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Abstract Usually, the traditional single image super resolution (SR) algorithms generate the high resolution (HR) images with
insufficient high-frequency information and blurred edges. To improve the quality of the reconstructed HR images, this paper pro-
poses a single image SR algorithm by using residual dictionary and collaborative representation (Residual Dictionary and Collabo-
rative Representation. RDCR). In the training phase.firstly,based on the ideas of dictionary learning and collaborative representa-
tion,a main dictionary and the corresponding main projection matrices are learned. After that, the reconstructed image samples are
utilized to train multiple layers of residual dictionaries and residual projection matrices. In the testing phase, high-frequency infor-
mation is gradually refined by reconstructing the residual information layer by layer. Extensive experimental results show that,at
a scale factor of 4.the average peak signal-to-noise ratio (PSNR) values obtained by the proposed method on Set5 and Setl4 are
0.20dB and 0. 18dB higher than the traditional method A+ .respectively. And the running time of the proposed method is close
to that of A+.
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Flowchart of training phase
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Table 1 PSNR and SSIM results obtained by 5 versions of
proposed algorithm (X 3)

H & g LIRD L2RD L3RD L4RD  RDCR
by PSNR/B.85.21 35.22 35.22 35.23  35.24
e SSIM  0.9224  0.9228 0.9231 0.9233  0.9241

PSNR/dB  35.56 35.65 35.70 35.73 35.96

Bird
SSIM ~ 0.9566 0.9571 0.9581 0.9585 0.9629
PSNR/dB  27.49  27.54  27.55  27.55  27.60
Butterfly . _
SSIM  0.9141 0.9160 0.9172 0.9175 0.9202
Heaq PSNR/AB 33.81  33.82  33.83  33.83  33.84
e SSIM  0.8277 0.8278 0.8285 0.8287 0.8303
PSNR/dB  31.23  31.29  31.29  31.29  31.32
Woman
SSIM ~ 0.9306 0.9310 0.9317 0.9319 0.9331
wy PSNR/B 3267 3270 3272 3272 32.79
5 SSIM ~ 0.9102 0.9109 0.9117 0.9120 0.9141

M3 1 A, 2 )25k 2 57 A i R sk R AR T R )2 8k
ZF IR BOR N — 2k 2 F I B MRS k2
G SRR T LA 9 45 B . X EE L3RD, L4ARD Wl A,
Wi 25 5% 22 7 L2 MR B 0, T R AG 32 71 R BB ek L PSNIR 2 F5
ANAE  SSIM Y2 TF 0. 000 2, 3% A2 B Ay 1 45 7T 44 422 98 1) 78 &%
A Bk B g 2 WL A N — 2 Ak 22 L 7
SRS ] B 2 KA 1/3 R E Bk, AU 2
FE S EEVORG A CRA M =Rk T, R
HE 2 U F IS M bR el R A 4R B L3RD 3%, RDCR 5
0 AR B TR R B O IR S R OO A B

B M 5 A5 5 R I A e iR v 0 L R A R R e UL R
CREEIN Y I8

2 RSB 5 R R Ik BB AT I ]

Table 2 Running time of 5 versions of proposed algorithm

it 18] LIRD L2RD L3RD L4RD RDCR
I 4 B 8 /h 3.1 6.3 9.4 12.7 9.4
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AHEL A3 524 0.40dB,0. 20dB.0. 41dB, SHCRMEH K 3 W AH
ki, DDSR™M () PSNR $2 F+ 45 7 £ B 1, A+ 50 il SRCNNTT
9 PSNR $& T+ i A i $2 7. 35X J& B S DDSR™MY 5 2 S0 8k
PIgIAT 5k 25 5 i ST U B 7R T A R R A A K BB
B, 7% 2 5 ML B T 4 b ) P PRI 0 20 4 v A R R o T AR AL
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# 3 ORFSETE Sets b 3 f% LRFEH PSNR 5 SSIM
Table 3 PSNR and SSIM results obtained by different methods on Set5 (X 3)

H % A7 SCSR SISR ANR DDSR At SRCNN RDCR
Bl PSNR/dB 34.94 35. 09 35.13 35.19 35. 20 35.02 35. 24
il SSIM 0.9043 0.9215 0.9221 0.9230 0.9225 0.9176 0.9241
i PSNR/dB 34.29 34.61 34. 64 35.08 35. 60 35.05 35.96
' SSIM 0.9391 0.9465 0.9498 0.9530 0.9561 0.9518 0.9629
Buterfly | PSNR/dB 25. 67 25.93 25. 94 26. 54 27.29 27.92 27.60
ety SSIM 0.8611 0.8713 0.8796 0.8886 0.9092 0.9245 0.9202
Head PSNR/dB 33.26 33.68 33. 64 33.72 33.78 33.56 33. 84
e SSIM3 0.8024 0.8187 0.8236 0.8262 0.8273 0.8192 0.8303
w PSNR/dB 30. 05 30. 26 30. 35 30. 65 31.18 31.05 31.31
oman SSIM 0.9037 0.9160 0.9185 0.9215 0.9288 0.9224 0.9331
o PSNR/dB 31.65 31.92 31,94 32.23 32.61 32.52 32.79
: SSIM 0.8821 0.8948 0.8978 0.9021 0.9089 0.9065 0.9141

