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Abstract6

Structural Health Monitoring (SHM) plays a vital role in maintaining the safety and functionality of struc-7

tural and mechanical elements in different engineering sectors. Conventional model-based SHM techniques8

often struggle with the intricacies of complex systems due to oversimplified models. In contrast, data-driven,9

model-free methods provide speed and scalability but often fail to incorporate system physics, which leads to10

challenges in generalizing. Physics-informed neural networks (PINNs) have emerged as promising solutions11

by merging data-driven models with physical insights. Nevertheless, the majority of PINN applications12

in SHM concentrate on estimating dynamic system states, while inverse estimation remains less explored.13

Most existing inverse methods demand complete state measurements, which are rarely achievable in practical14

scenarios. This research presents a novel PINN framework—a physics informed attention-augmented Long15

Short-Term Memory network (Pi-Attn-LSTM)—designed for estimating parameters in structural systems16

without the need for comprehensive state data, thereby enhancing its feasibility. The model utilizes a tem-17

poral attention mechanism in an encoder-decoder setup to adaptively focus on critical features in sequential18

data, enhancing the accuracy of parameter estimation in dynamic environments. Validation is executed19

using both numerical simulations of multi-degree-of-freedom systems, including an IASC-ASCE-Benchmark20

problem, and experimental tests on data from a scaled aluminium frame. Moreover, comparative studies21

between the proposed Pi-Attn-LSTM and a typical Pi-LSTM model demonstrate the superior robustness22

and accuracy of Pi-Attn-LSTM. The extensive validation study shows that Pi-Attn-LSTM not only speeds23

up convergence but also reliably identifies localized structural degradation, highlighting its potential as a24

viable tool for SHM in real-world scenarios.25
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1. Introduction26

In structural engineering, the pursuit of accurately modeling and forecasting structural behavior generally27

falls into two broad categories: data-driven and physics-driven strategies. Data-driven methods involve sta-28

tistical techniques used in both the time [1–4] and frequency domains [5–7], as well as latent space techniques29

like blind source separation (BSS) [8–11], which mostly depend on empirical data for developing models.30

Conversely, physics-driven methods presume a predetermined model structure, often expressed through31

parameterized models or governing differential equations, refined via optimization or Bayesian approaches32

[12–17]. While parameter estimation based on models, such as those employing Bayesian filtering algorithms33

[18–20], take advantage of inherent physics, model-independent approaches [8–11] typically depend on fault-34

sensitive statistical distances. Nevertheless, these methods generally overlook spatial correlations informed35

by physical understanding. Although support models can theoretically enhance precision, they can also36

introduce serious computational difficulties and potentially compromise robustness due to the sensitivity of37

statistical distances to model inaccuracies. However, recent advancements in machine learning (ML) and38

artificial intelligence (AI) algorithms provide encouraging solutions to these difficulties.39

In the domain of vibration-based SHM and system identification, AI/ML have captured significant at-40

tention over the last decade [21, 22]. Artificial neural networks (ANNs) have been effectively utilized to41

determine various structural parameters, including mass, stiffness, damping coefficients, eigenvalues, and42

eigenmodes, by analyzing vibration and acceleration data [23, 24]. Recently, Wen et al. [25] effectively ad-43

dressed the challenge of modeling high-dimensional spatiotemporal responses by integrating Graph Neural44

Networks (GNNs) with Temporal Convolutional Networks (TCNs). This approach leverages graph rep-45

resentations to capture spatial dependencies and enhances surrogate modeling performance compared to46

conventional methods such as ANNs and LSTM networks. By embedding spatial structure within the47

network architecture, the model improves accuracy and reduces data requirements relative to traditional48

black-box approaches. Similarly, Xu et al.[26] proposed a data-driven spatiotemporal model predictive con-49

trol (MPC) framework to capture nonlinear distributed parameter system (DPS) dynamics. It integrates50

Kernel Principal Component Analysis (KPCA) and Least Squares Support Vector Machines (LS-SVM) to51

model complex nonlinear behavior across space and time. This extends earlier efforts [27–29], which pri-52

marily focused on temporal dynamics using tools such as Singular Value Decomposition (SVD), Support53

Vector Machines (SVM), and Principal Component Analysis (PCA). While these techniques are effective and54

computationally efficient, their precision, efficiency, and ability to generalize substantially depend on large55

volumes of training data, which restricts their use in situations with limited measurements. The mathemat-56

ical models derived are often not aligned with first-principles-based formulations, reducing their physical57

consistency. As a result, these black-box models present challenges in system identification scenarios where58

understanding the underlying physics is crucial [30, 31].59
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Physical systems, often in the form of non-linear partial differential equations, are modeled using first60

principles. Thus, sophisticated techniques have been adopted in the past for solution and coefficient discovery61

of these physical systems [32–34]. However, recently, Physics-Informed Neural Networks (PINNs), introduced62

by [35], have emerged as a powerful tool for modeling and estimating physical systems, particularly when63

data availability is limited. By incorporating physics-driven loss functions alongside traditional data-driven64

loss functions, PINNs significantly enhance the quality of neural network estimates, even in scenarios with65

scarce data. Leveraging their versatility, PINNs have found applications across diverse fields of science and66

engineering, including physics [36, 37], solid mechanics [38], fluid mechanics [39, 40], biomedical engineering67

[41], geotechnical engineering [42], non-linear dynamics [43–46] and atmospheric sciences [47].68

In structural engineering, researchers have explored the use of PINNs for solving both forward and inverse69

problems. Studies such as [48–50] have demonstrated the application of PINNs for dual state-parameter70

estimation in linear and nonlinear multi-degree-of-freedom (MDOF) systems under forced vibration. While71

these efforts showcase the potential of PINNs in system identification, their primary focus on modal param-72

eter estimation poses limitations in practical scenarios. Modal properties are often challenging to extract in73

real-world settings and are highly sensitive to environmental noise, reducing the robustness and applicability74

of these methods.75

Moreover, structural systems often encompass high-frequency ordinary or partial differential equations76

(ODEs/PDEs) and multiscale characteristics, where PINNs often face challenges in achieving convergence77

[51–53]. This challenge is further compounded by the conventional architecture of PINNs, which typically78

rely on multilayer perceptron (MLP) frameworks. Unlike methods such as finite element analysis (FEM),79

which inherently incorporate temporal dependencies by iteratively solving global states based on previous80

time steps, traditional PINNs treat the problem in a point-to-point manner. This lack of explicit modeling81

of temporal dependencies can result in degraded accuracy over time, particularly for dynamic systems.82

To address these temporal challenges, Long Short-Term Memory (LSTM) networks offer a promising so-83

lution due to their ability to capture long-term dependencies in sequential data using gating mechanisms [54].84

LSTM models have demonstrated success in various fields. For example, [55] introduced physics-informed85

LSTM (PI-LSTM) networks to predict nonlinear building responses during earthquakes, highlighting the86

potential of combining neural networks with physics-based constraints. Similarly, [56] used PI-LSTM mod-87

els to predict complex dynamic systems, and [57] applied them to both single degree-of-freedom (SDOF)88

systems and multi-story buildings. [58] extended PI-LSTM models to predict seismic responses and estimate89

isolator parameters for frame structures. A notable limitation in [58], however, was utilization of full state90

data at all degrees of freedom (DOFs), which is often impractical in real-world scenarios.91

While LSTM models have shown impressive performance in various domains, research continues to focus92

on enhancing their predictive accuracy. Recently, attention mechanisms [59] have been developed to improve93

neural networks by focusing on the most relevant portions of the input data. Attention mechanisms have94
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been widely adopted in fields such as machine translation [60], semantic segmentation [61], and time series95

prediction [62, 63], demonstrating significant improvements in accuracy and reliability.96

In the field of civil engineering, recent studies have leveraged attention-based deep learning models for97

structural response prediction. For instance, [64] employed an attention-based Long Short-Term Memory98

(Attn-LSTM) network for predicting the response of bridge structures, while [65] integrated Transformer99

models with LSTMs to predict nonlinear seismic responses in multi-story buildings. Building on these ad-100

vancements, this study introduces a novel physics informed attention-augmented Long Short-Term Memory101

network (Pi-Attn-LSTM) framework aimed at parameter estimation for framed civil structures. Unlike PI-102

LSTM [58], the proposed method relies solely on acceleration and forcing data, enhancing its practicality103

for real-world applications. The results of Pi-Attn-LSTM are also compared with a variant of PI-LSTM in104

discrete time settings termed Pi-LSTM to demonstrate the superior prediction accuracy and robustness of105

