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Abstract: Accurately detecting the location and intensity of impacts is crucial for ensuring
structural safety. Currently, Al-based structural impact detection methods are widely used for their
excellent detection accuracy. However, their generalization capability is limited by the scenarios
present in the training data. Many complex and dangerous impact scenarios are difficult to conduct
real-world experiments on to collect sufficient samples. To capture all impact scenarios and fully
leverage the advantages of Al-based detection technologies, advanced methods involve combining
real-world structural monitoring data with corresponding numerical models to construct digital twins.
These methods continuously refine the created numerical models with limited real-world data and
provide diverse impact scenarios through numerical model simulations. However, there are inevitable
differences between digital models and physical models that are challenging to correct through
mechanical means. This discrepancy in data distribution between the two models significantly hinders
the application of digital twin technology in impact/event identification tasks. To address this
challenge, this study proposes a novel model based on autoencoders, named Transfer-AE. Transfer-
AE encodes the common features of digital twins in the latent space to bridge the uncertainty gap at
a macro scale between numerical models and physical models and synchronously fits the magnitude
and location of the impact load in the decoder. This enables consistent detection results for the same
impact event, whether the sample comes from the numerical model or the physical model. Transfer-
AE includes two operating modes: Mode 1 has a fixed computational complexity with stable
inference speed, but the training cost and difficulty increase with data distribution. Mode 2's
computational complexity increases with data distribution, but it has a fixed training cost and speed.
In both cases involving the geodesic dome structure simulating a deep space habitat and the IASC-
ASCE benchmark structure, Transfer-AE demonstrated the best performance in impact localization

and quantification tasks compared to mainstream domain-adaptive transfer models.
Keywords: Digital Twin, Impact quantification, Impact localization, Transfer learning,

Autoencoder, Generative network, Domain adaptive.

1. Introduction

When a structure is subjected to an impact, it is crucial for the safety monitoring of the structure
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to analyze the mechanical response signals of the structure to determine the magnitude of the impact
and its specific location on the structure [1-4]. The capture of a structure mechanical response is
typically achieved through sensors installed on the structure, such as accelerometers, fiber Bragg
gratings, and distributed acoustic sensors, among others [5-8]. These devices can collect physical
signals such as acceleration, strain, or vibration when the structure is impacted. In practice, the task
of detecting and locating impact forces involves using technical methods to establish a mapping
between the physical signals characterizing the structure response and the magnitude and location of
the impact force [9-10]. Currently, many scholars have conducted related research based on
mechanical analysis, data mining or artificial intelligence [11-13]. However, relying solely on
measured structural responses for impact detection is limited [14,15]. For scenarios where it is
difficult to obtain sufficient monitoring data from real structures, as well as in situations that are
challenging to fully account for in reality, conducting numerical simulations to supplement real
monitoring data with more scenarios is a widely accepted solution [16,17]. Currently, there is limited
research on applying digital twins to impact detection tasks. Therefore, we referred to digital twin
tasks in structural health. Many scholars are assisting the identification of structural impacts through
the results of numerical simulations using finite elements. Furthermore, they are researching the
correlation between numerical models in digital space and physical structures in actual physical space
through monitoring data, thereby constructing digital twins [18,19]. This type of methods aims to
enhance the reliability and accuracy of structural health monitoring tasks. However, for state-of-the-
art digital twin technologies, there is an unavoidable systematic error between numerical models in
digital space and physical structures in real space [20], which stems from the differences in complex
impact/boundary conditions that are difficult to describe accurately, epistemic uncertainty, differences
in material constitutions, and computational errors inherent to the computational methods themselves.
Systematic errors are pervasive and challenging to overcome, directly leading to inconsistencies
between the simulation results of numerical models and the actual measurement results of physical
structures when describing the same event [21]. Some scholars have proposed technical routes that
domain adaptation (DA), which mitigate this difference by transferring data from different
distributions to the same domain through transfer learning [22]. Despite this, in the current impact
detection tasks for complex structures, the statistical analysis-based DA methods lack robustness,
while the GANs-based DA methods are challenging to train [23,24]. Especially for the task of impact
identification and localization in structures, there is currently a lack of a reliable and general model
to effectively bridge the gap between numerical models and physical structures. This would enable
digital twins of structures to fully leverage their advantage in simulating diverse impact scenarios and
achieve high-precision impact identification and localization on physical structures.

1.1 motivation
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Despite the systemic errors between the numerical model and the physical model that constitute
the digital twin of a structure, which manifest as distribution discrepancies in the acceleration signals
detected/calculated across multiple degrees of freedom for the same impact event, the signals in the
digital space and the real physical space still maintain a macroscopic similarity. This is because they
both reflect the same impact event governed by identical physical laws. This implies that we can
reduce the dimensionality of the differently distributed signals, minimizing feature dimensions until,
in a certain low-dimensional latent space, the numerical signals and physical signals responding to
the same impact event achieve a high degree of similarity. This process retains sufficient effective
information to fit the impact location and magnitude. In response to the above issue, this research has
introduced the Transfer-AE model, aimed at eliminating the systematic errors between numerical and
physical structures. Our approach can also be classified as a domain-adaptive transfer learning
method. Unlike mainstream GAN-based DA models, our model uses an autoencoder as its framework.
Proposed Transfer-AE model ensures that structural response data from numerical and physical
structures of the same impact event can achieve consistent predictions of location and magnitude.
1.2 Contributions

The contributions of the research are as follows:

» A novel generative transfer learning paradigm based on autoencoders is proposed, which
effectively achieving adaptive alignment of systematic errors between finite element models and
physical structures in structural impact detection tasks. It means that the diverse data from
numerical models can be used to enhance the task model's generalization ability in detecting the
impact location and magnitude on real structures. Based on this, the network structure of
Transfer-AE was designed, which couples the tasks of impact localization and impact
quantification, optimizes the structural hyperparameters and types of feature extraction layers,
and establishes the most suitable network structure for impact localization and quantification
tasks.

» Based on the proposed transfer learning paradigm and the Transfer-AE structural design, two
different Transfer-AE models were developed, both undergoing Phase 1 pre-training on finite
element data. In Phase 2, Model 1 employs a fixed network structure, which has the advantage
of not increasing in size with the introduction of new distribution data. However, it requires
sampling of some old distribution data, making the training process more costly. Model 2 uses
fixed training data, which has the benefit of lower training costs when new distribution data are
introduced, but it necessitates the addition of an extra encoder module to the network.

> In the case studies of impact localization and quantification for the 3D geodesic dome structure
and the IASC-ASCE benchmark structure, the proposed Transfer-AE model achieved the best
performance compared to mainstream DA-based models.
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1.3 Organization

This study is organized as follows. Section 2 provides a literature review of previous research.
Section 3 presents the principles of Transfer-AE and the two Transfer-AE modes designed for impact
detection problems. Section 4 presents the performance of the proposed Transfer-AE model on a 3D
geodesic dome structure and the IASC-ASCE benchmark structure. Section 5 discusses the
significance and applications of the proposed Transfer-AE in digital twins, based on the results of the
case study. Finally, the conclusions of the study are presented in the last section, summarizing the key
contributions, and outlining potential directions for future research. The abbreviations of technical
terms used in this study are summarized in Table 1.

Table 1. List of used abbreviations.

Full Forms Abbreviations
Autoencoder AE
Mean Absolute Error MAE
Mean Absolute Percentage Error MAPE
Convolutional Neural Network CNN
Long Short-Term Memory LSTM
Multi-Head Attention MHA
Domain Adaptation DA
Generative Adversarial Network GAN
Degrees of Freedom DOF
Finite Element FE
Fiber Bragg Grating FBG

2. Literature Review
2.1 Research on structural impact detection and location models

Xu proposed impact identification for aluminum plate structures based on the least squares
support vector machine, extracting two features from each sensor signal through Hilbert transform,
and using the least squares support vector machine to establish an intelligent model [25]. Tabian et al.
reported on an impact identification and localization model for complex composite structures based
on convolutional neural networks. It converts ultrasonic signals recorded by piezoelectric sensors into
2D images and establishes a mapping to the magnitude and location of impacts [26]. Sai et al.
developed a collision localization system based on a FBG sensor network, which processes FBG
signals for collision detection and localization using an Extreme Learning Machine [27]. Tan et al.
discussed various existing methods for optimizing sensor placement to help collect higher quality
structural response data for structural health diagnosis [28]. Huang et al. proposed a novel impact
force identification method named Distance-assisted Graph Neural Network (DAGNN), which
incorporates the physical distance between the impact location and sensors as a physical constraint
into the training process, achieving high-precision collision localization [29].

