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 8 
Abstract: Accurately detecting the location and intensity of impacts is crucial for ensuring 9 

structural safety. Currently, AI-based structural impact detection methods are widely used for their 10 

excellent detection accuracy. However, their generalization capability is limited by the scenarios 11 

present in the training data. Many complex and dangerous impact scenarios are difficult to conduct 12 

real-world experiments on to collect sufficient samples. To capture all impact scenarios and fully 13 

leverage the advantages of AI-based detection technologies, advanced methods involve combining 14 

real-world structural monitoring data with corresponding numerical models to construct digital twins. 15 

These methods continuously refine the created numerical models with limited real-world data and 16 

provide diverse impact scenarios through numerical model simulations. However, there are inevitable 17 

differences between digital models and physical models that are challenging to correct through 18 

mechanical means. This discrepancy in data distribution between the two models significantly hinders 19 

the application of digital twin technology in impact/event identification tasks. To address this 20 

challenge, this study proposes a novel model based on autoencoders, named Transfer-AE. Transfer-21 

AE encodes the common features of digital twins in the latent space to bridge the uncertainty gap at 22 

a macro scale between numerical models and physical models and synchronously fits the magnitude 23 

and location of the impact load in the decoder. This enables consistent detection results for the same 24 

impact event, whether the sample comes from the numerical model or the physical model. Transfer-25 

AE includes two operating modes: Mode 1 has a fixed computational complexity with stable 26 

inference speed, but the training cost and difficulty increase with data distribution. Mode 2's 27 

computational complexity increases with data distribution, but it has a fixed training cost and speed. 28 

In both cases involving the geodesic dome structure simulating a deep space habitat and the IASC-29 

ASCE benchmark structure, Transfer-AE demonstrated the best performance in impact localization 30 

and quantification tasks compared to mainstream domain-adaptive transfer models.  31 

Keywords: Digital Twin, Impact quantification, Impact localization, Transfer learning, 32 

Autoencoder, Generative network, Domain adaptive.  33 

 34 
1. Introduction 35 

When a structure is subjected to an impact, it is crucial for the safety monitoring of the structure 36 



to analyze the mechanical response signals of the structure to determine the magnitude of the impact 37 

and its specific location on the structure [1-4]. The capture of a structure mechanical response is 38 

typically achieved through sensors installed on the structure, such as accelerometers, fiber Bragg 39 

gratings, and distributed acoustic sensors, among others [5-8]. These devices can collect physical 40 

signals such as acceleration, strain, or vibration when the structure is impacted. In practice, the task 41 

of detecting and locating impact forces involves using technical methods to establish a mapping 42 

between the physical signals characterizing the structure response and the magnitude and location of 43 

the impact force [9-10]. Currently, many scholars have conducted related research based on 44 

mechanical analysis, data mining or artificial intelligence [11-13]. However, relying solely on 45 

measured structural responses for impact detection is limited [14,15]. For scenarios where it is 46 

difficult to obtain sufficient monitoring data from real structures, as well as in situations that are 47 

challenging to fully account for in reality, conducting numerical simulations to supplement real 48 

monitoring data with more scenarios is a widely accepted solution [16,17]. Currently, there is limited 49 

research on applying digital twins to impact detection tasks. Therefore, we referred to digital twin 50 

tasks in structural health. Many scholars are assisting the identification of structural impacts through 51 

the results of numerical simulations using finite elements. Furthermore, they are researching the 52 

correlation between numerical models in digital space and physical structures in actual physical space 53 

through monitoring data, thereby constructing digital twins [18,19]. This type of methods aims to 54 

enhance the reliability and accuracy of structural health monitoring tasks. However, for state-of-the-55 

art digital twin technologies, there is an unavoidable systematic error between numerical models in 56 

digital space and physical structures in real space [20], which stems from the differences in complex 57 

impact/boundary conditions that are difficult to describe accurately, epistemic uncertainty, differences 58 

in material constitutions, and computational errors inherent to the computational methods themselves. 59 

Systematic errors are pervasive and challenging to overcome, directly leading to inconsistencies 60 

between the simulation results of numerical models and the actual measurement results of physical 61 

structures when describing the same event [21]. Some scholars have proposed technical routes that 62 

domain adaptation (DA), which mitigate this difference by transferring data from different 63 

distributions to the same domain through transfer learning [22]. Despite this, in the current impact 64 

detection tasks for complex structures, the statistical analysis-based DA methods lack robustness, 65 

while the GANs-based DA methods are challenging to train [23,24]. Especially for the task of impact 66 

identification and localization in structures, there is currently a lack of a reliable and general model 67 

to effectively bridge the gap between numerical models and physical structures. This would enable 68 

digital twins of structures to fully leverage their advantage in simulating diverse impact scenarios and 69 

achieve high-precision impact identification and localization on physical structures.  70 

1.1 motivation 71 



Despite the systemic errors between the numerical model and the physical model that constitute 72 

the digital twin of a structure, which manifest as distribution discrepancies in the acceleration signals 73 

detected/calculated across multiple degrees of freedom for the same impact event, the signals in the 74 

digital space and the real physical space still maintain a macroscopic similarity. This is because they 75 

both reflect the same impact event governed by identical physical laws. This implies that we can 76 

reduce the dimensionality of the differently distributed signals, minimizing feature dimensions until, 77 

in a certain low-dimensional latent space, the numerical signals and physical signals responding to 78 

the same impact event achieve a high degree of similarity. This process retains sufficient effective 79 

information to fit the impact location and magnitude. In response to the above issue, this research has 80 

introduced the Transfer-AE model, aimed at eliminating the systematic errors between numerical and 81 

physical structures. Our approach can also be classified as a domain-adaptive transfer learning 82 

method. Unlike mainstream GAN-based DA models, our model uses an autoencoder as its framework. 83 

Proposed Transfer-AE model ensures that structural response data from numerical and physical 84 

structures of the same impact event can achieve consistent predictions of location and magnitude. 85 

1.2 Contributions 86 

The contributions of the research are as follows: 87 

 A novel generative transfer learning paradigm based on autoencoders is proposed, which 88 

effectively achieving adaptive alignment of systematic errors between finite element models and 89 

physical structures in structural impact detection tasks. It means that the diverse data from 90 

numerical models can be used to enhance the task model's generalization ability in detecting the 91 

impact location and magnitude on real structures. Based on this, the network structure of 92 

Transfer-AE was designed, which couples the tasks of impact localization and impact 93 

quantification, optimizes the structural hyperparameters and types of feature extraction layers, 94 

and establishes the most suitable network structure for impact localization and quantification 95 

tasks.  96 

 Based on the proposed transfer learning paradigm and the Transfer-AE structural design, two 97 

different Transfer-AE models were developed, both undergoing Phase 1 pre-training on finite 98 

element data. In Phase 2, Model 1 employs a fixed network structure, which has the advantage 99 

of not increasing in size with the introduction of new distribution data. However, it requires 100 

sampling of some old distribution data, making the training process more costly. Model 2 uses 101 

fixed training data, which has the benefit of lower training costs when new distribution data are 102 

introduced, but it necessitates the addition of an extra encoder module to the network.  103 

 In the case studies of impact localization and quantification for the 3D geodesic dome structure 104 

and the IASC-ASCE benchmark structure, the proposed Transfer-AE model achieved the best 105 

performance compared to mainstream DA-based models.  106 



1.3 Organization 107 

This study is organized as follows. Section 2 provides a literature review of previous research. 108 

Section 3 presents the principles of Transfer-AE and the two Transfer-AE modes designed for impact 109 

detection problems. Section 4 presents the performance of the proposed Transfer-AE model on a 3D 110 

geodesic dome structure and the IASC-ASCE benchmark structure. Section 5 discusses the 111 

significance and applications of the proposed Transfer-AE in digital twins, based on the results of the 112 

case study. Finally, the conclusions of the study are presented in the last section, summarizing the key 113 

contributions, and outlining potential directions for future research. The abbreviations of technical 114 

terms used in this study are summarized in Table 1. 115 

Table 1. List of used abbreviations. 116 

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 

 117 

2. Literature Review 118 

2.1 Research on structural impact detection and location models 119 

Xu proposed impact identification for aluminum plate structures based on the least squares 120 

support vector machine, extracting two features from each sensor signal through Hilbert transform, 121 

and using the least squares support vector machine to establish an intelligent model [25]. Tabian et al. 122 

reported on an impact identification and localization model for complex composite structures based 123 

on convolutional neural networks. It converts ultrasonic signals recorded by piezoelectric sensors into 124 

2D images and establishes a mapping to the magnitude and location of impacts [26]. Sai et al. 125 

developed a collision localization system based on a FBG sensor network, which processes FBG 126 

signals for collision detection and localization using an Extreme Learning Machine [27]. Tan et al. 127 

discussed various existing methods for optimizing sensor placement to help collect higher quality 128 

structural response data for structural health diagnosis [28]. Huang et al. proposed a novel impact 129 

force identification method named Distance-assisted Graph Neural Network (DAGNN), which 130 

incorporates the physical distance between the impact location and sensors as a physical constraint 131 

into the training process, achieving high-precision collision localization [29].  132 