Pi-Attn-LSTM.106

The paper is organized as follows: Section 2 outlines the detailed methodology, covering system dy-107

namics, LSTM networks, attention-based LSTM models, Pi-LSTM, and Pi-Attn-LSTM. Section 3 presents108

numerical validations on a 4-degree-of-freedom (4-DOF) linear and non-linear structural system, a 5-DOF109

non-linear steel-framed building, and a 12-DOF IASC-ASCE benchmark model. Experimental validation of110

the proposed framework is demonstrated in Section 4, using an aluminum frame structure to showcase its111

practical application. Finally, Section 5 concludes with a summary of the key findings and implications of112

the study.113

2. Methodology114

The proposed method introduces a Pi-Attn-LSTM network for parameter identification of civil structures.115

A temporal attention mechanism is incorporated to enhance the performance of the traditional LSTM based116

encoder-decoder framework. The primary motivation behind using the attention mechanism is its ability to117

adaptively identify key features within the input time series, thereby improving predictive accuracy. This118

section begins with an introduction to the fundamental concepts of system dynamics. Following that, LSTM,119

LSTM based encoder-decoder model and attention mechanism are presented. After this the final illustration120

of the Pi-LSTM and Pi-Attn-LSTM are illustrated.121

2.1. System Dynamics122

The study of linear mechanical system dynamics is governed by foundational equations that describe123

the interplay between a system’s motion, external forces, and boundary conditions. For complex systems124

with multiple dynamic interactions, these governing equations are typically discretized spatially into degrees125

of freedom (DOFs) via Finite Element (FE) modeling, which transforms the continuous system into a126
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manageable set of equations for numerical solutions as:127

Mẍ(t) +Cẋ(t) +Kx(t) = u(t) (1)

Time integration methods are then applied to advance the system response through discrete time steps128

[66]. A linear time-invariant (LTI) system can be represented in state-space form as follows:129

ż(t) = Fcz(t) +Ecu(t) (2)

where z(t) is the state vector comprising {x, ẋ}T , u(t) denotes external forces, Fc is the state matrix130

characterizing intrinsic system dynamics, and Ec is the input matrix, both defined in continuous-time. The131

matrices Fc and Ec are given as:132

Fc =

 0n×n In×n

−M−1K −M−1C


2n×2n

(3)

Ec =

0n×n

M−1


2n×p

(4)

Here, the mass (M), damping (C), and stiffness (K) matrices characterize the structural properties of133

the system, with In×n as the identity matrix and 0n×n as the zero matrix, indicating no direct interaction134

between displacement and velocity in the system’s inherent dynamics.135

The state vector z(t) =

x(t)
ẋ(t)


2n×1

includes both displacements x(t) and velocities ẋ(t) for each DOF.136

External forces u(t) act as system inputs, with size p × 1, where p corresponds to the number of forces137

applied.138

The system’s outputs are observed through measurement equations that link the states to observable139

quantities, represented as:140

y(t) = Hcz(t) + Lcu(t) (5)

In this equation, y(t) refers to measured outputs (e.g. accelerations at particular locations). The output141

matrix Hc =
[
−M−1K −M−1C

]
m×2n

maps the state vector z(t) to the measurement domain, while142

Lc =
[
M−1

]
m×p

captures the direct influence of external forces on measurements. Here, m is the number143

of outputs measured, typically fewer than the system’s total states.144

In practical applications, continuous-time equations are not directly observable; instead, measurements145

are obtained at discrete time intervals. Thus, the continuous-time equations must be discretized for numerical146

simulation. Using methods such as zero-order hold (ZOH) or bilinear transformation, the discrete-time state-147

space equations are formulated as follows:148
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zk = Fzk−1 +Euk (6)
149

yk = Hzk + Luk (7)

where zk and uk are the state and input vectors at discrete time step k, with F, E, H, and L as the150

discrete-time counterparts of Fc, Ec, Hc, and Lc. These discrete equations provide the basis for numerically151

simulating and estimating the dynamics of time-invariant systems, enabling future state predictions from152

sampled data.153

To estimate the system health, Equation (6),(7) are parameterized with location based health parameters154

{λi}, i = 1, · · · , n, where n denotes the number of monitored locations. Each λi is defined to signify the155

localized stiffness deterioration level, with 0 indicating complete damage and 1 denoting a healthy state.156

For elucidation, Equation (6), (7) is here reformulated to reflect the dependence of the system matrices on157

the health indices λ:158

zk = F(λ)zk−1 +Euk (8)
159

yk = H(λ)zk + Luk (9)

This approach offers a robust framework for analyzing the dynamics of complex civil structures and160

facilitates the application of advanced data-driven methods, such as Physics-Informed Neural Networks161

(PINNs), in structural health monitoring contexts.162

2.2. LSTM and Attention based LSTM encoder-decoder model163

For the system with its dynamics defined in discrete time settings in the previous subsection, it becomes164

essential to select a framework capable of effectively handling time series data. Long-short-term memory165

(LSTM) neural network, a variant of Recurrent neural network (RNN) designed to eliminate the drawbacks166

of RNN such as preservation of long-term dependencies in sequential data using gate mechanism is therefore167

used as a reliable tool for time series modeling of structural systems [55, 57]. As shown in Figure 1(b),168

the standard architecture of a LSTM neural network contains a series of self-connected LSTM cells detailed169

in Figure 1(a), each of which comprises three interconnected components including an input gate, a forget170

gate, and an output gate. The input gate modulates the incorporation of new information into the cell171

state, enabling selective updating. The forget gate adaptively scales the long-dependent information from172

the previous time step, facilitating the retention or discarding of past information as required. The cell state173

undergoes updates based on the combined effects of the input and forget gates, thereby preserving only the174

relevant temporal information. The output gate modifies the hidden output of the LSTM cell according to175

the updated cell state.176

In a discrete-time setup, at any arbitrary kth time step tk (where k = 1, . . . , l), let the input state be177

xk, the forget gate be fk, the input gate be ik, the output gate be ok, the cell state memory be ck, and the178
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hidden state output be hk. For the previous time step k − 1, the cell state memory is ck−1 and the hidden179

state output is hk−1. The relationships among these variables are described by the following equations (also180

depicted in Figure 1(b)):181

fk = σ (Wxfxk +Whfhk−1 + bf ) ,

ik = σ (Wxixk +Whihk−1 + bi) ,

c̃k = tanh (Wxcxk +Whchk−1 + bc) ,

ok = σ (Wxoxk +Whohk−1 + bo) ,

ck = fk ⊙ ck−1 + ik ⊙ c̃k,

hk = ok ⊙ tanh (ck)

(10)

Here, Wαβ (with α = {x, h} and β = {f, i, c, o}) are the weight matrices corresponding to different182

inputs (e.g. xk or hk) within different gates (e.g. input gate, forget gate, tanh layer or output gate), while183

bβ represents the corresponding bias vectors. For instance, Wxf and Whf are the weight matrices for input184

vectors xk and hk−1, respectively, within the forget gate. The variable c̃k denotes a vector of intermediate185

candidate values created by a tanh layer, σ is the logistic sigmoid function, tanh is the hyperbolic tangent186

function, and ⊙ denotes the Hadamard product (element-wise multiplication).187

Although LSTM models have demonstrated remarkable performance across diverse domains, research188

continues to explore methods for enhancing their predictive accuracy. Recently, attention mechanisms [59]189

have emerged as a powerful tool for improving neural networks by selectively focusing on the most relevant190

portions of input data. The attention-based LSTM encoder-decoder model is an enhancement of the standard191

LSTM and sequence-to-sequence architecture [67], particularly effective for handling long and complex input192

sequences [58]. In a traditional LSTM encoder-decoder, the encoder processes an input sequence and encodes193

it into a fixed-length context vector. The decoder then uses this context vector to generate the output194

sequence. However, this approach struggles when dealing with long input sequences because the fixed-195

length vector may not adequately capture all relevant information [62, 63]. The introduction of an attention196

mechanism [60] overcomes this limitation by allowing the decoder to selectively focus on different parts of197

the input sequence during the decoding process, dynamically adjusting its focus at each time step. The198

attention mechanism enhances the standard LSTM encoder-decoder by allowing the decoder to access the199

entire sequence of encoder hidden states rather than compressing the input into a single vector.200

As shown in Figure 1(c) encoder takes an input sequence u ∈ Rl, where l is the length of the sequence.201

The LSTM encoder processes the input sequence and produces hidden states hk ∈ RH at each time step k,202

where H is the hidden dimension size. Further output of the LSTM encoder is transformed through a fully203

connected layer neural network (FCNN),204

ok = FCNN(hk), (11)
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Figure 1: Schematic of (a) LSTM cell: Detailed structure of an LSTM cell, highlighting the input, forget, and output gates
that regulate information flow, enabling the cell to maintain and update information over time, (b) LSTM neural network:
Architecture of LSTM neural network comprised of LSTM cell and fully connected neural network (FCNN), designed to capture
long-term dependencies in sequential data, and (c) Attention based LSTM encoder-decoder model: Architecture of
attention based LSTM encoder-decoder model comprised of encoder, attention module and decoder. Encoder processes the
input sequence and the attention mechanism allows the decoder to focus on different parts of the input for generating accurate
outputs.

