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Abstract: In recent years, with the continuous development of generative adversarial network (GAN) technology, it has been
widely used in the task of generating images from text. Most existing single-stage GAN solely rely on textual sentences, failing
to fully leverage the available textual information. To address these limitations, this study proposes a feature fusion-based text-to-
image generation method (FFGAN), based on a single-stage GAN. FFGAN incorporates a text-image cross-modal fusion
module, enabling effective fusion of word vector features and image features. This fusion enriches the generated image's details.
Additionally, perceptual loss is introduced to minimize the discrepancy between the generated and target images, enhancing the
realism of the generated image. Experimental results on the CUB dataset demonstrate that the FFGAN model achieves an IS
score of 5.22+0.08 and an FID score of 13.91. On the COCO dataset, the FID score of the FFGAN model reaches 16.97.
Through numerous experiments, FFGAN s superiority and effectiveness have been conclusively demonstrated.
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