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A Study on the Design of Glass Fiber Fabric Reinforced Plastic Circuit
Analog Radar Absorber Structure Using Machine Learning and Deep
Learning Techniques

Jae Cheol Oh*, Seok Young Park*, Jin Bong Kim*', Hong Kyu Jang*,
Ji Hoon Kim*, Woo-Kyoung Lee*

ABSTRACT: In this paper, a machine learning and deep learning model for the design of circuit analog (CA) radar
absorbing structure with a cross-dipole pattern on a glass fiber fabric reinforced plastic is presented. The proposed
model can directly calculate reflection loss in the Ku-band (12-18 GHz) without three-dimensional electromagnetic
numerical analysis based on the geometry of the Cross-Dipole pattern. For this purpose, the optimal learning model
was derived by applying various machine learning and deep learning techniques, and the results calculated by the
learning model were compared with the electromagnetic wave absorption characteristics obtained by 3D
electromagnetic wave numerical analysis to evaluate the comparative advantages of each model. Most of the
implemented models showed similar calculated results to the numerical results, but it was found that the Fully-
Connected model could provide the most similar calculated results.
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Fig. 1. CA Radar absorbing structure

Table 1. CA Radar absorbing structure summary

Layer | 2D/3D Th(I;krE;: 8 Model Value
Pattern 2D - Ohmic sheet | 35 ohm/sq
Substrate | 3D 2.3 Dielectric | 4.5-0.045j
Ground 2D - PEC
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Fig. 2. Resistive pattern design variables

Table 2. Resistive pattern design variables description

Name Description Range
D Unit cell size (mm) 4.0-10.0
XD Pattern length ratio 0.2-0.8
WX Pattern width ratio 0.1-0.6
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Fig. 3. Boundary condition
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Fig. 4. D, XD, WX design variable data distribution (left : training
data, right : test data)
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Table 3. LSTM model optimizer,function summary

Optimizer Loss Function Activation Function

Adam MAE ReLU

Table 4. LSTM model hyper parameters summary

Learning . Hidden Hidden
Batch size Epoch
rate Layer Depth| Layer Node
32
64
0.0001 37 300 4
128
256
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Table 5. Fully-Connected model optimizer, function summary

Activation Function

ReLU

Optimizer Loss Function

Adam MAE

Table 6. Fully-Connected model hyper parameters summary

Learning Batch size | Epoch Hidden Layer | Hidden Layer
rate Depth Node
1024
2048
0.00005 64 500 3
4096
8192

Table 7. Machine learning model accuracy and training time

Model R-square MAPE Training time
Decision Tree 0.97 86.60 1 seconds
Random Forest 0.99 86.26 6 seconds
SVR 0.96 88.11 4 seconds
KNN 0.99 5.38 1 seconds

Table 8. LSTM model accuracy and training time

Model R-square MAPE Training time
(;OS;?;I 2) - - 3 hours
(;()S(;lz\g4) 0.98 2.83 6 hours
(N];Z?;/IZS) 0.98 2.18 14 hours
(N]c:z?;/ISG) 0.98 2.18 17 hours
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Table 9. Fully-Connected model accuracy and training time

Model R-square MAPE Training time
FC 1.00 0.58 13 minut
(Node 1024) . . minutes
FC .
(Node 2048) 1.00 0.52 13 minutes
FC
1.00 0.50 15 minut
(Node 4096) founutes
EC
1. E 25 mi
(Node 8192) 00 0.50 5 minutes
Table 10. Optimal models summary
Machine learl?mg Model Resquare | MAPE Tr§1n1ng
/ Deep learning time
Machine learning| KNN 0.99 5.38 | 1seconds
LSTM 0.98 2.18 14h
(Node 128) | : ours
Deep learning C
(Node 4096) 1.00 0.50 |15 minutes
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Fig. 8. Decision Tree, Random Forest model, and CST simulation
result at the Ku-band optimized design
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Fig. 11. Fully-Connected model, and CST simulation result at
the Ku-band optimized design
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Fig. 12. Fully-Connected model, and CST simulation result at
the single-frequency (15 GHz) optimized design
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Fig. 13. Fully-Connected model, and CST simulation result at
the single-frequency (16.5 GHz) optimized design
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