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ABSTRACT 

An improved algorithm for tracking multiple maneuver

ing targets using a global modeling approach has been 

developed in this dissertation. This algorithm is imple

mented with an approximate adaptive filter consisting of a 

data association technique (1-step conditional maximum 

likelihood or 1-step maximum a posteriori estimate) 

together with the extended Kalman filter and an adaptive 

maneuvering compensator. Via this approach, both data as

sociation and target maneuvering problems can be solved 

simultaneously. 

In addition to the data association problem, a multi-

target tracking problem solved by using the measurements 

from multiple sensors is also investigated in this disser

tation. The key contribution of this development is that 

a decentralized estimation approach is used for data fu

sion, which simultaneously solves fusion and track to 

track correlation problems in a global way. In this ap

proach, each local tracking system processes the local 

sensor measurements and sends the local estimates peri

odically to the global processor in the central tracking 

system. After processing the results, the global proces

sor sends back the global estimates to each local system. 

With our approach, track to track correlation is achieved 

V 



using a global modeling approach, exploiting certain 

results from decentralized filtering. 

Moreover, in order to avoid the extra computational 

burden of considering events with negligible probability, 

a validation matrix is defined in the tracking system. 

Detailed Monte Carlo simulations of the multi-target 

tracking using single-sensor and multi-sensor fusion algo

rithms for many situations are described. Computer 

simulation results indicate that this approach success

fully tracks multiple targets over a wide range of condi

tions. 
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CHAPTER I 

INTRODUCTION 

Multiple-target tracking (MTT) is an essential re

quirement for surveillance systems employing one or more 

sensors, together with computer subsystems, to interpret 

the environment. This subject has been investigated by 

many authors in a large number of papers and publications 

[4,5,8,17,19-22,25-31,35,50,56] for several decades. The 

more specific ones are shown as follows: Chang and Tabac-

zynski [15] presented a survey of problems and solutions 

which deal with target tracking; Reid [50] presented a 

multiple-hypotheses tracking (MHT) algorithm with initia

tion logic to track targets in a multi-target environment; 

a special case of MHT, denoted the joint probabilistic 

data association (JPDA) method, that is suited to a high 

false target density environment was addressed in 

[5,17,30,31]; a unifying approach to MTT was developed by 

Emre and Seo [25-27]. 

The major problem of a tracking algorithm in a 

multiple-target environment is data association. The ob

jective of the tracking algorithm is to partition the sen

sor data into sets of observations produced by the same 

target. During this process, sensor observations obtained 

from the same target source are used to form target 



tracks. Once tracks are confirmed, the number of targets 

can be estimated and the targets' kinematic parameters 

such as position, velocity, etc., can be computed. Such a 

data association technique that is applied to associate 

measurements with the confirmed tracks is the key develop

ment in MTT. Its related approaches have been addressed 

in many papers, such as [4,5,8,16,20-22,25-31]. If some 

measurements do not belong to any existing tracks, tenta

tive tracks are created for them which may become con

firmed tracks. On the other hand, a track termination 

criterion should be utilized when tracks have consecutive 

missed detections. 

The track estimates are distorted or even divergent 

because of the target maneuvering problem. Although it 

has been investigated by many authors for a long time, 

there still remains a great deal of debate surrounding 

this problem. This is evidenced by the wide variety of 

literature available on this subject [6-9,11,16,20-

27,34,37, 46,47,54,55,60], with more papers being pub

lished every year. This problem is much more complicated 

in a multi-target environment, which needs a technique 

that considers the performance of data association 

together with maneuver detection and estimation, such as 

the techniques addressed in [16,17,20-22,26,27]. 



One improved tracking algorithm for multiple maneuver

ing targets is developed in this dissertation and is 

presented in Chapter II. The basic idea is based on Emre 

and Seo [26,27] with several additions to obtain improved 

results and reduce the amount of computational burden. 

The fundamental concept underlying this approach is to 

define a global model for all target situations that was 

developed in [26,27], to pursue a correct association be

tween radar measurements and true targets using the 1-step 

conditional maximum likelihood technique or 1-step maximum 

a posteriori estimate, and to apply an adaptive procedure 

for target maneuvering problems. 

Since large amounts of memory and computer capability 

are necessary to solve multiple-target tracking problems, 

the number of applications of MTT has increased rapidly 

with the expansion of computer performance. However, no 

computer can provide unlimited memory for quickly increas

ing hypotheses during the MTT process. Therefore, because 

of the possibility of a large number of targets that must 

be tracked in a complicated environment, a tracking algo

rithm which can reduce the computational effort is impor

tant. The tracking algorithm presented here is imple

mented using an approximate adaptive approach. Only one 

hypothesis remains after completing every step of the es

timation procedure. Thus, the tracking system remains a 



feasible burden for the computer during the process. In 

addition, in order to avoid the extra computational effort 

for considering the events with negligible probability, a 

validation matrix which indicates the more possible as

sociation of measurements with true targets is defined. 

The idea of setting up a validation matrix was applied in 

[5,17], but there is a different application in this dis

sertation. 

In addition to the data association problem shown as 

above, one further problem of a tracking algorithm in a 

multiple-target environment that extends the multiple-

target tracking theory to systems using multiple sensors 

is of great interest, such as [8,10,12,18,19,25,35,37,40]. 

Essentially, a tracking system that includes more varied 

data from multiple-sensors will greatly improve data as

sociation. 

The multi-target tracking systems using measurement 

data from multiple sensors apply in both military and 

civilian areas. The major purpose of a multi-sensor fu

sion approach is to complement the data of one sensor with 

that of another sensor in order to obtain better target 

measurement information and to make a more accurate es

timation. Many benefits may be derived from the use of 

multiple sensors in a target surveillance system, such as 

accurate angular position of electro-optical systems and 



range and range rate information of radar systems, to 

provide improved tracking. 

On the other hand, in some applications, the measure

ment data is collected by a number of sensors distributed 

over a large surveillance region. In such distributed 

sensors, because of considerations such as reliability, 

survivability, and communication capability, a centralized 

processing approach is either undesirable or infeasible. 

Therefore, a decentralized multi-sensor fusion approach is 

investigated in this dissertation and presented in Chapter 

III in detail. 

The fundamental concept of this approach is that a 

multiple-sensor fusion algorithm for multiple-target 

tracking problems can be achieved utilizing decentralized 

filtering and thus track to track correlation can be done 

in a global way. The central tracking system processes 

the track estimates formed by local tracking filters 

rather than the original measurement data. In order to do 

a more accurate estimate, the local processors also 

receive the global estimates from the central processor. 

The approach presented in this dissertation uses only 

kinematic quantities (position, velocity, etc.). A time-

varying mapping matrix Mĵ (t) which arises in decentralized 

filtering indicates which targets are tracked by each in

dividual local sensor. A failure detection and isolation 



algorithm based on a measurement innovation test is given. 

Data fusion and track to track correlation are thus 

achieved simultaneously. Moreover, the preliminary 

simulation structure of this approach has been developed. 

According to the development described above, this 

dissertation is organized as follows: 

Chapter II: The global modeling approach for a 

multiple-target tracking problem is presented. The subop-

timal adaptive filter consisting of a data association 

technique together with the extended Kalman filter and an 

adaptive maneuvering compensator algorithm is developed. 

Moreover, a technique which can reduce the computational 

burden for our multiple-target tracking algorithm is 

described. 

Chapter III: The basic concept and the derivation of 

a decentralized filter for solving multi-sensor data fu

sion and track to track correlation problems in a global 

approach are presented. In addition, a fault detection 

and isolation algorithm is developed to avoid the global 

estimate being contaminated by the measurements from 

failed sensors. 

