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A Novel Physics-Informed Neural Networks Algorithm for Linear Elastic Static
Crack Problems
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(1.Department of Data Science, School of Mathematics and Statistics, Beijing Technology and Business University, Beijing 100048, China;

2.Institute of Applied Physics and Computational Mathematics, Beijing 100094, China)

Abstract This paper proposes a novel Physics-Informed Neural Networks algorithm for linear elastic static crack problems.
In order to handle the discontinuity of the displacement fileds along the crack, we adopt independent multi-neural networks to
solve all the components of the displacement and stress fileds by using the domain decompositions technique. Moreover, in
order to capture the singularity of the stress fields at the crack tip, we use the crack tip asymptotic field functions to modify
the outputs of the multi-neural networks, which can improve the accuracy remarkably. Numerical experiments verify the
efficiency of our algorithm.

Key words Physics-Informed Neural Networks; static crack ; multi-neural networks; domain decomposition; crack tip
asymptotic field functions
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Fig.1 A two-dimensional model of linear elastic body with a static crack.
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Fig.2 Schematic diagram of the domain decomposition, the black dashed line denotes the crack extended line f‘c .
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Fig.4 The model of the uniaxial tensile single-edge crack plate.
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Table 1 Relative L2 errors of displacement and stress fields solved by the standard PINN method .

REEH M le,ll, el e, I, e, Il e, IL

32 1.6350x10! 1.0129 3.6445%10! 5.4673x10! 9.4097x10!

2 64 1.5218x10! 1.0876 6.4124x10! 3.2141x10! 5.8767x10!

128 1.5120x10! 1.0208 3.5009x10! 5.4085x10! 9.1057x10!

32 1.4711x10! 1.0211 3.0926x10! 5.3186x10! 9.2388x10!

3 64 1.7854x10! 1.0352 6.5321x10! 4.2345x10°! 7.3521x10°!
128 1.5362x10! 1.0101 3.2150x10! 6.2174x10! 1.0117

32 1.5581x10! 1.0229 3.1983x10! 5.9114x10°! 9.5827x10!

4 64 1.4636x10! 1.0632 3.4523x10! 4.4573x10°! 8.3525x10!

128 1.2884x10! 1.0331 2.8346x10! 4.9972x10°! 8.6078x10!

32 1.6427x10! 1.0188 3.3399x10! 6.2516x10! 9.9476x10!

5 64 1.4111x10! 1.0317 2.8266x10! 9.3126x10! 5.5801x10!

128 1.5060x10! 1.0427 3.1440x10! 5.2197x10°! 9.3476x10!
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Fig.5 Point-wise error plots for the displacement and stress fields obtained by using the standard PINN method .
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Fig.6 Point-wise error plots for the displacement and stress fields obtained by using the multi-neural network PINN method.
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Table 2 Relative |_2 errors of displacement and stress fields solved by the multi-neural network PINN method.

R el Ile,l, le, I, e l, el
32 1.0182x107! 9.25687x1072 3.1285x107! 3.1924x10! 6.5771x107!
2 64 9.0291x1072 9.4577x1072 2.7087x107! 3.0946x10! 6.0059x107!
128 1.0161x1072 1.0056x1072 2.9628x107! 3.2294x10! 6.2673x107!
32 6.3074x1072 8.8176x1072 2.6395%10! 2.8737x10°! 5.7568%10!
3 64 7.5396x1072 8.1367x1072 2.7087x10! 2.9321x10! 5.7467x10!
128 6.3464x1072 8.5676x1072 2.5486x10! 2.8940x10! 5.5709%10!
32 6.5014x1072 8.7885%1072 2.5383x107! 2.8712x10! 5.3815x10!
4 64 5.6411x102 8.0726x102 2.3453x107! 2.7443x107! 5.1570x10!
128 5.7569x1072 8.9359x1072 2.4283x107! 2.7907x10! 5.2627x107!
32 4.7132x10 8.6912x107? 2.4046x107! 2.8155x107! 5.3523x10!
5 64 4.9649x107? 7.9312x107? 2.2932x10! 2.6178x10! 5.5029x%10!
128 6.2045%1072 8.9147x1072 2.3935x10! 2.8925x10! 5.3640x10!

33 BIERRZHMEMEZ PINN /7%

® 34 H T RHARREIL KBS IEG I Z WA ML PINN J73RER, M3 AIN 13 %5 &
AR Ly iz B 7 4l T A MR 3 TN AR A L SE AR &y B2 MR sl iR 22 . R 3 AT I,
B FCR AN B2, B2 A2 AN BN 64 I, AL AN J1 3 BN AR X L, iR 25 A RRE &
107, uhgh, BEFEBRRZMAMZ TR RN, AR ST FEL10° . WK 7 W, SRR
SR BUBIE G, FEIKE A7 3% TN AR RS P 5 LAt X S A — B, B R R 107,
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Table 3 Relative L2 errors of displacement and stress fields solved by the revised multi-neural network PINN method .

RS W lel, el e, l, e l, el
32 6.7348x10* 4.4045%10* 5.54135x1073 1.8910x107 2.4893%1073
2 64 2.6599x10* 1.0397x10* 7.7810x10* 4.1060x10* 1.9296x10
128 3.45487x10 3.6220x10* 2.0948x10* 3.7028x10* 1.9235x10*
32 4.4385x10* 2.2504x10* 1.4227x107 3.0269x10* 1.1406x1073
3 64 8.5369x10¢ 2.1215x10% 4.9086x107 4.2313x10% 8.8447x107
128 7.81343x10°3 1.6426x10 7.5022x10% 4.0326x107 5.7083x10
32 3.4887x10 7.8694x10 1.9120x10* 4.1168x10* 9.8964x107°
4 64 3.4471x107° 2.1196x1073 2.3962x107% 3.2293x10° 6.3055x10
128 1.5949x107% 8.7906x10°¢ 1.1647x10* 3.7569x10° 3.6856x10*
32 3.3663x10° 2.5586x107 2.8706x10* 1.6639x10* 5.4390x10*
5 64 3.4456x10¢ 5.9472x10¢ 3.7780%10% 2.4322x107 3.0986x10
128 9.9693x10 1.2885x10%¢ 9.2068x10% 6.2295x10° 3.0981x10%

M MBI RIK ] 4 D)2, BNEEEAR 64 M, RATEHEEIEK L FRFE S
M 1000 M HnE] 2000 /NFT 3000 A4, AN FIEUE S R LE 4. NEUEL R AT, BnskiE Kk
KRS ANEASH— SR E T EREE. P, MWHHESERNMESEE, FERETEKL FXFE 1000
A EIAT,
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Fig.7 Point-wise error plots for the displacement and stress fields solved by using the revised multi-neural network PINN method.
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Table 4  Relative L2 errors of displacement and stress fields with the different number of sampling points on the crack extension line.

N, e, Te,l, e, I e, Il le,
1000 3.4471x107 2.1196x107 2.3962x107 3.2293x107° 6.3055x107
2000 3.1141x107 6.5258x107° 8.3457x107 1.3572x10* 2.4464x107
3000 3.9944x10 1.9509x107° 6.1516x10° 7.4080%10™ 2.3205%10°?
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