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Microwave B_ma dynamics
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Modeling and Simulatio-kdown at high pressures

Maxwell-Plasma Fluid-based model
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Computationa_th the Problem

Current Techniques

In our recent study, we proposed a Deep
Problem Size Grid Size(N x N) Total_Computations(FLOP) approximate Run_Time Learning based EM solver [ 4] which can
e ’

1A x 1A 512 x 512 ~NZ2F M 5 days (from simulation)
~ 2mm X 2 mm

accelerate the EM-solver by more than 100x.

21 X 2A 1024 x 1024 ~ c% N2FL M (c; = 2) ~ 22 x 5 days

10A x 10A 5120 x 5120 ~ k* N2 F, M (¢ = 10) ~ ¢ x 5 days = 500 days

~ 20 mm x 20 mm If we can replace the conventional EM-solver

in this coupled Maxwell-Plasma Fluid model

Currently available solutions for speedup by DL based solver.
= No major hardware support required.

0 Use parallelization techniqueson [ Use Mesh refinement techniqueto = Potential Speedup : ~100X.

the uniform fine grid throughout capture the steep gradients in evaluated

the computational domain by quantities in the regions of interest [3].

Ut|||Z|ng su percomputing facilities 0 Limited Speedup ~ 8X. [4]. Desai, Mihir, et al. "Deep-learning architecture-based

approach for 2-D-simulation of microwave plasma
[2] . interaction." IEEE Transactions on Microwave Theory and
. e . Techniques 70.12 (2022): 5359-5368.
. [3]. Ghosh, Pratik, and Bhaskar Chaudhury. "Efficient Dynamic Mesh
D Req uires Ha rdwa resu pport' Refinement Technique for Simulation of HPM Breakdown-Induced Plasma
) ) Pattern Formation." IEEE Transactions on Plasma Science 51.1 (2022):

[2]. Bhaskar Chaudhury, Anurag Gupta, Henil Shah, Saumya Bhadani, 66-76.

Accelerated simulation of microwave breakdown in gases on Xeon
Phi based cluster application to self-organized plasma pattern
formation, Computer Physics Communications, Volume 229, 2018,
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DL-based simulatio_-plasma interaction

Our proposed DL-based EM Solver
Key steps involved:

=
Python .
Controller 1. Data generation and
®/ @l transformation.
Set ; FNO Based EM 1 .
e 4 : Solver : End of Code 2. Model Architecture
C(ne QAT B
DE Based Plasma - [ cLanguage 3. Train the Model (DL
C IR 5 Python Language Architecture)
4. Prediction and Evaluation
b
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DL-based simulati_plasma interaction

Data Generation and Transformation.

E
y EM Wave 2 i 0 Electric Field (MV/m)  Number of Samples Physical Simulation Time (ns)
E 2.50 11,343 103.12
oL :
X > > > 2.55 10,330 93.91
. 2.60 9,419 85.63
z : Lx E,2 @ A, © | @ | 2.65 8,613 78.30
: H, 2.70 7,900 71.82
_______________________ .__,____)_(_-_Qen_t[a_l__ >——% > % > 2.75 7,251 65.92
Inital Plasma Te 2.80 6,656 60.51
Density :
L " l @ ® ® 2.85 6,123 55.66
Y y-central 1 7 T 29 5,644 51.31
> > > 2.95 5,213 47.39
TTT T 300 4824 4385
ave ° Training Electric Fields: 2.50, 2.60, 2.70, 2.80, 2.90 & 3.00 MV/m
(@) L>E0 (b) e  Testing Electric Fields: 2.55, 2.65, 2.75, 2.85 & 2.95 MV/m
s N ©
Uniform fine mesh @ - g ® 2 . 8 =290 £ —2lag
0.8 La® gl & E £ 0 =2}
<0 ; 60 S
Ax =Ay=532x10"°m < 06 g g
~ < 40 g
4 04 > )
dt = 8.88 x 107155 5 P
AT=9.09 x 10725 02 5 u
AllEgs arein MVim | & AllEg's are in MV/m |
N, = 512 0 SRR 0 RIS RO
Physical Time (in ns) Physical Time (in ns) Physical Time (in ns)
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DL-based sim_a interaction

Data Generation and Transformation.

£ Growth of Plasma Over Time Growth of ERMS Over Time
Density Range: 0.000e+00 - 9.998e+14 m—3 ERMS Range: 1.374e+06 - 3.375e+06 Vm™!
k Ground Truth | Step 1 Ground Truth | Step 1
H l max
Incident > t
HPM A A
# ﬁ
y min

| X 0.5A 0.5A
4

[1]. Chaudhury, Bhaskar, et al. "Physics and modelling of microwave streamers
at atmospheric pressure." Journal of Applied Physics 110.11 (2011).
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DL-based simula_asma interaction

Model Architecture

Y — Output E; s Image
(256, 512, 1)

Incident Electric Field

Input Image — X
(256, 512, 2)

(256, 512, 1)
O —

Input Density
(256, 512, 1)

(256, 512, 32)

(256, 512, 32)

(256, 512, 32)

Fourier Layer 4

Fourier Layer 1
(modes = 16, channels = 32,

Projection Layer
Conv2D (1,1, 1)

