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Abstract: Objective The objective of this research is to enhance the quality and accuracy of information extracted from
coal mine images, which are often degraded by high dust concentrations and uneven lighting conditions. These challenging

environmental conditions introduce noise, reduce local contrast, and lead to the loss of fine details and edge textures, ulti-
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mately compromising the visual quality and the reliability of information extraction. Aiming to address these challenges,
this study proposes a self-supervised coal mine image denoising algorithm based on adaptive masking. Designed to handle a
wide range of noise levels and types, this algorithm aims to restore the original integrity of the image while preserving criti-
cal visual features. The proposed algorithm is divided into three main components: adaptive masking, mask integration,
and an adaptive integrated loss function. Each component plays a vital role in enhancing the denoising process, ensuring
that the final output is accurate and visually appealing. Method The adaptive masking component is the cornerstone of the
proposed algorithm, enabling segmented processing of coal mine images. This segmentation not only reduces computational
overhead but also allows for more targeted and effective denoising. By dividing each image into smaller blocks, the algo-
rithm can analyze and process each section independently, thereby improving the overall efficiency of the denoising pro-
cess. The module operates by sequentially applying a mask to the edge and corner pixels of each block, while deliberately
excluding the central pixels. This method prevents the network from performing a trivial identity mapping that fails to
enhance image quality. Instead, this approach introduces data variability that boosts the generalization capability and
robustness of the neural network model, making it adaptable to previously unknown images. The adaptive nature of the
mask ensures that the module responds dynamically to varying noise levels and image features. By analyzing local variance
and texture complexity, the mask can adaptively determine the optimal masking strategy for each block. This tailored
approach ensures that the denoising process is responsive to the specific characteristics of each image , substantially improv-
ing its effectiveness. Subsequently, once the masking process is complete, the mask integration module is employed. This
module is responsible for fusing the neural network’s output with the masked areas to reconstruct a coherent and denoised
image. The integration involves calculating the Hadamard product (element-wise multiplication) between the network’ s
output and the masked image. This strategic operation enhances the network’ s capability to distinguish between actual
image content and noise, especially around edges and texture boundaries. In this stage, considering local and global fea-
tures of the coal mine images is crucial. Effective integration of these features allows the algorithm effectively interpret
image context, leading in denoised outputs that are coherent and structurally complete. The mask integration module also
ensures that denoised areas seamlessly blend into the rest of the image, preserving the overall visual flow and structural
integrity. Furthermore, this module incorporates a quality evaluation mechanism to assess the effectiveness of the integra-
tion. The feedback from these evaluations is used to iteratively refine the integration process. The final component of the
algorithm is an adaptive integrated loss function, which guides the model during training. This loss function is specifically
designed to address the unique challenges of coal mine image denoising, including complex noise patterns and the need to
preserve subtle image details. The adaptive integrated loss uses the integrated image as a training label, allowing the model
to learn effectively from the differences between the noisy input images and the denoised outputs. Additionally, by incorpo-
rating the original noisy image, the loss function increases the model’ s sensitivity to signal changes, enhancing its adapt-
ability across various denoising scenarios and noise conditions. Result The proposed algorithm was rigorously tested using
an underground coal mine image dataset alongside four additional public datasets, including Kodak24 (Kodak lossless true
color image suite) , BSD300 (Berkeley segmentation dataset 300) , and BSDS500 (Berkeley segmentation dataset 500).
The experiments were specifically designed to simulate real-world conditions, with a particular emphasis on dimly lit envi-
ronments commonly encountered in coal mines. The results of these experiments demonstrated that the algorithm substan-
tially outperformed other comparative denoising algorithms, in terms of subjective evaluations and objective metrics such as
peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM). In tunnel scenes with a high level of Gaussian
noise (level 50) , the algorithm achieved substantial improvements in PSNR/SSIM values compared to existing methods
such as B2U and NBR2NBR, with increases of 4.2 dB/0. 055 and 2.99 dB/0. 077, respectively. Furthermore, when
tested on images corrupted with Gaussian noise levels ranging from 5 to 50 on the public datasets, the algorithm consis-
tently demonstrated substantial PSNR improvements over the second-best method, with increases of 1. 09%, 0. 72%, and
0. 68% for Kodak24, BSD300, and BSDS500, respectively. Conclusion The proposed self-supervised denoising algorithm
has demonstrated a strong capability to remove noise while preserving overall image information from single coal mine
images, across various noise levels and types. This finding highlights the algorithm’ s robustness and generalization capa-

