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Foreground Objects in Surveillance Video of Urban Traffic
Intersection Using Feedback Background Subtraction Model
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Abstract:  To accurately detect the slow motions or temporarily stopped foreground objects in surveillance
video of urban traffic intersection, a background subtraction model is proposed using the feedback of
foreground objects. The background template is built based on the observed pixel values and each pixel is
assigned counters to describe the current traffic state and the stability of a pixel. The foreground decision
depends on an adaptive threshold, and background model update is based on the feedback current traffic state
and the stability. The overall results obtained with the real- world urban traffic videos are presented to
demonstrate that the proposed method achieves better performance of both qualitative and quantitative
evaluation than other state- of- the- art methods in the slow motions or temporarily stopped objects traffic
scenario. This method satisfies the requirement of the real-time and accuracy of the intelligent video in the
urban traffic intersection, and the foundation for intelligent video analysis is laid.
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We#e B H#A:2017-06-28 & E B #5:2017-09-13 FFAHHA:2017-09-25

HELWM B : B 5 3 2%} %3 4 /National Natural Science Foundation of China(71563045); /1 [E 75 % &l 43 €138 3£ 43/ Science and
Technology Innovation Foundation in Xi”an of China(2017CGWL13).

TEE B : 295(1982-), 5, B v 2 N, @ #0%, 15, *BIS1EH : Lihao82@126.com



64 LB AG TESER

201712 A

0 5 &

MNIZ % () 308 T 5230 % A2 S st rh R BRI
S FUARIZ G447 2 43 A Rk S 48 T ) i 5 M4
RGO AN SRR AR TR S B b Al R
WU R R 73, AT DIAT B354 3 H A5 1 58
DX IAZ T VR I O R R AR W S e T 5t
GO R AT A7 25000 75 557 BB L B TR 5 A A )
(Gaussian Mixture Model, GMM)J& H: H f¢ & H 19
— RSO SRR N T 3R GMM AR AU TH XF
AR5 ny SE R fg , B N Ah 2 B AR AR S T
PE GMM, U Liu S5 T —Fpdt T2l i 5013
B IR AR R SR I 2 A8 25 R S A T v X R
J7 A RENS 35 R GMM B R Y 22 2] K .GMM I
R Ty 2 BOOR AT R RO IR T AR AR BT R Y
5, SR AE s AR AL AR 3 T sc il st
GMM K H M J5 AT AR 52 95 5 S e PE IR iz
B A B T A R4 ) — L dE SN
SRR A 52 B i rh 4R B A% 491 4 Casares
SECHR M T — P SEEY [ 3l Y #4 5 (Adaptive Light-
Weight, ALW) 3% , 1207 85 T RAs Rtk 454>
CE IS 35 o G S TN Va5 B
Barnich %5 ' ## 1 ) M 48 75 5 $#2 I (Visual
Background Extractor, Vibe)3. 12 & 24 /i I # #417]
(T SCIBE AR A | JE TR F A ST 15 S A A
I H AT IR HI B AL 0 BT 15 SRR 5 ViBe 28
21, Hofmann 5542 1 7 56 TR 3 sy 1F 3685 0 70 A
#l (Pixel-Based Adaptive Segmenter, PBAS)", 1% &
AU T S 5% R Wt A A L 1 328 1 (P 1 {1 B S ek
AR MK LIRS RO SRR i 28 3 5 h iy
SR ISR AN AR [R] Bt AN RE AT A b B2
15 12 S R i 1 0 B AR A, S 7RI T A2
5 I 4, Vargas SO T B BE R
& # Sigma- delta(Sigma- delta with Confidence,
SDC)Hik SR, SDC H L TL AT R B3
st HEDAZRAS BRAR A LR 1 oA,

T I 58 R s A B T 2
FEVE , 2838 %5 B R B vay BE S P M i A5 2 T R
AUy R e H R I A2 45 5 Pk SR A ik, B
FEIT It — i FH T30l T 52 37 35 1 68 P i
H AR 7 5 02— 2R A 114 () R Ay A 8L

Py ST T VL By 2 G e AT Bl R I A T L AR
A& F AR A (R, $2 T — b T S B 7 5
BTG5 1%, 2T IR AR AR R R A 2
SR AT G RS L5 B A I A i
S YOt A 25 54 50 S RS MR E
P, SR 3 5 19 3 N7 R0 {1 BB 4 i 5% 3R DA i 35
R EICE SR 8 S AR A A8 AR E A SR
TSRS | AT (S AGHINN (14 45 SR B vffy , S P 1 B .

