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Structural damage identification aims to estimate the states of structural systems 
and the associated model parameters based on measurement data.
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Physics-informed Neural Network (PINN)

●  Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving nonlinear partial differential equations. Journal of 
Computational Physics, 388, 686-707.

Neural Network (NN)

● e.g., in the form of governing equations 

(ODEs/PDEs).

𝜎𝜎

𝜎𝜎

𝜎𝜎

𝜎𝜎 Physical constraints/ 
prior knowledge

Loss

𝐿 = 𝐿𝐷𝑎𝑡𝑎 + 𝐿𝑃ℎ𝑦

Loss function

𝐿𝐷𝑎𝑡𝑎: Purely data-based loss

𝐿𝑃ℎ𝑦: Physics-informed loss

where, 

x

t

ො𝑢 ො𝑢 − 𝑢 = 0

Input layer Output layerHidden layer

Activation 
function

𝜃∗
Minimize

(The unknown parameters in 

the governing equations can 

be trained concurrently with 

the NN parameters)

(prediction: ො𝑢
 observation: 𝑢)

Physics-informed
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Goal of this presentation:

to demonstrate a Physics-informed neural networks (PIPNNs) 
framework for structural damage identification

04

● Example 1: a three-span continuous beam with cracking

● Example 2: a concrete column system with creep strain
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Goal of this presentation:

to develop and demonstrate a Physics-informed neural networks 
(PIPNNs) framework for structural damage identification problems
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● Example 1: a three-span continuous beam with cracking

● Example 2: a concrete column system with creep strain
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Damage identification of a three-span continuous beam with cracking

Determine:

Given: 

- simulated by superposing the reference acceleration 
responses* (ground truth) and the 5% Gaussian noise.

- to identify 𝛾𝑖  for each span of the beam

06

1. Sensor data for accelerations: ሷ𝑢 𝑡

* The reference responses (ground truth) are calculated by modal analysis considering the first 30 modes.

Damage parameter 𝛾

𝛾 = 0

0 < 𝛾 ≤ 𝛾𝑐𝑟

- Undamaged:

- Damaged:

- Represent the reduction of the flexural rigidity 
of each span of the beam due to damage.

- where 𝛾𝑐𝑟 is a critical value (close or 
equal to 1) at finial failure.

𝐸𝐼𝑖 = (1 − 𝛾𝑖)𝐸𝐼 

2. Physics:

- Governing equation (PDE)

𝑚
𝜕2

𝜕𝑡2
𝑢 𝑥, 𝑡 + 𝑐

𝜕

𝜕𝑡
𝑢 𝑥, 𝑡 + 1 − 𝛾𝑖 𝐸𝐼

𝜕4

𝜕𝑥4
𝑢 𝑥, 𝑡 = 𝑃𝛿(𝑥 − 𝑣𝑡)

- Boundary conditions

Fig. 1 A three-span continuous beam under 
a moving concentrated load
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Sensor data fitting

Physics (Boundary conditions)

Sensor data fitting

𝐿𝐷2

𝐿𝑃2

𝐿𝑃12

𝐿𝐷1

𝐿𝑃1

𝑥1
ො𝑢1

𝜎
𝑡

𝜎

𝜎

𝜎

𝜎

𝜎

Neural Networks (NNs) Loss componentData Fitting & Physics Constraints

𝜀 < 𝜀𝑡𝑜𝑙

DONE

YES

NO

Update NNs parameters

෡𝛉

Physics (Governing PDE)
𝑥2

ො𝑢2

𝜎
𝑡

𝜎

𝜎

𝜎

𝜎

𝜎

...
...

...

෡𝚼

𝛉 𝚼

Update unknown damage parameters

Developed Physics-informed Parallel Neural Networks (PIPNNs) framework 

𝐿 𝛉, 𝚼 = 𝐿𝐷𝐴𝑇𝐴 + 𝐿𝑃𝐻𝑌{෡𝛉, ෡𝚼} = arg min 𝐿(𝛉, 𝚼)

Physics (Governing PDE)

Physics-informed loss function
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Fig. 1 A three-span continuous beam under 
a moving concentrated load
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Identifying the damage parameters using the PIPNNs framework

Fig. 2 Comparison of the identified damage parameters and the 
true values.

08

Fig. 1 A three-span continuous beam under 
a moving concentrated load
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Goal of this presentation:

to develop and demonstrate a Physics-informed neural networks 
(PIPNNs) framework for structural damage identification problems
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● Example 1: a three-span continuous beam with cracking

● Example 2: a concrete column system with creep strain



Z. Rui (rzz5158@psu.edu) October 29-November 2, 2023, Boston, MA, USA Slide       / 15

Damage identification of a concrete column system with creep

Property Value

relative humidity

cylinder compression strength

volume to surface ratio

cement content (Type I cement)

water-cement ratio

water content of concrete

aggregate-cement ratio

h = 90% 

fc = 27.6 MPa

v/s = 0.75

c = 220 kg/m3

w/c = 0.60

w = 132 kg/m3

a/c = 7.0

Table. 1 Material properties for concrete 
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Determine: 

1. Damage parameters: 𝛾1 and 𝛾2

2. Responses: (a) stress: 𝜎𝑖 𝑡 ; (b) Strain: 𝜀𝑇𝑖
(𝑡); 𝜀𝐸𝑖

(𝑡); 𝜀𝑐𝑟𝑖
(𝑡).