Output ok from FCNN is passed to attention module to form context vector gk. The attention mod-205

ule comprised of scaled dot-product attention as a core component, enabling the decoder to focus on206

different parts of the input sequence at each time step. In the attention mechanism the query matrix207

Q = (h1, · · · ,hl+1) is the decoder’s current hidden state. The keys matrix K and the values matrix V are208

the outputs from fully connected neural networks (FCNN) i.e. K = V = (o0, · · · ,ol)209

For each decoding step k, the attention scores are computed by taking the dot product of the query Q210

and the keys K, scaled by the square root of the hidden size H:211

δkm =
hT
k · om√
H

∀m ∈ {0, · · · , l} (12)

These attention scores δkm are passed through a softmax function to generate attention weights akm,212
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which determine the relevance of each encoder hidden state with respect to the current decoder state:213

akm = softmax (δkm) ∀m ∈ {0, · · · , l} (13)

The attention weights are then used to compute context vector gk as a weighted sum of the values V:214

gk =
∑
m

akm · om (14)

This context vector aggregates the relevant information from the encoder outputs based on the attention215

weights at the current decoding step. The decoder LSTM generates the output sequence iteratively, using216

both the context vector from the attention mechanism and the previous hidden state as input. Initially, the217

last hidden state from the encoder is used to initialize the decoder’s hidden state.218

For each time step k in the decoder, the context vector computed by the attention mechanism is passed219

to the decoder LSTM. The decoder LSTM updates its hidden state based on the context vector and its220

previous hidden state:221

h
′

k, c
′

k = LSTM(gk, (h
′

k−1, c
′

k−1)) (15)

The output of the decoder LSTM is then passed through a fully connected layer to produce the final222

prediction for that time step:223

ỹk = FCNN(h
′

k) (16)

where ỹk is the predicted output for time step k. The decoding process proceeds step-by-step, where at224

each step, the attention mechanism computes a new context vector gk based on the current decoder state225

ok. This context vector allows the decoder to focus on different parts of the input sequence dynamically,226

ensuring that relevant information from the encoder is used to generate each output. The decoder’s hidden227

state and the context vector are continuously updated, enabling the model to generate an entire sequence228

of predictions.229

2.3. Physics-informed Attention LSTM (Pi-Attn-LSTM)230

To estimate system health parameters, the system dynamics, as shown in equations (8) and (9), are231

combined with the attention-based LSTM framework introduced earlier to form a unified Pi-Attn-LSTM232

model. The proposed Pi-Attn-LSTM framework is also compared with the standard Pi-LSTM to highlight233

the performance improvements enabled by the attention mechanism. Denoting both networks by N(·) and234

their parameters by {θ̃, λ̃} — where θ̃ represents the initial weights and biases, and λ̃ denotes the initial235

health parameters. System dynamics, used as a regularization term in Pi-Attn-LSTM and Pi-LSTM can be236

reformulated as:237

zk = F(λ̃)zk−1 +Euk (17)
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238

yk = H(λ̃)zk + Luk (18)

The Pi-Attn-LSTM and Pi-LSTM frameworks utilize three distinct datasets during the training process:239

(i) input forces [uc
k]m×Nc

, available at collocation points [tck]1×Nc
, which serve as inputs to the network;240

(ii) high-fidelity measurement and force dataset pairs
[
yh
k ,u

h
k

]
m×Nh

, available at Nh time points; and (iii)241

initial conditions [z0]m×1, available at the initial time point t0. These three data sources are integral to the242

training process of both the Pi-LSTM and Pi-Attn-LSTM models.243

Collocation points represent uniformly spaced time instances at which the physics-informed constraints244

are applied, while high-fidelity measurement data are obtained at time points where experimental measure-245

ments are available. Generally, the number of high-fidelity data points Nh equals the number of collocation246

points Nc. However, to account for real-world challenges such as sensor malfunctions or low resolution247

sensor data, number of high fidelity points Nh can be less than collocation points Nc. This dual approach248

of inducing data and physics enhances the robustness and generalizability of the Pi-LSTM/Pi-Attn-LSTM249

models, allowing for accurate predictions and deeper insights into the underlying system dynamics, even250

under uncertain or incomplete data conditions.251

The proposed Pi-Attn-LSTM and Pi-LSTM takes time [tck]m×1 as the primary input. For (i) Pi-LSTM252

as shown in Figure 2(a) the network architecture consists of an LSTM layer followed by a fully connected253

neural network layer (FCNN), and for (ii) Pi-Attn-LSTM shown in Figure 2(b), the network architecture254

comprised of LSTM layer followed by FCNN termed as encoder, output from encoder is passed through255

attention module to form a context vector gk, which is further passed to decoder LSTM network followed256

by FCNN to predict displacement x̃. Prediction from network N(·) at time instant k can be formulated as257

follows:258

x̃k = N(uc
k, {θ̃, λ̃}) (19)

where, x̃k represents the predicted displacement in the time step k. The goal is to optimize these259

parameters to enhance the accuracy of the network’s predictions. By refining θ̃ and λ̃, both the physics-260

based loss (related to adherence to physical laws) and the data-based loss (related to discrepancies between261

predictions and actual data) can be minimized.262

To validate data-based predictions against physical laws and real response data, a collective loss function263

is employed. For comparison between model predictions and either data or physics, the predicted displace-264

ment, x̃k, is numerically differentiated using a central finite difference scheme to obtain the corresponding265

predicted velocity, ˙̃xk. Based on these predictions, a residual rpk is defined as:266

rpk =
∥∥∥z̃k − (F(λ̃)z̃k−1 +E(λ̃)uc

k)
∥∥∥
2

(20)

10



LSTM LSTM LSTM LSTM 

𝒖𝟎
𝒄 𝒖𝟏

𝒄 𝒖𝒌
𝒄 𝒖𝒍

𝒄

𝒉𝟎

𝒄𝟎

෥𝒙𝟎

FCNN FCNN FCNN FCNN

෥𝒙𝟏 ෥𝒙𝒌 ෥𝒙𝒍

𝒄𝒍

𝒉𝒍

𝒄𝟏 𝒄𝒌−𝟏 𝒄𝒍−𝟏

𝒉𝟏 𝒉𝒌−𝟏 𝒉𝒍−𝟏

ሷ෥𝒙𝒌 = 𝑯𝒌෤𝒛𝒌 + 𝑳𝒌𝒖𝒌
𝒄

ሶ෥𝒙𝒌 =
(෥𝒙𝒌+𝟏−෥𝒙𝒌−𝟏)

𝟐(𝒕𝒌+𝟏 − 𝒕𝒌)

෤𝒛𝒌 =
෥𝒙𝒌
ሶ෥𝒙𝒌

Process model loss : 𝑟𝑘
𝑝
= ǁ𝑧𝑘 − (𝐹𝑘( ሚ𝜆) ǁ𝑧𝑘−1 + 𝐸𝑘𝑢𝑘

𝑐)
2

Measurement loss: 𝑟𝑘
𝑑 = 𝑦𝑘

ℎ − ෤𝑦𝑘
ℎ

2

Initial condition loss: 𝐿3 = ( ǁ𝑧0 − 𝑧0)
2

𝐿 = ෍

𝑘=1

𝑙−1

𝑟𝑘
𝑝
+෍

𝑘=1

𝑁ℎ

𝑟𝑘
𝑑 + 𝐿3

෩𝜽∗, ෨𝝀∗

Update
෩𝜽, ෨𝝀

NoYes
𝐿 <∈

Input

LSTM 
cell

Feed forward 
neural network

Predicted 
displacement

Predicted 
velocity

Predicted 
acceleration

Physics 
informed

 loss

Total loss

Optimal 
parameters

Intermediate 
Output

𝑵(𝒖𝒌
𝒄 ; {෩𝜽, ෨𝝀})

