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Abstract

Tracking maneuvering targets introduce two maor
directions to improve the Multiple Model (MM) approach:
Develop a better MM algorithm and design a better model
set. The Interacting Multiple Model (IMM) estimator is a
suboptimal hybrid filter that has been shown to be one of
the most cost-effective hybrid state estimation schemes.
The main feature of this algorithm is the ability to estimate
the state of a dynamic system with several behavior modes
which can “switch” from one to another. In particular, the
use of too many models is performance-wise as bad as that
of too few models. In this paper we show that the use of
too many models is performance-wise as bad as that of too
few models. To overcome this we divide the models into a
small number of sets, tuning these sets during operation at
the right operating set. We proposed Hierarchal Switching
sets of IMM (HSIMM). The state space of the nonlinear
variable is divided into sets each set hasits own IMM. The
connection between them is the switching algorithm which
manages the activation and termination of sets. Also the re-
initialization process overcomes the error accumulation
due to the targets changes from one model to another. This
switching can introduce a number of different models
while no restriction on their number. The activation of sets
depends on the threshold value of set likely hood. As the
likely hood of the set is higher than threshold it is active
otherwise it is minimized. The result is the weighted sum
of the output of active sets. The computationa time is
minimum than introduced by IMM and VIMM. HSIMM
introduces less error as the noise increase and there is no
need for re adjustment to the Covariance as the noise
increase so it is more robust against noise and introduces
minimum computational time.

Keywords: Interacting Multiple Model (IMM), Probabilistic

Data Association, Sensor Network.
1. Introduction

Multiple-model approach provides the state-of the-art
solutions to many problems involving estimation, filtering,
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control, and/or modeling. One of the most important
problems in the application of the multiple-model
approach is the design of the model set used in a multiple-
model algorithm. There are two types of model-set design:
online and offline. Offline design is for the total model set
or the initial model set in a variable-structure approach, as
well as for the fixed structure approach. In a fixed-
structure algorithm, the model set used cannot vary and is
determined a priori by model-set design. In a variable-
structure algorithm, the model set in effect at any time is
determined by an adaptation process, known as model-set
adaptation, which may be viewed as an online (rea-time)
design process and will depend on the total model set
determined a priori if such a set exists. In this paper we
study the IMM with a large number of operating modes
and introduce its performance for different modes changes.
Then we replace this IMM with another structure of IMM.
The structure includes sets of IMM. Each set includes part
of these operating modes. At initialization all the sets are
active but the right set which introduce lower innovation
will be active while the others will be switched off When
the system change to a different active set the diverging of
the active set will cause system initialization and activation
to all sets and start to tune to the right set. This algorithm
overcome the problem of large number of modes in IMM,
activate only the right set not all sets which introduce less
computation complexity, and alow variation of time step
to large values to reduce energy consumption in Sensor
Network while tracking.

In section 2 the related work is presented. We
introduce IMM in section 3. Variable structure IMM isin
section 4 while the HSIMM in section 5. The Results of
IMM of The First Tracking Problem is in section 6.The
design of HSIMM s introduced in section 7 while its
results of the first tracking problem in section 8. The
second tracking dynamics and its results are introduced in
section 9, finally section 10 presents conclusion and future
work.
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2. The Related Work

The IMM was introduced in [1] which
summarized the date-of-the-art of the IMM and its
variants. They discuss and compare the base-line IMM
algorithm with variable-structure variants, multiple sensor
variants, correlated noise variants, glint-noise influenced
variants, and others to know more about IMM. But it is
shown theoretically that the use of too many models is
performance-wise as bad as that of too few models. In [7]
they introduced difficulties of excess of measure while [8]
introduced the difficulties of using IMM in Radar system.
In [2] they introduced limitations of the fixed structure
algorithm. Then presented theoretical results pertaining to
the two ways of overcoming these limitations.
select/construct a better set of models and/or use avariable
set of models. The new approach was illustrated in non
stationary noise identification problem. In our previous
work [12] considering Extended Kalman filter and IMM
in the same tracking problem to introduce the accuracy and
time delay of the two tracking algorithm. In this paper
structure of IMM sets are introduced to overcome limited
number of sets and nonlinearity of target motion model.
The structure includes number of IMM (set of modes)
working separately. But the right set will be considered
while the others will be switched off.

