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Abstract: In order to better balance the relationship between steganographic capacity and imperceptibility,
this paper proposed an optimization scheme based on SteganoGAN. Firstly, the steganography network
and extraction network of SteganoGAN were deepen to enhance the complexity and learning capability of

the model; Secondly, in order to achieve more covert information embedding, discrete wavelet transform
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(DWT) and inverse discrete wavelet transform (IDWT) modules were introduced in the steganography
network, which enabled secret information to be effectively embedded in the wavelet domain of the
image; Finally, an improved channel and spatial attention module (ICAM-SAM) was incorporated into
the steganography and extraction networks, enabling the model to focus on highly covert areas in the
image and achieve more accurate information hiding. Experimental results show that the accuracy of the
improved model is increased by 0. 84 percentage point, indicating that its steganography and extraction pro-
cesses are more accurate. In addition, the reed-solomon bits per pixel (RS-BPP) is increased by 1.71%,
indicating that the improved model can hide more information in images of the same size. Meanwhile, the
peak signal to noise ratio (PSNR) is increased by 12.53% and the structural similarity index (SSIM) is
increased by 5.14%, indicating that the embedded information has a smaller impact on the original image
and the improved model has higher image quality. In summary, these results indicate that the improved
model has better imperceptibility and larger steganography capacity.

Key words: image steganography; generating adversarial networks; discrete wavelet transform; inverse

discrete wavelet transform; improved channel and spatial attention module
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