bilities, making it a promising tool for real-world applications in coal mine monitoring and safety systems. The effectiveness
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of the algorithm in enhancing image quality and improving the accuracy of information extraction, even under challenging

conditions, underscores its potential to make a substantial contribution to the field of coal mine image processing and analy-

sis. The code in this paper can be obtained by https://www.sciclb.cn/anonymous/skpswk56.
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PSNR [ B2S (Wang 45, 2023) 3 /11 0. 1%, SSIM A %
T B2U (Wang 45 , 2022) & 7+ 0. 3%; £ 0 = 50 T,
SSIM F B2U(Wang %5 ,2022) .B2S(Wang %, 2023 ) i
0. 005, K45 F I TCIL M = AT m I, A SOk
YIHE B 3E N (5 RN S o0 A i g s IR AR

x1 3INTEABENT FEGRERER

Table 1 Denoising results of mine images in three different scenarios

. A iH HUHLAR == i kAL

ik PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
CBM3D(Dabov %,2007h) 32.54 0.875 30.77 0.883 32.09 0.862
DnCNN(Zhang %,2017) 33.23 0.892 31.80 0.825 34.14 0.877
Ner2N(Moran 4,2019) 32.36 0.845 29.73 0.796 32.01 0.844
Laine19(Laine %,2019) 33.34 0.889 31.87 0.887 34.00 0.863
N2N(Lehtinen % ,2018) 33.76 0.894 32.30 0.876 32.65 0.837
NBR2NBR (Huang %5,2021) 33.17 0.893 31.76 0.928 34.33 0.882
B2U(Wang %,2022) 33.36 0.893 32.00 0.929 34.44 0.884
B2S(Wang %5 ,2023) 33.25 0.899 32.63 0.915 34.15 0.879
TBSN(Li%,2024) 32.97 0.886 31.88 0.909 33.86 0.879
A3 33.65 0.902 32.85 0.936 34.51 0.888

T L SRR % 8 B A2 2R
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Table 2 Denoising results of mine images at three Gaussian levels

Gaussian o = 15 Gaussian o = 25 Gaussian o = 50

ik PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
CBM3D(Dabov %, 2007h) 33.86 0.868 32.94 0.859 28.42 0.814
DnCNN(Zhang %,2017) 32.92 0.833 30.36 0.863 29.82 0.837
Ner2N(Moran 45,2019) 33.92 0.871 32.15 0.833 29.31 0.812
Laine19(Laine %¢,2019) 34.97 0.913 32.54 0.871 29.89 0.836
N2N(Lehtinen %¢,2018) 33.23 0.887 31.90 0.859 30.43 0.826
NBR2NBR(Huang 5% ,2021) 33.35 0.899 33.20 0911 29.82 0.845
B2U(Wang % ,2022) 35.64 0.941 33.27 0.909 29.96 0.847
B2S(Wang %5 ,2023) 34.69 0.862 32.98 0.900 29.73 0.847
TBSN(Li %§,2024) 33.79 0.901 33.41 0.894 29.75 0.836
A3 35.81 0.922 33.45 0.912 31.08 0.852

T L AR R R 4571

RALEER

% Noisy CBM3D DnCNN Ner2N Lame19 -pme  N2N NBRZNBR B2U B2S
= 23. 32/0 323 31.46/0.952 35.87/0.933 35.67/0.892 35.26/0.899 34.61/0.942 35.79/0.941 36.01/0.926 35.96/0.922 36. 05/0 933

EUECEERRCECE

mtﬁﬁl o Noisy CBM3D DnCNN Ner2N  Lainel9-pme ~ N2N NBR2NBR B2U B2S
kS 29.90/0. 562 32.43/0.959 37.87/0.964 37.22/0.864 37.44/0.911 38.42/0.983 37.58/0.972 37.66/0.925 36.98/0.934 37. 74/0 972

