
28 8

2011 8 Control Theory & Applications
Vol. 28 No. 8

Aug. 2011

: 1000−8152(2011)08−1164−07

, ,

( , 710071)

: , , (modified input

estimation, MIE) . , ,

, MIE

; ,

. , , .

: ; ; ;

: TN953 : A

Strong tracking modified input estimation probability hypothesis
density for multiple maneuvering targets tracking

YANG Jin-long, JI Hong-bing, FAN Zhen-hua

(School of Electronic Engineering, Xidian University, Xi’an Shaanxi 710071, China)

Abstract: To deal with the unknown target number and the uncertain acceleration in tracking multiple maneuvering

targets, we propose a new adaptive probability hypothesis density(PHD) algorithm based on the strong tracking modified

input estimation(STMIE) technique. First, strong tracking filter multiple fading factors are introduced to the MIE algorithm

which adjusts the prediction covariance and the corresponding filter gain with different rate in real time to make the MIE

method tracking high maneuvering targets perfectly; and then, the adaptive MIE method is combined with the PHD filter to

track multiple maneuvering targets. Simulation results show that the proposed algorithm is with higher tracking precision

and better real-time performance than the traditional multiple maneuvering target tracking algorithms.

Key words: probability hypothesis density; modified input estimation; multiple fading factors; maneuvering target

tracking
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(joint probabilistic data association, JPDA)[1]

(joint integrated probabilistic data

association, JIPDA)[2] (multiple hypothe-

sis tracking, MHT)[3] ,

, ,

, .
[4∼6],

. , (random

finite set, RFS) ,
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,
[7∼9],
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pothesis density, PHD) ,

(current statistical model, CSM)

,

,
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. ,

.

, [11,12]
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,

. ,

, ,

. 2009 Khaloozadeh [13]

—-- (modified input

estimation, MIE) ,

,

, ,

, [14,15].

,

, MIE ,

(strong tracking filter, STF)[16] ,

,

MIE (STMIE), MIE

;

MIE ,

,

, .

2 (Random finite set

model for multiple targets)
k , Xk = {xk,1, · · ·,

xk,Nk
}, Yk = {yk,1, · · ·, yk,Mk

}, Nk

Mk k . k − 1
Xk−1, k

Xk Yk :

Xk = (
⋃

x∈Xk−1

Sk|k−1(x)) ∪

(
⋃

x∈Xk−1

Bk|k−1(x)) ∪ Γk, (1)

Yk = Kk ∪ (
⋃

x∈Xk

Θk(x)). (2)

: Sk|k−1(x) k − 1 k

, Bk|k−1(x) k − 1 k

, Γk k

, Θk(x) , Kk

.

,
[7,8] :

pk|k−1(Xk|Y1:k−1) =�
fk|k−1(Xk|X)pk−1(X|Y1:k−1)μs(dX), (3)

pk(Xk|Y1:k) =
gk(Yk|Xk)pk|k−1(Xk|Y1:k−1)�

gk(Yk|X)pk|k−1(X|Y1:k−1)μs(dX)
. (4)

: μs Lebesgue ,

pk|k−1(Xk|Y1:k−1) pk(Xk|Y1:k)
,

fk|k−1(·) , gk(·)
. (3) (4)

, ,

. [7]

. [8, 9]

,

,

,

.

; ,

,

. ,

PHD ,

—--

(STMIE--PHD),

.