3. Thelnteracting Multiple M odel

The system is described by the model:
x(k+1) = F(k,m(k +)x(k) + G(k,m(k + 1)) * u(k,m(k +2),... (1)
2(K) = H (K)X(K) + W(K),... 2)

Where xeR™ is the system state vector, ze R™ is the

measurement vector, ue R™ and weR"™ are mutualy
uncorrelated, white zero mean Gaussian noises with
coveriances Q, and Rw respectively. The parameter my

presents the current system mode. F is the system dynamic
matrix, and H is the measuring matrix.

Because the accurate system model is unknown, the system
is described by a number of models. The event that the i"
model m is actual at timek is denoted as
Mi(K)={m(K)=m}.

It is assumed that the system model sequence is a Markov
chain with transition probabilities

Pim; (k+DIm ()= B, (k)

where YP, (K)=1 =121
=1

Designing model set is the major element affects the
performance of the IMM. These models represent different
mode of operation of the system. If the system operating
mode is fare from these models it doesn’t converge. Or if
we add models near to each other in parameters the
estimated state may converge to the wrong model and also
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models probabilities after converging to the wrong model
cause system divergence.

We introduce two models one linear motion and one
coordinated turn model for quick maneuver detection.

1) Constant Velocity Model: This model is the most
commonly used. The target is assumed to move with a
constant  velocity. For notational simplicity,

Xt ={Xt, X%t Yt, Yt} refers to the state (coordinates and
the velocities) of a single target following this motion
model and Uy is the corresponding motion noise.

2
1 AT O %
0O 1 0 O AT 0
= + u 3
%o 0 1 aT(YT), at?[% ®)
0 0 0 1 2
0 AT

where u, ~N(0,diag(s 2, 2) .

2) Coordinated Turn Rate Model: This model assumes that
the target moves with a constant speed (norm of the
velocity vector) and a constant known turn rate W . Again,

we denote Xt as the state of a single target from this class

and Ut as the corresponding motion noise. To introduce

the case of a target moving with varying W change from
0.2 to 1.8 we divide the IMM into 10 modes, one linear
and other 9 modes at different W

| SnWAT o 1-coswAT AT?
w w 2
_| 0  coswAT 0 —-sinwAT AT 0
%a=| 1 coswAT snwaT |4t AT2 M (4)
0 1
w w 2
0 SnwAT 0 COSWAT 0 AT

Where Ut has the same Gaussian distribution asin (3).

% (k=1|k-1) —
—’I Combination
3 - - (K |k
Ok 1k P Al [ X(k1k)
- Model
| Interaction > Filter2 probabilit
T y mj(k)
A A
Mixing L1y .
probability Fltern Ll | ikelihoo
myj(k=11k-1) d Aj(k)

A ——>
.Il—{ Markov model switching probability }7

Fig. 1 Scheme of IMM agorithm
A Markov transition matrix is used to specify the
probability that the target is in one of the modes of
operation. The model probabilities are updated at each new
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measurement, and the resulting weighting factors are used
in calculating the state. One cycle of a practical IMM
algorithm consists of the following steps which in

(31.[4].[9]

One Cycle of the IMM Estimator

1. Model-conditioned reinitiaization (fori = 1, 2,....,;M):
Predicted model probability: ff) , =P(m{" |7 = D eyt
j

Mixing weight: m, = P{m{, |m®, 2% =p {2} /mf) ,
A

Mixing estimate: %, ;=E[x 4 |m{,21]= Z KDyl
j

. N [P kcr + Byer = %)
Mixing covariance: RY), :Z _k(i)”k ! A(?)”k ' jk|. e
T (Xl — Xcge-) TMeta
2. Model-conditioned filtering (for i = 1, 2,.....M):
Predicted state: X{)_, =F &, , + GO WY,
Predicted covariance: R{), = FORY, 1 (FY) +60Q0 (GY)
Measurement residual: 2 =z, - HOX{) | -
Residual covariance: s =H{R{),(HY) +RY
Filter gain: KO =R (HOy(s™)™
- g _ () (5@
Updated state: Xk = X1t Ke' 2
Updated covariance: Ry = R{), —k&s® (kY
3. Modéd probability update (for i =1,2,.....M):
asume expl-(1/2)(7) (") *Z")

