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Single Image Super Resolution Based on Multi-scale Structural Self-similarity

PAN Zong-Xu' YU Jing' HU Shao-Xing? SUN Wei-Dong*

Abstract Multi-scale structural self-similarity refers to those similar structures either within the same scale or across
different scales coming from the same image, which widely occur in remote sensing images. In this paper, we propose
a single image super resolution (SR) method based on multi-scale structural self-similarity, which combines compressive
sensing framework and structural self-similarity. In our method, the nonlocal and the pyramid-based K-SVD methods
are used to add the extra information hidden in multi-scale structural self-similarity into the reconstructed image in the
compressive sensing framework. The advantage of our method is that it only uses a single low-resolution image to promote
spatial resolution by fully exploiting the extra information hidden in the image itself. Experimental results demonstrate

that our method can improve spatial resolution more effectively compared with the CSSS and the ASDSAR methods.
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Fig.4 Reconstructed images of Fig. 1 with explicit structural self-similarity using various SR methods
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using different SR methods with various upscaling factors
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o 2 HSLRA M S H NS % FG R v
I, RSO N+ BATH A S5 1 A A B
G b R F A RO AT 52 VP4, X B A STPT
PGB e b 10 MR RGE O 512 % 512 F B S 38 I
KGR R R 2B -GS, SRl ma#i R 2
2 VAR HEAT R TROR LU B R I R A A . (R I
PR EUR, S BEIZ IR T X 7, AT RS
BERAED 73570 2, 0 IR = df{E . CSSS 5.
%, ASDSAR SEL A SRR EM G, 5

KrrP AR HIE IS 5 3.1 e EL

K6 L 7R R AT SR Sk M
HHR. B 6 (a) gl TR RS H G
6 (b) o, M= {E I BIL S HAR 2 4015
VRO, JCICARY R DB, R 7 AL 3R
AHAA EA NS, W 6 (c) P, CSSS
SEAE R B3R TIAG B, IR R s T 1
B gn =y, H2 CSSS Sk A i ) BB ) 1
P RCR IS, IS 6 (d) ~6 (F) it B 5 mT
PLE H, ASDSAR. sSSIM. mSSIM H AT T
BAF A ROR. AT AL T A B N R
Pre] LU, 0 T IORE BAT /AN ROEEHFAE (K H A5, sS-
SIM 1 mSSIM 57t ASDSAR HVEKE THZ
(485, A ORI F B L (Peak signal to noise
ratio, PSNR) FIZ5#AHIE (Structural similarity,
SSIM) X AN[A] SR, A3k (¥ AL B R kAT T S H
B, R 1A T AR SR SR AR E G T R
P ARAR B & 2R, bR AR HY BRSSO Y AH B [
BRI RS T RA BRI EM R EE. &1
VLI, R4 2% G SR A Fi bR PSNR AT SSIM
F, sSSIM 5 mSSIM HILHE i+ ASDSAR 5%,
JF H mSSIM SyE2 e fif). SEgaf KRR 1) Xt
T HA WAL B AU 8 R, AR
sSSIM Al mSSIM S UG T 5 4 14 A4 28R,
2) mSSIM SLA B B 5 7 15 (1) K-SVD 7 i 2
> T3 REE A 25 AE 2 RUBE G AU A FrD B
fHE AR EA B R .

AR SCH) FRSER B2 45 b 0 25 Fh SR SEVE L
GARFFIEEAT 8 VPN, KBS H LGSR (No-
reference edge-based blur measurement, NEBM)
A A 0 S A B B ok R TR r AR A L
NEBM b5 K, 32 G B0, 2 W prf B 475
HARZERNILGRFERET). & 2 FIH T W=k H
i CSSS &% ASDSAR 8% LA A SCHE H 1) sS-
SIM A1 mSSIM Sk F A4 B8 1) NEBM fiks, &
HORLAAR HY 1) B R s ot B SEAE NEBM 48 bs
NHA R ERZCR. B3 2 R, AR
sSSIM #1 mSSIM #i%k 5 CSSS LM ASDSAR
SEAN P AT S i A D S R FrRE D
4 ik

