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Abstract: A lightweight Laplacian pyramid image super-resolution reconstruction convolution neural net-
work based on deep Laplacian pyramid networks (LapSRNs) is proposed to accommodate the numerous
parameters used in super-resolution reconstruction methods based on deep learning. First, shallow fea-
tures are embedded from the input low resolution image (LR) input. Subsequently, using recursive blocks

that allow parameter sharing and contain shared-source skip connections, deep features are extracted from
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the shallow features. Additionally, residual image (RI) containing high-frequency information is inferred.
Next, the RI and input LR are upsampled via a transposed convolutional layer and added pixel by pixel to
obtain a super-resolution image. The total number of parameters used in this method is only 3. 98% of that
used in the LapSRN for three scales, and the peak signal to noise ratio index increases by 0.031 3 and
0.116 7 dB under 4 times and 8 times super-resolutions, respectively. The proposed method reduces the
number of parameters by 81. 6%, 90.8%, and 88.8% under 2 times, 4 times, and 8 times resolutions,
while the super-resolution effect is maintained.

Key words: lightweight; convolutional neural network; super-resolution reconstruction; lLaplacian image
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Fig.2 Overall network architecture of proposed LRN model
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Fig.3 Architecture of inference sub-network
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Tab.1 Objective evaluation index values for X 8 super-resolution on Mars remote sensing image test dataset of ASLRN

No. PSNR/dB SSIM IFC No. PSNR/dB SSIM IFC
1 29.1776 0.5359 0.742 2 21 28.387 8 0.598 3 1.307 1
2 29.6170 0.648 5 1.3014 22 27.993 3 0.563 2 0.996 9
3 28.658 6 0.583 4 1.0251 23 29.564 9 0.608 3 1.0300
4 29.184 8 0.6510 1.3358 24 29.3517 0.559 3 0.757 3
5 28.736 2 0.642 3 1.2998 25 30.053 3 0.598 8 0.750 2
6 29.2917 0.6018 1.064 2 26 29.528 4 0.597 1 0.7776
7 29.946 2 0.6353 1.0536 27 28.3317 0.560 1 0.876 8
8 27.794 1 0.5261 0.8414 28 28.124 9 0.5558 0.8658
9 28.702 1 0.616 3 0.984 3 29 29.499 3 0.6053 0. 866 6
10 30.1997 0.663 8 0.894 5 30 26.5254 0.392 2 0.8409
11 30.057 2 0.5759 0.8557 31 28.5524 0.546 9 0.746 7
12 28.0611 0.5937 1.1909 32 28.898 9 0.5754 0.8714
13 29.7547 0.678 4 1.4849 33 28.9539 0.5600 0.876 1
14 29.0109 0.6367 1.150 8 34 26.920 3 0.476 4 0.777 4
15 28.4309 0.599 2 1.056 7 35 29.1577 0.634 1 0.897 3
16 29.127 3 0.6178 1.109 4 36 29.4690 0.5591 0.766 0
17 28.696 5 0.6279 1.146 3 37 28.478 9 0.542 8 0.8977
18 31.053 1 0.6752 0.836 0 38 29.960 2 0.6809 1.3477
19 29.847 4 0.6349 0.879 4 39 28.9539 0.629 3 0.939 9
20 27.888 2 0.5813 0.914 2 40 29.366 1 0.592 6 0.977 6
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Tab.1 Objective evaluation index values for X 8 super-resolution on Mars remote sensing image test dataset of ASLRN

No. PSNR/dB SSIM IFC No. PSNR/dB SSIM IFC
41 27.8829 0.5147 0.942 4 ol 28.666 7 0.640 3 1.0890
42 27.8679 0.5297 0.997 6 52 28.8013 0.650 9 0.908 1
43 29.1547 0.6355 0.956 1 53 28.598 7 0.6705 1.1461
44 28.4597 0.614 5 0.9122 54 32.596 1 0.7607 0.929 4
45 30.274 4 0.668 4 0.796 6 55 28.6807 0.6315 0.8552
46 28.632 8 0.5712 0. 906 4 56 27.6194 0.574 9 0.730 5
47 27.688 8 0.5218 0.740 2 57 29.739 3 0.679 5 0.854 9
48 29.147 9 0.6255 1.046 2 58 29.260 2 0.6753 1.084 3
49 30.214 8 0.678 1 1.1515 59 29.044 6 0.6587 1.2096
50 29.920 4 0.6641 0.704 8 60 30.6927 0.702 4 1.029 4

R2 NEERIENKBEELIMHERLEER

Tab.2 Comparison of various algorithms on Mars remote sensing image test dataset

Scale Method Parameters PSNR/dB SSIM IFC

Bicubic / 33.1884 0.7912 5.6834

LapSRN 407 K 33.708 0 0.818 6" 7.720 17

2 SILRN 223K 33.7226 0.818 6" 7.6739
DLRN 76 K 33.4705 0. 806 4 7.0907

ASLRN 75 K 33.7235 0.818 6" 7.6335

Bicubic / 30.8125 0.680 6 2.1953

LapSRN 812 K 31.4008 0.708 3 2.8872

4 STLRN 223K 31.4150 0.709 4 2.9359
DLRN 76 K 31.1838 0.698 6 2.654 6

ASLRN 75K 31.432 1 0.709 9 2.941 8

Bicubic / 28.209 6 0.579 2 0.7256

LapSRN 667 K 28.9205 0.602 2 0.902 8

8 SILRN 223 K 29.024 2 0.606 9 0.962 2
DLRN 76 K 28.7476 0.594 4 0.8380

ASLRN 75K 29.037 5 0.607 2 0.972 1

TE L 745 03 51 R e e (5 AR

M TR 2 R AT L AR SC T 4 ) = b A
7% # ASLRN Fil SILRN PLAE T LapSRN ) 2 %1
HETE AR S AT A N ARAS T & W T M 48
FrfH . ASLRN DU T LapSRN — & 41 2
i, ARS8 A% 4 F PSNR 4 Gl 4 & T
0.031 3 dB M1 0.116 7 dB, SSIM 43 5 #& & T
0.001 6 1 0.005 0, IFC 4 HI4& & T 0. 054 6 Al
0.069 3. 7F 2 fiff # 4+ F ASLRN 5 LapSRN #f
Fo ,PSNR#EE 17 0.0155dB,SSIM A A, IFC 2%
FE/NF 0.1, AT LLIA R = A 5% F ASLRN 5
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Fig.7 Super-resolution results comparison of the No. 54 Mars remote sensing test image for scale factor X 2
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Fig.8 Super-resolution results comparison of the No. 59 Mars remote sensing test image for scale factor X4
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Fig.9 Super-resolution results comparison of the No. 26 Mars remote sensing test image for scale factor X8
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