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Abstract: An improved algorithm—BHZ-MoG of Zivkovic-mixture of Gaussians (Z-MoG) based
on block histogram feature is proposed to solve the problem that the background subtraction has a
high false alarm rate in the mixture of stationary and non-stationary scenes. Observation vectors
for image blocks are designed and blocks are classified into static, dynamic and half-dynamic
blocks according to the statistical regularities of the observation vectors. A method that combines
the observation vector and the classified information of a block is presented to extract block
histogram feature. Block background models are constructed and updated from the combination of
7Z-MoG and histogram features. The BHZ-MoG can effectively reduce the high false alarm rate of
7Z-MoG under dynamic backgrounds. Experimental results show that the precision of the BHZ-
MoG is higher than that of Z-MoG while the recall keeps the same. The maximal Fl-scores of the
Z-MoG is 0. 758 and that of the BHZ-MoG is 0. 790, and it shows that the proposed algorithm can

provide better subtraction results.

WA HBA: 2014-06-06,  FEHEFE A XIKRR Q98— B Wl +A; MFEACGEEER . . MEKX. EHLWH. BEXT
ZORCHMRE (513160702) 5 g i AR BBl 55 9% & I8 4 BT B 3 H (K5051303013, K5051303014) 5 i1 2% 58 TR K 473 A BR
2y v BIF 9 5 4 e B0 H (HX0114030318)

[ 2% R TE] . 2015-01-07 % 2% H B L . http: / www. enki. net/kems/detail/61. 1069, T. 20150107, 1647, 002. html



26 [ . ]

Ko

R

1 549 &

Keywords: background subtraction; image block classification; color histogram feature; mixture

of Gaussians

T 50 R R DR 22 AL P 0T ) R 1Y) il 2D
B, H AT TEVE 2 A8 [F) 1 0 25 1 St B 07 vk L 49 i
4 B B B AT (mixture of Gaussians, MoG) . %
AP ViBe™ A, A X 8h A& 7 5 b AR S
Zivkovic 1y IR & & W #5 B ( Zivkovic-mixture of
Gaussians, Z-MoG)"™ [H fE# 4 Hb /3 E F 5795 &= H
Ao R R M T Iz A AR SE R A S
Hr BRI T2l A 9 5O R e = . 4t 1 2 Ok
PN TR ST SR o B O vk . SCERLS TR BIHR
Rl 3 e 33 A — Ak Ok B R B e i AH S A
T 552 B2 2537 5 o3 L AH 3 R S5 R BRI . S
BRE6 1M HT A A F% 8l 7 B BB IS T A I ROCR
HREXmEREN A R, CRL7T-8JHIREG
e TR B g R B QIS ek, Il R TR BE AL AT
BT 5000 & B R R 1) A2 2R B 2 R T . SOk
L9 I XF PR 43 ot 345 45 115 S5 XL 1) 43 7« 7 5 7K AT K B
ML 4y B AR 25 38 3 v TR A B R E A7 15 e g A L (1
T —E LR LRBRT M EE . SHAT AR
P E B A S B0y Bl R S AR AR BT
5o H MR R R R IR G S ST RN
i Ll

DRI JT AR IR & S AT R AR AR R 1)
U, AR SO TR P S i AR R 2R A B AR
TE T 3T Y BEAIL R AL 5 5 AT o SRR 1 1 B WL ]
it AR A B LI ] L RS B A RS RS
SRR R T O R hRUE L IR A R A
TET S P Ty IR EARSS G B9 IR A = ek
5 (block histogram with Zivkovie-mixture of
Gaussians, BHZ-MoG), £ £ B, BHZ-MoG &
2] LUA R miR G 7 5 h il S E I ROCR

1 Zivkovic BIR G i Wik At

AT AL 35 5% Gy FHT 5 Gr o x” RIRE i
i %) B.4%2 & HSV Chue, saturation, value) & {4, %5 [8]
SHEEAE . PRSI R B T 2 i WY i [
K WL =T 00 T TR X,

xR R x NG

:{x . X y oo
M MM<DO A~ Wi o AR R oA WA

M
P(x|X,.Gy,+Gy) = > x,N(xsp, .65E) (1)
=1

S P AR s x FR BT R

http: / www. jdxb. cn

http: // zkxb. xjtu. edu. cn

G E v, S3 BIERIR G m A i 07 43 ik 0 2 (1 L
J7 ZEREIE R A R B
Z-MoG gt 5 an ~

T < 7t + a0 —1,) — ac, (2
B, +0Y /7,8, (3)
64 <64+ 0, (a/n,) (858, — %) (4)
61” - I“) 7;"/11 (5)
D% (x) = §18.,./6% (6)

o 1, if D%(2) < Dyubaten
()NI[ - (7)

