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Sparsity and Self-Similarity Priors Guided Deep Learning for Blind
Image Super-Resolution

GE Sun-Yi'*?, LUO Xiao-Wei’, FENG Shi-Yang'?, WANG Bin"?
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Abstract: The existing deep learning-based image blind super-resolution algorithms only utilize neural networks to
learn the end-to-end mapping from low-resolution (LR) images to high-resolution (HR) images, only allowing the net-
work to implicitly learn image priors, resulting in algorithms that still produce blurry super-resolution results. To ad-
dress the above issues, a deep learning image blind super-resolution algorithm guided by sparsity and self-similarity pri-
ors is proposed. Initially, for various LR image inputs, a dynamic linear kernel estimation module is employed to effec-
tively estimate the corresponding blur kernels; Subsequently, a deep unfolding deconvolution filtering module based on
the Fast Iterative Shrinkage-Thresholding Algorithm (FISTA) is utilized to explicitly model the sparsity prior of signal,
achieving deconvolution restoration of the degraded images; Finally, a dual-path multi-scale large receptive field resto-
ration module leverages the self-similarity prior of images for super-resolution recovery. The experimental results indi-
cate that, compared to existing methods, the proposed algorithm achieves a peak signal-to-noise ratio (PSNR) of 31. 66
and a structural similarity index (SSIM) of 0. 8725 on the publicly available Gaussian8 dataset, and attains a PSNR of
29. 08 and an SSIM of 0. 8007 on the DIV2KRK dataset. The images restored by the proposed algorithm not only exhib-
it the highest restoration metrics but also superior visual quality.

Key words: Blind image super-resolution, deep learning, sparsity prior, self-similarity prior, deep unfolding
network, image deconvolution
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*1 DLSPEZIZIREMHNRED
Table 1 The pseudocode for the DLS’P algorithm in

training process

DLS’P Sk I i R A Do ARG
F A AR RS LR
DUDF BB I 250K, DFRG 4% G, DMFB B %4 B
IR0 B ARV, X FR IR A T e
AL N
A1k = DLKE(LR)
H9E 2. gy = FE(LR)
HWE3 R = DUDF(k, gy)
H84.SR = DMLR(gy, R)
WIS Lo = Lo + L +ul,,
R 6: S A& RE I S5
IR I 2%
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A ok T A 78 v AR AR AR A2 1) S TR T 2, 256
AT 3 A 3R A% 53 501 o 45 1) () 2 45 1) S 2k 5
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I 2 B a1y HEA T A A 41

21 (5] T B A i B AR SR %k
5 7 4% 1] ) o SO B A i b T R R E
Sy, TEIXBE T BRI K/NE E Dy 2121,
TV Grad B, S XF 2 3 Fl 4 A5 R 1) EUR R 0T 55
558 A% 19 v BE 43 o K [0.2,2.01.[0.2,3.0] #l
[0.2, 4.0 FuE b 85 o0 A RAFSEATIRE . X T
MR FE , 1 F Gaussian8 FORI R 7 H FH A0 48 20
£ (Set5 ., Set14, BSD100 ., Urban100 F1 Mangal09 %%
P5) EHIEEIG E B IHR4E . Gaussian8 BUHE 5 )
RO XF 2.3 1 445 3 1 UG 2315 55, 43 1A
X[E][0.8,1.6].[1.35,2.40 | FI[1. 80, 3. 20 | I~ %[H]
B b A B 8 BRI AZ ) Ve . 1R A B RS AR AR 22
i Gaussian8 BRI 2 (O ASORE AN T SRAEERAE , LATS 21 5
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PR M aE, BB, AE AR, S0 BE
DIV2KRK Fi 2 E Jy I £ 45
3.2 EMERNXEIEE

