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Abstract: Aiming at the poor precision problem of video foreground-background separation based on traditional robust principal
component analysis, this paper proposes a new model called generalized nonconvex robust principal component analysis ( GNRPCA)
model. This model adopts the generalized nuclear norm and generalized norm to replace the rank function and /; norm in the robust
principal component analysis model, respectively, which can solve the problems of the excessive penalty for the surrogate functions of the
rank function and sparsity function existing in traditional robust principal component analysis model, and leading to poor approaching
degree. Then, the alternating direction method of multiplier ( ADMM) is adopted to solve the proposed GNRPCA model. Finally, the
proposed algorithm was used for video foreground-background separation. Simulation experiments were conducted, the experiment results
were analyzed. The experiment results prove that the average F-measure value of the proposed algorithm is 0. 589 2, which is 13% higher
than the truncated nuclear norm algorithm. And the proposed algorithm is more superior and effective than other video foreground-
background separation algorithms based on robust principal component analysis.

Keywords : robust principal component analysis; generalized nuclear norm; generalized norm; alternating direction method of multiplier

(ADMM) ; video foreground-background separation

Ik H 99:2019-08-26  Received Date;2019-08-26

* FATH i RUE B HOR F B IR 4 (YK20190402) VL7048 i A AAFH# T 130T H (19KIB510044) ([ 58 A SRR # 24 (61501251) (i
E 5 RH# 34 (2018M632326) (i 15 15 4% H A B K TRRAF T 70 AP GEYEE ( TXKY 17010) (2019 4F BE V548 1o A5 20 R 2 A A B U1 25
T E (BIHI2E H ) (201913112012Y) VLIRS 1< 3337 5 )2 IR AA B 3% TR RHIF¥ B (BRA2019303) (2019 4R EEVLIR 4 @ A4 H i T
7T #F BN (R B0 2019]3 5) T H % B)



Wik 2 2T SCAR M &R 20 20 W B AU R 7 5520 7 251

<
L
il

VUSRS 540 B AR S WAL b T ) S A6 i 3230
A SR EALISE 38 3 HARK IR0 AR A R
AT BB R . AL G IIRTEY SA B T
R FE X B 5 2 AT A B ) s IR A AR A
ViBe 5705 45 PEAE 208 WUIR 26 22 Il LA K% ot 5 it 2 T
FAE e M. 35 % 49 B ( principal component analysis,
PCA) B3k o Bt 0 A i) 5 38 T 2 32 ot
T, O IR ARG g A TR SR, I 0
LB HRT I B2 U2 3 Y Hi5RA0 35U T A R

T B 5R PCA BRI BRI, BB 3 A o0 B
(robust principal component analysis, RPCA )" ik #
FET 2 TR 553 85 o DB Y ot 55 it =2 ] 2
A SRR I W A MR R , DA 5% 5 oy BUAAAR 2> —
o3, T AR , 558 RPCA R UL AR AT 4 73 fifk by Bk
BRI 1, YKk, B 58 OO 0 7 S AR oA, %
4t RPCA A5 AT D)3 A8 X L I AR A0 2 4 7 AP AR A
il RSB AT A IR 20 AN B 5 53 o bR TRk eRBSCRT £
JUR AR SE AR SRR A, TE SR AR 0 3 R h 5 255 2
RIfZ48 RPCA [R]8J2 NP-¥E[a) R, — e LA K g

N YRGS RPCA [a) @, — i >R HIXF i [a) il i 47
A T ALY 7 s, T4 H T 3 B4 3B 5 ( principal
component pursuit, PCP) %:f(j&m] IR 4 BRI
B 1, JERCE U AR RPCA AL b 1 Bk R BRI 1, 18
B, WMWY, PCP B30k RR AT b A 3 bt ™ i 1 40 00
F S LR 37 SR T 572089

VLA, PCP B0k SEAS H 7 SR i AR 35 o BIFFE
Pob ERF TS R R BULA R S B, T
BB B AN 2, S BOULI R R T 5 0 AR RR 1 A
9o, folT A 30 A R OO0 e 7 2 A 2% , 5 B0 B 1 B T R
B HR SRR AR 23 B0 1, Y58, 7E i Sl fe b
23 [F) 5 XS R BT A A (8L, 2F 10 HE 30000 i 2 g S (L i
B T R 5 i S, A3 5O B 2 ok o 5 )t PAD A, 33 o 30 )
BT