0, HAth

b
B = argmin( X7, > 1—R)) (8
1

m=

KO & xJ& T 55 m A w20 5 A B R o
PIEER S RO L] DN O B o o R = QR
¥ B IR TH S R, SRR BT & . s
7, <20 T B 555 om A v 307 34k

2 B A TR

Z-MoG 73 FI# 58 SN HOR B o B h 85
S IR R AR A 5 L PRURR AR i 0 1 25 o I o
BaPER 22 . o IS AT S i R AR It A
Bf B AT 8 S P 28 R O AT R B
REAEIT - OXFsh 25 sh S e 45 & B B 07 B B
CHFIES Z-MoG #E4T 15 5t 703 s @ X # s e
Z-MoG #ATH 50 . %Ak i PR 2 48 Dl
SBR[ 2 X B AEAT 52 s QMR Yl BT L A
PRI 16 S 3 380 Bk ) 107 AR AE S 545 Z-MoG
FHENVE 5 AR )5 0 ) % B @ AR AR & Z-MoG i A7 T8
o BIRRAEME 1R,

YNGRV | ¥ 46 1k I 5 ﬁ%%%%

Z-MoG, it Hik
SRR 1) & A
HTHRETTE EHFRA | 57
% %EEZ-MOG @.’P‘fﬁ'—ﬁ ﬁ»
Ji ik E R H Z-MoG

1 BHZ-MoG ¥ & /-8 58 k m  E

2.1 HRERNHRS X

UG ER 1 B5RI N, XN, BN, =
10 NP 2 . 58 S IIRAE R o & B (el — 2
HO (VLI ] Ay v = (0 x0T e kT

1 "T—1




52

KR R 55 B ARG 3 AT ST # 27

Bl 0 G=0, 1,0, T—= D) NS c—i Wi Hi e He 5l
i BEHLRAFE A BV AR AR o (9 SRR R HSV = 8
. BSHWOY 17 0 X" 5107 s DA
XL s PR (0L i 5 7 PR 0 TR

flx™ —x" >
9

1,
b}gz) (Z) —
0, HAb

A& B BUE D 10~15,

100 300 400

200
(DB ¢ ey — R UL 18] 4 53 A
2 T E B L A A

Kl
SEX BT RN G - AEHFA Gow . CHITE

TR CHT S B LT AT RS S %
BT S5 AR (] A ABE 5 A R T O () P B R IR
BE X AL A vl R — A X U
S EHE AR

Pix " =x" | x, € Gy} >

Plx " #x, " | x, € Gs)
B0 3 A5 5 S AN BT BE I )2 AR RIVBE SRl

Pl #x" [ x, € Gu) >

Plx” =x" | x, € G}
DRI 0 o R FH 080 1) b f 0.1 A, T DL AE —
SERRE B E T R B AL b | R b
hEh T RR RN

MRS ZAROULI 16) 4 b rPOTER A 1RO L A

2 25 B 2 3 25 e 5 0 A5 B — (0L 1 e A 48
TR, W T AT RO S R ZE s
Heerb 3 2515 FHAGFAE IR 23 I 18] 3 B o B 1 LE A1)
— AR E R C AW [ i b e R
P RNNE R S N O

(R4 361 5

http: / www. jdxb. cn

http: // zkxb. xjtu. edu. cn

P (i) =1) =C (10
R QO b7 TR TS H S G R
S

1
ECI b | )= DIEWB () =TC (1)
MDA || b || oc TL I 25 C — > {8 (L
o 1/2) BRI X 4 gl # A B (B 2b RS o 1
PO sh A 4750 2 R L sh B B, TThR 5
HERAYO .,