Chapter IV: The detailed Monte Carlo simulations for 

both multiple-target tracking algorithms using the 

measurements from a single sensor discussed in Chapter II 

and the measurements from multiple sensors discussed in 



Chapter III are developed. Several numerical examples 

simulated according to different situations are also 

presented in this chapter. 

Chapter V: The conclusions of this dissertation are 

submitted in this chapter. 



CHAPTER II 

DATA ASSOCIATION APPROACHES FOR 

MULTI-TARGET TRACKING PROBLEMS 

The fundamental techniques to solve the multi-target 

tracking (MTT) problems are the applications of Kalman 

filtering (or extended Kalman filtering) . According to 

the applications of Kalman filtering in literature, such 

as [2,3,8,13,20-27,32,36,39,48,49,52,53,57], together with 

statistics techniques, the extended solution of MTT can be 

obtained. The major problem of a multiple-target tracking 

algorithm is the assignment of measurements to tracks so 

that track estimates can be updated. Once measurements 

are received, one algorithm is needed for associating them 

with confirmed tracks. Such a data association algorithm 

is the key development in the multi-target tracking 

problem, which is presented in this chapter. 

The major development in this chapter is to define a 

global model for all target situations, to pursue a cor

rect association between radar measurements and true tar

gets using the 1-step conditional maximum likelihood or 

1-step maximum a posteriori estimate technique [26,27], 

and to apply an adaptive procedure for target maneuvering 

problems [21,22,28]. Moreover, if some measurements do 

not belong to any existing tracks, tentative tracks are 
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created for them which may become confirmed tracks. On 

the other hand, a track termination criterion should be 

utilized when tracks have consecutive missed detections. 

In addition, in order to avoid the extra computational ef

fort for considering the events with negligible probabil

ity, a validation matrix which indicates the more possible 

association between measurements and true targets is 

defined via a gating algorithm. 

2.1 Problem Definitions 

In this section, a global model for a multi-target 

tracking algorithm whereby all the uncertainties can be 

described simultaneously, essentially using a single math

ematical model with unknown time-varying parameters, is 

defined. First, the i-th discretized target's dynamical 

model and measurement model are defined as 

Xĵ (t+1) = FiXi(t) + G^w^(t) (2.1.a) 

yi(t) = hi(Xi(t)) + Vi(t), (2.1.b) 

where 

Xĵ (t) : the state vector of the i-th target 

y-(t) : the measurement vector of the i-th target 

Wĵ (t) : the system noise associated with the i-th 



target, assumed to be normally distributed 

with zero mean and variance Qĵ  

Vĵ (t) : the measurement error associated with the 

i-th target, assumed to be normally dis

tributed with zero mean and variance R^, and 

uncorrelated with Wĵ (t) 

hĵ  : the transformation from Cartesian coordinates 

to polar coordinates corresponding to the i-th 

target 

F^ : the transition matrix of the i-th target 

G^ : the noise gain matrix of the i-th target. 

The transition matrix Fĵ  and the noise gain matrix Gĵ  

corresponding to the i-th target for the sampling interval 

T are given by 

F.: = 

1 
0 
0 
0 
0 
0 

T 
1 
0 
0 
0 
0 

0 
0 
1 
0 
0 
0 

0 
0 
T 
1 
0 
0 

0 
0 
0 
0 
1 
0 

0 
0 
0 
0 
T 
1 

(2.2a) 

GA = 

T 
T 
0 
0 
0 
0 

0 
0, 

hT 
T 
0 
0 

0 
0 
0 
0 

hT 
T 

(2.2b) 
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The s i x - d i m e n s i o n a l s t a t e v e c t o r wi th p o s i t i o n and 

v e l o c i t y in each of the coordinate axes x ,y , z for the i - t h 

target i s represented by 

Xi(t) = [ Xi Xi y^ y^ Zi z^ ]T (2.3) 

where T is the transpose operation. The vector hĵ  is the 

transformation from Cartesian coordinates to the polar 

coordinates defined as 

ri(t) = yx^+y^+z^ (2.4.a) 

rĵ (t) = (2.4.b) 
^i 

eĵ (t) = arctan(yĵ /Xĵ ) (2.4.c) 

0ĵ (t) = arcsin(Zĵ /rĵ ) (2.4.d) 

where r̂ ,̂ rĵ , Gj^, and 0ĵ  denote the target range, range 

rate, azimuth, and elevation angles, respectively. The 

noisy radar measurements of range, range rate, azimuth, 

and elevation angles for the i-th target are denoted by 

yĵ (t) , where 

Y^(t) = [ ri(t) fi(t) Gi(t) 0i(t) ]'^. (2.5) 
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The covariance matrices of system noise and measurement 

error for the i-th target are assumed to be 

Qĵ  = diag[ a 

Rĵ  = diag[ o' 

X ^y ^z 
2 2 2 

e ^0 ] • 

(2.6) 

(2.7) 

With this convention, the data association problem of 

multi-target tracking is to associate measurement vector 

yj(t) to the i-th model, for correct values of j and i for 

each time t. 

Supposing that there are M confirmed tracks at time t 

and the targets are mutually independent, the situations 

of all the targets can be mathematically described via the 

following global models: 

X(t+1) = F(t)X(t) + G(t)W(t) 

Y(t) = h(X(t)) + V(t) 

(2.8.a) 

(2.8.b) 

where 

X(t) = 

xi(t) 
X2(t) 

XM(t) 

F(t) = 

F-L 0 
0 F 2 • 

• • 

. 0 

. 0 

0 0 . . . F M 
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G(t) = 

G^ 0 
0 G 2 • 

. 0 

. 0 

0 0 . . . G M 

, W(t) = 

Wi(t) 
W2(t) 

WM(t) 

Y(t) = 

yi(t) 
y2(t) 

YnCt) 

, h(X(t)) = 

hi(xi(t)) 
h2(X2(t)) 

hM(XM(t)) 

V(t) = 

Vi(t) 
V2(t) 

VM(t) 

Via this global modeling shown above, data association 

corresponds to finding the right permutation of the 

entries of Y(t) as a output of the system (2.8). In order 

to obtain the right association between the measurements 

and true targets, the multiple model Kalman filtering 

(MMKF) is a generally used technique. However, the 

quickly growing size of a bank of Kalman filters for ap

plying this (MMKF) technique is a well known implementa

tion difficulty. Therefore, two suboptimal filters, an 

1-step conditional maximum likelihood and an 1-step maxi

mum a posteriori estimate, together with a fault detection 

and adaptive procedure are applied in our algorithm. 
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2'2 Basic Concept of the Extended 

Kalman Filter 

According to the kinematic models defined in (2.8), 

the measurement model is nonlinear. One general and 

simple method, denoted as the extended Kalman filter is 

usually used to solved this nonlinear problem. For the 

global multi-target model (2.8), the corresponding ex

tended Kalman filter is given as follows: First, the non

linear function h(X(t)), if sufficiently smooth, can be 

expanded in Taylor series about the conditional means 

X(t|t) and X(t|t-1) as 

h(X(t)) = h(X(t|t-l)) 

+ H(t)(X(t)-X(t|t-1)) + ••• (2.9) 

Neglecting higher order terms and assuming knowledge of 

X(t|t) and X(t|t-1) to approximate the measurement model 

(2.8.b) as 

Y(t) = H(t)X(t) + V(t) + Z(t) (2.10) 

where 

Z(t) = h(X(t|t-l)) - H(t)X(t|t-l), (2.11) 

r ah(X(t)) 
H(t) = 

aX(t) -'x(t)=X(t|t-l) . 
(2.12) 

14 



The extended Kalman filter equations for this approximate 

kinematic model are as follows: 

X(t+l|t) = F(t)X(t|t) (2.13) 