BExd PCP Bvkny BiRBEE , A58 — HAE S
IR BOR T B R B, T AR P2 E AR K
B T Rk rg kR BN, Skl 21 ] $
(92553 f# (go decomposition, GoDec ) 535 IA Sy ML Il R 4
S FHH 5% FF 55 R0 M P 20 0, [m) I T X0 BE AL 52
(bilateral random projections, BRP) 381k i1 3 A4 A 75 5
SrEEE . A BRTE—E R bR T AR
GBS AU (E R AT Bl SRR Bk
Y[R 29 3 350 6T 8 Pk 0 2 R A R . SOk [ 22 ] B
TR AT SAETFAS 52 W0 R B 25 S (A B R4, B2 4 T

W AZ I8 % ( truncated nuclear norm, TNN) Bk | iZBE
K] TNN SRR PCP B3 v A4, B | TNN [
R ECE 6 T RPCA BEAY 1) Bk pR 4, (2 SRR T 7
S I BEFE SR L R o Sl A v T e T 0 B S8, X
— R AR AN R I N T TR 5 TR Y
SN, TNN SR RCREL = A PCP Bk,

T TR TR A pR R S R T A R
SR T o e R eR ORI RG BE, JF RE IS T SR AR R TR BE
AT TR 7 T s B TSR A 4 T A7 st 1) G % 31
TR R BT RUE I R Semk [ 23-257 38 H A
AE AR B AR JE 80 ( nonconvex nonsmooth weighted
nuclear norm, NNWNN ) 3 T b4 & 1 Fk pR 5%, UL EE 15 3|
TR AR R SOCR , 12 AR A T UER X AN [ 2 (B AT
ANTRESTALH B & 1 RUIRTH S o B ROR . o Tk
— LGSR R 5o B BCR, SBR[ 26 1R T LT
S I AR 7 e (L I L 51 SR A Bk e /M ) A,
H T JE MY K BE 5 55 49 f% ( nonconvex low-rank and sparse
decomposition, NonLRSD ) B ¥, Iz Bk —E R F
e UG T A B RO . SCER[27-28 ] $ i 1 —Fh
BT A 3E N OE WAL & 2] B AR Bk (adaptive regularizer
learning for low rank, ARLLR) ¥r {85, iZE B0 T
KIG IR, SR AT H 3 R 04 1 ) AR 35 4R PCP SR Y
L S A RION T IEIAR 25 MR RIS 43 5 0T
BUS TR RO . B R AR pR £ ) RPCA 5.
VA PR R I T P T g (LR S B FUR R
FHAR AT R K 3 WL I A [V 1 ok R 5 A s B, O 1
AR G — AR A R 0 ] e 3 30 ok R KRN L R
B, B LA R4 RS B X — ik i RPCA & it
BAY,

ARSCHE M T — AL T SR Y B B T A
( generalized nonconvex robust principal component analysis ,
GNRPCA) YRR 75 5 70 8 3o AR AR T
S %750 ( generalized nuclear norm, GNN) & 3T Bk 2R 4,
SERRRE — A TC At T B DR AR AR R AR A 1 251
AR BT S AH, 5 A% R BT T O LU R B 4 b 3 3T Pk
PR, SRS B SR B B R RRE I 5 570 S 803X
ST G M T A R RIS AR T AR
(generalized norm, GN) T EA LR G SCH 1 [,
TR, L 1 R AR R PR . AN SCER R ) GNN
FI GN 3] 2 B R BRI 1, 600 SRS 8 09 3F o i 1T B
2, 73 S AE B 4 M el RPCA 5 750 rb iy 41 A2k 6 I RS i
FEFE, e Ab, A 308 SR ] 32 8 5 1] 3¢ - 125 (alternating
direction method of multipliers, ADMM ) " % 45 t i 4
RIBEA TSR A% o e, %4 HH ) GNRPCA B3 0 47 40031 iy
o B B, S A R R W TR SO A R
LB