1 RIGESBEHEZE

TS S R N AR 1 5 R
FHULINAE A G 75 5%, A FH AR 2 22 1 LA 51
IR AAEAY ;265 2 20 BE T [ 3 17 1 (B I AR — 3L
PN HAEBR R E B N RGP B TR
Ao I 235 R AT ECE AR Al T S i SR A Y
RIS shAE 55 420 5L T B B S st ) %
FBEAL B S s B T A .
FIINMEEAE R, (v.y), M e [LN|IFEAS T G
SORRIM (x,y), B

M(wy)={n(wy)es(ey) - loy)) (D)

AW 870 J56 57t A — g B 1] ) B 14 Vot
IR FAEHIM (v, PR EIM (2,5 ), B

MO(x’y) = {Il(xvy)9[1+1<(x9y)a ° .a
I]+(sw—1)-/<(x9y)9 o .7I]+(s\'—l)-l((x7y)}

St KACA 307 BB ] W 5 13556 1
I, oy SEHEL 4 (N = 1) KB

15 ViBe SER BTSSR B4 5 S
BEA AT, BT 1 AT 6 00 7 5 5 7
AR B, T Ak A i A, —
By R PR RBP4 5 (R B 7 S
RO SR, th F AR ST RS Y
G Tl 2 A 2 S I PR DRk ot
B IR (TG 7 o PP 33 B R
B4 T JA AR R T TR, ()
FH IO 26 P A5 BRI T B3 S ol o b T
LIRS A A SR A b T A

PR ALTT B , SR A 03B
7 2 T A 15 G SR A B

2



174 561

H SR SRR [ 9T T 58 ST RIS H bk 65

AL AR R AR N (x, y), B — PG DX plx,y)
el FH R i ) 5 A p(x,y) , 3T S T R

., )RR — J& I p, (v, y) 2R S AT S HT I 20 58 AR S
N7 S5 RS E MEAE S X A A A5 AT, S i JE
IO A Sy R — JELIB T AR 3 A i — S
DUPAR I Fs2 51 11%) 52 308 B s DR 28 T A8 BT 1 > i ]
11, B, AR 24 i 0T P, R — A D2 Py, P FE P,
S R E TR A S .

PEATEAS B IS  BEE 3 TR £ (x,y), d(x,y)
Fil (e, y) PEAT S 17 0 22 RS A e fe e . f (v, y)
R JE RS HT T TR, d(x,y) R R A
SR S5 R UER, h(ee, ) A JE 30 Hh iy 558 S A8 IR
B A — i Z) ) B g PE AN AT S M B B A, y) B
TG, y) I S FT ST S5 R (., y)
BN, R YT seR AT E BRI HE3 /M
AT AR £y BT — S A A . an
Xt Frobt 2T —1ot, FATHBRE I 1L R, (v,y) + B (x,9) X
1L = (f; (r,y) + /() TR 2 [] R BRUAS FOR TS
AR ER.

FEEEAR {0 5 SCHR 8] 2L Y 3 s A 1T
PR 2 AT SRS 7 EL7E SCHR[12]45 SCRR[13]
SRRES] EI’J WIE TIZPE 7 T B g i g 5 )
AR d(x,y /f x,y) e [0, 1K 3ok 7 52 38 47 55
S MARER B2 A FE AR 5 Fh il SO 1Y) 32
PROGCIRZS, B
0, dxy)/fxy<0) (1&%)
<dxy/fxy < .4)
<0)) @m

08)) (&

) (TR

3)

2 s (oo, y A IR T 28 S 11 538 B3 14 24 1 52 3
R de,y)=d,(x,) + d (x,5), [ (@) =f,06,5) +.(,7).