2.2 Research on digital twin-based structural health monitoring methods
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Seventekidis et al. proposed a novel structural health monitoring method where labeled damaged
data is generated through FE models for a pin-joint composite truss structure, adopting a model-based
approach as an alternative to vibration measurements to solve the data acquisition problem [30].
Zhang et al. attempted to combine the advantages of data-driven and physics-based structural health
monitoring methods through physics-guided machine learning, which extended the original modal-
property based features with the damage identification result of finite element model updating, aiming
to enhance damage detection performance [31]. Colombo et al. proposed a structural damage
identification method based on the inverse finite element method (iFEM) and proposes a
superimposition of effects approach to weigh the contribution of different basic models in simulating
the real behavior of the structure [32]. Massari et al. proposed a design and calibration method based
on numerical FE method modeling for developing soft tactile sensors capable of simultaneously
determining the magnitude and application location of normal loads imposed on their surface [33].
2.3 Research on DA-based structural health monitoring models

Poole et al. proposed a DA method based on Statistical Alignment and demonstrated how to
make these methods robust to class imbalance [34]. Giglioni et al. proposed a domain adaptation-
based transfer learning method that utilizes information from fully labelled bridge structure data to
accurately predict new instances in unknown target domains [35]. Besides statistical analysis-based
DA, in the field of deep learning, Ge et al. proposed an unsupervised domain adaptation method based
on CycleGAN that incorporates physical constraints and self-attention mechanisms [36]. Luleci et al.
developed a variant of Generative Adversarial Networks, a generative model named Cycle-Consistent
Wasserstein Deep Convolutional GAN with Gradient Penalty (CycleWDCGAN-GP) for undamaged-
to-damaged domain translation [37]. We have summarized the objectives, domains, advantages, and
limitations of related previous research in Table 2.

Table 2. Summary of related previous works

Research Objective Domain Advantages Limitations
Only applicable to

Impact identification for Structural Intelligent model using
) measured data, does not
Xu [25] aluminum plate Impact least squares support .
. . involve model
structures Detection vector machine . ;
discrepancy issues.
Impact identification structural Uses convolutional Only applicable to
. N neural networks, measured data, does not
Tabian [26] and localization in Impact . .
. . converts signals to 2D involve model
composite structures Detection X . ;
images discrepancy issues.
Collision localization Structural Utilizes Extreme Only applicable to
. . . - measured data, does not
Sai [27] using FBG sensor Impact Learning Machine for .
. N involve model
network Detection processing signals . ;
discrepancy issues.
Optimize sensor Structural Helps collect higher megsndégpdp;:gaggee;onot
Tan [28] placement for structural Health P g ’

quality data involve model
discrepancy issues.
Huang [29]  High-precision collision Structural Incorporates physical Only applicable to

health diagnosis Diagnosis
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localization Impact distance as a constraint  measured data, does not
Detection in Graph Neural involve model
Network discrepancy issues.
Seventekidis Structural health Structural Generates labeled Not address the response
[30] monitoring using FE Health damaged data through ~ gap between FE models
models Monitoring FE models and real structures.
Combine data-driven Structural Enh_ances damagg Designed for damage
. detection by extending tasks, performance on
Zhang [31] and physics-based Health . . .
L modal-property based  impact detection tasks is
methods Monitoring
features unknown.
Structural damage Structural We!ghs contributions of Not address the response
Colombo identificati . different models for
[32] identification using He_alth real behavior gap between FE models
iIFEM Monitoring - . and real structures.
simulation
Desian and calibration Structural Simultaneously Not address the response
Massari [33] g . Health determines magnitude  gap between FE models
of soft tactile sensors I .
Monitoring and location of loads and real structures.
Effect on large datasets
DA method with Robust to class is unknown, qnd
Poole [34] L - DA . performance on impact
Statistical Alignment imbalance N -
monitoring tasks is also
unknown.
Domain adaptation- Accurate predictions in Designed for damage
S . tasks, performance on
Giglioni [35]  based transfer learning DA unknown target . . .
. . impact detection tasks is
for bridge structures domains
unknown.
Focuses on general
. . Incorporates physical signal domain
Ge [36] Unsupervised DA using DA constraints and self- translation, not specific
CycleGAN . . -
attention mechanisms  to structural monitoring
tasks.
Domain translation Effective undamaged- tg:;?”g?%?;gi@:gﬁ
Luleci [37]  using CycleWDCGAN- DA to-damaged domain P

GP

translation

impact detection tasks is
unknown.

3. Methodology
3.1 Principle of Transfer-AE model

Addressing the issue of impact detection for structures, it is feasible to design an artificial
network model that fits the mapping between the response signals of a structure when impacted and
the impact. However, due to the systematic errors between numerical simulations and real physical
structures mentioned in the introduction, there exists a distribution difference between the structural
responses in digital space under the same impact and those in real space. This distribution difference
is complex and difficult to directly eliminate through differentiation. However, despite the differences
in distribution, the signals from digital space and those from real physical space still maintain
macroscopic similarity, as they reflect the same impact event governed by the same physical laws.
Therefore, it is precisely because of this similarity, based on the law of manifold distribution that
high-dimensional data of the same category tends to concentrate around a low-dimensional manifold
[38]. It means that if two sets of data reflect the same event but have distribution differences, they
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will exhibit consistent trend features and divergent detail features in high-dimensional space. When
compressed to a low-dimensional space, the signal details gradually diminish, and the trend features
become more pronounced. If we find a maximal low-dimensional space where all divergent detail
features are lost, and all consistent trend features are preserved, then the two sets of signals, which
have systematic errors in high-dimensional space, will become indistinguishable in this low-
dimensional space. Therefore, for our research, there exists a certain low-dimensional space, in where
the numerical signals and physical signals responding to the same impact event can achieve a high
degree of similarity. Furthermore, the evaluation of similarity is not based on divergence or spatial
distance metrics but rather on an assessment from the perspective of the task model. That is, when a
latent space is identified that can map the finite element model signals and physical structure signals
from the same event in such a way that the task model, from the perspective of impact detection,
judges them to be sufficiently similar to produce consistent identification results. For example, in the
research by Ge et al. [36], the objective of domain translation is to ensure that the signals in the target
domain are as similar as possible to the signals in the current domain after conversion. In contrast,
our research does not require the signals to be sufficiently similar in geometric distance because our
model is task-oriented. We only require the signals to be sufficiently similar from the perspective of
the task model. Therefore, we discarded the norm distance loss between the decoder's reconstructed
signal and the input signal. This approach helps to increase model redundancy and improve
generalization capability. This research utilizes autoencoders to find a latent space [39], which
essentially can be considered a DA-based transfer learning paradigm achieving the task transfer of
the network in digital twins between digital and physical spaces, as shown in Figure 1. For DA model,
it is important to introduce two key objects, a domain and task. A domain D={y, P(X)} is defined by
of a tensor space y and a marginal probability distribution P(X), while the corresponding task 7={V,
f(-)}, where V¥ is the label space and the f(-) is the mapping function learnt from a finite sample {xi,
yi}ii, where xi € x, yi € ¥ [40]. However, Unlike traditional DA method, in our research, our source
domain is the physical structure Dp ={Sp,i, (Lp, i, Fp, )} and the FE model De={Sr. i, (LF.i Fr i)}=,
where S is the structure response, F is the impact magnitude and L is the impact position. The target
domain is the latent Space DL={SL, i, (LL, i, FL i)}=. Our objective is to design a neural network
mapping that identifies a set D, such that the union of the label spaces of Ds and Dr becomes a subset
of the label space of Dy, that (VsNVF)c V1.
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Figure 1. Diagram of the transfer learning paradigm based on autoencoders.

Based on the proposed transfer learning paradigm, the study established the Transfer-AE
network structure as shown in Figure 2. The Transfer-AE structure consists of three sequential parts:
an Encoder module for mapping high-dimensional features to a low-dimensional latent space, a
Decoder module for restoring the low-dimensional latent space features back to the high-dimensional
space, and a Task module for synchronously identifying the location and magnitude of impact based

on the restored high-dimensional signal.

[T _ 7// ’*—*7—‘_,‘_7_\
- Task module o Output

3x
Residual
FC block

Flatten

Wis1*¢
arauo)

3x
Residual
FC block

J0R1IXS BINjeaq

-
@
o
=
=
=
®
@
x
=
=
o
a
-

19B11X3 BinjEa4
aT |90d -Xe|y
art |eod -xe
ar |ood -xep
asodsuel] -qQTAU0)
J0BAIX8 BInjeaq
sodsuel] -qTAuOD
19B11X3 2Injead
sodsues] -qrAu0]
JoBNX2 BINjEa4
A0SU3 | J9NIISU0IaY
\
Buippagqw3
at |00d -xew
aiauo)
T [ood-*xeN
art |o0d -xep

_— | | —

Figure 2. The structure of the Transfer-AE model.

The input to the Transfer-AE model is the structural force response, denoted as tensor Se R¥*-M,
where B is the batch size, L is the length of response time series and M is the number of sensors on
structure. After entering the Encoder, tensor S will pass through three feature extraction layers and
three maximum pooling layers with a kernel size of km. The feature extraction layers can adopt
different structures, such as convolutional units, recurrent neural network units, or attention units etc.
For the downsampling block, after the tensor S passes through a downsampling block with a 1-D

convolutional feature extraction layer, the output tensor Sq can be calculated as [41],
k-1
Sy (1) = (x*w)(t) = > S(t—iw(i), 1)
i=0

where w(i) is the convolution kernel with a length of k, and t is the time step/position in tensor.