Noisy CBM3D DnCNN Ner2N  Lainel9-pme N2N NBR2NBR B2U B2S

G

AHIEDL 23 42/0204 33.13/0937 34.65/0.888 35.15/0.893 37.79/0.884 35.42/0.909 383800927 38.14/00.929 379400919 38 60/0 921
K4 FEo =25 e RGO AL 2 2R

Fig. 4 Visual denoising results of mine images at o = 25

2.4 AHREHERER
R P S AR DL PR DL T A MR A,

MFRENE . K 3—3R 6 B T 7EA[R] v 7 FA A I
PO A AR LR E R . AT LA A

RN MR IR, T B — A R SCE B CIETE [ E s AR M R KO T B B R
AT, DA I S By PR v 3 2] 7y M s 2% 4 fFaE e, % T Kodak (Jao %5, 1999) B 4E , fE o =
T B IR A B B AN R K FRYREL 250, SSIM F B2U (Wang 55, 2022) #2 7t 0. 34%, 7¢
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i Noisy ~ CBM3D  DnCNN  Ne2N Lainel9-pme N2N  NBR2NBR  B2U B2S s
B 2263/01465 26.51/0.836 28.96/0.811 28.42/0.833 28.92/0.877 30.09/0.886 29.00/0.811 27.79/0.833 28.51/0.861 31.99/0.888
E N N | ] : P :

PLHLE Noisy CBM3D DnCNN Ner2N  Lainel9-pme N2N NBR2NBR B2U B2S 54
= 22.48/0.352 27.29/0.801 27.55/0.864 27.89/0.871 28.54/0.880 29.08/0.882 27.76/0.875 29.82/0.856 29.77/0.868 29.90/0.894

s ke Noisy - CBM3D - DnCNN Ner2N  Lainel9-pme ~ N2N  NBR2NBR  B2U B2S 58
WARIEVL 22.04/0291 27.79/0.822  28.88/0.725 28.74/0.852 29.12/0.812 29.64/0.849 29.20/0.732 30.02/0.869 29.18/0.836 29.51/0.852
K5 TEo =50 TR IFEGAT AL R R

Fig. 5 Visual denoising results of mine images at o = 50

R3 ERHRE0 = 5SHEHREERER

Table 3 Denoising results of synthesized noise at Gaussian o = 25

Kodak24 BSD300 BSD500
Bk

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
CBM3D(Dabov %,2007h) 31.87 0.868 30.48 0.861 31.83 0.837
DnCNN(Zhang %,2017) 30.48 0.838 2991 0.837 30.27 0.846
Self2Self(Quan 45 ,2020) 31.28 0.864 29.86 0.849 30.45 0.837
Ner2N(Moran %5,2019) 30.70 0.845 29.32 0.833 30.32 0.832
Laine19-mu( Laine %,2019) 30.32 0.840 28.62 0.803 30.36 0.849
Laine19-pme( Laine 4%,2019) 32.40 0.883 30.99 0.877 31.45 0.866
N2N(Lehtinen % ,2018) 31.80 0.870 31.72 0.874 31.53 0.865
NBR2NBR (Huang %5,2021) 32.08 0.879 30.79 0.873 32.09 0.895
B2U(Wang %¢,2022) 32.27 0.880 30.87 0.872 31.81 0.894
B2S(Wang % ,2023) 31.96 0.862 30.96 0.887 32.14 0.884
TBSN(Li%,2024) 32.54 0.874 30.94 0.890 31.87 0.891
AL 3222 0.883 31.94 0.892 32.26 0.897

T L PR R 25 B R Al 2

o €[5,50] 1}, PSNR 1 SSIM 43 4] bt TBSN (Li 5%,  ZFebig s pyit— 09 5k, 76 4 Mg s 288 R
2024) 17 0.36 dB F10. 004, FRIWIA SCEIEAERX 58 B9 PSNR IR RS, #F— 0 U] 1A SO e i
PEREUR AT M, ST AP R AR B RTERE . LIRSS R S A e it T
M 2 AR R FEXT Wk A TR AL . AR S hRUE B ORAE SEPR N R A RS KR 4
BSD300(Martin 55,2001 Zidli 4 b, JToiexf K BysmEHR i .