Model likelihood: L®)2 piz®) |m(?, 2] IS
J2os!|

oL
Model probability: mf? = P{m( /2] = ki __

D ALY
i
A
4. Etimate fusion: g =E[x, |2 = z x4
1

A N .
Overall estimate: X —E[x |2] = Z EOIg
1

Overall covariance: Ry, = Z[Pk(\ik) + (R — X (R — %50 rf?
i

4. Variable Structure Multiple M odel
Estimation

General speaking, afixed structure MM (FSMM)
algorithm is one with a fixed set of models while avariable
structure MM (VSMM) algorithm is one with a variable
set of models. The set of models used by MM algorithm at
time k is denote by My and the total set of models is
denoted M. As M is the union of al M\’s. The MM
algorithm is said to have a fixed structure if the model set
My used is fixed over time (i.e. My = M; vk ). Otherwise it
is said to have a variable structure.
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VSIMM Recursion

1. Model-set conditioned (re)initialization [ vm e M, ]:
Predicted model probability:
T i|&flip{”l(<i) MM, 27 = ZP i

meM,

Mixing weight: m!f, =p(m({®) |m{,M, ;2% =p ;m{))/nf}),

Mixing estimate: %0 ,=ElxIm{),24= "> &0y il
meM,

Mixing covariance:

ROka= Y 1P + R0y~ 3 )&y ~ K ) Tl

meM,
2. Model-conditioned filtering [ vm e M ]:
Predicted state: () ,2fx, [m{) M, 5,24 =F 9%0, , + GOTY;
Predicted covariance: r{), = F"RY,,(RY) +60Ql (G,
Measurement residual:

70 =z — Elz |m{ My 1.z 4] =z - HOK, -0
Residual covariance: s =HORY., (H{y + R
Filter gain: k) = RY,(HOy(s")

Updated state: f(l(('")(iE[xk MMy 4, 2] = Xy + kZ0

Updated covariance: Ry = Rj)_; —k{sP (I

Model likelihood:

assume . )y giy-15()
Lﬁ)ip[flfi) m®, 242 exp[—(1/ 2)(z )1(/35 )71
[oos?|

s DIEO!
Model probability: nf):P[nﬂ')/zk]zM
>l

i

4. Estimate fusion: %, ~Elx, | 2] = Z*ﬁ]&mﬁ”

A . .
Overall estimate: X =E[x | 2= Z ?;(('|);<n](<')
i

Overal covariance: Ry, - Z[Pkﬁ‘g + G = X0 Gage — X0 it
i

As the outcome of the advances during the past three
decades, the state-of-the art FSMM estimators usually
perform quite well for problems that can be handled by the
use of a small set of models. Consequently, they have
found a great success in solving many state estimation
problems compounded with structural or parametric
uncertainty, particularly in target tracking. However, when
they are applied to solve many real-world problems (e.g.,
many practical target-tracking problems), it is often the
case that the use of only a few modelsis not good enough.
Although further development is certainly possible, the
FSMM estimation techniques have arrived at such a stage
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that great improvement can no longer be expected. This
perception is based on an understanding of the
fundamental limitations of the FSMM approach.
These limitations stem from the following facts:
= |t assumes fundamentally that the system mode at
any time can be represented (with a sufficient
accuracy) by one of afixed set of models that can
be determined in advance.
= The set of possible system modes is not fixed. It
depends on the hybrid state of the system at the
previous time.
= Asshown in [34],[38], use of more models in an
FSMM estimator does not necessarily improve
performance; in fact, the performance will
deteriorate if too many models are used.
= It cannot incorporate certain types of a priori
information.
= Clearly, the amount of computational resource
required by an FSMM estimator increases
dramatically with the number of models used.

5. Hierarchal Switching setsof IMM

The variable IMM increase the accuracy of the estimated
position but still doesn’t solve the problem of increasing
number of models to estimate a wide range of variation. It
works as IMM but takes only the results of models with
relativity higher model probability.