X(t|t) = X(t|t-1) + K(t)T(t) (2.14) 

X(0|-1) = E{X(0)} (2.15) 

where 

T(t) = Y(t) - h(X(t|t-l)) (2.16) 

and 

X(t+l|t) = E(X(t+l)|Y(0),Y(l),...,Y(t)}. (2.17) 

The X(t|t) and X(t+l|t) are denoted the conditional 

e x p e c t a t i o n s of X(t) and X ( t + 1 ) based on 

{Y(0),Y(1),...,Y(t)}, respectively. If W(t) or V(t) is 

not Gaussian, then X(t|t) and X(t+l|t) are the best linear 

estimates of X(t) and X(t+1). T(t) is the innovation cor

responding to the measurement Y(t). It is a zero mean 

white noise process if W(t) and V(t) are assumed to be 

Gaussian. The Kalman gain above is computed as follows: 

P(t+l|t) = F(t)P(t|t)F'^(t) + G(t)Q(t)G'^(t) (2.18) 

S(t) = H(t)P(t|t-l)H'^(t) + R(t) (2.19) 

K(t) = P(t|t-l)H'^(t)V"^(t) (2.20) 

P(t|t) = [I - K(t)H(t)]P(t|t-l) (2.21) 

15 



where P(t+l|t) and P(t|t) are the covariance matrices of 

prediction and filtering errors, respectively. These 

equations are initialized by a given X(0) and P(0|-1) 

shown as 

P(0|-1) = E{(X(0)-X(0)) (X(O)-X(O))'^} (2.22) 

and then obtained from the following equations. 

P(t|t) = E{(X(t)-X(t|t)) (X(t)-X(tlt))'^} (2.23) 

P(t+l|t) = E((X(t+l)-X(t+l|t)) 

(X(t+l)-X(t+l|t) )'̂} (2.24) 

V(t) = E((Y(t)-Y(t|t-l)) (Y(t)-Y(t|t-1))T} (2.25) 

where 

Y(t|t-1) = h(X(t|t-l)). (2.26) 

2.3 1-Step Conditional Maximum 
Likelihood 

With the global modeling formulation presented in Sec

tion 2.1, the existing techniques for the single-target 

model can be directly utilized for the MTT problem. Two 

suboptimal approaches which are applied to obtain the 

solution of the MTT problems and are described in Sections 

2.3 and 2.4. For each time t, once a measurement vector 

is received, the corresponding likelihood denoted as a 

16 



weighting coefficient for each hypothesis can be ob

tained from one formula derived as follows: 

Let 

Y^ = {Y(0),Y(l),...,Y(t)}, (2.27) 

^^ = {j9(0),)9(l),...,;8(t) }, (2.28) 

where ^ (t) is the vector whose entries consist of the un

certain parameters. Assuming that 13^"^ is correctly iden

tified and V(t), W(t) shown in (2.8) are Gaussian, the 

conditional probability density function of Y(t) based on 

^t-1^ yt-l is 

p(Y(t) 1)9̂ -1,Ŷ -l) 

1 
-exp(-^ r'̂ (t) S ^(t) T(t)}, (2.29) 

(27r)"̂ /2|s(t) I V 2 

where m is the dimension of the measurement vector, r(t) 

is the innovation due to Y(t), and S(t) is the innovation 

covariance matrix. These quantities can be obtained from 

the extended Kalman filter equations as 

r(t) = Y(t) - Y(t) (2.30) 

S(t) = H(t)P(t|t-l)H'^(t) + R(t) (2.31) 

17 



where 

Y(t) = h(X(t|t-l)) (2.32) 

5>h(X(t)) -1 
H(t) = [-

o'X(t) 
(2.33) 

X(t)=X(t|t-l), 

and P(t|t-1) is the covariance of prediction errors. The 

suboptimal estimate can be computed, with weights given by 

the corresponding likelihood functions, from 

X(t|t) = Sĵ  P(Y(t)|)9j^(t),)8t-l,Yt-l) 

•X(t|t,^j^(t)). (2.34) 

The best 1-step conditional maximum likelihood at time t, 

based on Y^, is obtained as the value of (3 (t) which maxi

mizes equation (2.29). The more detailed derivation of 

this approach was presented in [26,27]. 

2.4 1-Step Maximum A Posteriori Estimate 

Another well known suboptimal solution to avoid the 

computational complexity is to choose one of )9̂  as the 

parameter values at each time t, according to one 

criteria, such as the maximum value of the posteriori 

probability p()9ĵ  (t) | Y^) . For each t=0,l,2, , once a 

measurement vector is received, the corresponding 1-step a 

18 



posteriori probability denoted as a weighting coefficient 

for each hypothesis can be computed using the following 

formula. 

Let 

Y^ = {Y(0),Y(l),...,Y(t)}, (2.35) 

P^ = {)9(0),^(l),...,)8(t)}, (2.36) 

^i = (̂ i(0),j9i(l),...,i9i(t)>, (2.37) 

where /3(t) is the vector consisting of uncertain 

parameters such as Uy(t), h, etc., and ^̂ (̂t) is one pos

sible fixed hypothesis. According to the Bayesian rule, 

the a posteriori probability of /9ĵ (t) conditioned on Ẑ "̂'-'-

and Y^ can be computed as follows: 

P()0i(t) |)Sî -l,Yt) 

p(Y(t) \PI,Y^'^) •p()9i(t) l̂ -̂l) 

p(Y(t)\^l-^,Y^-^) 

p(Y(t) \(3l,Y^-^) -piPjit) 1^"^) 

Sĵ  p(Y(t) l4,Yt-l) •p()03̂ (t) l/Ŝ -l) ' 
(2.38) 

where the denominator is a constant chosen for each given 

hypothesis to normalize the probability sum over all 

cases, denoted 1/C, and thus 
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P(^k(t)l^^"^,Yt) 

= C.p(Y(t) \Py^(t) ,i9̂ "l,Yt-l) •p(̂ 3̂ (t) I^J-l) . (2.39) 

The first term is obtained using the 1-step prediction 

via the Kalman filter based on each hypothesis, and the 

second term reflects a priori statistical knowledge of jŜ . 

Thus, the suboptimal Bayesian state estimate can be 

computed as follows: 

X(t|t) = Sĵ  p{Py.{t)\p\-^,Y^) 

•X{t\t,pl-^,Py.{t)). (2.40) 

The 1-step conditional maximum a posteriori estimate of 

)9(t) is )8ĵ (t) , so that (2.39) is maximum. The more 

detailed derivation was shown in [26,27]. 

2.5 Adaptive Procedure 

If target maneuvers occur, the maneuver detection al

gorithm and an adaptive feature [21,22,26,61-65] can 

modify the parameters of the tracking filter to allow the 

maneuvers to be tracked without diverging or severely dis

torting the estimate. Such an adaptive procedure which 

modifies the extended Kalman filter equations is described 

as follows. Let 
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r(t) = Y(t) - h(X(t|t-l)) (2.41) 

6(t) = H(t)P(t|t-l)HT(t) (2.42) 

S(t) = 6(t) + R(t), (2.43) 

where r(t) is the measurement innovation and S(t) is the 

innovation covariance matrix. One detection criterion is 

defined as 

t H. 
f(t) = S rT(j)S--^(j)T(j) ^ € (2.44) 

j=t-N+l HQ 

where HQ is the hypothesis that system behavior is normal, 

and H]^ is the hypothesis that the target is moving with 

maneuvers. Since the noises, V(t) and W(t), have been as

sumed to be zero mean Gaussian white noise, f (t) is a 

Chi-squared random variable with N-m degrees of freedom, 

where N is the residual 'window' size and m is the dimen

sion of the measurement vector. The criterion e can be 

chosen from standard Chi-squared tables. 

