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ACRONYMS B1



Posterior Cramer-Rao Bounds for Multi-Target Tracking



C. HUE INRA France J-P. LE CADRE, Member, IEEE IRISA/CNRS France ´ P. PEREZ IRISA/INRIA France



This study is concerned with multi-target tracking (MTT). The Crame´ r-Rao lower bound (CRB) is the basic tool for investigating estimation performance. Though basically defined for estimation of deterministic parameters, it has been extended to stochastic ones in a Bayesian setting. In the target tracking area, we have thus to deal with the estimation of the whole trajectory, itself described by a Markovian model. This leads up to the recursive formulation of the posterior CRB (PCRB). The aim of the work presented here is to extend this calculation of the PCRB to MTT under various assumptions.



B2 B3 CRB PCRB IRF EM EKF KF PDAF JPDAF MHT PMHT MOPF RMSE



PCRB computed under the assumption that the associations are known PCRB computed under the A1 and A2 assumptions PCRB computed under the A1 and A3 assumptions Crame´ r-Rao bounds Posterior Crame´ r-Rao bounds Information reduction factor Expectation-maximization algorithm Extended Kalman filter Kalman filter Probabilistic data association filter Joint probabilist data association filter Multiple hypotheses tracker Probabilistic multiple hypotheses tracker Multiple objects particle filter Root mean square error.



NOTATIONS AºB rX ¢YX Ep J®¯ (p) t i j Pd ¸ V



A ¡ B positive semi-definite [(@=@x1 ), : : : , (@=@xnx )]T rX rY T Expectation computed w.r.t. the density p E[¡¢¯® log(p)] Letter used as an index to denote time varying between 0 and T Letter used as an exponent to denote one of the M targets Letter used as an exponent to denote one of the mt measurements at time t Detection probability Parameter of the Poisson law modeling the number of false alarms observation volume.



I. INTRODUCTION
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This study is concerned with multi-target tracking (MTT), i.e., the estimation of the state vector made by concatenating the state vectors of several targets. As association between measurements and targets are unknown, MTT is much more complex than single-target tracking. Existing MTT algorithms generally present two basic ingredients: an estimation algorithm coupled with a data association method. Among the most popular algorithms based on (extended) Kalman filters (EKFs) are the joint probabilistic data association filter (JPDAF), the multiple hypothesis tracker (MHT) or, more recently, the probabilistic MHT (PMHT). They vary on the association method in use. With the development of the sequential Monte Carlo (SMC) methods, new opportunities for MTT have appeared. The state
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distribution is then estimated with a finite weighted sum of Dirac mass centered around particles. The Crame´ r-Rao lower bound (CRB) [1] is widely used for assessing estimation performance. Though a great deal of attention has been paid to measures of performance such as track1 purity and correct assignment ratio [2] these methods are based on discrete assignments of measurements to tracks and are thus not universally applicable. Their interest is, to a large extent, due to the fact that numerous MTT algorithms rely on “hard” association. Within this framework this type of analysis is quite pertinent; but there is a need for a simple and versatile formulation of a performance measure in the MTT context; which leads us to focus on CRB. These bounds are developed here in a general framework which employs a probabilistic structure on the measurement-to-target association. Again, the difficulty of obtaining CRB for MTT is due to a need for an association between measurements and tracks, and to incorporate this basic step in the CRB calculation. Thus, estimation of the target states on the one hand, and of the measurement-to-track association probabilities on the other, are tightly related. On another hand, while the CRB is an essential tool for analyzing performance of deterministic systems, the posterior CRB (PCRB) is a “measure” of the maximum information which can be extracted from a dynamic system when both measurements and state are assumed to be random, thus evaluating performance of the best unbiased filter. Thus, performance analysis is now considered in a Bayesian setup. Naturally, this analysis deals with tracks and dimension grows linearly with time. Quite remarkably, it has been shown that a recursive Riccati-like formulation of the PCRB could be derived under reasonable assumptions. Here, we show that this framework is still valid in the MTT setup and allows us to derive convenient bounds. This paper is organized as follows. The MTT problem is introduced in Section II, followed by a brief background on PCRB for nonlinear filtering (Section III). Section IV is the core of this manuscript since it deals with the derivation of the PCRB for MTT, under various association modelings. These bounds are illustrated by computational results. II. THE MULTI-TARGET TRACKING PROBLEM A. General Framework Let M be the number of targets to track, assumed to be known and fixed here. The index i designates one among the M targets and is always used as 1 By



