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Fuzzy Variable Structure Multiple-model Tracking
for Airborne Laser Communication System
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(1 School of (Electronic Information & Automation ,Chongqing University of Technology Chongqing 400054 ,China)
(2 School of Physical Electronics,University of Electronic Science and Technology of China ,Chengdu 610054 ,China)

Abstract; High precision tracking system for airborne laser communication is usual to adopt multiple models
algorithm with a fixed structure, which brings about unnecessary inter-competition among the amount of models
and calculation burden. In order to resolve this problem, variable structure multiple-Model based on digraph
switching and fuzzy inference was presented,graph switching rule and complete model set were established, the
fuzzy inference mechanism was introduced to get matched degree for each filtering, the calculation complexity
was decreased obviously. The Kernel particle Filter can move particles toward the posterior, root mean squared
error between estimated and true model is minimum, the method could be introduced into fuzzy VSMM
framework. Simulation results show that the algorithm improves the accuracy of tracking by reducing the
competition of the models as well as reducing the computation burden.
Key words: Airborne laser communication; Tracking; Variable Structure Multiple-Model ( VSMM ) ;
Digraph switching; Kernel Particle Filter(KPF)
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. high capacity, low power consumption, light weight,
0 Introduction small sizes and low cost for communication terminals
Free space laser communications technology has crosslinks"™®,  The maturation of the physical

been developed for decades. The technology promises components for optical communication has reached the
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stage where it is feasible to consider free space laser
communications from airborne platforms, the main
developed countries and organizations, such as the
United States, Japan and the European Space Agency
( ESA ) have

[3.4]

carried  out airborne laser

communications”*. Due to diversity of maneuvering
forms for the airborne platform,it is the huge challenge
for airborne platform communication terminals to
establish stable optical communication link™'.

It is

impossible to accurately describe the

movement of airborne platform with the simple

"% In recent years, the region of maneuvering

model
communication usually adopts the Interacting Multiple
Model (IMM) estimation algorithm, which is notable
that IMM algorithm solves the tracking problem with a
fixed model set. Once the maneuvering forms beyond
the fixing model set,it will cause model mismatch and
affect estimation accuracy. In order to solve the
problem, one method is to expand the model set
requiring a large number of models, a large model set
not only brings about a great amount of calculation, but
also cause model completion to reduce the performance
of the algorithm, another method is to select suitable
model set according to the current state of
communication terminals, which is the idea of Variable
Structure Multiple-Model ( VSMM )
among these algorithms, the Extended Kalman Filter
(EKF) and improved EKF are the classical algorithm

that solves the tracking problem of airborne platform,

algorithm'™*,

EKF applies Taylor approximation to handle nonlinear
estimation problem, which often leads to (filter
divergence and low accuracy due to linearization error.
As particle filter algorithm could process nonlinear and
non-Gaussian problems well, particle filter is a
sequential Monte Carlo filters, Kernel Particle Filter
(KPF) algorithm can be used to get a more effective
posterior probability distribution.

Recursive Adaptive Model Set ( RAMS) is the
most important and natural method to realize VSMM, it
consists of two parts: model set adaptation and model
set sequence estimation. The paper proposes a kind of
model set adaptation method with Digraph Switching
VSMM ( DSVSMM )", In

problems, VSMM combining with KPF is proposed in

view of the above

this paper, the new algorithm is shown to possess a

good performance through computer simulation.

1 Motion and measurement model

State space dynamic equation in MM algorithm can
be expressed as follows

X.(B)=F.(X,(k—1)+G,(v;(k—1))

Z.(k)=H(X,(k))+rk)

where X, (k) represents state vector of the model i (i=

(D

1,2,++,M) ,v,(k) is the corresponding non-Gaussian
process noise vector, r ( ) is the noise of the
observation vector,Q and R is the covariance of v, (k)
and r (k) , Z, (k) represents measurement vector
[0Ck) BCk)]",which are azimuth and pitch from CCD.
0, and o, is standard deviation of measurement error of
azimuth and pitch respectively, meanwhile, R can be
replaced with diag (s} ,0)).