In our proposed algorithm we mix the advantage of small
number of models of IMM and variation of its activation
over a wide range. The space plane of the nonlinear
variable (e.g. acceleration or turning angle) is divided into
sets. Each set has its own IMM with its transition matrix
and model probability as if it stands alone. The likelihood
of each set is calculated according to its introduced
innovation. The output of setsiscalculated asin VIMM. A
threshold value to the introduced innovation cause the
switching between the sets. The right set will be on while
the other will be off which reduced the computation time.
As the right set deviates from being the right one, all other
sets will start to work while this set will be off. The overall
computation time is less than that of including all setsasin
IMM and VIMM. The accuracy isn’t as IMM or VIMM
due to the activation of off sets. Overall the Hierarcha
Variable Switching of IMM overcomes the limitation of
increasing number of models of IMM with high stability
against measuring noise and also reduces the computation
time.

5.1 Model-Set Probability and Likelihood

Asin VIMM the marginal likelihood of a model-set M; at
time k is the sum of the predicted probabilities times the
marginal likelihoods, both of all the modelsin M;
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L'l\fvip[i“seMi,zk’l]:ZP[Z”s:m,zH] P{s:nﬂseMi,Z"’l} (5)
\meM‘ } \ l

Model margi nalYIikeIihood Pred!cted model
Probability
Where Z the measurement residual and sis is the mode in
effect during the time period over which the test is
performed. Note that s has to be assumed constant because
a hypothesis cannot be time variant. The joint likelihood of
the model -set

A
M; is defined as L% ,=P{Z |seM;] . The (posterior)

probability that the true mode is in a model-set M; is

defined as

M ZPlseM, |seM, )= Y P{s=m|seM, 3} (6)
mjeMj

Which is the sum of the probabilities of &l modelsin M; ,

where M, is the total model-set in effect at time k, which

includes M; as a subset and is problem dependent. The

model probability p{s=m|seM,,z} for each model m is

typically available from an IMM estimator.

5.2 Initidlization of New Models and Filters

The key to the optimal initialization of new models and
filters is the concept of state dependency of the system
mode set. It smply states that given the current mode (and
base state), the set of possible modes at the next time is a
subset of the mode space, which is determined by the
(Markovian) mode transition law. The optimal assignment
of the initial probability to a new model accounts only for
the probabilities of those models that may jump (switch) to
this new model, and the optimal initial state estimate for a
filter based on a (new or old) model is determined only
from the estimates (and the probabilities) of the filters
based on those models that may jump to the model.

Specifically, the optimal initialization of afilter based on a
new (or old) model m, can be done as follows. When

calculating E[x, |m™;M**,Z] , only the previous

estimates X{’y,; based on modelsin the set E, should be
used, where E, is the set of modelsin wm,_, that are allowed
to switch to m,:

En:{m .m EMkfl,aniO} (7)
Specificaly, the initial estimate for time k cycle of the
filter based on model m, can be obtained as
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X qk1 = Elxk—l |m” M, ZkilJ
= ek Im2M 2 2P 0 M @

meE,
=(l

=2 Xlgzﬂk—lnugl

meE,
Where

]

= P, [ Mt} PrnlTho
rr‘(_l_ n‘\(—llm( 1M }— |
zpin _)1
m <E,

5.3 Adding and Removing Sets

(9)

Perform N model-set sequential likelihood ratio test.

(Hg:seMgyVvsH;:se My),....

(Hy1:SeMyvsHy seMy)

These tests are implemented by using thresholds

B-_2
1-Db

the hypotheses Hy, Ho;...... ,Hn remains. Specifically:

and A=-c0 . This step ends when only one of

e Regject set that includes M; for which

A
k2 k gk
Aj=Ly /Ly, 2B
e Continue to the next time cycle to test for the
remaining pairs with one more measurement until
only one of the hypotheses Hy,Hy,.....,Hy, say H; ,

is not rejected.
5.4 Re-initialization of the off sets

The likelihood functions for filter j is as follows:
A9 =Nz 005 ()]
1
1 1 _ (10)
=[20s; ()| 2 xex;{—2 7 (0S5 07 (k)}

Where z(k=z(k) -z(k|k-1 is the innovation for filter j and

Change the state to off and activate the other sets

Else set is active.

End.

End.