“track,” we consider here a sequence of states associated with a Markovian model.
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superscript. MTT consists in estimating the state vector made by concatenating the state vectors of all targets. It is generally assumed that the targets are moving according to independent Markovian dynamics, even though it can be criticized like in [3]. At time t, Xt = (Xt1 , : : : , XtM ) follows the state equation decomposed in M partial equations: i Xti = Fti (Xt¡1 , Vt i )



8 i = 1, : : : , M:



(1)



0



The noises (Vt i ) and (Vt i ) are supposed only to be white both temporally and spatially, and independent for i 6= i0 . The observation vector collected at time t is denoted by yt = (yt1 , : : : , ytmt ). The index j is used as first superscript to refer to one of the mt measurements. The vector yt is composed of detection measurements and clutter measurements. The false alarms are assumed to be uniformly distributed in the observation area. Their number is assumed to arise from a Poisson density ¹f of parameter ¸V where V is the volume of the observation area and ¸ the average number of false alarms per unit volume. As we do not know the origin of each measurement, one has to introduce the vector Kt to describe the associations between the measurements and the targets. Each component Ktj is a random variable that takes its values among f0, : : : , Mg. Thus, Ktj = i indicates that ytj is associated with the ith target if i = 1, : : : , M and that it is a false alarm if i = 0. In the first case, ytj is a realization of the stochastic process: Ytj = Hti (Xti , Wt j )



if Ktj = i:



(2)



0



Again, the noises (Wt j ) and (Wt j ) are supposed only to be white noises, independent for j 6= j 0 . We do not associate any kinematic model to false alarms. At measurement reception, the indexing of the measurements is arbitrary and all the measurements have the same prior probability to be associated with a given model i. The variables (Ktj )j=1,:::,mt are then supposed identically distributed. Their common law is defined with the probability (¼ti )i=1,:::,M : ¢



¼ti = P(Ktj = i)



8 j = 1, : : : , mt :



(3)



The probability ¼ti is then the prior probability that an arbitrary measurement is associated with model i. The term “model” denotes the target i if i = 1, : : : , M and the model of false alarms if i = 0. Intuitively, this probability represents the “observability” of target i for i = 1, : : : , M. The ¼t vector is considered as a realization of the stochastic vector ¦t = (¦t0 , ¦t1 , : : : , ¦tM ) with the following prior distribution on ¦t : p(¦t ) = p(¦t0 )p(¦t1 , : : : , ¦tM j ¦t0 )



(4)



where p(¦t1 , : : : , ¦tM j ¦t0 ) is uniform on the hyperP i 0 plane defined by M i=1 ¦t = 1 ¡ ¦t .



IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 42, NO. 1



JANUARY 2006



TABLE I Classification of Main MTT Algorithms According to Their Association Assumption and Estimation Structure



To solve the data association some assumptions are commonly made [4]: A1. One measurement can originate from one target or from the clutter. A2. One target can produce zero or one measurement at one time. A3. One target can produce zero or several measurements at one time. Assumption A1 expresses that the association is exclusive and exhaustive. Unresolved observations are then excluded. From a mathematical point of view, total probability theorem can be used and PM the i i=0 ¼t = 1 for every t. Assumption A2 implies that the association variables Ktj for j = 1, : : : , mt are dependent. Assumption A3 is often criticized because it may not match the physical reality. However, it allows to suppose the stochastic independence of the variables Ktj and it drastically reduces the complexity of the ¼t vector estimation. B. Review of Main MTT Algorithms Let us now briefly review the treatment of the data association problem. The following algorithms essentially differ according to their estimation structure (deterministic or stochastic) and their association assumptions. First, the data association problem occurs as soon as there is uncertainty in measurement origin and not only in the case of multiple targets. In the case of one single-target tracking, the integration of false alarms in the model then implies data association. The probabilistic data association filter (PDAF) [5] takes into account this uncertainty under the classical hypotheses A1 and A2. The JPDAF is an extension of the PDAF for multiple targets [6]. Both these algorithms are based on Kalman filter (KF) and consequently assume linear models and additive Gaussian noises in (1) and (2). The main approximation consists of assuming that the predicted law is still Gaussian whereas it is in reality a sum of Gaussian associated with the different associations. The MHT still uses A1 and A2 but allows the detection of a new target at each time step [7]. To cope with the explosion of the association number, some of them must be ignored in the estimation. For these three algorithms ((J)PDAF, MHT), a prior statistical validation of the measurements decreases the initial association number. This validation is based on the fundamental hypothesis that the law p(Yt j Y1 : t¡1 ) is Gaussian, centered around the predicted measurement and with the innovation covariance. The validation gate is then usually defined as the measurement set for which the Mahalanobis distance to the predicted measurement is lower than a certain threshold. Some details can be found in [4]