PR RS T A B T R (L 20) , ff 45
SR b || o/ T T8k i 540 W @ 25 He AR g 1 40 43
AR B A /I o IS AR 43 B ) £ 58 4 7w L (A8 by
LM 1 Bk 0 K E (LK 24 L5 A by (4
£ FLJG HE 5 A TR VO I 288 1) 2 S 1)

b, (i) =] b (2i+1)—b" (20) |
i=0,1,,T/2—1
R (| b, 1|y S FAE b rh AR 4B HL G H A2 A 5 0L

A ) sh i 25 2 ) 22 5 2R, 38 5 50 0 W vl kbR
MsEENE. KA
P () =1)=2(1—C)C a2

a2
EC|b || ) = ZE(b’k(i)) =T —0OC (13)
A (1378 | b || v oc T Bt HE 4 C — A B,
B[ AT 2 B AT S A i 1Y 52
AT FATHE R b P8 B P — 8 o R X R e
EXREF B LK 2b), 232 S i ul g ) &
b 1 0.1 K 2 a) b s B, DRtk el = (13D m] g fif
B || /T 3 3k L R S i) L B 2 s s e
g LT B R | b |/ T<<1/2
Hol o [ /T<<g. M55 r #AR 5
1 1 =g b [ RS bk £ Ry shZsHe; w0,
BI(E & AN 37N 75 D) 25 DR MR s 7 A R ), Y
AT S P g R T 1/20 BB C>1/20 AF
DX MRS, R (13 45, h, =0. 05, & LA T 5
BT i B el R F 48 F 3/4, B C=3/4 Jyshd sk,
QD A3 hy =4, H4r245 5 WKl 2b,
2.2 S#EYEFBESFIENS EEE BHZ-MoG
L5445 BB T BURRAE 0T BRI Z-MoG #E s & B 5
F A FA R, B HSV (02 (8] 2 4] ALk
HE R m WEITE h Bomsi H, [ FmH—1b
BEC A HY =Ry shy o he ) R B B FRAE
EHBMENENT 200 FO D) ={f1afosrers fu)




28 [ . ]

Ko

R

1 549 &

TR LI 1 vl B0 — Ak 7 TR A o T
1T, B & BEALRAE T A & s I FEmi S
BT FG 0= foses )
T BRI B e B UL ) v ) T A
Bk BYBEALRAFEA B sy B B AT
— B0, T 3 A AR (R I S ORI
HAL A B EEEIESE HY BB LN f >
1/ D7 anfi>1/ D) aa, =1, h, € HY .

i=1.f,>0 i=1,f,>0

ok Zh 25 He b S AT 5T B H BN
ek 1 B 7 EVRRAE T 1 R B B A5 T S0 B 400
PR B A e 4k 2235 73 N, XN, A 2w,
TR 0 AR PN v s ]
BN w, BRBE & v 5 sV HETT A A5 8] TR
ey Fn2) 5 F(si™P) . P PEEERDS %
Berp B oRAE oA T/NL™ SR BE SRR 350, RFE B
AR B TN S 3 B4y PR UL 2 B0 25 B ) 236 R AE
W R AR £,>0, >0, 0 b, € HY

25 LT T R R B AR IE R S S
H={h, h;soh.}h, BWHIE R d P E R &g R
Pen s B, e R 2 x ZEas ] T B i ot il
SRR AR AN B M (M<<4) .BHZ-MoG 1§ 543
HBH LN € b, A b JE A KA S, W
ey —dM/8, ¢ +dM/8], 2V € Gy A
F 2 (8) i A7 H1 1
2.3 BHZ-MoG E &%

B S B x D < x5 LI A R
TARAR v = {0 2”2y e 2T
v v TR B B £ R AE 4R

H~<~ H” +o(H"" —H")
PR I o 2 BT 7, AR 26 B0 BB A 19 R A5 L 2
hy WIS R T 0.9 W, B ARAE AT 15 .