(a) Pi-LSTM

LSTM LSTM LSTM LSTM 

𝒖𝟎
𝒄 𝒖𝟏

𝒄 𝒖𝒌
𝒄 𝒖𝒍

𝒄

𝒉𝟎

𝒄𝟎

෥𝒐𝟎

FCNN FCNN FCNN FCNN

෥𝒐𝟏 ෥𝒐𝒌 ෥𝒐𝒍

𝒄𝒍+𝟏

𝒉𝒍+𝟏

𝒄𝟏 𝒄𝒌−𝟏 𝒄𝒍

𝒉𝟏 𝒉𝒌−𝟏 𝒉𝒍

Attention Module

LSTM LSTM LSTM LSTM 

𝒈𝒍 𝒈𝒌 𝒈𝟏 𝒈𝟎

𝒄𝒍+𝟏
′
𝒉𝒍+𝟏
′

෥𝒚𝒍

FCNN FCNN FCNN FCNN

෥𝒚𝒌 ෥𝒚𝟏 ෥𝒚𝟎

𝒄𝒍+𝟏

𝒉𝒍+𝟏𝒉𝒍
′

𝒄𝟏
′𝒄𝒍

′ 𝒄𝒌−𝟏
′

𝒉𝟏
′𝒉𝒌−𝟏

′

ሷ෥𝒙𝒌 = 𝑯෤𝒛𝒌 + 𝑳𝒖𝒌
𝒄

ሶ෥𝒙𝒌 =
(෥𝒙𝒌+𝟏−෥𝒙𝒌−𝟏)

𝟐(𝒕𝒌+𝟏 − 𝒕𝒌)

෤𝒛𝒌 =
෥𝒙𝒌
ሶ෥𝒙𝒌

Process model loss : 𝑟𝑘
𝑝
= ǁ𝑧𝑘 − (𝐹( ሚ𝜆) ǁ𝑧𝑘−1 + 𝐸𝑢𝑘

𝑐)
2

Measurement loss: 𝑟𝑘
𝑑 = 𝑦𝑘

ℎ − ෤𝑦𝑘
ℎ

2

Initial condition loss: 𝐿3 = ( ǁ𝑧0 − 𝑧0)
2

𝐿 = ෍

𝑘=1

𝑙−1

𝑟𝑘
𝑝
+෍

𝑘=1

𝑁ℎ

𝑟𝑘
𝑑 + 𝐿3

NoYes
𝐿 <∈

Input

Encoder

Predicted 
displacement

Predicted 
velocity

Predicted 
acceleration

Physics 
informed

 loss

Total loss

Optimal 
parameters

Intermediate 
Output

Decoder

Attention 
mechanism

𝑵(𝒖𝒌
𝒄 ; {෩𝜽, ෨𝝀})

Update
෩𝜽, ෨𝝀

෩𝜽∗, ෨𝝀∗

(b) Pi-Attn-LSTM

Figure 2: Schematic diagram of (a) Physics-informed LSTM (Pi-LSTM): The model architecture uses a feedforward
neural network combined with LSTM cells to predict displacement and (b) Physics informed attention LSTM (Pi-Attn-
LSTM): The architecture combines an encoder-decoder structure with attention mechanisms to predict displacement. Both
networks utilizes a physics-informed loss function, incorporating process model loss, measurement loss, and initial condition
loss, to estimate the optimal parameters (θ̃, λ̃).
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Here, F(λ̃) and E(λ̃) are computed based on current estimates of λ (i.e., λ̃). The vectors z̃k and z̃k−1267

are formed by combining displacement and velocity estimates at time steps k and k − 1, respectively:268

z̃i =

x̃i

˙̃xi

 (21)

The physics loss is computed at all collocation points Nc, with residuals from these points integrated as:269

L1({θ̃, λ̃}) =
1

Nc

Nc∑
k=1

rpk (22)

Further, the measurement model is used to estimate the predicted acceleration ¨̃xk at each time step as270

follows:271

¨̃xk = H(λ̃)z̃k + Luc
k (23)

To assess data loss, the predicted acceleration response is compared with the true acceleration response.272

Since true measurements are available at Nh time points (Nh ⊂ Nc), the predicted measurements ỹh
k are273

sampled from ¨̃xk, and the data loss, L2({θ̃, λ̃}), is calculated as follows:274

rdk =
∥∥yh

k − ỹh
k

∥∥
2

(24)

An L2 norm is applied to quantify discrepancies across different degrees of freedom (DOFs) between the275

predicted and true measurements, yielding a single scalar value. The total data loss is computed as:276

L2({θ̃, λ̃}) =
1

Nh

Nh∑
k=1

rdk (25)

Additionally, an initial condition loss is defined as:277

L3({θ̃, λ̃}) = ∥z0 − z̃0∥2 (26)

The total loss function is thus formulated as:278

L({θ̃, λ̃}) = αL1({θ̃, λ̃}) + βL2({θ̃, λ̃}) + γL3({θ̃, λ̃}) (27)

where α, β, and γ are hyperparameters that weight the different loss terms. Although various studies279

have explored optimal selection of these hyperparameters [61, 68, 69], in this study, they are set to unity.280

A self-adaptive weighting strategy could be employed in future work to expedite the training process. The281

optimization problem to determine the neural network and structural parameters {θ̃, λ̃} is thus formulated282

as follows:283
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{θ̃∗, λ̃∗} = arg min
{θ̃,λ̃}

L({θ̃, λ̃}) (28)

3. Numerical validation284

To validate the proposed framework in structural engineering applications, two case studies are consid-285

ered, each representing civil structures with distinct characteristics. The first case study examines a 4-story286

steel frame previously investigated in [70], providing a reference of a laboratory-scaled framed structure.287

The second case study uses a numerical model of a 5-story real steel frame building acting as a reference288

for the real structure, as detailed in [71]. The third case study employs the IASC-ASCE benchmark model289

acting as a standard to test the efficacy of many SHM algorithms as referenced in [72]. The performance of290

the Pi-LSTM model alongside a Pi-Attn-LSTM model is evaluated to highlight the benefits of the attention291

mechanism. Specifically, the robustness of Pi-Attn-LSTM is checked under various conditions, including dif-292

fering initialization schemes, noise levels, and force inputs, as well as under conditions of temporal sparsity.293

This analysis is intended to explore the adaptability and enhanced performance of the attention-augmented294

model in handling real-world structural monitoring challenges.295

3.1. 4-DOF linear system296

The proposed approach is validated using a linear 4-dof structural system represented by a spring-mass-297

dashpot model adopted in [70]. A schematic diagram of the same is presented in Figure 3. The generalized298

equation of motion for the dynamics of the system can be perceived from the generalized equation in299

Equation (2) that imposes the assumed dimension. Accordingly, the mass matrix can be idealized with300

M = diag([m1;m2;m3;m4]), and other system matrices can be defined as follows:301

K = k0


λ1 + λ2 −λ2 0 0

−λ2 λ2 + λ3 −λ3 0

0 −λ3 λ3 + λ4 −λ4

0 0 −λ4 λ4


4×4

, Fc =

 04×4 I4×4

M−1K M−1C


4×4

, Ec =

04×4

M−1


4×2

In this system, the elements of the diagonal mass matrix are each set to m1,m2, . . . ,m4 = 84.3 kg. The302

initial undamaged stiffness of all springs is assumed to be k0,i = 126.3 kN/m for each i. Damping coefficients303

are determined using Rayleigh damping with a damping ratio of ζ = 2%. The system is considered to have304

deteriorated in its second, third, and fourth degrees of freedom (DOFs). These damages are represented305

through a set of health indices (HIs), denoted by λ, which quantify the level of deterioration in the spring306

stiffness on a scale from 0 to 1. Here, λ = 1 represents a fully healthy spring, while λ = 0 indicates complete307

failure. The health indices modify the initial stiffness according to ki = λik0,i, where ki is the effective308

stiffness of the i-th spring, λi is the corresponding health index, and k0,i is the initial undamaged stiffness.309
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(b) Equivalent lumped mass model

Figure 3: Schematic diagram of steel frame for numerical experiment

With this configuration, the true health indices at each location are represented by the vector λ =310 {
1, 1