Association Assumption Estimation structure Kalman filter EM particle filter



A1—A2 (J)PDAF MHT SIR-JPDAF



A1—A3



PMHT MOPF



for instance. This validation gate procedure will not be considered throughout, which means that all the measurements will be taken into account. Unlike the above algorithms, the PMHT is based on the assumptions A1 and A3. It proposes the batch estimation of multiple targets in clutter via an expectation-maximization (EM) algorithm. Radically different from a deterministic approach like KF-based trackers or EM-based trackers, the stochastic approach developed quickly these last years. SMC methods [8] estimate the entire a posteriori law of the states and not only the first moments of this law like KF-based trackers do. In the context of MTT, particle filters are particularly appealing: as the association needs only to be considered at a given time iteration, the complexity of data association is reduced. For a state of art of the proposed algorithms the reader can refer to [9]. Again, we can distinguish algorithms using A2 for solving data association like the sequential importance resampling (JPDAF, SIR-JPDAF) [10] or using A3 like the multiple objects particle filter (MOPF) [11]. Classification of the above algorithms according to their association assumption and estimation structure are summarized in Table I. III. BACKGROUND ON POSTERIOR CRAM´ER-RAO BOUNDS FOR NONLINEAR FILTERING It is of great interest to derive minimum variance bounds on estimation errors to have an idea of the maximum knowledge on the states that can be expected and to assess the quality of the results of the proposed algorithms compared with the bounds. First defined and used in the context of constant parameter estimation, the inverse of the Fisher information matrix, commonly called the Crame´ r-Rao (CR) bound, has been extended to the case of random parameter estimation in [1], then called the PCRB. Let X 2 Rnx be a stochastic vector and Y 2 Rny a stochastic observation vector. The mean-square error of any ˆ estimate X(Y) satisfies the inequality2 ˆ ˆ E(X(Y) ¡ X)(X(Y) ¡ X)T º J ¡1



(5)



ˆ ˆ inequality means that the difference E(X(Y) ¡ X)(X(Y) ¡ X)T ¡ is a positive semi-definite matrix.



2 The



J ¡1
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£ ¤ where J = ¡E @ 2 log pX,Y (X, Y)=@X 2 is the Fisher information matrix and where the expectations are w.r.t. the joint density pX,Y (X, Y) under the following conditions. 1) @pX,Y (X, Y)=@X and @ 2 pX,Y (X, Y)=@X 2 exist and are absolutely integrable w.r.t. X and Y. 2) The estimator bias Z ˆ B(X) = (X(Y) ¡ X)pYjX (Y j X)dY Rny



satisfies:



lim B(X)p(X) = 0,



Xl !§1



8 l = 1, : : : , nx :



and where the r and ¢ operators denote the first and second partial derivatives, respectively: " #T @ @ rX = ,:::, , ¢YX = rX rY T : (10) @x1 @xnx provides a lower bound on the The matrix JX¡1 t +1 mean-square error of estimating Xt+1 . It can be shown in [17] that this bound is overoptimistic but it has the great advantage to be recursively computable. Let us see now some extensions recently proposed for the PCRB.



