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Super-Resolution Reconstruction of Single Image Based on Convolutional Neural

Network Gradient and Texture Compensation

HUANG Yuging, LI Huafeng, YUAN Ming, ZHANG Yafei
(School of Information Engineering and Automation, Kunming University of Technology, Kunming 650500, China)

Abstract: The existing super-resolution reconstruction algorithms of single image mostly pursue the peak
signal-to-noise ratio (PSNR), and lack the attention to the details of image texture in the process of feature
extraction, resulting in poor subjective perception of reconstructed images. In order to solve this problem,
this paper proposes a single image super-resolution reconstruction algorithm based on convolutional neural
network gradient and texture compensation. Specifically, three branches are designed for structure feature
extraction, texture detail feature extraction and gradient compensation, and then the proposed fusion
module is used to fuse the structure feature and texture detail feature. To prevent the loss of texture
information in the reconstruction process, this paper proposes a texture detail feature extraction module to
compensate the texture detail information of the image and enhance the texture retention ability of the
network. At the same time, this paper uses the gradient information extracted by the gradient compensation

module to enhance the structure information. In addition, this paper also constructs a deep feature
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extraction structure, combining channel attention and spatial attention to screen and enhance the
information in the deep features. Finally, the second-order residual block is used to fuse the structure and
texture features, so that the feature information of the reconstructed image is more perfect. The
effectiveness and superiority of the proposed method are verified by comparative experiments.

Key words: convolutional neural network; superresolution image reconstruction; gradient and texture

compensation; attention
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Fig.1 Flow of network overall framework
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Fig.2 Structure diagram of deep feature extraction block
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TE 1 28 M A A I 2R 1) epoch 1 Sl 2 000,

FE R 3 FE P, 235010 2R FH Set5 . Set14 \BSD100 A1 Urban100 % 45 4 3k 56 1F A< SC 7 ¥ A % . #s
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RCNN % H 91-image 545 #1711 45 . VDSR,LapSRN,LESRCNN ,CDC fil HCNN 1% 5 Ffi J5 2% ¥ 5%
FH DIV 2K %4 5 9E 47 U1 2k, Horp HCNN SR A Set5, Set14 Al BSD100 H K HiE , 35 2% F Urban100 %4 4% 45 ok
Uk, HoA X He B4R 2R Set5.Set14 . BSD100 A1 Urban100 %4 3 4 2K 5041 .

Tk B4 {8 {7 M Lk (Peak signal-tonoise, PSNR) 145 #4 A1 L P (Structural similarity, SSIM) B/~ % Wi
VEAN FR AR A VEAG 1 o0 MR gl 45 SR i . PSNR H T4 it o R 5 D R =2 B 1 359 O 158 25 L 11030 R A
Sy dB, PSNR B {H B , 275 FUG Ok EL /IS, BRIV PR o e o o 8 ey s SSTM T 1t 1 R 5 D MR ) 45
FARBIPE L SSTM R R 5 , 37 B 2l RGBT S 1R 5, BRI E AR ROR TR A7 . e 4 R MR R OR
2.3 AEBSPHRFFEIEE

1 R4 AIHE Set5 . Setl4 . BSD100 F1 Urban100 %4l 4 1 >R HIAS [6] 88 43 ¥ 258 o a5 vk 8 245 2R 1Y
FE PP AE IR o DAk S i VAN B T LU M, A SO IR 0 DR 4 D 45 SRR B A AR
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Table 1 Quantitative comparison of 2X, 3X and 4X reconstruction results by different methods

Set5 Setl4 BSD100 Urban100
ik RE

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic 2 33.66 0.929 9 30.24 0.868 8 29.57 0.843 4 26.88 0.840 3
SRCNN 2 36.66 0.954 2 32.45 0.906 7 31.36 0.887 9 29.50 0.894 6
FSRCNN 2 37.05 0.956 0 32.66 0.909 0 31.53 0.892 0 29.88 0.902 0
VDSR 2 37.53 0.9590 33.05 0.9130 31.90 0.896 0 30.77 0.914 0
LapSRN 2 37.52 0.959 1 33.08 0.9130 31.08 0.8950 30.41 0.9101
LESRCNN 2 37.57 0.958 2 33.30 0.914 5 31.95 0.896 5 31.45 0.920 7
CDC 2 32.35 0.876 6 29.20 0.793 2 28.58 0.7856 26.06 0.776 6

HCNN 2 37.62 0.959 4 33.03 0.9127 31.91 0.896 5
ATy Ik 2 38.10 0.9716 33.53 0.944 4 32.20 0.903 1 32.02 0.8429
Bicubic 3 30.39 0.868 2 27.55 0.774 2 27.21 0.7385 24.46 0.734 9
SRCNN 3 32.75 0.909 0 29.30 0.8215 28.41 0.786 3 26.24 0.798 9
FSRCNN 3 33.18 0.914 0 29.37 0.824 0 28.53 0.7910 26.43 0.808 0
VDSR 3 33.67 0.9210 29.78 0.8320 28.83 0.799 0 27.14 0.829 0
LapSRN 3 33.82 0.922 7 29.87 0.8320 28.82 0.798 0 27.07 0.828 0
LESRCNN 3 34.05 0.9238 30.16 0.838 4 28.94 0.801 2 27.76 0.842 4
CDC 3 25.29 0.296 6 23.97 0.622 4 24.74 0.616 5 21.96 0.608 7

HCNN 3 33.77 0.9230 29.79 0.8318 28.84 0.798 5
ATy 3 35.07 0.940 6 30.22 0.854 3 29.10 0.7919 28.06 0.722 2
Bicubic 4 28.42 0.810 4 26.00 0.702 7 25.96 0.667 5 23.14 0.657 7
SRCNN 4 30.48 0.862 8 27.50 0.7513 26.90 0.710 1 24.52 0.722 1
FSRCNN 4 30.72 0.866 0 27.61 0.7550 26.98 0.7150 24.62 0.728 0
VDSR 4 31.35 0.8830 28.02 0.768 0 27.29 0.702 6 25.18 0.754 0
LapSRN 4 31.54 0.8850 28.19 0.772 0 27.32 0.727 0 25.21 0.756 0
LESRCNN 4 31.88 0.890 7 28.43 0.777 6 27.47 0.7321 25.78 0.773 9
CDC 4 25.41 0.717 7 24.01 0.616 5 24.19 0.608 5 21.50 0.5610

HCNN 4 31.39 0.884 9 28.04 0.767 4 27.29 0.726 0
ATy vk 4 32.22 0.903 5 28.52 0.761 1 27.61 0.707 3 26.02 0.687 7
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Fig.5 Comparison of 2X super-resolution reconstruction results for different comparison methods
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Fig.6 Comparison of 3X super-resolution reconstruction results for different comparison methods
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Table 2 Quantitative evaluation results of ablation experiment

Method Base DFEB GCM TDFEM  FM PSNR/SSIM

Base N 25.89/0.648 1

Base+DFEB NG NG 26.02/0.655 4
Base+DFEB+GCM NG NG NG 26.94/0.694 6
Base+DFEB+GCM+TDFEM NG N NG NG 27.26/0.701 6
Base+DFEB+GCM+TDFEM+FM N N NG NG N 28.06/0.722 2

(2) 16 BE AN AR BRI A 21k
TEZR SO 6 JEE AN RS R TR 3 S 25 4 5 B o W RIE GCM A 2% 1 , 4% Base+ DFEB F7
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