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Abstract: Aiming at the problem that object se rithms@based on single color information are very sensitive

to the changes on lighting, a novel approach to dete

Firstly, improved Visual Background Extractor

entat.
g%;ased on thefusion of color and depth information was proposed.
a ultiplesframe subtraction algorithm were used to establish models

ner respectively. Then, strategy of Selection Criterion ( SC) was used to

for RGB and depth images which captured by Kine
optimize segmentation results. Lastly, ms&%ymt rget was labeled by calculating similar degree between foreground and

template in the rg chromaticity space Thé%%ke

of resilience to light disturbance and

ental| results\demonstrate that the proposed method exhibit a certain degree

and jimcan overcome the disadvantages of single RGB based algorithms effectively.
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3) WREAEN Y -MEALNENTRE, R3E
FRBR R BOE N B RAF R F @, 5% R 1/ AR, HI 240
REBRERR ViBe HREBH M MR B RE, 85, AZA
P FENL R MR R RALE , ARG R B X5 L
BERRAEATESR,

4) WPAHE E B RAT R P EIVNTET 10 8RN
X RIG IR EAVMN T T 20 BRHIR KR PE AL
o EsRIRAEH , BrA Ml E BUoA i K, AR E D, 4E
RIS

N

2.2 REREYSEE

Kinect {£8%25 7] LU & B8 30 i1 640 x 480 #) RGB-
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Chromaticity B AR T AT AR FE DL IR SR R, BB
iﬁ:ﬁn_F:

r, =R/(R+G+B) (2)

g, = G/(R+G+B) (3)
Hr.r, F g, 535 ZRER GRS 431 o THE X 7 A9 B
BB 5 B SRR B 7 B #E17 L3, R A Bhattacharyya BR
BEREEMUEETRIL. BREBRNBEES NN q =
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(B BE (False  Positive, FP) & X i Bk iRH Vi B, &
Bl ( True Negative, TN) & X K7 5t B A5 HAOE# R ; KR
(False Negative, FN) & SN AT BARIRAI N Fo AIER
#|# (Recall, Re) ., H & Hl # ( Specificity, Sp) . i FH &
(False Positive Rate, FPR) . {8 FH Z ( False Negative Rate,
FNR) 3545 3 ( Percentage of Wrong Classifications, PWC) ¥
J& (Precision, Pre) GEitiatnit® A EEMA(7) ~ (12) iR

Re = TP/(TP + FN) 7
Sp = TN/(TN + FP) (8)
FPR = FP/(FP + TN) (9)
FNR = FN/(TP + FN) (10)
FN + FP
PWC = gp vy rp e *10% (11)
Pre = TP/(TP + FP) (12)
Rl BEXHSBEEMURILER
ik i
Re Sp FPR FNR PWC/% Pre
GMM 0.6872 0.9836 0.0164 0.3128 3.3292 0.7169
KNN 0.6311 0.9815 0.0185 0.3689 5.3799 0.7926
ViBe 0.5923 0.9773 0.0227 0.4077 6.5257 0.7643
BHAEE 0.7673 0.9365 0.0635 0.2327 7.7684 0.5251
AXEY: 0.8264 0.9838 0.0162 0.1736 3.0183 0. 8326);k
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6 4
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I —HEEA RCB-D &84, Xt T ROBR IR AL 1357 5
HEATERR B E ViBe B3k DL K BRISIEI 150 Hi 57 0 1 g Ot .,
T BRERF SR AR HR B B 8 L A 5% 4508 X Il , M AR S
PEBUEEME SC R & RIS RE R BN AT i . K AR
H 5 AT RESHE GUM KNN 51T L, 78 fRIESE i
VERIRTIR T, B SR (R B B AR 2051 3 0 RE 8 S IN EAf 3
A2 ERF BT SRR I [FIRE, 1 L BOLER, Kinect {2 /a8 508
REBGRERIREAA ., ERFEMNEEE 4 m DL B
ToiR 55 LA RS AR TR AR R R AE A R . Rk
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