2.2 Research on digital twin-based structural health monitoring methods 133 



Seventekidis et al. proposed a novel structural health monitoring method where labeled damaged 134 

data is generated through FE models for a pin-joint composite truss structure, adopting a model-based 135 

approach as an alternative to vibration measurements to solve the data acquisition problem [30]. 136 

Zhang et al. attempted to combine the advantages of data-driven and physics-based structural health 137 

monitoring methods through physics-guided machine learning, which extended the original modal-138 

property based features with the damage identification result of finite element model updating, aiming 139 

to enhance damage detection performance [31]. Colombo et al. proposed a structural damage 140 

identification method based on the inverse finite element method (iFEM) and proposes a 141 

superimposition of effects approach to weigh the contribution of different basic models in simulating 142 

the real behavior of the structure [32]. Massari et al. proposed a design and calibration method based 143 

on numerical FE method modeling for developing soft tactile sensors capable of simultaneously 144 

determining the magnitude and application location of normal loads imposed on their surface [33]. 145 

2.3 Research on DA-based structural health monitoring models 146 

Poole et al. proposed a DA method based on Statistical Alignment and demonstrated how to 147 

make these methods robust to class imbalance [34]. Giglioni et al. proposed a domain adaptation-148 

based transfer learning method that utilizes information from fully labelled bridge structure data to 149 

accurately predict new instances in unknown target domains [35]. Besides statistical analysis-based 150 

DA, in the field of deep learning, Ge et al. proposed an unsupervised domain adaptation method based 151 

on CycleGAN that incorporates physical constraints and self-attention mechanisms [36]. Luleci et al. 152 

developed a variant of Generative Adversarial Networks, a generative model named Cycle-Consistent 153 

Wasserstein Deep Convolutional GAN with Gradient Penalty (CycleWDCGAN-GP) for undamaged-154 

to-damaged domain translation [37]. We have summarized the objectives, domains, advantages, and 155 

limitations of related previous research in Table 2.  156 

Table 2. Summary of related previous works 157 

Research Objective Domain Advantages Limitations 

Xu [25] 
Impact identification for 

aluminum plate 
structures 

Structural 
Impact 

Detection 

Intelligent model using 
least squares support 

vector machine 

Only applicable to 
measured data, does not 

involve model 
discrepancy issues. 

Tabian [26] 
Impact identification 
and localization in 

composite structures 

Structural 
Impact 

Detection 

Uses convolutional 
neural networks, 

converts signals to 2D 
images 

Only applicable to 
measured data, does not 

involve model 
discrepancy issues. 

Sai [27] 
Collision localization 

using FBG sensor 
network 

Structural 
Impact 

Detection 

Utilizes Extreme 
Learning Machine for 

processing signals 

Only applicable to 
measured data, does not 

involve model 
discrepancy issues. 

Tan [28] 
Optimize sensor 

placement for structural 
health diagnosis 

Structural 
Health 

Diagnosis 

Helps collect higher 
quality data 

Only applicable to 
measured data, does not 

involve model 
discrepancy issues. 

Huang [29] High-precision collision Structural Incorporates physical Only applicable to 



localization Impact 
Detection 

distance as a constraint 
in Graph Neural 

Network 

measured data, does not 
involve model 

discrepancy issues. 

Seventekidis 
[30] 

Structural health 
monitoring using FE 

models 

Structural 
Health 

Monitoring 

Generates labeled 
damaged data through 

FE models 

Not address the response 
gap between FE models 

and real structures. 

Zhang [31] 
Combine data-driven 

and physics-based 
methods 

Structural 
Health 

Monitoring 

Enhances damage 
detection by extending 
modal-property based 

features 

Designed for damage 
tasks, performance on 

impact detection tasks is 
unknown. 

Colombo 
[32] 

Structural damage 
identification using 

iFEM 

Structural 
Health 

Monitoring 

Weighs contributions of 
different models for 

real behavior 
simulation 

Not address the response 
gap between FE models 

and real structures. 

Massari [33] Design and calibration 
of soft tactile sensors 

Structural 
Health 

Monitoring 

Simultaneously 
determines magnitude 
and location of loads 

Not address the response 
gap between FE models 

and real structures. 

Poole [34] DA method with 
Statistical Alignment DA Robust to class 

imbalance 

Effect on large datasets 
is unknown, and 

performance on impact 
monitoring tasks is also 

unknown. 

Giglioni [35] 
Domain adaptation-

based transfer learning 
for bridge structures 

DA 
Accurate predictions in 

unknown target 
domains 

Designed for damage 
tasks, performance on 

impact detection tasks is 
unknown. 

Ge [36] Unsupervised DA using 
CycleGAN DA 

Incorporates physical 
constraints and self-

attention mechanisms 

Focuses on general 
signal domain 

translation, not specific 
to structural monitoring 

tasks. 

Luleci [37] 
Domain translation 

using CycleWDCGAN-
GP 

DA 
Effective undamaged-
to-damaged domain 

translation 

Designed for damage 
tasks, performance on 

impact detection tasks is 
unknown. 

 158 

3. Methodology 159 

3.1 Principle of Transfer-AE model 160 

Addressing the issue of impact detection for structures, it is feasible to design an artificial 161 

network model that fits the mapping between the response signals of a structure when impacted and 162 

the impact. However, due to the systematic errors between numerical simulations and real physical 163 

structures mentioned in the introduction, there exists a distribution difference between the structural 164 

responses in digital space under the same impact and those in real space. This distribution difference 165 

is complex and difficult to directly eliminate through differentiation. However, despite the differences 166 

in distribution, the signals from digital space and those from real physical space still maintain 167 

macroscopic similarity, as they reflect the same impact event governed by the same physical laws. 168 

Therefore, it is precisely because of this similarity, based on the law of manifold distribution that 169 

high-dimensional data of the same category tends to concentrate around a low-dimensional manifold 170 

[38]. It means that if two sets of data reflect the same event but have distribution differences, they 171 



will exhibit consistent trend features and divergent detail features in high-dimensional space. When 172 

compressed to a low-dimensional space, the signal details gradually diminish, and the trend features 173 

become more pronounced. If we find a maximal low-dimensional space where all divergent detail 174 

features are lost, and all consistent trend features are preserved, then the two sets of signals, which 175 

have systematic errors in high-dimensional space, will become indistinguishable in this low-176 

dimensional space. Therefore, for our research, there exists a certain low-dimensional space, in where 177 

the numerical signals and physical signals responding to the same impact event can achieve a high 178 

degree of similarity. Furthermore, the evaluation of similarity is not based on divergence or spatial 179 

distance metrics but rather on an assessment from the perspective of the task model. That is, when a 180 

latent space is identified that can map the finite element model signals and physical structure signals 181 

from the same event in such a way that the task model, from the perspective of impact detection, 182 

judges them to be sufficiently similar to produce consistent identification results. For example, in the 183 

research by Ge et al. [36], the objective of domain translation is to ensure that the signals in the target 184 

domain are as similar as possible to the signals in the current domain after conversion. In contrast, 185 

our research does not require the signals to be sufficiently similar in geometric distance because our 186 

model is task-oriented. We only require the signals to be sufficiently similar from the perspective of 187 

the task model. Therefore, we discarded the norm distance loss between the decoder's reconstructed 188 

signal and the input signal. This approach helps to increase model redundancy and improve 189 

generalization capability. This research utilizes autoencoders to find a latent space [39], which 190 

essentially can be considered a DA-based transfer learning paradigm achieving the task transfer of 191 

the network in digital twins between digital and physical spaces, as shown in Figure 1. For DA model, 192 

it is important to introduce two key objects, a domain and task. A domain D={χ, P(X)} is defined by 193 

of a tensor space χ and a marginal probability distribution P(X), while the corresponding task Γ={У, 194 

f(‧)}, where У is the label space and the f(‧) is the mapping function learnt from a finite sample {xi, 195 

yi}n 
i=1, where xi ∈ χ, yi ∈ У [40]. However, Unlike traditional DA method, in our research, our source 196 

domain is the physical structure DP ={SP, i, (LP, i, FP, i)}nP 
i=1 and the FE model DF={SF, i, (LF, i, FF, i)}nF 

i=1, 197 

where S is the structure response, F is the impact magnitude and L is the impact position. The target 198 

domain is the latent Space DL={SL, i, (LL, i, FL, i)}nL 
i=1. Our objective is to design a neural network 199 

mapping that identifies a set DL such that the union of the label spaces of DS and DF becomes a subset 200 

of the label space of DL, that (УS∩УF)⸦ УL. 201 



 202 

Figure 1. Diagram of the transfer learning paradigm based on autoencoders. 203 

Based on the proposed transfer learning paradigm, the study established the Transfer-AE 204 

network structure as shown in Figure 2. The Transfer-AE structure consists of three sequential parts: 205 

an Encoder module for mapping high-dimensional features to a low-dimensional latent space, a 206 