Compare all A;(k) the smallest A;(k) takes its highest mode

| probability to be the set probability

Set probability of the other two sets=1- probability of minimum
Ai(k)

If the remaining sets are active

Distribute this value between them according

to their maximum model probability.

Else

Set the probability of the off sets to zero

End.

For active set which has the maximum probability we take its
output

Rk : Elx |2]= Zil(:u)(”ﬁ)

6 The Results of IMM of The First Tracking
Problem

We tested our model using Matlab 2010Ra. intel core 2
duo., under windows vista environment. The following
resultsis for 10 modes one for linear motion and the others
are at different w [0.2,0.4,0.6,0.8,0.9,1.1,1.4,1.6,1.8],
Q=diagonal (0.5% R=diagonal (100). The results are the
average of 200 run. The target trajectory described in
Tablel: target trajectory

scenario First trgjectory Second trajectory
0<k<90 w=14 w=14
90<k<150 w =0.2 w=1.6
150<k<200 linear linear
200<k<300 w=1.9 w=1

The transition matrix has a diagonal of 0.82 while all
models start with equal model probability

Table 2: The results of thefirst target trgjectory

S(K) is the covariance matrix. IMM
Switching between active sets as
Aj(K)-Aj(k-1)>a (12) RMSE | RMSEy | RMSEv | RMXEvy | Vaue | AT | Exetime
X X
The model set of M j ischange to off state and initiate the
0.6174 | 0.6039 | 0.3242 0.2970 Mean | 2.3 0.01443
other two sets. 29391 | 2.711 1.416 1528 Max
One Cycle of Switching sets of IMM 06275 | 0691 | 04422 | 03774 | Mean | 25 | 0.01443
2.041 2.9366 | 1.504 1.6223 Max
0.7423 | 0.6081 | 0.2973 0.3163 Mean | 2.9 0.01440
Start one cycle for each set of IMM 3.3473 | 24812 | 09727 | 1.4287 Max 2
A(K); =max (A(K); j)where j =12,...and i =123 1.0326 | 1.0102 | 0.3486 0.4908 Mean | 3.3
Fori=1:3 49509 | 4.509 1.2098 1.2983 Max 0.01449
If Ak);>b SetIchange to off state 8
Else active
End.
If A(K) -A(k-D;>a
Copyright (c) 2013 International Journal of Computer Science Issues. All Rights Reserved.
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Table3: the results of the second target trajectory

IMM

RMSE RMSEy | RMSEv RMXEvy | Value | AT | Exetime

X X

0.6174 | 0.6039 | 0.3242 0.2970 Mean | 2.3 0.01443

29391 | 2711 1.416 1.528 Max

0.6275 | 0.691 0.4422 0.3774 Mean | 25 0.01443

2.041 2.9366 | 1.504 1.6223 Max

0.7423 | 0.6081 | 0.2973 0.3163 Mean | 2.9 0.01440

3.3473 | 24812 | 0.9727 1.4287 Max

1.0326 | 1.0102 | 0.3486 0.4908 Mean | 3.3

49509 | 4.509 1.2098 1.2983 Max 0.01449
8
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8. Theresults of Hierarchal Structureof IMM
for TheFirst Tracking problem

We tested our model using Matlab Ra2010 on intel core 2
duo., under windows vista environment. The following
resultsis for 10 modes one for linear motion and the others
are a different © [0.2,0.4,0.6,0.8,0.9,1.1,1.4,1.6,1.8],
Q=diagonal (0.5% R=diagonal(100). The results are listed
in table 4. The system characterized by unknown
changeable structure asin the previous first example.

Table:4 The results of the first tracking problem

7. Hierarchal Switching of IMM

In the above examples we change models with w near to
each other while the change of linear model can take place
at any k . the sudden jump of w to far values cause system
to diverge. Also in this model we choose w that can
introduce good results with each other not all values of
them cause system converge or good tracking. Also Not
wide range of the time step variation is available.

