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Prediction of blast loads on bridge girders based on PCA-BPNN

DU Xiaoging', HE Yiping', QIU Tao', CHENG Shuai’, ZHANG Dezhi’
(1. School of Mechanics and Engineering Science, Shanghai University, Shanghai 200444, China;
2. Northwest Institute of Nuclear Technology, Xi’an 710024, Shaanxi, China)

Abstract: Facing the challenges on the accurate and effective prediction under extreme loads, machine learning has gradually
demonstrated its potential to replace traditional methods. Existing approaches primarily focus on predicting the peak
overpressure or impulse of explosive shock waves, with limited research on predicting the reflected overpressure time history.
Load-time history prediction encompasses not only the peak overpressure but also embraces various multi-dimensional
information including duration, waveform, and impulse, thereby offering a more comprehensive depiction of the dynamic
temporal and spatial characteristics of shock waves. To address this issue, a prediction model for bridge surface reflected
overpressure time history is proposed, targeting a planar shock wave diffracting around a bridge section. This model is based
on principal component analysis (PCA) and back propagation neural network (BPNN) algorithm with multi-task learning. A
loss function considering the impact of peak overpressure and maximum impulse is introduced to fully consider the potential
correlations between different modes after PCA dimension reduction. This enables the model to effectively predict bridge
shock wave load time histories under varying incident overpressure. Through the analysis of three types of BPNN models,
multi-task learning model, multi-input single-output model, and multi-input multi-output model. It was found that the multitask
learning model has the highest prediction accuracy, while the multi-input multi-output model struggles to effectively adapt to

the current predictive task requirements. The multitask learning model, used for predicting, achieves high precision in
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forecasting the time history of reflected overpressure at various measurement points on the bridge surface and the peak
overpressure values, with R* values of 0.792 and 0.987. It also closely matches the simulation values in predicting the time
history of combined forces and torque acting on the box girder. Additionally, this model performs better in interpolative value
prediction than in extrapolative value prediction, but it also demonstrates a certain capability in predicting extrapolative values.
Keywords: explosion load prediction; reflected overpressure time history; back propagation neural network; principal

components analysis; multi-task learning
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Fig. 1 Schematic diagram of surface measurement points layout on the main beam
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Fig. 3 Free-field overpressure time history curves
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Fig. 13 Reflected overpressure and impulse time histories at measurement points under 1.5 MPa incident overpressure

SCHR AR Y B T AR TR 7 A DR A A K e ol D S S R R R R T U v R B T A, A RO T A

NRBARE.
F4 BEETNREREZBANITEIREXLL
Table4 Comparison of model prediction error and empirical formula calculation error
. Dimax=0.3 MPa Pima—0.8 MPa Pima=1.5 MPa
o HEERFRIR TR IYMAPE R FRR? K i IIMAPE R FRIR Kb IIMAPE
PCA-BPNN 0.81 0.124 0.92 0.052 0.46 0.262
FEL /NN -0.33 0.410 -2.05 0.573 ~1.42 0.396

BEAT, A 1.5 MPa AR R () T30 225 SR mT A0, AR fo B T 1) 1 23 T 00 e
A BRI B 2 SRR i, B W A B ) fE

(]2 [8]_E g AR Al, LUK 5 28 oA [ A S T 22 TR S 2%
32 AN5HERTE
N T kA PO AT AT L A 0 R R ) SR DL - A I 2 SR, A R 3 T A I A
J& 36 J1 03 i oy whel 07 1) R 1] ) P RN BT p e BT MR Gk S T F, A0 R 5 B B
BRI AE SO AR T B 14~ 16 25t T ARG P AR LS I AHHAR R R 2.
AL, FE A SR EE N 0.3 1 0.8 MPa UK BL T, A5 BT oy FHLAE i T 000 B0 32 0y, TR AR 3 B Ry
1.5 MPa I}, P00 P03 A% 250 )11 290 1Rl PN, DA T B8O 0 A P eI . X — 2 R ) 17 AL e Ak
FUE U B L 08 SMHE AT 55 B 0 SRy R, [ Bt i s 7 RS AR A2 AL 18 T A VB AE T 1wl

