and using a deterministic

algorithm to build the trees. For this study, two-thirds of the training dataset were used to develop the regression function,

while the remaining one-third served as out-of-bag samples. The tuned RF model includes 100 trees, each with a depth

of 10 layers and leaf nodes containing four samples. The flowchart for constructing a RF model is shown in Fig. 10 (b).

The accuracy of damage quantification is evaluated using the root mean square error (RMSE) metric, defined as

follows:

RMSE =

√√
1
𝑛

𝑛∑︁
𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)2 (13)

where 𝑦𝑖 denotes the 𝑖th measured value, 𝑦̂𝑖 represents the 𝑖th predicted value, and 𝑛 is the number of samples.

During testing, predictions are generated for each sample, and the predicted damage values are compared to the

measured damage lengths to compute the RMSE.
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IV. Results and Discussion
In this section, the effectiveness of the proposed PDVNN for probabilistic damage quantification and parameter

calibration is evaluated. The performance of PDVNN is compared with existing methods using experimental data

from the helicopter fuselage panels. Section IV.A presents a comparative analysis of PDVNN against two classical

data-driven methods, demonstrating its superior performance. Section IV.B illustrates the model’s capability for

parameter calibration, enabling individualized damage quantification across a fleet of similar structures. Finally,

Section IV.C contrasts PDVNN with a simplified version that omits uncertainty considerations, highlighting the critical

importance of incorporating uncertainty quantification in the proposed framework.

A. The Quantification Results of Structural Damage of PDVNN Compared with Data-Driven ANN and RF

In this subsection, the capability of PDVNN for structural damage quantification is validated using data from three

experimental panels.
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Fig. 11 Comparison of crack size quantification among PDVNN, ANN and RF.

Fig. 11 illustrates the crack size quantification based on detected FBG strains during the fatigue crack growth test,

comparing results from PDVNN, ANN, and RF models. The ANN and RF models were trained with a simulated

dataset consisting of 101 samples, where crack sizes were uniformly distributed from 0 mm to 100 mm, with geometric,

material, and constraint parameters set to nominal values.

The measured crack lengths from all three panels align closely with the PDVNN predictions, generally falling within

the 95% confidence intervals. As crack lengths increase during the fatigue crack growth, the uncertainties in the damage

quantification performed by PDVNN progressively decrease. This reduction in uncertainty may be attributed to an

increase in the signal-to-noise ratio of the strain signal as the crack size grows. In contrast, predictions from the ANN

and RF models exhibit larger errors compared to those from PDVNN. This discrepancy is attributed to the limitations of

purely data-driven methods, which fail to account for influencing parameters and thus struggle to address discrepancies

between the simulation model and real structures. Fig. 12 compares quantification errors between PDVNN, ANN, and
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RF. Over the entire damage process, the average RMSE for ANN and RF are 6.978 mm and 7.319 mm, respectively,

whereas for PDVNN it is 4.652±1.870 mm. This indicates that PDVNN outperforms the pure data-driven methods

represented by ANN and RF in terms of damage quantification accuracy.
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Fig. 12 Comparison of quantification errors among PDVNN and pure data-driven methods.

Since the ANN and RF models are trained using a simulated dataset, the parameters in the full-order simulation

model significantly impact their performance. To illustrate this, additional ANN and RF models were trained using

the same dataset and model settings but with minor changes to the skin thickness (from 0.80 mm to 0.78 mm) and

Young’s modulus of the skin (from 73.8 GPa to 74.0 GPa). As shown in Fig. 12, the performance of the ANN and RF

models decreased significantly. This demonstrates that when the finite element model deviates from nominal values of

influencing parameters and lacks proper calibration, the prediction results can significantly diverge from true values.

B. Validation of PDVNN for the Physical Feature Calibration

Fig. 13 and Fig. 14 illustrate the calibration results of influencing parameters across three panels, which have

identical nominal dimensions and material properties. Variations in stringer and skin thicknesses, as well as Young’s

moduli from nominal values, are evident based on features extracted from detected signals. Fig. 15 depicts the

calibration for boundary constraint modes across these panels. Notably, modes #2 and #3 exhibit significantly lower

weights compared to mode #1, indicating that while panels experience complex constraints during testing, they align

closely with the ideal constraint condition represented by mode #1.

