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A Curriculum Learning Approach for Single Image Super Resolution
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Abstract
tiny textures. In order to solve this problem, a curriculum learning-based approach is proposed. In this paper, firstly,

The main challenge of single image super resolution (SISR) is the recovery of high frequency details such as

gray-level co-occurrence matrix is applied to extract texture features of images. Then, with the clustering algorithm based
on density peaks, the training dataset is divided into several subsets on the basis of texture features. As for traditional
curriculum learning, the performance is easy to get worse due to the “forgotten” phenomenon of knowledge that has been
learned. Different from this, training examples are sampled from all the subsets based on the slope of the learning curve
of each subsets. It is helpful for the speed of convergence and the recovery of high frequency details. Experiments show
that when SISR networks such as DRCN, VDSR, SRCNN are trained with curriculum learning, training time is shortened
and the visual effect is improved. The PSNR (Peak signal to noise ratio) values are increased by 0.158 dB, 0.18 dB and

0.092 dB, respectively.
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BSD 100 X 3 28.82/0.7976 28.84/0.7977 28.92/0.7954 28.89/0.7988 29.04,/0.8004 29.11/0.8011
X 4 27.29/0.7251 27.41/0.7196 27.32/0.7260 27.35/0.7273 27.32/0.7278 27.28/0.7310
X 2 30.76,/0.9140 30.77/0.9139 30.74/0.9123 30.91/0.9169 30.84/0.9156 30.81/0.9193
Urban100 X 3 27.14/0.8279 27.22/0.8264 27.22/0.8282 27.29/0.8277 27.16/0.8288 27.35/0.8291
x 4 25.18/0.7524  25.33/0.7569  25.21/0.7554  25.29/0.7551  25.32/0.7542  25.41/0.7567
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Table 3  The performance of different algorithms in Set5, Set14, BSD 100, and Urban100

) SRCNN SRCNN + CL VDSR VDSR + CL DRCN DRCN + CL
PIEITE S I ONEAY

(PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM)
X 2 36.66,/0.9542 36.92/0.9623 37.53/0.9587 37.74/0.9592 37.63/0.9588 37.71/0.9591
Set5 X 3 32.75/0.9090 32.81/0.9136 33.66/0.9213 33.79/0.9264 33.82/0.9226 33.91/0.9239
X 4 30.48/0.8628 30.56/0.8623 31.35/0.8838 31.49/0.8897 31.53/0.8854 31.61/0.8896
X 2 32.42/0.9063 32.63/0.9136  33.03/0.9124 33.11/0.9122 33.04/0.9118 33.11/0.9145
Set14 x 3 29.28/0.8209  29.41/0.8261  29.77/0.8314  29.91/0.8402  29.76/0.8311  29.81/0.8423
X 4 27.49/0.7503 27.62/0.7501 28.01/0.7674 28.32/0.7738 28.02/0.7670 28.13/0.7722
X 2 31.36/0.8879 31.52/0.8935 31.90/0.8960 32.13/0.9071 31.85/0.8942 31.91/0.9062

BSD 100 x 3
x4
X 2
Urban100 %3

x 4

28.41/0.7863
26.90/0.7101
29.50/0.8946
26.24/0.7989
24.52/0.7221

28.63/0.7912
26.99/0.7234
29.72/0.9064
26.41,/0.8035
24.69/0.7316

28.82/0.7976
27.29/0.7251
30.76,/0.9140
27.14/0.8279
25.18/0.7524

29.11,/0.8011
27.28/0.7310
30.81,/0.9193
27.35/0.8291
25.41/0.7567

28.80/0.7963
27.23/0.7233
30.75/0.9133
27.15/0.8276
25.14/0.7510

28.92/0.8037
27.35/0.7274
30.86,/0.9201
27.23/0.8294
25.21/0.7572

DRCN + CL

Bicubic

Bicubic

VDSR

DRCN

't;\

“n

[ CETETTH

DRCN +CL
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Fig.4 Comparison of different algorithms in visual effects with upscaling factor 3
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