(266, 522, 32)

c:r:siz%g(;:yir 1) — (modes = 16, channels = 32,
W padding = 5) padding = 5)
Fast Fourier Transform Linear Transformation with
(FFT) Learnable Matrix R
Input Image X - X = FFT(X) R6,16) - X(16,6)
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(padding = 5) E /2 EaEa——
@ o
n \_‘> g L o Q’v
| d -
(256, 512, 32) increasing ky A
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DL-based simulati_plasma interaction

Train the Model (DL Architecture)

Batch i Input-Data Rescaled Images

Model Predicted

Output Key steps involved:

I 1. Normalization:

/\
\\/

Min-Max
Normalization

FNO Model —) & Min-Max Normalization
Rescaling to | U/
Scale (00 268) o
@ — 2. DL Model:
(baich_size, 256, 12.2) (baten size, 256, 12.2) (batch_size, 256, 512, 1) Fourier-Neural Operator
I: Batch i Output-Data Rescaled Images ‘ l|
h 3. Loss Function:
\ M Mean-Squared Error
‘\ -~ Normalization ~
\Move o, B J@ — o3 — Loss Function
. Q/ . . . .
“©hiivyy TN £ Rescangtoimage TN 4. Optimization and Weight
N Scale (0 to 255) .
" S I | Updation:
AN {9 e e _
2) = Adam Optimizer (Ir: 1e?)
AN - (batch_size, 256, 512, 1) (batch_size, 256, 512, 1) : .
RN Weight Updation
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DL-based si interaction

Prediction and Evaluation: DL. Model Evaluation

Plasma Density a Model_Depth_Modes_Loss MSE SSIM APE (%) Avg. epoch time (s) Total training time (h)
(m3) 9 U-Net 4 MSE 57.6473  0.974958  148.29 573.03 15.92
w U-Net_5_ MSE 20.8586  0.984903  141.09 584.78 16.24
— —_— g U-Net_6_ MSE 1.6665  0.998777 9.49 619.64 17.21
Actual FDTD . — FNO_3_8_MSE 0.0404  0.999976 0.14 837.09 23.25
E;ms (MV/m) R ‘ FNO_3.16 MSE 0.0424  0.999969 0.19 869.35 24.15
—————— — ———————— — FNO_3_32 MSE 0.0397 0.999983 0.09 864.49 24.01
w YoM | FNO48MSE 0.0403  0.999977 0.18 943.74 26.22
— ———
_ — v — . FNO_4_16 MSE 00397 0999983 012 941.66 26.16
FNO predicted z - FNO_4_32 MSE 0.0394 0999983 0.1 946.77 26.30
Erms (MV/m) : 2 5 ()  FNO58MSE 0.0401 0999979 0.4 1035.97 2878
—————— — ———— ‘ @ 1oz S - FNO_5_16 MSE 0.0396 0.999982 0.12 1036.24 28.78
o " FNO_5.32.MSE 0.0396  0.999984 0.09 1021.74 28.38
-
U-Net predicted S IZ U-Net_6_SSIM 1.8642  0.999518 9.65 590.89 16.41
0 20 40 60 80 100  FNO_4.16_SSIM 0.0413  0.999986 0.12 949.36 26.37

Erms (MV/m)

Residual of FNO
predicted E o

SSIM Score

Residual of U-Net
predicted E ;o

e Hence, DL model chose for Hybrid
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Ems along i.‘,,,;JUK¥,_ L J Ll AT TRT [ | s Validati
xcanttal 3 Mo M alicanin seasied) | models and 4 depth.
o i 00 s 1020 10 —— Ground Truth e The model is trained on MSE loss
Ems along 2 " = e g o | I — = U-Net Predictions ;
y-central : / \ : 2 R : A 1=l = =+ FNO Predictions funCtlon
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DL-based si1 a interaction

Prediction and Evaluation: Hybrid Pipeline Evaluation

Physical Time 1 20 40 60
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DL-based simula_lasma interaction

Prediction and Evaluation: Speedup Evaluation

2500 EDTD Simulat » Consistent 57x—63x Speed-Up across all
57.10 x — Simulation | iqcident electric fields (E, = 2.55-2.95 MV/m)

B Hybrid Simulation
2000 « Multi-hour FDTD simulations reduced to
61.28 x < 40 minutes using the hybrid FNO
1500 62.77 X framework
59.44 x 51.28 x « Scalable to large domains (10A x 10A):
1000 ’ ~500 days (FDTD) — ~8 days (Hybrid)
* Maintains physical fidelity while
500 drastically lowering computational cost
» Transforms infeasible long-duration
0" > 55 plasma simulations into practical

2.65 2.75 2.85 2.95 workflows
Incident Electric Field (MV/m)

Simulation Time (min)
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Conclusion

* Developed a physics-guided FNO-based hybrid EM-plasma framework for 110 GHz HPM breakdown simulations
* Achieved 57%-63x computational speed-up while preserving physical fidelity (SSIM = 1, low MSE & APE)
* Successfully reproduced streamer morphology, growth rate, and temporal evolution with near-perfect agreement to full FDTD solver

« Established a scalable, modular Python-C hybrid architecture enabling integration of ML surrogates into legacy plasma codes

Future Scope

» Extension to 3D domains, longer time scales, and coupled EM-plasma-gas dynamics
* Application to different gases, pressures, and microwave frequencies

* Incorporation of transfer learning for rapid adaptation across operating regimes

* Deployment for large-domain (10A x 10A) practical HPM system simulations
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