3 KBS

S5 ) M LA 5k SABS-BASICHY [over-
passt'? falll'® Fl watert™ , A2 AE AMDA4400 +/
2.31 GHz J1 55 0L I fii Jil Matlab {fj 5, S8 Z-
MoG ZHHH SCHKL11], H o «=0.001 3, Dytanaten
=80,R,;=0.1,¢,=0.01, RLH LIRS T=800
Wi, Ny =10, N, =6, =15, HSV i {4 %5 [a] B J7 &l
Gy 512 H. AR SIE WX L S MoG, ViBe,
G-MoG" | T2FMRF-* }; Z-MoG,

S5 DRI S0 I DS bR - R 2 B SR Ty
T X BHZ-MoG k45X e B 047 1 . X gt

http: / www. jdxb. cn  http: //zkxb. xjtu. edu. cn

J¥%51] SABS-BASIC, fifi i £ 4= 5% 5 % iff R WL o€ R
R K FL A0t e g 25 S sl 3 fk 1 i
TR R SR AE AT R T Y A, MoG, ViBe,
G-MoG ., T2FMRF ¥ DL 44 §if 5 A& 4 % AR .
& 3 Al M R AT 0.7 BF L R R AT v
RESEBCR R 1 Z-MoG fil BHZ-MoG W] D7 3515
EA AR 0.9 AR, RIS E S A RERCRT
0.7). T BHZ-MoG X} 1§ 5t g | i & b 432543
I6 o DRI LA 2 v A o R Y R L O R R AR A A
Kl 3 ot BHZ-MoG ) #r 4 R A e R fh &k T Z-
MoG Z b R A] SiE s 4516 . Wi SCEkC 11 ik, f H
K FL BT 28 60 Bk ar st BIACR . 3R
1 a]H1, BHZ-MoG B 3% v] DL A5 3 48 4 19 7 5% 43 #1
ROR

1.0 PR-Plot
o —te—a g
0.9}, i
\
0.8F "
0.7 i
0.6 )
L 13
#o.5 1
m ) |
0.4t —&—MoG N %
——G-MoG \
0.3f  —ViBe 0\
—-—-T2FMRF
0.2} ——Z-MoG
—e—BHZ-MoG 4
0.1 \ \‘Q
[

0.0 Ol.l 012 OI.3 0i4 015 016 017 OI.8 0i9 I.O
BHEER
B 3 4% 0 A 4 SR A R R A
21 BHZERKXF] o4k

PN
MoG  G-MoG  ViBe T2FMRF Z-MoG BHZ-MoG

0.799 0.763 0.761 0. 655 0.758 0.790

25 0 AT 51 ) T A 4 R S ARk s B
FELLE A 4 MR 2 ron. WK 4 8] Hl. MoG,
G-MoG \T2FMRF 83 76 B AR 1 A1 5 a2 1 (7]
BTS2 7= A v . B A2 MoG e 7 43 i ik 70
G-MoG 5 T2FMRF 533 F| H B /K 0l K B AL #F 17
(LIS 2 =7 o o 115 = Rl < 1 S s e B
BB R AE Fw, W R E R &, ViBe §
Z-MoGFa 1 38 i3 38 75 55 43 o B8R DR F 115 5% i o
% B R B, BHZ-MoG 1 T FI I 8 # &
P26 il e 1S T 2R T R [ IR B 6
BT ERAE  BEAR Zh 28 B e A £ & g, &l 4
R, BHZ-MoG 33k nJ 78 AR 15 45 5 4 1 5% 11 Sk i




InputFranme

(c)fall (e)GroundTruth

(h) ViBe

A &

(1) Z-MoG (k) BH-MoG
B4 RN EE T 2% 0k 1 S WUASOR HU R

Al

http: / www. jdxb. cn  http: //zkxb. xjtu. edu. cn




30 [ . ]

Ko

R

1 549 &

AR K AZ B A R TR I S T8
B ARBE. BT 4a h 3 59 SR B B 4b,
Kl 4c EF’ZJJ%E*%TT“?(% ZJJ K1 BHZ-MoG 5
B EE AL b . Bl Ad W sl 2k
A 173 i, 24| ’%%'Pﬁiﬁﬂl&ﬁf X)u(ﬂﬂﬁiﬁ*im
B IR BRR 47 3R 38 s A8 S A 50, K
IR RI R MRS, R 1 Al AL AT MOG\G‘
MoG.ViBe 5 Z-MoG, BHZ-MoG 3f /A 2= K i 3% fin
b SR ], H AL B BE it T T2FMRFE 5 G-MoG.,
JEAE T T2EMRF 5 G-MoG | ] i 8] 52 4 BE 4%
1o 1 B oK ] 3k B AL 37 B AR R 4 FV T S T BHZ-
MoG 2456 ¥ i 77 BRI 5, 9 B A il &
P LA RAE — MR R AT R,

