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Single Image Super-resolution Reconstruction Based on Multiscale DenseNet
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Shanghai 200093, China)

ABSTRACT: This paper aims to propose a multi-scale dense convolution network (SRMD) to solve the problem of low
utilization of convolution feature map and low reconstruction quality of high-power image. In this paper, the dense con-
nection module of SRDenseNet was improved, and the batch normalization layer was removed. Referring to the existing
network, the information integration layer of multi-scale feature extraction layer and 1x1 was designed to form a mul-
ti-scale dense convolution module. SRMD stacked 64 low-level feature images through a multi-scale feature extraction
layer, and then stacked 1024 feature images through 8 multi-scale dense convolution modules after dense connection. Fi-
nally, SRMD output super-resolution reconstruction images through information integration and sub-pixel convolution
modules. In this paper, the test is carried out on Set5, Setl4, B100 and U100. The peak signal-to-noise ratio of SRMD re-
constructed image is 30.1570, 26.9952, 25.7860 and 23.4821 dB, respectively, and the structural similarity is 0.8813,
0.7758, 0.7243 and 0.7452. Compared with the existing networks, SRMD, DRCN and VDSR have the same performance,
superior to SRDenseNet and BiCubic methods.
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Fig.3 Overall structure of multi-scale dense convolution network
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Tab.2 Results of super-resolution reconstruction on Set14
Data Bicubic DRCN VDSR SRDenseNet Ours
Pepper 27.8829/0.8083 30.4395/0.8594 31.2822/0.8613 30.9043/0.8622 31.3761/0.8616
Monarch 26.2244/0.8711 30.5431/0.9323 30.3354/0.9308 30.7048/0.9343 30.9818/0.9326
Barbara 23.7963/0.6677 24.4715/0.7403 24.4840/0.7410 24.6757/0.7466 25.0070/0.7549
Baboon 20.9071/0.4230 21.2750/0.5279 21.3285/0.5280 21.2854/0.5321 21.4398/0.54028
Lenna 28.5838/0.7894 30.6782/0.8460 30.6226/0.8452 30.7185/0.8491 30.9364/0.8491
Bridge 23.0582/0.5379 23.7932/0.6448 23.8314/0.6470 23.6665/0.6455 24.1028/0.6567
Ppt3 20.7077/0.8064 24.2771/0.9125 24.7026/0.9174 22.1460/0.8485 26.0597/0.9297
Face 30.3405/0.7195 31.4615/0.7819 31.3934/0.7815 30.0068/0.7510 31.4485/0.7833
Comic 20.4154/0.5709 21.7243/0.7223 21.7313/0.7203 21.6444/0.7230 22.0154/0.7319
Foreman 25.9951/0.8425 28.6574/0.9087 28.1034/0.9085 28.3590/0.9051 29.7929/0.9104
Flowers 24.3251/0.7023 26.4782/0.8059 26.4702/0.8056 26.2334/0.7996 26.7209/0.8063
Coastguard 23.9835/0.4835 24.7197/0.5534 24.7616/0.5588 23.3452/0.5349 25.1697/0.5673
Zebra 22.8399/0.6525 25.7158/0.7684 25.4686/0.7665 24.3591/0.7545 26.7199/0.7864
Man 24.4124/0.6445 25.8941/0.7451 25.9122/0.7458 25.2452/0.7201 26.1625/0.7509
mean 24.5337/0.6800 26.4377/0.7678 26.4591/0.7684 25.9496/0.7576 26.9953/0.7758
/ PSNR / SSIM
3 Set5, Setl4, B100 U100 x4
Tab.3 Results of super-resolution reconstruction on Set5, Set14, B100 and U100
DataSet Bicubic DRCN VDSR SRDenseNet Ours
Set5 27.1022/0.7908 30.0928/0.8817 29.9199/0.8802 29.5843/0.8715 30.1570/0.8813
Set14 24.5337/0.6800 26.4377/0.7678 26.4591/0.7684 25.9496/0.7576 26.9952/0.7758
B100 24.6503/0.6446 25.9095/0.7255 25.9727/0.7276 25.7574/0.7231 25.7860/0.7243
U100 21.8089/0.6368 23.7903/0.7514 23.8501/0.7531 23.7648/0.7519 23.4821/0.7452
/ PSNR / SSIM
2
3 3 BiCubic
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