FESZI SR T R A 5 b e 4 T DA 5
RY I 53 RO < W E {7 MR L (Peak Signal-to—Noise
Ratio, PSNR) 5 25 A1) J& (Structural Similarity In-
dex, SSIM) ., PSNR 1 Ay iy & (K115 Jon it (9 AL e bn e,
LT R B 5 R RS % B R AER R I T
FRR MBI B, 2 VA 4 R K A2 PRI 4 1T e 0 1Y
HEAEPR . T SSIMAMYE i TR R AR 22 5, il
AT X 25415 B 0 25 i AR VRN B o 41
FU I NS SE IR 2R 52, DT A AT 5k A2
AR TS T PPAR SRR K R
bR YCbCr #8272 Y 3 1 b3+ AH Y 1Y PSNR Al
SSIMA{H . 734, R A B AR S 805 TN s SR
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3.3 5EHEAEHITL
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REVE 2 FL A K i 4 BRI R] % R e M fE |
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AR R, IR FA AR A BRI A B, 2
SR it A 28 18977 2K, R BB T 4342 48 AR A
BIAZ PR 215 B DCLS il i3 20 5 R A A, B A5 4%
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Tie /N e R I R, LA KA BEAT RIOR I & B A
IR, 7 — 2 FR L ok T O ) ) 2
Fo FRATFE I TG Wb o AE Bk TP R T R B S
HAR UM SE S . 8 AR B S, AN
RO TR B SR TR R A
(A RFAIE 2238 5 R IHl af 22 RO KRAZ BPRRAIE il 75 O
W78 o0 R T B ARLSE 50 o A6 B A A RLRCE
SEI IR AR T T SR T e 2 I 0 AR AL, FRATT T TR R
LT HEONTE M BRI HERIEER  FE Gauss-
ian8 BUHEAE - BUE T e A A0 0 RUR R B T TR
TR e b S Rk . (EA R, R
TR B AE SetS Bl 45, x2 I X3 438 /05 % 1 1Y
FE T RCR AN G0 DCLS J5 2, He 32 22 R U2 Set5 i i
NG 5 R BRI EBR 42 0 B 7 B e /b s W]
K G B v A A T B A R A T T R SR I S B
b R EUA B DCLS 3 ikt e LU= A 4 AT 3
MR . X T Gaussian 8 H ) LB A4 4 | X 8L
R AR 0 RST R K, B R R s hn 24, PR B L
Pk, AR A LR A MR . TR I L
TEIXBE R 45 AR EUS T e e e A IR T
FRAT S e e T S
3.3.2 EnRUESHIEMIZIEE

2 1) S PR RO A Y RIS B W AT S AT
FOMEL A PR B AR A RS VA AR L R T
DLS’P 54k 5 U 28 Ml 43 7% (Bicubic \DBPN™ |
EDSR™ Al RCAN™) | = Ff XL B Bt 5. ¥ (Bicubic+
7ZSSR'™®' | KernelGAN™ +ZSSR"™ | Kernel GAN"™'
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Table 2 Quantitative results of different algorithms on Gaussian8 dataset