2 ,
1
3 ,

1
4

}
, indicating varying levels of induced damage across the system. The lumped spring-mass-311

dashpot model is subsequently simulated under two excitation scenarios: (i) earthquake excitation using the312

El Centro earthquake data from May 18, 1940 (North-South Component) [73], and (ii) ambient vibration313

modeled as stochastic white Gaussian noise (SWGN), sampled at a rate of 50 Hz and applied to all nodes.314

For parameter identification in these cases, training data consisting of acceleration time histories is generated315

over a 5-second interval, sampled at a frequency of 100 Hz.316

3.1.1. Network Topology317

The network architecture for the Pi-LSTM model begins with an input layer containing 4 neurons,318

followed by a single-layer LSTM cell with 128 hidden units. The output of the LSTM cell is passed to a319

fully connected neural network (FCNN) comprising 128 input neurons, 4 hidden layers with 128 neurons320

each, and a final output layer with 4 neurons.321

The Pi-Attn-LSTM model features three main components: encoder, attention mechanism, and decoder.322

The encoder includes an LSTM cell followed by an FCNN. The LSTM cell takes input from a 4-neuron323

input layer and produces hidden and cell states, each of 128 dimensions. These hidden states are fed into an324

FCNN with two hidden layers, each containing 128 neurons, to produce a transformed output vector, ok, of325

128 dimensions. The attention mechanism processes these outputs to generate a context vector, gk, also of326

128 dimensions.327

The context vector is then passed to the decoder, which consists of an LSTM cell followed by an FCNN.328
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The LSTM cell takes the 128-dimensional context vector as input and produces output, which is subsequently329

processed by an FCNN with two hidden layers (128 neurons each) and a final output layer of 4 neurons.330

Both Pi-LSTM and Pi-Attn-LSTM models are optimized using the Adam optimizer with a learning rate331

of 1× 10−4, trained for 1× 105 epochs. For consistency in comparison, weights and biases (θ) are initialized332

from a normal distribution, and the structural parameters (λ̃) are initialized to 1. Initial hidden (h0) and333

cell (c0) states are set to zero in both models.334

3.1.2. Comparitive study between Pi-Attn-LSTM and Pi-LSTM335

An initial convergence study of the Pi-LSTM and Pi-Attn-LSTM models was performed, assuming336

100% data availability with a noise level of 1%. As illustrated in Figure 4(a), the convergence histories337

reveal that Pi-LSTM and Pi-Attn-LSTM reach minimum loss values of 0.012 and 0.0079, respectively, after338

approximately 1 × 105 epochs. This indicates that both models converge, but Pi-Attn-LSTM achieves a339

lower loss, highlighting its improved accuracy.340

Further analysis of the percentage error (PE) in parameter estimation, shown in Figure 4(b, c, d),341

demonstrates that Pi-Attn-LSTM maintains a PE below 5% in the estimation of critical model parameters,342

while also converging faster than Pi-LSTM to achieve optimal health parameters before 2 × 104 epochs.343

The observed advantage in convergence speed and precision can be attributed to the attention mechanism344

embedded in Pi-Attn-LSTM, which allows the model to dynamically weigh input features across time steps,345

prioritizing information that contributes most to prediction accuracy.346

3.1.3. Adaptability against forcing and initialization variability347

The robustness of the proposed Pi-Attn-LSTM framework was further evaluated by examining its per-348

formance under varying input forces and different initialization schemes. As shown in Figure 5(a, b), the349

model maintained its predictive accuracy despite changes in the initial parameter settings. This consistency350

indicates that Pi-Attn-LSTM is less affected by the randomness inherent in parameter initialization, which351

is a critical attribute for applications where precise initialization may not always be feasible. Additionally,352

the model’s stable performance under different excitation types, including both deterministic (earthquake)353

and stochastic (SWGN) inputs, highlights its robustness. This stability suggests that Pi-Attn-LSTM can354

effectively generalize across a range of real-world conditions, making it a reliable tool for structural health355

monitoring (SHM) applications that involve varying environmental and operational conditions.356

3.1.4. Sensitivity against noise and data sparisity357

The robustness of the Pi-Attn-LSTM model was also examined under conditions of varying noise levels358

and temporal and spatial data sparsity, both of which are common challenges in real-world data. In scenarios359

with reduced signal-to-noise ratio (SNR), as illustrated in Figure 6(a), the model demonstrated strong360

resilience; even at an SNR of 5%, the parameter estimation error (PE) remained below 10%. This outcome361
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(c) Pi-LSTM
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(d) Pi-Attn-LSTM

Figure 4: Comparative performance analysis of Pi-Attn-LSTM and Pi-LSTM frameworks in structural health monitoring
tasks. (a) Loss metric comparison: The loss metric over training epochs for both Pi-Attn-LSTM (blue) and Pi-LSTM (red)
models, showing faster convergence and stability for Pi-Attn-LSTM. (b) Percentage error (PE) Comparison: Bar plot
illustrating the percentage error (PE) across different degrees of freedom (DOF) for both models, with Pi-Attn-LSTM (blue)
generally achieving lower PE than Pi-LSTM (red) across all DOFs. (c) Health index (λ̃) evolution for Pi-LSTM: The
evolution of the health index parameters λ̃1 through λ̃4 over epochs, showing convergence trends for the Pi-LSTM model. (d)
Health Index (λ̃) Evolution for Pi-Attn-LSTM: Similar evolution for the Pi-Attn-LSTM model, indicating smoother
convergence with the attention mechanism in place.

highlights the Pi-Attn-LSTM’s ability to maintain predictive accuracy despite high noise levels, which is362

crucial in applications where data quality may fluctuate.363

As illustrated in Figure 6(b), while increased data sparsity led to a rise in PE in estimated parameters364

from 7.82% to 18.56%, this effect highlights a valuable insight: certain health parameters, particularly in365

the first story, are more responsive to data density. This sensitivity may stem from the complex dynamic366

response at the first degree of freedom, where stiffness contributes significantly to the signal characteristics.367

Consequently, understanding and addressing these effects could lead to enhanced prediction quality in such368

scenarios.369

A promising way forward involves leveraging modal information derived from existing measurement370
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(a) El-Centro
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(b) SWGN

Figure 5: Convergence of randomly initialized health index λ̃ of 4-DOF steel frame subjected to El-Centro and ambient vibration
with Pi-Attn-LSTM. (a) Health Index (λ̃) with El-centro: Convergence of the health index parameters λ̃1 through λ̃4

under random initialization conditions, illustrating the robustness of the proposed framework to initialization variability. (b)
Health Index (λ̃) with ambient vibration: Health index evolution when subjected to ambient vibration modeled as SWGN
demonstrating the robustness of the framework to handle forcing variability.
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Figure 6: Analysis of percentage error (PE) in structural parameter estimation under varying noise levels and data availability
conditions for each degree of freedom (DOF). (a) Noise sensitivity analysis: Percentage error (PE) across different degrees
of freedom (DOF 1 to DOF 4) under varying noise conditions (1%, 5%, and 10% noise levels). The results show that higher
noise levels lead to increased estimation error across all DOFs, with the largest error observed at the 10% noise level. (b)
Data sparsity analysis: Percentage error (PE) across DOFs under varying data sparcity conditions (75%, 50%, and 25%
of the data retained). Increase in data scarcity leads to error increment, with the highest errors at 25% data, indicating the
model’s sensitivity to data sparsity. This figure depicts the robustness of Pi-Attn-LSTM under different noise levels and data
sparsity, highlighting the impact of both factors on parameter estimation accuracy.

data. Modal insights capture fundamental dynamic behaviors, offering a robust supplement to data-limited371

predictions. This approach suggests an exciting future direction: developing methods to extract and apply372

modal information within the physics-informed neural network (PINN) framework could bolster the Pi-373

Attn-LSTM’s predictive robustness. Integrating such data-driven modal information could allow the model374

to perform consistently well, even when data is sparse, potentially expanding its effectiveness in real-world375

applications with limited data availability.376

Furthermore, sensor malfunctions in space can significantly impact the accuracy of parameter estimation.377

To evaluate the effect of sensor sparsity, a systematic analysis is conducted, as shown in Figure 7(a-c). The378
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results reveal that a reduction in the number of active sensors leads to increased estimation errors, with the379

highest inaccuracies observed when only a single sensor is operational. However, the estimation errors remain380

within acceptable limits for damaged elements even in the presence of extreme sensor sparsity. Furthermore,381

optimal sensor location test is also conducted as shown in Figure 7(d) highlighting the importance of optimal382

sensor placement in achieving high accuracy, as also suggested in [74]. These findings demonstrate the383

robustness of the PINN-based framework in handling data sparsity scenarios, reinforcing its applicability to384

real-world structural health monitoring challenges.385
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(a) 3-sensors active
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(b) 2-sensors active
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(c) 1-sensor active
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(d) Optimal sensor location analysis

Figure 7: Analysis of the impact of sensor configuration on structural parameter estimation accuracy under 90% data availability
subjected to El-Centro ground motion under 1% noise. (a–c) Sensor activation analysis: Convergence behavior of estimated
health index (λi) under different sensor configurations (three sensors, two sensors, and one sensor active). The results indicate
that reducing the number of active sensors affects the convergence rate and accuracy of parameter estimation. (d) Optimal
sensor location analysis: Percentage error (PE) across different degrees of freedom (DOFs) under varying sensor location
configurations, showing that with the largest errors observed when sensor placed away from 1st node. This figure highlights
the effect of sensor placement on parameter estimation accuracy, emphasizing the importance of optimal sensor positioning for
robust performance of Pi-Attn-LSTM.

