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Sparse Representation of Robot Image Based on Dictionary Learning Algorithm

GUO Jun-Feng! LI Yu-Liang'

Abstract Aiming at the problem that the time of dictionary training is too long in the process of robot image compressed
sensing (CS), a more efficient dictionary learning algorithm is proposed in this paper. Through the research of MOD,
K-SVD, SGK and other dictionary learning algorithms, we start with the number of dictionary atoms involved in the
update, and change the residuals into multiple atoms updating at the same time. Then, we can update the multiple atoms
of the dictionary sequentially by using the least square method. The algorithm is to further improve the efficiency of
the SGK algorithm, and to reduce the computation of single iteration. The experiment results show that the improved
algorithm can effectively shorten the dictionary training time under the premise of ensuring sparsity of the dictionary and

the quality of the reconstructed image.
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Table 4 The quality of the reconstructed image with different numbers of iteration
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40 = T T T T T ? N N
——KSVD A YEAENTY 14.8 %M1 SGK ByERY 74.3%, MR T
—a—SGK e N S —He SN N 2 ‘
30 ASTE ya THRE IR, 8 T 73U i a).
301 a,»/ 30, r
@ - ——K-SVD
=251 e AN —e—SGK
= & 250 N\ —— A
oot 7 \
I & Y
%< 15+ /// %) 201 T ——
gy - N T———— s
of 1 Z st
/// ~ 4_,_,_,_,_{) -
& s AR Ei
o i l =0
0 h L ! | 1 1 o
3 6 9 12 15 18 21 5 e
N S VA g L T B
AR EL T - o
N N “ N e S
P4 RTEEAR BT 15 iy > I i) 0 , , . :
Fig.4 Time consumption of dictionary learning for 10 20 30 b fﬁz’l% 50 60 70
T ZE

different iteration times

X 7E - diag o) Femb b A A% 46 EE A B,
- LR S K AR VR BICIG BG f AR  BE  $R
. R 4 W AE M, ASCEIEM T K-SVD &
¥5. SGK Jyk, HEMGEMYCR T8k, 456K
4, FEIEAR BN R LT 0] ARG AR SCHEAH L
TAE G T vk, HE M R % 5 A R H o s > 308
H TR B .

TEPL LI 5, MRS 1 52 M FE AL A Mg o
T EE R R, F U285 20 0 5 Ok R A
BHA—E AR, B 5 FIER 5 L DA AARTE
7610 < o < 70 w1 house B NBFFENT
%, TEHASM S Z BIAHFEEOUR, @ XN F R
MRS T A A M ) SRR A U e ) 0 R 45 SR AR Y
AT F A IR UEAS SCREYE R A 3.

Bl 5 ATAL B A MRS AR HEZE AR K,
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AL T LI St 8] 4R BH AR T SGK B¥E. FE
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Fig.5 Time consumption of dictionary learning for

different noise levels
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Table 5 The quality of the reconstructed image with different noise levels
. K-SVD i SGK 7 it ARSCEE T

4 PSNR (dB) MSSIM PSNR (dB) MSSIM PSNR (dB) MSSIM

10 35.9741 0.45381 35.9440 0.45390 35.9620 0.45430

20 33.2254 0.34207 33.1664 0.34219 33.2006 0.34282

30 31.3615 0.30139 31.2992 0.29996 31.3157 0.29984

40 29.4226 0.26534 29.3889 0.26387 29.4074 0.26427

50 28.0932 0.23598 28.0699 0.23470 28.0908 0.23485

60 26.8134 0.20862 26.8110 0.20815 26.8230 0.20744

70 25.6137 0.18573 25.6164 0.18493 25.6238 0.18591
RO AR BRAS EAAR WIS B X E R = R R R 4 B K-
Table 6  Reconstruction effect of different image signals SVD. SGK FIA e & yE:- T 1 4, i35 250

\ » lena %5 3 K& Sy AH[H.
R R WWe) MO PSR [ 6 (a) AN 7 o ol T AE IR BRI B R A
KSVD 1833162 021010 258505 g gyt ICMBTR S AR, SRR
lena SGK  3.801636  0.26863 25.8154 15 V5 73 T g 5 0 R 5 )1 2 0 R T I b,
A 3102337 0.26916 25.8230 M7 3] 7 VAR UL, A G ERAE A BN 1 DL
K-SVD  19.244135  0.35640 26.1407 T (MSSIM 2z R 0.001, PSNR 2= gE R i
peppers  SGK  4.141303  0.35574 26.1445 0.02dB) A SCRIETCIRAE WP R rh AR S0 7 oy >
AICHEY 3.092842  0.35545 26.1353 ﬁﬁ%ﬁ{t?%{ﬂz?ﬁﬁ%qf. EEIEI G(b) A2 7 EJ%
CSUD 104389540 0.35642 25 2067 EA 1 IR EE el 2 P, EAE R —)
' ' ’ ikl MSSIM 2R AN 0.001, PSNR ANt
barbara SGK 4.114145 0.35763 25.1997 0.02 dB, Zlijcﬁi‘}%?i,ﬁ\iﬁll%%ﬁa‘% K-SVD %:g/zﬂ(]
AR 3.197942 0.35774 25.2009
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Fig.6 Comparison of image reconstruction effects in natural scenes
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Table 7 Reconstruction effect of image signals in different natural scenes

A (s) MSSIM PSNR (dB)
ik K-SVD SGK AN K-SVD SGK AR K-SVD SGK AR
(a) ] 20.196063 4.470679 3.958860 0.35006 0.35036 0.35019 26.3382 26.3285 26.3339
(a) B 19.138866 4.303163 3.779787 0.25134 0.25155 0.25157 27.0640 27.0637 27.0611
(b) W 1 19.294378 4.068634 3.263159 0.29148 0.29095 0.29066 25.9845 25.9772 29.9781
(b) ¥ifa 2 21.498433 4.167165 3.233882 0.30110 0.30121 0.30176 28.2839 28.2803 28.2971
(c) ¥ 20.856516 4.534554 4.031721 0.35926 0.35839 0.35854 26.0795 26.0734 26.0601
(c) HoH 18.319955 3.874162 2.932584 0.41004 0.41013 0.40993 29.4348 29.4386 29.4385

WA RGBS, B (@) B (2]l —1) YE - WIFRIERIA
%:’ artowk(artowk)T /ﬂég 2‘("‘)’ - 1 U\Lﬁ: —JZ/[:«FEQ
o0, (@l JE AU, SRS i Tscic = 3 2mm [€+210 ~ 1 =

5 o (@) ") BT n SR AESE L7 L
SRR VT AT EH BT Jo 0 +2(0)] 1

RIF USSR 2 SER AT RS I I 51T o A ST H 0 59 7 0 4 91 SR T

2nm*N +2mN — K (17)
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1
T =2nm?*N < — 1> +
T

2mN(r — 1)+ K(2+71° —n) =

7936128
T 41240027 + 25612 — 8044 258

(19)
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ANF, B Ta < 0 UEH 1 il 3 AR SO AT S RE AR T
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