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Abstract:
RPCA method is facing the issue of difficulty to accurately separate low-rank information, as well as low efficiency due to

Robust principal component analysis (RPCA) is widely used in the field of computer vision. The current

high computational cost. To solve both problems, a novel RPCA optimization is proposed. Specifically, a low-rank con-
straint model is presented based on the prior rank information to improve the recovery performance. On the other hand, Rie-
mannian optimization, which projects the matrix into a low-dimensional subspace to reduce the complexity, is employed.
Various experiments show that the proposed algorithm has significant advantages in terms of efficiency and recovery accu-
racy in comparison to the existing algorithms.
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e SRR R R R IZ 4TI E] . 32 4 7T LLE ) FRC- pEPs | 0.038| 0.034| 0003 | 0970 | 0.034 | 0.003
RPCA AT BREA T/ NE MR I35 T is 4TI PSNR | 28.380 | 29.460 | 34.390 | 12.000 | 29.480 |34.410
#3 FBEIETE HumanBody2 MR S S EE LA RM
ik RPCA PSSV WNNM LRSD-TNNSR Adaptive-RPCA FRC-RPCA
AGE 11.30 11.14 8.67 104.31 11.12 4.20
COM 19.83 19.98 21.85 7.01 19.98 31.99
MS-SSIM 0.840 0.852 0911 0.117 0.851 0.994
pCEPs 0.0735 0.0717 0.036 4 0.960 1 0.073 3 0.000 4
pEPs 0.106 6 0.104 7 0.0592 0.980 1 0.107 8 0.004 9
PSNR 20.14 20.30 2220 6.88 20.30 33.00
F4 SHEELSEEIHR PR ETLL AL 05
RS RPCA PSSV WNNM LRSD-TNNSR Adaptive-RPCA FRC-RPCA
ArchSequence (n=5) 9.01 7.20 6.18 68.36 25.43 5.34
HumanBody2 (n=740) 581.57 551.02 13751 232.27 1 648.01 63.54
CAVIARI (n=610) 793.38 740.60 482.09 371.24 2143.12 80.43

3.3.2 ANKBE®BEZER

A SCKE R H A8 S 1 T I L 8 BH 52 25 B i
R 530 b TR K BA S 2Bk A9 RPCA B36™
LRSD-TNNSR 21! Adaptive-RPCA B3 Je 4 ™ %k
T RURN A B 1E W) 48 19 RPCA (Robust PCA using Noncon-
vex Rank Approximation and Sparse Regularizer, RPCA-
NRASR) 573612,

Bl AR R FH 64 5K K/ R 192 x 168 ) Yale B AR AL
PE AR [ Of ARk A R K B E I E — A
32256 x 64 AR P, B — B Bl — A REAR R F . Jp A
1 L 1 B S 0 S AR B 40 i, A B TR M A
SR YRR i, 38 i RPCA 332 1T LUK P43 LASE
ML B ok

NI UG I15% 2 BR i 45 S an &l 5 eos , B R PAT R
Pt ST DA R A R RE I B B SR SR . R SHIR T
B EIL RS AT ] . W] DUE A Sk AR e R
M BR B RS, (R 45 AN Bk 2 ) i BRSO R A W i 22
#E . AT LABH B At RPCA 559 Fl Adaptive-PSSV 532 [
Y 52 45 SRATH 8K 5 A5 3 B vT UL 1 BA 52 . LRSD-TNNSR 43

% .RPCA-NRASR %47 Fl FRC-RPCA B HUS T R
YA 25 {H AT AR 5 ) LRSD-TNNSR % il FRC-
RPCA AR 3 0y A 415 425, (H AR 5 7] U7
HI FRC-RPCA B35 132 17 B 8] 322 22 /1% T LRSD-TNNSR
SEE A A
3.3.3 #H=EEITF

