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Fig. 2 Neural network structure

(a): Forward simulation network; (b): Reverse-design network
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Table 1 Evaluation indexes of network
with different hidden layers
o 2% )2 5 THFEHT ] /s ¥ioriR 2
Model A 5 TJo YR8 0.513 905
Model_B 4 465 0.014
Model C 3 382 0. 10

F2 TEMEEHPTENIER

Table 2 Evaluation indexes of network with
different network structures
) 2% 45 4 THFER]/s ¥Rz
Model 1 50, 200, 200, 50 91. 64 0.068 427
Model_2 50, 200, 200, 200 121. 89 0. 082 540
Model_3 50, 200, 500, 200 190. 29 0. 031 505
Model_4 50, 200, 500, 500 373.53 0.033 413

£ 3 K~[E Batch_size B IE M 1845
Table 3 Evaluation indexes of network

with different Batch sizes
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Batch_size 1 32 3483 0.025 68
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Fig. 4 Series neural network

R: Expected spectral response; R': Forward simulation prediction
spectrum; D: Sample structure of the original training set; D': Re-
verse design forecast structure. The red frame is the forward simula-
tion network. The Loss function is modified to solve the problem that
the network cannot be fitted due to the non-uniqueness of the data.

The middle layer is the output of reverse design and the input of for-

ward simulation

Inverse Loss = MSE(M, N) — %Zl (M, — M) (13)
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(a) Forward simulation Loss function curve; (b) Inverse design Loss function curve
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Table 4 Comparison of structural parameters
Method t ./ F A N
/nm nm /nm

i RCWA 90 150 0.5 360 2.2

Network 88.4415 150.476 0.485 823 362.866 6 2.193 37
9 RCWA 70 110 0.7 360 2.1

Network 67.619 93 120.378 0 0.676 11 360.900 5 2.069 56
s RCWA 90 90 0. 65 360 2.3

Network  86.095 81 104.919 36 0.620 73  350.569 2.302 507
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Table 5 Red, green and blue structural parameters
0.2 H, H, A :
/nm /nm F /nm N
o0 Red (607 nm) 60.5 104.5 0.46 363.6 2.04(SisNy)
o 200 200 600 300 Green(551 nm)  59.2 105.8 0.46 323.5  2.04(SisNy)
epoch Blue(479.5 nm) 58.5 106.5 0.46 273.15 2.04(SizNy)
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Fig. 5 Series network loss function curve
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Fig. 6 Red. green and blue are the spectral response curves reported by references, and black curves are

the spectral response curves of TNN with the same structural parameter
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Table 6 Evaluation Index of correlation coefficient
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Table 7 Reverse design parameters

H; H, A/

; , F N r
/nm /nm nm
Red (607 nm)  79.011 7 120.795 0.584 381.602 1.926 0.6851
Green(551 nm)  53.246 52 107.609 0.411 326.287 2.052 0.8134

Blue(479.5 nm) 45.680 69  93.037 0.602 283.814 2.014 0.789 6
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Fig. 7 RCWA numerical simulation curves with inverse design of series network
Black curve is target spectrum with a reflectivity of 100% ; red-green-blue curves are RCWA simulation curves of reverse design with the reflec-

tivity of 98.91%, 99.98% and 99. 88% at the peak wavelengthes of 479.5, 551.0 and 607. 0 nm, respectively
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Design of Subwavelength Narrow Band Notch Filter Based on
Depth Learning

ZHANG Shuai-shuai' » GUO Jun-hua', LIU Hua-dong', ZHANG Ying-li' , XIAO Xiang-guo*, LIANG Hai-feng'"
1. School of Optoelectronics Engineering, Xi’an Technological University, Xi’an 710021, China
2. Xi’an Institute of Applied Optics, Xi’an 710065, China

Abstract Subwavelength grating structures exhibit excellent notch filtering properties. The classical design is to find the optimal
solution by setting the geometric structure parameters of the subwavelength, solving Maxwell’ s equations, and setting an
optimization algorithm. It consumes a lot of time and computing resources. This paper presents an inverse design method based
on deep learning and constructs a series neural network which can realize both forward simulation and inverse design. The
Tensorflow library based on Python language is constructed to optimize the height of uniform waveguide layer, the height of sub-
wavelength grating, refractive index, period and duty cycle, and to study the characteristics of sub-wavelength grating notch
filtering in the range of 0. 45~0. 7 pm. Using rigorous coupled wave analysis (RCWA) numerical simulation to generate 23 100
data sets, 18 480 data sets were randomly selected as training sets, and 4 620 data sets were used as test sets, the network node
and Batch were studied. The results show that the network performance is best when the network model structure is 5X 50X 200
X 500X 200X 26, and the Batch size is 128 after 1 000 iterations. Compared with the independent network model, the loss rate
of the forward simulation test set of the series neural network decreased from 0. 033 63 to 0. 004 5, and that of the reverse design
decreased from 0. 702 98 to 0. 052 98. At the same time, the problem that the network can not converge in the reverse design
process caused by the non-uniqueness of data is solved. The geometric structure parameters of the sub-wavelength grating are
given in 1. 35 s on average by inputting any spectral curve into the trained network, and the correlation between the parameters
and the RCWA numerical simulation curve is analyzed, the similarity coefficients of the curves were all greater than 0. 658 1,
which belonged to strong correlation. In addition, a red, green and blue notch filter is designed, whose peak reflectivity can
reach 98.91%, 99.98% and 99.88% respectively. Compared with the traditional method, this method can quickly and

accurately calculate the geometric parameters of the grating. It provides a new method for sub-wavelength grating design.
Keywords Neural network; Sub-wavelength structure; Deep learning; Notch filter
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