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Multi-modal ground-based cloud classification based on dense

fusion convolutional neural network

Liu Shuang Xu Yilin Zhang Zhong

(College of Elcctronic and Communication Engincering, Tianjin Normal University, Tianjin 300387, China)

Abstract: In order to solve the issue that the existing ground-based cloud classification methods can not make full use of
multi-modal information, we propose the dense fusion convolutional neural network (DFCNN) for multi-modal ground-
based cloud classification to effectively integrate the visual features and the multi-modal features of ground-based cloud
samples. The DFCNN utilizes convolution neural network as the visual subnet to extract visual features and adopts the
multi-modal subnct to cxtract multi-modal [caturcs of cloud samples. There arc [ive dense [usion modules (DFM) in
the DFCNN and they arc employed to [ully [usc visual [catures and multi-modal [catures. The DFM could be injected
into the subnet independently without changing the original nctwork structure, and therelore it posscsses great
[lexibility. The DFCNN achicves the classilication accuracy of 89. 14% on the public multi-modal ground-based cloud
datasct MGCD, which verilies the ellcctiveness of the proposed DFCNN for the ground-based cloud classilication task.
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