Decoder module for restoring the low-dimensional latent space features back to the high-dimensional 207 

space, and a Task module for synchronously identifying the location and magnitude of impact based 208 

on the restored high-dimensional signal. 209 

 210 

Figure 2. The structure of the Transfer-AE model. 211 

The input to the Transfer-AE model is the structural force response, denoted as tensor S∈ℝB×L×M, 212 

where B is the batch size, L is the length of response time series and M is the number of sensors on 213 

structure. After entering the Encoder, tensor S will pass through three feature extraction layers and 214 

three maximum pooling layers with a kernel size of kM. The feature extraction layers can adopt 215 

different structures, such as convolutional units, recurrent neural network units, or attention units etc. 216 

For the downsampling block, after the tensor S passes through a downsampling block with a 1-D 217 

convolutional feature extraction layer, the output tensor Sd can be calculated as [41], 218 

1

0
( ) ( )( ) ( ) ( )

i
d

k

t x w t S t i wS i
−

=

= ∗ = −∑ ,                      (1) 219 

where w(i) is the convolution kernel with a length of k, and t is the time step/position in tensor.  220 

For LSTM units, the downing sampling block can be calculated as [42], 221 
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where ht is the hidden state of the t-th time step/position in tensor, the ft, it and ot are the forget gate, 223 

input gate, and output gate, respectively. σ the sigmoid activation function, W is the weight matrix, 224 

and b is the bias vector. 225 

For MHA units, the downing sampling block can be calculated as [43], 226 

1 concat( ( , , )

concat( ( ) )

n n n
T

n n
n

z Attention Q K V
Q Ksoftmax V

d

=

=
,                       (3a) 227 

with 228 
1( )

1 xsoftmax x
e−=

+
.                             (3b) 229 

where, query Qn∈ℝB×L×d, key Kn∈ℝB×L×d and value Vn∈ℝB×L×d are the matrices split by input tensor 230 
S in the second dimension, n is the number of divisions (d×n=M). Then, tensor z1 is directly added to 231 
S and normalize together to obtain z2∈ℝB×L×M. The tensor z2 passes through a feed-forward layer 232 
(FFL(·) function) to obtain Sd∈ℝ B×L×M, which is calculated as, 233 

1 1 2 2
2 2( ) ( )dS FFL Z ReLU z w b w b= = + +                    (3c) 234 

with 235 
( ) max(0, )ReLU x x= .                          (3d) 236 

After we get the extracted feature Sd, we use max pooling to reduce the dimensionality of the tensor, 237 

get tensor Ssmall as, 238 

1 1
small ( ) max( , ,..., )M M M Mi k i k i k k

d d dS i S S S⋅ ⋅ + ⋅ + −= ,                  (4) 239 

where the pooling window size and stride are both kM. After going through three downing sampling 240 

blocks, the length of the output tensor is reduced to L/kM
3. Subsequently, the tensor is flattened and 241 

passes through two fully connected layers with P units to adjust its size, resulting in the latent tensor 242 

L∈ℝB×P which is the input to the Decoder module. The Decoder module performs mirror operations 243 

to those of the Encoder module, also utilizing three feature extraction modules identical to those in 244 

the Encoder, along with three 1-D transposed convolutions to upsample the tensor L, obtaining a 245 

reconstructed tensor with the same dimensions as the input features, denoted as R∈ℝB×L×M.  246 

After that, the reconstructed tensor R serves as the input to the Task module and add positional 247 

encoding for embedding which helps prevent the model from repeatedly using the same input to 248 

generate outputs, thereby enhancing the diversity and generalization ability. The embedding is 249 

calculated as [43], 250 
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where PE(·) is positional encoding function, the pos is the number at each position in tensor R, and 252 

the output Re has the same size with input R. After that, Re will go through a combination of LSTM 253 

attention units [44] and 1-dimensional convolutional units [45]. After flattening the features, two 254 

separate residual fully connected blocks independently output the required impact location and 255 

quantification. 256 

It should be noted that although the initial part of the Transfer-AE network is an autoencoder 257 

module, the network training does not require the reconstructed tensor R to be similar to the input 258 

tensor S [46]. In fact, to enhance the generalizability of network, this constraint has been reduced. 259 

Instead, the focus is on obtaining a reconstructed tensor R that is more suited to the Task module. This 260 

corresponds to our earlier description of similarity between numerical signal and physical response, 261 

where the required similarity is considered from the perspective of the Task module, rather than a 262 

direct measure of distance. Based on the foundational structure of Transfer-AE, the study proposes 263 

two modes for data transfer between numerical and physical spaces, referred to as Transfer-AE 264 

(mode1) and Transfer-AE (mode2), and each has its own advantages.  265 

2.2 Transfer-AE (mode1) 266 

Transfer-AE (mode1) uses a fixed network structure, and its training process is divided into two 267 

stages, as shown in Figure 3. In Training Stage 1, the network is trained solely with finite element 268 

data, utilizing structural responses sampled from the finite element model under different impact 269 

events (a combination of the magnitude of the force (denoted as Ff) and the impact location (denoted 270 

as Fl)). Generally, finite element models can generate a large number of samples in batches, while the 271 

number and types of samples from real physical structures are limited. Therefore, in this study, we 272 

conduct Phase 1 pre-training with the more abundant finite element samples. The Transfer-AE 273 

network outputs the predicted magnitude of the force (denoted as FP 
f ) and location (denoted as FP 

l ). 274 

The total loss function is denoted as Lmode1, which is consists of two parts: the prediction loss for force 275 

and the prediction loss for position. The prediction of force uses MAE loss [47], while the prediction 276 

of position uses multi-class cross-entropy loss [48]. The Lmode1 is calculated as 277 

mode1 1 21 1 1

1 1 log( )n n MP P
f i f i l ic l ici i cL w F F w F F

n n− − − −= = == ⋅ − − ⋅∑ ∑ ∑ ,              (6) 278 

where n is the number of forces, w1 is the weight for the first term of the loss, M is the number of all 279 

possible classifications of position, and w2 as the weight for the second term of the loss.  280 



After completing Training Stage 1, we introduce real physical structure data with a different 281 

distribution from the finite element data for fusion training. Training Stage 2 is conducted alternately 282 

on two datasets with different distributions, with the loss function calculated in the same way as in 283 

Stage 1. We first freeze the network parameters of the Decoder module and Task module, only 284 

updating the network parameters of the Encoder module, and train the Encoder module using sampled 285 

response data from the physical structure model. To ensure that Transfer-AE (mode1) remains 286 

applicable to the original dataset (finite element data), after updating the Encoder with physical 287 

structure data a few times, we need to randomly sample a dataset of the same size as the physical 288 

structure training data from the original dataset (finite element data) and train the Encoder module. 289 

The Encoder is alternately trained with physical data and finite element data until the loss of Transfer-290 

AE converges. The reason we freeze the Decoder and Task modules and alternately train the weights 291 

of the Encoder is to find the union of the projection domains of the two different domains in the low-292 

dimensional latent space. After dimensionality reduction by the Encoder, the feature projection 293 

domain from the FE model and the feature projection domain from the real model form two 294 

intersecting sets in the low-dimensional space. Alternating training controls the learning rate, 295 

allowing the Encoder to extend the boundary to the real model domain (enhancing generalization 296 

ability) while continuously reinforcing the original boundary of the FE domain. This process 297 

continues until the Encoder identifies the entire projection domain of both the FE domain and the real 298 

model domain. The pseudocode for the training process of Transfer-AE (mode1) is as follows: 299 

 300 

 301 

Figure 3. The training process of Transfer-AE (mode1)  302 

Algorithm: The training process of Transfer-AE (mode1) 
Input: Finite element dataset: F, physical structure dataset: P, Transfer-AE with initial parameters: Model 

Output: Trained Transfer-AE: Modelf 
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 Models1←Model 

Training Stage 2 
5: Freeze the Decoder and Task module: ModelsF←Models1 
6: For epoch in (Training Epochs=100): 
7: Randomly sample from F to construct a dataset Fp of the same scale as P 
8:   For epochs in (Training Epochs=5): 
9:     Do:  
10:       Randomly sample B samples from P and train ModelsF 
11:     While: traversal of P 
12:   For epochs in (Training Epochs=5): 
13:     Do:  
14:       Randomly sample B samples from Fp and train ModelsF 
15:     While: traversal of Fp 
16: Return the trained model Modelf ←ModelsF 

2.3 Transfer-AE (mode2) 303 

Compared to Transfer-AE (mode1), the training of Transfer-AE (mode2) is also divided into two 304 

stages, but it no longer uses a fixed network structure, as shown in Figure 4. The Training Stage 1 of 305 

Transfer-AE (mode2) is the same as that of Transfer-AE (mode1), where it uses finite element data 306 

to train the Transfer-AE structure, thus fitting the mapping between the structure response and the 307 

impact in the numerical space. However, in Training Stage 2 of Transfer-AE (mode2), we only use 308 

sampled data from real physical structures for training. To ensure the applicability of Transfer-AE 309 

(mode2) on the original dataset, we freeze all the parameters of the network trained in Stage 1 and 310 

duplicate the Encoder structure and training parameters from Stage 1, denoted as Encoder-delta. 311 

