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Semiconductor Laser Parameter Inverse Design Method Based on
Artificial Neural Network and Particle Swarm Optimization

Feng Pei, Li Yu~
School of Information Science and Engineering , Shandong University, Qingdao, Shandong 266237, China

Abstract This study proposes a novel semiconductor laser parameter inverse design method based on artificial
neural network (ANN) and particle swarm optimization (PSO) algorithm. The ANN is trained using a laser output
power as sampling data, which can be calculated by applying the traditional numerical simulation method. The
network can be used to predict the power spectrum of the laser for any new values of the selected parameters. The
mean square error can be as low as 0.5 mW and the CPU time as low as 0.07 s, which is about 1800 times more
efficient than that of the numerical algorithm, which takes 125.57 s CPU time in the same environment. To obtain
the design parameters for any target power spectrum, the inverse design can be achieved by combining this network
with the PSO algorithm. It is clear from the calculation that the inverse design parameters are not unique, which
proves that the semiconductor laser has a nonlinear multi-parameter problem. The combination of ANN and PSO
inverse algorithm (with a mean square error of less than 0.4 mW and a CPU time of 39.45 s) demonstrates greater
performance based on the same condition when compared with the traditional numerical simulation inverse method
(with a mean square error of less than 0.89 mW and CPU time of 192 h). The accuracy and speed of the proposed
method are improved by 22.25 times and about 17500 times, respectively.
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Fig. 2 Schematic of overall inverse design process
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Table 1 Comparison of training error between

different network structures

n 10 15 20 25 30 35 40
MSE /mW 3.20 1.81 0.55 0.49 0.34 0.28 0.17
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Fig. 3 Training error curve
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Fig. 4 Output power spectra obtained by TWM numerical

simulation and neural network for sample data
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Table 2 Comparison of partial output data between TWM simulation and neural network for sample data

Paremeter Value
I /mA 28 48 68 88 108 128
Wo/mW 6.81 12.13 17.11 21.35 23.73 21.32
Wy/mW 7.23 12.55 16.99 21.13 23.90 21.53
E /% 6.0 3.4 0.7 1.0 0.7 0.9
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Fig. 5 Comparison of output power spectra obtained by TWM

simulation and neural network for test data
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Table 3 Comparison of partial output data between TWM simulation and neural network for test data

Paremeter Value
I /mA 28 48 68 88 108 128
Wi/ mW 6.61 12.45 17.67 21.46 22.01 15.91
Wy/mW 6.57 12.78 18.33 22.06 21.78 16.35
E /% 0.6 2.7 3.7 2.8 1.0 2.8
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Fig. 7 Comparison between inverse design power spectra and target power spectrum. (a) Comparison among two sets of

inverse design power spectra, numerical inverse power spectrum, and target power spectrum; (b) deviation of two

sets of inverse design power spectra and numerical inverse power spectrum compared with target power spectrum
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Table 4 Comparison of partial data between target power spectrum and inverse design power spectra

Parameter Value

I /mA 28 48 68 88 108 128
Wi /mW 6.01 10.49 15.34 18.44 18.72 11.24
Ws/mW 6.63 12.20 17.00 19.83 19.24 13.08
W, /mW 6.61 11.06 15.22 18.41 18.55 12.32
W,/ mW 6.04 11.13 15.33 18.49 18.61 12.13
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Table 5 Comparison of parameters between target power spectrum and two sets of inverse design power spectra
Parameter ette R./(K<]J™D R./Q K./K K,./K K./K { /em™!
St 0.59 6.69 <108 15.19 304.58 105.91 18.25 23.80
S, 0.80 7.68X10° 15.69 317.85 94.08 69.98 46.22
S, 0.78 7.08 X108 20.00 325.61 96.49 108.73 45.31
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