FJMN

o X RIIBAIAE
, RE A% B gk b ol e ey 80N A 1) B2 2 S S LA, B A It

1.8 1.8 8
1.6t —— Numerical simulation 1.6+ —— Numerical —— Numerical
14} —— PCA-BPNN 14} simulation 6 simulation
121 R>=0.90 121 — PCA-BPNN ~ 4} —— PCA-BPNN
10} ot R=0.94 § R=0.67
0.8F = 2
0.6 =
04} S0
02 L
O L
-0.2 02— 4
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

0 20 40 60 80 100 120 140
t/ms

& 14

t/ms

t/ms

ASS#E 0.3 MPa FAIRA & S FHH AR Hh 2k

Fig. 14 Resultant force and torque time histories of box girder under 0.3 MPa incident overpressure

033201-11



545 % FEEDE, 4. FETPCA-BPNNAAFGRMRM: 25 i Rt Fi F3W
8 — ; 6 : 30 — ,
7t —— Numerical simulation —— Numerical 25t —— Numerical simulation
6L —— PCA-BPNN 3 simulation —— PCA-BPNN
st R™=0.90 4t — PCA-BPNN | _ 20 R=081

Z 4l z 3l R*=0.98 g I5¢
2 2 g 10t
= 3 w21 = 5t
2r =
1t tr of
ok 0r -5t
-1 -1 -10

t/ms

0 20 40 60 80 100 120 140

0 20 40 60 80 100 120 140
t/ms

15 AGFHE 0.8 MPa I ASSRR A s A AR A 26

Fig. 15 Resultant force and torque time histories of box girder under 0.8 MPa incident overpressure

20
—— Numerical simulation
15k —— PCA-BPNN
R>=0.45
Z Z
10+
=3 =3
S8 S8
5 L
ok

t/ms

33 REBEIEE

[ 17~18 25 T FE T S5 e s R i &5

0 20 40 60 80 100 120 140

—— Numerical
simulation

—— PCA-BPNN

R*>=0.60

0 20 40 60 80 100 120 140
t/ms

T/(MN-m)

80 r
60
40
20

720 -

B 16 ASTHEIE 1.5 MPa FAE32M-E 1 AL AR I R i 28

Fig. 16 Resultant force and torque time histories of box girder under 1.5 MPa incident overpressure

0 20 40 60 80 100 120 140
t/ms

—— Numerical simulation
—— PCA-BPNN
R*=0.08

0 20 40 60 80 100 120 140
t/ms

FHE AR IEAERE BE b o FEIR] 17 v, L@ sk

HAR TN, BB A5 RS AR o8 42— G 3 @B AR R IR 220 30% AR ZE10 55 B AR
SRR R (B p,, DAL BRI p; o oh BT 40, 72 ARHEE TR 0.3 1 0.8 MPa I, T I8 fE
I P B P8 o, LT T A U {1 00 (R 7% 7 30% B X 158 2 300 5L P, XoF o2 F) - 4 48 % 7 4 b iR 2
G350 13.79% F1 7.70% SR, XoF T2 8 Y2308 Bl Y 1.5 MPa ASRHER IT, FROIKS BE A7 T e, HAP- 24 2 %60

HAHIRZE TR 65.99%,

10
LOT R=0.948 1 S 40T R=0.986 0 S 2 R*=0.898 7 S .
gl TI3% S . 3| T770% S s gLm=65.99% -
£ 06} ‘ £ 241 : £ 6f :
Eh /'BQ“ I E‘- /BQD /o E“ /"JQO I
< 04} g < 16} S . .
° L2
02+ 0.8 2t .
0 02 04 06 08 10 0 08 1.6 24 32 40 0 2 4 6 8
p/MPa p/MPa p/MPa
(a) p; =0.3 MPa (0) Py, 1=0.8 MPa (©) pi,mx=1.5 MPa
17 AE AT AL 0 & th 2k

Fig. 17 Model overpressure peak prediction fit graph under different incident overpressures

ey 2 THT S 55 o e L ) S P UL 45 2R, i (L S e RS IS R 30 45

TEIR] 18, L0 SR
R, P A5 AR AR TC A BB % 12 A 0 A s WA 1% 5 (DA DRI 5 o {22 (] F) - 23R 2%

INFETRG,

/e AN

===

P 18 Fh A SR 3 1 S S s D (5 R R N {0 A B SP- B A R 22 (0 B, mT LB i 5 3 T 45 1
R 2 A PR SO B AR X RV AT B R R R 2, VR AR B AR A TR A

