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Abstract: The complex environment of mining working faces—including dust, high humidity, and

smoke—causes severe feature degradation in monitoring images under varying fog concentrations. Moreover,
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existing dehazing models trained mainly on synthetic data exhibit domain gaps with real mining fog, limiting
intelligent monitoring effectiveness and posing safety risks. This study proposes a dehazing method for working
face images based on fog grading and domain differences. First, fog evaluation metrics guide image grading,
enabling adaptive network selection for light and dense fog scenarios. Second, a contrastive learning strategy
refines negative samples based on fog concentration, improving feature discrimination and cross-domain
generalization. Finally, an unsupervised fine-tuning strategy with cyclic consistency mitigates domain bias
between synthetic and real fog images without requiring annotations. Experiments show that the proposed method
outperforms existing approaches on both synthetic and real datasets, supporting safe and intelligent monitoring in
coal mines.

Key words: working face; haze grading; contrastive learning; unsupervised fine-tuning; real haze images in coal

mines; image dehazing
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Fig. 2 Inference results of lightweight and complex models
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F1 SSIM., PSNR {8 1= A R AR 2R Gk 52 o 1 A,
SSIM fH &3 1 WIZR/RSEBE | % L BE K 25045 2 1)
WA

Fiabr B H RN 5 [ m A, HT3R0R
B 55 SOk E . R0 I BIRE=Z 5% &
1§ B SEBRTE O, IR A ARG | AR TC S % 45
#5: NIQE™ Fl BRISQUE™, NIQE j#i i 43 #r €11
GEITRRE VAL L5 AR UG B A 2 72 B2, HR(E 1K
F IR [ 4R BE #r; BRISQUE i T2 ] Bl R F
AL EMGIE W 5 SO S, A EARRAE B
3.3 Tl ERR
3.3.1 4%J8 RESIDE & & %345 &£ R 4 & R

1 BIR T WA R 5 40 R BT vk A
SOTS E W5 E /Mg LI HEREXT Heas 5, Horp i
FELE BN 7 . PSNR 1 SSIM 85782 N A
SR E]T 41.14, 0.996 1 37.03. 0.994 ByPERE, 1
IS 2555 e AR, 7800 UE B T e Wi 2 AU 2L

F1 FYIZEEZE SOTS-Indoor. SOTS-Outdoor £ #E £ 2 R % bk
Table 1 Comparison of pre-trained model performance on the SOTS-Indoor and SOTS—Outdoor datasets

Method Year SOTS-Indoor SOTS-Outdoor Overhead
PSNR/dB SSIM PSNR/dB SSIM Params/M FLOPs/G

Maxim®" 2022 38.11 0.991 34.19 0.985 14.1 216
PMNet"™! 2021 38.41 0.99 34.74 0.985 18.9 81.13
DehazeFormer-M™ 2023 38.46 0.994 3429 0.983 4.634 28.64

TUSR-Net™ 2023 38.67 0.991 — — 5.62 —
SDBAD-Net™ 2023 37.87 0.988 3433 0.981 223 11.51

WSAMF-Net™ 2023 38.65 0.993 — — 5.58 —
DFR—Net™” 2024 — — 35.34 0.993 4211 286.6
DEA-Net™ 2024 402 0.993 36.03 0.989 3.653 3223
XTI 2025 41.14 0.996 37.03 0.994 4.022 8.25
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29033/0.984
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TR o X EE R, AT vk BT 2 B R B AR
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Fig. 8 Comparison of pre-trained model performance on the SOTS—Indoor and SOTS—Outdoor datasets

3.3.2 1% JA HazedK & R 5345 & TR 42 R

Ry 0k — A 56 IE T 4 W AR R B A ok, 2B
Fol it — 2 ] HazedK B0 45 317U 25 5038
32 2 G5 B R AT A X PTG A b 348 2o 22
MR BT 1k, 78430 BA I A 78 %) g e
Hrh AL R DI R, RSS2SR DL N IR,
T
34 EMEBRALEERGEENR

SRy 38 VR A T A TR A2 4R A5 T Y [ 5GR Ak )
L, S FAE A NS W 2R A i St L, ) LS

R 2 7£ HazedK HIREITME AT L
Table 2 Comparison on the Haze4K dataset(best results in

bold, and second-best results underlined)

Method PMNet™ DEA-Net™ ConvIR-S®” EENet™” g5

Year 2021 2024 2024 2025 2025
PSNR 33.49 33.19 33.36 33.73 34.50
SSIM 0.980 0.990 0.990 0.990 0.990

%5 PR GRS R U O, DL £ 2
FRGLIGRITES . %3 WAEN TSI
FRRE A IEHEAT TSRS, [ 9 R TR ik

®3 REIFEEH=REZEENLL

Table 3 Comparison of dehazing algorithms for working face scenes

T A% PN bR Hazy ZHU 4 DANA %1 DAD"" SSLD™ EH I

Fl 0.302 0.083 0.270 0.296 0325 0255

I NIQE| 2971 5.439 3.631 2.896 2.938 2.774
BRISQUE| 27.353 50.336 29.779 28.653 29.362 26.217

Fl 0.391 0.219 0367 0.385 0.396 0365

1l NIQE| 3.577 5.695 3.949 3.021 3.526 3.447
BRISQUE| 23.717 39.441 31.174 24.236 25.689 24377

Fl 0.302 0.095 0.178 0.236 0.196 0.247

il NIQE| 3.099 4.456 2.962 2.964 2.924 2.899
BRISQUE| 32.033 60.381 30.437 29.362 28.996 28.656
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Fig. 9 Visual comparison of dehazing results for working face dust and fog images
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3.5 itEFHEITEE

FEST R T4 Ay SCHE SR op ) $ETHEBRROR R G
HEEZ — ALK A BRI 5 SR B, 1
VG i e AR A 0 45 254, SEBUHERR TG 3R
N . BRI, X T8 55 E&, it o Bl i
D) % E A7 1 P, ol A5 B 5 TG A T 2 4 3L (1] DA
0.027 s f&Z 0.017 s, HEBRFERR 2 37%, $TH T
BARAHROR
3.6 EELIAIG

AT R B UE A3 914 o SHESR 5 73 Rt L
2 2] SRS AE WO SRR VR, BT T — R 51H
AR . 40T AT A E A R, R
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x4 HEKBERRT

Table 4 Ablation experiment results

SiH Baseline A B

PSNR SSIM PSNR SSIM PSNR SSIM
SRy SOHESR J
R
Vi 8o =]

TR R ST R 37.53 0.988 38.46 0.990 41.14 0.990
Indoor I ZRRORUE FIR 55 TR 39.56 0.995 39.99 0.995 41.14 0.996
HEARROR 39.32 0.994 39.82 0.994 41.14 0.995
TR RO L R 33.21 0.977 35.83 0.992 42.47 0.996
Outdoor I Z AR R IR 55 TR LR 33.56 0.989 35.67 0.991 36.61 0.993
HARROR 33.54 0.988 35.75 0.991 37.03 0.994
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Table 5 Analysis of unsupervised fine-tuning effectiveness

RUgE| F| NIQE|  BRISQUE|
T B A i 0.308 3.157 29.366
B MRS BRIREEE S 0.254 3.105 29.089
T WA HREEER 0.251 3.082 29.103
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Fig. 10 Comparison of pre-trained model performance before and after unsupervised fine-tuning
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