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Fast estimation of blast loading in complex structures
based on Bayesian deep learning
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Abstract: For the estimation of blast loading in complex structures, traditional numerical simulation methods were
computationally intensive whereas rapid estimation methods based on neural networks can only provide estimates at local
points without providing confidence intervals for the predicted results. To achieve fast and reliable estimation of the blast
loading in complex structures, Bayesian theory was combined with deep learning to develop a Bayesian deep learning approach
for rapid estimation of blast loading in complex structures. The approach initially utilized open-source numerical simulation
software to generate a dataset of blast loading in complex structures, encompassing a wide range of parameters such as
explosion equivalents, locations, and velocities. During this process, mesh sizes that balanced computational accuracy and
speed were determined through mesh sensitivity analysis and the verification of the numerical simulation accuracy. Then, the
deep learning model was extended into a Bayesian deep learning model based on Bayesian theory. By introducing probability
distributions over the weights of the neural network, the model parameters were treated as random variables. Variational
Bayesian inference was then employed to efficiently train the model, ensuring the accuracy of rapid blast loading estimation

while also equipping the model with the ability to quantify uncertainty. Finally, metrics such as mean absolute percentage error
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(MAPE), normalized mean prediction interval width (NMPIW) and prediction interval coverage probability (PICP) were
adopted to quantitatively assess the model's estimated accuracy and the precision of the uncertainty quantification.
Additionally, an error decomposition of the estimation results was conducted to analyze model’s performance based on target
parameters and scaled distance. The results indicate that the proposed method achieved an estimation error of 12.2% on the test
set, with a confidence interval covering over 81.6% of true values, and less than 20 milliseconds of the estimation time for a
single sample point. This method provides a novel approach for fast and accurate estimation of blast loading in complex
structures with sufficient confidence for the estimation results.

Keywords: complex structures; blast loading; Bayesian deep learning; quantization of uncertainty
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Table 2 The values of empirical constants
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Fig.2 Comparison of numerical simulation results with empirical formulas
under different grid settings
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Table 3 Calculation time required for numerical simulation with different background grid settings
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Table 4 The hyperparameter to be adjusted and the corresponding range
P2 28 250 E PRI i BRI EES

2~8 16, 32, 64, 128, 256 ReLU, Leaky ReLU 0.001, 0.005, 0.010
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error, MAPE) AT E 280 (R VE W PF M AR AR BE T84 . o, 6, (MAPE fH) R AHXS 1% 22, 58 KRR
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Table 5 Parameters of the simulation platform

Fa PLSTiE WFF BIERSE
KA 5 G G 2x12 Intel Xeon E5-2692 v2/BA5 i 128 GB/H.715 45, Linux lon26 3.10.0-514.¢17.x86_64
A 5 2L AMD Ryzen7 3700x8-Core/\#% 32 GB Windows10

3.2 1RBEIGEH

K H TensorFlow probability ( TFP) J£ F1 1 X} %019k (negative log-likelihood, NLL ) 4 # D1 iH-$7 it 25 %]
LRI oA, T AR AR R TT Ik, SR 2 B e i) DL i B R B 2 S B 35 4 A B2, B4 Baus )2
FLE 128 AT, JHE PR BN ReLU, 52~ g 0.005
33 FEEMMHEREREITMG

ARG BE L Ao PEELAG . Al TE RS 3 D7 T PPAL T ALRCR o BE TRA AR AR BT R 1 DL i IR
BE A AR, X T 120 ZAAEAHEAT 5 5 $128 I HE . Yl Zhad 8 v, AV 2 S 2Rk AR B S &
& 3 BT, i i €8 I €0 il 26 430 S U 2R B8 BSR4 L i Ok o mT L, B DI 2Rk B G £, A TR 40
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Fig. 3 Relationship between iteration times and loss
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Table 6 The estimation accuracy and uncertainty of the peak overpressure
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Fig. 4 The estimated result of the peak overpressure
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Fig. 5 The true and estimated values
of the peak overpressure
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Fig. 6 The true and estimated values of the peak overpressure for different ranges
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Table 7 Error decomposition based on target range

0/%
0 < Oppe < 10%  10% < 6,0 < 20%  20% < 6,0 < 30%  30% < 8,0 < 50% S < 50%

p map

JBIRUE(H/kPa  FEAKE  6,,/%

[0, 50] 1927 10.173 66.27 21.33 7.16 3.68 98.44
(50, 100] 282 20.492 37.94 24.82 15.60 16.67 95.03
(100, 150] 124 17.714 41.13 20.97 18.55 14.52 95.15
(150, 400] 83 25.008 18.07 18.07 26.51 32.53 95.18
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Table 8 Error decomposition based on scaled distance
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