PG T T AT P MR A S 2 X6 728 A 7P 1) o S8 AT A Ryt EOW AT BT AR SCRER A 80 Bz Ak
WEFE | BERUE FIR R, BV X 2RI 5 ARy, B 6 RN 7 43 SRR T 3 A4 KiHl B A e R
I, AR SCR R REE N AR RIE SRR o = 25 FIIAMIE R A = 30 AU M et R . fE K
JE o X BSD500( Arbeldez 55, 201 DEHRAE N 52X (RSUHET &R0 SE PR 20 5 1 2 9 Hh 347 A 2 R



$30% /FE 128 /2025 £12 B

SKArEE, XfEE, WEK, MEE
ETHENEENE EEY FEGERE

®4 ERHRE0

[5,50 A RRAE KRG R

Table 4 Denoising results of synthesized noise at Gaussian o €[5, 50 |

Kodak24 BSD300 BSD500
Ak

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
CBM3D(Dabov %,2007h) 32.02 0.860 30.56 0.847 29.12 0.913
Self2Self(Quan 45 ,2020) 31.37 0.863 29.87 0.841 30.62 0.857
Laine19-mu(Laine 45,2019) 30.52 0.833 28.43 0.794 29.75 0.833
Laine19-pme( Laine %¢,2019) 32.40 0.854 30.95 0.859 31.24 0.883
NBR2NBR (Huang %5,2021) 32.10 0.870 30.73 0.861 32.27 0.886
B2U(Wang %:,2022) 32.34 0.872 30.86 0.866 31.72 0.873
B2S(Wang % ,2023) 32.19 0.884 31.29 0.879 3191 0.884
TBSN(Li%F,2024) 33.01 0.889 31.94 0.881 31.97 0.887
AL 33.37 0.893 32.17 0.883 32.49 0.891

TE IR R % 9 e L4 2R

x5 EEMIRFA =30MERBEFERER
Table 5 Denoising results of synthesized noise at Poisson A = 30
Kodak24 BSD300 BSD500
ik

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Self2Self( Quan 45 ,2020) 30.31 0.857 28.93 0.840 30.51 0.857
Ner2N(Moran %,2019) 30.12 0.844 27.36 0.798 28.32 0.806
Laine19-mu( Laine %5,2019) 30.19 0.833 28.25 0.794 30.14 0.817
Laine19-pme( Laine 4¢,2019) 31.67 0.874 30.25 0.866 30.47 0.858
N2N (Lehtinen %¢,2018) 26.68 0.855 27.21 0.860 27.50 0.859
NBR2NBR (Huang %,2021) 31.44 0.870 30.10 0.863 31.47 0.888
B2U(Wang %:,2022) 31.64 0.871 30.25 0.862 31.14 0.886
B2S(Wang % ,2023) 31.02 0.868 30.89 0.879 30.96 0.876
TBSN(Li%§,2024) 31.39 0.870 31.06 0.877 31.44 0.879
AL 31.52 0.873 31.27 0.882 31.63 0.889

T IO P SRR % 8 e A2 2R

WA SCRL AR AT S50 B AR 407 B4 [ s RE A% 4
il 7S D5 o RIS AS SO 5 A S8 A0 LU BB AL
PRAUETE [&] 5 M 5 AT i 25 e R BT o, X5 Bl
M 5 R Tz Ak g
2.5 PolyUHIEEMERER

F T 5 S MR P A 0 A 2 AU AT T, A S
B 7R B T R ER Z A1 A ok ] 52 M
PR VPG A AR AL B PR A A 0 5 e
ZALBE ) o 3 LS A J MR S DU TR L A
SEBRA A5G 03 I PEAG SR 1R BB S AT AL