033201-12



5 45 & R, 5. FETPCA-BPNNHAYHFRLMRNE N 2L I AR T $3M
029
33 A
Q -lé]; Q 00 005 ol 0 012 001 03 o1
012 0 0% 043
0.06 09 10 0
9
03 Qr'% 0AT )T
0. oM oMl | |
037 1 MPa
022 053
N
025 ;
Q
o3 A 0 0 0 02 0!
——————— Numerical simulation — PCA-BPNN
(3) pi,m=0.3 MPa
0A 0 09 o 18
0 A2 0. 0.
" 12 0 005 003 0.5 03 002 002 0
ol ' iﬁ-\ 0.02 7
009 00\ 000 £ 021
o oF 04 002
029 0_01 0.0() | I—
4 MPa
A
026 0.06 0.\
018 0.06 003 003 0.2 0.3 0l
’ Numerical simulation PCA-BPNN
(b) Pi 1ax=0.8 MPa
0.6}
25
[\ it 8 1 53
0\3 1@ /—&l\ 0.1 013 0.} 0.9 009 o3 0 0 9
0. | A 5 ‘\‘,.M N
0.00 0.2 09 085
RS
' 03 ot ——
02 ' 10 MPa
033 0.6%
032
018 oA 0.09 002 003 02 \JAY
’ Numerical simulation — PCA-BPNN
(€) Py ma=1.5 MPa
18 I A A S5 U ELXT L
Fig. 18 Comparison of peak overpressure between numerical simulation and predictive values
4 & i

AR LAY T o 0 SR AT AR BT IR R X R, 4 HE T — ol T S R B R R 2 I 1) A i 2 0 4%
FR R A ool e S S S P R TR AT, T S T AR SRR A o ol e S S R TR I R L g I R R R e

SEZHL, LAARIORT 40 22 1] B MR R 2000 A1, RN T LU TR 4518 .

(1) G2 X AN [s) ot 22 00 2% ) TR 20 LU B2 00 Ar, ok B2 AT 557 >0 ISR A T AT 222 £ P 07 T R B A
FOOPLH o GG AU KPR T 2 R s e (L D vt A2 T 140458 o B, (A 2R R BT T 3t A7 412

FHRI GBS R (8] A R DG, AT 48 T J50 00 1 i

(2) P e 00 3 4 Tt R v ot 2 7 o ] 60 2 () b A 788 PRRAIE o xS 28 67 5 00 A ) S A T
ISR TN 45 SRS BE e, R4 0.7920 EAb, & T I R B0 45 SR AT 5045 Hh AR R IEE 3 A1 L & 0 AL AR I

P 5 B RAU LS R B W) &, S IER] TR A n] SE 4k FfEa 1t o

033201-13



o545 % FRBEPE, 4. JETPCA-BPNNAT AR K frf 2 il A2 00 %3

(3) Z AT 55 5 > BB A P A (L T 077 T JR B M 0 B A P B, b AR e ol A TR I {EL D 0.3 A

0.8 MPa (% S A5 AT b ofi 4947 Sz S5 8 S N R 9000 v i M 5 ey, LR SE RO R? 239109 0.81 A110.92. [R]I, A
HMBEE TN 7 TR R I T —E BIRE ST, HE— DR T I Y B TR B R 27 o] K A% i N AR KL
RS o

A T AR R L X R A R AR A AT I ZR AN TN . A T B SR AR RN 37 Ak RE J S A

AR FORG TR — A S AT ) F- T o i DA T SRR A A Bl e . T RIS I A E Z i A S
KRS AL, LA 2 i b Al s ool i (9 52 ) DR 3R, DAL T 482 i 5 R 7 T R B8 R DU Al 257 A8k ) 512 B 7

{/AIERS

S k-

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

CLUBLEY S K. Non-linear long duration blast loading of cylindrical shell structures [J]. Engineering Structures, 2014, 59:
113-126. DOI: 10.1016/j.engstruct.2013.10.030.

DENNY J W, CLUBLEY S K. Long-duration blast loading & response of steel column sections at different angles of
incidence [J]. Engineering Structures, 2019, 178: 331-342. DOI: 10.1016/j.engstruct.2018.10.019.