252 %/ L £ ¥ R

Fal1E

1 T"YIFELEBEERS DN

L1 [EOEEERS SR

FR AR OO A A6 8 L T S B £ % 0
SOt RPCA 0 o 0 Bk 5 SR 1, 055500 38 3 J2 A7 0
VL ETRCR AR, FTEL, AR R AT R R O
T f5295 RPCA A0 e (B 560 Sl B0 0 50 Ik
et BRI A B ER Y RPCA BURI T2
SR LR AR

S R g (+) PG L TE 0T B
PR Y, g (o (L) Y g (1S 1) (Hhi=1,

2, min(m,n) 57 = 1,2, ,mn) 5352 Bk o RO 5
JE R SEOR B | B 3 — B A T R, PR )
SCAR AR R E 3 B A T SRS SGE R, AR SCR
R SORRERCE UL 58 RPCA 5L P IR B 20 ROV oA
By, RIS SGEHORE UL S RPCA BRI Y
il o B 4, SERGR o3, 32 4~ A OE — ey
AR A TR .

ming 3 g(o (L)) +A Y g(|S])

s.tD=L+S§ / (1)
K g(o) R - R ZARN AR HAY IR 0T 42
PR o (L) JARBRAE RS LB @ A ar 508 S, g
M S OSSN TCER A, > ORS8RI SR
B A BT R AR 8 RPCA BEAY (1 57— i | oK
B ELE A HAE M KA g(+) S Logarithm pRELHT,

1 1
Bl = T iy > 0 BBEC TRA
(1)
N
limg(x) = limll()g(yx+ll)= lim Yr_ (2)
e e ey e ) e
Y
, _ppooslyx v 1) yx
LS G R )
LA
lim Y, ¢(0,(L) = rank(L) lim ¥ ¢(o,(L) = L]
(4)

lim 3 £C15,1) = I8 11 lim S (15,1 = IS,

(5)

VAT SRR SCRE R i) 2 e PCP AR v
FRAZIEROR 1, JERCE A Ok BREOR £, Fu ) SR i

oy AR RIS, 7 SO BULT- ARk R B — 2, | 3G

JUT-A Ly JERC—2 5y AER /D ) SOREROLT-

W2, ) SGEEULT A L k-2 bR )™

SCHAR M B I A TR (1) J2 L PCP A8E 0 T firohs o
B RPCA @A, HPERE IR . A i R AE SR A (1)
A FEHORTT RSS2, AT LR ISR 3 A oK i, LuAB 58
RPCA BRI 72 5y oKkt o ) SCCHR B (B0 2 e R R 1
(BS54 5 =2 TR R AR 53, T LAAT
B R (L P A i ) AT L ol L ) AN [ A, e
R IZAAE AT X RPCA A HZHE N /K
g(+) WM OEH R T 2P LE R M, B 40 Logarithm
TETTRREL, [, — norm(0 < p < 1) PIUIR 40 fi 2215
11 PR ( smoothly clipped absolute deviation, SCAD) | #x/>-
5 AR ™ FE 5 2R %X ( minimax  concave penalty, MCP) |
Geman 7E 5T bR %L Laplace & 571 50 80250 #80] LB 2
J7 AR AR pR KR, 3 28 SR o AL e R A A
RS R] LA o4 th i) SCHE B A 70 A B £
Rl (AR —FER02 2 g(x) = o I, )7 SCRERN N
JORL, )T S EN A 1, JE%, 4R Y GNRPCA B IUR
&k PCP f5i7
L2 I"XIEOEBERSSITEE

A SCR ISR J7 [ 6§32 (ADMM) = SR i )
SCAR M B F o TR A TR A

GNRPCA [a] 8 (1) XJ 7 (3G ) H A& B9 H R ECH -

(L,S,Y,u)=1 Y gla (L)) +A Y g(|S]) -

<Y, L+S-D>+% L+s-D|> (6)
2

K > 0 RIESIH Y ZHgMHRE T <, - >N
HFER N

HSE,EE S Y Flu, BH L, T4

L =arg{nin72g(ai(L)) -<Y L+S"'-D >+

ey , .
5 1L+S =D} =argmin -3 g(o(L)) +

1 Y 2
—IL-{D-8"+—|| (7)
2

F

M

KT XA 518 B (A ( generalized singular value
thresholding, GSVT) %4 F prox%( +) CORBL Sk H AT R
A5