Response signals from the physical structure are dimensionally reduced by the Encoder module to 312 

obtain the latent variable L1, and similarly reduced by the Encoder-delta module to obtain the latent 313 

variable L2. By adding L1 and L2 together, we obtain the complete latent variable L, which then enters 314 

the subsequent Decoder and Task modules for the quantification and localization of impact forces. 315 

The reason for this operation is that the mapping recorded by the Encoder module is tailored to the 316 

original dataset features (FE data), so the L1 obtained from the new distribution dataset through the 317 

Encoder module has an offset. According to the Generalization Bounds theory [49] that the 318 

generalization error on the target domain can be bounded by the generalization error on the source 319 

domain plus a discrepancy term between the source and target domains, as: 320 

1 ,
2

( ) ( ) ( )t s H H s th h d D D λ∆≤ + +  ,                       (7) 321 

where, ϵt(h) is the target error, ϵs(h) is the source error, dHΔH is the domain discrepancy measure, and 322 

λ is a term representing the complexity of the hypothesis class H. Therefore, theoretically, the newly 323 

added Encoder-delta's function is to generate a residual which related to the discrepancy between the 324 

domains and the complexity of the hypothesis space, to compensate for this offset between the two 325 

domains. It should be noted that when using Transfer-AE (mode2), the response from numerical 326 



models still employs the network from Training Stage 1 for the quantification and localization of 327 

impact, and only for responses from real physical structures is an additional module added. 328 

 329 

Figure 4. The training process of Transfer-AE (mode2) 330 

The pseudocode for the training process of Transfer-AE (mode2) is as follows: 331 

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: Modelf 
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 Models1←Model 

Training Stage 2 
5: Freeze the Transfer-AE: ModelsF←Models1, Copy Encoder module from Models1 as Edelt 
6: Build new model Models2←ModelsF + Edelt 
7: For epoch in (Training Epochs=100): 
8:     Do:  
9:       Randomly sample B samples from P and train Models2 
10:     While: traversal of P 
11: Return the trained model Modelf ←Models2 

Overall, both Transfer-AE (mode1) and Transfer-AE (mode2) have achieved task transfer 332 

between numerical and physical structures. Although their Training Stage 1 is consistent, however in 333 

training stage 2, the training cost (in terms of sample size) for mode1 is twice that of mode2, while 334 

the model size for mode1 is fixed and does not increase the computational complexity of the inference 335 

process. The performance of both will be tested in the following section.  336 

4. Case Study 337 



4.1 Impact localization and quantification test on the 3D geodesic dome structure 338 

In this section, we will take the impact detection problem faced by a 3D geodesic dome structure 339 

as an example. This study is part of the resilient extraterrestrial habitats initiative, where the 340 

establishment of a 3D geodesic dome structure for impact simulation is aimed at researching fault 341 

detection and diagnostic strategies for deep space human habitats under the influence of meteoroid 342 

impacts. A 3D geodesic dome structure is a spherical space frame structure composed of a complex 343 

network of triangles, which can distribute structural stress throughout the entire structure, enabling it 344 

to withstand impacts that are quite heavy relative to its size, making it very suitable for harsh 345 

environments [50]. When a 3D geodesic dome structure is subjected to an external impact, we want 346 

to determine the location of the impact and the magnitude of the impact based on the structure 347 

response. Firstly, we constructed a scaled-down model of a 3D geodesic dome structure in the 348 

laboratory. 349 

4.1.1 3D geodesic dome structure: physical structure test 350 

The 3D geodesic dome structure model constructed in the laboratory is shown in Figure 5. It 351 

displays its geometric shape, support structure, and the accelerometers installed at the nodes for 352 

monitoring the structural response. Figure 5(a) shows the dome structure model constructed with 353 

rods and nodes in the laboratory. The geodesic dome has a height of 1.5 meters and a diameter of 2.5 354 

meters. It comprises 61 nodes and 165 members, forming the skeleton of the dome structure. The 355 

dome structure is fixed on a wooden board supported by a frame. The red coordinate system 356 

represents the local coordinate system of the dome model, while the yellow coordinate system 357 

represents the global coordinate system based on the grid support. Figure 5(b) shows the overall 358 

geometry information of the support. The global coordinate system of base as D-S-V and the global 359 

coordinate system of dome as X-Y-Z. The planar angle between the two coordinate systems is 25 360 

degrees. Each strut of support frame is considered a beam element capable of bearing both axial and 361 

bending impacts, with each node connecting up to 6 members. Figure 5(c) shows the accelerometer 362 

installed at the nodes of the dome, with the Z-axis arranged perpendicularly outward to the node 363 

surface, to collect the three-axis acceleration signals when the dome is impacted.  364 

   365 

(a) dome sturctue in lab            (b) frame support            (c) accelerometer 366 



Figure 5. Physical structure of 3D geodesic dome structure. 367 

We numbered the nodes and struts of the geodesic dome structure, as shown in Figure 6. The 368 

dome structure can be disassembled from the ground up into a combination of triangles arranged in 369 

five layers. We installed accelerometers at 11 nodes, specifically H61, H54, H51, H47, H45, H41, 370 

H37, H34, H29, H24, and H18 (highlighted as bright spots in Figure 6), to comprehensively 371 

characterize the response of the geodesic dome from various angles.  372 

 373 

Figure 6. Node and rod numbers of 3D geodesic dome structure (light points show the sensor 374 

location). 375 

We also marked the positions of these 11 accelerometers on the actual photo of the geodesic 376 

dome structure shown in Figure 7. It should be noted that the accelerometers collect three-axis 377 

acceleration data based on their own local coordinate systems, which need to be converted to the 378 

global coordinate system X-Y-Z of the geodesic dome to facilitate multi-sensor information fusion. 379 

  380 



  381 

Figure 7. Location of sensors in 3D geodesic dome structure. 382 

After setting up the physical structure of the 3D geodesic dome, we used a digital hammer to 383 

strike the dome to record the magnitude of the impact force. It should be noted that currently, we only 384 

strike at the nodes of the dome, which means, excluding the 15 nodes where the dome contacts the 385 

base (1st Row in Figure 6), there are 46 possible positions for the impact force to act on. We 386 

conducted a total of 4 sets of striking experiments, carried out over 4 days. The information about the 387 

experiments is shown in Table 2 below. 388 

Table 2. Physical structure test information 389 

Test day Order of the stuck nodes Number of strikes 

Day1 [H32, H39, H44, H33, H50, H52] [15, 15, 15, 6, 6, 7] 

Day2 
[H16, H17, H19, H20, H21, H26, H27, H28, H30, H31, H32, H33, 

H35, H42, H43, H44, H46, H48, H53, H55] 
Each node 10 times 

Day3 
[H16, H17, H19, H20, H21, H26, H27, H28, H30, H31, H32, H33, 

H35, H42, H43, H44, H46, H48, H53, H55] 
Each node 3 times 

Day4 
[H16, H17, H19, H20, H21, H26, H27, H28, H30, H31, H32, H33, 

H35, H42, H43, H44, H46, H48, H53, H55] 
Each node 3 times 

It should be noted that the sampling rate of the accelerometers is 1600Hz. We extracted samples 390 

from the time-domain signal within 1 second of the impact occurring. Moreover, each sensor captures 391 

acceleration signals in three directions in the global coordinate system. In this study, we only use the 392 

signals in the Z direction for analysis. In the physical experiments, we obtained a total of 384 sets of 393 

samples with size (384, 1600, 11). We randomly selected a set of time-domain signal samples and 394 

performed a Fast Fourier Transform to obtain the corresponding frequency-domain signals.  395 

4.1.2 3D geodesic dome structure: numerical model experiment 396 

Referring to the physical structure in laboratory, we established a proportional finite element 397 

model of the geodesic dome, which is also made of 165 struts and 61 hubs for sampling the numerical 398 

response. The whole modeling process is divided into two parts: the numerical modeling and the 399 

model updating. This approach aims to obtain a numerical model that aligns as closely as possible 400 



with the actual conditions, thus, reducing the distribution difference between numerical and physical 401 

responses. 402 

 Numerical modeling 403 

The numerical modeling consists of modeling the dome, the base and the connection between 404 

dome and base. The total stiffness matrix and mass matrix of the model can be set as 405 

[ ] [ ] [ ] [ ]d c bK K K K= + + , [ ] [ ] [ ] [ ]d c bM M M M= + + ,                (2) 406 

where, Kd, Kc and Kb are the stiffness matrices for dome, connection and base section respectively, 407 

Md, Mc, Mb are the mass matrices for dome, connection and base section, respectively. Each of struts 408 

in dome (Figure 8(a)) is considered a beam element. Such elements can carry both axial and bending 409 

loading. A schematic of the joint section is presented in Figure 8(b). A strut of the joint (black) 410 

constitutes two nodes i and j. A local coordinate is assumed as (ξ, η, ζ), is along the axis of the strut. 411 

The rotation about the η and ζ axis are θη and θζ . The stiffness matrix of a strut, 𝑘𝑘𝑒𝑒 is computed as  412 

