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Double stream feature fusion optical communication
bit error rate prediction based on deep learning

SHEN Shize , YANG Linfeng’, ZHANG Zhenrong, YU Junyi, YANG Zai
(School of Computer and Information Engineering, Guangxi University , Nanning 530004, China)

Abstract: To address the limitations of traditional models and the insufficient information utilization of data-driven methods in
bit error rate (BER) prediction for optical communication systems, a dual-stream feature fusion optical communication BER
prediction network based on deep learning, termed DF-BERNet, is proposed. This network processes two feature streams in
parallel: one extracts global features from raw physical parameters, and the other constructs local engineered features via fast
Fourier transform (FFT). The two feature streams are concatenated and fused, and then fed into a multilayer perceptron(MLP)
for regression prediction. Experimental results demonstrate that compared to the baseline MLP model (R>=0.936) , DF-BERNet
achieves a coefficient of determination R* of DF-BERNet has been improved to 0.985. By integrating complementary macro-
level and local information, the network significantly enhances the accuracy and robustness of BER prediction.
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