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Super-resolution reconstruction method of mine image based on

multi-path adaptive information enhancement
QI Ailing', FU Yuanyuan', ZHANG Guangming®
(1.School of Artificial Intelligence and Computer Science, Xi’an University of Science and Technology, Xi’an 710054, China;
2. General Engineering Research Institute, Liverpool John Moores University, Liverpool L3 34F, UK)

Abstract: The complex underground coal mine environment suffers from poor illumination, high humidity, and suspended dust-condi-
tions that easily form water mist and glare. These factors lead to the loss of high-frequency information and blurring of edge details in cap-
tured images, while also superimposing noise interference. To improve mine image quality and address the challenge of synergistically
suppressing noise and restoring details in mine scene super-resolution reconstruction, a mine image super-resolution reconstruction meth-
od based on multi-path adaptive information enhancement is proposed. Methodologically, a Residual Multi-path Feature Aggregation
Block (RMFAB) is designed first, leveraging residual learning and a Multi-path Adaptive Convolution Network (MACN) to fully utilize
features from different paths, significantly enhancing the modeling capability for both global and local high-frequency information.

Second, a Multi-attention Fusion Module is introduced to focus on high-frequency information across channel and spatial dimensions, im-
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proving feature representation. Finally, a Large Kernel Perception Block (LKPA) is constructed, employing multi-scale convolution to ex-

pand the receptive field and fuse hierarchical features, optimizing texture and structural details. Experimental results on the public CMUID

mine dataset demonstrate that the proposed method outperforms existing state-of-the-art algorithms in both Peak Signal-to-Noise Ratio

(PSNR) and Structural Similarity (SSIM). Particularly at a scaling factor of 4, the algorithm achieves PSNR improvements of 2.88, 2.04,
1.94, 1.52, 0.53, 0.36 dB over Bicubic, CRAFT-SR, PAN, ESRGCNN, DiVANet, and SMAFNet, respectively. Corresponding SSIM im-
provements are 4.32%, 3.37%, 3.20%, 2.74%, 3.19%, 1.08%. The method achieves refined extraction and fusion of multi-level features in

mine images, effectively suppressing noise interference while restoring complex texture features. This enhances the super-resolution recon-

struction quality of mine images, thus contributing to intelligent perception in coal mine environments.

Key words: mining images; super-resolution reconstruction; multi-path adaptive convolution; large kernel perception block; parallel

multi-attention mechanism
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XTEEAER IR 1. RAHERIIRE % e = 0.000 2,
FYI1Z5 1 000 1~ epoch, #HEYIZEEHE i batch-size W E
32,

£1 REFEIRNERILL

Table1 Comparison of results of different learning rates

o) RKe 0.000 05 0.000 1 0.000 2 0.0005
PSNR/dB 31.93 32.16 32.59 30.85
SSIM 0.890 6 0.8878 0.898 6 0.8814

S BT FHBUR 45 > CUMID, %508 8405 600
ST EUR, Wk as T AR 28] A 18 AR =k
BL3 Mg P R ERRRAR, F % 5
FRAE, At 22 A7 WAL FIREHLIER: 90°. 180° % 270°, ¥t
HAREDY SR 2 2 400 SKIER . BLAh, FHGEEDCRL YK
O3 BERBAR AR, AR SCR A= YA {154 1 0] S BR w55
I HEREURIEATAE B, BORAEEC R n (n=2,3,4) o AR3L
SR 8 1 2 11 H A8 o T SR s 44 504 4 Jal 43 A )1 2
F a4 o
2.2 WKEE

EEXT I R o B AT 55, % BB T B R
AT R A KT 5 F BRI AE (i
PR FOEIX I MR 2R | AR AR X s 1),
DIG Z PR I FER AR, W TR E R R S
HER AR B A X R 22 B, 5] S M4 RET
&SRB R SR AT I — B A, Al

L= pillec(p,) = L(p, k)| (17)

S e AL HH AT PRI Ly P 0T L ) 15 23
R I BB IUE; (p, ) AR ER R AR
A S PR o 2 X 2 (E R Z A B0, X
BRI Ss | BOLS RIS 2 B R As ek, nl
I Jay PSR P o 4 JRy DA A 7 1) B4
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2.3 EMIEER

k% L PP-A B PG T B, AR SR FH 068 {1 £ Mg
FLPI(PSNR) b A4 41 B ¢4 B0 (SSIM) Xt F: [ 4%
LRI REVEAT, B O PP 45 R A T SR S AR
FEME, FF A IR A

PSNR H 157, ¢ B 5 2 MG o it e A, B307%
APERERRAL, Ha AT .