Y
L' = proxg(D -8+ —)) =
‘ M

I

UkDiag(prox;;’(a'i(D -5+ ;%) ) ) (vH" (8)

Ko U IV XD = S + Y/, 452 SHAE 5%
Diag(+) S H B X BL 8 X A B s prox=( =) DA™ bR &K
g() MR 70, Hobp i R ik XL (9)
NS

Y
prox%(og(D -85+ 7) ) =
M



5511 kMg &5 BT AR B 03 2 BT I AR 7 5409 253
s BECLE ORIV K B 00050 G 45 5 45 85 00 2 SR S0 A7 A A
argmin g(l) + l-oc,\D-8 + (9) - i I 3t S L /5 BT J,
=0y 2 M F-measure {f 7 F o A ik WU AT 5 5% 20 B BOR Y JE B4

SRJE L BE LY Ml 5058 S, T8
k+1 _ . k+
S l—arggnln)\Zg(‘Sj\)—<Y,L "+S-D >+

Mo " LA
> | L* +S—D||i,=arg£nlnf2g( ‘Sj‘) +
My i

Yk
Shs-(p-re o) (10)
M
@RI AT LAAH 3]
k
st = prow(u -L"' + L) (11)
: Moy
B, SIS Y AR S w AT R
Yl =yt _M;;(LHI + ST = D) (12)
My = min(pp; @) (13)

A p > 1 AHBKEF.

25 LTk, R ADMM SR g4 1 %) GNRPCA #52
RO P EMALTRIT .

DR, BEAL > Oy > O > po flp > 1,

D .
JE
max( [ D5, mn ||D]..)

WAL, =08, =0 F1Y, =

RXHLE = 0;
2) WAL L ARES(8) AR AR L
3) BB RE S AU (11) HpERE ST
4) WA Y BER(12) Eas v,
5) SR p AR (13) TR R 5
i D -L™ -8,
6) il L2 I 21 o

AL, R, 4k =k + LIRIEDEER2) .

<107, 0

2 ZWERKSH

KT SR UEAR SR 8 ) SCAR T B L AT AR
TERUIRURT T 57 73 15 v 08 0 A A 300k o AR SCLL CDnet
BRSO SRR 1T AP A R0 X 5, e A% LA
HYIELE 100 WIHEA 705 ELSE 5, 11 S5 535 O « Blizzard |
Canoe , Highway | Office , Pets , Skating , SnowBall , BackDoor |
BusStation , Cubicle , Corridor, 4, & 7 M 42 H 225 1
SRR IR, ARS8 2R Y 6 AN SE BRI ] 37 S5 i A A AR
RIS AR T SRR Ak L% AN E N Ak
sy 6 A M, 43 i 24 ShoppingMall | Campus |
Escalator , Fountain , Airport , Lobby . [&] B}, & T ™ i £ H
Y GNRPCA B3R L%, 3288 L) NonLRSD , Godec \TNN
NNWNN F1 PCP S Jy % b3, I Al B R vk )
ANEIARATIEA T 005 B 08 , IFX S 0 28 R T LB AN A0 #T o

ARICN T RN TS , KA F-measure {HX}

b, Hgah U r
Fe 2rp
r+p

, P
A p = oo
TP

p 4 gy IR T A AR TP Ry i 5

MIIERRR 2 150G FP J2 FI B 1 5t s iR R = A4
BGFN b a5 1 15 5 R R 8. F-measure
EA T 0~ 1, BOE R, R WAL T 5 70 B 1 0OCR
HLF

1.25

GNRPCA B SHE N p = 1.5 = I
2

(14)

