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ABSTRACT

Structural system identification is a critical task in resilience assessments, especially
following a natural hazard. In this paper, we propose PIDynNet, a novel physics-
informed approach that produces an ordinary differential equation-constrained neural
network model for structural system identification. PIDynNet improves the estimation of
structural parameters of nonlinear structural systems by embedding an auxiliary physics-
based loss term into the overall loss function as well as a supervised data-driven loss
term. The proposed framework has the generalization capability to predict nonlinear
structural response given unseen ground excitations. Two nonlinear numerical experi-
ments are conducted to demonstrate the advantage of PIDynNet over other identification
methods in problems with or without latent variables.

INTRODUCTION

Structural health monitoring (SHM) is a critical task in the life-cycle assessment
and reliability analysis of civil infrastructure systems. Structural system identification
(SSI) is one of the essential components of structural health monitoring in which the
parameters of the mathematical model of the structural response are estimated. SSI can
also be used to identify damages in civil infrastructure systems including buildings [1]
and bridges [2]. Pervasive and versatile SSI algorithms have been proposed over the
past decades and can be catggorized into time domain versus frequency domain meth-
ods, and parametric versus non-parametric approaches (for theoretical foundation and
comprehensive surveys see [3]).

Time-domain SSI methods include restoring forces surface (RFS), sparse identifi-
cation of nonlinear dynamics (SINDy), Kalman Filtertbased approach, and computer
vision-based approach. RFS method approximates the surface with a polynomial series
or parametric expression using the measured response [4, 5]. The drawback of the RFS
method is that it requires more terms for non-smooth nonlinear cases [6]. The SINDy
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approach approximates the dynamics equation by a sparse polynomial representation,
using the least absolute shrinkage and selection operator method [7]]. Kalman Filter has
also been used in system identification and state estimation using incoming measure-
ment data, state equations and a noise model [8,9]. Additionally, computer vision-based
identification methods have been proposed to exploit videos captured from structure’s
vibration using drones and other high-resolution cameras by tracking inter-frame pixel
changes [10,(11]].

Furthermore, the machine learning and artificial neural network (ANN) have been
recently demonstrated as promising tools in many complex problems in civil engineer-
ing [12,/13]. ANN applications in structural engineering are mainly threefold: dynamic
response prediction, structural system identification, and structural damage detection
and localization [[14]]. However, machine learning models require large datasets to reach
the state-of-the-art performance. One approach is to integrate model-guided constraints
to compensate for data insufficiency. It does so by considering a physics-based loss
function, which is in the form of the residual of the governing differential equations.
Physics-informed training has been successfully used for deterministic and random dif-
ferential equations [15-17]]. Recent study [18]] shows that neural networks with physics-
based loss have the potential to be effectively used for structural modeling and model
updating.

However, these works didn’t treat structural system identification and structural re-
sponse prediction simultaneously under the same framework, and the generalization ca-
pability of the trained neural network for structural response prediction wasn’t stud-
ied thoroughly. To address the aforementioned issues, we develop PIDynNet, an ode-
constrained neural network for nonlinear structure system identification, and show ap-
plications to identify structural parameters under earthquake excitations. Meanwhile, we
can use the same architecture to predict the structural system response under different
earthquake scenarios.

METHODOLOGY

Physics informed neural network

The goal of PINN is to train a neural network to approximate the solution of the
ODE with given initial conditions. The loss function used in training measures how well
the neural network approximation satisfies the governing equation and initial conditions.
Consider a general ODE with an approximation solution u(¢, p; 6):

N(t,p,u(t,p;0) =0, te[0,T],peR
Z(0,p,u(0,p; 0)) =0, peR’

where A/ (+) is a general differential operator, 6 represent the neural network parameters
of the approximate solution, ¢ € [0, 7] represents the time domain, p € R¢ denotes the
random input parameters, and Z(-) denotes the initial conditions. To estimate the ap-
proximated solution, i.e. to find the neural network parameters 8, we form the following
residual-based loss terms:

)



Np
1
r 0) ~ — Nti, i,ui;02,
~(0) N, ;1 (ti,p ) )

TZ(H) = I(th Do, Ug; 0)27
where N, is the number of collocation points. The network parameters @ can then be
estimated by minimizing a weighted loss function as follows:

0" = argmin wyra(0) + wrrz(0), 3)
0

where wys and w7 denote the assigned weights for each loss term. This loss function
consists of derivatives with respect to time which is an explicit input to the neural net-
work approximation of the response and therefore these derivatives can be efficiently
calculated using backpropagation.

Structural system identification

Structural system identification is an inverse problem with a forward model typically
in the form of a forced multiple degrees of freedom (MDOF) linear dynamical systems
with the following general form:

Mz(t)+ Cz(t)+ Kz(t) = f (t), 4)

where M, C, K € RV*Y denote the mass, damping, and inter-story stiffness matrices,
respectively, €7 = [zy,...,zn]", 1 = [i1,...,2n5]7, and 2T = [Zy,..., 7N are
displacement, velocity and acceleration vectors of the N-degree of freedom system, and
f =[fi,..., fn]" is the external force on each degree of freedom. The type of external
force can be ground excitations, wind load, etc. Given a ground excitation, Eq. E] can be

rewritten in the following form:

Mi(t) + Ca(t) + Kx(t) = —MT1i, (t). (5)

The objective of structural system identification is to determine the structural pa-
rameter 8, = {C, K}. In a single degree of freedom (SDOF) system under ground
excitation, the Eq. [5| will be simplified as:

mi(t) + ci(t) + kx(t) = —mi4(t), (6)

where 8, = {c, k} are damping and stiffness coefficients that are estimated in the system
identification process.

PIDynNet for nonlinear structural system identification

The framework of the proposed PIDynNet is shown in Figure |1} It consists of two
parts: a response prediction network (RPN) and a parameter identification model. The
input of the RPN, I = {t, :I:g}, consists of sampled times ¢ and ground accelerations
at those times @,(¢). The task of RPN is to predict the response, by mapping the input
vector into the output vector , e.g., = RPN(I;60g), where O denotes the train-
able weights and biases in RPN. Then the output of RPN is passed into an automatic



differentiator. By taking the first and second derivatives with respect to time, the out-
puts including approximated velocity and accelerations, denoted by S = {&, &}, are

calculated.
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Figure 1. The framework of PIDynNet with RPN.

Ly

Identification

The system identification is accomplished by simultaneously learning the structural
parameters 6, and neural network parameters 6 simultaneously by solving the follow-

ing optimization problem:

0%, 0, = argmin  wy Ly (Or,0,) + wsLs(Or),

0r,0,

(7)

where wys, ws are weight parameters for the physics-based L and supervised loss func-
tions Lg, respectively. For instance, the physics-based loss term for the SDOF system

governed by Eq.[6] where 6, = [c, k], is given by:

Np

=y 4 ~i w12
Ly (0, 0,) = Eropn) [Ly (Or, 0,|1)] = Y _ || ma'(0r) + c&'(0r) + k&' (05) + méE, |,

=1

8)

This physics-based loss will encourage the identified structural parameters and the pre-
dicted response to conform simultaneously to the governing equations. The supervised

loss function is given by:

Ny, Nr
LS(OR) = EINp(I) [LS (9R|337 Ci?, I)] ~ Z ||531(0R) — QZZH; + Z H:I:Z(OR) — 337’”2 .
=1 i=1

9)