07 X0 3 AT e g MR P S 8 D B R AE S B i v
Ry

T LB T AR KM T A AE PolyU (Xu &%,
2018) Etia e b1y MR PERE AR08 I el FH R AH AL
RS- BIR 53 25 9 AN R B9 - 4€ : Sony AT7IL, Nikon
800, Canon 600 ,Canon 80D F Canon 5D2. A 1LRETE
AR SR &R Ge b AT 3400 534, 78 Nikon 800,
Canon 600, Canon 80D FHAIL Y5 A9 2 MR R4 SR A %)
o Bk b 3k B B A, 0 H 2 XT B Canon 600 F
Canon 80D AHALIATR Y {5, #H ELIRALSE R, PSNR 73
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Table 6 Denoising results of synthesized noise at Poisson A €[5, 50 |
Kodak24 BSD300 BSD500
Ak
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Self2Self( Quan %5 ,2020) 29.06 0.834 28.15 0.817 29.43 0.837
Laine19-mu(Laine %,2019) 29.76 0.820 27.89 0.778 29.81 0.826
Laine19-pme( Laine 55 ,2019) 30.88 0.850 29.57 0.841 30.96 0.853
NBR2NBR (Huang %,2021) 30.86 0.855 29.54 0.843 30.86 0.867
B2U(Wang %,2022) 31.07 0.857 29.92 0.852 30.63 0.874
B2S(Wang %5 ,2023) 30.77 0.851 29.97 0.847 31.05 0.865
TBSN(Li%,2024) 30.79 0.847 30.41 0.861 30.89 0.861
A 30.81 0.854 30.62 0.866 31.14 0.877

T L PR R 5 B e A2

Noisy  CBM3D Ner?N  Lainelopme N2N  NBRZNBR  B2U  B2S P &
21000447 30860801 31080924 30150874 31360807 31000896 3130090 31250919 30960902 31450014

BSD300 Noisy CBM3D Ner2N  Lainel9-pme ~ N2N NBR2NBR B2U B2S AL
25.40/0.328 30.42/0.880 31 33/0912 30.65/0.883 31.24/0.895 31.53/0.911 31.38/0.916 31.47/0.927 31.04/0.910 31.59/0.933

BSDS500 ‘ N01s CBM3D DnCNN Ner2N  Laine19-pme N2N NBR2NBR B2U B2S A
2009/0334 30.26/0.871  31.06/0.873 29.77/0.863 30.43/0.871 30.41/0.888 30.91/0.877 31.04/0.916 31.12/0.911 31.52/0.927

Ko Tro =25 Fanli ] Ak el R

Fig. 6  Visual denoising results of synthesized noise at o = 25

DnCNN Ner2N  Lainel9-pme  N2N NBR2NBR B2U B2S TBSN
29.28/0.882 29.81/0.874 32.26/0.896 31.91/0.891 32.75/0.937 31.33/0.924 31.66/0.917 31.25/0.904 32.88/0.931

BSD300 Noisy Ner2N  Lainel9-pme  N2N NBR2NBR B2U B2S TBSN
22.81/0.522 28. 48/0 757 29.87/0.862 30.76/0.832 29.84/0.833 30.85/0.862 31. 33/0 921 31. 27/0 874 31.31/0.896 31. 94/0 926

BSDS500 Noisy Ner2N  Lainel9-pme  N2N NBR2NBR B2U B2S TBSN
22.40/0. 332 29. 60/0 843 30.52/0.873 31.79/0.886 29.65/0.854 32.16/0.894 31.33/0.922 32.11/0.899 31.76/0.900 32. 40/0 901

K7 AEA = 30 F B O AT A 25 R 2R

Fig. 7 Visual denoising results of synthesized noise at A = 30
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Table 7 Denoising results of real-world noise

Sony A7IIAHHL Nikon 800 fH#L  Canon 600F#H#L  Canon 8ODAH#L  Canon SD2 FHHIL

ke PSNR/dB  SSIM  PSNR/dB SSIM PSNR/dB SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM
CBM3D(Dabov %, 2007h) 33.17  0.869 33.23 0.862 3396  0.867 3247  0.867 3224 0.867
DnCNN(Zhang %5,2017) 3469 0932 3332 0920 3475 0.926 3352 0925 3372 0.932
Ner2N(Moran 4,2019) 3352 0.883 3246  0.857 3344  0.892 3273 0.889 32.87  0.889
Laine19(Laine %,2019) 3442 0916 3396 0914 3452 0913 33.51 0.911 33.14  0.926
N2N (Lehtinen %¢,2018) 32.50  0.885 3243 0.888 3241 0.894  31.79  0.883 32.67 00915
NBR2NBR (Huang %§,2021) 3477 0935 3339 0.925 34.80  0.928 33.57  0.929 33.69 0933
B2U(Wang %,2022) 34.61 0.932 3485 0.931 35.09  0.932 34.16 0.930 3492 0933
B2S(Wang 45 ,2023) 3429 0935 3249  0.905 35.91 0.934 3374  0.929 3469 00915
TBSN(Li%,2024) 35.61 0.932 3471 0.931 3527 0911 34.19 0930  34.55 0.904
A3 3482 0938 3491 0.933  36.25 0.942  34.73 0.924 3497 0.936

