22 % 12 e G TR Vol. 22 No. 12
2014 412 A Optics and Precision Engineering Dec. 2014

NXEHS 1004-924X(2014)12-3409-10

ZETREANES Z R KEIZZ B IRRER

“le

REH L, EYETE KK B, ATH
(F_WETHEKFL2HAE, KT BL 710025)

FEE b T Wi iz 3 B br IR ER 9 ER M B 2 B ERR WL 3 L B RSN WAR (L S I R By, A SR ) T — A g A

SrBEGRE S 2 Rk s BRER AL . B R B AR O S DRk KBURHIE AR B ST BO B G AUE 15 5

H AR EAER A0 . AR5 855 25 18— B0t AU TS B8 5 50 B bR 067 B HE 2 181 DA SE — 25400 i e 75 30 Hﬁa‘ﬁi;ﬁﬂﬁﬁ
A AUE AR AL T B AR R JR A E AR PR TS IR T A5 B AR D s ROBEAR BN Y T B AR RO AT A ISR R, I

Je o X FRR L B 15 s KR B HEAT 2l A8 B LAE I H AR AW 5 3 5 AR 4k “J,mliﬁ%i*ﬁmxﬂt%ﬁﬁé*%%% RS

BB NS A A N X H AR R 5 SR ALAZ Bl 55 R 3200 52 M8, 52 0 B X 4% 2 A A - S A BT TR 2928 10 ms 2245, 38 T B 4%

Y 40 T iz 8l H AR 0 ST BRER
X B ORARRIZ;EFD B AL ARIL; R HIEES
FE 4S5 . TP391 XEkFRIRFD A doi:10. 3788/0OPE. 20142212. 3409

Visual tracking of moving objects based on
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Abstract; As the accuracy of moving object tracking in video surveillance is disturbed by occlusion,
camera moving and target appearance changing, an algorithm based on piecewise fusion weight and
multi-strategy was proposed. Firstly, the piecewise fusion weight was constructed by combining the
feature of object, background and candidate regions to obtain the likelihood image of object location.
Then, the likelihood image was segmented with the spatial coherent and hysteresis threshold to sup-
press noise interference. Meanwhile, the object occlusion was determined and handled by analyzing
the change of the piecewise fusion weight and enlarging the candidate area. Furthermore, the object
scale was adaptively adjusted according to history and current scales. Finally, object information and
background regions were dynamically updated to adapt to the object appearance and scene changing.
Experimental results compared with other traditional methods show that the proposed algorithm is ap-
plicable to process the moving object tracking in low-contrast scenes in real time, and the average pro-

cessing time for different video images is 10 ms, which means that the algorithm is suitable for the
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moving object tracking in complex scenes.
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Tab.1 Comparison of weight calculation algorithms
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Fig.1 Flowchart of proposed algorithm
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3.3 HREESEEEHIEEMN

VIR NERTNEE B N U S e A
Je bt BT bR 5 75 5 AR AE LR B BB
S 2 T R B DX I A 4 S T b — T 4 SR
PEATERAEINAL, SRk R 7 O T H AR SR 58
SRAZA LA B P4 17 0 A LX) 2% 5 6 Y S
TR E H AR 0 7 B R O B A T B
22 . SCHRL27 R FH R IR B g ik 15 {1 S50 4G 00 A 485
A0t H b B R A A XA AT 8 N R . (E
AT REEWER ., I TXNERSE
SoE B SR 28 143 BT H ks 5 15 545 880 B
O AT T 50 Bt A0 HAR BOR IR T Al (9 75 5t 5
FUbR 350 A SCES A 3l P05 B 40 Bt LA SRR AE A5 R,
AR H AR5 1 5 B B AT s A TR, Bk
FOoE S AR

(DL g qlng " il Enm e+ 10e00—1 |
ZVAARE T g gl gl AR L
1B 20 51 L o) Fom B AR ) 56 7 L
T Y B R O A A i AR S S (9)
K10 BEAT I .

t—1 t 0
ARk CR R

3
i )
¢ =t =g
gt+1:gfl+gi
‘ 2 (10)

(gi=goV (g.=q.Nqg=0

() YSA BRI R AR, REHTRER,
AN BB HAR AR B . 7 5 HOR I B HORE 2w 5
R FF S AE BAE T — Wi 58 1 gl = gl

4 THLR

4.1 FMIEMRE XSG

iz 2 B bR BRI SRR R A P I0 FE B AL 45 1E B
PRI CTA) FIR B AE B A 3 (AOR) ™, 24 JR
HE B A R KT — @ (E I AN PR R 25 IR 1, B
TA BT IREHEE SR, A KRB
HE » B 268 FUSEAY A FRIAE . N2 5% 0 38 400 45T 85 o
B, M, FoR B — Wi BREE S, W TA 5 AOR
AN D A2 s

_ANB
AOR=217, - (1
N
M, 1.AOR = 0.5
TA = —— .M, — a2
N 0,AOR << 0.5

S 56 ) e AL O LB RO A R Y 4 4
185 5% BT B B 47 WL 500 L 43 51 & Bolt,
FaceOccl . Jogging Fl Woman™" ., X 4 ZH#LH5 A
TARE TR B br iy IR R 45 R it F AT AT
XF AT . 2 2 S I RO AR i HAR R



%12 4

SRIEA L B oy BU A AUE S 2 5K 1L 12 Bl AR BER 3415

F2 FHELWH 4 ERIAFT

Tab.2 Four Video Sequence for comparative evaluation

Video Object
Resolution length } Characteristic
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Moving camera

Rotation
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Occlusion

Occlusion,
Jogging 352X288 308 37X114 Deformation,

Rotation

Occlusion,

Illumination
Woman 352X288 597 21X95 Variation,
Deformation,

Fast motion
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(d) Results of Woman sequence
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Fig. 4 Target tracking results of four algorithms
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Tab. 3 Performance comparison of four algorithms

AOR TA

Alogrithm - -
Bolt FaceOccl Jogging Woman Bolt FaceOccl Jogging Woman
Proposed 0.667 0.736 0.759 0.673 0.791 1. 000 0.977 0. 894
CBWH 0. 409 0.796 0.135 0. 666 0.499 1. 000 0.167 0. 884
Novel Back-Projection 0.170 0. 650 0.133 0. 088 0.117 0. 906 0.170 0.077
Fusion Based 0. 306 0. 781 0.731 0. 444 0. 387 1. 000 0. 944 0. 483
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