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Prediction and analysis of dispersion compensation characteristics
of a dual-ring resonant fiber based on neural network

XIONG Yue, QIN Haibo, HUANG Wei”
(Key Laboratory of Computer Vision and Systems (Ministry of Education) ,School of Computer Science and Engi-
neering, Tianjin University of Technology , Tianjin 300384, China)

Abstract: Aiming at the problems of dispersion regulation and structural parameter optimization in dual-
ring resonant dispersion compensation microstructure fiber, a dispersion characteristic prediction method
of orbital angular momentum mode based on neural network is proposed in this paper. By designing a
multi-layer neural network model and adjusting the number of hidden layers,neurons and super parame-
ters of the neural network,accurate dispersion prediction results are obtained. This proposed method es-
tablishes the relationship between fiber structures and dispersion characteristics. Compared with the tra-
ditional optical simulation method, this method can calculate the dispersion characteristics for different fi-
ber structures more quickly and efficiently, which could provide a new approach for the design and opti-
mization of fiber structures,
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Fig. 3 Training results of neural network model with two hidden layers
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Fig. 9 Testl experimentresults of neural networkmodel with 8 000 epochs of training iterations
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Test2experiment results of neural network model with 8 000 epochs of training iterations
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Fig. 11 Testlexperiment results of neural network model with 7 500 epochs of training iterations
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Fig. 12 Test2 experiment resultsof neural networkmodel with 7 500 epochs of training iterations
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