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FORWARD AND INVERSE PROBLEMS OF THIN PLATE MECHANICS
BASED ON PHYSICS-INFORMED DEEP TRANSFER LEARNING FOR

TANG He-sheng , HE Zhan-peng , LIAO Yang-yang , XIE Li-yu

(Department of Disaster Mitigation for Structures, Tongji University, Shanghai 200092, China)

Abstract: Deep learning has become increasingly popular in the engineering profession as computer technology
has advanced. However, the data set used for training frequently has the characteristics of a small sample set, of a
high dimension and sparse in practical application, limiting the application breadth of standard deep learning
models. In this study, a transfer learning enhanced physics-informed neural network is developed to solve the
forward and inverse mechanics problems with the sparse data set. The physics-informed model, when used in
conjunction with the transfer learning method, improves learning efficiency and maintains predictability in the
target task by using existing information from the source model without requiring a large amount of data. The
method starts by using a data set to train the source model of a thin plate (simple support at both ends and fixed
support at both ends). The features of neural network are retrieved from the source model based on deep transfer
learning. The source model is fine-tuned by using the sparse data set in the target task. The target task of response
prediction (forward problem) and boundary recognition (inverse problem) in the thin plates with different
boundaries are verified. The results show that the method has high accuracy and generalization ability for the
target task with a small sample set. Compared with the single data-driven deep learning method, the physics-
informed deep transfer learning has the advantage of avoiding the cost and grid independence caused by data
generation.
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models (Four sided fixed support plate)
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Fig. 18 Iterative convergence curves of different network
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Table 3 Predicted values of boundary parameters for the thin
rectangular plate (Four sided fixed support plate)

SRS TNE X AL S A A
@,=0.0523 =012 [& 37
@,=0.0432 x=aild i 3¢
@;=0.0543 y=0121 [ 32
@,~0.0439 y=bi1[ii] 37

R ERERLFSHEFNER (FiLE X MAER)
Table 1 Predicted values of boundary parameters for the thin
rectangular plate (Simply supported plates with fixed supports
on both sides)
SR X Al SRS A
,=0.0523 x=014[H 32
@,=0.9418 x=ail 3L
@;=0.0417 y=014 3¢
@,~0.9625 y=bilfEi 3¢
400
| —--dEEFE =
300 F | i)
\
}% 200 f i
oK ! b i |
1001y 4
N
0-.“ <t ) -~’“); ----- .:a._._. ‘‘‘‘‘‘
0 100 200 30 400 500
EAUEL
K17 AN 2 R e Rk A St e (VY32 7 SAR)
Fig. 17 Tterative convergence curves of different network
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Table 2 Predicted values of boundary parameters for the thin

rectangular plate (Simply supported plates on four sides)
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Table 4 Comparison of calculation errors of mechanical
forward problems
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Table 5 Comparison of calculation errors of mechanical
inverse problems
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