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Abstract : The combination of sparse sampling and image restoration can not only compress data capacity, but also improve imaging speed,
which is of great significance for the development of high-resolution LiDAR imaging technology. In order to improve the restoration effect of
sparse sampled images, a new residual channel attention network block was designed in the paper, and the residual channel attention block
was introduced into a deep unfolding network based on compressed sensing iterative soft threshold method to suppress the blurring
phenomenon caused by the loss of high-frequency information in image restoration and reconstruction, forming a new method for the
restoration and reconstruction of sparse sampled LiDAR images. This method combines the advantages of traditional compressed sensing
reconstruction methods and neural network methods, and has a faster reconstruction speed compared to traditional compressed sensing
reconstruction methods. Compared with existing neural network methods, it enhances structural insight and improves the problem of image
blur in reconstruction. The validation calculations using Middlebury Stereo Data 2006 as the test dataset show that our method not only has
better image reconstruction quality compared to SDA, ReconNet, TVAL3, D-AMP, and IRCNN methods, but also has higher
computational efficiency; When the sparse sampling ratio is 25%, the peak signal-to-noise ratio (PSNR) of the restored image is more than
1. 6 dB higher than other methods, making it an ideal method for restoring sparse LiDAR images with good overall performance.
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Fig.1 The schematic diagram of a laser radar sparse image
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Fig.2 Internal structure diagram of soft threshold iteration

module k in the form of neural network
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Fig. 5 The images of the Middlebury Stereo Data 2006 test set
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(f) Sparse and reconstructed images with a sampling rate of 50%
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Fig. 6 Sparse and reconstructed images of Aloe at different sampling rates
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Table 1 Quantitative evaluation results of image
restoration quality on the Middlebury
Stereo Data 2006 dataset

Test image Sampling rate/% PSNR/dB SSIM
4 25.19 0.759 2
Aloe 25 39. 65 0.979 8
50 47.12 0.991 8
4 26.03 0.820 8
Baby3 25 39.19 0.976 9
50 46.90 0.9910
4 26.27 0.8470
Bowling2 25 40.76 0.983 4
50 47.67 0.992 5
4 32.20 0.913 7
Cloth3 25 45.22 0.986 6
50 50. 47 0.993 1
4 26.97 0.8213
Flowerpots 25 43.45 0.984 3
50 50. 10 0.992 7
4 29. 40 0.8713
Lampshadel 25 44.39 0.986 4
50 51.21 0.994 6
4 29. 36 0.830 4
Midd2 25 42.30 0.9829
50 48.35 0.991 1
4 29.22 0.846 2
Monopoly 25 43. 81 0.985 3
50 49. 65 0.992 5
4 31.98 0.9155
Plastic 25 45.78 0.987 3
50 51.51 0.994 6
4 27.04 0.842 6
Rocks2 25 42.22 0.984 2
50 47.43 0.990 5
4 30. 66 0.904 2
Wood2 25 42.47 0.9855
50 50. 56 0.994 6
4 28.58 0.8520
Average result 25 42.66 0.983 9
50 49.18 0.992 6

FERIEETE, 5 EUE I (E 15 M LL ( peak signal to noise
ratio, PSNR ) F1 45 #4451 B ( structural similarity , SSIM ) i)
B ETHEAE MORBERTE 25% AL, R AR AL
R EC &5 HEREAT U 525 5 PSNR 2928 40 dB /2
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RS 3 P 0 T B 2 i 9 BT AT S 5 A B i B
SR BT, He T RRZ AR I B RO S A 3 i Ak
frxf e, Hi e BAFRMER 5223 5 SDA | H A R 4555
1) (reconstruction network , ReconNet) 4754314 ™ Hi kg
Bl H 8 3 (total variation augmented lagrangian,
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(a) Sparse (25%) and reconstructed images of Baby3
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(b) Sparse (25%) and reconstructed images of Bowling2
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Fig.7 Some other sparse and reconstructed images

at a sampling rate of 25%

TVAL3) | 25 M 3 o) 314 S8 4% 338 5 157" (denoising based
approximate message passing, D-AMP ) Fll {14 & J57 45 B s
Z W 4% et (image restoration convolutional neural
network , IRCNN) . R T ARIUA SOk Jr i e d AR
HOPE A, 2 2 B A Ty 2 2 5UR B8 1) PSNR 5 H
HTEAARFRIE R A 5 Fh g B o g Jy AT T 8 i
FeAsE, &1 8 &5 AN [) 531k Fir A Dt T 450 1) A {455 W L B
B R A R I A
x2 AEFTEEENE(PSNR/AB)XF LR
Table 2 Comparison of reconstruction effects (PSNR/dB)

using different methods

Sampling rate

Methods
1% 4% 10% 25% 40% 50%

SDA 22.66 26.85 30.46 33.50 36.83 41.05
ReconNet!™)  22.63  27.53 32.18 36.21 42.89 43.60
TVAL3!®) 21,93 2502 30.81 37.47 43.04 45.55
D-AMP!2Y) 10.75  23.43  30.27 38.18 44.78 46.28
IRCNNI22)  13.24  24.55 32.01 41.02 45.15 48.09
Our method 22.87 28.58 33.76 42.66 47.16 49.18
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(a) Reconstructed images without RCAB+
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Fig.9 Comparison of reconstruction effects with or without
RCAB+ (taking Cloth3 as an example)
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Table 3 Ablation experiments of RCAB+ (PSNR/dB)

Sampling rate
1% 4% 10%  25%  40% 50%
Without RCAB+ 11.22 25.28 31.31 39.09 45.02 46.46
With RCAB+  22.87 28.58 33.76 42.66 47.16 49.18

Methods

&£ 4 FTEFHEIEREE (Run time/s) XEb &R
Table 4 Comparison of run time (s) using
different methods

Methods CPU run time/s GPU run time/s Total/s
SDA - 0.01 0.01
ReconNet! "’ - 0.03 0.03
TVAL3 ! 4.14 - 4.14
D-AMP[2!] 55.31 - 55.31
IRCNN 2] - 70. 32 70. 32
Our method 2.46 0.09 2.55
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