(6) Let us consider the nonlinear discrete system for a unique object: ½ Xt = Ft (Xt¡1 , Vt ) Yt = Ht (Xt , Wt )



A. Integration of Detection Probability



(7)



and the associated filtering problem, i.e., the ¢



estimation of Xt given Y0 : t =(Y0 , : : : , Yt ). A first approach consists of using a linear Gaussian system “equivalent” to (7) like in [12] and [13]. The error covariance of the initial system is then lower bounded by the error covariance of the Gaussian system. Nevertheless, two major remarks can be made [14]. First, the “equivalent” notion is not precisely defined in [12] and [13]. Second, it seems not likely that there always exists such a linear Gaussian system for instance if the probability density function (pdf) is multimodal. A review of this approach can be found in [14]. The approach recently developed by Tichavsky, et al. in [15] originally considers the Fisher information matrix for the estimation of Xt given Y0 : t as a submatrix of the Fisher information matrix associated with the estimation of X0 : t given Y0 : t . Using the notations of [15], J(X0 : t ) denotes the ((t + 1)nx £ (t + 1)nx ) information matrix of X0 : t and JXt denotes the nx £ nx information submatrix of Xt which is the inverse of the nx £ nx right lower block of [J(X0 : t )]¡1 . To avoid inversion of too large matrices, a recursive expression of the bound JXt has been presented recently in [15] and [16] and summarized by the following formula: JXt+1 = DX22t ¡ DX21t (JXt + DX11t )¡1 DX12t



(8)



where DX11t = E[¡¢XXtt log p(Xt+1 j Xt )] DX12t = E[¡¢XXt+1 log p(Xt+1 j Xt )] t DX21t = E[¡¢XXtt+1 log p(Xt+1 j Xt )] = [DX12t ]T DX22t = E[¡¢XXt+1 log p(Xt+1 j Xt )] t+1 log p(Yt+1 j Xt+1 )] + E[¡¢XXt+1 t+1 40



(9)



In [18], the authors propose to integrate the detection probability in the previous bound. For a scenario of given length, the bound is computed as a weighted sum on every possible detection/nondetection sequence. As the number of terms of this sum grows exponentially the less significant are not taken into account. B. Extension to Measurement Origin Uncertainties Several works have studied CRBs for models with measurement origin uncertainties, but for a single-target. The association of each measurement to the target or to the false alarm model can be done under the classical hypotheses A1 and A2 or under A1 and A3. As CRB was first defined for parameter estimation, models with deterministic trajectories have first been studied. If the noise is Gaussian, it has been shown in [19] and [20] that, under A1 and A2, the inverse of the information matrix can then be written as the product of the inverse of the information matrix without false alarms by an information reduction factor, noted IRF and lower than unity. In [21], the authors show that there is also an IRF for the PMHT measurement model, i.e., under the hypotheses A1 and A3. In the case of dynamic models, the extension of the bound (8) to the case of linear and nonlinear filtering with measurement origin uncertainty due to clutter has been recently studied in [22] and [23]. The extension mainly consists of replacing the classic pdf of the measurement given the state by the pdf of the measurement vector taking into account the measurement uncertainty. The conclusions are the following. 1) Under the assumption of a Gaussian observation noise with a diagonal covariance matrix, an IRF diagonal matrix appears in the PCRB. 2) The PCRB does not show instability whereas tracking algorithms can relatively easily be put into wrong.
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3) The PCRB would be more affected by a low Pd than by a high state or noise covariance or by a high clutter density. 4) For low detection probabilities, the PCRB is really overoptimistic (versus PDAF RMSE). IV. POSTERIOR CRAM´ER-RAO BOUNDS FOR MULTI-TARGET TRACKING Now, let us see how the PCRB proposed in [15] can be extended and used in the case of multiple targets filtering defined by (1) and (2). Note that in this case, the measurement vector is composed of detection measurements issued from the different targets and of false alarms. The following extension then takes into account simultaneously the measurement uncertainty and the extension of one to multiple targets. First, the recursive equation (8) can be obtained as well for multiple targets using the structure of the joint law:



these hypotheses condition the estimation algorithm, while they should not influence the theoretical bound. We propose here to derive three bounds: B1, the PCRB computed under the assumption that the associations are known. B2, the PCRB computed under the A1 and A2 assumptions. B3, the PCRB computed under the A1 and A3 assumptions. The following lemma is used throughout the sequel. LEMMA 1 Let X = (X 1 , : : : , X M ) 2 Rnx and Y 2 Rny two stochastic variables and i1 , i2 two integers 2 [1, : : : , M], then the following expectation equality holds true: i2