JIANG Y X, ZHANG B Y, WANG L, et al. Dynamic response of polyurea coated thin steel storage tank to long duration blast
loadings [J]. Thin-Walled Structures, 2021, 163: 107747. DOI: 10.1016/j.tws.2021.107747.

SAKURALI A. Blast wave theory [M]. Mathematics Research Center, United States Army, University of Wisconsin, 1964.
RIGBY S E, AKINTARO O I, FULLER B J, et al. Predicting the response of plates subjected to near-field explosions using an
energy equivalent impulse [J]. International Journal of Impact Engineering, 2019, 128(1): 24-36. DOI: 10.1016/j.ijimpeng.
2019.01.014.

KINGERY C N, BULMASH G. Airblast parameters from TNT spherical air burst and hemispherical surface burst [R]. US
Army Armament and Development Center, Ballistic Research Laboratory, 1984.

RIGBY S E, TYAS A, FAY S D, et al. Validation of semiempirical blast pressure predictions for far field explosions: is there
inherent variability in blast wave parameters? [C]//Proceedings of the 6th International Conference on Protection of Structures
Against Hazards. Sheffield, 2014.

LARCHER M, CASADEI F. Explosions in complex geometries: a comparison of several approaches [J]. International Journal
of Protective Structures, 2010, 1(2): 169-195. DOI: 10.1260/2041-4196.1.2.169.

DENNIS A A, PANNELL J J, SMYL D J, et al. Prediction of blast loading in an internal environment using artificial neural
networks [J]. International Journal of Protective Structures, 2021, 12(3): 287-314. DOI: 10.1177/2041419620970570.
HANSEN O R, HINZE P, ENGEL D, et al. Using computational fluid dynamics (CFD) for blast wave predictions [J]. Journal
of Loss Prevention in the Process Industries, 2010, 23(6): 885-906. DOI: 10.1016/j.jlp.2010.07.005.

REMENNIKOV A M, ROSE T A. Modelling blast loads on buildings in complex city geometries [J]. Computers &
Structures, 2005, 83(27): 2197-2205. DOI: 10.1016/j.compstruc.2005.04.003.

SOHAIMI A S M, RISBY M S. Using computational fluid dynamics (CFD) for blast wave propagation under structure [J].
Procedia Computer Science, 2016, 80: 1202—1211. DOI: 10.1016/j.procs.2016.05.463.

HASTIE T, TIBSHIRANI R, FRIEDMAN 1J H, et al. The elements of statistical learning: data mining, inference, and
prediction [M]. New York: Springer, 2009.

FLOOD I, BEWICK B T, DINAN R J, et al. Modeling blast wave propagation using artificial neural network methods [J].
Advanced Engineering Informatics, 2009, 23(4): 418—423. DOI: 10.1016/;.2¢1.2009.06.005.

REMENNIKOV A M, ROSE T A. Predicting the effectiveness of blast wall barriers using neural networks [J]. International
Journal of Impact Engineering, 2007, 34(12): 1907-1923. DOI: 10.1016/j.ijimpeng.2006.11.003.

BEWICK B, FLOOD I, CHEN Z. A neural-network model-based engineering tool for blast wall protection of structures [J].
International Journal of Protective Structures, 2011, 2(2): 159—-176. DOI: 10.1260/2041-4196.2.2.159.

ALSHAMMARI O G, ISAAC O S, CLARKE S D, et al. Mitigation of blast loading through blast-obstacle interaction [J].
International Journal of Protective Structures, 2023, 14(3): 357-389. DOI: 10.1177/20414196221115869.

PANNELL J J, RIGBY S E, PANOUTSOS G. Physics-informed regularisation procedure in neural networks: an application

033201-14


https://doi.org/10.1016/j.engstruct.2013.10.030
https://doi.org/10.1016/j.engstruct.2018.10.019
https://doi.org/10.1016/j.tws.2021.107747
https://doi.org/10.1016/j.tws.2021.107747
https://doi.org/10.1016/j.tws.2021.107747
https://doi.org/10.1016/j.ijimpeng.2019.01.014
https://doi.org/10.1260/2041-4196.1.2.169
https://doi.org/10.1260/2041-4196.1.2.169
https://doi.org/10.1177/2041419620970570
https://doi.org/10.1016/j.jlp.2010.07.005
https://doi.org/10.1016/j.jlp.2010.07.005
https://doi.org/10.1016/j.compstruc.2005.04.003
https://doi.org/10.1016/j.compstruc.2005.04.003
https://doi.org/10.1016/j.procs.2016.05.463
https://doi.org/10.1016/j.aei.2009.06.005
https://doi.org/10.1016/j.ijimpeng.2006.11.003
https://doi.org/10.1016/j.ijimpeng.2006.11.003
https://doi.org/10.1260/2041-4196.2.2.159
https://doi.org/10.1177/20414196221115869