For LSTM units, the downing sampling block can be calculated as [42],
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fi=oW, -[h_;,x]+b;)

i, =W, [h_,x]+b)

o, =oW,-[h_,x]+b,) ’
h =0, -tanh(f,-C,, +i-tanh(W, -[h,, X]+b,))

where ht is the hidden state of the t-th time step/position in tensor, the f;, it and o: are the forget gate,

(2)

input gate, and output gate, respectively. o the sigmoid activation function, W is the weight matrix,
and b is the bias vector.
For MHA units, the downing sampling block can be calculated as [43],

z, = concat(Attention(Q,,K,,V,)

QK' : (32)
= concat(softmax(=2=)V
( ( Ja WV,)
with
softmax(x) = L —. (3b)
l+e

where, query Qne RE*?, key Kne RE*-4 and value Vo RE*? are the matrices split by input tensor
S'in the second dimension, n is the number of divisions (dxn=M). Then, tensor z is directly added to
Sand normalize together to obtain zeR®*“*M. The tensor z passes through a feed-forward layer
(FFL(:) function) to obtain Sge R B*“M which is calculated as,
S, = FFL(Z,) = ReLU (z,w' + b")w* +b? (3c)
with
ReLU (x) = max(0, x) . (3d)
After we get the extracted feature Sq, we use max pooling to reduce the dimensionality of the tensor,

get tensor Ssmai as,

Sy (1) = Max (S, Syt . Sikuriuty (4)
where the pooling window size and stride are both ku. After going through three downing sampling
blocks, the length of the output tensor is reduced to L/km®. Subsequently, the tensor is flattened and
passes through two fully connected layers with P units to adjust its size, resulting in the latent tensor
LeR®*® which is the input to the Decoder module. The Decoder module performs mirror operations
to those of the Encoder module, also utilizing three feature extraction modules identical to those in
the Encoder, along with three 1-D transposed convolutions to upsample the tensor L, obtaining a
reconstructed tensor with the same dimensions as the input features, denoted as Re RB*-*M,

After that, the reconstructed tensor R serves as the input to the Task module and add positional
encoding for embedding which helps prevent the model from repeatedly using the same input to
generate outputs, thereby enhancing the diversity and generalization ability. The embedding is
calculated as [43],
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N 0S
PE(pos, 2i) = Sm(lOOOF())m)
PE(pos, 2i+1) = COS(lOOOFZ)%) : (5)
R, (e R¥*™M)=R(e R*™" )+ PE(R(e R*™™))

where PE(-) is positional encoding function, the pos is the number at each position in tensor R, and
the output Re has the same size with input R. After that, Re will go through a combination of LSTM
attention units [44] and 1-dimensional convolutional units [45]. After flattening the features, two
separate residual fully connected blocks independently output the required impact location and
quantification.

It should be noted that although the initial part of the Transfer-AE network is an autoencoder
module, the network training does not require the reconstructed tensor R to be similar to the input
tensor S [46]. In fact, to enhance the generalizability of network, this constraint has been reduced.
Instead, the focus is on obtaining a reconstructed tensor R that is more suited to the Task module. This
corresponds to our earlier description of similarity between numerical signal and physical response,
where the required similarity is considered from the perspective of the Task module, rather than a
direct measure of distance. Based on the foundational structure of Transfer-AE, the study proposes
two modes for data transfer between numerical and physical spaces, referred to as Transfer-AE
(model) and Transfer-AE (mode2), and each has its own advantages.

2.2 Transfer-AE (model)

Transfer-AE (model) uses a fixed network structure, and its training process is divided into two
stages, as shown in Figure 3. In Training Stage 1, the network is trained solely with finite element
data, utilizing structural responses sampled from the finite element model under different impact
events (a combination of the magnitude of the force (denoted as Fr) and the impact location (denoted
as Fi)). Generally, finite element models can generate a large number of samples in batches, while the
number and types of samples from real physical structures are limited. Therefore, in this study, we
conduct Phase 1 pre-training with the more abundant finite element samples. The Transfer-AE
network outputs the predicted magnitude of the force (denoted as F;) and location (denoted as F/).
The total loss function is denoted as Lmode1, Which is consists of two parts: the prediction loss for force
and the prediction loss for position. The prediction of force uses MAE loss [47], while the prediction
of position uses multi-class cross-entropy loss [48]. The Lmodge1 is calculated as

1o

Lmodel = Wl .HZiﬂ

1
Ff i Ffp—i | —-W, 'HZHZE’; Fl—ic Iog(FI—Pic) ) (6)

where n is the number of forces, wy is the weight for the first term of the loss, M is the number of all

possible classifications of position, and w> as the weight for the second term of the loss.



281 After completing Training Stage 1, we introduce real physical structure data with a different
282  distribution from the finite element data for fusion training. Training Stage 2 is conducted alternately
283  on two datasets with different distributions, with the loss function calculated in the same way as in
284  Stage 1. We first freeze the network parameters of the Decoder module and Task module, only
285  updating the network parameters of the Encoder module, and train the Encoder module using sampled
286  response data from the physical structure model. To ensure that Transfer-AE (model) remains
287  applicable to the original dataset (finite element data), after updating the Encoder with physical
288  structure data a few times, we need to randomly sample a dataset of the same size as the physical
289  structure training data from the original dataset (finite element data) and train the Encoder module.
290  The Encoder is alternately trained with physical data and finite element data until the loss of Transfer-
291  AE converges. The reason we freeze the Decoder and Task modules and alternately train the weights
292  of the Encoder is to find the union of the projection domains of the two different domains in the low-
293 dimensional latent space. After dimensionality reduction by the Encoder, the feature projection
294  domain from the FE model and the feature projection domain from the real model form two
295 intersecting sets in the low-dimensional space. Alternating training controls the learning rate,
296 allowing the Encoder to extend the boundary to the real model domain (enhancing generalization
297  ability) while continuously reinforcing the original boundary of the FE domain. This process
298  continues until the Encoder identifies the entire projection domain of both the FE domain and the real
299  model domain. The pseudocode for the training process of Transfer-AE (model) is as follows:

Training Step 1:
;77_ L M Tﬂ( module T o OQutput
15 =l 5
Encoder o F 3x -
T T gl 4 Residual —| &
g g P ~ Y S Tl g |/ FChblock
il gl 18|5 g st 8% |8 o L J
element e Flatten 13| 3 3. M= s2 G282 2|3  Fatten
model 2|2 x| [B|(x 3 22)5|2| |8 s | r N
sl \ . 3| (B3 E a3 5 IR
8 qQ gla 2 Residual —{ &
E FC block
. / )
Trainin 2: .
a g Step - Freeze network weights
. /’,,.—-—'-”""7- 7_7_77“’"*—7—77_,,_77_7_ Output
Finite - - _—
element - = Encader z
model gz glsl —— glF| |83 g
11 £ X =3 = a
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sampling g8 g g atten oo % &> r 2
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‘ a & E Z
Physical -
structure T I ——
301 S ,/ ———a T i

302  Figure 3. The training process of Transfer-AE (model)

Algorithm: The training process of Transfer-AE (model)
Input: Finite element dataset: F, physical structure dataset: P, Transfer-AE with initial parameters: Model

Output: Trained Transfer-AE: Models

Training Stage 1
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1 For epoch in (Training Epochs=100):

2: Do:

3: Randomly sample B samples from F and train Model

4: While: traversal of F, Obtain the updated model Models;<—Model
Training Stage 2

5 Freeze the Decoder and Task module: Modelss<—Models;

6 For epoch in (Training Epochs=100):

7 Randomly sample from F to construct a dataset F, of the same scale as P
8: For epochs in (Training Epochs=5):

9: Do:

10: Randomly sample B samples from P and train Modelsr
11: While: traversal of P

12: For epochs in (Training Epochs=5):

13: Do:

14: Randomly sample B samples from Fp and train Modelsr
15: While: traversal of Fp

16: Return the trained model Model; «Modelse
2.3 Transfer-AE (mode2)

Compared to Transfer-AE (model), the training of Transfer-AE (mode2) is also divided into two

stages, but it no longer uses a fixed network structure, as shown in Figure 4. The Training Stage 1 of
Transfer-AE (mode2) is the same as that of Transfer-AE (model), where it uses finite element data
to train the Transfer-AE structure, thus fitting the mapping between the structure response and the
impact in the numerical space. However, in Training Stage 2 of Transfer-AE (mode2), we only use
sampled data from real physical structures for training. To ensure the applicability of Transfer-AE
(mode2) on the original dataset, we freeze all the parameters of the network trained in Stage 1 and
duplicate the Encoder structure and training parameters from Stage 1, denoted as Encoder-delta.
Response signals from the physical structure are dimensionally reduced by the Encoder module to
obtain the latent variable L1, and similarly reduced by the Encoder-delta module to obtain the latent
variable L,. By adding L1 and L together, we obtain the complete latent variable L, which then enters
the subsequent Decoder and Task modules for the quantification and localization of impact forces.
The reason for this operation is that the mapping recorded by the Encoder module is tailored to the
original dataset features (FE data), so the L1 obtained from the new distribution dataset through the
Encoder module has an offset. According to the Generalization Bounds theory [49] that the
generalization error on the target domain can be bounded by the generalization error on the source

domain plus a discrepancy term between the source and target domains, as:
1
et(h)sfs(h)+§dHAH(DS,Dt)+ﬂ, (7)

where, e(h) is the target error, es(h) is the source error, duan is the domain discrepancy measure, and
A 1s a term representing the complexity of the hypothesis class H. Therefore, theoretically, the newly
added Encoder-delta's function is to generate a residual which related to the discrepancy between the
domains and the complexity of the hypothesis space, to compensate for this offset between the two

domains. It should be noted that when using Transfer-AE (mode2), the response from numerical
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models still employs the network from Training Stage 1 for the quantification and localization of

impact, and only for responses from real physical structures is an additional module added.
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Figure 4. The training process of Transfer-AE (mode2)
The pseudocode for the training process of Transfer-AE (mode2) is as follows:

Algorithm: The training process of Transfer-AE (mode2)
Input: Finite element dataset: F, physical structure dataset: P, Transfer-AE with initial parameters: Model
Output: Trained Transfer-AE: Models

Training Stage 1

1 For epoch in (Training Epochs=100):

2: Do:

3: Randomly sample B samples from F and train Model

4. While: traversal of F, Obtain the updated model Models;<—Model

Training Stage 2
5 Freeze the Transfer-AE: Modelsr<—Modelsi, Copy Encoder module from Models; as Egert
6 Build new model Models<—Modelsr + Egert
7. For epoch in (Training Epochs=100):
8: Do:
9
1
1

: Randomly sample B samples from P and train Models,
0: While: traversal of P
1. Return the trained model Model; <Models,

Overall, both Transfer-AE (model) and Transfer-AE (mode2) have achieved task transfer

between numerical and physical structures. Although their Training Stage 1 is consistent, however in
training stage 2, the training cost (in terms of sample size) for model is twice that of mode2, while
the model size for model is fixed and does not increase the computational complexity of the inference

process. The performance of both will be tested in the following section.

4. Case Study
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4.1 Impact localization and quantification test on the 3D geodesic dome structure

In this section, we will take the impact detection problem faced by a 3D geodesic dome structure
as an example. This study is part of the resilient extraterrestrial habitats initiative, where the
establishment of a 3D geodesic dome structure for impact simulation is aimed at researching fault
detection and diagnostic strategies for deep space human habitats under the influence of meteoroid
impacts. A 3D geodesic dome structure is a spherical space frame structure composed of a complex
network of triangles, which can distribute structural stress throughout the entire structure, enabling it
to withstand impacts that are quite heavy relative to its size, making it very suitable for harsh
environments [50]. When a 3D geodesic dome structure is subjected to an external impact, we want
to determine the location of the impact and the magnitude of the impact based on the structure
response. Firstly, we constructed a scaled-down model of a 3D geodesic dome structure in the
laboratory.
4.1.1 3D geodesic dome structure: physical structure test

The 3D geodesic dome structure model constructed in the laboratory is shown in Figure 5. It
displays its geometric shape, support structure, and the accelerometers installed at the nodes for
monitoring the structural response. Figure 5(a) shows the dome structure model constructed with
rods and nodes in the laboratory. The geodesic dome has a height of 1.5 meters and a diameter of 2.5
meters. It comprises 61 nodes and 165 members, forming the skeleton of the dome structure. The
dome structure is fixed on a wooden board supported by a frame. The red coordinate system
represents the local coordinate system of the dome model, while the yellow coordinate system
represents the global coordinate system based on the grid support. Figure 5(b) shows the overall
geometry information of the support. The global coordinate system of base as D-S-V and the global
coordinate system of dome as X-Y-Z. The planar angle between the two coordinate systems is 25
degrees. Each strut of support frame is considered a beam element capable of bearing both axial and
bending impacts, with each node connecting up to 6 members. Figure 5(c) shows the accelerometer
installed at the nodes of the dome, with the Z-axis arranged perpendicularly outward to the node
surface, to collect the three-axis acceleration signals when the dome is impacted.
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Figure 5. Physical structure of 3D geodesic dome structure.

We numbered the nodes and struts of the geodesic dome structure, as shown in Figure 6. The
dome structure can be disassembled from the ground up into a combination of triangles arranged in
five layers. We installed accelerometers at 11 nodes, specifically H61, H54, H51, H47, H45, H41,
H37, H34, H29, H24, and H18 (highlighted as bright spots in Figure 6), to comprehensively
characterize the response of the geodesic dome from various angles.
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Figure 6. Node and rod numbers of 3D geodesic dome structure (light points show the sensor
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location).

We also marked the positions of these 11 accelerometers on the actual photo of the geodesic
dome structure shown in Figure 7. It should be noted that the accelerometers collect three-axis
acceleration data based on their own local coordinate systems, which need to be converted to the
global coordinate system X-Y-Z of the geodesic dome to facilitate multi-sensor information fusion.
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Figure 7. Location of sensors in 3D geodesic dome structure.

After setting up the physical structure of the 3D geodesic dome, we used a digital hammer to
strike the dome to record the magnitude of the impact force. It should be noted that currently, we only
strike at the nodes of the dome, which means, excluding the 15 nodes where the dome contacts the
base (1st Row in Figure 6), there are 46 possible positions for the impact force to act on. We
conducted a total of 4 sets of striking experiments, carried out over 4 days. The information about the
experiments is shown in Table 2 below.

Table 2. Physical structure test information

Test day Order of the stuck nodes Number of strikes

Dayl [H32, H39, H44, H33, H50, H52] [15, 15, 15, 6, 6, 7]
[H16, H17, H19, H20, H21, H26, H27, H28, H30, H31, H32, H33, )

Day2 Each node 10 times

H35, H42, H43, H44, H46, H48, H53, H55]

[H16, H17, H19, H20, H21, H26, H27, H28, H30, H31, H32, H33, )
Day3 Each node 3 times
H35, H42, H43, H44, H46, H48, H53, H55]

[H16, H17, H19, H20, H21, H26, H27, H28, H30, H31, H32, H33, )
Day4 Each node 3 times
H35, H42, H43, H44, H46, H48, H53, H55]

It should be noted that the sampling rate of the accelerometers is 1600Hz. We extracted samples
from the time-domain signal within 1 second of the impact occurring. Moreover, each sensor captures
acceleration signals in three directions in the global coordinate system. In this study, we only use the
signals in the Z direction for analysis. In the physical experiments, we obtained a total of 384 sets of
samples with size (384, 1600, 11). We randomly selected a set of time-domain signal samples and
performed a Fast Fourier Transform to obtain the corresponding frequency-domain signals.

4.1.2 3D geodesic dome structure: numerical model experiment

Referring to the physical structure in laboratory, we established a proportional finite element
model of the geodesic dome, which is also made of 165 struts and 61 hubs for sampling the numerical
response. The whole modeling process is divided into two parts: the numerical modeling and the
model updating. This approach aims to obtain a numerical model that aligns as closely as possible
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with the actual conditions, thus, reducing the distribution difference between numerical and physical
responses.
» Numerical modeling

The numerical modeling consists of modeling the dome, the base and the connection between

dome and base. The total stiffness matrix and mass matrix of the model can be set as
[K]:[Kd]+[Kc]+[Kb]! [M]:[Md]+[Mc]+[Mb]l (2)
where, Kqg, Kc and Ky are the stiffness matrices for dome, connection and base section respectively,
Mg, Mc, My are the mass matrices for dome, connection and base section, respectively. Each of struts
in dome (Figure 8(a)) is considered a beam element. Such elements can carry both axial and bending
loading. A schematic of the joint section is presented in Figure 8(b). A strut of the joint (black)
constitutes two nodes i and j. A local coordinate is assumed as (&, 7, ¢), is along the axis of the strut.

The rotation about the # and {axis are 6, and 6 . The stiffness matrix of a strut, k, is computed as
[ke] = ET [keT—unity] + EB [keB—unity] ' (3)
where, Et and Eg are the modulus of elasticity for axial and transverse loading, respectively. The [Ker-

unity] 1S the stiffness matrix accounting only for the axial loading, whereas [Kes-unity] for transverse
loading. Similarly, considering pq as the density of the material at dome, the mass matrix can be

defined as
[me] = pd [M e—unity] ' (4)
Then, the global stiffness and mass matrices follow
[K,1= 3 [T1IK, 4] 2Nd (53)
[M,]= 31, L (5b)

where, Te is the transformation matrix for strut e. After that, we model the dome and base connection.
There are 15 connections for the dome and the base. The connection is modeled as beam elements as
shown as the red colored elements of Figure 8(c). Considering Ec and pc as modulus of elasticity and
density of the connection, the stiffness and mass matrices follow

[Kc] = Ece:is[ke—unity] and (6a‘)
[M c] = pc‘EZst[me—unity] ! (6b)

Finally, we begin modeling the base. The base is modeled as a simple 2 spring system with stiffness
Ep as presented in Figure 8(d). The angle of the spring with respect to the X-axis @=25°. For the
nodes at the connection, the rigid body constraint is implemented such that, all these nodes will have

same displacement and rotation, as

{ul={ul}ijefL2..15}. 7)



433 The stiffness and mass matrices corresponding to the 15 ground nodes are combined into a single

434  point to satisfy Equation (7) and assembled with the spring model of the base.