O ER AR T A E R =

1
v/max(m,n)
FERFNEL, 1T r BB RROR, 8 T TR S5 r (1
1, W PR 7 9N 7 = C | vee(D) || ., , it A%
SR C RIS H + W, b vee (D) FoR XM D
AT AL, SRR C =181,y = 1 BFASSCHE
B PERE AT

1T GNRPCA 84 rpr i )7 SCAE AR EE R 4 g (- ) -
R™—R " HEG RN A0 GE R T L AT,
T A X RE AT R A AR 2, 19 4 Logarithm 78557 pR %K
Ip- = norm(0 < p < 1), SCAD FESi] sR % MCP FE pREL
Geman fE5T] B Laplace FEST BRENSE , A T BURIEAY
JE M AR SR AR, ZE A SRR R A AL T, SR AN TRI AR
TS RRBO AARHEA T T 57 23 15, AR SCLL Highway #L43
A ) J R BT A AN TR A T T eR R ) AR 5
HIRACR , He F-measure {HANFE 1 7R

1 AEESIEEN F-measure B
Table 1 The F-measure values for different penalty functions

P = 1071 = He m n 55 R D Y

Ak M AR e A F-measure {4
Logarithm 0.750 2
Ip- * norm 0.7312

SCAD 0.7351
Mmcp 0.690 1
Geman 0.748 5
Laplace 0.696 1
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Fig.1 Comparison of the video foreground extraction experiments for CDnet
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FSERR N S5 6 AT 5% 53 B AR 1Y F-measure
{B, 43 BIUNEE 2 F 3 iR

MF 2 0] LUE H AR SCHR B9 GNRPCA B8k X6 &4



514

Pk 25 BT SCAR MR 0 o0 BT B ARSI AT S0 255

(a) JRIEVSR (b)SZFRATH  (c) GNRPCA  (d) NonLRSD (e) Godec

(f) TNN 2 NNWNN  (h) PCP
(a) Q(rjiginal (b) Gr(ﬁund (¢) GNRPCA (d) NonLRSD (e) Godec () TNN  (g) NNWNN  (h) PCP
video trut

P2 TR S AR SRS X H

Fig.2 Comparison of the video foreground extraction experiments in actual application scenarios

Fz2 FBANEEIT CDnet #USA4IER) F-measure &
Table 2 The F-measure values of different algorithms in

CDnet video processing

F3 BANEEINLRNAHEWINLER F-measure &
Table 3 The F-measure values of different algorithms

in actual application scenarios

Y4 GNRPCA NonLRSD  Godec TNN NNWNN  PCP
Blizzard 0.7309 0.7092 0.6710 0.5248 0.6874 0.6648
Canoe 0.3464 0.3062 0.3041 0.2022 0.2965 0.2359
Highway 0.7502 0.7172 0.7083 0.5842 0.6204 0.5161
Office 0.6835 0.5128 0.5854 0.4117 0.4952 0.4842
Pets  0.6128 0.5394 0.5176 0.4801 0.5395 0.5368
Skating 0.6296 0.5792 0.5613 0.4005 0.5909 0.5109
SnowFall 0.7015 0.6500 0.5373 0.4808 0.5028 0.5428
BackDoor 0.6403 0.6149 0.5582 0.5594 0.5799 0.5397
BusStation 0.5702 0.568 8 0.5594 0.5228 0.5408 0.5302
Cubicle 0.5395 0.5004 0.3472 0.1749 0.5313 0.4269
Corridor 0.5262 0.5039 0.5215 0.3844 0.4777 0.4209

SLEXF 4. GNRPCA NonLRSD  Godec TNN  NNWNN  PCP

Shopping-
0.5913 0.5847 0.5822 0.5771 0.5857 0.5685
Mall
Campus 0.3244 0.2990 0.2003 0.2446 0.2874 0.2540
Escalator 0.5657 0.5591 0.5301 0.5404 0.5560 0.5417
Fountain 0.6534 0.6310 0.4283 0.6409 0.6508 0.5997
airport  0.606 1 0.5779 0.5943 0.5602 0.5598 0.5383

