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Tab. 1 Quantitative comparison table

SH Tk PSNR SSIM RMSE Quy Qe
DDcGan 54.816 2 0.300 0 0.214 6 0.160 2 2 534.607
DenscFuse 55.183 0 0.362 8 0.198 6 0.136 8 2 242.367
GCF 54.416 3 0.334 7 0.236 7 0.340 1 2 521.672
IFCNN 54.416 3 0.416 0 0.208 3 0.351 6 2 226.219
PMGI 54.015 1 0.102 2 0.258 1 0.046 0 3 469.525
A3 55.212 4 0.469 7 0.196 8 0.363 5 2 009.348
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Fusion of PET and MRI images using adaptive dense residual

generative adversarial network

Liu Shangwang, Yang Lihan

(College of Computer and Information Engineering; Engineering Lab of Intelligence Business and Internet of Things,

Henan Normal University, Xinxiang 453007, China)

Abstract: In this paper, in order to enhance the texture details of fusion of magnetic resonance imaging(MRD and posi-
tron emission computed tomography imaging(PET) images and get rid of the dependence of artificial design fusion rules on a
priori knowledge. An adaptive dense residual generative adversarial network(ADRGAN) is proposed to fuse two modes of med-
ical images. ADRGAN designs a regional residual learning module and output cascade generator to deepen the network structure
and avoid feature loss. Then, a content loss function based on adaptive module is designed to enhance the content information of
the output fused image. Meanwhile, an adversarial game is constructed through the joint gradient map of the source image and
the gradient map of the fused image, and an efficient training generator and discriminator are constructed. The experimental re-
sults show that the peak signal-to-noise ratio and structural similarity of ADRGAN proposed in this paper are 55.212 4 and
0.469 7 respectively, which are better than the most advanced algorithms. Moreover, the model in this paper has two charac-

teristics:end-to-end and unsupervised, without manual intervention and real data as labels.

Keywords: deep learning; generative adversarial network; multi-model image fusion; dense residual network
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Fig.S1 Fusion effect comparison



