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Introduction

* Blast fragmentation simulation is
crucial

* Predict and mitigate blast effects
e Terrorist attacks or industrial
accidents

* Accurate simulation aid protective
design
* Withstand blast impacts

» Structural integrity and public
safety




I Existing Approaches

* Experimental testing
* Expensive

* Difficult to collect comprehensive
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Existing Approaches

* Experimental testing
* Expensive e

* Difficull ) . - - 4 'l s
data  We need a solution that reduce computational load =il e «pjn) e s

without compromising accuracy!
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Numerical modelling

Im
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Table 3 Material properties of concrete [24, 33] Table 4 Material properties of HRB 400 steel reinforcement [24]
Densi Poisson's Compressive Tensile strength - - - - -
v P £ A0 Al Density Yield stress Ultimate stress  Poisson’s ratio  Young’s
(kg/m*) ratio strength (MPa) (MPa) dul
modulus
3
2400 0.2 307 2.95 10.90125 0.466388 (ke/m’) (MPa) (MPa)
(MPa)
A2 A0Y AlY A2Y AlF A2F
7,800 400 540 0.3 2x%10°

0.003641 6.923877 0.730823 0.005082 0.4773  0.003583




Fragment Graph Network (FGN

a) Input system state b) Predict next state

c) Roll out a simulation

Xt Xt+1 Xt+T
- FGN L e FGN FGN
oy Jiy A y o |
\ sl { - .‘ 1 z
d) Encoder e) Processor f) Decoder
‘ . ) . ot t . L
° . o
l
° x, * __ . e vy . o R .. » °
° . '\ .
® ® [ ]
° ® g [ x L °
o [TTTT] v [T 1T11] v (I 11] v T 1] vilI 1111 ¥[OId
. Input . . output
embeddin — message decodin .
e particle edge [T variable CTT] g g g [T variable


Presenter Notes
Presentation Notes
Figure 2 The FGN model schematic. (a) The input system state(s) are defined on a set of particles, characterised by input variables, such as material properties, particle coordinates, loading conditions, etc. b) FGN predicts the next system state of the concrete slab as the states of particles. (c) A rollout simulation is made by iteratively applying FGN to each previous predicted state, to produce a sequence of states which represent the dynamic response of slabs. FGN is a ‘Encoder-Processor-Decoder’ structure, where (d) The Encoder component initialises the graph and embeds nodes, edges to the latent space. (e) The Processor component iteratively updates nodes and edges embeddings via message passing of contextual information. (f) The Decoder component readouts particle-wise predictions, producing output variables based on the learned embeddings. 



Training

Charge weight (kg) 2,3,4,5,6

* 149 cases, each with Standoff distance
. 300, 400, 500
~180K particles for 35 (mm)

steps over 2ms, 9M+ data €30, €50, C80

points in total 1000x2000x60, H @12@100, V ¢12@200 (one layer)
Slab size (mm) and
. ) 1000x2000x90, H @12@100, V ¢12@200 (two layers)
* Trained on a NVIDIA TITAN reinforcement layout
1000x2000x120, H ¢12@100, V ¢12@200 (two layers with stirrup)

RTX GPU for ~24h




Overall Quantitative Evaluation

* Averaged over all particles or fragment particles

* Fragments: ~6% relative error, 1.7 mm absolute error, 96%+ R*
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Time and Memory Efficiency

* FGN is several magnitudes faster than LS-DYNA

* And consumes less memory, which makes it more scalable

Table 6 Runtime comparison between LS-DYNA and FGN

Runtime (second)

Number of particles
LS-DYNA-CPU FGN-CPU FGN-GPU
123K 10,560 74 5
186K 10,800 116 8
246K 11,400 146 12
Table 7 Maximum memory usage comparison between LS-DYNA and FGN
Memory Usage (GB)
Phase
LS-DYNA-CPU FGN-CPU FGN-GPU
Training - 23 24
Inference 62 16 21




Effective Plastic Strain Prediction

R

* FGN can predict other parameters, e.g., effective plastic strain

(b) LS-DYNA — side opposite TNT
TN 1o p -

T T T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0
Effective Plastic Strain



Fragments Mass Distribution

* FGN matches well with LS-DYNA, in terms of fragments distribution

15.0 (a) C30-90-2-400 150 (b) C30-90-4-400 150 (c) C30-90-6-400
mmm | S-DYNA mmm [S-DYNA mmm LS-DYNA
12.51 mm FGN 12.51 = FGN 12.54 = FGN
S 10.0 5, 10.0 5,10.0
X X X
w 7.5 w 7.5 w 7.5
n wn wn
8] © ©
2 5.0 = 5.0 = 5.01
2.5 2.57 2.5
0.0° 0.0- 0.0-
0-10 10-30 30-50 50-80 >80 0-10 10-30 30-50 50-80 >80 0-10 10-30 30-50 50-80 >80
Fragment size (mm) Fragment size (mm) Fragment size (mm)

2 kg 4 kg 6 kg



Fragments Max Ejection Speed

e e

* FGN well capture the max ejection speed of fragments
* FGN is well suited for data-hungry parametric analysis
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Z 80- 2 801 2 80
S s S
2 601 2 601 2 601
2 2 <
x 401 x40 x 401
o [(8] M
= 20- *|1 = 201 = 20
T T L I T 0 T 1 T T T 0 L) T L) T T
020 025 030 035 0.40 020 025 030 035 0.40 020 025 030 035 040

Scaled Distance (m/kg'?) Scaled Distance (m/kg'/3) Scaled Distance (m/kg'/?3)



Generalization and Robustness

s

* FGN exhibits good generalizability, e.g., extrapolating scaled distance

or slab size i - s
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Simulation Animation

LS-DYNA

FGN

Step: 00, time: 0.600 ms, fragment mass: 0.840 kg Step: 00, time: 0.600 ms, fragment mass: 0.840 kg
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Takeaway

* GNN is well suited for surrogating discretization-based numerical
modelling, such as FEM, SPH, or even Eulerian grid

* Paper and code

Q4 Li, Qilin, Yang Wang, Wensu Chen, Ling Li, and Hong Hao.
"Machine learning prediction of BLEVE loading with graph neural networks."
Reliability Engineering & System Safety 241 (2024): 109639.

https://github.com/qilinli/bleve-graph-net

Q Li, Qilin, Zitong Wang, Ling Li, Hong Hao, Wensu Chen, and Yanda Shao.
"Machine learning prediction of structural dynamic responses using graph neural networks."
Computers & Structures 289 (2023): 107188.

https://github.com/qilinli/gns-fragment



https://github.com/qilinli/bleve-graph-net
https://github.com/qilinli/bleve-graph-net
https://github.com/qilinli/gns-fragment

Thank you for your
attention!
Questions?
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