This term measures the difference between the neural network prediction and the ground
truth signal. Instead of minimizing the loss function by using data from the whole re-
sponse time period, PIDynNet seeks to minimize the loss function by sequentially train-
ing the network and structural parameters over consecutive subperiods. Specifically, the
subperiods are created by equally dividing the whole response time period. Then, using
data from each subperiod, PIDynNet is trained and the structural parameters are cal-
culated, and serve as the initial values in the next subperiod. Within each subperiod,



there are variabilities in the calculated parameters over the iterations of the algorithm.
As more subperiods are used, one expects these variabilities to get reduced. Thus we
require the structural parameters in the next subperiod to be constrained in the range
{p* — 30p,p" + 30,}, where p* is the latest estimate for the parameters, and o, is the
standard deviation of the parameters that are estimated through iterations in the current
subperiod. During the iteration in the training process, the value of identified parameters
is checked every N, iteration, and an early stopping strategy is introduced if the unknown
parameters 8, doesn’t change beyond the threshold € for n successive evaluation starting
from iteration Ny:

HHf,VO”NC—B;VOH/HOéVOH <e Vi=1,...,n. (10)

Dynamical systems with latent state variables

Dynamical systems with rate-dependent behavior can pose a challenge for system
identification since the system is now governed by multiple differential equations with
additional latent rate-dependent variables. Let us consider the following general form
for a rate-dependent dynamical system:

(1) + f(D(x), U(2);0,) = —mi,y (1)
{ 2= g(x,20.) ) (11)

where f(-) is a function controlling the restoring force, ®, U are dictionaries containing
all related variables, g(-) is the function controlling the rate-dependent behavior charac-
terizing by parameter 6. . In order to predict the additional latent variables in PIDynNet,
we train the latent neural network (LNN), where the predictions are Z = LNN(ZI;8;),
with 8/, being the weights and biases in LNN. So, the physics-informed loss term Lz is
given by:

Lz(67,61.96. Z [EX '(0r).2'(6.):6.) .- (12)

where ' and other derivatives in g(-), are calculated using automatic differentiation of
LNN. Therefore, the parameter optimization with latent variable is given by:

0%,01,0,,0; = Oarggn;ine wn LA (Or, 0,) + wsLs(Or) + wzLz(0r,01,0,). (13)
RYL,YUp,Uz

The workflow of modified PIDynNet is shown in Figure [2 The network make pre-
diction on & and latent variable z separately then aggregate all the variables in the loss
function with unknown parameters.

Generalization capability of PIDynNet

After identifying the unknown structural model using the response to a given record,
the neural network can be generalized to predict the response time history under an
unseen ground excitation. For an unseen ground motion, we just re-train the PIDynNet
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Figure 2. Modified framework of PIDynNet with RPN and LNN.

for a few ’fine-tuning’ steps. During the fine-tuning process, the structural parameters, 0,
and 6., are kept fixed and only the neural network parameters, f and 6, are re-trained.
This fine-tuning is not supervised training, and only uses physics-based loss functions.
So the fine-tuning loss function in the case without latent variables is given by:

07 = argmin Liine-wuning (O R, 0;) = argmin wp L (Or, 0;). (14)
Or Or
NUMERICAL RESULTS

SDOF cubic stiffness system

The proposed PIDynNet framework is first validated on a highly nonlinear structural
system with cubic stiffness, which is also known as the Duffing system. In particular,
the Duffing oscillator can be interpreted as a forced oscillator with nonlinear (3*¢ order)
elastic stiffeners whose restoring force is written as:

mi(t) + ci(t) + kiz(t) + ksz®(t) = —mi, (), (15)

where k1, k3 are the parameters governing the restoring force. In our example, the system
parameters are set as m = lkg, ¢ = 0.5N -s/m, k; = 15N/m, k3 = 120N/m3. The
natural frequency of the system is 3.87 Hz when the effect of the nonlinear term is
negligible. The Kobe Earthquake ground motion from Pacific Earthquake Engineering
Research Center (PEER) ground motion database is used. A scaled version of the 40-
second ground motion record is adopted to let the response spectrum match with the
target spectrum within the range of 0.277 to 1.577, where 77 is the first mode structural
period. The training data, which includes displacement, velocity, and acceleration time
histories, are obtained from the third-order Runge-Kutta Method.



