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Abstract The very deep super resolution model has disadvantages: the convergence speed is low, the original image

must be preprocessed before training, and the network redundancy must be reduced. This study proposes a single-

image super resolution reconstruction method based on depth jumping cascade (DCSR). First, DCSR eliminates

pre-processing, extracts the shallow features directly on the low-resolution image, and finally uses sub-pixel

convolution to magnify the image. Second, each convolutional layer is fully utilized to extract the image features

using the jump cascading block, thereby realizing feature reuse and network redundancy reduction. The jump

cascading block of the network establishes a short connection directly from the output to each layer, speeding up the

network convergence speed and alleviating the gradient disappearance problem. The experimental results show that

on several public datasets, the peak-signal-to-noise ratio and the structural similarity of the algorithm are higher

than those of existing algorithms, which fully demonstrates an excellent algorithm performance.
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(b) hopping cascade feature; (c) reconstructing feature
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Table 1 Average PSNR of test sets Set5, Setl4, and BSD100 under different algorithms

Dataset Scale Bicubic SRCNN!#! ESPCN! FSRCNN! VDSR!! DCSR
2 33.68 36.19 36.38 36.45 37.34 37.70

Setb 3 30.45 32.46 32.71 32.59 33.47 34.13
4 28.46 30.15 30.29 30.42 30.78 31.87

2 30.21 32.1 32.2 32.21 32.82 33.26

Setl4 3 27.51 28.99 29.12 29.12 29.51 29.97
4 25.98 27.23 27.17 27.43 27.62 28.27

2 29.43 30.88 30.93 31.24 31.51 31.81

BSD100 3 27.08 28.06 28.16 28.25 28.43 28.79
4 25.84 26.63 26.59 26.85 26.87 27.28

%2 EMREE Set5, Setld, BSD100 T HAA[F 7 i 19 SSIM
Table 2 Average SSIM of test sets Set5, Setl4, and BSD100 under different algorithms

Dataset Scale Bicubic SRCNNH# ESPCNHY FSRCNN VDSRM? DCSR
2 0.9306 0.9551 0.9568 0.9567 0.9580 0.9636

Set5 3 0.8686 0.9110 0.9150 0.9122 0.9188 0.9321
4 0.8102 0.8621 0.8629 0.8659 0.8750 0.8979

2 0.8693 0.9576 0.9597 0.9634 0.9104 0.9644

Setl4 3 0.7744 0.8836 0.8873 0.8923 0.8271 0.8981
4 0.7023 0.8207 0.8227 0.8273 0.7592 0.8446

2 0.8440 0.8801 0.8831 0.8867 0.8924 0.8964

BSD100 3 0.7401 0.7755 0.7811 0.7803 0.7928 0.7987
4 0.6697 0.692 0.6943 0.7009 0.7186 0.7203
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