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Separable Dictionary Training and Its Fast Reconstruction Algorithm
Based on Generalized Low-Rank Matrix Approximation

ZHANG Chang-lun, YU Zhan, WANG Heng-you,HE Qiang
(School of Science , Beijing University of Civil Engineering and Architecture , Beijing 100044 , China)

Abstract. Since traditional compressive sensing reconstruction algorithms have lower reconstruction quality and lon-
ger running time,a fast reconstruction algorithm based on separable dictionary training is proposed. Firstly , we choose one
class of images as training set and construct their models of generalized low-rank matrix approximation. Then, the alternating
direction method is used to solve the model,and we can obtain separable dictionaries. Finally, the separable dictionaries are
applied to image reconstruction and realize fast reconstruction of image by simple linear operation. The experimental results
show that the proposed algorithm has a better reconstruction performance for training set images compared to traditional re-
construction algorithms. In addition, for other types of images, our algorithm has a good reconstruction quality and a lower
reconstruction time.
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33.78
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37.22
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48. 89
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42.98
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A, AR SCHR Y Y FCISMT B3 HAT 43 W 0 0 3, A r

P ER A ACR 1 i MH 5535, PSNR {H 427124 4 dB, asl

AEC T HAh 3 v, PSNR #2719 dB ~ 13 dB. A 05 ol

P X2 S I T AT BT R 2
R S BV P54 S B B R TR 3 23

i TORFER N 0.3 B S38 B G NE 3 TIE T, |

Hy, FCISMIT 53 ) 2 e PR 48 B 40 WD, 320 8% 404 3 Wl v

W, BRI T AR . T b B A S 25 = TVAL3

DB, [ 4 245 T 4 RS0 Yale JiErR 6 Rl 26 15114 20 - - -

TEATRERFESR T A ELEE PR PSNR FEI{E XS He. A 4
LA A SCREAE A IR AE R T (192 PSNR {EH1Y
the e, RVEAESRAEARTS AR A AR I

LR LA B R E A ], R 2 il TR
TEEE R 38 EBAEAN R RAE AT AT . e 2 iy
718 5 A SCH I 14 TS ) AR T A 53, S 249 ki A
0. 03s, i 5] 52 7% 2 A b kIR

(a) J5& (b) FCISMT (¢) s-HM
(PSNR =46.83 dB)  (PSNR = 37.44 dB)

(¢) TSBS-VB (/) TVAL3

(d) MH
(PSNR =40.90 dB) (PSNR =36.49 dB) (PSNR = 33.78 dB)

3 SRAEFRMO0.30F SIS 1 i AR XS [

®2 BEER S8 EGERM BT (BAL:s)

RGNS S5y 8]
0.1 0.2 0.3 0.4
s-HM 37.62 45.53 73. 60 95.06 62.95
MH 2.31 4.61 2.19 3.23 3.09
TSBS-VB | 13.12 14. 56 21.73 26. 14 18. 89
TVAL3 3.69 4.32 5.05 6.46 4.88
FCISMT 0. 03 0. 02 0.03 0. 04 0. 03

RIS LB R 1 T AR 0 3
FE s A 3 T LA B S0 AR R P T
) FCISMT S35 K ER 5 00 T S UG 1 5 4r iy 2408, 4
FC LA 3 PSNR {2948 %5 729 3 dB, B X FA7AE
T AR RSO HE {5 L 19 Barbara |44, 4R SR IS T 1R 4F

Sampling Rate

4 RFEERFR T Yale 2 5 4 FUR A F-HIPSNRXT H

(A EE AR, LA, XFF Lena [€%, FCISMT 5834 HF
HAth B ,PSNR K42 T+ T 3 dB. X} F Remote Sensing
EIZ , FCISMT 3% ) PSNR R294827t T 4 dB. X T34
SRR 22 11 Peppers Fl Biker K4, A SR AT R L
THRFL 5T Parrots EME, FEIRRFER T, A XH
B E RO S, B A SRR A3 I, A SOk
A HRCR 22T TVAL3. BAGSR UL, AR SCE 7L A B 3L
HAR T s-HM, MH, TSBS-VB L}z TVAL3.
*3 EMEEEENKXEERA PSNR {E( $4I:dB)