T L SRR 25 8 B A2 2R

ST 0. 94% F1 1. 57%, %F H Canon 600 £ Canon 5D2 K 8 J/R T 1E PolyU(Xu %% ,2018) A dli 45 LAy Al
AALIA B 0 G, M HE R 45 58, SSIM B 1 0. 85%  #iAk M 4E 5. 7E Canon SD2 FE AU HLAS IS F KI5
0. 32% , XA I AR SRV A B I e i7kﬂ? Hh A SO BE A BT AT MK B2 411 5 7E Canon 600

75 T B s AP i ELTE I A 4R P A SRS BT B BCE B G AR T AR A SR L RE
R EERAES L b P 52 B €06 L JEE 5 7 Canon 80D #7148k Y HE Bk 4]

Canon3D2-robot .. Noisy CBM3D DnCNN N01ser2No1se N2N NBRZNBR BZU BZS TBSN AL
21.04/0.482 30.14/0.872 31.24/0.939 30.72/0.901 3128/0.936 30.46/0.920 30.74/0.933 30.89/0.913 31.08/0.916 31.49/0.941

Noisy CBM3D DnCNN Ner2N N2N NBR2NBR B2U B2S TBSN

Canon600-toy AL
22.31/0.374 30.70/0.864 33.80/0.928 32.36/0.917 31.09/0.893 32.67/0.887 33.70/0.930 33.51/0.893 34.02/0.917 34.30/0.933

Canong0Dball . Noisy  CBM3D  DnCNN  NenN N2N  NBR2NBR  B2U B2S TBSN
24710616 3024/0.868 31090918 30.06/0.891 29.4000.876 30.32/0.900 30.740.918 30.78/0.900 31.07/0905 31. 40/0 926

Nikon800-photo .. Noisy CBM3D DnCNN Ner2N N2N NBR2NBR B2U B2S TBSN
P 21.96/0. 324 31.82/0.918 34.76/0.933 32.28/0.912 30.46/0.920 33.53/0.900 34.55/0.931 34.41/0.911 35.01/0.922 35. 15/0 935

SomvATIL-book Noisy ~ CBM3D  DnCNN  NeN  N2N NBRZNBR  B2U  B2S TBSN 3
Y 2096/0293 3139/0916 3421/0.940 32.66/0.921 30.51/0.877 32.96/0.903 33.86/0.938 33.92/0.910 34.34/0.921 3456/0.941

P8 FLSME T AL 2K R 2R

Fig. 8 Visual denoising results of real-world noise
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G, R SCR L BE A LR B HEBR R AR
Nikon 800 1145 4 = I 1, 7 SCAR012% BE B 1 Wb by 1k 52
1 AR 2R {5 B 5 7E Sony ATINFA Y 25 5 44 FR
Hh RRE T AR AR OO RE T A R 52 24 i 44
PR B AR S5 AG A 57 05 8 o 382X L AT, A SO
PAE B MRS JSMRAE 55 v R I £, e A R0 b 5
RS | [l B R RE R F SR TN 1905 M, AR AL IR
PG I et J 1T R B T LA T AR, I B A 4505 B
H Z LIRS Rk R - 5 KR 55
2.6 HELKIS

