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Lightweight super-resolution reconstruction method based on hierarchical
features fusion and attention mechanism for mine image
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Abstract : The images in coal mines have problems of dim, blurry and unclear edges. To address these issues, this article proposes a
lightweight mine image super-resolution reconstruction method that fuses hierarchical features and attention mechanism. Firstly, by
integrating the coordinate attention mechanism into the residual block, this article designs a residual coordinate attention module, which
enables the network to obtain rich high-frequency detailed information. Secondly, the hierarchical feature fusion mechanism is adopted to
fuse the feature map information of different network levels. Thereby, the reconstruction of edge detail information is promoted. Finally,
the dimensionality reduction is performed on the fused features to reduce the amount of model computation and parameters. In addition,
to make the proposed model have better generalization performance in real-mine scenes, a coal mine underground image dataset CMUID
is constructed for the training and testing experiments of the network model. Experimental results demonstrate that the reconstructed
image quality of the proposed algorithm is superior to other comparison algorithms in both objective indicators and subjective feelings.
Compared with the OISR algorithm on the underground coal mine image data set, when the scaling factor is set to 4, the average values
of PSNR and SSIM of the proposed algorithm can be improved by 0. 318 5 dB and 0. 012 6. As for the public data set, the average PSNR
and SSIM of the proposed algorithm are also improved by 0.1 dB and 0.003 5, respectively, as well as the number of network model
parameters is reduced by 70. 7% .
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Fig. 1 Images of underground coal mine dataset
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Fig.2 Fusion of hierarchical features and attention mechanism network structure
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Fig.5 Coordinate attention mechanism
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Table 1 Comparison of PSNR (dB) and SSIM of each algorithm for the three test sets with the scaling 2, 4 times factor
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Table 2 The comparison of PSNR (dB) and SSIM of each algorithm in the scaling factor of 2, 4 times for

three specific scene images

6 &l 7 8
Ik x4 x4 x4
PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic!*") 24.596 7/0. 816 3 23.528 6/0.814 4 22.1251/0.736 5
FSRCNN!!7] 25.992 5/0.839 9 24.894 1/0.831 9 23.485 7/0.767 4
EDSR?" 27.158 8/0.859 7 25.648 6/0. 846 9 24.201 9/0.803 7
CARN'Y 27.162 3/0.859 9 25.649 7/0. 847 3 24.203 6/0.803 9
MSRN'3 27.165 2/0. 860 3 25.651 5/0.847 7 24.205 5/0. 804 1
OISR 27.251 4/0.895 2 25.795 7/0.851 2 24.348 2/0.813 7
Ours 27.863 5/0.891 3 27.603 1/0.912 2 25.837 0/0.878 5
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Fig. 6 The comparison of x4 reconstruction effect between this algorithm and other algorithms under Roadway test set
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Fig.7 The comparison of x4 reconstruction effect between this algorithm and other algorithms under Belt-conveyor test set
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Fig. 8 The comparison of x4 reconstruction effect between this algorithm and other algorithms in the Workshop test set

! / N/
D ),

(b) Ours

&9 RZERFHEAITE
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Fig. 10 The comparison between parameters of each algorithm

and the PSNR value on the coal mine datasets
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Table 3 The PSNR (dB) and SSIM of the benchmark datasets comparison with the 2, 3, and 4 times scaling factor