Vethod Sodle Sel5 Set14 BSD100 Urban100 Manga109 Average

NR SSIM PSNR SSIM PSNR SSIM PSNR  SSIM PSNR  SSIM  PSNR  SSIM
Bicubic 28.82 0.8577 26.02 0.7634 25.92 0.7310 23.14 0.7258 25.60 0.8498 25.90 0.7855
CARN'* 30.99 0.8779 28.10 0.7879 26.78 0.7286 25.27 0.7630 26.86 0.8606 27.60 0.8036
Deblur®' ' +CARN™ 24.20 0.7496 21.12 0.6170 22.69 0.6471 18.89 0.5895 21.54 0.7946 21.69 0.6796
CARN"“+Deblur" 31.27 0.8974 29.03 0.8267 28.72 0.8033 25.62 0.7981 29.58 0.9134 28.84 0.8478
Bicubic+ZSSR" " 31.08 0.8786 28.35 0.7933 27.92 0.7632 25.25 0.7618 28.05 0.8769 28.13 0.8148
IKC! 37.19  0.9526 32.94 0.9024 31.51 0.8790 29.85 0.8928 36.93 0.9667 33.68 0.9187
DANv1" 37.34  0.9526 33.08 0.9041 31.76 0.8858 30.60 0.9060 37.23 0.9710 34.00 0.9239
DANv22 37.60 0.9544 33.44 0.9094 32.00 0.8904 31.43 0.9174 38.07 0.9734 34.51 0.9290
DCLS™®! 37.63 0.9554 33.46 0.9103 32.04 0.8907 31.69 0.9202 38.31 0.9740 34.63 0.9301
DLS*P (Ours) 37.64 0.9546 33.65 0.9105 32.11 0.8916 31.90 0.9220 38.51 0.9744 34.76 0.9306
Bicubic 26.21 0.7766 24.01 0.6662 24.25 0.6356 21.39 0.6203 22.98 0.7576 23.77 0.6913
CARN™ 27.26 0.7855 25.06 0.6676 25.85 0.6566 22.67 0.6323 23.85 0.7620 24.94 0.7008
Deblur®'+CARN™! 19.05 0.5226 17.61 0.4558 20.51 0.5331 16.72 0.5895 18.38 0.6118 18.45 0.5426
CARN"+Deblur'*" 30.31 0.8562 27.57 0.7531 27.14 0.7152 24.45 0.7241 27.67 0.8592 27.43 0.7816
Bicubic+ZSSR!"™ 28.25 0.7989 26.15 0.6942 26.06 0.6633 23.26 0.6534 25.19 0.7914 25.78 0.7202
IKC! 33.06 0.9146 29.38 0.8233 28.53 0.7899 24.43 0.8302 32.43 0.9316 29.57 0.8579
DANv1'" 34.04 0.9199 30.09 0.8287 28.94 0.7919 27.65 0.8352 33.16 0.9382 30.78 0.8628
DANv2 2 34,12 0.9209 30.20 0.8309 29.03 0.7948 27.83 0.8395 33.28 0.9400 30.89 0.8652
DCLS™! 34.21 0.9218 30.29 0.8329 29.07 0.7956 28.03 0.8444 33.54 0.9414 31.03 0.8672
DLS’P (Ours) 34.15 0.9219 30.31 0.8341 29.12 0.7979 28.21 0.8486 33.81 0.9429 31.12 0.8690
Bicubic 24.57 0.7108 22.79 0.6032 23.29 0.5786 20.35 0.5532 21.50 0.6933 22.50 0.6278
CARN™ 26.57 0.7420 24.62 0.6226 24.79 0.5963 22.17 0.5865 21.85 0.6834 24.00 0.6462
Deblur®' ' +CARN' 18.10 0.4843 16.59 0.3994 18.46 0.4481 15.47 0.3872 16.78 0.5371 17.08 0.4512
CARN"“+Deblur" 28.69 0.8092 26.40 0.6926 26.10 0.6528 23.46 0.6597 25.84 0.8035 26.10 0.7236
Bicubic+ZSSR" 26.45 0.7279 24.78 0.6268 24.97 0.5989 22.11 0.5805 23.53 0.7240 24.37 0.6516
IKC! 31.67 0.8829 28.31 0.7643 27.37 0.7192 25.33 0.7504 28.91 0.8782 28.32 0.7990
DANv1!™ 31.89 0.8864 28.42 0.7687 27.51 0.7248 25.86 0.7721 30.50 0.9037 28.84 0.8111
DANy2 2 32.00 0.8885 28.50 0.7715 27.56 0.7277 25.94 0.7748 30.45 0.9037 28.89 0.8132
AdaTarget' "’ 31.58 0.8814 28.14 0.7626 27.43 0.7216 25.72 0.7683 29.97 0.8955 28.57 0.8059
DCLS™>! 32.12 0.8890 28.54 0.7728 27.60 0.7285 26.15 0.7809 30.86 0.9086 29.05 0.8160
DLS’P (Ours) 32.13 0.8906 28.62 0.7752 27.63 0.7305 26.24 0.7849 30.94 0.9086 29.11 0.8180

+SRMD"* F1 Kernel GAN" +USRNet"*" ) F1 -t Fift 35t 5]
Ui B4k (IKCH  DANvIY™  DANv2™ | AdaTarget''”
KOALAnet'™® . DCLS'® H1 Kernel DAN">" ) 85 5 #4714
RELL A .

3 EIR T 45 PR AE DIV2KRK 2045 48 1Y
A A5 AL SR U AN PR A 435 2 A 43 ) R REL A R
TRIZbric. AMER ), Frii DLS’P 315 7E PSNR
A1 SSIM $8 b5 b AR T U 58k S 1 e 4 7o
FE TR HT Ry 52 2% IR Ak 37 st 28 i 3 5802 (Bi-
cubic \DBPN .EDSR FI RCAN)PERE 3 T Wi
W X T AU BB |, Bicubic+ZSSR B 42 5 &
PR = IR B RAE A AT 1 5 28 U 43 B ) i