(a) Dome model (b) Joint section schematic
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(c) Dome and base connection schematic (d) Base model and connection to the dome

435  Figure 8. Numerical modeling of the 3D geodesic dome.

436 » Model updating

437 After establishing the numerical model, we need to match the numerical model with the real
438  physical structure as closely as possible through Bayesian model updating. To obtain the posterior
439  probability density function (PDF) of the model parameters 6 conditioned on the measurement data
440 D, the transitional Markov chain Monte Carlo (TMCMC) [51] approach is employed. The idea is to
441  construct a series of intermediate PDFs that start from the prior PDF f(6|M) and converge to the

442  posterior PDF f(6|M, D). Suppose m stages are utilized:
443 f.(6) o« £(D|6,M)” f(6M), j=0,...m,0=p, < p, <...< p, =1, (8)

444  Where M is the probabilistic model class for the physical structure. After the model update, Table 3

445 and Table 4 respectively display the comparison of natural frequencies and modes between the
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updated numerical model and the physical structure. It should be noted that since only 11 nodes in
the laboratory model were equipped with sensors, to correspond with the laboratory results, the finite
element model also compared the shapes at only these 11 corresponding nodes.

Table 3. Natural frequencies comparison between experiment and numerical model

X-Direction Y-Direction Z-Direction
Mode Num.(Hz) Exp.(Hz) Error | Num. (Hz) Exp.(Hz) Error | Num. (Hz) Exp.(Hz) Error
1 142.59 141.38 1.21 142.25 141.35 0.9 142.3 141.4 0.9
2 142.71 142.64 0.07 143.59 142.63 0.96 150.89 142.62 8.27
3 155.91 153.48 243 150.94 153.39 2.45 152.07 153.37 1.3
4 159.58 163.49 3.91 159.34 163.56 4.22 154.52 163.57 9.05
5 162.41 174.75 12.34 162.46 174.86 12.4 154.63 174.81 20.18

Table 4. Mode shapes comparison between experiment and numerical model (top view).
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(b) Mode shapes obtained from numerical model

Based on the results of the model update using TMCMC, the numerical model corresponds well
with the physical structure in terms of the principal frequency. The simulation results differ by an
average of 2Hz from the physical experiment in the first three modes in the X, Y, and Z directions.
However, the numerical model cannot fully match the physical model in terms of modes. This is
because the experimental dome is a complex structure with many degrees of freedom, but the number
of sensors used in the experiment is limited. For the laboratory test dome structure, accelerometers
were installed at only 11 of the 61 total nodes. Therefore, the task of updating the dome model
involves more unknowns than known conditions, making it an ill-posed problem and thus
significantly increasing the difficulty of model updating [52]. As shown in Table 4, the comparison

of the five modes between the physical model and the numerical model shows that the deformation
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at the positions of the 11 red nodes is difficult to match accurately. Moreover, there are many
uncertainties in the dome experiment, such as the base not being directly fixed to the ground.
Additionally, when striking a joint, the struts will experience rigid displacement at the location of the
joint. Therefore, merely updating the model cannot compensate for the systematic differences
between the numerical model and the physical structure, the study employs deep learning methods to
perform this task.

After completing the establishment of the numerical model, we struck all 46 nodes of the dome
(excluding the 15 grounded nodes) with forces ranging from 2N to 500N , in 2N increments, obtaining
a total of 11,500 sets of samples. The sampling rate was set to 1600Hz, consistent with the physical
structure experiment. We randomly selected a set of time-domain signal samples and performed a
Fast Fourier Transform to obtain the corresponding frequency-domain signals.

4.1.3 Impact localization and quantification

Based on the physical structure experiments and numerical model experiments, we obtained two
datasets: the physical experiment set, with 384 samples, and the numerical experiment set, with 11500
samples. We divided them into training, validation, and test sets in the proportions of 0.64, 0.16, and
0.2, respectively. Table 5 shows the specific format and description of the data used.

Table 5. The size and description of used data.

Input Ground Truth

Dataset 11 channels of Impact Force (N.) Impact position

acceleration signals (one-hot type)
Training set
Numerical model (7,360, 1600, 11) (7,360, 1) (7,360, 46)
Physical experiment (245, 1600, 11) (245, 1) (245, 46)
Validation set
Numerical model (1840, 1600, 11) (1840, 1) (1840, 46)
Physical experiment (61, 1600, 11) (61, 1) (61, 46)
Test set
Numerical model (2300, 1600, 11) (2300, 1) (2300, 46)
Physical experiment (78, 1600, 11) (78, 1) (78, 46)

We used the TensorFlow 2.12 framework to establish all neural networks in the case study. The
CPU and GPU for training these networks were the “13th Gen Intel(R) Core(TM) i9-13900 @ 3.00
GHz” with 64GB RAM and the “NVIDIA GeForce RTX 4090”, respectively. The core code for the
Transfer-AE is available on GitHub at the following address:
https://github.com/ChengjiaHanSEU/Transfer-AE.git.

First, we conducted conventional neural network training as the baseline for this task. For ease
of subsequent comparison, we used the Task module of Transfer-AE for training. The network input
is the structural response, and the output includes two parts: the magnitude of the force and the
location of the force. We simulated three training scenarios: 1) Training using only the numerical
experiment set, denoted as Model A; 2) Training using only the physical data set, denoted as Model
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B; 3) Training using a mix of the physical experiment set and the numerical experiment set, denoted

as Model C. The networks for the three training scenarios were tested on both the numerical and

physical test sets, with the results shown in Table 6. It should be noted that in Table 6, we use the

F1-score to evaluate the performance of position classification and MAPE to assess the regression

performance of the force.

Table 6. Performance of the baseline model on the test set under three training scenarios

Direct training model
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Physical test set

confusion matrix

confusion matrix

0. 0- &
i, 5 i
6-  my 6- .
1- -'u_ 50 2
12 L] 12 -
14 - "n 14 - N
] ;% ....'- ® ] i%:
Impact 2 & . g :
26 - " - "
. - X
location o %- i
£ 20 3.
] 34 -
2 ! o 1 N
© " Wmmn mas aw . -
a2 "u, a2 - =
T 2 -0 R -5
M d IA- A PR R EE R R R CNTOBONIERI NSRRI RN eYY
ode . Predicted Predicted
Training using Fl-score 0.9133 0
only numerical P e
500 < 00
model data is0] T 450 :
100 1001 = Model A N
350 o 350 g
300 4 300
@ " Q
Impact 3 o 3 ¥
= |2004 = 2004
quantification 1504 150 4
1004 1004 b a%a."e 0 do ®
50 50 L Lo
04 o
-50 T T T T T T T T T T T -50 L T T T T T T T T T T T
50 0 50 100 130 200 230 300 350 400 430 500 350 50 0 50 100 150 200 250 300 350 400 450 500 550
Predicted Predicted
MAPE 0.0401 0.7321
confusion matrix confusion matrix .
0- 50 -
z- -
4- ;: - 7
8 H
- 0 - 6
14 - 14 -
. 16 - - 16: - 5
Model B Impact g & N
Training using ol ) F o ‘
location % - 1 G * e . )
- 2-
only real model r - 2
T o - . - . - §
data a: a: !
- 44 -
----------------------- -0 R -0
DDDDD EEREEERREEEREL EERE CNTeegNIoRRNARARNARRRYE
Predicted Predicted
F1-score 0.0432 0.728




494
495
496
497
498
499
500
501
502
503
504

505

«  Model B e .
& i 450 o » Model B

Impact S 20 E
= 200 = 200 4
quantification 150 1%
100 100 o
50 4 S0
50 T T T T T T T T T T T 0 T T T T T T T T T T T
50 0 50 100 150 200 250 300 350 400 450 500 550 50 o 50 100 150 200 250 300 350 400 450 500 550
Predicted Predicted
MAPE 1.384 0.140
confusion matrix confusion matrix
Eh 3 . ’
b5 -"-._ ¢ s .
8- - 8- -4
10 - 50 10 -
12 - . 17 -
16 B 16
18 - 40 18 - - 3
@ - .-'- 20
. - a d
Impact 2 % ", . BE
. e by ol = " 2
location n ., " o
24 - e 34 -
36 - - L
Model C: 2 " . @
. oNvemaNISNRNTRRANARMELT SaTeegazSRSNIRRRNRRRSTT
Mixing Predicted Predicted
numerical F1-score 0.8160 0.2668
model data with e o
500 4 ‘._,.-. 4 <00
real model data 4504 = Model C] w0l [ semid]
400 4 400 4
for training 50 0]
300 300
Impact 3 ] 9 0]
= 200 = m ]
quantification 150 4 150 ]
100 4 100 4
50 50 4
04 04
50 T T T T T T T T T T T 50 T T * T - T T T T T T
50 0 50 100 150 200 250 300 350 400 450 500 550 50 0 50 100 150 200 250 300 350 400 450 500 550
Predicted Predicted
MAPE 0.0586 0.3132

* The best results among the models in the table are underlined and bolded.

