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Abstract: In recent years, significant progress has been made in multi-exposure image fusion in dynamic scenes. In
particular, the deep learning based methods have shown great visual performance in dynamic multi-exposure image fusion,
which have become the mainstream methods in high dynamic range (HDR) imaging. However, the current deep learning
based methods are mostly implemented in a supervised manner, which heavily rely on the ground-truth images. That makes
it difficult for them to work in real scenes. In this paper, we propose a self-supervised multi-exposure image fusion network
for dynamic scenes. The main contributions of this paper are as follows: we design a self-supervised fusion network to ex-
plore the latent relationship between HDR and low dynamic range (LDR) images; we propose an attention mechanism
based global deghosting module, to reduce the ghosting artifacts caused by moving objects; we propose a merging recon-
struction module with residual and dense connections, to improve the reconstruction details; we design a motion mask guid-
ed self-supervised loss function to train the proposed network efficiently. Experimental results demonstrate the effective-
ness of the proposed method. Compared with the state-of-the-art methods, our method achieves higher objective and subjec-
tive quality on reconstructed HDR images, with faster running speed.
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DeepHDR!"” 7.463 8 3.065 2 0.652 8 7.409 2 3.061 8 0.789 4
ARICTTI: 7.481 8 2.8695 0.6523 7.458 2 2.9677 0.795 0
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