REES Barbara Biker

KFHEFE | 0.1 | 0.2 0.3]04]01 02|03 0.4

s-HM  |20.50|22. 61 |24.86|27.09 |16. 98 |18. 43 |20. 26 | 21. 57

MH 22.7725.91(28.40 (30.72(19. 04 |21.22|22.39| 24.22

TSBS-VB |18. 86 |21.59|23.85(25.79|16.33|17.87|19. 13| 20. 15

TVAL3 |20. 60 |23.56|26. 08 |28. 71 |18. 26 |20. 27 |22. 07 | 23. 66

FCISMT |23.85(27.11|29.21 |31.10 |20. 84 |23.16 (25. 02| 26. 51

F 1% Remote Sensing Peppers

KHEE | 0.1 0.2 03]04]01 02103 0.4

s-HM  [16.60 |17.66|19. 09 20. 46 | 19. 88 |22. 84 |25. 72| 27.75

MH 18.00|19.94 |21. 23 22. 62|22. 44 |26. 25|27. 98 | 30. 53

TSBS-VB |16.42|17.16|18.55|19.00 |18.75|21.72|23. 82| 26. 40

TVAL3 [17.98|19.39|21.04 |22.53|20. 99 |24. 14|27. 60 | 30. 33

FCISMT |20.17 |22.31|23. 83 |25.46 |24. 09 |27.22(29.58 | 31. 61

4 Lena Parrots

KAE#E [ 0.1 0.2 [03]04)|01]02]03] 0.4

s-HM ~ |20. 80 |23.59|25.99 (28. 15|21.38 |24. 51 |27.56| 30.59

MH 23.2626. 67 |28. 80 30. 82|23. 32 |25.07|27.28| 29. 45

TSBS-VB |19.25|22. 44 |24.42(26.94|20. 98 |24. 09 |26.49 | 29. 55

TVAL3 |21.74|25.19 |27.58|30.49|23.12|26.21|29. 10| 31. 89

FCISMT |24. 64 |27.58|29. 58 |31. 11 | 24. 40 | 26. 22 (27. 99 | 29. 87
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(a) J51# (b) FCISMT (©) 1M
(PSNR =29.58 dB)  (PSNR =25.99 dB)

d) (¢) TSBS-VB (/) TVAL3
(PSNR =28.80 dB) (PSNR=24.42dB) (PSNR =27.58 dB)

E5  SRFER R0.30F LenalF4 14 & #CRXF L

(a) J5 & (b) FCISMT (¢) s-HM
(PSNR =23.16dB)  (PSNR = 18.79 dB)

(¢) TSBS-VB (f) TVAL3

(d) MH
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56 RREFR 0.2 Biker IS 1 E ZEAL X [
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%, IR m2 2. 96 dB.

N TR A SRR B AR 3R 4 i T AR L
X Lena FUSAE A [A] R AL SR 1 F A I (7], 3K 4
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(PSNR =20.17 dB)  (PSNR = 16.60 dB)

(d) MH (¢) TSBS-VB (f) TVAL3
(PSNR = 18.00 dB)  (PSNR =16.42dB) (PSNR = 17.98 dB)

F7  REERK0.10Remote Sensing {5 1) 5 ZE R Rt H

0.1 02 03 04
Sampling Rate

P18 AN [l SRAE T i L St PR 1 - 24 PSNR G |

AL ), FCISMT 533k i 3t ik ) s 1% HoAt 3305, -7
YAt [A] 4 0. 03s. 1d B XF 5 i 1k SR B v i 47
b, AR B ARG (4 5 A fEL

F4 BEEX Lena EIGEZREIXTLL ( BAL:s)
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TS AR
0.1 0.2 0.3 0.4

s-HM 35.24 55.04 75.14 94. 06 64.87
MH 3.13 5.04 5.37 4.08 4.41
TSBS-VB | 11.70 16.92 21.71 26.27 19.15
TVAL3 2.51 4.26 5.46 7.25 4.87
FCISMT 0.03 0.03 0.03 0.04 0.03
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