Two overcome these limitation we introduce a variable set
of models. We take the advantage of good tracking of
small sets of IMM and divide our structure into three sets
The first set includes w;-[0.2 0.4 0.6] .The second set
includes 0,-[0.8 0.9 1.1]

The third set includes linear model with ws-[1.4 1.6 1.8]
.The variable structure of IMM agorithm is shown in
figure 2

The transition matrix of the first two set and model
probability as follow

098 001 0.01 0.4
Pr=/0.01 098 0.01 m=| 0.3
0.01 0.01 0.98 0.3

The transition matrix of the third set has 0.97 diagonal and
equal model probability

wik+ 1)
Z(k+1)
V(K +1
( ) > System —>
N Xl(k+1|k4&
INANAA VI(k+1) >
> X, (1 e+
4 Set2 N j _
IMM3 | V2(k+D) X(k+1]k+1)
7| Switching the
Xa(k+ 1|k +g| SSON
Set3 » Or OFF
g By v3(k+1) » Get right state
A 4

Fig.2 The Hierarchal structure of IMM for the three sets
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IMM
RMSEx | RMSEy | RMSEvx | RMXEvy | value | AT Exe.
time
2.2637 1.1498 0.6093 0.4307 Mean | 2.3 | 0.0066
18.505 5.039 3.6603 2.5497 Max
3
2.6597 2.4558 1.0951 0.9815 Mean | 2.5 | 0.0066
7.2371 7.3775 4.0049 4.078 Max
0.6341 0.6489 0.5999 0.6096 Mean | 2.9 | 0.0067
5.1443 5.034 1.8247 1.5653 Max
2.5489 2.7573 0.8608 0.8229 Mean | 3.3 | 0.0065
7.929 7.603 3.2303 3.0638 Max
3.4279 3.2624 1.1856 1.2166 Mean 4 0.0067
14.176 | 13.3039 3.9484 3.9018 Max
2
2.4515 2.6506 0.8125 0.9002 Mean 5 0.0065
8.2294 9.7918 3.1517 5.5053 Max

If we change w to w,=[7/dt 8/dt 9/dt] w,=[4/dt 5/dt 6/dt]
and wz =[1/dt 2/dt 3/dt] with linear model. These values
include most of the turning angles that have good
separation between modes of operation. The other values
included in these modes. The RMSE for the same
parameters of the IMM are listed in table 5 while the
results of RM SE if we choose R=I 25, arelisted in table 6

Table 5: The result of thefirst tracking problem

HSIMM
RM SEx RMSEy RMSEvx RMSEvy value AT Exetime
17.6978 | 18.2421 | 2.2899 2.6145 Max 2.3 0.0071
1.8674 2.1699 0.5395 0.5922 Mean
7.6344 12.4231 3.0548 1.9364 Max 25 0.0068
0.872 1.1034 0.6205 0.4502 Mean
105143 | 15.9724 | 2.2557 1.8583 Max 2.9 0.007
0.9774 1.2805 0.4727 0.4726 Mean
15.8625 11.5765 2.3474 24372 Max 33 0.007
1.1525 1.0396 0.4897 0.4882 Mean
13.3789 | 7.4274 2.8286 2.2394 Max 4 0.0067
1.0023 0.9793 0.9544 0.8300 Mean
11.5338 14.1307 1.814 3.4595 Max 5 0.0067
1.6121 1.3044 0.6895 0.8429 Mean
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Table 6: The result of the Other sets for the same target trajectory a,=20[00] a,=20[10] as=20[01] a,=20{-11]
a5 =2000-1 a5 =201 a;=20-11] a=20[-1-1]
HSIMM ag=20[1-1 a,,=2020 a,=2002] a,=20{-20]
a3 = 2000,-2]
RMSE | RMSEy | RMSEv | RMSEvy | Vaue | AT | Exetime
X X .. . .
40811 | 72520 | L4272 | L4737 | Max | 23 | 0.0067 The transtion relations among models are easily
0.4532 | 0.7541 | 0.4739 | 0.4404 | Mean understood in terms of the directed graph (i.e., digraph)
4893 | 67546 | 1.8966 | 1.5485 | Max | 25 | 0.0068 representation of an MM, introduced in [13], [15], [14],
0.7274 | 05493 | 04879 | 04558 | Mean [16]. The topology of model set A% is depicted in Figure

0.6341 | 0.6489 | 0.5999 0.6096 Mean

7.3538 | 4.0377 | 2.7559 2.2064 Max 33 0.0068
0.6939 | 0.7537 | 0.7178 0.6819 Mean