3 (Strong tracking

MIE filter algorithm)
3.1 (MIE method)

:

x(k + 1) = Fx(k) + CU(k) + GW (k), (5)

y(k) = Hx(k) + V (k). (6)

: x(k) = [px(k) vx(k) py(k) vy(k)]T k

, . y(k)
, U(k) = [ax(k) ay(k)]T

, W (k) V (k) ,

,

Q(k) R(k). (5) ,

, ,

,

. , Khaloozadeh [13]

,

,

,

[
x(k + 1)
U(k + 1)

]
=

[
F C

0 I

][
x(k)
U(k)

]
+

[
G

0

]
W (k),

(7)

k + 1

y(k + 1) = Hx(k + 1) + V (k + 1) =

H{Fx(k)+CU(k)+GW (k)}+V (k+1) =

[HF HC]

[
x(k)
U(k)

]
+HGW (k)+V (k+1). (8)
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(7) (8) :

xaug(k + 1) = Faug(k)xaug(k) + Gaug(k)Waug(k),

(9)

yaug(k) = Haug(k)xaug(k) + Vaug(k). (10)

:

xaug(k + 1) =

[
x(k + 1)
U(k + 1)

]T

,

Faug(k) =

[
F C

0 I

]
, Gaug(k) =

[
G

0

]
,

yaug(k) = y(k + 1), Waug(k)=W (k),

Haug(k) = [HF HC ],

Vaug(k) = HGW (k)+V (k+1).

Vaug(k) Waug(k)
:

E

[
Waug(k1)
Vaug(k1)

]
[WT

aug
(k2) V T

aug
(k2)] =

⎧⎪⎨
⎪⎩

[
Qaug(k1) Taug(k1)
TT

aug
(k1) Raug(k1)

]
, k1 = k2,

0, k1 �= k2.

:

Qaug(k) = E[Waug(k) WT
aug(k)] = Q(k),

Raug(k) = E[Vaug(k) V T
aug(k)] =

HGQ(k)GTHT + R(k),

Taug(k) = E[Waug(k) V T
aug(k)] = Q(k)GTHT.

, Vaug(k)
Waug(k) , . ,

,

.

,

, ,

.

3.2 (Strong tracking multi-

ple fading factors)
[16] ,

,

. ,

. MIE ,

, ,

MIE

.

, MIE

,

, (11) (12) ,

E{[xaug(k + 1) − x̂aug(k + 1|k + 1)]T ·
[xaug(k+1)−x̂aug(k + 1|k +1)]} = min, (11)

E[dT
aug(k + 1)daug(k + 1 + j)] = 0, (12)

k = 0, 1, · · ·, j = 1, 2, · · · .

daug(k + 1) ,

daug(k + 1) =

yaug(k + 1) − Haug(k + 1)x̂aug(k + 1|k). (13)

,

Paug(k + 1|k) .

, ,

:

Paug(k+1|k) = Λ(k+1)Faug(k)Paug(k|k)FT
aug(k) +

Gaug(k)Qaug(k)GT
aug(k). (14)

Λ(k + 1) ,

, . ,

Λ(k + 1) :

Λ(k + 1) = diag{λ1(k + 1), · · ·, λn(k + 1)}, (15)

λi(k + 1), i = 1, 2, · · ·, n .

λi(k + 1) =

{
aic(k + 1), aic(k + 1) > 1,

1, aic(k + 1) � 1.
(16)

c(k + 1) =
tr[N(k + 1)]

n∑
i=1

aiMii(k + 1)
, (17)

N(k + 1) =

S0(k + 1) − βRaug(k + 1) − Haug(k + 1) ·
Gaug(k)Qaug(k)GT

aug(k)HT
aug(k + 1), (18)

M(k + 1) =

Faug(k)Paug(k|k)FT
aug(k)HT

aug(k+1)Haug(k+1),

(19)

N(k + 1) M(k + 1) ,

:

S0(k + 1) = E[daug(k + 1)dT
aug(k + 1)] =⎧⎪⎨

⎪⎩
daug(1)dT

aug(1), k = 0,

[ρS0(k) + daug(k + 1)dT
aug(k + 1)]

1 + ρ
, k � 1.

(20)

(16)∼(20) , 0 < ρ � 1 , ρ =
0.95; β � 1 ,

; S0(k + 1) ; ai � 1, i = 1, 2,

· · ·, n ,
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, ai

; ai = 1, i = 1, 2, · · ·, n, ,

.

