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Abstract: According to characteristics of video surveillance and strong mobility of tracking targets, a
novel target tracking framework based on a probability model was proposed. The current standard
particle filtering target algorithm was improved based on a target appearance model, a systemic dy-
namic model, and a systemic observation model. Firstly, the target appearance model was established
by taking the distribution of human eye cell into account to improve its resistance capability for partial
occlusion of local occlusion. Then, the systemic dynamic model based on the adaptive target move-
ment was built to improve the robustness of tracking framework for the fast moving target. Finally,
the systemic observation model with online update was established to prevent the tracking shift when
the target faced the occlusion, illumination changes, severe deformation, etc. , effectively. Experi-
mental results show that the proposed algorithm achieves 98% of correct tracking rate, and the aver-

age tracking error is less than 6 pixels. The proposed method satisfies the video surveillance system
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requirements for stabilization, reliability, higher precision, less computing cost, as well as strong anti-jamming.

Key words: video surveillance; probabilistic model; target tracking; appearance model; online update

1 5 =

Bifi o LA W AR AR H 25 4 K i AR N B
AT N TSR P r Jm R k2 il . TCie 2
W S B AT I & 3 2 LA TRk SR AR, T AR A
Sy I 55 80 2R o3 I Ol BE 9 57 5 B0
MG . Fioh. i T G W 45 3R B8 0 A A
Xof A7 SR AR B HEAT 43 2%, A 465 B0 43 B AR A
K TARKMAMER . Bk, I R R iefb il
MRS, BRERERGESESERE RS
AIBEFE B bR A AN | s 0z 3l B AR R L g 28
55 IR BR BRI R 3 — W 5 DR O

Fie BRI 51, iz 2y B b B 5 ¥E W] 40 43
BT PERT R TRERBIRL R ik, S
PR RE Ll o IO - U8 I 5 R S AR 3% 1 A R 451 7Y
SR AN AR 2 M 0] 8 1 b BEBE 7 X BT
BRI DL RS i RS R A5 Dy T A R i G
PR IS B E NS E )R,

Isard F1 Blake™ 1 YRR 38 ik 5595 1 H 2
AR 5 DAt AR 2k L3R i o3 A 2 13
VR ASAGTF ] A, AE BE AL b, E A5 AN R
TR e B b5z S REAE R B IS N H bR R B A
Peo BRI R T80 5 iz g Al o R i ¢
E NN I LTV TARRE) -85 A A a3 N S (T Y =
TR FHRCR e T i T S R
B BR EE AR A R A R, 8 i IR A Y 2
A HPRBEAR, XY H s & E e A8 & AR {eet, B
PREREE ) R AR LG . Ross VR T —Fb
B Y S A SRR H AR 2 8] R R B O s (IVTD
R S B E s > H AR & A KBS 4 TR e e
PLROE B AR At A Re S AR Rk . (Heg T
IR a7 50 1 B B O E O 2X Y R 4t B AR
A AGE T B ARSI 3G 3, 24 B bR 0 s i
MDA S A 7 A P B R R RO R AR

LRI I, AR SO — PR SR TR
BEAVE) H AR IR ER A, FEMNERRUEA, R
BB AR DL K R GRS 3 AT T X > Jif bk

T ARORL T U8 B F b B R 7 1 R AT Bk . O,
AN AR 40 1 0 73 A R s R 3 IR 73 A 45
Ry s 57 b e WURE Y (9 58 O . 4R T BRBR R
GUIRPUR BRI PIRORE T 5 SRJ . EESLEET A& N
FARiz s i sh 25 R, LI i S0 X PR 3 AL
2 HAR B BRER B B Vs e . SRH S R 9 R
b VRIS F B R A B = I oY LG f N 2
AR ARG LI . AT LA R B R TR AS BLR 1 K
Ao SERIE WA SO A DR IE R G R B R 2R
OIS = 7S T =V QN = B R VA S R e

2 MMM P et R B AFRIE
AE %2 3%+t

2.1 BETARSHEHHBRRUKERE R

HEMR 202 AR h R OLIEAZ g LI RE
SRR CAE T . 5 IR Bk b O B R G Y X
S A 200 A % 4R HR Bk e B
A 20 i 3 A1 ) % R A B GOBUAIG  X — 2E PR EE A
AT AT LU 3 0y S B2 — W i JF RE
FHAR eI H A Wy 1

ASCHH IR 73 A3 S5 H 57 1 H b 2 AR Y
AR T 12, BV S bR v O R B BT A DX, SR A
AR U AR 5 PG BT B DX R A SR R AR
Bi o FIAR R WA B iR an ke 1 ps

J5td E b (3 E PR 2R A

e

BE1 T IR A3 A 45 4 1) B b 28 WLASE 3L 44 3 [
Fig. 1 Schematic diagram of object appearance model

based on human eye distribution structure
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[ height width ]=size(img) ;

for I=1:k
WD = (width* (k+1-D/k)/2;
H(D = C(height* (k+1-D)/k)/2;

end
for I=1:k
n= simple num /k;
for J=1:n
x=W(D) % cos(2 * pix J /n)+
width/2;
y=H(CD % sin(2 * pix ] /n)+
height/2;
img_o(I,J)=1img_i(y,x);
end
end
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Fig. 2 Flow chart of tracking framework



EHET A DU AR A0 TP SRS B PR AR R AE 2 2097

(a) 55 80 i
(a)The 80th frame

(f) 5% 470

(e)The 383th frame (DThe 470th frame

(d) %7 287 i
(d)The 287th frame

Nl T e BT T TR s AT
o] LR 1

(h) &% 569 i
(h)The 569th frame

(2) 5% 488 i
(g)The 488th frame

3 BRERSCH S5 R

Fig.3 Results of tracking experiment
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Fig. 4 Parameter trajectories and tracking trajectories for real target state
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Fig. 5 Comparison of tracking errors
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Fig. 6 Comparison of particle numbers
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Tab. 1 Comparison of tracking performance of three
tracking algorithms
L BREREREE/ Ry WRERIRZE/ IR/
. (frame » s ') B FEL pixel %
CHk[10]  32.05 208 11.76 42
VT 19.12 600 8. 26 95
AW 29.07 170 5.85 98
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