These results highlight that PDVNN enhances the interpretability of damage quantification models through effective

parameter calibration. The calibrated parameters enable the creation of more accurate digital twins, yielding simulation
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Fig. 13 Calibration of skin parameters by PDVNN.

outcomes that closely mirror realistic structural behaviors. Additionally, it would support individualized damage

quantification for similar aircraft structures across the fleet, a capability that traditional feature extraction methods

lacking embedded domain knowledge cannot provide.

C. Comparison with the Physics-Decoded Neural Network Omits Uncertainty Considerations

Given the inherent uncertainties in the real-world damage growth process, integrating these uncertainties into

simulation models is crucial for accurate quantification. To illustrate this necessity, the PDVNN is compared with a

simplified version that does not account for uncertainties, referred to as the Physics-Decoded Neural Network (PDNN).

Although the PDNN also utilizes the reduced-order digital twin as the decoder, it relies on a deterministic training

process, using only the reconstruction loss function without considering uncertainties in the physical features.

Fig. 16 illustrates the comparison of the damage quantification of PDVNN and PDNN based on the experimental

dataset. It is evident that the PDNN exhibits greater variability, particularly when the structure is damaged. This

variability likely arises from the absence of uncertainty modeling in PDNN, which makes it more susceptible to noise,

thereby affecting the feature extraction process and reducing the accuracy of damage state estimation across different

samples under the same damage conditions. Table 4 presents the prediction errors for both methods, highlighting

significantly larger prediction errors for crack size with PDNN compared to PDVNN. These results underscore the

importance of incorporating variational inference in PDVNN for effective uncertainty quantification.
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Fig. 14 Calibration of stringer parameters by PDVNN.
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Fig. 16 Comparison of crack size quantifications between PDVNN and PDNN.

Table 4 Comparison of quantification errors between PDVNN and PDNN

Method
Prediction Error [mm]

Panel #1 Panel #2 Panel #3 Average value

PDVNN 4.314 ± 1.874 4.370 ± 1.155 5.222 ± 2.594 4.652 ± 1.870
PDNN 30.73 37.73 38.21 35.56
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V. Conclusion
This study presents a novel approach that integrates a reduced-order digital twin into a variational neural network,

referred to as the Physics-Decoded Variational Neural Network (PDVNN). This integrated framework offers a promising

solution for online probabilistic damage quantification and parameter calibration in aeronautical structures. The practical

implementation of this method begins with the development of a reduced-order digital twin, which incorporates both

damaged and influencing parameters as physical features. By embedding domain knowledge within the digital twin, the

physical feature extraction model is effectively constrained and guided during training. Through variational inference,

the model successfully quantifies structural damage states based on detected signals and calibrates the digital twin’s

parameters within an uncertainty framework.

Experimental results on typical aeronautical panels validate the efficacy of the PDVNN for online probabilistic

structural damage quantification and digital twin model parameter calibration. Comparative analysis with pure

data-driven methods, such as ANN and RF, highlights the superior performance of the proposed method in both the

accuracy of damage quantification and the confidence in the results. Notably, although the PDVNN model is trained

with a simulated dataset, it performs well with experimental data. Additionally, comparisons with PDNN emphasize the

critical importance of incorporating uncertainty quantification into the physical decoding process, underscoring the

necessity of variational inference to ensure stability in feature extraction.

This study marks an initial exploration of applying PDVNN to structural damage state quantification, establishing a

flexible framework capable of individualized damage assessment for structures across different aircraft within a fleet.

The framework’s adaptability makes it suitable for integration into airframe digital twin systems for condition-based

maintenance. Moreover, it offers a valuable reference for research in other fields, paving the way for the development

of reduced-order digital twins combined with domain-specific knowledge to tackle inverse problems across diverse

applications.
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