[16, 17].

3.3 STMIE (Steps of the STMIE fil-

tering)
Step 1 .

Paug(k + 1|k) (14) ,

:

x̂aug(k + 1|k) = Faug(k)x̂aug(k|k). (21)

Step 2 .

x̂aug(k + 1|k + 1) =

x̂aug(k + 1|k) + Kaug(k + 1) ×
[yaug(k+1) − Haug(k+1)x̂aug(k+1|k)], (22)

Paug(k + 1|k + 1) =

Paug(k+1|k) − Paug(k+1|k)HT
aug(k+1) ×

[Raug(k+1) + Haug(k+1)Paug(k+1|k) ×
HT

aug(k+1)]−1Haug(k+1)Paug(k+1|k).

(23)

Kaug(k + 1)

Kaug(k + 1) = [Paug(k + 1|k)HT
aug(k + 1) +

Gaug(k)Taug(k)]R−1
aug(k). (24)

(24) ,

Kaug(k + 1) Paug(k + 1|k)
Taug(k) . ,

,

Λ(k + 1) ,

, MIE ,

Λ(k + 1)
,

, .

, Λ(k + 1)
, , Taug(k) ,

, ,

.

4 (Stro-

ng tracking modified input estimation hy-

pothesis density filter)
k − 1

Dk−1|k−1 (x) , k

Dk|k−1(x) [8]

Dk|k−1(x)=DS,k|k−1(x)+bk|k−1(x) + γk(x). (25)

: DS,k|k−1(x), bk|k−1(x), γk(x)

,

DS,k|k−1(x) =

PrS,k

Jk−1∑
i=1

w
(i)
k−1N(x; m(i)

S,k|k−1, P
(i)

S,k|k−1), (26)

bk|k−1(x) =
Jk−1∑
i=1

Jb,k∑
j=1

w
(i)
k−1w

(j)
b,kN(x; m(i,j)

b,k|k−1, P
(i,j)

b,k|k−1), (27)

γk(x) =
Jγ,k∑
i=1

w
(i)
γ,kN(x; m(i)

γ,k, P
(i)
γ,k). (28)

w
(i)
k−1 Jk−1 k−1 ;

m
(i)

S, k|k−1 P
(i)

S, k|k−1 i

; w
(j)
b,k, m

(i,j)

b,k|k−1 P
(i,j)

b,k|k−1

k − 1 i j

;

w
(i)
γ,k, m

(i)
γ,k P

(i)
γ,k

. Jb,k Jγ,k

. (26)

(27) STMIE

,

[m(i)

S,k|k−1, P
(i)

S,k|k−1] =

STMIEP[m(i)

S,k−1|k−1, P
(i)

S,k−1|k−1,

Faug(k − 1), Qaug(k − 1)],

[m(i,j)

b,k|k−1, P
(i,j)

b,k|k−1] =

STMIEP[m(i,j)

b,k−1|k−1, P
(i,j)

b,k−1|k−1,

Faug(k − 1), Qaug(k − 1)]. (29)

STMIEP[·] STMIE .

k

,

Dk|k−1(x)=
Jk|k−1∑
i=1

w
(i)

k|k−1N(x; m(i)

k|k−1, P
(i)

k|k−1). (30)

,

Dk(x) = (1 − PrD,k)Dk|k−1(x) +
∑

y∈Yk

DD,k(x; y).

(31)

(31)

DD,k(x; y) =
Jk|k−1∑

j=1

w
(j)
k (y)N(x; m(j)

k|k, P
(j)

k|k). (32)

:

[m(i)

k|k, P
(i)

k|k] =

STMIEU[m(i)

k|k−1, P
(i)

k|k−1, yk, Haug(k), Raug(k)],

(33)
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w
(j)
k (y) =

PrD,kw
(j)

k|k−1q
(j)
k (y)

κk(y) + PrD,k

Jk|k−1∑
i=1

w
(i)

k|k−1q
(j)
k (y)

. (34)

:

q
(j)
k (y) = N(y; Haug(k)m(j)

k|k−1,

Haug(k)P (j)

k|k−1H
T
aug(k) + Raug(k)).