EX EYjX [¡¢XX i1 log p(Y j X)] = EX EYjX [rX i2 log p(Y j X)(rX i1 log p(Y j X))T ]:



p(X0 : t+1 , Y0 : t+1 ) = p(X0 : t , Y0 : t )p(Xt+1 j Xt )p(Yt+1 j Xt+1 ):



(15)



(11) This structure is still true for multiple targets, which leads to the same recursive formula for the information matrix. As the targets are supposed to move according to independent dynamics, we have 1:M log p(Xt+1 j Xt1 : M ) =



M X i=1



Let us define the following notation: for two vectors ®, ¯ and p a probability law, ¢



J®¯ (p) = E[¡¢¯® log(p)]:



(16)



In the next three paragraphs we describe i log p(Xt+1 j Xti ):



(12)



X1 :M



mt 1:M JX 1t+1 : M (p(Yt+1 j Xt+1 )) according to the association t+1



assumptions.



Consequently, the matrices DX11t , DX12t and the first term of DX22t are simply block-diagonal matrices where the i ith block is computed w.r.t. Xti and Xt+1 . It remains the



A. PCRB B1



1:M second term of DX22t , i.e., E[¡¢Xt+1 1 : M log p(Yt+1 j Xt+1 )].



The association vector is supposed to be known. We then have



X1:M t+1



As in [22], we can decompose this term according to the observation number using the total probability theorem: X1:M E[¡¢Xt+1 1:M t+1



=



mt+1 =1



j=1



kj



log p(ytj j xt t ):



1:M Xt+1 )]



log p(Yt+1 j



1 X



mt X



log p(Yt = ytmt j Xt = xt , Kt = kt ) =



X1:M P(mt+1 ) E[¡¢Xt+1 1:M t+1



|



(17) Xti



mt+1 log p(Yt+1



{z B(mt+1 )



j



1:M Xt+1 )] :



}



(13) The probabilities P(mt+1 ) are given by P(mt+1 = ¹) =



¹ X (¸V)d exp¡¸V d=0



d!



The gradient of the log-likelihood w.r.t. is not zero only if there exists j i such that ktj = i. In this case, i rXti p(ytj j xti ) mt : (18) rXti log p(yt j xt , kt ) = i p(ytj j xti ) We finally obtain for all i = 1, : : : , M:



Pd¹¡d :



(14)



To compute B(mt+1 ), we have to face again the association problem: some additionnal hypotheses must be formulated to give explicit expressions mt+1 of the likelihood p(Yt+1 j Xt+1 ). The problem is that



i



Xti



JX i (p(ytmt t



j xt , kt )) = EXt E



ji



i



rX i p(ytj j xti )(rX i p(ytj j xti ))T



Yt jXt



t



t



i



p(ytj j xti )2



(19) and J



Xti



2



1 Xti



(p(yt j xt , kt )) = 0
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if i1 6= i2 :



(20) 41



B. PCRB B2 We can write log p(Yt = ytmt j Xt = xt ) X A1—A2 = log p(yt = (yt1 , : : : , ytmt ) j xt , kt )p(kt ) kt



= log



mt XY kt j=1



p(ytj j xt , kt )p(kt ):



(21)



The probability p(Kt = kt ) can be computed from the detection probability Pd , the number of false alarms ª kt , their distribution law ¹f and the binary variable D Kt (i) equal to one if the object i is detected, zero else: p(Kt = kt ) =



M



M



i=1



i=1



Y Kt (i) Y ª kt ! 1¡Kt (i) (1 ¡ Pd )D : ¹f (ª kt ) PdD mt ! (22) Xti



is The gradient of the log-likelihood w.r.t. P Qmt j kt rXti j=1 p(yt j xt , kt )p(kt ) : rXti log p(yt j xt ) = p(yt j xt )



(23)