F A4 ORFBIETE Setld I 3 % LREEM PSNR 5 SSIM
Table 4 PSNR and SSIM results obtained by different methods on Setl4 (X 3)

SRS # AR SCSR SISR ANR DDSR A+ SRCNN RDCR
Bl PSNR/dB 23.47 23.52 23.56 23.61 23.63 23.62 23.65
aboon SSIM 0.5878 0.5895 0.5990 0.5994 0.6064 0.6069 0.6092
ot PSNR/dB 26. 41 26. 67 26. 80 26.75 26.51 26. 62 26. 64
arbard SSIM 0.7633 0.7818 0.7836 0.7816 0.7795 0.7803 0.7812
- PSNR/dB 24.82 25.02 25.01 25.12 25.17 25.15 25.26
ridee SSIM 0.6920 0.7014 0.7012 0.7065 0.7091 0.7082 0.7139
Conctouard  PSNR/dB 27.01 27.10 27.07 27.13 27.27 27.32 27. 31
oastguar SSIM 0.6393 0.6539 0.6577 0.6609 0.6625 0.6645 0.6629
o PSNR/dB 23.91 23.97 24. 04 24.20 24.38 24.45 24.50
omie SSIM 0.7557 0.7578 0.7606 0.7706 0.7794 0.7853 0.7899
v PSNR/dB 33. 46 33.55 33. 62 33.70 33.76 33.56 33.83
dce SSIM 0.8041 0.8195 0.8232 0.8237 0.8274 0.8120 0.8281
Flower | PSNR/dB 28. 38 28. 42 28. 49 28. 95 29.15 29. 09 29.29
owers SSIM 0.8297 0.8385 0.8403 0.8446 0.8527 0.8492 0.8551

- PSNR/dB 32.08 33.22 33.21 33.89 34.23 33.63 34.34
oreman SSIM 0.9129 0.9292 0.9301 0.9355 0.9420 0.9321 0.9423
: PSNR/dB 32.76 33.01 33.08 33.28 33.52 33. 48 33.73
-enna SSIM 0.8648 0.8782 0.8804 0.8812 0.8856 0.8847 0.8867
" PSNR/dB 27.82 27.91 27.92 28. 06 28. 28 28. 26 28. 42
an SSIM 0.7829 0.7862 0.7890 0.7950 0.7996 0.7992 0.8053
Momare, | PSNR/dB 30. 84 31,11 31.09 31.85 32.15 32. 68 32.72
onare SSIM 0.9290 0.9382 0.9377 0.9440 0.9458 0.9502 0.9508
b PSNR/dB 33. 41 34.03 33.91 34. 38 34.74 34.41 34. 89
cpper SSIM 0.8778 0.8863 0.8851 0.8892 0.8930 0.889 4 0.8940
. PSNR/dB 24.97 25. 21 25. 24 25. 82 26.20 26.73 26.53
SSIM 0.8948 0.9085 0.9117 0.9276 0.9346 0.9374 0.9366

b PSNR/dB 28.12 28.51 28.56 28.79 28. 98 28. 83 29.32
o SSIM 0.8359 0.8429 0.8424 0.8487 0.8498 0.8491 0.8536
o PSNR/dB 28.39 28.63 28. 69 28.96 29. 14 29. 13 29.31

k SSIM 0.7978 0.8078 0.8096 0.8146 0.8204 0.8177 0.8222

H£5 ARRFET Sets I 4 5 EREEH PSNR 55 SSIM
Table 5 PSNR and SSIM results obtained by different methods on Set5 (X 4)

1 4 R0 SCSR SISR ANR DDSR A+ SRCNN RDCR
- PSNR/dB 32.63 32.96 33.06 33.15 33. 28 32.98 33. 48
by SSIM 0.8756 0.8767 0.8824 0.8829 0.8843 0.8564 0.8859
i PSNR/dB 31.45 31.70 31.77 32. 41 32.53 31.97 32.72
' SSIM 0.8991 0.9005 0.9027 0.9052 0.9131 0.9045 0.9155
uttery | PSNR/dB 23.36 23.52 23.53 24.16 24. 49 25.06 24.69
tt
ety SSIM 0.8085 0.8168 0.8175 0.8324 0.8425 0.8658 0.8447
Head PSNR/dB 32.07 32.26 32. 28 32.43 32.56 32.19 32.72
e SSIM 0.7594 0.7636 0.7675 0.7796 0.7828 0.7630 0.7848
w PSNR/dB 27.54 27.83 27.85 28.24 28. 64 28. 20 28.86
oman SSIM 0.8472 0.8518 0.8526 0.8695 0.8820 0.8687 0.8840
2 PSNR/dB 29. 41 29. 67 29.70 30. 09 30. 29 30. 08 30. 49