(acceleration) space. An arrow from one model to another
indicates a legitimate model switch (self-loops are omitted)

4773 | 69501 | 32547 | 33066 | Max | 4 0.0061 with non-zero probability.
07348 | 1.0398 | 0.6877 | 06414 | Mean ==
9054 | 57863 | 2.9827 | 33516 | Max | 5 0.0068 (2

15052 | 1.0657 | 1.0743 1.0657 Mean

9. Results of The second Tracking Problem

The target measurement model B
N
x(k +1) = Fx(k) + G[a(k) + w(k)] (12)
z(k+1) = Hx(k +1) + V(K +1);k =01,2,.... (13)

Where X=(X,V,,Y,V,)" denotes the targets state

az(ax,ay)’ is the acceleration, w~N[0,Q] is the F i

acceleration  process  noise,  Z= (%(’ z ) Is  the Fig. 3 Digraph representation of 13-model set

measurement, v~N[o,R] iS the random measurement error

and 8.1 Design of VIMM and HSIMM
1T 0O T2/2 0
0100 T 0 For both VIMM and HSIMM we divide the sets into three
F= 001T G= 0 T2/2 Sets. M; ={ay,a3,a1, 85,850} , M, ={ay,as,33,8g} and
0 0 01 0 T Mg ={ay,a4,87,a}

The probability transition matrix of IMM13 and VIMM

The unknown true acceleration is assumed piecewise has diagonal of 08
constant, varying over a given continuous planar region A, The model probability is
In the MM framework. we consider a generlC finite set m:[0.0S 0.08 0.08 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.076]

(gric) of acceleration values A” =" e A°:i=12..rf Which  Eor ySIMM we have three sets each set has its own
defines the total model set. We approximate the evolution transition matrix and model probability as follow

of the true acceleration over the quantized set A" viaa Setl

Markov chain model, that is, a, e A" with given

) ' 0.8 004 0.04 004 004
P{aoza(')}: P and P{ak =a® |ak_1:a(')}:pij fori, j=12,..r.

0.04 08 004 004 004

Consider the following target-tracking example, adopted p=/004 004 08 004 004 m=[02 02 02 02 02
from [8],[18],[17],[19]. A target moves in the horizontal 004 004 004 08 004
plane that may have piecewise-constant acceleration with a 004 004 004 004 08

maximum value of 4g (40m/s2) in any direction. Assume

that the_ following set of 13 tlme-mvanant model_s, Set? and Set3
characterized by the expected acceleration vector a, is

used:
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097 001 001 001
001 097 001 001

p= m=[0.25 025 0.25 0.25]
001 001 097 001

0.01 001 0.01 097

The sets probability isinitialized by

=[04 03 03] . It is changed according to the
maximum model probability of the model of sets. The
active set takes higher value while the other is distributed
according to their higher model probability.

8.2 Performance Evaluation

Test scenarios

The performances of the IMM, VIMM and HSIMM
tracking algorithms were investigated first over a large
number of deterministic maneuver scenarios with fixed
acceleration sequences. Deterministic scenarios serve to
evaluate algorithms’ peak errors, steady-state errors and
response times. We present two of them, referred to as
DS1 and DS2, in the sequel. Their acceleration values are
givenin Table7

Deterministic Scenarios’ Parameters

The other parameters for both scenariosare T = 1s; Q =
O; R=1250I; x0 = [8000; 25; 8000; 200]. Note that while
the acceleration values in DS1 are relatively close to the
fixed grid points of IMM13, in DS2 they are deliberately
chosen far apart from the grid points. As such, for the fixed
structure estimator IMM13 the scenario DS2 is more
difficult than DS1.

Table 7: The Targets Dynamics

Scenari DS1 DS2
(0]
K a®) | a® | a® | a®
1-29 0 0 0 0
30-45 8 22 8 22
46-55 2 37 12 27
56-80 0 0 0 0
81-98 25 2 15 2
99-119 -2 19 -2 9
120-139 | O -1 0 -1
140-149 | 38 -1 28 -1
150-160 | O 0 0 0
Performance measure:

The accuracy of the algorithms was measured in terms of
position and velocity root-mean-square
errors (RMSE):

M
D) = X 0N - X (9T

j=1

RMS_error(k)—\/i
M

Copyright (c) 2013 International Journal of Computer Science Issues. All Rights Reserved.