Assume moving communication terminal position
is (x, (k) ,y,(k),z (k) at time t, ,fixed communication

terminal position is (x, .3y, »2,) »then

r(h) =/ (2, () —2,()" (3, () =y, (1)" + (2, () —2,(&))*  (2)
vo (R) —y,(k)
xo (B) —x, (k)
2, (k) — 2, (k)

r(k)
It should be noted that airborne tracking of

0Ck) =arctan (3)

Bk = 5

communication platform actually is angle tracking, and
also is a typical nonlinear tracking problem. For the
stochastic characteristics of PF, model information can
be introduced in particles sampling process to realize
joint estimation for state and model. Model transition
probability with Markov chain can be given by

Pn(k+D)=j|mk)=d=p, i,j=1,2,K--M (5)

2 KPF

The core idea of particle filter is to apply weighted

u

average of a series of random samples to express

posterior probability density. Here, x,,, = { z; }'—, is a

set of sate vectors up to time #;,x,,, = {2, » w} } 12, are
the random particles on behalf of posterior probability
density p (2, | 21,0+ N, is the number of sampling
points,and w, are normalized weights of x|,
(x| x) pla | xf—))

q(r} “Tofkﬂ s2)

(6)

where q(x} | 2., 1 ,2,) is importance density function,
which is an alternative distribution function. It is easy
to sample from this function and distribution. At time
t, » posterior probability density p (x,, | 2,.,) can be

approximated as

N
(o2~ 21(‘0;\"8(1‘0:/471.(});/1) (7
Tradition particle filtering continually gets more

accurate parameter of importance function, which plays

an importance role on estimation of posterior
probability density,kernel density estimation isn't strict
with important function, and can directly sample
particle from dynamic equation, it makes particles to
move awards the high likelihood region of maximum
posterior probability density, idea of estimation is

shown in Fig. 1.

Kernel density estimation can accurately estimate

the status of parameter,it can be shown as
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20 = 1= 2 K (X (8)

1 X,—x
K, (X, — ) =K (5= 9
where K(.) is kernel function with bandwidth h,it is
K(x)=Q2m) "exp (—x"2/2) (10)

Weights of particles are required to be recalculated
as the distribution of particles,new weights are

i = LT 20 an

EK/, (12.,,, )
=1

. . . Dynamic sampling
Samping particles (| weights calculation

Kernel density

estimation Unknown
redistribution particles parameter
estimation

Move awards the
maximum pOStCl’lOl‘l\ ",

probability density " Weights recalculate

:""“ Status updating

Fig. 1 Idea of kernel density

3 VSMM based on digraph switching
and fuzzy inference

3.1 Digraph switching

VSMM algorithm adapts digraph switching with a
certain number of model set. Due to maneuvering of
platform, it can describe with different model, such as
Constant Velocity (CV), Constant Acceleration velocity
(CA) and constant angular velocity (CT). Workflow t of
the VSMM algorithm is shown as Fig. 2.

Establish the diagraph
of the model set

——»{ The rules of dagraph switching]

[ Switch to a sub-digraph (D,)]

Probability of] IMM (D)) PF model of
key model matched filtering
[upur ]

Fig. 2 Workflow of digraph switching

VSMM algorithm includes the following steps

1) According to the a priori information about the
moving platform, it is possible to build a complete
model set D, which constitutes digraph switching to
form the full coverage.

2) According to the probability of the key model,
probability is allocated to new activation mode,
switching rules of digraph switching are shown as

Fig. 3: Model set comprises five models, the center of

Model set D, is initial digraph; Model set is switched
according the probability of adjacent sets, suppose
probability of M, is greater than M, , Model set D,is
switched to D,.

Vg

< 4 :

2

Fig. 3 Digraph switching

3) Filtering estimation: supposed the given model
transition probability is p;, model probability is
{p:(0) 1L, , state value is {)A(, (k—1/k— 1)}, , and
covariance is {I/\D,(kfl/kfl)}jw:l ,where j=1,2+-M.
Finally, the system state estimators are computed by

A M A

X/ =2 (WX, (k/k) i=1,2,K---M (12)

i=1

3.2 Model probability with fuzzy inference

According to the current measuring input Z(k),
conditional filtering of the j sub model can be shown as
— A —_—
X' =E[X,|m,, 2" ]=F,  X("—1k—D+G, W,
PJ:F;' ]P(kfl ‘/I\’*l)(Ff» 1)I+GL 1Q/’v 1(G/,v 1)T
7=7,~HX -V

