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Super-resolution of Endoscopic Images Based on Real Degradation Estimation and

High-frequency Guidance

LI Yan"?> REN Wen-Qi** ZHANG Chang-Qing® ZHANG Jin-Gang® NIE Yun-Feng®

Abstract Endoscopes are effective medical devices for diagnosing diseases of human organs. However, due to the
influence of the internal cavity environment of the human body, the resolution of endoscope images is generally low.
Most existing deep learning-based super-resolution algorithms directly use bicubic interpolation downsampling to
obtain low-resolution (LR) images from high-quality images for paired training. However, these methods will lead to
texture details loss and are not suitable for medical images. To solve this problem, this paper proposes a novel de-
gradation framework for medical endoscopic images. First, diverse realistic blur kernels and noise patterns are ex-
tracted from real-world low-quality endoscopic images, and then a degradation injection algorithm is proposed. The
extracted real blur kernels and noise degrade the high-resolution (HR) endoscopic image into a low-resolution image.
In addition, this paper proposes a high-frequency guided residual dense super-resolution network, which adopts a
frequency separation strategy based on dual-frequency information interaction. And a multi-level fusion mechanism
is designed to embed the extracted multi-level high-frequency information into the multi-layer features of the resid-
ual dense module layer by layer. This helps recover the high-frequency details and low-frequency content of the en-
doscopic image. Extensive experiments on synthetic and real-world datasets show that our method outperforms the
contrastive methods with better subjective and objective quality evaluations.

Key words FEndoscopic image super-resolution, degradation estimation, high-frequency guidance, convolutional
neural network
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Table 1  The objective results of different methods in quantitative testsets
» AR A & AR B SE AR C 7 AL D
e PSNR 1 SSIM + PSNR 1 SSIM + PSNR 1 SSIM + PSNR 1 SSIM +
PDMSR? 29.21 0.723 28.60 0.773 27.78 0.761 24.40 0.776
RealSR™ 28.08 0.652 28.09 0.621 25.41 0.581 25.16 0.561
RealESRGANF 31.08 0.790 30.01 0.863 32.60 0.801 32.17 0.879
USRNet! 30.17 0.787 28.50 0.864 31.32 0.801 29.91 0.882
FSSR#! 26.46 0.670 28.31 0.663 25.93 0.612 24.32 0.574
FAWDN 31.62 0.792 32.96 0.894 32.33 0.802 33.58 0.905
BSRGANE 30.73 0.777 29.86 0.848 31.30 0.792 29.89 0.864
HGRDN (Ours) 31.78 0.797 33.22 0.902 32.61 0.808 33.90 0.913
R 1RO L, S ] BSRGAN, RealESR- F2 HITELE R R E
GAN, HGRDN 5L FRRAR K 5 B X N 1 7 Ff Table 2  The high-frequency results of different
il methods in quantitative testsets
331 TEESL . E IR A E R B
A A% PSNR, 45 K AR AL (Structural | #i4 PSNR 1 =8l SSIM 1 #545l PSNR 1 i85 SSIM 4
similarity, SSIM) F845 k&M 5 5% 7 V51 E S PDMSR}E&) 2095 0078 2007 0978
fﬁ% A.B.C.D J:H/Jﬁﬁj\fj#z %’ ,n%ﬁn%% 1 ﬁﬁ RealSR™ ) 27.52 0.523 27.13 0.513
ﬂ‘{, ﬁaﬂ]ﬁ‘y]‘ﬁﬁ: HGRDN EX{?T B{x"fjﬁﬂ’],u%’ f IEI RealESRGI;I]\T ; 28.2,1 0.600 28.53, 0.6,30
/I\%&j’E%J: PSNR. *[] SSIM ;[Z/}]EX?%:TE%‘X%’{E EE;J:‘ USRNE‘i1 27.67 0.?90 27.76 0.(:25
AR TT 19 RGP (R O, % i R
o N : e FAWDN™ 29.51 0.601 29.80 0.649
éEH TJ E‘J‘W(Eﬁ&%, ZIKI'?I )\T %iﬁ*ﬁ */]: [%}/Fﬁ PSNR BSRGANF 27.13 0.543 27.65 0.580
*D%}/Fﬁ SSIM. —é‘%&,ﬂ‘]{iﬁﬁ %ﬁ‘i)‘ﬁ%%[m] AL]\IE% HGRDN (Ours) 29.79 0.603 30.26 0.664
T R, RIS & DT s A A
MYER AL T e B AR AL B 1 GT R, 3K458 BREUE S RN, TATE R 1 e B B

xR R, B a it S GT i S & 5 iE R
E A 2 18 ) PSNR . SSIM 18, K15 % 7
=40 PSNR R AN =5 40 SSIM 1, ,uﬁ'%ﬂu%% 2 ffi7s.
TA AT HGRDN BU45 T Al 45

PbE 4 3, i 5 fras, HGRDNet, BSRNet!?,
RealESRNet®, USRNet®™, PDMSR", FAWDN!
IXEETH ] PSNR BLAY, BAREWIEAN Fe b, (H
AR IS, I 2 1 /] PSNR A A &

LR HEZEH > (x4) PDMSR RealSR RealESRNet USRNet
PSNR/SSIM 31.23/0.880 29.41/0.758 34.18/0.915 32.59/0.916
o . . . .
FSSR FAWDN BSRNet HGRDNet (Ours) GT
29.03/0.741 34.37/0.913 33.90/0.899 34.70/0. 921 PSNR/SSIM
K5 SJikfee ERAE Bl

Fig.5

The visual results of different methods in quantitative testsets
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Fig.6  The visual results of different methods in qualitative testsets
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Table 3  The objective results of different methods in
the qualitative testsets
- 5E PR 4

NIQE | Py

PDMSR" 7.96 6.73
RealSR? 4.53 3.58
Real ESRGAN 5.76 4.52
USRNet " 9.78 8.87
FSSREY 5.31 4.02
FAWDN® 9.54 8.29
BSRGANF 6.74 5.57
HGRDN (Ours) 4.40 3.20
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Table 4
the ablation experiments

VH Rl ST B B4
The quantitative results of

R A & B B

Jii2:
PSNR 1 SSIM 1 PSNR 1 SSIM 1
2% BRI P AR 30.50 0.761 32.03 0.857
F BRI 30.97 0.789 32.54 0.892
U=l 30.61 0.792 32.29 0.898
SEEARAY 31.78 0.797 33.22 0.902
4 g

AR B T R SE A BB BB A Al T
S| TR 2 X 2% X A BB TR AR SO A% AT
A, Wit T M BB HESE, B AR DA
RS 2R R P B A AR 22 S 1 ) AL, 3R
IRF A AR A R R, e 2 D B, A
SOF R T BT XU A2 T AR 73 1 SRS LA
% JZ R AL, DB I e B i ) B AU A
W.ORESIRY], 5HABSEIRAM L, AR KTy
VAT DA A B e R AR
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(a) w/o MEFEIE (b) w/o BUBIIEL
(a) Without noise (b) Without blur
module module

c) w/o SRR d) SEREREY
( ) Without high- (d) Full model
frequency module

LR

B 7 VEERSEIG R e A5 R

Fig.7 The visual results of the ablation experiments
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