Table 6 shows that models trained on a single dataset (Numerical or Physical) perform well on
their corresponding test set but perform poorly on the other test set. This can be understood as being
due to the distribution differences between the datasets. However, it should be noted that due to some
noise in the physical experimental data itself (there are also distribution differences between results
tested at different test times), the model B trained with physical experimental data only achieved an
F1-score of 0.728 and a MAPE of 0.140 on the physical test set. Model C was trained using both
physical experimental data and numerical experimental data. From its performance on both the
physical and numerical test sets, it can be found that due to the larger sample size and lower noise
level of the numerical experiments, Model C performs better on the numerical test set than on the
physical test set. However, compared to Models A and B, its performance on both test sets has

declined. This outcome underscores the limitation of merely blending datasets for training purposes,
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highlighting that such an approach falls short in effectively addressing impact detection challenges
posed by the discrepancies in data distribution across different datasets.

Building on this, we first explored the DA methods based on deep learning. That is, through DA,
we transfer the response domain from physical structures to the response domain of numerical models
(which have a larger volume of data and are more suitable for training impact detection models).
Subsequently, we use models trained on numerical model data to detect impacts on physical structures.
It should be noted that to establish a correspondence between the response domain of physical
structures and that of numerical models, we selected 384 samples from the 11,500 finite element
model samples that correspond to the 384 real samples to create pairs. These were then divided in a
ratio of 0.8 to 0.2 to train the DA model. We established four DA models based on WGAN-GP [48],
CGAN [53], CycleGAN [36], and CycleWDCGAN-GP [37]. All of them used Model A from Table
6 as the impact detection model, so their results on the numerical test set are the same as those of
Model A. After completing the training, we only need to test the results of these four models on the
physical test set, and their results are summarized in Table 7.

Table 7. The performance of GAN-based DA models on physical test set.

Model Impact location Impact quantification
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* The best results among the models in the table are underlined and bolded.

From the results in Table 7, it can be seen that WGAN-GP performed the worst in the task of
impact localization but achieved the best performance in impact quantification with a MAPE of
0.1402. Meanwhile, CycleWDCGAN-GP achieved the best results in impact localization with an F1-
SCORE of 0.8116 and ranked second in impact quantification with a MAPE of 0.2099. This is
because the loss function of WGAN-GP does not include a direct calculation of the distance between
tensors before and after the domain transfer, meaning that WGAN-GP has greater generative
flexibility but is less stable. Considering the performance in both tasks, CycleWDCGAN-GP has the
best overall effect.

Next, before testing the proposed Transfer-AE (model and mode2), we first conduct a
hyperparameter analysis of the Transfer-AE structure using the numerical model data to determine
the optimal hyperparameter of the structure for the impact detection task. Since the proposed Transfer-
AE consists of three different modules, the depth of each module can significantly affect the model's
performance. We have identified four key hyperparameters to focus on:

1. The number of feature extraction layers before each downsampling in the Encoder module.

2. The number of feature extraction layers before each upsampling in the Decoder module.

3. The number of 1D-convolutional layers before each downsampling in the Task module.

4. The number of fully connected (FC) layers before the final output in the Task module.
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The values for the four hyperparameters range from 1 to 5 layers. Each hyperparameter was tested
five times, and the results of the hyperparameter tests are shown in Figure 9. In the subplots of Figure
9, the x-axis represents the values of the hyperparameters. The left y-axis represents the network's
F1-score for the impact localization task, and the right y-axis represents the network's MAPE score
for the impact quantification task. From Figures 9(a), (b), and (c), it can be observed that using 2
feature extraction layers before each downsampling in the Encoder, 2 feature extraction layers before
each upsampling in the Decoder, and 2 layers of 1D convolution for each downsampling in the Mask
module achieves the best classification F1-score and regression MAPE. Additionally, their error bars
are the smallest. From Figure 9(d), it can be observed that as the number of fully connected layers
increases, both the classification accuracy and regression accuracy of the network decrease. The
network performs best when only one fully connected layer is used before the final output in the task
module. Therefore, in our subsequent research, we will assemble the Transfer-AE model using the
optimal combination of "2 feature extraction layers/each pooling in Encoder” - "2 feature extraction
layers/each pooling in Decoder” - "2 ConvlD layers/each pooling in Task module™ - "1 fully

connected layer before output.”

[ lrtscors B VARE PRNENESRE [ne
4014 4014
0.95 {» r I {» 0.95 {» {» {, {»
—I— 4012 1012
0.90 0.90
4 0.10 4010
0.85 0.85
[ [
e w = i Ll
3 0.80 0080 8 ogo- 008 g,
— s 0« >
[T [T
0.75 0.06 0.75 - 4 0.06
0.70 4 0.04 0.70 4 - 0.04
0.60 T T T T T 0.00 0.60 T T T T T 0.00
1 2 3 4 5 1 2 3 4 5
No. Feature extraction layers in Encoder No. Feature extraction layers in Decoder
(a) Feature extraction layers in Encoder (b) Feature extraction layers in Decoder
[ ]F1-score [l MAPE
1.00 4 | | 1.00 [C_JF1-score [ MAPE]
—I_ ‘:[’ ~:[> {» qo {, -0.14
0.95 - {, 0.95 K {» ‘I’ ri
40.12 012
0.90 0.90
4 0.10
0.85 085 - 0.10
[
5 w2
S 0.08 o
& 0.80 % 8osod 0.08 x
o = EI =
0.75 0.06 0754 0.06
0.70 0.04 0704 0.04
0.65 i i 0.02 0.65 i 0.02
0.60 T T T T T 0.00 0.60 T T T T T 0.00
1 2 3 4 5 1 2 3 4 5
No. Feature extraction layers in Mask module No. Fully connected layers in Mask module

(c) Feature extraction layers in Task module (d) Fully connected layers in Task module



558
559
560
561
562
563
564
565
566
567

Figure 9. Results of the hyperparameter tests for Transfer-AE.

Then, following the methodology described, we established the Transfer-AE (mode 1) model.
In constructing the Transfer-AE network, we experimented with three different feature extraction
units: those based on CNN units, LSTM units, and multi-head attention (MHA) units, in order to
compare the performance differences between these extraction methods. For the three Transfer-AE
(mode 1) models, we first used the numerical experiment set for Stage 1 pre-training, and then
proceeded to joint training on the physical experiment set and numerical experiment set in Stage 2.
Table 8 displays the performance of Transfer-AE (mode 1) on their respective test sets for both Stage
1 and Stage 2. Similarly, we use F1-score and MAPE as metrics.
Table 8. The performance of three different units of Transfer-AE (model) on test sets

Train Stage 1 Train Stage 2
Numerical test set Numerical test set Physical test set
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* The best results among the models in the table are underlined and bolded.

From Table 8, it can be observed that the all three Transfer-AE (mode 1) models, after training,

achieved excellent results on both numerical and physical test sets, surpassing the performance of the

baseline model. Notably, after introducing physical experimental data for training in Stage 2,

Transfer-AE (mode 1) not only achieved effective recognition of impacts on the physical test set but

also saw a significant improvement in the accuracy of recognizing impact magnitude and location on

the numerical test set compared to the results from Stage 1. Moreover, a comparison of the three

models reveals that the Transfer-AE (mode 1) based on CNN units achieved the best impact

quantification performance. It achieves the highest accuracy in detecting the magnitude and location
of impact among the three models, with an F1-score of 0.9903 and a MAPE of 0.0120 on the
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numerical test set, and it also achieved the highest impact location accuracy with an F1-score of

0.8598 on the physical test set. Moreover, on the physical test set, the best accuracy in impact

quantification was achieved by the LSTM-based Transfer-AE (mode 1).

Similarly, we established three Transfer-AE (mode 2) models using the three types of feature
extraction units. Each was trained on the numerical experiment set during Stage 1, followed by
training on the physical experiment set during Stage 2. After training, the three models were then

tested on both the numerical and physical test sets to evaluate their performance in detecting impacts,

as shown in Table 9.
Table 9. The performance of three different units of Transfer-AE (mode2) on test sets
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(c) MultiHeadAttention-based Transfer-AE mode3

* The best results among the models in the table are underlined and bolded.

From Table 9, it can be seen that all three Transfer-AE (mode 2) models surpassed the baseline
performance on both test sets. Furthermore, similar to the Transfer-AE (mode 1) models, the CNN-
based Transfer-AE (mode 2) achieved the highest accuracy in detecting impact magnitude on the
numerical test set, with a MAPE of 0.0033, and exhibited the best performance among the three
models on the physical test set, with an F1-score of 0.8492 and a MAPE of 0.1016. Moreover, the
LSTM-based Transfer-AE (mode 2) achieved the best accuracy in detecting impact locations on the
numerical test set, with an F1-score of 0.9432.