Set5 Set14 B100 Urban100
BORAG% i
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic > 33.66/0.929 9 30. 24/0. 868 8 29.56/0.843 1 26.88/0.840 3
FSRCNN!! 37.06/0.955 4 32.76/0.907 8 31.53/0. 891 2 29.88/0.902 4
EDSR_baseline!?') 37.68/0.958 0 33.28/0.914 0 31.29/0.897 0 31.29/0.925 0
x2 CARNDP! 37.76/0.959 0 33.52/0.916 6 32.09/0. 897 8 31.92/0.925 6
MSRN!32] 38.08/0.960 5 33.74/0.917 0 32.23/0.901 3 32.22/0.932 6
OISR-RK2!% 38.12/0.960 9 33.80/0.919 3 32.26/0.900 6 32.48/0.931 7
Ours 38.28/0. 961 5 33.96/0.919 4 32.36/0.902 6 32.84/0.936 1
Bicubic 30. 39/0. 868 2 27.55/0.774 2 27.21/0.738 5 24.46/0.734 9
FSRCNN 33.20/0.914 9 29.54/0.827 7 28.55/0.794 5 26.48/0.817 5
EDSR_baseline 34.13/0.924 0 30. 14/0. 838 0 28.98/0. 801 0 27.69/0. 841 0
x3 CARN 34.29/0.925 5 30.29/0. 840 7 29.06/0. 803 4 28.06/0. 849 3
MSRN 34.38/0.926 2 30.34/0. 839 5 29.08/0. 804 1 28.08/0. 855 4
OISR-RK2 34.55/0.928 2 30.46/0. 844 3 29.18/0. 8075 28.50/0. 859 7
Ours 34.73/0.929 9 30. 58/0. 846 7 29.25/0. 809 5 28.71/0. 865 5
Bicubic 28.42/0. 810 4 26.00/0.702 7 25.96/0. 667 5 23.14/0. 657 7
FSRCNN 30.73/0.960 1 27.71/0.748 8 26.98/0.702 9 24.62/0.727 2
EDSR_baseline 31.91/0.889 0 28.44/0.777 0 27.45/0.731 0 25.65/0.771 0
x4 CARN 32.13/0.893 7 28.60/0. 780 6 27.58/0.734 9 26.07/0.783 7
MSRN 32.07/0.890 3 28.60/0.775 1 27.52/0.727 3 26.04/0.789 6
OISR-RK2 32.32/0.896 5 28.72/0.784 3 27.66/0.739 0 26.37/0.795 3
Ours 32.45/0.897 8 28.79/0.786 4 27.71/0.741 9 26.52/0.803 1

VIR R 46 B A 5
x4 EREREL

Table 4 Algorithm complexity comparison

o PSNR/dB
Bk S0 FRERR/GC ————————
IR 4

FSRCNN!'7] 0.012 5 30.010 6
EDSR 2! 1.52 100. 51 30.633 7
CARN[3 1.59 118.8 30. 638 4
MSRN!? 6.08 328. 66 30.642 2
OISR-RK2'* 5.50 412.2 30.720 8
Ours 1.61 103. 34 31.044 1
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$2T7F 7 0.0162 dB F10.001 5, 15 B fll A AR AR i 25 7 8
HeLb i SE 38 8 7 & B R R AOR B
PR 42, AT 2 RARAE Bl A A T R AT AR AE
A& 7E 3 AR 4E [ B9 PSNR FI SSIM 43 5 2 7+ 1
0.087 6 dB F10.001 6, 15 B >R H )2 UCRRAIE fill & 42 AR AT
DAMGSR N 2% (1 Rk B 0, T IR R Ed i, A
11 BR T & AT XAET I 2ok B Ly T 94k
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Table 5 PSNR (dB) and SSIM comparison of different combined modules in three data set
Ji = R Roadway Workshop Belt-conveyor S

e T RIS 5
— = 2 2 2 2

SE  CoordA HFF  / /M /G * N h h

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

X X X a 1.52 100. 51 31.492 5/0.9725  28.420 6/0.963 3  31.987 9/0.972 9 30.633 7/0. 969 6

vV X X b 1.53 99.79 31.612 1/0.9729  28.824 3/0.969 4  32.383 7/0.976 6 30. 940 0/0.973 0

X Vv X c 1. 54 99. 85 31.6412/0.974 5  28.8315/0.971 1  32.396 8/0.977 8 30.956 5/0.974 5

X Vv Vv d 1. 61 103. 34 31.7241/0.976 2 28.986 8/0.973 9  32.4214/0.9781  31.044 1/0.976 1
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Fig. 11 The comparison of ablation experiment
reconstruction results
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