Let us denote by kt ¾ i the associations that associate one measurement to the ith target. Under A2, there exists at most one such measurement, denoted j i . Then, P Q j ji i rX i log p(yt j xt ) =



j6=j i



kt ¾i



p(yt j xt , kt )p(kt )rX i p(yt j xt ) t



p(yt j xt )



t



2



Using Lemma 1, we obtain for all i , i = 1, : : : , M:



Xti



E[¡¢



¢



pt+1 = p(©0 : t+1 , Y0 : t+1 ) = pt ¢ p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 ):



(26) Let J(©0 : t ) be the information matrix of ©0 : t associated with pt ; we are interested in a recursive expression on t of the information submatrix J©t for estimating ©t . Let us recall that J©t is the information submatrix of ©t which is the inverse of the right lower block of [J(©0 : t )]¡1 . Using the structure of the joint law pt+1 and the same argument as in [15], the following recursive formula can be shown (see the proof in the appendix): where



:



(24) 1



PMHT, the maximization step for ¼t depends on the precedent estimates for Xt and vice versa. The estimation quality of one then strongly affects the estimation quality of the other. Similarly for the MOPF, the simulated values for ¼t are used for simulated Xt values and vice versa. In this context, it seems to us natural to consider the PCRB for the estimation of the joint vector (¦t , Xt ). For all that, the PCRB on the estimation of Xt can be deduced from the global one by an inversion formula as we P i see later. From the equality M ¼ = 1 and as ¼t0 i=0 t is fixed at each instant, we only consider the M ¡ 1 components ¦t1 : M¡1 = (¦t1 , : : : , ¦tM¡1 ). Let us define ©t = (¦t1 : M¡1 , Xt1 : M ); the joint law is



J©t+1 = D©22t ¡ D©21t (J©t + D©11t )¡1 D©12t



D©11t = J©©t t (p(Xt+1 j Xt )) =



·



D©12t = J©©t t+1 (p(Xt+1 j Xt )) =



0



0



(27)



¸



0 DX11t · ¸ 0 0 0 DX12t



2



1 Xti



log p(Yt j Xt )] 2



6 = EXt EYt jXt 4



P



kt



¾i1



Q



j6=j



i1



3 i1 1 p(ytj j xt , kt )p(kt )rX i1 p(ytj j xti ) X Y 2 i 2 7 t ¢ p(ytj j xt , kt )p(kt )(rX i2 p(ytj j xti ))T 5 t p(yt j xt )2 2 2 kt ¾i j6=j i



(25)



where EXt and EYt jXt denote, respectively, the expectation w.r.t. the density p(Xt ) and p(Yt j Xt ). Let us notice that the integrals w.r.t. yt are mt £ ny -dimensional. C. PCRB B3 To our knowledge, algorithms using A3 need a joint estimation of Xt and ¼t . In this way, for the 42



t+1 (p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 )) (28) D©22t = J©©t+1 ¸ · 0 0 = Xt+1 0 JXt+1 (p(Xt+1 j Xt )) · ¦t+1 ¸ J¦t+1 (p(¦t+1 )) 0 t+1 + + J©©t+1 (p(Yt+1 j ©t+1 )): 0 0



Once J©t is recursively computed, a lower bound on the mean-square error of estimating Xt is given by the
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and the same expressions for i1 = M by replacing ¼tM P i by 1 ¡ M¡1 i=0 ¼t . Notice that under these association assumptions, all the integrals w.r.t. ytj are ny -dimensional.



inversion formula applied to the right lower block JXt of # " J¦t J¦Xtt : J©t = JX¦t t JXt ˆ ˆ E(X(Y) ¡ X)(X(Y) ¡ X)T º [JXt ¡ JX¦t t J¦t ¡1 J¦Xtt ]¡1 :



(29)



D. Monte Carlo Evaluation for a Bearings-Only Application



As a uniform prior is assumed for the ¦t law, t+1 J¦¦t+1 (p(¦t+1 )) is zero. To evaluate the third term of 22 D©t , we can write



A1—A3



log p(Yt = yt j ©t = Át ) = log =



mt X j=1



mt Y j=1



Let us begin with the case where the evolution model is linear and Gaussian. As in [15], we



p(ytj j Át )



"