[ ] [ ] [ ]e T eT unity B eB unityk E k E k− −= + ,                          (3) 413 

where, ET and EB are the modulus of elasticity for axial and transverse loading, respectively. The [keT-414 

unity] is the stiffness matrix accounting only for the axial loading, whereas [keB-unity] for transverse 415 

loading. Similarly, considering ρd as the density of the material at dome, the mass matrix can be 416 

defined as 417 

[ ] [ ]e d e unitym Mρ −= .                               (4) 418 

Then, the global stiffness and mass matrices follow  419 
61

1
[ ] [ ][ ]

e

d e e unity
e

K T k
=

−
=

= ∑  and                         (5a) 420 

61

1
[ ] [ ][ ]

e

d e e unity
e

M T m
=

−
=

= ∑ ,                           (5b) 421 

where, Te is the transformation matrix for strut e. After that, we model the dome and base connection. 422 

There are 15 connections for the dome and the base. The connection is modeled as beam elements as 423 

shown as the red colored elements of Figure 8(c). Considering Ec and ρc as modulus of elasticity and 424 

density of the connection, the stiffness and mass matrices follow 425 
15

1
[ ] [ ]

e

c c e unity
e

K E k
=

−
=

= ∑  and                          (6a) 426 

15

1
[ ] [ ]

e

c c e unity
e

M mρ
=

−
=

= ∑ .                             (6b) 427 

Finally, we begin modeling the base. The base is modeled as a simple 2 spring system with stiffness 428 

Ep as presented in Figure 8(d). The angle of the spring with respect to the X-axis Ф=25 °. For the 429 

nodes at the connection, the rigid body constraint is implemented such that, all these nodes will have 430 

same displacement and rotation, as 431 

{ }{ } { }, , 1, 2,...,15i ju u i j= ∈ .                         (7) 432 



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

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

 

 

(a) Dome model (b) Joint section schematic 

  
(c) Dome and base connection schematic (d) Base model and connection to the dome 

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

 Model updating 436 

After establishing the numerical model, we need to match the numerical model with the real 437 

physical structure as closely as possible through Bayesian model updating. To obtain the posterior 438 

probability density function (PDF) of the model parameters 𝜃𝜃 conditioned on the measurement data 439 

𝐷𝐷, the transitional Markov chain Monte Carlo (TMCMC) [51] approach is employed. The idea is to 440 

construct a series of intermediate PDFs that start from the prior PDF 𝑓𝑓(𝜃𝜃|𝑀𝑀) and converge to the 441 

posterior PDF 𝑓𝑓(𝜃𝜃|𝑀𝑀,𝐷𝐷). Suppose m stages are utilized: 442 

0 1( ) ( , ) ( ), 0,..., ,0 ... 1j

j mf f D M f M j mρθ θ θ ρ ρ ρ∝ = = < < < = ，          (8) 443 

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

and Table 4 respectively display the comparison of natural frequencies and modes between the 445 



updated numerical model and the physical structure. It should be noted that since only 11 nodes in 446 

the laboratory model were equipped with sensors, to correspond with the laboratory results, the finite 447 

element model also compared the shapes at only these 11 corresponding nodes. 448 

Table 3. Natural frequencies comparison between experiment and numerical model 449 

Mode 
X-Direction Y-Direction Z-Direction 

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 2.43 150.94 153.39 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). 450 

Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 

     

(a) Mode shapes obtained from experiment 

     

(b) Mode shapes obtained from numerical model 

Based on the results of the model update using TMCMC, the numerical model corresponds well 451 

with the physical structure in terms of the principal frequency. The simulation results differ by an 452 

average of 2Hz from the physical experiment in the first three modes in the X, Y, and Z directions. 453 

However, the numerical model cannot fully match the physical model in terms of modes. This is 454 

because the experimental dome is a complex structure with many degrees of freedom, but the number 455 

of sensors used in the experiment is limited. For the laboratory test dome structure, accelerometers 456 

were installed at only 11 of the 61 total nodes. Therefore, the task of updating the dome model 457 

involves more unknowns than known conditions, making it an ill-posed problem and thus 458 

significantly increasing the difficulty of model updating [52]. As shown in Table 4, the comparison 459 

of the five modes between the physical model and the numerical model shows that the deformation 460 



at the positions of the 11 red nodes is difficult to match accurately. Moreover, there are many 461 

uncertainties in the dome experiment, such as the base not being directly fixed to the ground. 462 

Additionally, when striking a joint, the struts will experience rigid displacement at the location of the 463 

joint. Therefore, merely updating the model cannot compensate for the systematic differences 464 

between the numerical model and the physical structure, the study employs deep learning methods to 465 

perform this task. 466 

After completing the establishment of the numerical model, we struck all 46 nodes of the dome 467 

(excluding the 15 grounded nodes) with forces ranging from 2N to 500N , in 2N increments, obtaining 468 

a total of 11,500 sets of samples. The sampling rate was set to 1600Hz, consistent with the physical 469 

structure experiment. We randomly selected a set of time-domain signal samples and performed a 470 

Fast Fourier Transform to obtain the corresponding frequency-domain signals.  471 

4.1.3 Impact localization and quantification 472 

Based on the physical structure experiments and numerical model experiments, we obtained two 473 

datasets: the physical experiment set, with 384 samples, and the numerical experiment set, with 11500 474 

samples. We divided them into training, validation, and test sets in the proportions of 0.64, 0.16, and 475 

0.2, respectively. Table 5 shows the specific format and description of the data used. 476 

Table 5. The size and description of used data. 477 

Dataset 
Input Ground Truth 

11 channels of 
acceleration signals Impact Force (N.) Impact position 

(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 478 

CPU and GPU for training these networks were the “13th Gen Intel(R) Core(TM) i9-13900 @ 3.00 479 

GHz” with 64GB RAM and the “NVIDIA GeForce RTX 4090”, respectively. The core code for the 480 

Transfer-AE is available on GitHub at the following address: 481 

https://github.com/ChengjiaHanSEU/Transfer-AE.git. 482 

First, we conducted conventional neural network training as the baseline for this task. For ease 483 

of subsequent comparison, we used the Task module of Transfer-AE for training. The network input 484 

is the structural response, and the output includes two parts: the magnitude of the force and the 485 

location of the force. We simulated three training scenarios: 1) Training using only the numerical 486 

experiment set, denoted as Model A; 2) Training using only the physical data set, denoted as Model 487 

https://github.com/ChengjiaHanSEU/Transfer-AE.git


B; 3) Training using a mix of the physical experiment set and the numerical experiment set, denoted 488 

as Model C. The networks for the three training scenarios were tested on both the numerical and 489 

physical test sets, with the results shown in Table 6. It should be noted that in Table 6, we use the 490 

F1-score to evaluate the performance of position classification and MAPE to assess the regression 491 

performance of the force. 492 

Table 6. Performance of the baseline model on the test set under three training scenarios 493 

Direct training model Numerical test set Physical test set 

Model A: 

Training using 

only numerical 

model data 

Impact 

location 

  
F1-score 0.9133 0 

Impact 

quantification 

  
MAPE 0.0401 0.7321 

Model B: 

Training using 

only real model 

data 

Impact 

location 

  
F1-score 0.0432 0.728 



Impact 

quantification 

  
MAPE 1.384 0.140 

Model C: 

Mixing 

numerical 

model data with 

real model data 

for training 

Impact 

location 

  
F1-score 0.8160 0.2668 

Impact 

quantification 

  

MAPE 0.0586 0.3132 

* The best results among the models in the table are underlined and bolded. 494 

Table 6 shows that models trained on a single dataset (Numerical or Physical) perform well on 495 

their corresponding test set but perform poorly on the other test set. This can be understood as being 496 

due to the distribution differences between the datasets. However, it should be noted that due to some 497 

noise in the physical experimental data itself (there are also distribution differences between results 498 

tested at different test times), the model B trained with physical experimental data only achieved an 499 

F1-score of 0.728 and a MAPE of 0.140 on the physical test set. Model C was trained using both 500 

physical experimental data and numerical experimental data. From its performance on both the 501 

physical and numerical test sets, it can be found that due to the larger sample size and lower noise 502 

level of the numerical experiments, Model C performs better on the numerical test set than on the 503 

physical test set. However, compared to Models A and B, its performance on both test sets has 504 

declined. This outcome underscores the limitation of merely blending datasets for training purposes, 505 



highlighting that such an approach falls short in effectively addressing impact detection challenges 506 

posed by the discrepancies in data distribution across different datasets.  507 

Building on this, we first explored the DA methods based on deep learning. That is, through DA, 508 

we transfer the response domain from physical structures to the response domain of numerical models 509 

(which have a larger volume of data and are more suitable for training impact detection models). 510 

Subsequently, we use models trained on numerical model data to detect impacts on physical structures. 511 

It should be noted that to establish a correspondence between the response domain of physical 512 

structures and that of numerical models, we selected 384 samples from the 11,500 finite element 513 

model samples that correspond to the 384 real samples to create pairs. These were then divided in a 514 

ratio of 0.8 to 0.2 to train the DA model. We established four DA models based on WGAN-GP [48], 515 