BRI, P BR g T HAE e E B 5 5 A Kernel-
GAN HEATRORI 4 1 U4k 31, Kernel GAN+ZSSR 4 g
MM T 2 OB A Bk BRI AN s i —2,
Kernel GAN+SRMD %5 & 7 8 4 S i (9 4 & # 40 F
AR SRMD, PEREAS T — & B9 #2 T+ 5 Kernel GAN+US-
RNet 25 & T M1 & o0 6 i 09 AR & 8 43 5 3% US-
RNet, {H USRNet XA A% 2 T 80UB%, 0/ N BRI %
it iR 224 ok T35 W2 A PR T R, AR B T XUy
BRI N T TE M A R A o O T g 28] v 1 T R 0
Ak IKC \AdaTarget Il KOALAnet i 48 43 P e ok —
3, F K BB R BB 70 43 FI AR A 1 A B
B, R JC VR IR B I M B s DAN R 81 v fe i 400k



0 LT 5N 5 B K k2

XX &

K3 AEEEZEDIV2KRKHIEE FWEELER

Table 3 Quantitative results of different algorithms on DIV2KRK dataset

DIV2KRK
Method PSNR SSIM

Bicubic 25.33 0. 6795

EDSR' (2017) 25. 64 0. 6928
DBPN"' (2018) 25.58 0.6910
RCAN"' (2018) 25.66 0. 6936
Bicubic+ZSSR""*' (2019) 25.61 0.6911
Kernel GAN"'+ZSSR™™' (2019) 26. 81 0.7316
KernelGAN™'+SRMD"* (2019) 27.51 0. 7265
Kernel GAN"™'+USRNet'"*' (2020) 20. 06 0. 5359
IKC"® (2019) 27.70 0. 7668
DANvI™ (2020) 27.55 0. 7582
DANv2™ (2021) 28.74 0.7893
AdaTarget'"” (2021) 28.42 0.7854
KOALAnet''™™ (2021) 27.77 0.7637
DCLS™®' (2022) 28.99 0. 7946
KernelDAN"" (2023) 28.90 0.7961
DLS’P (Ours) 29. 08 0. 8007

Kernel DAN AH X} JE B iUAS i) B LA T B R MERE 42
T ARSI T R B EES AR R AR S 2R AT
AL AT BEAT AR FH ORI AZ i A7 2., PR e
BEVE A A P2 T DCLS 3l 11 B 5 F SR 7R, 5 2
FIHT T B AZ 05 B A2 /N By ok 7
R 1) 4345 S, /N ERSZ PR A i A B KB
TIREME . M2 T, A 1 DLS'P AL, Bl
BV R R P A AL 2 6 il A B TR B 2 )
J7 3 v It AT v B v ) AL TR RH T R EK B
SRR EN A, TS T e e (8 A6 s o
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WHN 2 FF IR B s 3 o &1 5 7R T Urban100 Al
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Fig. 5 PSNR values variation curve with iterations on Urban100 and Mangal09 datasets
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Table 4 PSNR values variation with the number of
deconvolution feature channels on the Ur-
ban100 dataset

SAPUE 16 (DCLS) 16 32 64
TR .

Urban100 31. 69 31.72 31.78 31.80

TR Y S BUEIE R 2 16 8T, RGBS
A5 3 16 W55 W RF AR, R AR RE S 2R A B,
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Table 5 PSNR values variation with different recep-
tive field features on the Urbanl00 dataset

9x9 FEAE 15%15 $¥4iE 21x21 F§1E Urban100
J X X 31.78
J J x 31.85
J J J 31.90

3R SAMER ), Bl G 2 ROERER S, B
WA AE Urban100 £ 4 |- PSNR {H HUS T I 2 38
T, 3% 32 B T 22 RUBE KAz Y B RRAIE g 78 40 )
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/NS BT EMG b BRI A [ J8 Az B () R AiE 0T LA
AR E S S .
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AT X T AR () S B s R R AT )
Bro 2643 HIXT T H A DAL KA SO i) 2
B FLOPs , Ho v FLOPs 2 78 i A BUZ 9 R SF oy



12 AN/ RS9 S g o

XX &

270x180 2514 F #HAT4 1

®6 AEEREMSHEMITEEIIL
Table 6 Comparison of the parameter and computa-

tional complexity among the different models

Jiik: SRt (M) FLOPs (G)
IKC (2019) 5.29 2178.72
DANv1 (2020) 4.33 926.72
DANv2 (2021) 4.71 918.12
DCLS (2022) 19.05 -
DLS’P (Ours) 34.40 1224. 00
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Fig. 6 Visual results of Img 61 in Urbanl100 dataset

LR Img 61 in Urban100  PSNR/SSIM  23. 56/0. 6753
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Fig. 7 Visual results of Img 27 in DIV2ZKRK dataset
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