2 B Sk WA 22 e A s AR

PfL b PR 8] /s

(=873
SABS overpass fall water
MoG 0.149 7 0.023 0 0.089 1 0.029 7
G-MoG 0.932 1 0.134 6 0.447 9 0.163 5
ViBe 0.151 3 0.023 1 0. 089 6 0.033 0
T2FMRF  0.748 2 0.106 8 0. 346 3 0.1257
Z-MoG 0.155 6 0.023 7 0.091 4 0.033 7
BHZ-MoG 0.173 2 0.026 8 0.104 7 0.038 0

4R

ASCE X Z-MoG MR G B AT = B E R &
SRR 7 NI DA E DU N B v = N i N 73
THRERDS LS LR, g T
7 [ B8 R A 5 Z-MoG M 454 i BHZ-MoG gk i#
B B ] DU o R 0 i A R

NGRS i)t

B E 3.

[1] STAUFFER C, GRIMSON W. Adaptive background
mixture models for real-time tracking [ C] // Proceed-
ings of the IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway, NJ, USA. IEEE,
1999. 246-252.

[2] KIM K, CHALIDABHONGSE T H, HARWOOD D,
et al. Real-time foreground background segmentation
using codebook model [J]. Real-Time Imaging, 2005,
11. 172-185.

[3] BARNICH O, VAN DROOGENBROECK M. ViBe:
a powerful random technique to estimate the back-
ground in video sequences [ C] // Proceedings of the
IEEE Conference on Acoustics, Speech and Signal

http: / www. jdxb. cn

http: // zkxb. xjtu. edu. cn

Processing. Piscataway, NJ, USA. IEEE, 2009.: 945-
948.

[4] ZIVKOVIC Z. Improved adaptive Gaussian mixture
model for background subtraction [C] // Proceeding of
the 17th International Conference on Pattern Recogni-
tion. Piscataway. NJ, USA: IEEE, 2004 28-31.

[5] MATSUYAMA T, OHYA T, HABE H. Background
subtraction for non-stationary scene [ C] // Proceeding
of the Asian Conference on Computer Vision. Berlin,
Germany: Springer, 2000; 622-667.

[6] ZHONG J. SCLAROFF S. Segmenting foreground
objects from a dynamic textured background via a ro-
bust Kalman filter [ C] // Proceedings of the 9th IEEE
International Conference on Computer Vision. Piscat-
away, NJ, USA: IEEE, 2003; 44-50.

[7] DALLEY G. MIGDAL J, GRIMSON W. Background
subtraction for temporally irregular dynamic textures
[C]// Proceedings of the IEEE Workshop on Applica-
tions of Computer Vision. Piscataway, NJ, USA.
IEEE. 2008. 1-7.

[8] ZHAO Zhenjie, THIERRY B, ZHANG Xuebo, et al.
A fuzzy background modeling approach for motion de-
tection in dynamic backgrounds [ C] // Proceedings of
the Multimedia and Signal Processing Communications
in Computer and Information Science. Berlin, Germa-
ny: Springer, 2012, 175-178.

[9] SHIMADA A. NAGAHARA H, TANIGUCHI R.
Background modeling based on bidirectional analysis
[C] // Proceedings of the IEEE International Confer-
ence on Computer Vision and Pattern Recognition.
Piscataway, NJ, USA: IEEE, 2013; 1979-1986.

[10] KIM W J, KIM C. Background subtraction for dynam-
ic texture scenes using fuzzy color histograms []J].
IEEE Signal Processing Letters, 2012, 19(3). 127-
130.

[11] BRUTZER S. HOFERLIN B, HEIDEMANN G.
Evaluation of background subtraction techniques for
video surveillance [ C] // Proceedings of the IEEE In-
ternational Conference on Computer Vision and Pattern
Recognition. Piscataway, NJ, USA. IEEE, 2011.
1937-1944,

[12] GOYETTE N, JODOIN P, PORIKLI F, et al
Changedetection. net: a new change detection bench-
mark dataset [ C] // Proceedings of the 2012 IEEE
Computer Society Conference on Computer Vision and
Pattern Recognition Workshops.
USA.: IEEE, 2012. 16-21.

Piscataway, NJ,

(Umi Kio)