# M¡1 X ¼t0 j j j j 0 M i M i M log (p(yt j xt ) ¡ p(yt j xt ))¼t + p(yt j xt ) : ¡ ¼t p(yt j xt ) + V



analytically obtain the following equalities: DX11t =



For i 6= M, the gradient w.r.t. Xti is rXti log p(yt j Át ) =



T



rXti p(ytj j xti ) : ¼ti p(ytj j Át ) j=1 mt X



(31)



A similar expression for i = M is obtained by P i replacing ¼tM by 1 ¡ M¡1 i=0 ¼t . For i = 1, : : : , M ¡ 1: r¦ti log p(yt j Át ) =



mt X p(ytj j xti ) ¡ p(ytj j xtM )



p(ytj



j=1



j Át )



J



Xti



(36) we have 1



1



1



1



rX i1 p(ytj j xti ) = p(ytj j xti )rX i1 H T (xti )§ ¡1 (ytj ¡ H(xti )):



(p(Yt j ©t ))



t



t



(37)



¢



= E[rX i1 (rX i2 log p(Yt j ©t ))T ] t



2



= (¼ ny det §)¡1=2 exp f¡ 12 (ytj ¡ H(xti ))T § ¡1 (ytj ¡ H(xti ))g



: (32)



2



1



T



diagfF i §V¡1 F i g,3 DX12t = diagf¡F i §V¡1 g and t+1 JXXt+1 (p(Xt+1 j Xt )) = diagf§V¡1 g. In the general case of an observation model with an additive Gaussian noise defined as follows: p(ytj j xti )



Using Lemma 1, we obtain for i1 , i2 6= M Xti
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i=1



It reads for the PCRB B1:
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Xi



JX it (p(Yt j Xt )) = EXti rXti H T (xti )§ ¡1 (rXti H T (xti ))T
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t



(38)



(33) and the same expressions for i1 or i2 = M by replacing P i ¼tM by 1 ¡ M¡1 i=0 ¼t . 1 2 For i , i 6= M:
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¦ti



¦ti



2



1



3 i.e.,



the block-diagonal matrix whose ith block is equal to T F i §V¡1 F i .



2 " #3 mt j j j j i1 M i2 M X j x ) ¡ p(y j x ))(p(y j x ) ¡ p(y j x )) (p(y t t t t t t t t 5: (p(Yt j ©t )) = E©t 4 EYj j©t j t 2 p(y j Á ) t t j=1



For i1 , i2 6= M: J
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for the PCRB B2:
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¢ and for the PCRB B3: J
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(42) where I2 is the identity matrix in dimension 2 and Vt i is a Gaussian zero-mean vector with covariance matrix §V = diag[¾x2 , ¾y2 , ¾x2 , ¾y2 ]. A set of mt measurements is available at discrete times and can be divided into two subsets. 1) One subset is of “true” measurements which follow (43). A measurement produced by the ith target is generated according to ¶



+ Wt



j



(43)



where Wt j is a zero-mean Gaussian noise with covariance ¾w2 = 0:05 rad independent of Vt , and xobs and yobs are the Cartesian coordinates of the observer, which are known. We assume that the measurement 44
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y i ¡ ytobs Yt = arctan ti xt ¡ xtobs



1



:



In the bearings-only application, we have ny = 1 and then H T = H that leads to some writing simplifications. We deal with classical bearings-only experiments with three targets. In the context of a slowly maneuvering target, we have chosen a nearly-constant-velocity model. 1) The Scenario: The state vector Xti represents the coordinates and the velocities in the x-y plane: Xti = (xti , yti , vxti , vyti ) for i = 1, 2, 3. For each target, the discretized state equation associated with time period ¢t is 0 2 1 µ ¶ ¢t I ¢t I 0 I 2 2 i A Vt i = Xt+¢t Xti + @ 2 2 0 I2 0 ¢t I
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(41)



produced by one target is available with a detection probability Pd . 2) The other subset is of “false” measurements whose number follows a Poisson distribution with mean ¸V where ¸ is the mean number of false alarms per unit volume. We assume these false alarms are independent and uniformly distributed within the observation volume V. The initial coordinates of the targets and of the observer are the following (in meter and meter/second, respectively): X01 = (200, 1500, 1, ¡0:5)T ,