S'=HP'(H)"+R; (13)
K'=P (H)*(§)
f,=% 4K 2

P, =P —KS'(K)"
where 7’ is the innovation at time # ,S’ is the variance

of innovation, K’ is the gain of sub model filter j ; )AG .
is the state predictive at time k, P}, is covariance
estimation''"’,

The input index D, in fuzzy inference system can

be shown as
D,=(Z)"+(S) '+ 7 jEM (14)
A; is thedomain space of D; ,bj is fuzzy value of
input index D;. It is assumed that different models have
the same domain space(A,=A;,i,j € M) ,{uzzy input
set is divided into three fuzzy subset:small(S), middle
(M), big (B). Membership function is assumed as

~

Gauss function according to fuzzy input D,, Gauss

function is defined as

—(x—0)°
26"

where ¢ and ¢ are distributed parameters of fuzzy

p(x) =exp ( ) (15)

inference system. Output space range of fuzzy inference
system is [ 0, 1], membership function adopts the
trigonometric function, fuzzy output set is divided into
three fuzzy subset:small(S),middle (M) ,big (B). The
fuzzy output adopts the IF <+ THEN rule, the rules can
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be defined as followed
Rule-1 IF D, =M and D, =M--and D,=$S
THEN ;=S and p, = S+++and 1, = B++*
Rule-2 IF D, =B and D, = B-and D, =S
THEN ;=S and p, = S+++and 1, = B++*
the
matching degree ;1! of model j can be obtained through

According to fuzzy language rule, fuzzy

fuzzy inference, model matching Probability can be get

as followed

“ o
%ﬂj

2y, =1

(16)

4 Simulation experiment

In order to simplify the problem,it is assumed that
one of the two communication terminals is fixed, the
other is equipped on the airborne platform, the
communication terminal moves in a horizontal plane,
airborne platform flies at the altitude of 5 km, where
initial location at [530 m,800 m ], two kinds of moving
scene is set to verify the algorithm in simulation.

In scene. 1,during the time of 0~30 s,31~50 s,
51 ~ 80s, and 81 ~ 100 s, communication platform
respectively maintains — 0. 05 rad/s,
0.1 rad/s, — 0. 07 rad/s, and 20 m/s (CV), airborne
platform trajectory is shown as Fig. 4.

800

turn rate

750
700
£
650
600

550

500
700 800 900 1000 11001200 1300 1400 15001600 1700
X/m

Fig. 4 Airborne platform trajectory in scene 1
Variable structure model consist of five
the following: M, ( CT,
0.2 rad/s) M, (CT,0. 03 rad/s), M, (CV),M, (CT,
—0.2 rad/s) .M, (CT,—0.03).

The transfer matrix of model CT can be denoted as

set

subsets, which include

following
Fo,, (X0 =
1 sin (w) cos (w) —cos (w)
w w
0 cos (w) 0 —sin (w) 17
0 1—cos (w) 1 sin (@) !
w w
0 sin (w) 0 cos (w)

The transfer matrix of model CV can be denoted

as following

1 1 0 O
0 1 0 O

F,(X,)= 0 0 1 1 X (18)
0 0 0 1

Compared  with  the IMMPF  algorithm,

experimental computer adapts 2 GHz CPU Q9300 and
4 GB memory. Assume angle standard deviation of
sensor is 0. 1 mrad, the simulation results are shown in
Fig. 2 and Fig. 3.

As can be seen from the Fig. (2)-(3) ,the tracking
error of FVSMMKPF algorithm is always less than
IMMPF in the entire tracking process. Because PF
adopts transition probability of the system state as the
importance density function, PF can’t use the latest
observation information, however, KPF moves particles
toward real posterior probability distribution, so
filtering accuracy of KPF is higher than PF. Once
airborne platform maneuvers, the tracking error of
IMMPF algorithm increases rapidly,and reaches 1mrad
almost.