«_[1 ¥
RMSE} = VZ [x Xk|k x xklk
i=1
1M
RMSE} = ™ Z([y yk|k
ia

sl
= xk—xmj
RMSEKy:(ﬁ%([Yk yk|k] [yk yk|k]jjz

Where

(x'k yL)true position, (XL yL)true velocity,(fd(, i )estimated positi on(;kL, 3};()
and the estimated velocity.

The performances of the three MM tracking algorithms are
investigated first over a large number of deterministic
maneuver scenarios with fixed acceleration sequences.
Deterministic scenarios serve to evaluate algorithms’ peak
errors, steady-state errors and response times. We present
two of them, referred to as DS1 and DS2, in the sequel.
Their acceleration values are given in Table 7. The other
parameters for both scenarios are T=1 sec, Q=0,R=1250I
Note that while the acceleration values in DSl are
relatively close to the fixed grid points of IMM13, in DS2
they are deliberately chosen far apart from the grid points.
As such, for the fixed structure estimator IMM13 the
scenario DS2 is more difficult than DS1.

Table 8: Theresults of target dynamicsin table 7

IMM13 VIMM13 HSIMM13
DSs1 DSs2 DS1 DSs2 DS1 DSs2
RMSc 1 0.0182 0.0118 | 0.0.094 0.0892 | 5.6850 | 4.2039
RMS 1 0.0291 0.0276 | 0.312 0.3131 | 3.6809 | 5.6190
RMSx | 103.309 | 74.822 | 105.635 | 75.133 | 23.876 | 16.058
2 4 1 0 4 0
RMXw | 97.7809 | 93.333 | 103.902 | 99.936 | 15.207 | 10.526
6 3 8 6 1
Table 9: The execution Time of target dynamicsin table 7
IMM13 VIMM13 HSIMM
DS1 DSs2 DS1 DSs2 DSs1 DSs2
Time 0.0.007 | 0.0072 | 0.0085 | 0.0073 | 0.0045 | 0.0019
5
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Figure 4 Activation between the sets as their set probability change for
DS1 of HSIMM 13
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Figure 5 Activation between the sets as their set probability change for
DS2 of HSIMM13

The proposed HSIMM introduced less computational time
and also minimum RMS error as shown in table 5, 6,8 and
9. But it needs to be re-initialized to overcome error
accumulation.

The activation between included sets is achieved by the
introduced threshold value of innovation. The switching
algorithm as shown in figure 4 and 5 for DS1 and DS2 is
effective.

10. Conclusion

As the number of the IMM increase the algorithm stability
decrease. Or in other word As the parameters change the
system doesn’t converge to different values. As we show in
IMM with 10 models. The change of w and AT . Also the
choosing of their values may cause system to converge to
the wrong model of w. Also as the time step change the
(increase) the system doesn’t converge as w and time step
change together. Not all the models change during
operating from model to another allowed.

Copyright (c) 2013 International Journal of Computer Science Issues. All Rights Reserved.

In structure set of IMM we first choose the near values of
w in the same model to avoid converging to the wrong set.
The small numbers of models increase the system stability.
It doesn’t diverge at the changing of time step or different
values of w. Also changing from any model to another is
allowed. The advantages of the structure set of IMM are
introducing varieties of motion models and also varieties
of time step values. Introduce variety of Model change
during operation. Introduce large number of modes of
operation so we can avoid using the nonlinear models with
their calibration hardness. It aso introduce less
computation time than introduced by the large number of
IMM since we only activate the right set.

The error introduced by the structure HSIMM is due to the
initialization at the beginning before converging to the
right set. This error can be reduced by the refinement
process if we take the saved values of the right set but it
doesn’t suite the real time process. The HSIMM also
introduce relatively similar errors at velocity components
compared to other algorithms. The computational time is
minimum than introduced by IMM and VIMM. HSIMM
introduces less error as the noise increase and there is no
need for re adjustment to the Covariance as the noise
increase so it is more robust against noise and introduces
minimum computational time.
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