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Polarization Recognition Through Scattering Media Based on
Deep-Learning

Zhuang Qiushi, He Zewen, Zhang Chunxu, Xin Yu
School of Electronic and Optical Engineering, Nanjing University of Science & Technology , Nanjing, Jiangsu 210094, China

Abstract When polarized light propagates in the scattering medium, the polarization information is disturbed and
lost due to multiple scattering of scattering particles. In order to ensure efficient and high-fidelity transmission of
polarization information in scattering media, a polarization recognition method through scattering media based on
deep learning is proposed. A convolutional neural network is constructed to extract the characteristics of the
polarization information of incident light wave from the speckle light intensity information to realize the high
resolution recognition of the polarization state of incident light wave, and the robustness of the convolutional neural
network for polarization state recognition is verified by using polarized light with different initial phases.
Experimental results show that the proposed method has the advantages of fast recognition speed and high accuracy,
and the neural network can be trained with infinite data in theory. Therefore, the method has great application
potential in polarization optical imaging and laser communication.
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Fig. 4 Structures of bottleneck layer and transition layer. (a) Structure of bottleneck layer; (b) structure of transition layer
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