Rtk — 2L UE B A B ) EIAGORT X 28 A58 f s e
SO AR SCR FH AR U UG D I A 28, ek 5t
A R R A, BAR Ny

L=E|f) -y + eE|n@) -y 8

i A A I T B dE A R I 2k, R
Kodak24 (Jao 55, 1999 ) ¥ic4fs 8 #4701, T 4521 5 Fh
AN TR R B 2 o LRSS S, in R 8 i . Al LA
B TG T [ 2 Bl AT AR (M 7 KSR LAY
EMRRCRY I L' 1 KR ROCR A Bl iNTE o (5,501
T, PSNR il SSIM [t L' & i} 4.00 dB/0.081; 7£
A el5,50]F, L w205 dB/0. 107, I %
P Ak B A X 7 2R B 22 R AR IR A 1 [] B Al

2

SREE MG B R AR X AT LR B S
(O 24019 15 S, B B A 5 AR AR A DX sl 11 PG A ]
LSRN A 2, A7 F T 5] 5 I 4 A 20 2 o Mg
PR R LS

BEAE , Rtk — A 45 9 A Xof i 2 2 e FRLG 1) 5
M) , AR ST 3 B S K o 18 (A A1 S DX S
F A, SE T PPAR HERD X T4 AN M R 5 . R 9
7R T 1F Kodak24 (Jao %5, 1999) ¥ di 4 |- 1yt 45
Ho WTLUE G L R BE 98 70 A PR S
Bl A= iOE Z RN GRREA B 1k 5T 218 R i
fith i B e 7 AR AR AR AN B K 5 R MR R B
LEA AT AR SO B o = 3, TR HEAS X S 1 L
51, AT DA 4 S A8 A DX 3l 0o 2 Mg SR ) R

10 B8 T 1E Kodak24 (Jao %5, 1999) ¥ 4E |-
AN S B T RS IR S5 L . TEe [ s A Y
Mg P 7K ST T I ey S0 M R TR A R R SR 45 R R
WY, Y u = SEF, BIEN LM RR s B R . B
5L R0 =25 5%, wo= SHF Y PSNR Fil SSIM 43+
Fbw =2 i #2274, 21 dB f10. 088, 7E A = 30 514
N, = 5B (¥ PSNR 1 SSIM 43 51 He w = 2 B 42 T
3.76 dB F1 0. 085, ik £ 4 XF b 43 B, A S0k
= SAE Ry A A R 5 S M RS R L 9 ) e R S
B, DA DR IETE AR AN [R5 25 1 T I R S R R

HS R RSB RS R

Table 8 Results of ablation with different loss functions

o =25 oel550] A =30 Ael5,50]
TR R AL
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
L 32.22 0.883 33.37 0.893 31.52 0.873 30.81 0.854
L' 30.04 0.833 29.37 0.812 30.01 0.809 28.76 0.747
E LTRSS % 5 e L4 2R
R TREBSH HIBEMIELER
Table 9 Results of ablation with different hyperparameter ¢

o =25 oel5,50] A =30 A el5,50]
4 PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
0 29.44 0.818 29.70 0.825 28.65 0.807 27.92 0.814
1 30.07 0.852 29.03 0.836 30.05 0.825 30.21 0.805
3 32.22 0.883 33.37 0.893 31.52 0.873 30.81 0.854
5 32.01 0.868 32.41 0.875 32.09 0.862 30.89 0.854

T L7 SRR % 8 B A2 2R
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Table 10 Results of ablation with different hyperparameter u
o =25 oe[5,50] A =30 A el5,50]
g PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
2 28.01 0.795 28.05 0.782 27.76 0.788 27.43 0.762
3 30.26 0.822 29.74 0.810 30.56 0.845 30.16 0.823
4 31.52 0.843 32.41 0.824 31.09 0.852 30.44 0.837
5 32.22 0.883 33.37 0.875 31.52 0.873 30.81 0.854

T LTRSS 2 9 e LA 2R

F 11 JB/R T 15 Kodak24 (Jao 25, 1999 ) B 4w 4
AN 7 T AL I 25 S . AR TN g S 2%
P, s AR 20 2 M s R b 2t i S e
A S TR o el5, 5018 KFE T,
i [ 35 N A S ) S PSNR I SSIM 43 51 Ee
AR 3. 15 dB FI10. 094, Fb A s 6y 5K

3. 18 dBF10.088, 7EA €[5,50 | /KR, H
T8 W AR5 5 3 A PSNR A1 SSIM 4351 e i 2 #s it )7 =X
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Table 11 Results of ablation with different masking methods
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