In Table 10, we summarized the performance of the baseline model, the deep learning-based DA
models and the six Transfer-AE models in the task of impact quantification and location. In Table 10,

we highlighted the best metrics for each item by using bold and underlining. From Table 10, it is
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evident that, compared to the baseline and the CycleWDCGAN-GP model, which has the best
performance among the mainstream DA methods, both Transfer-AE (mode 1) and Transfer-AE (mode
2) achieved remarkable accuracy in detecting and locating impacts on both the numerical and physical
test sets. This validates the effectiveness of the two proposed Transfer-AE models, as they
successfully bridged the distribution differences between samples from the numerical space and those
from the real physical space, which enabled one network to achieve consistent impact detection
results across structural responses of varying distributions.

Table 10. Summary of models’ performance in impact detection.

Location Quantification
Model

Accuracy Precision Recall F1-score MAPE
) Numerical 0.8304 0.8723  0.8304 0.8160 0.0586

Baseline )
Physical 0.2105 0.4934  0.2105 0.2668 0.3132
Numerical 0.9156 09241 09156 0.9133 0.0401

WGAN-GP )
Physical 0.3684 0.5251  0.3684 0.3545 0.1402
CGAN Numerical 0.9156 09241 09156 0.9133 0.0401
Physical 0.8289 0.8294  0.8289 0.8023 0.2535
Numerical 0.9156 09241 09156 0.9133 0.0401

CycleGAN )
Physical 0.8157 0.8590 0.8157  0.8037 0.2152
Numerical 0.9156 09241 09156 0.9133 0.0401

CycleWDCGAN-GP )
Physical 0.8157 0.8573  0.8157 0.8116 0.2099
Numerical 0.9904 0.9906  0.9904  0.9903 0.0120

CNN Tansfer-AE (model) )
Physical 0.8552 0.8731  0.8552  0.8598 0.1063
Numerical 0.9413 0.9456  0.9413  0.9366 0.0186

LSTM Tansfer-AE (model) )
Physical 0.7500 0.8622  0.7500 0.7693 0.1044
Numerical 0.6834 0.7079  0.6834 0.6730 0.0949

MHA Tansfer-AE (model) )
Physical 0.2763 0.3703  0.2763 0.2776 0.1639
Numerical 0.9208 0.9238 0.9208 0.9208 0.0033

CNN Tansfer-AE (mode2) )
Physical 0.8552 0.8675  0.8552  0.8492 0.1016
Numerical 0.9434 0.9456  0.9434  0.9432 0.0051

LSTM Tansfer-AE (mode2) )
Physical 0.8552 0.8698  0.8552  0.8459 0.1018
Numerical 0.7808 0.7935  0.7808 0.7660 0.0391

MHA Tansfer-AE (mode2) )
Physical 0.4605 0.6846  0.4605 0.5104 0.1100

* The best results among the models in the table are underlined and bolded.

Moreover, when comparing the Transfer-AE models under the two modes with different units,
it can be observed that for the task of locating impacts, Transfer-AE (mode 1) performs better, with
the CNN-based Transfer-AE (mode 1) achieving the best performance among the six models on both
datasets. On the other hand, for the quantification of impact magnitude, Transfer-AE (mode 2) shows
superior performance, with the CNN-based Transfer-AE (mode 2) and the LSTM-based Transfer-AE
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(mode 2) achieving the lowest MAPE on the numerical and physical test sets, respectively. The
analysis concludes that compared to LSTM and MHA, the broader global receptive field of CNN
when processing time-domain signals may be the reason for its superior performance. Regarding this
case, the mode 1 performs better than mode 2 because it makes fuller use of information fusion, which
directly finds a universal mapping to the same latent space from two different distributions, whereas
mode 2 calculates the residual between the two distributions directly. However, this situation may
change when faced with more distributions. As more distributions are introduced, finding a common
mapping for these distributions becomes increasingly difficult, whereas the difficulty for mode 2
remains constant when more distributions are introduced. Moreover, it should be noted that Transfer-
AE (mode 1) has the advantage of faster inference speed because it does not add extra network
structure when introducing new distribution samples for training. On the other hand, Transfer-AE
(mode 2) benefits from faster training speed and lower training difficulty because it uses only the
newly introduced distribution samples for training, additionally, there is no need to worry about the
introduction of new distributions compromising or reducing the network'’s applicability to the old
distribution data. Table 11 summarizes the speeds of mode 1 and mode 2 for the three types of
Transfer-AE models at different stages. From Table 11, it can be observed that for all three types of
Transfer-AE, mode 1 has a smaller size and faster computational speed during inference compared to
mode 2, but it is slower than mode 2 during the training phase.

Table 11. Comparison of training and inference speeds between Mode 1 and Mode 2.

Model Training period Inference period
CNN Tansfer-AE (mode 1) Z ﬁzlr:sgﬁp : gloltglsgggms: 7:492,538
CNN Tansfer-AE (mode 2) : gg/?sgsgﬁp : goztgls E?g;ms; 7,900,508
LSTM Tansfer-AE (mode 1) : égl/tr;g(/:ﬁep : '(;'loztgélgzgms: 711,642
LSTM Tansfer-AE (mode 2) gz,':;/fgﬁp goztglsgggms 7,938,714
MHA Tansfer-AE (mode 1) : ﬂg /?;és(;{ﬁ P : goztils /[:S)?er;ms: 7,141,835
MHA Tansfer-AE (mode 2) : 2;?;{;;{? : g.%tg; /Eg; ms: 7,199,100

Finally, from the perspective of feature extraction units, it is apparent that Transfer-AE is more
suited to using CNN-based units to construct its Encoder, and this is true for both mode 1 and mode
2. For the task of detecting and locating impacts on the geodesic dome in this case, taking all metrics
into consideration, we recommend using the CNN-based Transfer-AE (mode 1) for digital twin.

4.2 Impact localization and quantification test on the IASC-ACSE benchmark structure

To further validate the generalizability of the proposed model in the impact localization and
quantification tasks, we conducted tests on the IASC-ASCE benchmark [54,55] which is a benchmark
framework used to evaluate the performance of structural health monitoring methods and control
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systems. The structure of the benchmark is shown in Figure 10. Phase Il experiments of the IASC-
ASCE benchmark include impact hammer tests while testing for structural damage, and the
benchmark also provides multiple open-source finite element numerical models. Due to the limited
number of impact hammer hits in the measured data (only 6-7 hits in a healthy state), it is challenging
to establish a training set with enough samples for training. Therefore, our experiments are based on
the finite element models provided by the IASC-ASCE benchmark. The IASC-ASCE benchmark
offers two finite element analysis models with 12 DOF and 120 DOF [56]. The 120 DOF model is
very close to reality and can serve as a substitute for the real structure after model updating, while the
12 DOF model simulation is quite rough. Hence, we do not perform model updating on the 12 DOF
model. Instead, we use the domain-adaptive approach, which includes our proposed Transfer-AE as
well as mainstream models, to verify whether it is possible to establish impact localization and
quantification models. This approach aims to simultaneously identify structurally responsive data
with distribution differences from the 12 DOF and 120 DOF models to achieve consistent detection

results.

0.9m 0.9m

0.9m

X_ (west)

/ (strong)

0.9m

(south)
(weak) y

— _—

Photo courtesy Prof. Carlos Ventura, UB

(a) Steel-frame scaled structure (b) Diagram of analytical model
Figure 10. Real structure and analytical model of benchmark [55].

Acceleration sensors are installed at 16 positions on the framework structure to collect structural
response data, and the finite element model also has acceleration monitoring units at corresponding
positions. According to the benchmark specifications, the impact hammer can be applied at four
locations, corresponding to the four floors of the framework structure. The sampling rate of the finite
element model is 1 kHz, and the benchmark indicates that the force from the hammer dissipates within
4 seconds, so we sample the structural response for 4 seconds in the model. We sampled a total of
100 different forces in the range of [9000(Ibs.), 11000(1bs.)] at four different impact locations on the
12 DOF model, creating a time series dataset of shape (4x100, 4000, 16), referred to as T12. Similarly,

in the 120 DOF model, we sampled 20 different forces within the same range, creating a time series
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dataset of shape (4x20, 4000, 16), referred to as T1zo. After shuffling T12 and T120, we split them into
training and testing sets in an 8:2 ratio. Table 12 shows the specific format and description of the
benchmark data used.

Table 12. The size and description of used benchmark data.