One hundred experiments ( Nyc) with Monte-
Carlo method is applied to verify the FVSMMKPF
algorithm, the Root Mean Square Errors (RMSE) in

azimuth @ is defined by

1'\"\" A
RMSE(;:N/NLE(Q;;’—GL‘“" (19)
MC 1

0.5

=
IS
£
[ 5]
<
-0.5 ; : : - ’ ; y
0 10 20 30 40 50 60 70 80 90 100
t/s
(a) Analystical error
1.0
0.5' ‘
| ‘
2 il ‘ ‘m ‘ ‘
g A
e | \\ |
_0.5.
_10 1 1 1 ! ! | 1 ! !
0 10 20 30 40 50 60 70 80 90 100
t/s

(b) Preparation error

Fig.5 Tracking error with FVSMMKPF algorithm
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0 10 20 30 40 50 60 70 80 90 100
t/s
(b) Preparation error
Fig. 6 Tracking error with IMMPF algorithm
where Ny is the Monte Carlo number (100) ,8,* is the

true state vector,gl’ is the estimated value.

In order to verify the above algorithms, it is
important for different ¢, to test tracking effect and
times cost , the simulation results with formula 19 are

shown as table (1)-(2) (assume fine tracking field 3

mrad).
Table 1 Tracking effect in different g,
os/ Algorithms Frror/mrad Lost- tracking
mrad Amplitude RMSE time/s
FVSMMKPF 0. 27 0.29 0
01 IMMPF 0.52 0.67 0
FVSMMKPF 0. 38 0.47 0
02 IMMPF 1.2 0.75 4.7
FVSMMKPF 0.61 0.71 0
0.4 IMMPF 1.8 0.92 8.3
Table 2 Time cost of algorithms
Algorithms Time cost/ms
FVSMMKPF 36
IMMPF 62

As can be seen from the Table 1,with the increase
of azimuth standard deviation, the tracking performance
of the above algorithms all decline, but RSME of
FVSMMKPF is obviously less than IMMPF. In two
hundred experiments, the number and time that
communication terminal loses tracking platform based
on IMMPF all gradually increase with growth standard
deviation, then FVSMMEKPF always maintains the

tracking state. In Table 2, average run time of the
proposed algorithm is significantly less than IMMPF,
fuzzy inference mechanism can obviously decrease, KPF
can use fewer particles to approximate the posterior
distribution, meanwhile fewer particles decrease
computation and improve real time of algorithm.

In scene. 2,during the time of 0~20 s,21~40 s,
and 41 ~ 60 s, communication platform maintains
of 61 ~ 100s,

communication platform moves in constant speed,

moving in circle, in the time
airborne platform trajectory is shown as Fig. 7.
1300
1200
1100}
1000

£ 900}
8001

7001

6001

500 - - . . - . .
500 600 700 800 900 1000 1100 1200 1300
X/m

Fig. 7 Airborne platform trajectory in scene 2

With respect to the scene 1, communication
platform shows the stronger maneuverability, the
tracking error in IMMPF algorithm is generally more
than 2 mard, equally, when the motion form changes,
IMMPF algorithm increases rapidly to reaches 3 mrad,
the tracking algorithm with FVSMMKPF always keeps
the better stability, the tracking error maintains within
1 mrad.

From the perspective of theoretic and data analysis
in two scenes, tracking effect based on FVSMMKPF
includes the following several aspects: 1) variable
structure multiple-model algorithm based on digraph
switching and kernel particle filter is presented, and
improves the accuracy of tracking by reducing the
competition of the models as well as reducing the
computation burden; 2) kernel density estimation can
directly sample particle from dynamic equation,it make
particles to move awards the high likelihood region of
maximum posteriori probability density and improve
filtering accuracy; 3) quadratic function of the filtering
measurement innovation weighted with the inverse of
its covariance matrix is considered as the input of the
fuzzy inference mechanism to get the matched degree
for each filtering model in the designed model set, by
which model probability in the existing multiple model
algorithm is replaced, and the calculation complexity is
decreased obviously;4) the uncertainty of measurement
space is mapped into the fuzzy space, and the

uncertainty of measurement space is resolved via the
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fuzzy inference mechanism.

S Conclusions
Fuzzy VSMM-DS with KPF used in airborne laser

communications is proposed in this paper, particles
obtained from KPF are moved towards the maximal
posterior probability density through Kernel density

estimation, adaptive model set can decrease

computation, and contradiction of models competition.

Simulation results verify that tracking RMSE error is

within the range of 0. 32 mrad, FVSMMKPF method

has better tracking performance and robustness.
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