3.1.5. 4-DOF cubic non-linear system386

To further evaluate the efficacy of the proposed algorithm, the previously analyzed 4-DOF system is mod-387

ified to include cubic nonlinearity at the base while maintaining the same system matrices. The generalized388
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equation of motion in Equation 1 modifies to:389

Mẍ(t) +Cẋ(t) +Kx(t) +Dx3(t) = u(t) (29)

where additional cubic stiffness matrix is D = Diag([k0, 0, 0, 0]). Nonlinear systems are important, as most390

real-world physical systems exhibit nonlinear behavior. Therefore, validating the proposed algorithm under391

such conditions is essential.392

The system is subjected to the El-Centro earthquake, with the recorded force and acceleration response as393

the input-output pair in Pi-Attn-LSTM. Maintaining the same network topology and hyperparameters, the394

robustness of the Pi-Attn-LSTM model is further assessed under varying noise levels and temporal sparsity.395

As shown in Figure 8(a), the model demonstrates strong resilience to low SNR conditions. Even at an SNR396

of 5%, the PE remains below 10%, showing the model’s ability to maintain predictive accuracy despite high397

noise levels. Additionally Figure 8(b) depicits that increasing data sparsity raises PE from 8.11% to 19.37%,398

with the first story exhibiting greater sensitivity due to its complex dynamic response introduced with cubic399

stiffness. This shows the importance of data availability in enhancing predictive accuracy, reinforcing the400

proposed framework’s effectiveness in structural health monitoring.401
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Figure 8: Analysis of percentage error (PE) in structural parameter estimation under varying noise levels and data availability
conditions for each degree of freedom (DOF). (a) Noise sensitivity analysis: Percentage error (PE) across different degrees
of freedom (DOF 1 to DOF 4) under varying noise conditions (1%, 5%, and 10% noise levels). The results show that higher
noise levels lead to increased estimation error across all DOFs, with the largest error observed at the 10% noise level. (b)
Data sparsity analysis: Percentage error (PE) across DOFs under varying data sparcity conditions (75%, 50%, and 25%
of the data retained). Increase in data scarcity leads to error increment, with the highest errors at 25% data, indicating the
model’s sensitivity to data sparsity. This figure depicts the robustness of Pi-Attn-LSTM under different noise levels and data
sparsity, highlighting the impact of both factors on parameter estimation accuracy.

3.2. 5-storey steel building with non-linear damping402

The proposed Pi-Attn-LSTM is further verified against an actual 5-story steel building built in 1970403

[71] shown in Figure 9(a). The story stiffness and mass of the each floor is {77.89, 47.94, 52.57, 43.37, 60.35}404

MN/m, and {30, 32, 30, 35, 34} tonnes respectively (cf. [71]). Damping coefficient considered for each floor405

are {40, 40, 40, 40, 40} KNs/m. Along with this a non-linear damper is also added at base storey having406
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damping coefficient of 40 KNs/m. The generalized equation of motion in Equation 1 modifies to:407

Mẍ(t) +Cẋ(t) +Kx(t) +Dẋ2(t) = u(t) (30)

where additional quadratic damping matrix is D = Diag([40, 0, 0, 0]). These nonlinear dampers helps in408

dissipating energy and are commonly used in steel structural systems. Therefore, validating the proposed409

algorithm under such non-linear conditions is essential. Again Pi-Attn-LSTM framework is utilized for410

parameter identification by considering k0,i as 77.89 MN/m and initializing λ̃i with 1.411

(a) 5 storey steel framed building [71]
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(b) Equivalent lumped mass model

Figure 9: Schematic diagram of building model for numerical experiment

The lumped spring-mass-dashpot model shown in Figure 9(b) was simulated under two distinct excitation412

conditions: (i) seismic excitation using the North-South component of the El Centro earthquake record from413

May 18, 1940 [73], and (ii) ambient vibration modeled as stochastic white Gaussian noise (SWGN), sampled414

at 500 Hz and applied uniformly across all nodes. To closely emulate real-world conditions, the training415

dataset comprised 5-second acceleration time histories, to which 1% SWGN noise was added, while 10% of416

the data was intentionally omitted to simulate sensor malfunctions. In this setup, the input and output417

layers of Pi-Attn-LSTM models were modified to accommodate 5 nodes instead of the original 4.The overall418

architecture of model remained consistent, only the stopping criteria set to 3 × 105 epochs for structure419

subjected to SWGN to handle non-linearities effectively.420

As shown in Figure 10(a,b), the Pi-Attn-LSTM model demonstrates reliable parameter identification421

under earthquake excitation and ambient vibrations modeled as stationary white Gaussian noise (SWGN).422

This finding highlights the model’s robustness to different types of force inputs, showing its versatility. In423

practical applications, structures are subjected to diverse vibration sources, not limited to seismic events.424

Furthermore, noise sensitivity and data sparsity analysis demonstrated strong resilience; even at an SNR425

of 5%, the parameter PE remained below 15%. Data sparsity analysis depicts Pi-Attn-LSTM effectiveness426

under severe data sparsity scenarios. The model’s capacity to accurately identify parameters under varying427
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force and noise and data sparisity conditions strengthens its suitability for real-world structural health428

monitoring tasks across different environmental and operational contexts.429
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Figure 10: Convergence and sensitivity study of health index λ̃ of 5-DOF steel building subjected to El-Centro and ambient
vibration with Pi-Attn-LSTM. (a) Health index (λ̃) evolution subjected to El-Centro ground motion: Health index
estimation (λ̃i) over epochs using Pi-Attn-LSTM model with 90% accelerometer data and 1% noise. (b) Health index (λ̃)
evolution subjected to ambient vibration: Health index estimation (λ̃i) over epochs using the SWGN as force with 90%
data available. (c) Noise sensitivity analysis: Percentage error (PE) across different degrees of freedom (DOF 1 to DOF 5)
under varying noise conditions (1%, 5%, and 10% noise levels). (d) Data sparsity analysis: Percentage error (PE) across
DOFs under varying data sparcity conditions (75%, 50%, and 25% of the data retained). Increase in data scarcity leads to
error increment, with the highest errors at 25% data, indicating the model’s sensitivity to data sparsity. This figure depicts
the robustness of Pi-Attn-LSTM under different loadings, noise levels and data sparsity, highlighting the impact of factors on
parameter estimation accuracy.