FE 24 T PF AL JE 3D 45 R A8 B (v, ) A0 9 (5

o,y AR 2 T 3 55t () MR > T A IR S

PEAT BB — 7 T AR A (e, y) ) f (ry) < 7,(7 S8 B

3, (O6<d ( )

(08<d (xy)

//\

//\

Hr,=0.3), LIRSS f (e, y) N, A0 B AME 2R
R B RBUNT0.3 X[ (x,y), IXIFZAR E A1 E
J R — AT S A T LA EAR 1T RE AL T
R DX, 0 p, (e, y % 2 (4) 5 X8 D) — D e,
Reh(x,y)) fla,y) =7, VEHZA B 2 AT E R, 07 H.
LD Y VAR A Ok E R sh A 5, 0
ey ()T AT

min(p,(x,y) + 10,maxp_/r(x,y)) ,
s(x,y)=0

_ Jmin p.(x,y)+0,maxpv(x,y) s
)= s(x,(y)leﬁ(x,y):Zf NG

maX(p,-(x,y) - ],minpf(x,y)) )
(o) =35 (y) =4

HEaX(z)vf(gaij)(— 1(;»m;npf(x,y)) :
s(x,y)=08%(x,y)=
pf(x,y) ) max(p/(x,y) =35, min P/(’W’)) ’ ®
s(x,y) = 13 (x,y) = 28 (x,y) =3
s p(e,y) B 0046 AL 2 35, minp,(x,y) =20 FI
max p,(x,y) =50 5 p,(c,y) BB G [(x.y), d,(x,y) Fl
h,(xc,y)H E 4 0.
FETY SRR RS BB R M o 2 5 L AR
ﬁ%ﬁﬁfé‘{?ﬁ 58 SO R A B [R] Y) 25 (B A
BB AU IR R R T RIS OR T 5L,
Etm‘ F(O)HIBIT (v, A TS ET 55

F[(x,y) _ {1 s #{dist([l(x,y),v‘w(x,y)) < R(x,y)} <#min

0, HAth

(6)
e F (x,y) = WEARKATS AL P (x,y) = O URTT
S B M min 2 2 RS dist(1(x.y).0,(x.y)
TR BRI B 5 #{dist(7) <R (w,y) PETT SASTRLFE A
{6 /R dist(") < R(,y )BIREAS B 5 R(c,y) /2 25 1Y 129
(EL, R TARIBOHE R 0 Al 2 A 25 2R O T
BLAERRE K , KT R,y ) AT BEAE HT SR Ry 75
S5 S AR BAS XK R  /N TR 2,y )T RERS 15
A R
N T HERR I A — B ER A R A7)
7 B TS e A e M R O e (ST 7 ik



66 LB AG TESER

201712 A

maX(R'(x,y) . (1 - 91),min R(x,y)) R
R(xy)=1 M)/ fory) <,
min(R/(x,y) -(1 + 02),max R(x,y)) , HoAthy
(7)
06,0, 2 [ E F .

MG TR A5 E6,=0.03,0,=0.04,7,=0.2,
min R(x,y) =15, max R(x,y) =30 5 R(x,y) 8 ¥] i &R
20.7F S AT PEAN R IS AT, R(x, ) A (EAR HE % S Hif
Fa etk E"lelzfﬁlﬂ:ﬁ—‘ﬁ%ﬁﬁn%h(x,y)/f(x,y) <7,
U 5B L AT, R ey )T — S 01
N ez AR K.