PSNR = 10 1g(1\§4‘§§)

Horp, MAXCH BUGAR 2 W S R, X 8 7 ]
M, MAXGE 5 B 255; MSE b i £ K4 5 IR iR K]
BN iR 2% . PSNR R STE TR R PR HL 5 T
P, (HAE SR TR R PHAIRE, RAEF I A
IR YT PR I o ) R 25 5

AR AN PSNR B AN 2, A SC51 A G5 #4 A L P
(SSIM) P4 B g G Y i it . SSIM 2EF AR AR
e, SERE . R HCREE FNZEH 3 ANERE LA PR IR
G, HUETEE S 0 ) 1, B 1 o m K%
55 T 0 AR AR AU s, ot R G
.

SSIM(x,y) =

(18)

uty + C(20y + Cr)

W +pi+C) (o +0;+C)

Frbr, xRy 23 56T R 8 43 B 5 D 0 el 45 i 4t
G508 o2 Mo 43 B R PR R 0 J7 22, o o — 35 1]
(RPN 225 o B, i A R IR BE 3448 C G R
HROH, RN
24 KIEHHR
241 Rk

R B UE A SC T B A AL 1) A R0, ZE e
B BT 5 A IE R SC L FEYE Base 4H . Baset
RMFAN ({5 % 1, BasetRMFAB+LKPA f{ % 2.
Base+RMFAB+RSPC [ 3 L)} Base+tRMFAB+
LKPA+RSPC fRAY 4, 34 2R HIAH R B & S50,
LU 5 45 2 AR 1) 068 15 T L R 25 R AR AL, B0IE 4%
B AR SR E R LR 2,

R2 AEERESIHRER

Table 2 Experimental results of different

(19)

module combinations

MAEFL 1 A] LUE H, 0 RMFAB #EHUR , 5256
ZE R AT Base 414 . RMFAB A 1+ 5 & ]
I3 HIE AR, 458 R RS U 5 4 R REIE
PRI 2, TR 221 BT Rl B, A R O Al
G AR RERIE, BRI T EENCR . S
R, A S0 43 9151 A LKPA Fil RSPC B 3k # 45
A2 FIBERY 3, E iSRRI, 2 R ) R
TS R Sy BER T @ PERE . 5 Base Z1AH L, AR
AL 2 RIS AY 3 7E PSNR 48 A5 43 51 #2 55 0.47 dB A0
0.86 dB, SSIM fE 737427t 0.67% 1 1.03%., XK,
2 R FHESR O I EUR B8 o PR d i B R
IR . LKPA 38 i 047 19 2 ROE K% 6 BRI
PCA VERJIAHEE A, 850 B URRE M5 B T A 2l
G o ZRIEREERA BT RIS FE R E RS
B, WEREE T I B 5 PR i
PCA 5 I ML13E A3 7 [B] 38 18 P [ e, A A5 e
55 KA A ARG AR AE 3 20y T 0 Jy PR . Hoke
JUMAT7 3 2R E R 5 ), SRS 5, I 5
FRTE T HARGR R . RSPC A YGHE T 2 4
3x3 BRI IRHE ] 30 18 48 B, Fifl e il i AR
GRIITHEREHET, R G FHEE R, (A&
GO R A

TERIAL 4 vh A 3 FVEHLE B AL R B AR,
AR T BEMERIR, AR SCHT 27775 7E PSNR Fil SSIM 45
Fr LAy T T 1.87 dB Fl 2.59%. &5 R I05E T A
SCHTHE DT IR A RO, R B SO ARLA 21 T e il
1) EE PR -
2.4.2 CSPA B3 PEgbIait

VAL 221 T Rl B R, AR SCHE 4 £
S Tt T 4 A58 TEE . fGHEFE
FIBL L Az (a1 2 LR A R 3k i 5 )
FIWLHIRERY , PEREXT LLZE SR L3R 3.