CGAN [53], CycleGAN [36], and CycleWDCGAN-GP [37]. All of them used Model A from Table 516 

6 as the impact detection model, so their results on the numerical test set are the same as those of 517 

Model A. After completing the training, we only need to test the results of these four models on the 518 

physical test set, and their results are summarized in Table 7.  519 

Table 7. The performance of GAN-based DA models on physical test set. 520 

Model Impact location Impact quantification 

WGAN-GP 

  

F1-score: 0.3545 MAPE: 0.1402 

CGAN 

  

F1-score: 0.8023 MAPE: 0.2535 



CycleGAN 

  

F1-score: 0.8037 MAPE: 0.2152 

CycleWDCGAN-GP 

  

F1-score: 0.8116 MAPE: 0.2099 
* The best results among the models in the table are underlined and bolded. 521 

From the results in Table 7, it can be seen that WGAN-GP performed the worst in the task of 522 

impact localization but achieved the best performance in impact quantification with a MAPE of 523 

0.1402. Meanwhile, CycleWDCGAN-GP achieved the best results in impact localization with an F1-524 

SCORE of 0.8116 and ranked second in impact quantification with a MAPE of 0.2099. This is 525 

because the loss function of WGAN-GP does not include a direct calculation of the distance between 526 

tensors before and after the domain transfer, meaning that WGAN-GP has greater generative 527 

flexibility but is less stable. Considering the performance in both tasks, CycleWDCGAN-GP has the 528 

best overall effect.  529 

Next, before testing the proposed Transfer-AE (mode1 and mode2), we first conduct a 530 

hyperparameter analysis of the Transfer-AE structure using the numerical model data to determine 531 

the optimal hyperparameter of the structure for the impact detection task. Since the proposed Transfer-532 

AE consists of three different modules, the depth of each module can significantly affect the model's 533 

performance. We have identified four key hyperparameters to focus on: 534 

1. The number of feature extraction layers before each downsampling in the Encoder module. 535 

2. The number of feature extraction layers before each upsampling in the Decoder module. 536 

3. The number of 1D-convolutional layers before each downsampling in the Task module. 537 

4. The number of fully connected (FC) layers before the final output in the Task module. 538 



The values for the four hyperparameters range from 1 to 5 layers. Each hyperparameter was tested 539 

five times, and the results of the hyperparameter tests are shown in Figure 9. In the subplots of Figure 540 

9, the x-axis represents the values of the hyperparameters. The left y-axis represents the network's 541 

F1-score for the impact localization task, and the right y-axis represents the network's MAPE score 542 

for the impact quantification task. From Figures 9(a), (b), and (c), it can be observed that using 2 543 

feature extraction layers before each downsampling in the Encoder, 2 feature extraction layers before 544 

each upsampling in the Decoder, and 2 layers of 1D convolution for each downsampling in the Mask 545 

module achieves the best classification F1-score and regression MAPE. Additionally, their error bars 546 

are the smallest. From Figure 9(d), it can be observed that as the number of fully connected layers 547 

increases, both the classification accuracy and regression accuracy of the network decrease. The 548 

network performs best when only one fully connected layer is used before the final output in the task 549 

module. Therefore, in our subsequent research, we will assemble the Transfer-AE model using the 550 

optimal combination of "2 feature extraction layers/each pooling in Encoder" - "2 feature extraction 551 

layers/each pooling in Decoder" - "2 Conv1D layers/each pooling in Task module" - "1 fully 552 

connected layer before output." 553 

  554 

(a) Feature extraction layers in Encoder        (b) Feature extraction layers in Decoder 555 

  556 

(c) Feature extraction layers in Task module      (d) Fully connected layers in Task module 557 
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Figure 9. Results of the hyperparameter tests for Transfer-AE. 558 

Then, following the methodology described, we established the Transfer-AE (mode 1) model. 559 

In constructing the Transfer-AE network, we experimented with three different feature extraction 560 

units: those based on CNN units, LSTM units, and multi-head attention (MHA) units, in order to 561 

compare the performance differences between these extraction methods. For the three Transfer-AE 562 

(mode 1) models, we first used the numerical experiment set for Stage 1 pre-training, and then 563 

proceeded to joint training on the physical experiment set and numerical experiment set in Stage 2. 564 

Table 8 displays the performance of Transfer-AE (mode 1) on their respective test sets for both Stage 565 

1 and Stage 2. Similarly, we use F1-score and MAPE as metrics. 566 

Table 8. The performance of three different units of Transfer-AE (mode1) on test sets 567 

Train Stage 1 Train Stage 2 

Numerical test set Numerical test set Physical test set 

   
F1-score: 0.9464 F1-score: 0.9903 F1-score: 0.8598 

   
MAPE: 0.0704 MAPE: 0.0120 MAPE: 0.1063 

(a) CNN-based Transfer-AE (mode1) 

   



F1-score: 0.9560 F1-score: 0.9366 F1-score: 0.7693 

   
MAPE: 0.2707 MAPE: 0.0187 MAPE: 0.1044 

(b) LSTM-based Transfer-AE (mode1) 

   
F1-score: 0.7693 F1-score: 0.6730 F1-score: 0.2776 

   
MAPE: 0.2487 MAPE: 0.0949 MAPE: 0.1639 

(c) MultiHeadAttention-based Transfer-AE (mode1) 

* The best results among the models in the table are underlined and bolded. 568 

From Table 8, it can be observed that the all three Transfer-AE (mode 1) models, after training, 569 

achieved excellent results on both numerical and physical test sets, surpassing the performance of the 570 

baseline model. Notably, after introducing physical experimental data for training in Stage 2, 571 

Transfer-AE (mode 1) not only achieved effective recognition of impacts on the physical test set but 572 

also saw a significant improvement in the accuracy of recognizing impact magnitude and location on 573 

the numerical test set compared to the results from Stage 1. Moreover, a comparison of the three 574 

models reveals that the Transfer-AE (mode 1) based on CNN units achieved the best impact 575 

quantification performance. It achieves the highest accuracy in detecting the magnitude and location 576 

of impact among the three models, with an F1-score of 0.9903 and a MAPE of 0.0120 on the 577 



numerical test set, and it also achieved the highest impact location accuracy with an F1-score of 578 

0.8598 on the physical test set. Moreover, on the physical test set, the best accuracy in impact 579 

quantification was achieved by the LSTM-based Transfer-AE (mode 1).  580 

Similarly, we established three Transfer-AE (mode 2) models using the three types of feature 581 

extraction units. Each was trained on the numerical experiment set during Stage 1, followed by 582 

training on the physical experiment set during Stage 2. After training, the three models were then 583 

tested on both the numerical and physical test sets to evaluate their performance in detecting impacts, 584 

as shown in Table 9.  585 

Table 9. The performance of three different units of Transfer-AE (mode2) on test sets 586 

Train Stage 1 Train Stage 2 

Numerical test set Physical test set 

  
F1-score: 0.9208 F1-score: 0.8492 

  
MAPE: 0.0033 MAPE: 0.1016 

(a) CNN-based Transfer-AE mode2 

  
F1-score: 0.9432 F1-score: 0.8459 



  
MAPE: 0.0051 MAPE: 0.1018 

(b) LSTM-based Transfer-AE mode2 

  
F1-score: 0.7660 F1-score: 0.5104 

  
MAPE: 0.0391 MAPE: 0.1100 

(c) MultiHeadAttention-based Transfer-AE mode3 

* The best results among the models in the table are underlined and bolded. 587 

From Table 9, it can be seen that all three Transfer-AE (mode 2) models surpassed the baseline 588 

performance on both test sets. Furthermore, similar to the Transfer-AE (mode 1) models, the CNN-589 

based Transfer-AE (mode 2) achieved the highest accuracy in detecting impact magnitude on the 590 

numerical test set, with a MAPE of 0.0033, and exhibited the best performance among the three 591 

models on the physical test set, with an F1-score of 0.8492 and a MAPE of 0.1016. Moreover, the 592 

LSTM-based Transfer-AE (mode 2) achieved the best accuracy in detecting impact locations on the 593 

numerical test set, with an F1-score of 0.9432.  594 

In Table 10, we summarized the performance of the baseline model, the deep learning-based DA 595 

models and the six Transfer-AE models in the task of impact quantification and location. In Table 10, 596 

we highlighted the best metrics for each item by using bold and underlining. From Table 10, it is 597 



evident that, compared to the baseline and the CycleWDCGAN-GP model, which has the best 598 

performance among the mainstream DA methods, both Transfer-AE (mode 1) and Transfer-AE (mode 599 