3.3. IASC-ASCE benchmark structure model430

The proposed Pi-Attn-LSTM framework is further applied to identify structural damage in the IASC-431

ASCE steel-frame quarter-scale model structure which is a benchmark to test SHM algorithms. As depicted432

in Fig. 11, the IASC-ASCE benchmark structure is a 4-story, 2 × 2 bay steel frame model with eight bracing433

members per floor. The building has a total height of 3.6 m and a plan dimension of 2.5 × 2.5 m located434

at the Earthquake Engineering Research Laboratory of the University of British Columbia (UBC). It is435

constructed using hot-rolled steel with a nominal yield strength of 300 MPa. The cross-sectional properties436

of the scaled structural members are provided in Table 1 [72].437
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(a) Steel-frame quarter-scale model structure
[72]

(b) Benchmark model with no stiffness in 1st floor braces [72]

Figure 11: Schematic digram of benchmark model for numerical experiment

Table 1: Properties of the structure members [72]

Property Braces Beams Columns
Section type L25 × 25 × 3 S75 × 11 B100 × 9

Cross-section area A (m2) 0.141× 10−3 1.43× 10−3 1.133× 10−3

Young’s modulus E (Pa) 2× 1011 2× 1011 2× 1011

Moment of inertia (strong) Ix (m4) 0 1.22× 10−6 1.97× 10−6

Moment of inertia (weak) Iy (m4) 0 0.249× 10−6 0.664× 10−6

Torsion constant J (m4) 0 38.2× 10−9 8.01× 10−9

Shear modulus G (Pa) 0.77× 1011 0.77× 1011 0.77× 1011

Mass per unit volume ρ (kg/m3) 7800 7800 7800

The IASC-ASCE benchmark building is modeled as a 12-DOF system, represented as a shear building438

with 3-DOFs per floor. The floor masses in the x, y and θ directions are {3.45, 2.65, 2.65, 1.80} tonnes,439

{3.45, 2.65, 2.65, 1.80} tonnes and {3.81,2.98,2.98,2.05} tonnes, respectively. For the undamaged structure,440

the horizontal stiffness of each floor in the x (strong) direction is 106.60 MN/m, in y (weak) direction it is441

67.90 MN/m while in θ direction it is 232.02 MN/m. In the first phase of the IASC-ASCE benchmark study,442

six loading scenarios were considered. For the first loading scenario first floor is assumed to have no braces as443

illustrated in Fig. 11(b). The structure is then subjected to El-Centro ground motion, and acceleration data444

is sampled at a frequency of 300 Hz for 5 seconds. The removal of the first-floor braces causes a significant445

reduction in stiffness: in the y-direction, the stiffness decreases from 67.90 MN/m to 19.67 MN/m, in the446

x-direction, it decreases from 106.60 MN/m to 58.37 MN/m and in θ-direction it reduces from 232.02 MN/m447

to 81.30 MN/m.448
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To reduce computational effort during estimation with the Pi-Attn-LSTM framework, the structure is449

decoupled into x, y and θ directions, treating them as independent entities. Consequently, three separate450

neural networks are employed to estimate the health index λ̃ for the x, y, and θ directions. The overall451

network topology remains unchanged, except for the input and output layers, which consist of 4 neurons452

each for x, y, and θ directions. Adam optimiser is used with 1×10−5 learning rate till reaching the maximum453

3× 105 epochs. With initial stiffness values kx0,i = 106.60 MN/m, ky0,i = 67.90 MN/m and kθ0,i = 232.02454

MN/m and by initialising λ̃i = 1, the Pi-Attn-LSTM framework is utilised for parameter identification.455

Training data is comprised of 1350 acceleration data points, and it is corrupted with 1% SWGN to meet456

real-life scenarios. It can be observed from Figure 12 (a,b,c) that the proposed algorithm converged to457

a reliable health index (λ̃) in all 3 directions. Additionaly, noise sensitivity analysis and data sensitivity458

analysis in Figure 12(d,e) also depicts that PE in parameter estimation does not exceed 15% even with459

high 5% snr and only 25% data. Furthermore, five additional damage scenarios from [72] are considered,460

and the percentage error in each estimated health index is summarized in Table 2. The results indicate461

that the proposed algorithm performs robustly across various damage patterns and noise conditions on the462

benchmark structure.463

Table 2: PE in estimated health indices under different damage patterns

Stiffness Damage Pattern 1 Damage Pattern 2 Damage Pattern 3 Damage Pattern 4 Damage Pattern 5 Damage Pattern 6
kx1 8.31 7.13 9.25 8.74 7.89 6.43
kx2 4.59 5.12 4.78 5.92 4.32 3.88
kx3 5.09 6.27 5.45 4.82 5.97 4.39
kx4 5.74 4.98 6.83 5.12 6.41 5.23
ky1 0.84 1.35 1.76 1.01 1.52 0.79
ky2 1.77 2.03 2.41 1.77 2.92 1.39
ky3 1.07 1.89 1.45 2.21 1.38 0.91
ky4 0.29 0.67 0.68 0.42 0.76 0.35
kθ1 4.00 4.95 3.78 5.42 3.99 4.15
kθ2 4.76 5.52 5.11 4.32 5.78 4.09
kθ3 6.45 5.88 7.53 6.02 6.97 5.71
kθ4 2.29 2.91 3.12 2.48 3.63 2.07

4. Experimental validation: Three-story shear frame464

In this study, a laboratory experiment was conducted on a three-story aluminum frame, serving as a465

shear-building model (see Figure 13), with ambient temperatures controlled between 20°C and 25°C. The466

experiment aimed to assess the performance of the proposed Pi-Attn-LSTM framework on a scaled structural467

model under controlled conditions. Real-life structures, inherently possessing infinite degrees of freedom (i-468

dof ), introduce complexities reflective of real-world conditions, where the governing system physics may be469

only partially understood. Estimating the health of such systems based on noisy and incomplete, discrete470

measurements provides a rigorous test of any proposed algorithm’s robustness. In this experiment, the471

behavior of the i-dof system was inferred through the Pi-Attn-LSTM framework, supported by a simplified472
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Figure 12: Health index convergence and noise sensitivity analysis: Convergence of health indices λ̂i of a 12-DOF
IASC-ASCE benchmark model under EL-Centro ground motion using the Pi-Attn-LSTM model. Panels (a), (b), and (c) show
the convergence of health indices in the x-, y-, and θ-directions, respectively, over training epochs with 90% accelerometer data
and 1% noise. Panel (d) and (e) illustrates the noise sensitivity and data sparsity analysis as percentage error (PE) across x-,
y-, and θ-directions for noise levels of 1%, 5%, 10%. and 75%, 50%, and 25% data availability.

physics-based conceptual model. The primary objective was to evaluate the framework’s ability to converge473

towards a stable and accurate estimation of the system’s health, thereby validating its potential for real-world474

structural health monitoring.475
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(a) Experimental setup

Figure 13: Experimental Setup for Damage Detection: (a) Experimental setup of a 3-story aluminum frame model
subjected to EL-Centro earthquake excitation using a shake table. The setup includes a DEWESoft DAQ system with a
4-channel Krypton (ICP) module, accelerometers, and the frame mounted on the shake table. Panels (b) and (c) show close-up
views of the frame in the undamaged and damaged conditions, respectively, highlighting the targeted damage location.

The experimental structure replicates an idealized shear building with rigid floors and lightweight476

columns, with input excitation and response measurements designed to approximate real-world conditions.477

This setup consists of a three-story, single-bay moment frame, standing 1.64 meters tall, with continuous478

columns of cross-section 25 mm × 4 mm. Each floor is represented by aluminum plates (300 mm × 150479

mm × 4 mm) bolted to the columns, modeling a lumped mass system. The base of the frame is secured to480

a shake table using bolts and lock washers, providing a stable, rigid connection. The floors are spaced at481

intervals, giving a nominal story height of 0.41 meters (410 mm).482

The experimental assembly is mounted on a unidirectional shake table that simulates ground motion.483

The shake table platform, measuring 1000 mm × 1000 mm, can accommodate loads up to 400 kg, generating484

base excitations with a maximum acceleration of 1 g and a maximum displacement stroke of ±100 mm. The485

frequency of input waveforms can range from 0 to 15 Hz. Due to the rigid floor connections, the columns at486

each level exhibit fixed boundary conditions, allowing calculation of the equivalent stiffness and enabling the487

use of a 3-dof reduced-order lumped mass model. Since the mass at each floor level significantly exceeds that488

of the columns, a lumped-mass assumption at each floor is appropriate. For data collection, four uni-axial489

Integrated Circuit Piezoelectric (ICP) accelerometers are placed at each floor level, including the ground490

level. Earthquake excitation is applied to the frame through a servohydraulic actuator controlled via a491

control panel on the shake table. Data from the accelerometers is sampled at 100 Hz using a 4-channel data492

acquisition (DAQ) system, with DewesoftX software employed for real-time viewing and recording. Detailed493
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Table 3: Comparison of modal frequencies between the experimental (real undamaged) model and the calibrated numerical
model. The table presents the first three modal frequencies (ω1, ω2, ω3) in Hz, alongside their corresponding relative errors.
The relative error illustrates the accuracy of the numerical model calibration in replicating the real system’s dynamic properties.