After the target maneuvers are detected, one compensa

tion algorithm is applied. First, the components which 

have jumps are detected using the following test 

|ri(t)| < |D ySii(t)I, for all i, (2.45) 
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where the subscript i means the i-th component of a vector 

etc., and D is a constant related to the Gaussian proba

bility density function. The probability associated with 

that interval, which can be evaluated from the normal dis

tribution table, is 0.682 for D=l, 0.954 for D=2, 0.998 

for D=3, and so on. The variance of the rejected innova

tion can be modified as 

T\(t) {a^(t)S^^{t) + Rĵ i(t) }"^ = D' (2.46) 

so that r(t) exists on the boundaries of the acceptable 

region defined by (2.45). Thus, the parameter aĵ (t) can 

be computed as follows: 

[Ti(t)/D] - Rii(t) 
ai(t) = . (2.47) 

5ii(t) 

In order to keep the target in track, the covariance 

of the prediction error, P(t|t-1), is modified to be 

[aĵ (t) • P(t 11-1) ], where ajjj(t) is the largest value of all 

the aj^(t). However, if some values of aĵ (t) are larger 

than a prescribed value a, it means that the maneuver is 

very large. In that case, a bias correction term, bj^(t), 

is introduced to modify Tĵ (t) to be [T^{t)+hj^{t) ] for the 

extended Kalman filter equations, where 
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bi(t) = Ti(t) - D sign{ri(t)} 

• 7Q! dii(t)+Rij^(t). (2.48) 

The parameters aĵ (t) and bi(t) are selected according to 

the following rules: 

1. if all the elements of T(t) are accepted by the in

novation test (2.45), then ajjj(t)=l and bj^(t)=0 are 

chosen, 

2. if some elements of T(t) are rejected, and all a^{t) 

are smaller than a, then ajjj(t) is the maximum value 

of a^(t) and b^(t)=0, 

3. if some elements of r(t) are rejected and at least 

one of the aĵ (t) is larger than a, then ajĵ (t)=a; 

b£(t)=0 for aj^(t)<a; bĵ (t) is given by (2.48) for 

a^(t)>a. 

2.6 False Returns and Missed Detections 

Via the formulation stated above, data association for 

multiple targets corresponds to finding the right permuta

tion of the entries of Y(t) as the output of the system 

(2.8). However, the number of measurements may change 

during the tracking process as a result of new targets, 

false returns, or track missed detections. Via this 

global modeling approach, these problems can be expressed 
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as cases of increasing or decreasing numbers of measure

ments . 

Suppose that there are M measurements received by the 

sensor at time t-ĵ , but there are M+K measurements received 

at time t^+l. If K>1, then the M+K measurements will give 

rise to 

M+K (M+K)! 
N = ( ) = (2.49) 

M (M!) (Kl) 

new hypotheses, each of which corresponds to picking M out 

of M+K measurements and assuming these to belong to the 

set of M targets. Thus, there are N distinct possible 

measurement vectors corresponding to these M targets at 

time t-ĵ +1. That is, Y(t-ĵ +l) can take N possible distinct 

values. 

This new type of uncertainty due to picking M measure

ments out of M+K can be incorporated into the model by in

troducing another input Uy.(t) as 

X(t+l)=F(t)X(t)+G(t)W(t) 

Y(t) =h(X(t))+V(t)+Uy(t). (2.50) 

Suppose that Y(t3^)=Y3^, and Uy(t3^+1) takes one of the 

values (Y-^-Yj^; l<k<N}, where (Ŷ ,̂ . . . ,Yĵ } is an arbitrary 
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arrangement of the possible vectors obtained by picking M 

distinct vectors from M+K possible individual measurement 

subvectors. 

The proper measurement vector and correct assignment 

for the existing tracks can be obtained after processing 

the data association algorithm. However, for each chosen 

value of Uy(t-ĵ +l), there are K additional measurements not 

used to update the existing tracks. These additional 

measurements are initiated as tentative tracks. Simple 

track confirmation rules are often defined on the basis of 

some number of correlating returns with the tentative 

tracks. Some more restrictive confirmation rules shown in 

[5,8, and the references there] can be applied to this al

gorithm too. 

The problem of a track with missed detections can be 

solved very easily as follows. The global target kinematic 

model based on this condition can be represented as fol

lows: 

X(t+1) = F(t)X(t) + G(t)W(t) 

Y'(t) = h'(X(t)) + V'(t), (2.51) 

where Y'(t) is the new measurement vector and V(t) is the 

associated measurement error. The dimension of h'(X(t)) 

is reduced with a decreasing number of measurements. The 
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right permutation of the entries of Y'(t) can be deter

mined in the same manner as the ordering of Y(t) shown in 

Eq. (2.8.b). If a track has consecutive missed detections 

and meets the termination criterion, then such a track is 

considered to be deleted. 

2.7 Validation Matrix 

With the global modeling formulation defined in Sec

tion 2.1, data association for multiple targets cor

responds to finding the right permutation of the entries 

of the measurement vector Y(t) as the output of the system 

(2.8). Two suboptimal adaptive techniques, the 1-step 

conditional maximum-likelihood or the 1-step maximum a 

posteriori estimate, utilized to pursue a correct associa

tion between radar measurements and true targets are 

presented in this dissertation. However, those approaches 

still include the extra computational effort of consider

ing events with negligible probability if it considers all 

possible situations. In order to avoid such extra com

putational burden, a validation matrix is defined as fol

lows: 

$ := [ Sĵ j ], i=l,...,m; j=0,l,...,n (2.52) 
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where Sĵ j are binary elements that indicate whether 

measurement i lies in the validation gate of target j. 

For example, Sĵ-i is set to be 1 if measurement i lies in 

the gate of target j. The index j=0 indicates that the 

measurement does not associate with any existing tracks. 

In other words, such a measurement was generated from a 

new target or a clutter point. For example, the valida

tion matrix for two targets and four measurements is rep

resented as 

$ = 

j 0 1 2 

0 1 0 
O i l 
0 0 1 
1 0 0 

1 

1 
2 
3 
4 

(2.53) 

The corresponding situation is shown in Figure 2.1. In 

Figure 2.1, t̂ ^ and t2 represent targets and m^...m4 are 

measurements. 

m. 

Figure 2.1 The configuration of target 
and measurements 
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The matrix * can be set up using the gating technique 

whose principle has been presented in a number of publica

tions, such as [5,8,28, and references there]. The 

measurements that lie inside the gate are considered 

valid; those outside are discarded. Thus, the high pos

sibility events considered by tracking filters can be 

selected by scanning the matrix *. 

2.8 Summary 

The approach to multiple maneuvering target tracking 

problems using a global modeling approach with an adaptive 

procedure has been developed in this chapter. The key 

development of this approach incorporates data association 

that assigns measurements to existing tracks and target 

maneuvering problems in a multi-target tracking algorithm. 

The advantage of this approach is that it is a relatively 

simple recursive method and can be used to solve data as

sociation and target maneuvering problems simultaneously. 

In addition, the individual estimation process based on 

each hypothesis is done on a bank of extended Kalman fil

ters which could be implemented using a parallel process

ing structure. 

28 



CHAPTER III 

MULTI-SENSOR FUSION ALGORITHM 

FOR MULTI-TARGET TRACKING 

In addition to the data association capability ad

dressed in Chapter II, an algorithm that extends the 

multiple-target tracking theory to systems using multiple 

sensors is of great interest. A tracking system that in

cludes more varied data from multiple sensors will greatly 

improve data association. 

