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Abstract: Learning-Based super-resolution methods usually select several objects with similar features from some
examples according to the low-resolution image, then estimate super-resolution result using optimization algorithm.
But the result is usually limited by the quality of matching objects and only geometric construction of the images is
selected as matching feature, so matching accuracy is relatively low. This paper presents a sparse dictionary model
for image super-resolution, which unifies the feature patches of high-resolution (HR) and low-resolution (LR)
images for sparse coding. To break through the aforementioned limitations, this method builds a sparse association
between HR and LR images, and realized simultaneous matching and optimization methods. The study uses a MCA
method to improve the accuracy for feature extraction and carry out super-resolution reconstruction and denoise
simultaneously. Sparse K-SVD algorithm is adopted as optimization method to reduce the computation time of
sparse coding. Some experiments with real images show that this method outperforms other learning-based
super-resolution algorithms.
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B AR, ) IR e dd & Foth A AE i, RAR T ik 7 ik 9 1R R A 25 B oo 47 i 3R IR B A5 60 45 A2 449,
RB T AR BC ) e, F R RAAB SR T AR fe ATk R AR K-SVD Bk AR SHARF %
eyt Bk A RN B REGEAT R, 5 ek T 5 3 eh R o PR Bk, 2R R BB TR

KB ROSWHRMAT AT HES 5K K-SVD

HEESES: TP391 XHRFRIZAD: A

T 43 R PG A B S AR S T LA AR O N (8, B 2 R L B . BRGS0 R AU S A
HH 1 AR A8 A B0 4% A 1) PR, A7 N SR I 0 R R R FE AR K . AR AR . H A 3RS A R R N R 2y
VR — &y W R R G g (TR 43). 0 40 R, 2 3 A 119 22 iR 23 9 28 U7 YRR R 1 27 0 1) B iR 4 T 6 U
PRI B 2 1) 56 v 22 RS 23 T A A R AR SRS N A5 5 A R AR, N 22 AR 4 9 R ) 45 o B v 4 £ R
She T 4 v 4 0 2 TR S R g Ty v e ST PRI AR O 0 B TR ARG D A A R AR 20 AR AR e . BRI M SR
FERRAE JG 19 2R 2 7 20 BUG o 28 ) 22 WU 40 7 20 BAG Ske I 38 0 2 R o 1 e U 2 b %) 2 50 AR o A
S R A VA 1) 0 45 25 0 1 TRCTAE 2 5, DR L3k 288 077 9 8 v PR 20 9 2R 1) 0 A B 38 1 2 51 10 5 1 02 0 JLAF
HIRIE SRR, R T X s A FE 2R A A B 2% S S B AT 12 ) ) O R X R o0 R AE D S 3 iR Sk 48
T 4 e A
SR, 24 7 2512 2 (08 4 B0k (i 2 A7 80 10 2% 30 5 105 R 3R 7 3 ol 518 360 6 U, B 24 560 6 A 22 46 HE A DC B £
15 B AR I3 A R I A ) 8, Yang 55 A $2 H—Ff 55 65 4 A5 (sparse coding, i FK SC) 2% ) SVE, i 7 i
3 1 25 PR A5 e 22 T F0 6 S D JBAE T A 2 P 28 A O S o 9 335 I8 6 2 /s 110 7 R P o 7 R e e
RI% AR Z 1E PEFIA %k Rubinstein £ A $& H — i S 50 SRS 0 RSP 28 6 R0 B Bk, 9 S SOk T
git(sparse dictionary, fiiFk SD), & 2 K5 5 S PR A A i 7 308 sk 18] 5 () 5 7 S0 R 7 A 33 A8 78 8 g 157 1, 9
PRFET R RIS M A SCAE I PR 7 L (1) SE kb, 25 25 0 38 7 (108 2 B 7R B 1 — T 356 1A B 7 L 1 1)
3 H R T R A R RN AR Ry TS A B R AR T AR S LTk A R
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)T E KRBT K-SVD 50242 B b = S0 G AT 1) V1 S008I T R - 90 P 1) A
o YIZFEAMRI R (1) KA S PR G B =y /.5 Yang %6 A IR i 2 8 40 S503 vh B B fif
PR 4 v oy Fe R EAR B LG, I T R AR R D B A AR A (2) N EA B ik
(morphological component analysis,fii#% MCA)ZREUK /73 H 2 UG R AE, 56 G 2 A T 7 B 45 0 LA 45
TR GURRAREAE A S v T U R A 2 10 B S0 T 8 4 % 2 T R P I I i
AR SCHS 1 AT TS ) (B 0 7 VR I SN USSR AT B 2 T 1R AN U S R o g B o R R
S AL 06 45 AR SR 3 WA 28 4 XA SCHMAT B 45 R U N — D IR 2.
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K 4 DUEBCAT VBT 10 (O EMGRER K 7E 4 DMRFIE R RS 1 IR BBG K 1A BRI PR KB
RS AL 17

% Freeman %5 NPV Jy ik, A% STk R 7 4 6 UG R () i A3003 A DA 00 R PR IR RE A 1 i O 5
873 H 25 P R DR KR AL 1) B 5 B 1 A T A D0 A 7 S G B 1 1 S VNRFEAS I 1 o (R A T 1 A4
i) R, 3 A LB A B HY R Lo 10— B AT B B EMRRRHE S L MR B B Py HP 2 H
3 B LasLs 20 0 A AR HE R R L 22 MCA J3 i J B LT G54 23 e AN SU L)

KA T7 7 M T B LAT G54 23 B B L T T R I SRS B 3R T R B R R Z R DL
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Fig.1 Training examples

