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Coalmine image super-resolution reconstruction via fusing multi-dimensional
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Abstract: The complex underground environment of coal coalmines, influenced by lighting, coal dust, and water mist, often results in col-
lected images with blurred details and missing textures, leading to decreased image resolution and posing significant limitations to the in-
telligent development of coal coalmine safety monitoring. Image super-resolution reconstruction, an essential image processing techno-
logy, aims to recover clear high-resolution images from low-resolution coalmine images, thereby significantly enhancing the reliability of
intelligent monitoring and safety management in coal coalmines. To address issues such as the loss of edge texture information and blur-
ring of details in coalmine images, a coalmine image super-resolution reconstruction method integrating multi-dimensional features and re-
sidual attention networks is proposed. First, a multi-branch network is employed to parallelly integrate dynamic convolution and channel

attention mechanisms, capturing different spatial statistical characteristics through “horizontal-channel” and “vertical-channel” interac-
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tions. Secondly, a recursive sparse self-attention mechanism is designed to aggregate representative feature maps under linear complexity,

adaptively selecting weight distribution and reducing information redundancy during computation. Finally, the basic unit of deep feature

extraction is constructed based on the standard multi-head self-attention mechanism and residual connection, with the obtained feature in-

formation and shallow features jointly input into the reconstruction module via skip connections to complete super-resolution reconstruc-

tion of coalmine images. Experimental results indicate that the proposed method significantly outperforms existing mainstream algorithms

in both objective evaluation metrics and subjective visual analysis. In tests on the coalmine dataset, LPIPS (Learned Perceptual Image

Patch Similarity) decreases by an average of 10.97% and 9.91%, while PSNR (Peak Signal-to-Noise Ratio) increases by an average of

4.10% and 2.30% for 2x and 4x scaling factors, respectively, demonstrating the method's effectiveness in restoring the structure and tex-

ture details of coalmine images.

Key words: coalmine underground images; super-resolution reconstruction; attention mechanism; residual network; recursive algorithm
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Fig.1 Coalmine image super-resolution reconstruction via fusing multi-dimensional feature and residual attention network
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Perceptual Image Patch Similarity, LPIPS) FI#iL 5 {5 B
4% 1 #F VIFPY (Visual Information Fidelity, VIF) .
LPIPS FIH T Tl 2k i) CNN 23U 2 > JBAIiE 2,
XA B RE T A 5 A\ SIEA R G B — bk
HUE i B A [0,1], LPIPS #4223 1 3 B 5 i f ik
4. VIF J& Sheikh S:455 AR EURGE AL | [B1&
e BRI N R A 3 GEAE A4 s 1) RS BT i PE A
febr., HIEUETEE M [0,1], VIF Bk R RS S &
SRR DA 5 e ) — 350k o

4.1 EWMIEWRDHT
B SCARBEEAE DIV2K I 245 5 5 Ho At g 2y
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e R A R A T S,
PIZHSE0 (% 1), ¥E# 5 4 M5 7L SRCNN K CSR-
CNNP2; JEF 5524 % (1) VDSR 2 EDSR Bijk; 3F
W MLEIE SPANDY . ELANPY DATEY F1 SwinIR
JE4T PSNR fl SSIM PEREHLA: . % 1 R T Lk Ty
BEAEELEBE4E Set5. Setl4., Urbanl00 |45k AT
X2 x4 BEIFERRNT L . B 1 TR, 5
FES Har ERAE A L, 7RSS 4 B R AR
iR, E2EEME T, EHERIEN
PSNR 8 5 8 A B35 DAT 23 5142 7+ 0.09. 0.51,
0.27 dB,7E Setl4 FEifE 54l 4 I, £ & L1 SSIM
FEHOmE A% T DAT B 4% 0.001 5, 7 Set5 F1 Urban100
AT T 0.001 8, 0.0323, 7E 4 545N T F,
SEH BT PSNR FREU7E 3 A MR 4 1o B4
Tt 0.17, 0.89. 0.58 dB, SSIM FE %43 5T+ 0.032 9,
0.097 7. 0.040 0.,

R TR UE S F B AE S EUR L B bk, [
FEGEI 38 8 DNEIEAEIE T BUREE Ll ZR58 e
HEAT LT o 43R 2 A5 T R 4 A4 T 1R
WiZH 5256, [ 51 A LPIPS 1 VIF P48 45 K ik —
ARG EURZ A BN 22 57 o AR S5 3 | e B2
FCTAET . KRG AT s 5 RVEilA%L
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PR, SEIREE RN K 2 FoR, 78 2 50 4 A5 4075 A+ DAT 7E LPIPS #8545 L% 0.026 3(10.97%), £ PSNR

T, ARBE7E PSNR HI SSIM $845 [ HAS T R4 Shr 3T 1.3123 dB(4.10%) . 15 4 5460000 T F,

B TE 25U F N, B E A AR T RS ARFEME T UM F AR LPIPS $5 45 %1% 0.028 8
F1 AEBHERE 3 MEEIBE FRRERTE

Table 1 Performance comparison of different super-resolution algorithms on three benchmark datasets