The major purpose of a multi-sensor fusion approach is 

to complement the data of one sensor with that of another 

sensor in order to obtain better target measurement infor

mation and to make a more accurate estimation. In this 

chapter, a decentralized estimation approach [25] used for 

data fusion, which simultaneously solves fusion and track 

to track correlation problems in a global way, is inves

tigated. 

3.1 Problem Definitions 

The major problem in the fusion of track information 

is obviously the determination of overall distinct targets 

by the central tracking system and for it to let each sen

sor know which ones among all the targets it is tracking. 

Because of the considerations such as reliability, 
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survivability, and communication capability, a centralized 

processing approach is either undesirable or infeasible. 

Therefore, a decentralized filtering approach is developed 

in this dissertation. The fundamental concept of this ap

proach is that each local tracking system processes the 

measurements observed by itself and sends the local es

timates periodically to the central processor. After 

processing the results, the central processor sends back 

the global estimates to each local sensor system. 

The formulation of such a decentralized filtering al

gorithm based on a global modeling approach whose details 

can be found in [25-27] and Chapter II is derived as fol

lows. Suppose that there are N distributed sensors in a 

tracking system, a total of L targets in the surveillance 

region, and Lĵ  targets seen by the i-th sensor. The 

global target dynamic model and measurement model which 

include all targets' information for the central tracking 

system are mathematically described as 

X(t+1) = F(t)X(t) + G(t)W(t) 

Yi(t) = Ci(t)X(t) +Vi(t), i=l,...,N. (3.1) 

In addition, the target kinematic models of local tracking 

systems associated with the i-th sensor are mathematically 

described as 

30 



Xi(t+1) = Fi(t)Xi(t) + Gi(t)Wi(t), i=l,...,N 

Yi(t) = Hi(t)Xi(t) + Vi(t), i=l,...,N (3.2) 

Where X^{t) is the state vector corresponding to the i-th 

sensor; F^ and Ĝ^ are the transition matrix and the noise 

gain matrix for the i-th sensor, respectively; Y^(t) is 

the measurement vector received by the i-th sensor; U^{t) 

is the measurement matrix corresponding to the i-th sen

sor. Moreover, Wĵ (t) and Vĵ (t) are system noise and 

measurement noise associated with the targets seen by the 

i-th sensor, which assumed to be normally distributed with 

the zero mean and the covariance matrices Qĵ  and Rj^, 

respectively. X(t), F(t), and G(t) are global variables 

in the central processor. The matrices' global represen

tations for both systems (3.1) and (3.2) are shown in 

Chapter II. 

Moreover, a mapping matrix Mĵ (t) is defined to as

sociate local sensors with the central processor, which 

bears the track to track correlation information. The 

relationship is given as 

Ci(t) = Hi(t)Mi(t) (3.3) 
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where M^(t) reflects which of the targets in X(t) are ob

served by the i-th sensor, and is a quantity to be es

timated. A more detailed description of this approach is 

shown in Section 3.3. 

In order to obtain the solution in this approach, two 

approximate adaptive filtering algorithms, the 1-step max

imum a posteriori estimate and the 1-step conditional max

imum likelihood, together with a decentralized multi-

sensor fusion algorithm are applied. These two data as

sociation techniques were described in Chapter II and 

[26,27] in detail. 

3.2 Decentralized Estimation Approach 

The structure of a decentralized tracking system is 

illustrated in Figure 3.1. Target tracks in this situa

tion are established primarily on measurements received 

from the individual sensors, but with some communication 

among the sensors and between the sensors and the central 

processor. Under this approach, each sensor has a 

separate tracking filter to process its own data associa

tion. The global estimates are composed of the informa

tion transmitted from the local sensors for tracking and 

identification. 

The advantages of this approach are as follows. It 

can reduce data-bus loading and computational loading. 
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Its distributed tracking capabilities enhance sur

vivability. The local tracking systems could be imple

mented using a parallel processing structure. Also, if 

one sensor becomes degraded, its observations will not af

fect the local tracks of others. Finally, it allows for a 

filter design that is tailored specifically to the in

dividual sensors. 

SENSOR 1 

TRACKING SYSTEM 1 

SENSOR 2 

TRACKING SYSTEM 2 

• 

• 

• 

• 

SENSOR N 

TRACKING SYSTEM N 

r«? ^ 

^ ^ 

t" > 

<' , ^ 

c 
E 
N 
T 
R 
A 
L 

P 
R 
0 
c 
E 
S 
S 
0 
R 

OUTPUT 

Figure 3.1 Decentralized filtering structure 
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In order to accomplish this approach, a reliable 

track-to-track correlation logic must be defined first. 

In [2 0-22,26,27] an extended approach to data association 

for multiple targets has been developed. Utilizing this 

approach with local tracking systems, each sensor performs 

a local data association and filtering on the group of 

targets that it is observing. It produces its own es

timate of the kinematic quantities associated with these 

targets. Then it transmits these estimates to a central 

processor, which combines this information to produce a 

global estimate of all targets. Note that each sensor may 

see a different group of targets, although some of the 

targets may be seen by several sensors simultaneously. 

This situation can be solved based on the proposed mathe

matical modeling of the problem in this chapter. 

3.3 Multi-Sensor Fusion Algorithm 

In this approach, the local sensor performs its own 

data association and estimation for those targets observed 

by it. In other words, each local system performs a data 

association to determine Hj^' s and then transmits its own 

estimate of Xj^f(t/t) to the central processor. In addi

tion, a mapping matrix Mĵ (t) used to associate the local 

sensor systems with the central processor and for track to 

track correlation is defined in our fusion algorithm. The 
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Mĵ (t) is a time-varying matrix that arises in decentral

ized filtering which indicates the targets are tracked by 

each individual local sensor. Since the global estimate 

Xf(t/t) has been transmitted to local track files, the 

Mĵ (t) can be estimated by the data-association algorithm 

for each sensor. Moreover, a fusion algorithm in the 

central processor is applied to combine the local sensor 

track results with such a mapping matrix Mj^(t). In 

general, the estimates can be computed with Kalman filters 

that are based on the global model and process all 

measurements. The fusion algorithm with a decentralized 

estimation approach for multi-target tracking is shown as 

follows. 

Suppose that there are N distributed sensors in a sys

tem, a total of L targets in the surveillance region, and 

Lĵ  targets are seen by the i-th sensor. The discrete-time 

target dynamic model and measurement model of the tracking 

system are defined as 

Global model: 

X(t+1) = F(t)X(t) + G(t)W(t) 

Yi(t) = Ci(t)X(t) +Vi(t), i=l,...,N; (3.4) 

Local models: 

Xi(t+1) = Fi(t)Xi(t) +Gi(t)Wi(t), i=l,...,N 

Yi(t) = Hi(t)Xi(t) +Vi(t), i=l,...,N; (3.5) 
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Mapping: 

Ci(t) = Hi(t)Mi(t), i=l,...,N, (3.6) 

Assume that 

Y(t) = 

Yi(t) 
Y2(t) 

%(t) 

, C(t) = 

Ci(t) 
C2(t) 

CN(t) 

, and 

R(t) = diag[Ri(t),...,Rj^(t)]. 

The global estimate can be computed with a Kalman filter 

shown as 

Xf(t/t) 

K(t) 

Pf(t/t) 

Xf(t+l/t) 

Pf(t/t-l) 

= Xf(t/t-1) 

+ K(t)[Y(t) - C(t)Xf(t/t-1)] 

= Pf(t/t-l)cT(t) 

•[C(t)Pf(t/t-l)cT(t) +R(t)]-1 

= [I - K(t)C(t)]Pf(t/t-1) 

= #(t)Xf(t/t) 

= F(t)Pf(t-l/t-l)FT(t) 

+ G(t)Q(t)G'^(t). 