Lobby 0.5438 0.5373 0.4964 0.4983 0.5340 0.4770

PUABHTH 5770 B BN Y F-measure 5 T8 b H A,
fl4n, GNRPCA 533k Xt Highway 1 451 fif 9 5t 7 B HY
F-measurefti & 0. 750 2, [t NNWNN & 0. 13, [t PCP &1
{71 0.24; GNRPCA 55 7 X Office ¥ 43 1} 75 5% 4 25 19
F-measure {f & 0.683 5, [t NonLRSD % ¥ & 0.17;
GNRPCA By} Skating #UAT T 5677 55 H) F-measure {H
7 0.629 6, [t TNN & ¥: &5 0.22; GNRPCA & 3 X}
Cubicle fLA5 i 75 5 47 B B9 F-measure {54 0.539 5, ¥

Godec 35 0. 19, [k TNN B 5 0.36, GNRPCA B
%f Lobby #AH R 5 43 B 1Y F-measure {H /0. 543 8, kb
PCP & 0.07,

25 L RTIR  ASCHR ) GNRPCA B33k 1 DUAT 7 55%
AY BRI T HA T RPCA MUAF T 5 50 B4, X
WK1 2 e BOR — 3[R, B3 3 S8 BR
5B F-measure (B 152502551 W B 1A SCH
HH % GNRPCA 53032 HA BT 1 S BRI FHRICR:

ST Ui GNRPCA S5k (] &2 4% B i) A b | S50
SNGETT T AN RIS R A S B AT A T I 5 0 B Y I
], e 4 A5 s, Horp gk 4 B &4 CDnet
PATAL BB AT 8] L35, 2 5 B R A A B xS B
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H, Toie & CDnet MU, i J2 SC BRI 4 5 AT, A S 4
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NonLRSD \TNN NNWNN #I PCP & ¥ 915 /7R e, HA
BARART [R] 52 24 B, Bl 3% 4 b, GNRPCA Bk X Pets
PR A B — Wit A - S A B[] 5 0. 444 7 s, L TNN Bk
Hr0.9 s o4y ;355 o GNRPCA ByExT Campus AT
— - 5 Ab BRI R A7 0. 010 8 s, b TNN Bkt 0. 03 s
it

x4 EANEEXT CDnet 34 B KB MWUS TR 8 BL
Table 4 Comparison of the running time per frame of

different algorithms in CDnet video processing (s)

SEGRT4 GNRPCA NonLRSD  Godec TNN  NNWNN  PCP

Blizzard 0.5140 1.1337 0.0741 1.5358 0.9199 1.2065
Cance 0.0700 0.2358 0.0138 0.3061 0.1877 0.2919
Highway 0.067 6 0.2145 0.0137 0.2805 0.1852 0.2425
Office  0.1748 0.2302 0.2512 0.5630 0.2029 0.2662
Pets 0.4447 1.0790 0.0852 1.3615 0.9477 1.1301
Skating  0.262 9 6574 0.0394 0.8371 0.6084 0.666 1
SnowBall 0.510 5 9805 0.0757 1.3994 0.9021 1.2317

Backdoor 0.182 0 2088 0.1045 0.2833 0.2044 0.2297

0 0
BusStation 0. 100 7 3297 0.0235 0.3306 0.3134 0.268 2

Cubicle 0.106 0 3475 0.0291 0.3682 0.2483 0.3063

© 2 o o o o

Corridor  0.096 0 2146 0.0549 0.3363 0.2408 0.2459

x5 BNEENEEREAFHS AR BN TR B B
Table 5 Comparison of the running time of different

algorithms in actual application scenarios (s)

SEGRT4 GNRPCA NonLRSD  Godec TNN  NNWNN  PCP

Shopping-
Mall

0.0151 0.0262 0.0033 0.0443 0.0336 0.034 4

Campus 0.0108 0.0425 0.0035 0.0472 0.0410 0.0321
Escalator 0.0287 0.0398 0.0034 0.0415 0.0332 0.0350
Fountain 0.0187 0.0366 0.0035 0.0493 0.0338 0.0325
Airport  0.0297 0.0423 0.0047 0.0756 0.0330 0.0413

Lobby 0.0185 0.0309 0.0029 0.0414 0.0335 0.0333
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