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Tab.1 The relationship between the number of hidden layer neurons and MSE

HBTT WU JZ i 28 T A B WIT iR 22 HBLTT W02 22 T B W5 2%
68 0. 026 540 4 0.005 415 5
614 0.017 518 5 0.004 267 8
79 0.025 171 6 0. 005 206 8
714 0.020 837 7 0.008 164 4
813 0.018 045 8 0.006 410 4
814 0. 020 824 9 0. 006 067 2
912 0.022 583 10 0.004 620 6
915 0.016 086 11 0.007 508 1
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Tab.2 Performance comparison of models

SCHR R F 52 4 4 HAY YIERHT ] /s iR 2%
SCHkL6] GaAs pHEMT SRR I 0. 007 69
CHkL10] COMS SVM 0.03 0.021 894
XHkL11] NSFET LM-BPNN 5 400 0. 005

AT AE GaAs pHEMT CG-BPNN 0.2 0.013 058

AR TAE GaAs pHEMT ELM 0.01 0.002 254 9
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Modeling of Temperature Characteristics for
GaAs pHEMT Small Signal S-parameters Based on ANN Technology

YANG Shuyue', LIN Qian'’
(1. College of Intelligent Science and Engineering, Qinghai Minzu University, Xining 810007; 2. College of Electronic
Information Engineering, Guang’an University of Science and Technology. Guang’an Sichuan 638000, China)

Abstract: In order to address the challenges of complex process and low precision in traditional device modeling, several artificial
neural network technologies are used to investigate the scattering parameters (S-parameters) of gallium arsenide pseudomorphic high
electron mobility transistor (GaAs PHEMT) at different temperatures. At first, the S-parameters are randomly divided into training
set and test set, which are modeled by double hidden layer conjugate gradient backpropagation neural network (CG-BPNN) and
extreme learning machine (ELM), respectively. Then, the fitting results and error curves of the two models in predicting the S-
parameters are given. The experimental results show that the CG-BPNN has the general fitting result with large errors in some
data, whilemost of the data predicted by ELM can achieve ideal fitting result. In addition, the mean square error of CG-BPNN and
ELM are 0.013 508 and 0.002 254 9, respectively. Through the above experiments, it is proved that ELM has better modeling
effect on the S-parameters of GaAs pHEMT at different temperatures. Therefore, the proposed modeling method can accurately and
stably characterize the S-parameters of GaAs pHEMT at different temperatures.

Keywords: CG-BPNN; ELM; S-parameters; GaAs pHEMT
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