2) achieved remarkable accuracy in detecting and locating impacts on both the numerical and physical 600 

test sets. This validates the effectiveness of the two proposed Transfer-AE models, as they 601 

successfully bridged the distribution differences between samples from the numerical space and those 602 

from the real physical space, which enabled one network to achieve consistent impact detection 603 

results across structural responses of varying distributions.  604 

Table 10. Summary of models’ performance in impact detection. 605 

Model 
Location Quantification 

Accuracy Precision Recall F1-score MAPE 

Baseline 
Numerical 0.8304 0.8723 0.8304 0.8160 0.0586 

Physical 0.2105 0.4934 0.2105 0.2668 0.3132 

WGAN-GP 
Numerical 0.9156 0.9241 0.9156 0.9133 0.0401 

Physical 0.3684 0.5251 0.3684 0.3545 0.1402 

CGAN 
Numerical 0.9156 0.9241 0.9156 0.9133 0.0401 

Physical 0.8289 0.8294 0.8289 0.8023 0.2535 

CycleGAN 
Numerical 0.9156 0.9241 0.9156 0.9133 0.0401 

Physical 0.8157 0.8590 0.8157 0.8037 0.2152 

CycleWDCGAN-GP 
Numerical 0.9156 0.9241 0.9156 0.9133 0.0401 

Physical 0.8157 0.8573 0.8157 0.8116 0.2099 

CNN Tansfer-AE (mode1) 
Numerical 0.9904 0.9906 0.9904 0.9903 0.0120 

Physical 0.8552 0.8731 0.8552 0.8598 0.1063 

LSTM Tansfer-AE (mode1) 
Numerical 0.9413 0.9456 0.9413 0.9366 0.0186 

Physical 0.7500 0.8622 0.7500 0.7693 0.1044 

MHA Tansfer-AE (mode1) 
Numerical 0.6834 0.7079 0.6834 0.6730 0.0949 

Physical 0.2763 0.3703 0.2763 0.2776 0.1639 

CNN Tansfer-AE (mode2) 
Numerical 0.9208 0.9238 0.9208 0.9208 0.0033 

Physical 0.8552 0.8675 0.8552 0.8492 0.1016 

LSTM Tansfer-AE (mode2) 
Numerical 0.9434 0.9456 0.9434 0.9432 0.0051 

Physical 0.8552 0.8698 0.8552 0.8459 0.1018 

MHA Tansfer-AE (mode2) 
Numerical 0.7808 0.7935 0.7808 0.7660 0.0391 

Physical 0.4605 0.6846 0.4605 0.5104 0.1100 

* The best results among the models in the table are underlined and bolded. 606 

Moreover, when comparing the Transfer-AE models under the two modes with different units, 607 

it can be observed that for the task of locating impacts, Transfer-AE (mode 1) performs better, with 608 

the CNN-based Transfer-AE (mode 1) achieving the best performance among the six models on both 609 

datasets. On the other hand, for the quantification of impact magnitude, Transfer-AE (mode 2) shows 610 

superior performance, with the CNN-based Transfer-AE (mode 2) and the LSTM-based Transfer-AE 611 



(mode 2) achieving the lowest MAPE on the numerical and physical test sets, respectively. The 612 

analysis concludes that compared to LSTM and MHA, the broader global receptive field of CNN 613 

when processing time-domain signals may be the reason for its superior performance. Regarding this 614 

case, the mode 1 performs better than mode 2 because it makes fuller use of information fusion, which 615 

directly finds a universal mapping to the same latent space from two different distributions, whereas 616 

mode 2 calculates the residual between the two distributions directly. However, this situation may 617 

change when faced with more distributions. As more distributions are introduced, finding a common 618 

mapping for these distributions becomes increasingly difficult, whereas the difficulty for mode 2 619 

remains constant when more distributions are introduced. Moreover, it should be noted that Transfer-620 

AE (mode 1) has the advantage of faster inference speed because it does not add extra network 621 

structure when introducing new distribution samples for training. On the other hand, Transfer-AE 622 

(mode 2) benefits from faster training speed and lower training difficulty because it uses only the 623 

newly introduced distribution samples for training, additionally, there is no need to worry about the 624 

introduction of new distributions compromising or reducing the network's applicability to the old 625 

distribution data. Table 11 summarizes the speeds of mode 1 and mode 2 for the three types of 626 

Transfer-AE models at different stages. From Table 11, it can be observed that for all three types of 627 

Transfer-AE, mode 1 has a smaller size and faster computational speed during inference compared to 628 

mode 2, but it is slower than mode 2 during the training phase. 629 

Table 11. Comparison of training and inference speeds between Mode 1 and Mode 2. 630 

Model Training period Inference period 

CNN Tansfer-AE (mode 1)  187ms/step 
 16s/epoch 

 Total params: 7,492,538 
 0.18s/step 

CNN Tansfer-AE (mode 2)  89ms/step 
 5s/epoch 

 Total params: 7,900,506 
 0.22s/step 

LSTM Tansfer-AE (mode 1)  141ms/step 
 9s/epoch 

 Total params: 7,511,642 
 0.25s/step 

LSTM Tansfer-AE (mode 2)  197ms/step 
 12s/epoch 

 Total params: 7,938,714 
 0.29s/step 

MHA Tansfer-AE (mode 1)  170ms/step 
 11s/epoch 

 Total params: 7,141,835 
 0.21s/step 

MHA Tansfer-AE (mode 2)  97ms/step 
 6s/epoch 

 Total params: 7,199,100 
 0.29s/step 

Finally, from the perspective of feature extraction units, it is apparent that Transfer-AE is more 631 

suited to using CNN-based units to construct its Encoder, and this is true for both mode 1 and mode 632 

2. For the task of detecting and locating impacts on the geodesic dome in this case, taking all metrics 633 

into consideration, we recommend using the CNN-based Transfer-AE (mode 1) for digital twin.  634 

4.2 Impact localization and quantification test on the IASC–ACSE benchmark structure 635 

To further validate the generalizability of the proposed model in the impact localization and 636 

quantification tasks, we conducted tests on the IASC-ASCE benchmark [54,55] which is a benchmark 637 

framework used to evaluate the performance of structural health monitoring methods and control 638 



systems. The structure of the benchmark is shown in Figure 10. Phase II experiments of the IASC-639 

ASCE benchmark include impact hammer tests while testing for structural damage, and the 640 

benchmark also provides multiple open-source finite element numerical models. Due to the limited 641 

number of impact hammer hits in the measured data (only 6-7 hits in a healthy state), it is challenging 642 

to establish a training set with enough samples for training. Therefore, our experiments are based on 643 

the finite element models provided by the IASC-ASCE benchmark. The IASC-ASCE benchmark 644 

offers two finite element analysis models with 12 DOF and 120 DOF [56]. The 120 DOF model is 645 

very close to reality and can serve as a substitute for the real structure after model updating, while the 646 

12 DOF model simulation is quite rough. Hence, we do not perform model updating on the 12 DOF 647 

model. Instead, we use the domain-adaptive approach, which includes our proposed Transfer-AE as 648 

well as mainstream models, to verify whether it is possible to establish impact localization and 649 

quantification models. This approach aims to simultaneously identify structurally responsive data 650 

with distribution differences from the 12 DOF and 120 DOF models to achieve consistent detection 651 

results.  652 

 653 

(a) Steel-frame scaled structure            (b) Diagram of analytical model 654 

Figure 10. Real structure and analytical model of benchmark [55]. 655 

Acceleration sensors are installed at 16 positions on the framework structure to collect structural 656 

response data, and the finite element model also has acceleration monitoring units at corresponding 657 

positions. According to the benchmark specifications, the impact hammer can be applied at four 658 

locations, corresponding to the four floors of the framework structure. The sampling rate of the finite 659 

element model is 1 kHz, and the benchmark indicates that the force from the hammer dissipates within 660 

4 seconds, so we sample the structural response for 4 seconds in the model. We sampled a total of 661 

100 different forces in the range of [9000(lbs.), 11000(lbs.)] at four different impact locations on the 662 

12 DOF model, creating a time series dataset of shape (4×100, 4000, 16), referred to as T12. Similarly, 663 

in the 120 DOF model, we sampled 20 different forces within the same range, creating a time series 664 



dataset of shape (4×20, 4000, 16), referred to as T120. After shuffling T12 and T120, we split them into 665 

training and testing sets in an 8:2 ratio. Table 12 shows the specific format and description of the 666 

benchmark data used.  667 

Table 12. The size and description of used benchmark data. 668 

Dataset 
Input Ground Truth 

16 channels of 
acceleration signals Impact Force (lbs.) Impact position 

(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, 669 

CycleWDCGAN-GP, as well as mode1 and mode2 of Transfer-AE. For the baseline model, we 670 

combine the training sets of 12 DOF and 120 DOF to train the baseline model. For the GAN-based 671 

model, We use the training set of 12 DOF to train the task model and train the GAN-based model to 672 

transfer signals from the 120 DOF domain to the 12 DOF domain. Then, we test the trained task 673 

model on the 120 DOF test set. Since the same task model is used, the performance of the GAN-674 

based model on the 12 DOF test set is the same. For the proposed Transfer-AE (both mode1 and 675 

mode2), we use a CNN-based structure with optimal hyperparameters to perform stage 1 and stage 2 676 

training using the training sets of 12 DOF and 120 DOF, respectively. Table 13 summarizes the impact 677 

localization and quantification metrics of each model on the 12DOF and 120DOF test sets.  678 