AT B AR A A 1 T e R 5 R
SLER R A T Digits_3 Fll Windows PR BR AR HEE A
G FF AT 55 2 B i AT 5 [T 1) B S A A Pl 5%
Fr . PR i AL E E R, Ak A E R,
T B R — A B g, IE AT e B, il A B
Z IV ZRPEAH G . TR A6 A o FH v i A B e

MoG= [Vec(I]og,.) Vec(Izog,.) vec(lnogn)].
e G FF R PR RGN
arg min .S |
' (19)

st. MocG=L+S
LeM,

HAAN LT i AR A& N 1, BT i i FRC-
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LRSD-TNNSR

RPCA-NRASR

Adaptive-RPCA FRC-RPCA

5 SHRINIR EIRII5E L BR4S

®5 BEFEARPHERIWAETAE 07

. LRSD- Adaptive- RPCA- FRC-
ik | RPCA
TNNSR RPCA NRASR RPCA
Fisf [ 3.29 30.86 4.34 6.45 0.81

RPCA B WK A8 A 5 ) B AR PR AR SR JC R AE M A1
AR B0 B HIORSE BT 57 9 H A . AR SO EE T RASL
BE957 | Adaptive-RPCA B35 (0, +ADMM 5337 JL
Rl T BB 55 9 PR 75500

Bl 6 7 T LAYk 4t 12 P4 00 5 S 06 4

mmmm ww [ mmﬂmgmﬁulm nIﬁT

I %J% .' nm T » uﬂ;%ll!@'l.@!lr
'mm; | | «mm‘ullrl .m mm mm| /mm mm|
| 1m | f!lﬁl[l!ml}m lll

L&@Jﬂ@‘.ﬂ;}@@ m/m)jmm|mm mm @ mmmm ll_J
Adaptive-RPCA

R RASL

mimm! 'm rn‘Jmmi mm

R PIAT 43 00 R 45 LA 7E Digits_3 B08E 52 A1 Windows
BARLE T AL AR . Re G T &ANHILEM
MEAEE T s TR . FE Digits_3 8 4Eh , RASL A
7 F1 Adaptive-RPCA B3 2k 4% i v 21 4 358 43 (14 %o 55 &%

AHE, FRC-RPCA Fl ¢, +ADMM 5% () 5% 77 20 Wt 47
FHABS . Windows £ 4E H , RASL B34 19 X 5745

2L HE B 53 A7 7E T o3 SR BT B2 L 0, +ADMM 553 |

Adaptive-RPCA %592 il FRC-RPCA 539 1) % 55 % S 44
FeAE RS (H AT AR 6 7] LA H FRC-RPCA 84k (138
A7 Ao TR T A 5k

FRC-RPCA

K6 Digits_3 1 Windows & A e AL X6 55 5206 25 5

*6 SEEEHEEANFRBHISTRE P
Adaptive- FRC-
b RASL ¢ +ADMM
ik RPCA ? RPCA
Digits_3 189.01 289.01 781.27 108.72
Windows 112.34 162.78 672.19 67.33
4 Hig

T SRR G E B R T ONE R IR T

B PR BE 1 DA M ds SR AR SCHR T BT R R
SNIOE AW W SEVASY: 6B o102 a0 W L) i S, LA
DA 3Bk G 0K 5 5015 B o0 BRI A gt s TR R

ey FARBRSE B Mk 2 RE 7 . TR) B e AR RR AR 3K A
H#ZISXC%IA%;JM& ) BAEHE T FRC-RPCA 3%,

A 116 B St 19 0F 1) 52 2% 0 A O (min (m.n)”) W
O(r), TE I REAR 555 4 SR A 119 PR 40 57 H o, FRC-
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i o3 AR 2 AEREAL A 135 SR BB SR v, AR S
LA A PERER B, OF L7 NI R B R B
AL i [R50 57 S g R AR R B AL S I RCR, S is AT
MR bR B T S HT A RPCA 5k . SESiE W] 1
FRC-RPCA B2 7R Bk MY R AL 58 [ Rt v A7 SE 4G
75 BAE FRACR .
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