In the identification process, the initial learning rate is set as 0.001, and the number
of collocation points is 500 from a sampling pool size of 1000 for each subperiod. The
subperiod length is 3s. The early stopping strategy for parameters is evaluated for every
100 iterations with the threshold of 107*. A pretraining process for RPN with 1000
iterations is performed before the identification with only supervised loss in order to have
better initialization of g values. The maximum number of iterations in each subperiod
is set to be 80,000. The architecture of RPN is a five-layer multi-layer perceptron. The
embedding size of the hidden layer is 32. All the loss terms are equally weighted in
training process.
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Figure 3. Comparison of parameter updating results and errors on SDOF duffing system.

TABLE I. The errors in the identified parameters with batch size of 400.

Parameter ~ Ground truth value UKF value UKF error PIDynNet velue PIDynNet error (%)

¢ (N -s/m) 0.5 0.513 2.86 0.494 1.19
k1 (N/m) 15 14.564 291 14.981 0.13
k3(N/m®) 120 118.164 1.53 122.392 1.99

The identified result from the PIDynNet is compared with the ground truth and also
with results from the unscented Kalman filter (UKF). Figure (3| shows the comparison
of identification results from PIDynNet with ground truth and UKF identification value.
Both approaches cannot identify the parameters in the first 5 seconds since the structural
response is small and has not exhibited nonlinear behaviors. When the system starts to
exhibit nonlinear behavior, the structural parameters in the identification block of PIDyn-
Net start to converge to the ground truth to minimize the physics-informed loss. Figures
in the left column indicate that PIDynNet has a faster convergence speed compared to
UKEF. And the right column presents the relative error of different parameters. Table [
compares the identified modal parameters obtained from PIDyNet and UKF after the last
time step. The largest estimation error by PIDynNet is 1.99 % while the largest error by
UKF is 2.91 %. It indicates that PIDynNet offers a relatively better prediction than UKF.

As discussed earlier, a trained PIDynNet can also be used for structural response
prediction, and here we seek to assess the generalization capability of the response pre-
diction of PIDynNet. Several unseen excitations are generated by scaling and stretching
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Figure 4. Identification and prediction results of nonlinear displacements under different
magnitudes and distribution of correlation coefficient in cubic stiffness system.

the original ground motion record used in the identification phase. Figure 4 shows the
identification and prediction result of unseen excitations. The green region shows an
identification phase, from ¢ = 0Os to ¢ = 15s. The blue regions indicate the predic-
tion phase, where the PIDynNet predicts the response time history under unseen ground
excitations. To measure the similarity between the reference and the prediction, the
Pearson correlation coefficient v is computed to quantify the fitness of the predicted
response with respect to the ground truth signals. The histogram in[5|presents the distri-
bution of the correlation coefficient under different ground motions and different scales.
We observed that about 95% of the prediction responses have a correlation coefficient
v > 0.95.
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Figure 5. Distribution of correlation coefficient under different ground motions.

SDOF Bouc-Wen Model

In this example, PIDynNet is applied on a SDOF Bouc-Wen system. Bouc-Wen
model is one of the widely used hysteretic models originally proposed by Bouc [19] and
later developed by Wen [20]. The latent hysteretic displacement in the restoring force



has dynamics which is dependent on the structure’s velocity. The governing differential
equations under ground excitation are then given by

{ mi(t) + ci(t) + k;z(tl) = —a,(t),
2(t) = a(t) =yl |z ()" 2 () — B (t) |2 (1],

where c and £ are damping and stiffness coefficient. z is the latent hysteretic displace-
ment, and (3, 7y, and n are dimensionless parameters that control the hysteretic behavior,
and can generate a large variety of hysteretic loops. For this example, since the latent
hysteretic displacements are unobserved, one can expect the training of LNN to be slow.
Thus, we adopt a transfer learning-based initialization, where after pretraining the RPN,
we transfer the parameters from RPN into the LNN. Furthermore, to account for the dis-
crepancy between hysteretic displacement from structural displacement, the difference
between the initial displacement and initial hysteretic displacement is added to the out-
put of LNN. The initial structural displacements and initial hysteretic displacements in
each subperiod are computed from its previous subperiod.