1 UIgrpeA

3 X Iy

B AR PR b U 2R AT RO OR 3 A% I 2 MR 5236 9 19 K-NIN J7 i, LLE Jrik. SC JF
FEREAT BLAE 0 Rt R 5, N A ot P e ) A% A T ARk, B L LB I, PRy o 3 T 0 AT Ak B A 4 9 T B
B 3x3 EIG e I OR B L5 B G B 1AM R TS 0 N = 2 R RS 9x9 G U (R 3 MR RN E S,
T ARSIt R e, AT IR FH R 588 4 i 1) 3 2 B 1 Dk, N A Blicubic LB MR R IR ) 2
K G SR IBCREAE £l BT 66 5B
31 REXTEE

MIN G G T RENLIEEL 50 000 X i1 AR 4 3R BEUGAREAE SRadE AT I 5. b FRIEE 43 B 5 I as R AT
ot B, BRATT N S 5K T I Ve A% 00 AT R B, LA PG K /N DA 3 AR 435 0. g 1 4 2 3 0 4 SR 0 i 7 gt /s [
TEN 1 0243 F A (6) T 115 404=0.01, A=1. 18] 2 LI T A 3C U732 (SD) b5 HoAth JLFh 3 T2 >) 1) 43 B2 1 o
R R SRR NS BB A B AR IR A%y 9% 2% 18] 44 (face), Bicubic,K-NN,LLE,SC,SD). ¥ %t 25 % J i K-NN J5 i
HIRRIG LLE 7= AP0 3501, SD F1 SC AR IR I 3t 1ok 22 1 V¥ 15 52 36, 4 3 75 v 1) PSNR (ARG T HoAth U7 v
TR B (i, 36 136 face T lena S T 65 B4R 4% g 2K B 1144

Fig.2 Super-Resolution results by a factor of 3
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Table 1 PSNR of images
F1 #K1B PSNR XL

P15 Bicubic K-NN LLE SC SD
Face 28.4562 28.7122  29.1903  30.0732  30.8350
Barbara 22.3522  24.4539 25.8044 27.0761 27.3849
Cameraman  30.6361 30.6297 30.5916 30.8729  30.8737
Castle 29.3790  29.4851 29.4884 29.2843  29.4862
Lena 26.5976 26.9802 27.0076 27.5716 27.9941
Peppers 28.1233  28.4308 28.8751 29.1698 29.2158
House 28.8657  29.2370  29.5562  30.2369  30.2682

32 HAKEHFM

LA face B4 4T 9256 Bt KL% 50 000,30 000,10 000,5 000 1 2 000 MFEADEAT YN L2 =), H A 3L Ty kAl
Yang 55 A 77 iREAT 23 TBOK 3 A5 S5, 0f B 4 SR 81 3 s,

AL AEAR R REASAS BTN A SOV ) PSNR 505 S 4F 2 I 2R AAN /T 5 000 I, P A5 72 1) PSNR
KR BEAR R b ORUE S R T, — Bk PR AN EOA /N T 10 000 A

31

g
r//’*’///‘
x 30 / T —
% i
a 1
2917 o8 d SD method H
/7 S SC method
28l 05 |
0.2 1 , : |
FEAA (0%

Fig.3 Influence on the super-resolution quality of the number of examples
B3 FEARAHONEE 43 7% IR 1) 52

33 FHX/NHFIE

HR A L1 AR AR, BE AL £ 30 000 A K45 B ke Il . A il -7 LK/ 73 73 126 5 256,512,1 024 F1 2 048, face
PG 53 K AR SC T R0 Yang 55 N0 7 v EAT 8 23 JROKR 3 A% 2 36, 0 be 45 SR an 18] 4 Bie o w] WL 78 it 7 LK /D
FHR A T AR5 PSNR SE 4 B iR b Mg o SRR, 45 5 0Bl i (HL o 55 Al B pl L epon] L, A 7
TR D ORI PSNR e () L T T 22 R 3 T A R o SRR A i MR DR — Bk
1024.

31 /'
30 r/ — $

29 / ——e—— SD method
—&—— SC method

PSNR
\
\
\

28

256 512 1024 2048
T

Fig.4 Influence on the super-resolution quality of size of sparse dictionary
Bl 4 R SR /N KRR 43 o4 0T R 1 R T
34 RESI
K 2 B 7 W 30 S5 0 A BN 52 TG M AR Ak A T PR — R 23 V20 SR R AT B e PR R AT R A PR
S 0 8 G B DB 43 T7 1 O T A AT R[] H 1 2 3K (8)) >k ST A M 4 2% = A B IR P I RIOR B D B AR A
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B A STV ()25 EAT I Mg R o 2 7 SR B ARFAE ISR FH T MCA J3 i ik e st b sl i A X (8) T &
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%)4,3=0.10 L 2E$¢ 30 000 A YIZRFEAS, B 7 LK/ g 1 024, %8 AN [ 8 75 55 2 (1) lena 2 ¢4 I (R 04T 5 36 3
Y5 Bicubic 1 SC J7 i) L, £ SR 181 5 A 6 JT s (A Je B4 e 75 98 B o 73 530 A 1,2,4,6). 4 W 75 it JEE 45 55 I, A
SCT A B M e 3 o, 5 R DO s 2 M P T o I A SC VA SC Uik PSNR Fia b B B AL bR, Ui W 73 4
AT 1 H g 2

29 I
28 —e— Bicubic
— —&—SC I
N 279\6 ’\\ — 55D
z
£ 2 i S
\EN
25 y

M 7 ol

Fig.5 Influence on the super-resolution quality of the number of examples

5 FEAABOH > PR RN

Fig.6 Influence on the super-resolution quality of Gaussian noise
6 e T 75 ) 2 O 1 5 M

4 B %5

AR SR TR T L S (R 2 A A ST L IR0 A PG TR (R A g G TR, [R] 2 2 B DG S 4 R A
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