R T pom Set5 Setl4 Urban100

PSNR1/SSIM1 PSNR1/SSIM?1 PSNR1/SSIM?t

SRCNN 36.66/0.954 2 32.45/0.906 7 29.50/0.894 6

CSRCNN 37.45/0.9570 34.34/0.924 0 29.88/0.902 0

VDSR 37.53/0.958 7 33.03/0.912 4 30.76/0.914 0

EDSR 38.11/0.960 2 33.92/0.9195 32.93/0.9351

x2 SPAN 38.27/0.961 4 34.34/0.924 0 33.34/0.938 4
ELAN 38.11/0.960 9 33.82/0.9196 32.62/0.9328

SwinIR 38.35/0.962 0 34.14/0.9227 33.40/0.9393

DAT 38.34/0.9619 34.43/0.924 7 33.54/0.940 2

Our 38.43/0.963 7 34.94/0.923 2 33.81/0.972 5

SRCNN 30.49/0.862 8 27.50/0.7315 24.47/0.7229

CSRCNN 31.01/0.8702 28.47/0.7720 24.62/0.728 0

VDSR 31.35/0.883 8 28.01/0.767 4 25.18/0.752 4

EDSR 32.46/0.896 8 28.80/0.787 6 26.64/0.803 3

x4 SPAN 32.63/0.900 2 28.87/0.788 9 26.82/0.808 7
ELAN 32.47/0.898 3 28.81/0.786 8 26.60/0.801 5

SwinIR 32.72/0.902 1 28.94/0.791 4 27.07/0.816 4

DAT 32.74/0.901 3 29.02/0.791 4 27.14/0.8149

Our 32.91/0.934 2 29.91/0.8891 27.72/0.854 9

R2 FREEEEY FEEE LAERERTLL

Table 2 Performance comparison of different algorithms on coalmine dataset

REEFF AR PSNR1 SSIM1 LPIPS| VIFt
SRCNN 28.4619 0.9503 0.297 1 0.6012
CSRCNN 30.623 8 0.9596 0.293 4 0.6103
VDSR 30.640 4 0.966 4 0.283 1 0.626 5
EDSR 30.7148 0.9675 0.2799 0.7154
x2 SPAN 30.836 6 0.9700 0.2776 0.7518
ELAN 31.0719 0.9713 0.276 8 0.7789
SwinIR 31.808 4 0.9755 0.265 4 0.8324
DAT 32,0146 0.971 6 0.238 1 0.8693
Our 33.3269 0.979 6 0.2118 0.882 0
SRCNN 23.1245 0.802 1 0.3980 0.5872
CSRCNN 23.6153 0.8153 0.3128 0.598 1
VDSR 23.9827 0.8276 03135 0.6318
EDSR 24781 4 0.8432 0.3106 0.6387
x4 SPAN 25.4756 0.8575 0.3082 0.680 5
ELAN 26.109 2 0.8762 0.305 4 0.726 4
SwinIR 26.724 8 0.8743 0.293 1 0.7702
DAT 273493 0.883 7 0.290 5 0.790 3
Our 27.9792 0.8885 0.2617 0.8147
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Fig.6 Comparison of reconstruction results for x4 images in coalmine dataset
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Fig.7 Comparison of pixel difference color maps of reconstruction results from different algorithms
%3 AREEEE MOS FHristr ERIxTEE
Table 3 Comparison of different algorithms on mos evaluation metrics
RPERT SRCNN CSRCNN SPAN VDSR SwinIR DAT Our
XA T 0.5270 0.5492 0.599 2 0.6108 0.6326 0.7194 0.742 6
XA F 0.4342 0.4782 0.4889 0.5412 0.5625 0.570 1 0.604 1

B 4 LS, 73 e R A EL R 4 Set5 .
Set14, Urban100 |- 3 17 x2 4 it K ¥~ &Y PSNR Al
SSIM F845%T . Hor MSA 243k H 1 /7, MDIA
LT HFE T, RS SA NBAMBK AEE .
Farh, BIAY o Ry BT 223k B U FrI 2R
B ABE AR 5 AR b Ay By A P s I AR R B VR R T
S AL AR ¢ Ay U 22 438 TR B
He T Il S s Ay A5 05 A5 R d o FH 22 4 58 BT
pAL o= E RE =Wk s 5 |2 N i Rl BN
F AT LA, BER b AHACH A a 1 PSNR {H 2115

0.53 dB, BLEHFIFH# 0 R A 7 XA 7 3 Sk B
B 7 Ak 34 Jy R0y 50 AR O A T G ) R SR
BRD d AR A b 7645 WUEHE 48 1A 4 7t
HAET - EUE I PSNR #8271 0.65 dB, 7] WG| A 4k
T B T a5 Al g5 A B ag P R VR, K
T ZARAE EE B R d AR R ¢ 7RI RS
- PSNR #£7 1 0.54dB, Htbnl L, #£ MDIA FiIRS SA
T RA NG T, A AR AT TR AL 0 {5 B 28 BRI
TERGRCR .

F4 2 BEHEMEFTARERITEEMEEE R ImXT b

Table 4 Comparison of the impact of different modules on model performance under 2x scaling factor

- it WIS Set5 Set14 Urban100
MSA MDIA RS_SA PSNR1/SSIM 1 PSNR1/SSIM{ PSNR1/SSIM{ PSNR1/SSIM?
a y % x 32.15/0.961 0 37.74/0.952 5 33.28/0.9156 32.45/0.927 8
b x x V 32.68/0.9712 37.89/0.962 1 34.61/0.919 8 33.18/0.944 7
¢ x J x 32.79/0.9643 38.01/0.959 7 34.68/0.916 9 33.03/0.954 1
d x J J 33.33/0.973 8 38.43/0.963 7 34.94/0.923 2 33.81/0.9725
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