&3 CSPA #EBRIEREXTLLIGIE

Table 3 Comparison and verification of

CSPA module per-formance

KAl RMFAB  LKPA  RSPC  PSNR/dB SSIM

Base 30.72 0.8727
1 \ 31.35 0.8843
2 \ \ 31.82 0.891 0
3 \ \ 32.21 0.894 6
4 \ \ \ 32.59 0.898 6

XHHRT EEEES ZEEES PSNR/AB SSIM

1 30.55 0.8770
2 \ 30.84 0.8825
3 30.98 0.880 4
4 \ 3 32.59 0.898 6
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Tk N Yk FE AR, 5 BB AL () 1 CRAME
DA L, 25 R 3 22 4k BERRAE SR 0 75 5K, AHIFFE 8 1
AN AN ) IR A 5 A 28 A7 5000 . 525
R W, SR FH T I 2 T AL 0% X 46 7 A 0 32
55 v R B i UL, 5 o B L s AL AR
Lt , H: PSNR Fl SSIM 4§ #% 43 5l $2& F+ T 2.04 dB.
2.16%. X W, IZALH 8 L B R A 2 (8] 5 38 8 )
A BE B RRAE R N, A L B — 3 B ) BB S T 4 T b A
REMEASUEE, BN T RERIEGE T, i3k
LAY HL T, UERH T CSPA BRI il A 250

326

3251

PSNR/dB

323 ¢

Z0.897}

4 5 6
RMFAB #( &/

2.4.3 FF%% RMFAB # %

S PEAl RMFAB %0t X6 90 45 1 RE 14 5% 1, A7)
TE RN T 4 B T IR SLE, 455 A S
fin o HEIATAL 24 RMFAB B M 4 % 6 4
B, BT dE M AR AR AL BT . SR, 24 RMFAB %L
A 7 A, EEERE RN T M. X R, B
RMFAB % B AEHE TH 0 48 R HE SR I AE 7, 1H B 3 15
H)5, MEAHERE SRR AR EE 2 I B4R
HEREIR L. UL, AR 6 41~ RMFAB 58, BE
REFER MG T A R 2 RO RRAE, SRETE 1 RE
S AR ) SR G

0.899

0.898 |

0.896

0.895 . . . )
4 5 6 7
RMFAB #&/4>

W5 FE#%EH RMFAB st &2 4 £ty %l

Fig.5 Impact of different numbers of RMFAB on reconstruction results

2.4.4 BS-ACM i3 20 3 9E

HEAIE BS-ACM HEH A R, A5t 11X
AR R 32 A JRE 43 S KUy S TR AT g3
B F IS AR 3 S . W AR LR 4, AT
PRZERANIA 6 Pias . WEEH 6 Y ZIHE R HE X 3,
TEP 6a AU AR Ry &R 23 S, BEAE A R 2 5 2 B
DR B AT 412 7 0 22 5 1 4 JRy S B 52 Sy ol
AR, SR R AR R AL . ] ob YL
(o RIS, WA SRy SR AR B U S B, (HZTAE
NG AR SRk, P2 AR R AR o (AR SCHE HE 1Y

(a) (U AR R &3 52

(b) UM R 4332
o WEH™TA®EHENERERT R 2 LT RAKR

Fig.6  Visualization effect of single branch blueprint separable adaptive convolution module

XUy SZAS R P T 73 1 IE A R 6¢ B, e A

ZIAE N Al R RUR SRR AR R, SIS T

TR R B EL AN 5, 75 ORA5 4 SR A AL — S A [R] I
&4 BS-ACM #ERAR X ERIERIE

Table 4 Validation of different branches of
BS-ACM module

Xif R I AEJaisr 2 Jr oy PSNR/dB SSIM

1 N 32.11 0.891 7
2 v 32.10 0.8912
3 \/ R 32.59 0.898 6

(c) RIS A Joy 8 20 SC AN AR R B 3 52
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KRR, HLAE PSNR F1 SSIM #5845 441
THR S, URAN THR A SE AR R
25 ZWHERE5HWH
2.5.1 EULLER S

S VAL BT 4 7 A Sk, B HE 5 Bicubic,
CRAFT-SRPY| PANP? ESRGCNNFY| DivANet™"!
1 SMFANet™ % 6 Fh 323581k, 1A IO (2.
3. 445) T IE AR IT RN, 25504 3.