g 1 R AR AL, T SR T B EORT, A R
SR RS, A S B R AR T T
LR ST R 210 E B9 75 SUREAS, T H AR
SAEANG WS IE SR I A T RS R B
T4l AR BEFRPE A A AU T LA 35 )3
AT 5 A2 A 2 — MR R S I 15 5, W]
T e HAS AR AL BRI XA 8 Y (E
UL — MR RIHERL G EHT Y 5% 70, LABIA
RN B — J7 W, A0 2R A,y f(y) <7, H
F,(x,y) =0,ﬂ|3/41/d>%>‘4j‘7

1/b=41/8. s(x.y)=
116, s(x.y) =3
1/32,5(x.y) =4

Mo,y )3T 0, 1 B2, Y HTE R E LS R
SR SRR s (v, y) = OUE I IR ) 58 388 0K 100 A
Yy SRS R AR F TS 0T LSS R Y RT3 5
FERTT 35 5 W s (o, ) 5T 1802, WY AT AR R
(A D BARBE AT 5 2R (vy ) K T2, 3
T AT BEHE R AR T I AR, 1H B SR FH e MR 1) A8 %
BB .

gy g5 o, R h(y)/ fy) =T, H
F (x.y) =0, I8 2RE31) i LN
V¢={V32,4x4)=0; s(xe,y) = 18Ks(x,y) =2

0, s(xy)=3; s(xy)=4

(®)

)

ey VT 1SR 2, DAL B IR R b A
S SCTBARLHVEA 5 IR T PRI % A e
G A B 50 T T25 55 H01 y C T 2, 75 R
T S B SRR B T A L DR R T
5 SRR (5 I T — 3 o ST 5 L
TSR 1R 2 A N TR 5 R (VAR SE
58 X LS 3 BT 00258 5 L2 ) B B
{8 MBI 5,

2 XWHERKESW

S TR FH B RE AR B IR BT
A ST NP A3k T 28 38 S U R I AT T
FERE R, RIS T 2 AR TR 2 A 2218
ARl S B I ELSE U 55, 5 GMM, ALW,
ViBe, PBAS 1 SDC Ht: 5 Ft 28 i {1 52 isf 75 S AU Jy
KT T8 PERE i L A BB 5 221815 5
SR LR AT AR R ASE T (R AR5t
DA KRR 3 580 AT (R R 5 2) 3 5 e
BT A 7 s 1) I 3 #4827 Intel 17- 6700k Ab FE 2§ A1
16GB NAZHY PC i Fi Visual C ++32 PR
2.1 EHEEN

FE PEVEAN 2 B AL S0 L ER A I 25 SR A5 Hh A S0
N, B I~E 4 45 TR 5T T A E R
D224 7 e b e e 5% B i s E Al SRAE 481

AT BN | AR SRS A T B I
1L RS B, B 1~ 2 45 B B AR Rtk
Mt Ee e SR T 1 S T 5 938 it ) iy S A DN 4
WA J7 0] 0 AR LR A T R SRR 4R AT 1Y
B, I3 07 1) A B3R AT N TE DA [] i) e
FERLAS S T A B ARSI 2 T 3 s b AT
5t HAn , GMM B AL i S I i e 75 38 %, 11 SDC
7715 TR AR AR R 20 R (R s 2
2 255 1 236 Mk 45 5 , LR b F 21 kT 1) v ]
BB, o — S ZE A 1 A A TR 12 s, IR AR
T A HE BN 51 I R SR Y T i BE AR
U M A B 2 12 47 s BT RS 1 Y 4R, AR R TR
R R R0 HE BN 50 iS¢ B A 1A 1 g AR
A3 RN Bl 58 AR A H A2 A T I e o455 B8 1Y)
LRI



174 ok

67

SDC ViBe

K1 sk |k

PBAS ASCH:

S5 938 i Lb 45 4

Fig. 1 The compared results of traffic light in daytime scenes at 938 frame
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Fig. 2 THE compared results of traffic light in daytime scenes at 1 236 frame
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Fig. 3 The compared results of traffic light with waving trees scenes at 380 frame
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Fig. 4 The compared results of traffic light with waving trees scenes at 850 frame
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