(3.7) 

(3.8) 

(3.9) 

(3.10) 

(3.11) 

In order to derive the combining algorithm, a normalizing 

factor B£(t) is defined and the decentralized filtering 

equations is rearranged as in [10]. They are 
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Bf(t) = [4=lMi(t)Mi(t)]-l (3.12) 

Xf(t/t) = Af(t)Xf(t-l/t-1) 

+ 4=1^1 (t)Yi(t).Bf(t) (3.13) 

where 

Af(t) = [I - s5=iKi(t)Ci(t)•Bf(t)]F(t) (3.14) 

Ki(t) = Pf(t/t-1)cT(t) 

•[Ci(t)Pf(t/t-l)cT(t) +Ri(t)]-^. (3.15) 

The key development of this fusion algorithm is to combine 

the estimates obtained by local sensor systems to form a 

global estimate. The local estimates are also computed by 

Kalman filters, which are shown as follows: 

Xif(t/t) = Aif(t)Xif(t-l/t-l) + Kif(t)Yi(t) (3.16) 

where 

Aif(t) = [I - Kif(t)Hi(t)]Fi(t) (3.17) 

Kif(t) = Pif(t/t-l)HT(t) 

•[Hi(t)Pif(t/t-l)H^(t) +Ri(t)]-1 (3.18) 

Pif(t/t-l) = Fi(t)Pif(t-l/t-l)FT(t) 

+ Gi(t)Qi(t)G^(t). (3.19) 

However, in order to obtain the combining algorithm, the 

local filter equations are rearranged as 

Kif(t)Yi(t) = Xif(t/t) - Aif(t)Xif(t-l/t-l). (3.20) 
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Thus, 

Ki(t)Yi(t) = 

where 

$i(t) 

Therefore, 

Xf(t/t) 

where 

and 

Ti(t) 

*i(t) {Xif(t/t) 

- Aif(t)Xj^f(t-l/t-l)} 

= Pf^(t/t)MT(t)Pif(t/t). 

= Af(t)Xf(t-l/t-l) 

+ 4=i§i(t)(Xif(t/t) 

-Aif(t)Xif(t-l/t-l))•Bf(t) 

= SI(t/t) 

+ sf^i#i(t)Xif(t/t)Bf(t) 

SI(t/t) = Af(t)Xf(t-l/t-l) 

,N + 25^lTi(t)Xif(t-l/t-l)•Bf(t) 

= $i(t)Aif(t) 

(3.21) 

(3.22) 

(3.23) 

(3.24) 

(3.25) 

Note that the mapping matrix, Mj^(t), is the key 

development of our decentralized estimation approach for 

multi-target tracking using the measurements from multiple 

sensors, which is defined as follows: 

Mi(t) = [ MJ^ ], i=l,2,...,N 

D ~ I I ^ r ' • • r -Liĵ  

J C — l , ^ , . . . , J - i 

(3.26) 
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where MJ is an n by n block that indicates which targets 

seen by the i-th sensor, and the n is the order of state 

vector for each target. m other words, the dimension of 

matrix Mi(t) is (jn)x(kn). For example, the jk-th block 

is set to be the identity matrix if the k-th target is 

seen by this sensor. m addition, the mapping matrix, 

Mj^(t), can be estimated by our proposed data-association 

techniques in local sensors. The summary of this fusion 

algorithm is shown as follows. 

** Local Filters 

Pif(t/t-l) = Fi(t)Pif(t-l/t-l)FT(t) 

+ Gi(t)Qi(t)GT(t) 

Kif(t) = Pif(t/t-l)HT(t) 

•[Hi(t)Pif(t/t-l)HT(t) +Ri(t)]-1 

Aif(t) = [I - Kif(t)Hi(t)]Fi(t) 

Xif(t/t) = Aif(t)Xif(t-l/t-l) + Kif(t)Yi(t) 

Pif(t/t) = [I - Kif(t)Hi(t)]Pif(t/t-1) 

** Central Combining Filter 

Pf(t/t-l) = F(t)Pf(t-l/t-l)FT(t) + G(t)Q(t)GT(t) 

Ki(t) = Pf(t/t-l)c|(t) 

•[Ci(t)Pf(t/t-l)C^(t) +Ri(t)]-1 
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Bf(t) = [4=lMT(t)Mi(t)]-l 

Pf(t/t) = [I - 2?=lKi(t)Ci(t)Bf(t)]Pf (t/t-1) 

Af(t) = [I - 4=lKi(t)Ci(t).Bf(t)]F(t) 

$i(t) = Pi^(t/t)MT(t)Pif(t/t) 

Ti(t) = $i(t)Aif(t) 

SI(t/t) = Af(t)Xf(t-l/t-l) 

+ 4=lTi(t)Xif(t-l/t-l)Bf(t) 

Xf(t/t) = SI(t/t) + S?^i$i(t)Xif(t/t)Bf(t) 

Global Model: 

X(t+1) = F(t)X(t) + G(t)W(t) 

Yi(t) = Ci(t)X(t) + Vi(t), i=l,...,N 

Local Models: 

Xi(t+1) = Fi(t+l)Xj^(t) + Gi(t)Wi(t), i=l,...,N 

Yi(t) = Hi(t)Xi(t) +Vi(t), i=l,...,N 

Mapping: 

Ci(t) = Hi(t)Mi(t), i=l,...,N 

3.4 Fault Detection and Isolation 

Algorithm 

There may be failed estimate situations caused by 

severe noise, target maneuvers, or missed data associa

tion. A detection algorithm with an adaptive procedure 

[21,22,28,61-65] which can modify the parameters of the 

tracking filter to avoid severely distorting the estimate 
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is applied in the local track filters. Such an adaptive 

procedure which modifies the Kalman filter equations is 

described as follows. Let 

r(t) = Y(t) - H(t)X(t|t-l) (3.27) 

<S(t) = H(t)P(t|t-l)H'^(t) (3.28) 

S(t) = 6(t) + R(t). (3.29) 

where r (t) is the measurement innovation corresponding to 

Y(t) and S(t) is the innovation covariance matrix. First, 

the components which have jumps are detected using the 

following test 

|ri(t)| < ID ySii(t)I, for all i, (3.30) 

where the subscript i means the i-th component of a vec

tor, etc., and D is a constant related to the Gaussian 

probability density function. The probability associated 

with that interval, which can be evaluated from the normal 

distribution table, is 0.682 for D=l, 0.954 for D=2, 0.998 

for D=3, and so on. The variance of the rejected innova

tion can be modified as 

Ti(t) {ai(t)(5ii(t) + Rii(t)}-1 = D' (3.31) 
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so that r(t) exists in the acceptable region defined by 

(3.30). Thus, 

[ri(t)/D] - Rii(t) 
ai(t) = — . (3.32) 

Suit) 

In order to keep the target in track, the covariance 

of the prediction error, P(t|t-1), is modified to be 

[ajĵ (t) • P(t 11-1) ] , where ajĵ (t) is the largest value of all 

the aj^(t). However, if some values of aĵ (t) are larger 

than a prescribed value a, then a bias correction term, 

bj^(t), is introduced to modify T ^(t) to be [r ĵ  (t)+bĵ  (t) ] 

for the Kalman filter equations, where 

bi(t) = T^it)-D sign{ri(t)} 

• ya (Sii(t)+Rij, (t) . (3.33) 

The parameters, a^^it) and bj^(t), are selected accord

ing to the following three rules: 

1. if all the elements of T(t) are accepted by the in

novation test defined in (3.30), then aĵ (t)=l and 

bi(t)=0. 
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2. if some elements of r(t) are rejected, and all a^it) 

are smaller than a, then aĵ (t) is the maximum value 

of ai(t) and bi(t)=0, 

3. if some elements of r(t) are rejected and at least 

one of the aĵ (t) is larger than a, then ajĵ (t)=a; 

bj^(t)=0 for a^(t)<a; bĵ (t) is given by (3.33) for 

aj^(t)>a. 