ASCPE T —PhaE T 2 RO ik A ALY (1 5
i P B0 73 R S, A & T IR A TR 2
5 R Sk FARLYE, AT B e 7 B i i i
2 ] A AALGE ), I A I 4 T RITE SR R E i NL
JIEM K-SVD 72 3 TR R 45 15 2 RE Sk
FLAH AR AP (K BRI S 2 AL B R rp i A 7

3http://sipi.usc.edu/database/database.php?volume=aerials.
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(@) B AR B R (b) W= s (c) CSSS Fiik

(a) Reference HR image (b) Bicubic interpolation (c) The CSSS method

(d) ASDSAR £ (e) sSSIM E ik () mSSIM £
(d) The ASDSAR method (e) The sSSIM method (f) The mSSIM method

K6 ASCHEH sSSIM A mSSIM % 5 XU =k 4fifi . CSSS ik, ASDSAR HAM HMIBOR LLAL
Fig.6 Comparison of the proposed sSSIM and mSSIM methods with bicubic interpolation, CSSS, and ASDSAR

1 2SFEUG RN TR PSNR Ml SSIM A SR HykHE AR LA (PSNR/SSIM)
Table 1  Comparison of PSNR and SSIM of reconstructed images with various SR methods (PSNR/SSIM)

KGR M= A CSSS ASDSAR sSSTM mSSTM
2.1.01 23.72/0.5404 24.59/0.6212 26.61/0.7583 26.63,/0.7605 26.65,/0.7616
2.1.02 20.90/0.4751 22.03/0.5373 23.83/0.7455 23.84/0.7480 23.86,/0.7491
2.1.03 28.91/0.8097 30.04,/0.8403 32.19/0.8929 32.22/0.8940 32.23/0.8942
2.1.04 24.25/0.4680 24.93/0.5247 26.91/0.7262 26.92/0.7286 26.94/0.7298
2.1.05 24.92/0.6937 26.19/0.7248 30.06,/0.8742 30.07/0.8755 30.10/0.8763
2.1.06 24.44/0.5664 25.77/0.6149 28.19/0.8052 28.20,/0.8070 28.23/0.8082
2.1.07 27.99/0.6982 28.34/0.7236 29.97/0.8039 30.01,/0.8060 30.03,/0.8067
2.1.08 31.33/0.7795 32.68/0.7933 36.74/0.9232 36.74/0.9235 36.80/0.9246
2.1.09 31.68,/0.7906 33.12/0.8162 35.06/0.8706 35.11/0.8718 35.14/0.8727
2.1.10 26.57/0.6174 27.98/0.6852 30.25/0.8248 30.28/0.8266 30.30/0.8278

R 26.47/0.6439 27.57/0.6882 29.98/0.8225 30.00/0.8242 30.03/0.8251
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Table 2 Comparison of NEBM of reconstructed images with various SR methods

Bl W= YA {E CSss ASDSAR sSSIM mSSIM
2.1.01 20.5486 8.4253 6.5397 6.3086 6.3234
2.1.02 13.9858 6.7281 5.1894 5.0083 4.9873
2.1.03 21.8595 7.4930 5.5971 5.3940 5.3398
2.1.04 16.1872 7.2684 5.3541 5.2511 5.2069
2.1.05 18.2452 8.5107 6.8775 6.6547 6.6201
2.1.06 17.7791 7.0372 5.9246 5.7912 5.7508
2.1.07 20.7583 7.0147 5.7403 5.6281 5.56383
2.1.08 31.8421 9.8763 7.4329 7.2640 7.1046
2.1.09 26.3614 8.0241 6.7781 6.7257 6.3655
2.1.10 21.6806 7.1324 5.7883 5.6247 5.5662

T 20.9248 7.7510 6.1222 5.9650 5.8803

PRI T G B S 2 RO 454 B ARALLYE, AR A
A R A A A A BEAT 20 3 Pl 5 ot 8 A A P A Ao
FAbwn o R R, 2 MR RV SR bs T~ 2 i
Ty Hr A BRI S0 S5 RR W], A SCRE BAT S by
R AR AR SR R 23 R 52T g
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