𝐿
2

𝐿
1

C
o
lu

m
n
 1

𝑆1 𝑆2

(𝑃 = 200 kN)

(𝐿2 = 1 m)(𝐿1 = 1.2 m)

(𝑆1 = 0.15 m2) (𝑆2 = 0.1 m2)

sensor

C
o
lu

m
n
 2

Fig. 1 A two-column system

𝑃

(𝛾1 = 0.2) (𝛾2 = 0.1)

Damage parameter 𝛾

- Represent the reduction of the effective cross-sectional area of each 

column due to damage: (𝛾1 = 0.2; 𝛾2 = 0.1).

Given: 

1. Sensor data for deflection: 𝑢 𝑡  with 5% Gaussian noise

2. Physics:

1. Equilibrium of force:

 𝜎1𝑆1 1 − 𝛾1 + 𝜎2𝑆2 1 − 𝛾2 = 𝑃

2.  Compatibility of displacement: 

𝜀𝑇1𝐿1 = 𝜀𝑇2𝐿2 = 𝑢
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Fig.1 Strain components of concrete under loading.

𝐭′

𝜀Total = 𝜀𝑠ℎ + 𝐽(𝑡, 𝑡′)𝜎

Loading

𝐽 𝑡, 𝑡′ = 𝑞1 + 𝐶0 𝑡, 𝑡′ + 𝐶𝑑 𝑡, 𝑡′, 𝑡0

- where 𝐽 is the compliance function:

2. Stress induced strain: 𝐽(𝑡, 𝑡′)𝜎

(a). instantaneous strain due to unit stress: 𝑞1

(b). basics creep: 𝐶0

(c). drying creep: 𝐶𝑑

1. Shrinkage: 𝜀𝑠ℎ

* Bazant, Zdenek P., and W. P. Murphy. "Creep and shrinkage prediction model for analysis and design of concrete structures-model B3." Matériaux et constructions 28.180 (1995): 357-365.

Total strain of concrete under load

ሶ𝐶0 𝑡, 𝑡′ = 𝑓 𝑡 =
𝑛(𝑞2𝑡−𝑚 + 𝑞3)

𝑡 − 𝑡′ + 𝑡 − 𝑡′ 1−𝑛
+

𝑞4

𝑡
,  𝑚 = 0.5, 𝑛 = 0.1

𝐶𝑑 𝑡, 𝑡′, 𝑡0 = 𝑔 𝑡 = 𝑞5 𝑒−8𝐻(𝑡) − 𝑒−8𝐻(𝑡0
′ )

1/2
,  𝑡0

′ = max(𝑡′, 𝑡0)

Total strain*:

11
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Sensor data fitting: 

Equilibrium of force:

𝐿𝐷

Neural Networks (NNs) Loss componentData Fitting & Physics Constraints

𝜀 < 𝜀𝑡𝑜𝑙

DONE

YES

NO

Update NNs parameters

෡𝛉

መ𝐽

𝜎

𝜎

𝜎

𝜎

𝜎

𝜎

෡𝚼

𝛉 𝚼

Update unknown damage parameters

Applying Physics-informed Neural Network (PINN) framework on the concrete 
column system

𝐿 𝛉, 𝚼 = 𝐿𝐷𝐴𝑇𝐴 + 𝐿𝑃𝐻𝑌{෡𝛉, ෡𝚼} = arg min 𝐿(𝛉, 𝚼)

Physics-informed loss function

𝐿𝑃3

𝑡
ො𝜎1

ො𝜎1 𝑡 𝑆1(1 − 𝛾1,0) + ො𝜎2 𝑡 𝑆2(1 − 𝛾2,0) = 𝑃

ො𝜎2

ො𝑢 𝑡 = 𝑢 𝑡
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Compatibility of displacement:
𝐿𝑃2ො𝑢 𝑡 = መ𝐽 𝑡 ො𝜎1 𝑡 𝐿1 = መ𝐽 𝑡 𝜎2 𝑡 𝐿2

ො𝑢 Stress induced strain:

𝐿𝑃1
መ𝐽 𝑡 = 𝑞1 + 𝐶0 𝑡 + 𝐶𝑑(𝑡)

ሶ𝐶0 𝑡 = 𝑓 𝑡 ; 𝐶𝑑 𝑡 = 𝑔 𝑡

Fig. 1 A two-column system
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Comparison of the estimation from PINN and Ground truth

Fig. 2 Comparison of estimated (a) damage parameters and (b) normalized stress 
history for two columns and ground truth.

Damage parameters

(a)                                                                                           (b)

Fig. 1 A two-column system



Z. Rui (rzz5158@psu.edu) October 29-November 2, 2023, Boston, MA, USA Slide       / 15

Comparison of the estimation from PINN and Ground truth (continued)

14

Fig. 2 Comparison of estimated strain history for (a) Column 1 and (b) Column 2 vs ground truth.

(a)                                                                                           (b)

Fig. 1 A two-column system
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Summary of Work

• A Physics-informed Neural Network (PINN) framework for structural damage identification has 

been developed:

- both physics and data are integrated into the loss function of the neural network;

- by minimizing this physics-informed loss function, the PINN can estimate the unknown 

parameters.

• Through numerical examples, it is demonstrated that the PINN framework can estimate unknown 

damage parameters (e.g., cracking) and responses (e.g., creep strain history) with high accuracy 

from noisy data.

Thank you!

15
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