STMIEU[·] STMIE , PrD,k

, κk(y) = λkck(y) PHD,

λk , ck(y)
. (25)∼(34)

.

5 (Simulation results and a-

nalysis)
,

,

3 . ,

, 1(t = 1∼ 80 s)

(px1, py1) = (1000m, 0m), (vx1, vy1) =
(100m/s, 100m/s), 80 s; 2(t = 1 ∼
60 s) (px2, py2) = (1000 m, 2000m),

(vx2, vy2)=(100 m/s, 100m/s), 15 s

, t = 16 s , (ax2,

ay2) = (0 m/s2, 5m/s2), 30 s, ,

(ax2, ay2) = (5 m/s2,−15m/s2),

50 s, , 60 s ; 3(t =
40∼70 s) (px3, py3)=(1000m, 2000m),

10 s , (vx3, vy3) = (110 m/s,
90m/s), t = 51 s (ax3, ay3) = (5 m/s2,

−15m/s2) , 70 s .

, . 3

50 m, λ = 5 ,

T =1 s, PrS,k = 0.99,

PrD,k = 0.98. 1 .

1

Fig. 1 Target tracks and measurements

(optimal subpattern

assignment, OSPA) 3 .

L1 = {l11, · · ·, l1m} L2 = {l21,
· · ·, l2n}, m n , m � n ,

p OSPA [18]

d̄(c)
p (L1, L2) = (

1
n

(min
π∈

∏
n

m∑
i=1

d(c)(l1i, l2π(i))
p +

cp(n − m)))1/p, 1 � p < ∞. (35)

: d(c)(l1i, l2π(i)) = min(c, d(l1i, l2π(i))); c

,

; p OSPA Wasserstein

;
∏
n

n = 1, 2, · · ·, k
. m � n,

d̄(c)
p (L1, L2) = d̄(c)

p (L2, L1).

, p → ∞ ,

d̄(c)
∞ (L1, L2) =⎧⎪⎨

⎪⎩
min
π∈

∏
n

max
1�i�n

d(c)(l1i, l2π(i)), m = n,

c, m �= n.

(36)

Pentium(R)4, CPU 3.06 GHz,

1 GB PC MATLAB7.4 . 2

(CSM--PHD)

(CA--PHD)

, 3 3

. CSM--PHD

100 m/s2, 0.1.

2(a) ,

,

,

,

1,

2 3 . 2(b)

CSM--PHD ,

CSM ,

,

. 2(c) CA--PHD

,

, 2 3

. 3 ,

, 3

, ,

CSM--PHD

, CA--PHD

.
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(a) STMIE--PHD (b) CSM--PHD (c) CA--PHD

2 3

Fig. 2 The comparison of the estimated tracks by the three algorithms with the true tracks

(a) STMIE--PHD (b) CSM--PHD (c) CA--PHD

3 3

Fig. 3 The comparison of the estimated target number by the three algorithms with the true target number

4 1 3

, 100 (Monte Carlo) ,

, ,

CSM--PHD , CA--PHD

.

4 OSPA (p = 2, c = 600)

Fig. 4 The comparison of the three algorithms in

OSPA distance

1 3

Table 1 Comparison of the three algorithms in

tracking accuracy and average run-time

of each step

STMIE--PHD CSM--PHD CA--PHD

OSPA /m 110.1167 152.9755 367.4068

/s 0.7372 0.9850 0.9700

1 CSM--PHD

28.0%, CA--PHD

70.0%.

, .

6 (Conclusions)
MIE , ,

MIE , MIE

,

,

,

,

.
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