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Image steganalysis based on CNN and LSTM

LING Baohong'?, ZHENG Gang', HU Min', PENG Yinyin', HU Donghui'
(1. School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China; 2. School of Infor-
mation Engineering, Anhui Broadcasting Movie and Television College, Hefei 230011, China)

Abstract: To further improve the detection performance of the steganalysis algorithm, this paper pro-
poses a steganalysis algorithm based on convolutional neural network (CNN) and long short-term
memory (LSTM). The CNN is used to capture the structural features of cover images, while the
LSTM is employed to capture the longer-term temporal feature relations of images in the proposed
method. To verify the effectiveness of the hybrid neural network, the proposed method uses XuNet
and SRNet as the benchmark steganalysis networks and explores the effective combination of CNN and
LSTM. Experimental results show that when combining correctly, the hybrid networks of CNN and
LSTM can improve the detection ability compared with the original steganalysis networks.
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