(16)

TABLE II. Identification result of SDOF Bouc-Wen Model with noise-free data

Parameter Ground Truth  UKF  Error (%) PIDynNet Error (%)

¢(N -s/m) 03 0286 458 0.295 1.50
k(N/m) 12 11.987 0.1 11.954 0.38
8 1.0 0988 125 0.982 1.77
v 2.0 2051 257 1.963 1.87
n 2.0 2064 321 2.051 2.57
In this example, the system parameters are set as m = lkg, ¢ = 0.3N-s/m,

k = 12N/m, § = 1, v = 2, n = 2. The natural frequency of the system is 0.55
Hz. The identification process and hyperparameters are identical to the previous case
study. The El Centro Earthquake ground motion from the PEER dataset is used. Table
compares the accuracies in the identified parameters of the Bouc-Wen model. The
average identification error by PIDynNet is 1.68 % and the average error by UKF is 2.25
%. Additionally, the largest estimation error by PIDynNet is 2.57 % while the largest
error by UKF is 4.58%, underscoring the overall better performance of PIDynNet.

TABLE III. Comparison of computed parameters of the Bouc-Wen model identified using
UKEF and PIDynNet with respect to the ground truth under different noise levels.

2.5% Noise 5% Noise
Parameter Ground Truth

UKF  Error (%) PIDynNet Error (%) UKF Error (%) PIDynNet Error (%)

¢(N - s/m) 0.3 0.292 2.53 0.301 0.37 0.316 5.49 0.294 1.84
k(N/m) 12 12.016 0.13 12.032 0.27 11.956 0.36 11.987 0.11
B 1.0 0.975 2.49 1.017 1.72 0.971 2.86 1.027 2.70

vy 2.0 2.022 1.08 1.952 241 1.948 2.58 1.950 2.50

n 2.0 1.960 2.02 1.989 0.56 2.064 3.18 2.020 1.02

In order to assess the robustness of the model, similar to the previous case study,
different measurement noise levels are considered. And the results in Table [T show the



comparison of identified parameters of the Bouc-Wen model using UKF and PIDynNet
under different noise levels. The PIDynNet model has yielded an average identification
error of less than 1.75% at both noise levels. In contrast, the UKF model has exhibited a
prediction error greater than 50% as compared to PIDynNet. It indicates that PIDynNet
can offer relatively accurate identification even for noisy data, with an average identifi-
cation error lower than that of UKF.

CONCLUSION

The paper presents PIDynNet, a novel ode constrained structural identification frame-
work with neural networks. In particular, the ode constrained neural network utilizes the
physics-based loss, to identify the unknown structural parameters. Along with super-
vised loss, the physics-based loss is embedded in the overall loss function, which is
considered an auxiliary constraint to enforce the architecture to capture the dynamic
response within the feasible space. Besides, the PIDynNet is successful in identifying
the parameters when the system consists of non-observable nonlinear state variables. In
addition to identification, the PIDynNet shows the generalization capability when en-
countering unseen earthquakes.

For validation, the performances of ode constrained neural network were tested on
two numerical examples: (1) an SDOF system with 3'@ order hardening stiffness, (2) an
SDOF Bouc-Wen Model. The ode constrained neural network is successful in identify-
ing the modal parameters and outperforms other data-driven identification methods. The
prediction results with unseen earthquakes indicate that PIDynNet has the generalization
capability. It is believed that the ode constrained neural network provides a large variety
of implementation fields and promising potentials for structural health monitoring.
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