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Abstract

Aiming at the inverse scattering problem of recovering the shape of obstacles, a recurrent neural
network model is constructed which is based on the gated thought. This paper considers the
far-field data and the Fourier parameters of obstacle boundary curve equation as the input and
output of the network model, respectively. The characteristic information of obstacles in the
far-field data is selectively extracted through the gated thought of the proposed network model.
The Adam optimization algorithm is applied to update weight matrices and biases of the network
model in order to inverse the obstacle shape. Finally, the numerical experiments demonstrate the
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effectiveness of this recurrent neural network model.
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Figure 1. Diagram of the recurrent neural network model of the shape reconstruction of obstacles
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Figure 2. Diagram of reconstruction effects of peanut-shape obstacles with n"=15,25,35, respectively
B2 n4alA 15, 25, 35 FEERKEEYEMNRE

DOI: 10.12677/aam.2023.123103 1017 IR Esid


https://doi.org/10.12677/aam.2023.123103

ERE, i

HE 2 @) ~(C) IR, NG A RN E I, BEE I S NN, % R R A e A
FERRRT Y AR R IB AT ALY o 32 H 7 10 ) 3 0 2 A5 3 Ml o RS D O RS A 2 38, A
A A5 PR S 40 1) E AL RGBT AL 0 o U 1 ) K T 8] 35 I, 122 X 268 5 R i s S5 DA g il b Ay e
ISR, ARG 3 Fi@)~(c), *FREIARM PR, W DS S AR . thsh, 14 4
{1 (2) M1 (b) 5t W 12 X 25 B TR A 35 AL 7 1] % PR A T AR B 0 ) B AA B R s, I W R R A W sl

W&
—
- - Tl
1_
=0
-1
24
-6 5 4 3 2 -1 0 1 2
X
(b) n"=25
— n
-—- Tl
6 5 4 -3 2 1 0 1 2

(c) n'=35

Figure 3. Diagram of reconstruction effects of kite-shape obstacles with n'=15,25,35, respectively
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Figure 4. Diagram of reconstruction losses of two shapes of obstacles with n"=35 observation directions
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Figure 5. Diagram of reconstruction effects of peanut-shape obstacles with noisy far-field data
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Figure 6. Diagram of reconstruction effects of kite-shape obstacles with noisy far-field data
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Figure 7. Diagram of reconstruction losses of two shapes of obstacles with 5% noise levels
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