Input Ground Truth

Dataset 16 channels of Impact Force (Ibs.) Impact position

acceleration signals (one-hot type)
Training set
12 DOF model (320, 4000, 16) (320, 1) (320, 4)
120 DOF model (64, 4000, 16) (64, 1) (64, 4)
Test set
12 DOF model (80, 4000, 16) (80, 1) (80, 4)
120 DOF model (16, 4000, 16) (16, 1) (16, 4)

Similar to Case 1, we established the baseline model, WGAN-GP, CGAN, CycleGAN,
CycleWDCGAN-GP, as well as model and mode2 of Transfer-AE. For the baseline model, we
combine the training sets of 12 DOF and 120 DOF to train the baseline model. For the GAN-based
model, We use the training set of 12 DOF to train the task model and train the GAN-based model to
transfer signals from the 120 DOF domain to the 12 DOF domain. Then, we test the trained task
model on the 120 DOF test set. Since the same task model is used, the performance of the GAN-
based model on the 12 DOF test set is the same. For the proposed Transfer-AE (both model and
mode2), we use a CNN-based structure with optimal hyperparameters to perform stage 1 and stage 2
training using the training sets of 12 DOF and 120 DOF, respectively. Table 13 summarizes the impact
localization and quantification metrics of each model on the 12DOF and 120DOF test sets.

Table 13. The metrics of models on the test sets of 12DOF and 120DOF.

Location Quantification
Model Fl-score MAE MAPE
Baseline 12 DOF 1.000 736.196 0.0725
120 DOF 1.000 1835.970 0.1799
12 DOF 1.000 951.485 0.0951
WGAN-GP 120 DOF 0.496 2106.264 0.2115
COAN 12 DOF 1.000 951.485 0.0951
120 DOF 1.000 1103.237 0.1109
12 DOF 1.000 951.485 0.0951
CycleGAN 120 DOF 1.000 1065.395 0.1069
12 DOF 1.000 951.485 0.0951
CycleWDCGAN-GP 120 DOF 1,000 1018.316 0.0815
12 DOF 1.000 309.165 0.0312
Tansfer-AE (model) 120 DOF 1,000 269.638 0.0271
12 DOF 1.000 453.334 0.0459
Tansfer-AE (mode2) 120 DOF 1.000 99.226 0.0100

From Table 11, it can be observed that all models, except WGAN-GP, achieved 100% impact
localization accuracy on both the 12 DOF and 120 DOF test sets. This is because the benchmark has
only four impact locations, making the localization task simpler compared to Case 1's dome model,

which includes 46 possible impact locations. Therefore, we focus the comparison of network
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performance on impact quantification accuracy. In Table 13, we have bolded and underlined the best
impact quantification performances. Additionally, we also present the impact quantification accuracy
of each model on the 12 DOF and 120 DOF test sets in Figure 11. The x-axis represents the actual
impact size, while the y-axis represents the predicted impact size by each network. The orange dashed
line in the subplots represents y=x, indicating better goodness of fit as the points get closer to the
orange line. Combining Table 13 and Figure 11, we can see that Transfer-AE (mode 1) achieved the
best performance on the 12 DOF test set with MAE/MAPE values of 309.165/0.0312, while Transfer-
AE (mode 2) achieved the best performance on the 120 DOF test set with MAE/MAPE values of
99.226/0.0100. While from Figure 11, it can be observed that on the 12 DOF and 120 DOF test sets,
the black and purple points representing Transfer-AE are closer to the orange line compared to other
models. In the IASC-ASCE benchmark structure, we obtained analysis results consistent with those
on the Dome structure in Case 1. Specifically, the two proposed modes of Transfer-AE achieved state-
of-the-art (SOTA) performance in structural impact localization and quantification tasks compared to

current mainstream DA-based transfer learning models.
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Figure 11. The impact quantification results of models on the test sets of 12DOF and 120DOF.

5. Discussion

Based on the results of the case study, this section will discuss two issues regarding proposed
Transfer-AE: the further transfer modes for structural digital twins and how Transfer-AE can be
further applied in digital twins.

Firstly, the two Transfer-AE modes proposed in the study validate the feasibility of a transfer
paradigm for digital twin tasks based on autoencoders, which relies on the application of latent spaces.
This approach is an extrapolation and application of generative paradigms and unsupervised anomaly
detection paradigms. Therefore, besides autoencoders, the other two generative paradigms, namely

Generative Adversarial Networks (GANs) and Diffusion, can theoretically also be designed to
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establish task transfer models for digital twins. In further research, we plan to explore how to update
the Transfer-AE for structural digital twins based on other generative Al technologies. However, the
Variational Autoencoders (VAES) based on autoencoders are also applicable, but this study did not
employ VAE-based models. This is because, compared to AEs, VAEs introduce an additional
constraint that the latent space follows a normal distribution. This is beneficial for increasing the
complexity of mappings in generative tasks, thereby enhancing diversity. However, in transfer tasks,
this diversity can increase the difficulty of the network of finding a fixed mapping to bridge the
distribution differences between new and old data. In fact, a Transfer-VAE model on the basis of
Transfer-AE was attempted in case study, but the results were poor, hence it was not included in the
case study.

Additionally, it should be noted that the study proposes two Transfer-AE modes. Mode 1 has a
fixed structure with fast inference speed, but training becomes difficult and costly when new
distributions are introduced. Conversely, Mode 2 introduces new structures with the introduction of
new distributions, making training simpler and faster, but at the cost of reduced inference speed. The
research currently only involves two distributions; however, when more distributions are involved,
Modes 1 and 2 can be combined to form Mode 3. In this hybrid mode, a portion of the dominant
distribution data is trained using Mode 1, and on this basis, additional small-scale distributions are
trained using Mode 2 by adding extra Encoders. The effects and applications of this Mode 3 are
directions for our further research.

Furthermore, the Transfer-AE model proposed in this study focuses on establishing a consistent
link between numerical models and physical structures in impact detection tasks. This means we can
attempt a wider variety of impact types in the numerical model and train the Transfer-AE model to
replace corresponding experiments on real physical structures. Consequently, the updated Transfer-
AE model can be directly used for impact detection on real structures. Moreover, besides impact
detection tasks, the Transfer-AE model can also be used to bridge the distribution differences between
numerical models and real physical space models in other physical information aspects, such as
structural modulus damage, missing structural components, and other anomalies. Transfer-AE can
accomplish the task of detecting these kinds of structural anomalies like structural damage
localization and quantification for such scenarios. Furthermore, Transfer-AE can be used as a
foundational model in conjunction with inversion models such as genetic algorithms. It can equate
the structural responses obtained from real structure monitoring to responses in numerical space,
facilitating the update of numerical models. This continuous association between numerical models
and real physical structures enables the realization of digital twins' roles in construction process

monitoring, construction progress control, and long-term structural monitoring.
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6. Conclusions

The study proposes a novel autoencoder-based impact detection model Transfer-AE for

structural digital twin, the conclusions of the study are as follows:

>

The study introduces a transfer learning paradigm for structural digital twins based on an
autoencoder architecture and designs an artificial neural network structure named Transfer-AE.
This structure takes structural responses as input and synchronously outputs predicted impact
magnitude and location, adaptively compensating for distribution differences between numerical
models and real physical structures, enabling consistent estimation for the same impact event.
Based on the proposed Transfer-AE structure, Transfer-AE (mode 1) was designed with a fixed
network structure. When updating with new distribution data, it requires alternating training with
samples from both old and new distributions. Its fixed structure offers fast inference speed but
comes with high training costs and difficulty. In the 3D dome structure case study, CNN-based
Transfer-AE (mode 1) achieved the best accuracy in detecting and locating impacts on both
numerical and physical test sets, with F1-scores of 0.9903/0.8598 and MAPEs of 0.0120/0.1063.
In the IASC-ASCE benchmark structure case study, Transfer-AE (mode 1) achieved the best
impact quantification accuracy on the 12 DOF model with MAE/MAPE of 309.165/0.0312.
Transfer-AE (mode 2) was designed with a variable network structure. When updating with new
distribution data, it freezes the parameters of the previously trained Transfer-AE and duplicates
its Encoder module, using only new data to train new parameters. This simplifies and speeds up
training with new samples but increases model complexity and decreases inference speed as
more modules are added. In the 3D dome structure case study, CNN-based Transfer-AE (mode
2) showed better performance in impact quantification on both numerical and physical test sets,
achieving MAPEs of 0.0033/0.1016, while LSTM-based Transfer-AE (mode 2) had better
accuracy in impact location, with F1-scores of 0.9432/0.8459. In the IASC-ASCE benchmark
structure case study, Transfer-AE (mode 2) achieved the best impact quantification accuracy on
the 120 DOF model with MAE/MAPE of 99.226/0.0100.

The study still has some shortcomings. Firstly, the structural response signals from the real

physical structure contain significant noise, making it difficult for the network to obtain accurate

results in impact detection and localization using only these signals. In further research, we will

optimize the physical structure and employ experimental methods and data processing techniques to

minimize the noise as much as possible. Additionally, it should be noted that this study only

investigated the scenario of impacts applied to the nodes of the geodesic dome. Therefore, in the

future, it will be necessary to expand the application scenarios of the model to determine whether

impacts applied to any location on the dome can still be accurately detected. Moreover, the study

focuses solely on the impact localization and quantification of undamaged structures and does not
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consider the complex scenarios of structural damage. In the future, the quantification and transfer of
structural damage will also be a key area for further research. Furthermore, future research will
explore the continuous learning of Transfer-AE in the face of multi-distribution data, such as
combining mode 1 and mode 2 into mode 3 as discussed in section 5, and investigating its

performance and ways to enhance it.
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