$£59%5 F17HH/2022F9 B/ BEXBFEHRE

s \)J \}J . -

95t B BB FZF1HE

T CNN 1Y QAM-PPM & V8o 2l i S 2 58
k%, TRE 2H

KA MR R F BRI R BE, 107 KiE 116026

FEE TN TR U 38 A 1 1 S 4R M 9 ) CQAMD) YK e (o7 9 i) (PPM) (438 45 98 i 28 e 45 4 S Ak e A0 Ak R) L, 42
YT — ol e T AR 2 19 25 (CONIND) ) TR 81 A v 81 i il 175 R B8 et 28 1% S8 R T BE T B 48 2 e 0oy 240 B B 5
P 24 28 73 531 92 0 QAM VA il LA K2 PPMUOSR I, O — 2 4545 S SR 5 Rl o g 9 T, Sy T 4R T Dk b iU o O R 1R i
A AR T — P OE i R ONIN B B KNI B IS5 5 AT Dk iU 0 5 i o 7 B 45 SR 3R WY A it g B8 1 Mg
0 S 1) E P AR E T, 0 T SR A [ ok v el 52 5 K 8] <8 B 5 ) ¥R 5 81 o O 20, B B SR O SRR B i R A Rz AR BE ), O B
MRAT S RN 10 AL ge i 8 5 X, R MR 5 o 0. 4 dB~2. 8 dB.

KR OLiElfR; ReRG; BRMEM%; Aamid; RISk

hE4SES TNI29.1 XEtRERS A DOI: 10.3788/LOP202259.1706001

CNN-Based Hybrid QAM-PPM Modulation End-to-End Communication System
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Abstract This paper introduces a hybrid modulation end-to-end communication system based on convolutional neural
network (CNN) to optimize the structure and performance of the hybrid quadrature amplitude modulation (QAM) and pulse-
position modulation (PPM) modulation system applied to visible light communication. This scheme used the designed loss
function to train the network in multiple stages to realize QAM and PPM. Accordingly, the two modulations were
combined to realize hybrid modulation. With regard to demodulation, a method for recognizing the pulse of the received
signal by changing the kernel size of CNN is proposed to improve the pulse-recognition accuracy and reduce the calculation
complexity. The simulation results show that under the additive white Gaussian noise and Rayleigh fading channels, the
proposed technical scheme exhibits fine generalization ability for the hybrid modulation method with different pulse time
slots and modulation levels. When the symbol error rate is 10 °, the error performance improvement range is 0.4 dB-

2.8 dB compared with the traditional demodulation method.
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Table 1 Parameters for autoencoder network structure
Layer type ActivaTion Output dimension
function
Input None (B, L,2"+2%)
s, None (B, L,2")
s, None (B, L,2%)
E, ConvlD elu (B, L, 256)
E,_ConvlD elu (B, L, 256)
E, ConvlD elu (B, L, 256)
E,_ConvlD linear (B,L,?2)
E,_ConvlD relu (B, L, 64)
E, ConvlD relu (B, L, 64)
E,_ ConvlD linear (B,L,N)
dot_sigma sigmoid (B, L, N)
Concatenate None (B, L, 2+N)
QAM _PPM None (B, L, N)
Normalization None (B,L,N)
Channel None (B, NXL, 2)
ConvlD elu (B, L, 256)
ConvlD elu (B, L, 256)
ConvlD elu (B, L, 256)
Conv1lD elu (B, L, 256)
ConvlD softmax (B, L,2"
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Fig. 8 Loss functions of training set and validation set for two modulation schemes under AWGN channel. (a) M=4 and N=38;
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Table 2 System complexity comparison between DNN and
CNN

System Learne-d Training T‘raining
modulation ~ parameter time /s
4QAM-4PPM 345762 14067
DNN-AE-QAM-PPM  16QAM-4PPM 361170 14131
64QAM-4PPM 422802 14580
4QAM-4PPM 345762 7201
CNN-AE-QAM-PPM  16QAM-4PPM 361170 7333
64QAM-4PPM 422802 7556
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