H1 2% 5 W, AR SO AR 3 FCRAR ST 1y
Sy TEREIIME T HoAth 6 Pl e HE ik . MR ARECH
2 1, BT 77 B8 DiVANet A4 PSNR F1 SSIM 43 1]
SR 0.95 dB Fl 5.09%, % SMFANet I 43 51 °F
PIHE T 0.94 dB 1 3.22%. X —&E R, Fri ik
FE 2 A5 E A TP BE A AR R A A A Y, AT RS
TR RMFAB [ 2 BAR G BN A BB T = 4

T 0 2 B FRIE SR ERRE ), BT T G ARE

MCKRASECR 3 I, Fir 4 7 25 DiVANet (1)
PSNR #il SSIM 43 51| °F- ¥4 42 =5 0.67 dB Fl 2.64%, %
SMFANet | 43 51 °F- 142 55 0.62 dB 1 0.95%. 7F 3
R T 45 b, R Y LKPA AR B ) ISz B 7 4b
PR E AR AT A A YA E KT, A
R B {2, T SMFANet /N7 B 2 G800 i 2 4
RSO RR o MHCRASEC 4 BF, B I B AT IR
LB, B DiVANet i) PSNR A1 SSIM 43 41 - 14
FEE5 0.53 dB F1 3.19%, # SMFANet Il 43 51 - 15 4%
7 0.36 dB H1 1.08%.

ARG R, AEAHR SCIG IR T, AR SO
AR S MG 7 PR F 8 1) & PR 8 A 308
FHAF

RS BARBECA 2,34 ERJZBOPRERE AN E NG L

Table 5 Comparison of objective metrics for different super-resolution reconstruction algorithms at scaling factor of 2, 3, 4 times

- oA O3 HORAR
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic 35.19 09167 31.37 0.886 8 29.71 0.8554
CRAFT-SR 36.23 0.942 4 32.67 0.898 6 30.55 0.864 9
PAN 36.40 0.9370 32.85 0.900 4 30.65 0.866 6
ESRGCNN 36.94 0.946 4 33.06 0.901 6 31.07 0.8712
DiVANet 36.81 0.906 6 34.49 0.901 7 32.06 0.866 7
SMFANet 36.82 0.9253 34.54 0.918 6 32.23 0.887 8
Ours 37.76 0.957 5 35.16 0.928 1 32.59 0.898 6

252 EMALE M

Sy EOULJE BLEL T 22 B A% H 38 WA B RS
A B VR I AR SCR, AR AR S
Bicubic, CRAFT-SR, PAN, ESRGCNN, DiVANet }
SMFANet JEF7T AL o 45 HE 433870 AR 4R
EHL 2 R RS i I BUR, ZERORAEECh 2. 3.
45T B IR 25 SRR T T e, R S SR AN A 7 ~ 12
. 7. 8 BaRTK 2 f5F, 4588 20 s v =
SR MBS R 2R AL Sk Vi B S s i T A 5
Ao WIS Y, AR TR R A Y R Y i
SERTET A B AT SRR B P R AR AR L T 4
[, 2RISR 1A W2, AT AWM. i
AR SRR R AU MK 52 190 A 25 K A Y A B R 26 Y
B PR A4 IR . P 9. 10 Som TR 3 150, 4%
B B B4 1 RN B w11 3 5 ) AR
ARSI BB AR L 4 I R MR ES 1 . 52 5
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Fig.7 Comparison of reconstruction effects in the belt conveyor head under 2x scaling

SMFANet Ours

ESRGCNN DiVANet SMFANet Ours
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Fig.8 Comparison of reconstruction effects at coal discharge point of the belt conveyor head under 2x scaling

ESRGCNN DiVANet SMFANet
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Fig.9 Comparison of reconstruction effects at the winch inlet under 3x scaling

HR

Bicubic CRAFT-SR PAN
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Fig.10 Comparison of reconstruction effects at the pump house entrance under 3x scaling
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Fig.11 Comparison of reconstruction effects at the belt conveyor funnel under 4x scaling
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Fig.12 Comparison of reconstruction effects for belt conveyor signage under 4x scaling
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Fig.13  Comparison of pixel difference color maps of reconstruction results form different algorithms
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] 2 [40,50] AARIAE N 0, o i HAE e R iR 22 451 B
HORTE 3 208
2.6 LWERSHH

AT 480 TR RGP A5 R 4fE B,
XFLCA R I 60 HISEBGAS R AT, AS SORCRYE L
J f: T CRAFT-SR il SMFANet, X /& 1 T 4% SC A
TSR AU S AT R ) i Pl A 3 T 0 A U
B, R A R S RS AL, D TR . IR
IR FHIFIR 22 T R B, IR IR 7 2 Sr
o~ 3 2 ) A, M LR AT A5 80 T
F LR, bR TR R HE R U . AR R
BIREHIRAZ B, (Hil i 2 RS SR R sz B
LG RURIE, R 28 50 T M AU G R,
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STk

R 6 FEIEERIERREX L
Table 6 Comparison of reasoning time of

different algorithms

7 ESRGCNN DiVANet PAN SMFANet CRAFT-SR Ours
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