Frequency (Hz) Experimental Numerical Percentage error
ω1 3.04 3.05 0.32
ω2 8.39 8.55 1.90
ω3 12.69 12.35 2.67

specifications of instruments can be found in [75]494

To integrate the known physics of the real frame structure into the estimation algorithm, it is essential to495

develop a numerical model that accurately replicates the experimental structure’s behavior. This involves496

initially creating a 3-dof lumped mass model of the system and calibrating the properties of aluminum497

material so that the dynamic characteristics of the model, such as natural frequency, are closely aligned with498

those of the real structure. This calibration step ensures that the initial health index values are near their499

true values, thus reducing the computational effort required for stable convergence in the Pi-Attn-LSTM-500

based estimation process. Consequently, the undamaged frame, mounted on a shake table, is subjected to501

earthquake excitation (El-Centro earthquake) using a servo-hydraulic actuator. The time-domain data is502

converted to the frequency domain using the Frequency Domain Decomposition (FDD) approach, allowing503

for the extraction of experimental natural frequencies.504

Aluminum frame properties were tuned to align the experimental modal properties with the numerical505

ones. This tuning resulted in a mass density of ρ = 2700 kg/m
3
and a modulus of elasticity of E = 68 GPa.506

Based on these assumptions, the calibrated values for mass and stiffness in the numerical model were507

calculated as m1 = m2 = m3 = 1.70 kg and k1 = k2 = k3 = 3.15 kN/m, respectively. The damping508

coefficients were derived using the Rayleigh damping criteria with a damping ratio of 1%. Table 3 presents509

a comparison between the modal parameters from the real experiment and the numerical model. With the510

calibrated stiffness values denoted as k0,i and the prepared support model, the Pi-Attn-LSTM framework was511

used to estimate the health indices of the test structure. In this approach, the calibrated story stiffnesses512

were assumed to represent the undamaged state, with the health indices λ initially set at unity. The513

architecture of the LSTM model consists of an LSTM cell with 3 input neurons, followed by the same514

encoder-attention-decoder architecture with 3 output neurones as briefed in previous sections.515

The estimation process yielded convergent health indices that reflect the healthy state of the structure.516

The updated modal properties, compared to experimental and initial values, are shown in Table 3. The517

estimated health indices (λ̃) are illustrated in Figure 14(a). Contrary to the initial assumption, λ̃ values518

for each story level did not converge to 1, this deviation can be largely attributed to simplistic assumptions519

made during modeling and also in the boundary conditions. Therefore, the updated stiffness of a healthy520

frame can be considered as k1 = 2.874 kN/m, k2 = 2.861 kN/m, and k3 = 2.867 kN/m.521
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The Pi-Attn-LSTM algorithm’s effectiveness in detecting structural damage was validated by analyzing522

response data from a test structure with damage. Damage was introduced by loosening bolts on diagonal523

columns at the third story, reducing stiffness to simulate a compromised state. For estimation, structural524

parameters were maintained as same as the initial numerical model assuming no prior information on the525

health state is available for the system, and measurement data from this damaged setup were processed526

in the Pi-Attn-LSTM framework. As shown in Figure 14(b), and Table 4 this induced damage resulted527

in a 60.75% reduction in third-floor stiffness, while estimation errors for k1 and k2 remained below 10%528

when compared with estimates obtained for updated healthy numerical model, supporting that the prior529

numerical assumptions do not affect results much. Additionally, frequency changes between experimental530

and numerical data, detailed in Table 5, further confirm the model’s accuracy. These results highlight the531

Pi-Attn-LSTM’s strength in structural health assessment and its potential applicability to real-world SHM532

tasks.533
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Figure 14: Convergence of health index λ̃ using Pi-Attn-LSTM framework for 3-DOF aluminium frame subjected to El-Centro
ground motion. (a) Health index λ̃ evolution under healthy condition: Convergence plots showing oscillations around
0.92 as the measurement data being noisy, and (b) Health index λ̃ evolution under damaged condtion: Health index
λ̃1 and λ̃2 converged near to 0.92 while λ̃3 showed substantial reduction depicting the damage condition.

Table 4: Comparison of story stiffness values in initial and estimated (healthy and damaged) states for an aluminium frame.
The table presents the numerical values of stiffness for each story level (k1, k2, and k3) under two conditions: the estimated
(healthy) state and the artificially induced damaged state. The % change in stiffness acts as an indicator of the severity of the
damage at each story.

Stiffness (KN/m) Numerical (Initial) Estimated (Healthy) Estimated (Damaged) % change in stiffness
k1 3.15 2.874 2.641 8.10
k2 3.15 2.861 2.913 1.81
k3 3.15 2.867 1.125 60.75
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Table 5: Comparison of modal frequencies between experimental and numerical measurements for the damaged condition. The
table lists the first three modal frequencies (ω1, ω2, ω3) in Hz, along with their respective relative errors. The relative error
values indicate the accuracy of the Pi-Attn-LSTM in capturing the dynamic characteristics of the structure under the damaged
state.

Frequency (Hz) Experimental Numerical Percentage error
ω1 2.88 2.78 3.47
ω2 7.46 7.16 4.02
ω3 12.18 11.63 4.51

5. Conclusion534

This study presents a novel Pi-Attn-LSTM model, an advancement over the Pi-LSTM model for pa-535

rameter estimation in civil engineering structures. The inclusion of an attention mechanism in the LSTM536

encoder-decoder structure enables it to adaptively identify important features in temporal data, thus ulti-537

mately enhancing its parameter estimation accuracy. Evaluation of the proposed Pi-Attn-LSTM was done538

with 3 numerical and 1 experimental studies. Numerical studies included a 4-story steel frame, a 5-story539

numerical steel building, and an IASC-ASCE benchmark model to assess the model’s robustness against540

varying noise levels, an initialization scheme, input forces, and temporal sparsity scenarios. Results demon-541

strated that Pi-Attn-LSTM outperformed conventional Pi-LSTM, achieving lower estimation errors (<10%542

under 5% noise) and faster convergence by dynamically prioritizing relevant time steps. Notably, the model543

exhibited good resilience to data sparsity, maintaining accuracy even with only 25% of data. This adapt-544

ability is critical for real-world applications where data acquisition is often compromised by sensor failures545

or economic constraints. An experimental validation was conducted using a three-story aluminium frame546

subjected to earthquake excitation to verify the efficacy of Pi-Attn-LSTM. The proposed framework accu-547

rately estimated the frame’s health indices, under undamaged and intentionally induced damage conditions,548

demonstrating its ability to localize and quantify stiffness deterioration. By combining acceleration mea-549

surements with a simplified physics-based model, Pi-Attn-LSTM successfully identified localized stiffness550

reductions (e.g., 60.75% degradation at the third story) despite noisy data and idealized assumptions. The551

alignment between numerical predictions and experimental modal properties (errors <5%) highlighted the552

model’s ability to bridge gaps between theoretical models and real-system behavior, a recurring challenge553

in SHM. This experimental validation supports the framework’s applicability to real-world SHM tasks,554

highlighting its potential as a robust and adaptable tool for structural damage detection and assessment.555

Overall, the Pi-Attn-LSTM framework significantly advances physics-informed deep learning in SHM by556

addressing key limitations in traditional deep learning models, such as dependency on extensive data, sensi-557

tivity to measurement noise, and limitations under data sparsity. Its ability to leverage both physics-based558

constraints and data-driven learning, combined with the flexibility of the attention mechanism, positions559

Pi-Attn-LSTM as a powerful tool for enhancing the accuracy and resilience of structural health assessments560

in civil engineering applications.561
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Future work could explore extending this framework to a wider variety of structural types such as bridges,562

aircraft components, and wind turbines subjected to different environmental conditions, further enhancing563

its adaptability and robustness in SHM applications. Another promising direction involves addressing the564

prevalent issue of missing input force information in structural systems; making the framework resilient565

to unknown or unmeasured input forces would broaden its applicability in scenarios where force data is566

unavailable or incomplete, thus utilizing output-only data for SHM. A further extension could incorporate567

Bayesian approaches within the Pi-Attn-LSTM framework, enabling a Bayesian physics-informed neural568

network or neural network embedded in the Bayesian framework that accounts for uncertainty. Such an569

approach would allow the model to provide probabilistic estimates, offering a more comprehensive and570

uncertainty-aware solution for structural health monitoring. These extensions collectively would expand Pi-571

Attn-LSTM’s utility, paving the way for more resilient, adaptable, and precise structural health monitoring572

applications.573
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