In addition to the compensation procedure defined as 

above, a detection algorithm shown as follows is applied 

to avoid the global estimate being contaminated by the in

formation from the failed local sensors. The detection 

criterion of this detection algorithm is described as fol

lows. Let 

t H-i 
fit) = S rT(j)s ^(j)r(j) ^ e (3.34) 

j=t-N+l HQ 

where HQ is the hypothesis that system behavior is normal, 

and Hĵ  is the hypothesis that the system has fault es

timates. Since the noise, V(t) and W(t), have been as

sumed to be zero mean Gaussian white noise, f(t) is a 

Chi-squared random variable with N-m degrees of freedom, 

where N is the residual 'window' size and m is the dimen

sion of the measurement vector. The criterion e can be 
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chosen from standard Chi-squared tables. If the estima

tion failures in any of the local sensors are detected, 

then the tracking system discards such failed information. 

3.5 Summary 

A multi-target tracking algorithm using the measure

ments from multiple sensors has been presented in this 

chapter. The major development in this chapter was to 

apply a global modeling data association approach to a 

decentralized multi-sensor fusion algorithm in a multi-

target environment. The advantages of this approach are 

to distribute the computational load and target informa

tion among many sensors and to achieve an improvement in 

survivability, estimates, and other related factors. 
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CHAPTER IV 

SIMULATIONS 

4.̂ 1 Simulation of Data Association for 
Multi-Target Tracking 

The simulation flow diagram of the data association 

for a multi-target tracking algorithm is shown in Figure 

4.1. In the simulation, the measurement noise and clutter 

points were created using random number generators. The 

measurement data was obtained via a discretized version of 

true target motion in addition to measurement errors. New 

measurements that include new targets and false detections 

were randomly generated based on a uniform distribution 

function. For the nonlinear measurement model, extended 

Kalman filters are used to estimate the state vector 

X(t|t) recursively. Once measurement data is received, 

the corresponding posteriori probability or likelihood is 

calculated based on each hypothesis. The conditional es

timate of target states is evaluated and combined with the 

individual estimate upon each hypothesis weighted by the 

corresponding probability or likelihood function. The 

target motion paths with severe maneuvers can be handled 

by an adaptive feature shown in Chapter II. 

The performance of such a global modeling approach for 

multiple-target tracking in the planar case was simulated 

45 



START 

MODEL DEFINITIONS: 
X(t+l)=F(t)X(t)+G(t)W(t) 
Y(t) =h(X(t)) +V(t) 

APPLY THE RANDOM 
NUMBER GENERATOR 

I 
GENERATE THE TARGET 
MOTION PATHS 

SET UP A VALIDATION MATRIX 
AND FORM A SET OF HYPOTHESES 

I 
APPLY THE DATA ASSOCIATION 
TECHNIQUES AND CALCULATE THE 
TARGET STATE ESTIMATES 

APPLY AN ADAPTIVE PROCEDURE 

APPLY TRACK INITIATION AND 
TERMINATION ALGORITHMS 

UPDATE THE FILTER PARAMETERS 

ANALYZE THE OUTPUT 
DATA 

Loop of Time 

PRINT THE RESULTS 
AND DIAGRAMS 

Loop of Trials 

STOP 

Figure 4.1 The simulation flow diagram of data association 
for multi-target tracking algorithm 
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under several different situations. The discretized 

dynamical model and measurement model for all targets are 

given by 

X(t+l)=F(t)X(t)+G(t)W(t) 

Y(t) =h(X(t)) +V(t). (4.1) 

The definitions of such models in a global way have 

been defined in Chapter II but only consider two-

dimensional (x-axis and y-axis) situations in the follow

ing simulations. 

4.1.1 Constant Velocitv Target Tracking 

The simulations of tracking nonmaneuvering but with 

crossing situation targets are presented in this section. 

The target initial conditions including position and 

velocity are listed in Table 4.1. 

Table 4.1 Initial conditions 

target x (km) x (km/s) y (km) y (km/s) 

1 30-0 -0.50 3.0 -0.05 

2 30.0 -0.50 1.0 0.05 

3 30.0 -0.50 8.0 -0.20 

4 30.0 -0.50 0.0 0.20 
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Moreover, the geometry of target initial conditions is 

shown in Figure 4.2. In the following simulations, one 

assumed that the sampling interval was 1 second, radar 

measurement errors in target range, range rate, and 

azimuth angle were uncorrelated, and targets were mutually 

independent. The standard deviation of measurement errors 

for each target was chosen as 

aj,=200 m, a^=20 m/s, C7Q=0.003 radians. 

The standard deviation of system noise was chosen as 

0̂ =̂10 m/s" , and ay=10 m/s^ . 

The clutter points were assumed to be uniformly lo

cated in the measurement space with an average of about 1 

clutter point per validation gate. In addition, it was 

assumed that no new targets were presented in the follow

ing simulations. 

Figure 4.3 shows the result of tracking two non-

maneuvering targets in a crossing situation, whose initial 

states corresponding to the first two rows of Table 4.1. 

Four nonmaneuvering targets whose initial conditions were 

chosen from Table 4.1 were successfully tracked using the 

global modeling approach as shown in Figure 4.4. In 
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addition, the RMS estimate errors of both position and 

velocity for these examples (50 Monte Carlo runs) are 

shown in Tables 4.2 and 4.3, respectively. 

Table 4.2 RMS errors in the case of two 
nonmaneuvering targets 

target position error (km) velocity error (km/s) 

0-1130 0.0167 

0.1095 0.0192 

Table 4.3 RMS errors in the case of four 
nonmaneuvering targets 

target position error (km) velocity error (km/s) 

1 0.1180 0.0216 

2 0.1296 0.0215 

3 0-1239 0.0203 

4 0-1153 0-0240 

4.1.2 Maneuvering Target Tracking 

The result of one example of tracking maneuvering tar

gets is presented in Figure 4.5. In this example, the 

first two rows of Table 4.1 were used for the target ini

tial conditions and the target maneuvered in the 

y-direction with accelerations of 50 m/s^ from t=18 s to 

t=2 3 s for the first target. 
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The results for another target maneuvering situation 

are shown in Figure 4.6 where the last two rows of Table 

4.1 were used for the target initial conditions and the 

target maneuvered in the y-direction with accelerations of 

50 m/s^ (-50 m/s^) from t=25 s to t=36 s and -50 m/s^ (50 

m/s^ ) from t=36 s to t=43 s for the first target (for the 

second target). The parameter a for the adaptive proce

dure is assumed to be 5. A Monte Carlo simulation of 50 

runs for tracking maneuvering targets was conducted and 

the results showed that the scheme worked quite well; 

there were only four switched or missed tracking results. 

Moreover, the RMS position error and speed error of the 

example presented in Figure 4.6 (50 Monte Carlo runs) are 

shown in Figures 4.6b to 4.6e, respectively. 

