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ABSTRACT

To predict the dynamic behavior of a standing glass structure under wind load and
the effect of gravity, an advanced time-marching physics-informed neural network (AT-
PINN) is presented. The AT-PINN approach can solve the vibration problem by training
the neural network over successive time segments. To enhance the solution accuracy,
the hard constraint of boundary conditions is incorporated in AT-PINN. The numerical
examples show that the present approach effectively predicts the wind-induced vibration
response of the standing glass structure during long-duration simulations. The
implementation of the hard constraint technique can greatly improve solution accuracy
and decrease computational costs.

1. INTRODUCTION

Glass facades are a popular choice in building construction. The large glass panels
of tall buildings may undergo significant vibrations due to wind loads, resulting in safety
hazards. Therefore, it is essential to examine how glass responds to wind-induced
vibrations.

In light of the rapid advancements in artificial intelligence, certain deep learning
techniques have been effectively applied in scientific computation. Physics-informed
neural networks (PINNs) are particularly noteworthy among these methods,
demonstrating significant potential and garnering considerable interest for solving partial
differential equations (PDEs) (Cuomo et al. 2022, Yuan et al. 2022, Karniadakis et al.
2021, Raissi et al. 2019). Nevertheless, effectively solving PDEs in long-duration
simulations remains a challenge for current PINNs. To accurately address vibration
issues in long-duration simulations, we have introduced an advanced time-marching
PINN (AT-PINN) approach (Chen et al. 2024). In this work, we introduce the hard
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constraint of boundary displacements into the AT-PINN approach to enhance the solution
accuracy. The wind-induced vibration response of a standing glass structure is analyzed
by this method.

2. Research Methodology
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Fig. 1 Schematic diagram of a standing glass structure subjected to wind loads

A standing rectangular glass structure under wind load is studied in the present
work, as shown in Fig. 1. Taking into account the influence of gravity (Yu and Wang

2011), the bending vibration equation of a vertical plate structure can be expressed as
ow Eh3

2
ph% +e——+ ) Viw + aa_y [(ly — y)pg Z—;’] = p(x,y,t) (1)
where p is the density, h is the thickness, c is the viscous damping coefficient, E is
the elastic modulus, v is the Poisson ratio, g is the gravitational acceleration, [, is the
vertical length of the glass structure, and p(x,y,t) is the wind pressure.

The schematic diagram of the AT-PINN approach is illustrated in Fig. 2. The entire
time domain is divided into multiple time segments with the same time interval. The
spatiotemporal domain of each time segment is normalized into a unit spatiotemporal
domain by the min-max normalization technique. Sample points are selected from the
normalized spatiotemporal domain and inputted into the neural network. The loss
function of AT-PINN is comprised of the PDE residual, the initial loss, and the boundary
condition loss.
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Fig. 2 Schematic diagram of the AT-PINN approach

The neural network undergoes iterative training to minimize the loss function,
aiming to approximate the satisfaction of the PDE residual, initial and boundary
conditions. This allows the output to be considered as the solution to Eq. (1). A
reactivating optimization algorithm, the transfer learning technique and the sine activation
function are adopted in AT-PINN, which can well improve the accuracy and training
speed of this approach. Detailed formulations of the AT-PINN approach can be referred
to the authors’ work (Chen et al. 2024).

To further enhance the solution accuracy of AT-PINN, the boundary displacement
is hard constrained to satisfy the boundary condition exactly. Let w denote the direct
output of the neural network. The output after hard constraining can be expressed as

W= ¢(x,y)w (2)
For the simply-supported boundary, ¢(x,y) is given by
p(x,y) = sin (i) sin (%) (3)
While for the clamped boundary, ¢(x,y) is presented as
— . 2 £ . 2 l 4
p(x,y) = sin (lx) sin (zy) (4)

It should be noted that the hard constraints of Eqgs. (2) and (3) only pertain to the
displacement of the simply-supported boundary, while both the displacement and slope
of the clamped boundary are hard constrained by Egs. (2) and (4).

3. Results and Discussion

Numerical simulations of a standing glass structure under wind load with a long
duration time of T =100 s are performed. To take a work example, the parameters of the
glass plate are set as p=2500 kg/m3, h=5 mm, ¢=200 Ns/m3 E=70 GPa, v=0.3,
g=9.8 m/s?, and [,=1,=1 m. The wind load (Huang et al. 2014) and its amplitude
spectrum are shown in Fig. 3. The dominant amplitude spectrum of the wind load is
observed below 1 Hz.
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Fig. 3 (a) Wind load and its (b) amplitude spectrum.
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Fig. 4 Vibration responses at the midpoint of the glass structure under (a) simply-
supported boundary conditions and (b) clamped boundary conditions.
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Fig. 5 Vibration responses at t = 100 s and y = 0.5 m under (a) simply-supported
boundary conditions and (b) clamped boundary conditions.
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Both the simply-supported and clamped cases are studied, and it can be observed
that the results of the proposed AT-PINN approach are in excellent agreement with the
exact solutions, as depicted in Figs. 4 and 5. In these figures, the exact solutions are
obtained by the mode superposition method. As illustrated in Fig. 5, the simply-supported
and clamped boundary conditions can be well satisfied by the AT-PINN approach with
the hard constraints.

We also conduct simulations using AT-PINN without the hard constraint, and then
compare the results to those obtained with the hard constraint. As listed in Table 1, for
both simply-supported and clamped cases, the AT-PINN approach with the hard
constraint can greatly improve solution accuracy and decrease required iterations.

Table 1 Relative L errors and total number of iterations with and without the hard
constraint under different boundary conditions.

i%%?ﬂgg Hard constraint Relative L, error* TotiatLI::t?;zt:r of
Simply-supported No 3.71E-03 4,620,384
Simply-supported Yes 2.97E-03 3,805,664
Clamped No 5.81E-03 4,578,705
Clamped Yes 4.53E-03 2,886,814

. 1 ~ 1 N . .
*Relative L, error = \/EZ’,Ll(wk — wk)z/\/ﬁ 21—, Wi, Where w is the exact solution.

4. CONCLUSIONS

In this paper, a novel AT-PINN approach with the hard constraint technique is
presented. The current method predicts the wind-induced vibration response of a
standing glass structure, taking into account the influence of gravity. The findings suggest
that the current method is suitable for analyzing wind-induced vibrations in long-duration
simulations. Furthermore, it is shown that the hard constraint technique can notably
improve solution accuracy and reduce computational expenses. Further investigations
on the AT-PINN approach for structural optimization problems are being conducted.
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