EORTE AR
2016 4E 5 f

i RS AN )

LASER & INFRARED

Vol.46,No. 5
May,2016

XEHE:1001-5078(2016)05-0639-05

-HREREITLE -

— b 3 [ RL - 8 B R B R

(R TRAE LI Biat 210094)

B ERTREKELEZSERRETAAE ZWER, B TIRK T ERSEZMBR
HFREUMN—HEZTE, EZERFL TR TR ESHEN R, A FA, Rt
BFREHE RALEFELT R @RE N ERRE, B A M7 R AT 0 RT I
WHRER B o MR RI LRI oy — A H B0 IR BT K, 5 1F G AR T, B A R A
HE2IAN—BRFEEG ETIANBE, RNAROETRENHE,IAN-—FHFHET
H- I HIFERRE - LEFEGENGERE, SRIERATEHFEETUELFHX EAF

HAT AL IR EF o

A : BB 30 H TG BRSO T S

FE K2 TP391. 41 XEkFRIRAD: A

DOI:10. 3969/j. issn. 1001-5078. 2016. 05. 025

Guided particle filter tracking algorithm

YU Xiao-dong, QIAN Wei-xian, GENG Li-xiang
(Nanjing university of science and technology, Nanjing 210094 , China)

Abstract : The particle filter algorithm has been widely used in the moving target tracking. In the particle filter,the re-

sampling is an important way to solve the particle degeneration,but the resampling can lead to the loss of the parti-

cles’ diversity. To solve this problem,the guided particle filter tracking algorithm is proposed. The guided filtering is a

new filtering method. Compared with the traditional filtering methods, the guided filtering will introduce a guided pic-

ture when filtering the image. Based on this idea,the guided particle filter will introduce a guided particle as a guide to

remain some informations of target images when filtering the image. The experiment proves that this algorithm can lo-

cate and track the target better.
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Fig. 1 The presentation of the standard particle filter
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Fig. 2 The presentation of the guided particle filter
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Fig. 3 The guided particle filter and the standard particle filter

T W 2 Bl B 1R R I
FAT = T 1R T- 98 B ( GPY) 79 31 55 s AL 1 98 5
(PF) LR Ji& R ZR &0k 7 I8 i 55 125 (EKPF) /4
P, E A IE Sk s 17 i I ) B oA, 1
BT —Be30 s BRI, 73 5] 1T = Fh 5835 Xk HL kAT
SRR AL B R 8 5 R R AR TR N =500, BT
A R ER 7 11 R/ 167 x 68, AU{H 16 U J& %2 (5
HITH .

MET i, BR GPF fEis 4 b H PP
SR — i (2 GPF J2 2 I 5 kL5 i AR
HEMNZS 5 E) (HRER R E AL PF 2R
Z el %Sz, M HAL T EKPF,

% 1 PF EKPF GPF iz f| T | — %
AL AT P L B
Tab. 1 The time of PF,EKPF and
GPF applied to the same video

Tracking Method Time/s
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EKPF 73.786841
GPF 70. 970965

TEIX LA b, B GPF (g ft e, B et
] _F A B ok AT, DR, 2005 | 3E — > ] IR A
i, X B FI 7 iR 22 (RMSE) [ 15 ], BERITRE A
AW



W 5 4 4 No.5 2016

ATWEARAE  — T S DR 7 IR R R A

643

T 1
RMSE = [LTzl(x ~x)?] (12)
oo, RIS, &, RS
X HL BCIRZR M B AR Ky
%, =1 +sin(0.47w(t -1)) +0.5x,, +w,_, (13)
xlz tv, t <30
y, = t=1,2,-,T (14)
t > 30

-2 +0.5x, +p,
W v, ~N(0,le =5) , i FEMBEAE o, ~

3 3. ., . N s
N(S o3  BAIIEIR x = 1,0 T =50,y T

R AT AT, 33 %k PFVEKPF DL K GPF #EAT
P73, H AR BURL 725 N =500,

2 2 40 ML SR i, =R R R R (AR
KL IE AN T 1R T U8 ) 129 AR R 22 - K 1E
TP 4 Dt azs P77 L0 s B 2 ) A ] = 3 45 2
AL RS SE P E A LA

#2 %440 %5 F3 RMSE £
Tab. 2 The mean value of RMSE after 40 times
ik TR RMSE
PF 500 0. 294
EKPF 500 0,323
GPF 500 0. 186

45

40_ o8& -

357 e

30k ‘..-;-w-

25} .

20 F

i Rt

10+ e

o [

,50 I1 2I ;‘5 4' ‘5 (‘] 7‘ o

K4 Sebrf S I A

Fig. 4 The comparison of the real and estimated values
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