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Abstract: To address signal distortion caused by LED dynamic nonlinearity and channel fading in indoor visible light
communication (VLC) systems, a nonlinear equalization method based on dual learning is proposed. A PAM4-modulated
VLC simulation system is constructed, incorporating an LED nonlinearity model and a non-line-of-sight (NLOS) channel to
emulate distortion characteristics. A dual neural network structure is designed, which employs a forward equalization net-
work and a backward mapping network to achieve bidirectional constraints, and utilizes a dual consistency loss to enhance
equalization performance under limited training samples. Experimental results show that the proposed method significantly
improves the bit error rate (BER) performance of the system. Under the same number of training symbols, the BER can be
reduced by up to two orders of magnitude compared to conventional equalization methods. Compared to traditional neural net-
work equalizers, the required training sequence length to achieve the FEC threshold is reduced by up to 62.5%, effectively
enhancing the transmission reliability of the VLLC system while substantially reducing the training overhead.
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