SSIM 0.8379 0.8418 0.8445 0.8541 0.8609 0.8520 0.8630
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#* 6 RREIETE Setld | 4 f5 [ REEN PSNR 5 SSIM
Table 6 PSNR and SSIM results obtained by different methods on Setl4 (X4)

H 14 ECR SCSR SISR DDSR A+ SRCNN RDCR
Baboon PSNR/dB 22.47 22.66 22.68 22.74 22.70 22.82
SSIM 0.4931 0.4952 0.4960 0.4958 0.5033 0.5002 0.5075
Barbara PSNR/dB 25.38 25.59 25.67 25.75 25.70 25.77
SSIM 0.7174 0.7189 0.7192 0.7241 0.7259 0.7251 0.7266
Bridge PSNR/dB 23.50 23.65 23.66 23.71 23.68 23.84
SSIM 0.5982 0.5993 0.5989 0.5996 0.6005 0.5998 0.6014
. PSNR/dB 25.58 25.74 25.82 25.99 25.93 26.12
Coastguard _ _
SSIM 0.5475 0.5483 0.5489 0.5507 0.5581 0.5562 0.5583
Comic PSNR/dB 22.07 22.31 22.45 22.60 22.53 22.70
SSIM 0.6366 0.6385 0.6394 0.6455 0.6597 0.6513 0.6633
Face PSNR/dB 32.01 32.18 32.31 32.41 32.12 32.50
SSIM 0.7710 0.7729 0.7742 0.7765 0.7808 0.7708 0.7822
Flowers PSNR/dB 26.33 26. 44 26.73 26.90 26. 84 27.12
SSIM 0.7581 0.7602 0.7610 0.7674 0.7746 0.7725 0.7785
PSNR/dB 30.77 31.00 31. 36 32.23 31.46 32.51
Foreman

SSIM 0.8845 0.8882 0.8879 0.8964 0.9089 0.9116 0.9126
Lenna PSNR/dB 30. 64 30.92 31. 24 31.41 31.20 31.52
SSIM 0.8344 0.8365 0.8373 0.8421 0.8454 0.8414 0.8462
Man PSNR/dB 26.23 26. 45 26.62 26.79 26.65 27.04
SSIM 0.7118 0.7135 0.7131 0.7244 0.7276 0.7251 0.7319
PSNR/dB 28.52 28.72 29.06 29.41 29.89 29.83

Monarch .
SSIM 0.8933 0.8986 0.8993 0.9045 0.9122 0.9244 0.9140
Pepper PSNR/dB 31.81 32.12 32.24 32.88 32. 34 33.17
SSIM 0.8530 0.8558 0.8539 0.8587 0.8631 0.8610 0.8644
PPT3 PSNR/dB 22.75 23.06 22.99 23.64 23.84 24.08
SSIM 0.8281 0.8367 0.8365 0.8392 0.8764 0.8844 0.8860
Zebra PSNR/dB 25.25 25.47 25.58 25.94 25.97 26.14
SSIM 0.7318 0.7342 0.7345 0.7396 0.7495 0.7504 0.7517
e PSNR/dB 26. 65 26. 88 27.03 27.33 27.20 27.51
SSIM 0.7327 0.7355 0.7357 0.7403 0.7494 0.7481 0.7518

27 HIH T JLANE B TE Sets F1 Setl4 B4 E {5 4 L 7
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DDSRM!, SCSR™ 4520, 5 SISRI™ 43k 9 3 3 23

£ T LRFEMEECN 3 WS [ Ak i T fE]
Table 7 Reconstruction time of different methods (X 3)
CHLAT o s)
H# E SCSR  SISR ANR  DDSR A+ SRCNN RDCR

Set5 10. 48 0.75 0. 36 3.94 0.33 1.75 1.33
Setl4 73.45 1.6 0.55 10. 23 0.51 3.42 1.96

b RN SO U A G o S 1l W R U N = 7 DR
41 3 FIEL 4 SRR T AR IETE ERBEAT BN 3 I E
.

(b)SCSR(25. 67 dB,  (0)SISR(25.93dB, () ANR(25. 94 dB,
Image 0.8611)

(a) Original

0.8713) 0.8794)

(e)DDSR(26. 54 dB., (D A+ (27. 29 dB. () SRCNN(27. 92 dB, (h)RDCR(27. 60 dB,

0.8886) 0.9092)

# 3 AR Butterfly K% SR & 45 5 (X 3)

Fig. 3 SR reconstruction results of Butterfly image by different

methods( X 3)

0.9245) 0.9202)

(b) SCSR(34. 29 dB,  ()SISR(34. 61 dB,
0.9465)

() ANR(34. 64 dB,
0.9498)

(a) Original
Image 0.9391)

(e)DDSR(35. 08 dB, (DA+(35.60dB,  (22)SRCNN(35. 05dB,  (h)RDCR(35. 96 dB,

0.9530) 0.956 1) 0.9518) 0.9629)

4 AFFEM Bird E{R SR SHELER (X3)
Fig. 4 SR reconstruction results of Bird image by different

methods (X 3)
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