Table 13. The metrics of models on the test sets of 12DOF and 120DOF. 679 

Model Location Quantification 
F1-score MAE MAPE 

Baseline 12 DOF 1.000 736.196 0.0725 
120 DOF 1.000 1835.970 0.1799 

WGAN-GP 12 DOF 1.000 951.485 0.0951 
120 DOF 0.496 2106.264 0.2115 

CGAN 12 DOF 1.000 951.485 0.0951 
120 DOF 1.000 1103.237 0.1109 

CycleGAN 12 DOF 1.000 951.485 0.0951 
120 DOF 1.000 1065.395 0.1069 

CycleWDCGAN-GP 12 DOF 1.000 951.485 0.0951 
120 DOF 1.000 1018.316 0.0815 

Tansfer-AE (mode1) 12 DOF 1.000 309.165 0.0312 
120 DOF 1.000 269.638 0.0271 

Tansfer-AE (mode2) 12 DOF 1.000 453.334 0.0459 
120 DOF 1.000 99.226 0.0100 

From Table 11, it can be observed that all models, except WGAN-GP, achieved 100% impact 680 

localization accuracy on both the 12 DOF and 120 DOF test sets. This is because the benchmark has 681 

only four impact locations, making the localization task simpler compared to Case 1's dome model, 682 

which includes 46 possible impact locations. Therefore, we focus the comparison of network 683 



performance on impact quantification accuracy. In Table 13, we have bolded and underlined the best 684 

impact quantification performances. Additionally, we also present the impact quantification accuracy 685 

of each model on the 12 DOF and 120 DOF test sets in Figure 11. The x-axis represents the actual 686 

impact size, while the y-axis represents the predicted impact size by each network. The orange dashed 687 

line in the subplots represents y=x, indicating better goodness of fit as the points get closer to the 688 

orange line. Combining Table 13 and Figure 11, we can see that Transfer-AE (mode 1) achieved the 689 

best performance on the 12 DOF test set with MAE/MAPE values of 309.165/0.0312, while Transfer-690 

AE (mode 2) achieved the best performance on the 120 DOF test set with MAE/MAPE values of 691 

99.226/0.0100. While from Figure 11, it can be observed that on the 12 DOF and 120 DOF test sets, 692 

the black and purple points representing Transfer-AE are closer to the orange line compared to other 693 

models. In the IASC-ASCE benchmark structure, we obtained analysis results consistent with those 694 

on the Dome structure in Case 1. Specifically, the two proposed modes of Transfer-AE achieved state-695 

of-the-art (SOTA) performance in structural impact localization and quantification tasks compared to 696 

current mainstream DA-based transfer learning models.  697 

 698 

(a) 12 DOF test set                     (b) 120 DOF test set     699 

Figure 11. The impact quantification results of models on the test sets of 12DOF and 120DOF. 700 

 701 

5. Discussion  702 

Based on the results of the case study, this section will discuss two issues regarding proposed 703 

Transfer-AE: the further transfer modes for structural digital twins and how Transfer-AE can be 704 

further applied in digital twins. 705 

Firstly, the two Transfer-AE modes proposed in the study validate the feasibility of a transfer 706 

paradigm for digital twin tasks based on autoencoders, which relies on the application of latent spaces. 707 

This approach is an extrapolation and application of generative paradigms and unsupervised anomaly 708 

detection paradigms. Therefore, besides autoencoders, the other two generative paradigms, namely 709 

Generative Adversarial Networks (GANs) and Diffusion, can theoretically also be designed to 710 
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establish task transfer models for digital twins. In further research, we plan to explore how to update 711 

the Transfer-AE for structural digital twins based on other generative AI technologies. However, the 712 

Variational Autoencoders (VAEs) based on autoencoders are also applicable, but this study did not 713 

employ VAE-based models. This is because, compared to AEs, VAEs introduce an additional 714 

constraint that the latent space follows a normal distribution. This is beneficial for increasing the 715 

complexity of mappings in generative tasks, thereby enhancing diversity. However, in transfer tasks, 716 

this diversity can increase the difficulty of the network of finding a fixed mapping to bridge the 717 

distribution differences between new and old data. In fact, a Transfer-VAE model on the basis of 718 

Transfer-AE was attempted in case study, but the results were poor, hence it was not included in the 719 

case study.  720 

Additionally, it should be noted that the study proposes two Transfer-AE modes. Mode 1 has a 721 

fixed structure with fast inference speed, but training becomes difficult and costly when new 722 

distributions are introduced. Conversely, Mode 2 introduces new structures with the introduction of 723 

new distributions, making training simpler and faster, but at the cost of reduced inference speed. The 724 

research currently only involves two distributions; however, when more distributions are involved, 725 

Modes 1 and 2 can be combined to form Mode 3. In this hybrid mode, a portion of the dominant 726 

distribution data is trained using Mode 1, and on this basis, additional small-scale distributions are 727 

trained using Mode 2 by adding extra Encoders. The effects and applications of this Mode 3 are 728 

directions for our further research. 729 

Furthermore, the Transfer-AE model proposed in this study focuses on establishing a consistent 730 

link between numerical models and physical structures in impact detection tasks. This means we can 731 

attempt a wider variety of impact types in the numerical model and train the Transfer-AE model to 732 

replace corresponding experiments on real physical structures. Consequently, the updated Transfer-733 

AE model can be directly used for impact detection on real structures. Moreover, besides impact 734 

detection tasks, the Transfer-AE model can also be used to bridge the distribution differences between 735 

numerical models and real physical space models in other physical information aspects, such as 736 

structural modulus damage, missing structural components, and other anomalies. Transfer-AE can 737 

accomplish the task of detecting these kinds of structural anomalies like structural damage 738 

localization and quantification for such scenarios. Furthermore, Transfer-AE can be used as a 739 

foundational model in conjunction with inversion models such as genetic algorithms. It can equate 740 

the structural responses obtained from real structure monitoring to responses in numerical space, 741 

facilitating the update of numerical models. This continuous association between numerical models 742 

and real physical structures enables the realization of digital twins' roles in construction process 743 

monitoring, construction progress control, and long-term structural monitoring.  744 

 745 



6. Conclusions 746 

The study proposes a novel autoencoder-based impact detection model Transfer-AE for 747 

structural digital twin, the conclusions of the study are as follows: 748 

 The study introduces a transfer learning paradigm for structural digital twins based on an 749 

autoencoder architecture and designs an artificial neural network structure named Transfer-AE. 750 

This structure takes structural responses as input and synchronously outputs predicted impact 751 

magnitude and location, adaptively compensating for distribution differences between numerical 752 

models and real physical structures, enabling consistent estimation for the same impact event. 753 

 Based on the proposed Transfer-AE structure, Transfer-AE (mode 1) was designed with a fixed 754 

network structure. When updating with new distribution data, it requires alternating training with 755 

samples from both old and new distributions. Its fixed structure offers fast inference speed but 756 

comes with high training costs and difficulty. In the 3D dome structure case study, CNN-based 757 

Transfer-AE (mode 1) achieved the best accuracy in detecting and locating impacts on both 758 

numerical and physical test sets, with F1-scores of 0.9903/0.8598 and MAPEs of 0.0120/0.1063. 759 

In the IASC-ASCE benchmark structure case study, Transfer-AE (mode 1) achieved the best 760 

impact quantification accuracy on the 12 DOF model with MAE/MAPE of 309.165/0.0312. 761 

 Transfer-AE (mode 2) was designed with a variable network structure. When updating with new 762 

distribution data, it freezes the parameters of the previously trained Transfer-AE and duplicates 763 

its Encoder module, using only new data to train new parameters. This simplifies and speeds up 764 

training with new samples but increases model complexity and decreases inference speed as 765 

more modules are added. In the 3D dome structure case study, CNN-based Transfer-AE (mode 766 

2) showed better performance in impact quantification on both numerical and physical test sets, 767 

achieving MAPEs of 0.0033/0.1016, while LSTM-based Transfer-AE (mode 2) had better 768 

accuracy in impact location, with F1-scores of 0.9432/0.8459. In the IASC-ASCE benchmark 769 

structure case study, Transfer-AE (mode 2) achieved the best impact quantification accuracy on 770 

the 120 DOF model with MAE/MAPE of 99.226/0.0100. 771 

The study still has some shortcomings. Firstly, the structural response signals from the real 772 

physical structure contain significant noise, making it difficult for the network to obtain accurate 773 

results in impact detection and localization using only these signals. In further research, we will 774 

optimize the physical structure and employ experimental methods and data processing techniques to 775 

minimize the noise as much as possible. Additionally, it should be noted that this study only 776 

investigated the scenario of impacts applied to the nodes of the geodesic dome. Therefore, in the 777 

future, it will be necessary to expand the application scenarios of the model to determine whether 778 

impacts applied to any location on the dome can still be accurately detected. Moreover, the study 779 

focuses solely on the impact localization and quantification of undamaged structures and does not 780 



consider the complex scenarios of structural damage. In the future, the quantification and transfer of 781 

structural damage will also be a key area for further research. Furthermore, future research will 782 

explore the continuous learning of Transfer-AE in the face of multi-distribution data, such as 783 

combining mode 1 and mode 2 into mode 3 as discussed in section 5, and investigating its 784 

performance and ways to enhance it.  785 
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