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Image Super-resolution Based on Recursive Residual Networks

ZHOU Deng-Wen* ZHAO Li-Juan! DUAN Ran'! CHAI Xiao-Liang!

Abstract Despite the great success in single image super-resolution reconstruction achieved by deep convolutional neural
network, the number of the computational parameters is often very large. This paper proposes a concise and compact
recursive residual network. The local residual learning method is adopted to mitigate the difficulty of training very deep
network, the recursive structure is configured to control the number of model parameters while increasing the model
depth, the adjustable gradient clipping strategy is applied to prevent the gradient disappearance/gradient explosion, and
a deconvolutional layer is set to directly up sample the image to a super-resolution image at the end of the residual
network. According to benchmark tests, in the premise that the same quality super-resolution image is reconstructed, the
number of parameters and the computational complexity of the proposed method are reduced to about 1/10 and 1/ (2n2)

of VDSR, respectively.
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Table 2

Average PSNR/SSIMs of various SISR methords for scale factor x2, x3 and x4 on Set5, Set14 and BSD100

SRCNN
PSNR/SSIM

FSRCNN
PSNR/SSIM

VDSR
PSNR/SSIM

RRSR
PSNR/SSIM

Y SN Bieuble Selffx
PSNR/SSIM  PSNR/SSIM
SetH X2 33.66,/0.9299 36.49/0.9537
Setb X3 30.39/0.8682 32.58/0.9093
Setb x4 28.42/0.8104 30.31/0.8619
Set14 X2 30.24/0.8688 32.22/0.9034
Set14 X3 27.55/0.7742 29.16/0.8196
Set14 x4 26.00/0.7027 27.40/0.7518
BSD100 X2 29.56/0.8431 31.18/0.8855
BSD100 x3 27.21/0.7385 28.29/0.7840
BSD100 X4 25.96/0.6675 26.84/0.7106

36.66,/0.9542
32.75,/0.9090
30.48,/0.8628
32.42/0.9063
29.28,/0.8209
27.49/0.7503
31.36,/0.8879
28.41/0.7863
26.90/0.7101

37.00/0.9558
33.16/0.9140
30.71/0.8657
32.64,/0.9088
29.43/0.8242
27.60/0.7535
31.51/0.8906
28.52/0.7897
26.97/0.7128

37.53/0.9587
33.66,/0.9213
31.35/0.8838
33.03/0.9124
29.77/0.8314
28.01/0.7674
31.90/0.8960
28.82/0.7976
27.29/0.7251

37.55/0.9588
33.70,/0.9208
31.32/0.8836
33.04/0.9125
29.75/0.8307
28.00/0.7675
31.91/0.8961
28.78/0.7969
27.25,/0.7249
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Ground truth Bicubic SelfEx SRCNN

FSRCNN VDSR Ours

PSNR/SSIM 25.64/0.7215 26.86/0.7674 27.00/0.7799

27.15/0.7859 27.47/0.7916 27.55/0.8035

7 R4 BSD100 Y “img_092” HEESE T L
Fig.7 A comparison of the reconstruction results of “img_092” in the testset BSD100

Ground Truth Bicubic

-
-
AL

e

PSNR/SSIM 24.04/0.8216 26.86/0.9045 27.95/0.9098

Y Y

28.67/0.9241 29.77/0.9379 29.89/0.9402

B8 WAL Sets HH) “butterfly” HEXT HLE

Fig.8 A comparison of the reconstruction results of “butterfly” in the testset Set5
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Fig.9 Speed and average PSNR of various SISR
methods on the Set14 with scale factor x4
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