4.1.3 Tracking Accuracy Corresponding 
to Measurement Covariances 

Figures 4.7 and 4.8 show the RMS position error and 

speed error corresponding to different measurement 

covariances, respectively. The simulation conditions were 

chosen as follows. 
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Sampling interval: 1 second 

Target initial conditions: 

[60 km -0.5 km/s 6 Ion 0 km/s] 

[60 km -0.5 km/s 1 km 0 km/s] 

Covariance matrices of measurement noise: 

Rl = diag[(100 m)^ (20 m/s)^ (0.003 radians)^] 

R2 = diag[(200 m)^ (20 m/s)^ (0.003 radians)^] 

R3 = diag[(300 m)^ (20 m/s)^ (0.003 radians)^] 

R4 = diag[(400 m)^ (20 m/s)^ (0.003 radians)2] 

Covariance matrix of system noise: 

Q = diag[(lOm/s^)2 (lOm/s^)^] 

4.1.4 Tracking Situations with 
Asynchronous Update Rate 

One typical example of tracking two parallel targets 

with a fixed update rate which is different from the sam

pling interval is shown in Figure 4.9a. The target condi

tions and simulation parameters were 
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Target initial conditions: 

[110 km -0.5 Icm/s 8 km 0 km/s] 

[110 km -0.5 km/s 1 km 0 km/s] 

Covariance matrix of measurement noise: 

R = diag[(100 m)^ (lo m/s)^ (0.003 radians)^] 

In this simulation, the sampling interval was chosen as 1 

second, but the measurement data was only updated once per 

12 seconds. Figures 4.9b and 4.9c show the RMS position 

error and speed error corresponding to the example shown 

in Figure 4.9a, respectively. 

In addition, one example of tracking four parallel 

targets with a fixed update rate which is different from 

the sampling interval is shown in Figure 4.10. In this 

simulation, the sampling interval was chosen as 1 second, 

but the system was only updated once every 14 seconds and 

only one target was updated each time. 

4.1.5 Maneuvering Targets with Circular 
Trajectories 

Viewed from the other side, the target maneuvers 

should be determined by the commands of a pilot or the 
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missile-guidance program, which would not be known by the 

tracking systems. For such maneuvering motion situations, 

the measurement data cannot be obtained from the dis

cretized version of the model equations (4.1) for the 

simulations. One typical example shown in Figure 4.11 

supposed that the target trajectories were circular with a 

constant velocity magnitude of 500 m/s, and a constant 50 

m/s^ centripetal acceleration. The initial positions of 

these two targets were (X3̂ =5km, y3^=8km) and (X2=21km, 

y2=8km), the standard deviation of measurement errors for 

each target was chosen to be 

aj.=100 m, a^=10 m/s, aQ=0-003 radians, 

and the other simulation parameters were the same as those 

for the previous examples. These two targets first moved 

up and then moved in opposite directions along the X-axis. 

The RMS position error and speed error of this example (20 

Monte Carlo runs) are presented in Figures 4.11b to 4.lie, 

respectively. 

4.2 Simulation of Multi-Target Tracking 
Via Multi-Sensor Fusion Algorithm 

The simulation algorithm and a preliminary result of 

our decentralized sensor fusion approach for multi-target 
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tracking are presented as follows. The flow diagram of 

this simulation is shown in Figure 4.12. 

Suppose that there are N distributed sensors in a sys

tem, total L targets in the surveillance region, and L^ 

targets are seen by the i-th sensor. The discrete-time 

target dynamic model and measurement model of the tracking 

system are defined as 

Global model: 

X(t+1) = F(t)X(t) + G(t)W(t) 

Yi(t) = Ci(t)X(t) +Vi(t), i=l,...,N (4.2a) 

Local models: 

Xi(t+1) = Fi(t)Xi(t) + Gi(t)Wi(t), i=l,...,N 

Yi(t) = Hi(t)Xi(t) +Vi(t), i=l,...,N (4.2b) 

Mapping: 

Ci(t) =Hi(t)Mi(t), i=l,...,N. (4.2c) 

In the simulation, the noise was created using a ran

dom number generator. The measurement data was obtained 

via a discretized version of true target motion in addi

tion to measurement errors. In this approach, a bank of 

Kalman filters is used to estimate the target states for 

both the local and central systems recursively. 
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Figure 4.12 The simulation flow diagram of MTT 
via multi-sensor fusion algorithm 
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Once measurement data is received, the corresponding 

data association based on each hypothesis is processed in 

the local systems using the proposed techniques (1-step 

maximum a posteriori estimate or 1-step conditional maxi

mum likelihood approach). In addition, the mapping matrix 

Mĵ (t) is estimated for each local sensor during the track

ing process. Finally, the conditional global estimate of 

the target states is evaluated and combined with the in

dividual estimate upon each local estimate using our sen

sor data fusion algorithm. 

4.2.1 Numerical Results 

The performance of decentralized filtering approach 

for multi-target tracking in the planar case was simulated 

under different situations. The preliminary simulation 

result of our algorithm has been conducted under the fol

lowing situation. Three targets were tracked and their 

initial conditions were 

target #1 [60 km -0.5 km/s 10 km -0.2 km/s] 

target #2 [60 km -0.5 km/s 3 km 0 km/s] 

target #3 [60 km -0.5 km/s 0 km 0.2 km/s]. 

The sampling interval was chosen to be 1 second. Detec

tion probability was unity and there was no clutter point 
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also. The measurements were obtained from two sensors and 

we assumed that each sensor only can obtain the measure

ments from two targets each scan. The standard deviation 

of measurement noise is [2 00m 2 0m/s 2 00m 2 0m/s] for both 

sensors. One sample run of this simulation is shown in 

Figure 4.13. 

4.3 Summary 

The simulation structures of both data association ap

proaches and a multi-sensor fusion algorithm for multi-

target tracking have been developed. The performance of 

these techniques using a global modeling approach with an 

adaptive procedure has been conducted in this chapter. 

Computer simulation results indicate that this approach 

successfully tracks multiple maneuvering targets over a 

wide range of conditions. 
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CHAPTER V 

CONCLUSIONS 

Two major tasks have been accomplished in this disser

tation. First, a multiple maneuvering target tracking al

gorithm using a global modeling approach together with an 

adaptive maneuvering compensator has been developed in 

Chapter II. The advantage of this tracking technique is 

that it is a relatively simple recursive method and can be 

used to solve data association and target maneuvering 

problems simultaneously. In addition, the individual es

timation process based on each hypothesis is done on a 

bank of Kalman filters (or extended Kalman filters) which 

could be implemented using a parallel processing struc

ture. 

In addition to the data association techniques for 

multi-target tracking problems, developed in Chapter II, 

another tracking algorithm using the measurements from 

multiple sensors was explored in Chapter III. The fun

damental contribution of this development is that 

multiple-sensor fusion for multiple-target tracking 

problems can be achieved utilizing decentralized filtering 

and thus track to track correlation can be done in a 

global way. Therefore, via this approach the multi-sensor 

data fusion and track to track correlation can be achieved 
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simultaneously. The advantages of this approach are to 

distribute the computational load and target information 

among many sensors and to achieve an improvement in sur

vivability, estimates, and other related factors. 

The developments of this research can be concluded as 

follows. 

1) An improved algorithm for tracking multiple 

maneuvering targets has been developed. It is a rela

tively simple recursive method and can be used to solve 

data association and target maneuvering problems simul

taneously. 

2) A multi-sensor fusion approach for the multi-target 

tracking problem was accomplished utilizing decentralized 

filtering; thus, track to track correlation can be done in 

a global way. In order to perform the fusion algorithm, a 

time-varying mapping matrix Mj^(t) was defined in 

decentralized filtering, which bare the track to track 

correlation information and could be estimated in local 

sensors. 

3) A fault detection and isolation algorithm was ap

plied in local sensor systems to avoid the global estimate 

being contaminated by the data from failed sensors. In 

addition, such a fault detection algorithms together with 

a compensation algorithm can be applied to solve target 

maneuvering problems. 
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4) The Monte Carlo simulation structure for both 

tracking algorithms has been developed. The simulation 

results shown in Chapter IV indicate that these algorithms 

were capable of tracking multiple targets in various 

situations. 
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