o545 % FRBEPE, 4. JETPCA-BPNNAT AR K frf 2 il A2 00 %3

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]
[27]

in blast protection engineering [J]. International Journal of Protective Structures, 2022, 13(3): 555-578. DOIL: 10.1177/
20414196211073501.

PANNELL J J, RIGBY S E, PANOUTSOS G. Application of transfer learning for the prediction of blast impulse [J].
International Journal of Protective Structures, 2023, 14(2): 242-262. DOI: 10.177/20414196221096699.

LIQL, WANG Y, SHAO Y D, et al. A comparative study on the most effective machine learning model for blast loading
prediction: from GBDT to transformer [J]. Engineering Structures, 2023, 276: 115310. DOI: 10.1016/j.engstruct.2022.
115310.

LIQL, WANGY, LI L, et al. Prediction of BLEVE loads on structures using machine learning and CFD [J]. Process Safety
and Environmental Protection, 2023, 171: 914-925. DOI: 10.1016/j.psep.2023.02.008.

HUANG Y, ZHU S J, CHEN S W. Deep learning-driven super-resolution reconstruction of two-dimensional explosion pressure
fields [J]. Journal of Building Engineering, 2023, 78: 107620. DOI: 10.1016/j.jobe.2023.107620.

IMERR, FEAR D4, BREEIR, 5. 3k T U0 2% S B HE op o A5 5 AR LAY [J]. 14 R, 2022, 42(2): 57-67. DOL:
10.11823/j.issn.1674-5795.2022.02.07.

SUN C M, PEI D X, CHEN J X, et al. Model for reconstruction of explosion shock wave signals based on deep learning [J].
Measurement Technology, 2022, 42(2): 57-67. DOI: 10.11823/j.issn.1674-5795.2022.02.07.

QIU T, CHENG S, DU X Q, et al. Spacing effects on blast loading characteristics of two tandem square columns under planar
shock waves [J]. Physics of Fluids, 2023, 35(12): 127116. DOI: 10.1063/5.0177869.

KARLOS V, LARCHER M, SOLOMOS G. Analysis of the blast wave decay coefficient in the Friedlander equation using the
Kingery-Bulmash data [R]. Joint Research Center, European Commission, 2015.

ZHOU Z H. Machine learning [M]. Springer Nature, 2021. DOI: 10.1007/978-981-15-1967-3.

MISRA D. Mish: a self-regularized non-monotonic activation function[R]. British Machine Vision Conference, 2019. DOI:
10.48550/arXiv.1908.08681.

SRR £ 5 )

033201-15


https://doi.org/10.1177/20414196211073501
https://doi.org/10.177/20414196221096699
https://doi.org/10.1016/j.engstruct.2022.115310
https://doi.org/10.1016/j.psep.2023.02.008
https://doi.org/10.1016/j.psep.2023.02.008
https://doi.org/10.1016/j.jobe.2023.107620
https://doi.org/10.11823/j.issn.1674-5795.2022.02.07
https://doi.org/10.11823/j.issn.1674-5795.2022.02.07
https://doi.org/10.1063/5.0177869
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.1007/978-981-15-1967-3
https://doi.org/10.48550/arXiv.1908.08681

	1 数据来源
	2 方法与实现
	2.1 PCA数据降维
	2.2 BP神经网络模型选取
	2.2.1 多输入多输出模型
	2.2.2 多输入单输出模型
	2.2.3 多任务学习模型

	2.3 实施步骤
	2.3.1 数据预处理
	2.3.2 超参数调整
	2.3.3 模型训练
	2.3.4 评价指标

	2.4 损失函数
	2.5 模型选取

	3 预测结果与精度分析
	3.1 反射超压时程预测
	3.2 合力与扭矩时程
	3.3 反射超压峰值

	4 结　论
	参考文献

