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A physical information neural network for modeling pulsed eddy
current detection of oil well pipelines

Luo Bin',Shi Yibing',Tao Aihua®,Feng Qiang',Zhang Wei'

(1. School of Automation Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China;
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Abstract: Pulse eddy current testing, as a non-contact, environmentally friendlynon-destructive testing method requiring no coupling
agent, is widely usedto assess the structural healthof metallic pipelines. The timeliness and accuracy of pulse eddy current response
estimation are severely constrained by electromagnetic modelling approaches for well casing pulse eddy current testing. Traditional
mathematical modelling approaches demand substantial prior knowledge, entailing complex model construction and high computational
cost. Meanwhile, purely data-driven neural network methods lack physical information constraints and exhibit insufficient robustness.
Field operations frequently necessitate a pulsed eddy current modelling method balancing efficiency and precision. This research
addresses this issue by proposing a novel physical information neural network surrogate model. Electromagnetic physical laws are
embedded as prior knowledge within the objective loss function to guidethe training process of deep neural networks. Furthermore, sub-
neural networks are introducedto estimate electromagnetic responses across distinct computational domains, separated according to their
physical characteristics. An interface loss function is designed to compensate for discontinuities in output between networks when
predicting results across dual computational domains, thereby enhancing the accuracy and robustness of electromagnetic response
estimation. The performance of the proposed physio-informative neural network was validated using electromagnetic response data

obtained via finite element analysis. lts capabilities were compared against conventional purely data-driven neural networks and
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interpolation algorithms. Results show that the physical information neural network model accurately estimates electromagnetic responses

in oil casing eddy current testing, achieving a coefficient of determination exceeding 0.95. Furthermore, the inference speed of the

physical information neural network model surpasses that of finite element analysis by over 52 times.

Keywords : physics-informed neural network ; pulsed eddy current testing; surrogate model; electromagnetic response estimation
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(b) Loss function convergence
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Fig. 4 Iteration curve of PINN training parameters
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Table 1 Physical parameters of the pipeline
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K2 TRFEMITEMEREIE (S8 A, =KH)

Table 2 Comparison of computational performance of

different methods ( parameter A, air domain)

®3I AEFENITHEERER (S8 B, =K1)
Table 3 Comparison of computational performance of

different methods ( parameter B, air domain)
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Fig. 6 Estimation results of magnetic vector potential A (air region, first and third rows at 1=0.5 ms,

second and fourth rows at t=15 ms)
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Fig. 7 Estimation results of magnetic flux density B in the air region (first and third rows at 1=0.5 ms,

second and fourth rows at t=15 ms)

F4 AEFENITTEEEEN L (S8 A, EEH)
Table 4 Comparison of computational performance of

different methods ( parameter A, casing domain)

WRES RMSE MAE RE R?
N TP w45 2.544x107°  1.720x107°  0.055  0.984
B2 0 4% 1.599x107™*  1.326x10™* 0.347  0.385
WHEEBMAMY  2.651x107°  1.825x107°  0.057  0.983

®5 ARFEMITEMSEEN L (SH B, EEH)
Table 5 Comparison of computational performance of
different methods ( parameter B, casing domain)

Jrik RMSE MAE RE R?
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BIAPZ M 4% 1.261x107*  6.757x107*  0.160  0.924
WHEEBMAMY 9.593x1070 5.337x107°  0.121  0.956
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Fig. 8 Estimation results of magnetic vector potential A in the casing region (first and third rows at t=0. 5 ms,

second and fourth rows at =15 ms)
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Table 11 Comparison of computational performance among different methods ( parameter A )

. R =R BEE TR
i RMSE MAE RE R? RMSE MAE RE R
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Table 12 Comparison of computational performance among different methods ( parameter B)
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Table 13 Comparison of performance of different loss

function weight balancing strategies ( parameter A,

average of dual computational domains)

IR RMSE MAE RE R2
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Table 14 Comparison of performance of different loss

function weight balancing strategies ( parameter B,

average across dual computational domains)
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Table 15 Comparison with and without interface loss
function ( parameter A, average of dual

computational domains)
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Table 16 Comparison with and without interface loss
function ( parameter B, average of dual

computational domains)
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