X02 = (0, 0, 1, 0)T



X03 = (¡200, ¡1500, 1, 0:5)T X0obs = (200, ¡3000, 1:2, 0:5)T :



(44) The observer is following a leg-by-leg trajectory. Its velocity vector is constant on each leg and modified at the following instants, so that: Ã obs ! µ ¶ vx200,600,900 ¡0:6 = obs 0:3 vy200,600,900 (45) Ã obs ! µ ¶ vx400,800 2:0 : = obs 0:3 vy400,800 The trajectories of the three objects and of the observer are plotted in Fig. 1(a). E. The Associated PCRB The three bounds are first initialized to JX0 = PX¡1 0 for B1 and B2 and J©0 = P©¡1 for B3 where P = X 0 0
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Fig. 1. (a) Trajectories of the three targets and of the observer. (b) Measurements simulated with Pd = 0:9 and ¸V = 3. i i diagfXcov g with Xcov = diagf150, 150, 0:1, 0:1g and P©0 = diagfdiagf0:05, i = 1, : : : , M ¡ 1g; PX0 g. Then, to estimate the matrices needed in the recursion formulas (8) or (27), we perform Monte Carlo integration by carrying out P1 independent state trajectories and for each of them P2 independent measurement realizations, and additionally P3 independent realizations of the ¼ vector for the PCRB B3 (P1, P2, and P3 have been fixed to 100 in the following computations). For instance, the estimate 2 2 Xi Xi Jˆ t of J t is computed as Xti



1



Xti



1



2



Xi Jˆ it1 = Xt



P1 P2 1 XX J(xtp1 , ytp1,p2 ) P1P2



(46)



p1=1 p2=1



where J(xtp1 , ytp1,p2 ) is the quantity whose expectation is to be computed in (39). We then obtained the matrix inequalities: 1:M 1:M (Y) ¡ X)(Xˆ t+1 (Y) ¡ X)T º B i E(Xˆ t+1



for i = 1, 2, 3:



(47) In the scenario described above, the matrices B i dimension is equal to dim = 3 £ 4 = 12. To interpret the inequalities (47), we have derived the scalar mean-square error given by the trace of (47): 1 :M 1:M (Y) ¡ X)T (Xˆ t+1 (Y) ¡ X) ¸ tr B i E(Xˆ t+1



(48)



and the inequality on the volume of the matrices defined as the determinant at the power 1=dim: 1:M 1:M [det E(Xˆ t+1 (Y) ¡ X)(Xˆ t+1 (Y) ¡ X)T ]1=dim º [det B i ]1=dim :



(49) We have computed the trace and the volume of the three bounds for different values of the parameters ¾x , ¾y , Pd , ¸V. First, for a dynamic noise standard ¾x = ¾y = 0:0005 ms¡1 , a detection probability Pd = 0:9 and ¸V = 1, 2, 3, the trace and the volume are plotted against time on the three first rows of Fig. 2. The results on the fourth row have been obtained for a higher dynamic noise standard ¾x = ¾y = 0:001 ms¡1 , Pd = 0:9 and ¸V = 1. The fifth and last row corresponds to a scenario where a



detection hole is simulated for the first object during a hundred consecutive instants, between times 600 and 700. Whatever the parameters values, the instant or the function f of the bounds considered (trace or volume), we always have f(B2) ¸ f(B3) ¸ f(B1) with a greater gap between f(B3) and f(B1) than between f(B2) and f(B3). More precisely, it first means that the optimal performance which can be obtained with an algorithm using assumptions A1 and A2 are below the optimal performance which can be obtained with an algorithm using assumptions A1 and A3. Second, the optimal performance obtained with an algorithm assuming the association is known is far better than for the two preceding cases. For all that, nothing can be concluded on the relative performance of the SIR-JPDA and of the MOPF for instance. Such study needs the estimation of the RMSE of both algorithms over a high number of realizations of the process and measurement noise. For each couple of realization of both noises, several runs of the algorithms are needed. To go back over the analysis of Fig. 2, the plots present two peaks around times 150 and 400. They correspond to instants where bearings from the three targets are very close as shown in Fig. 1(b) for one particular realization of the trajectories and of the measurements. During the second peak, the gap between B2 and B3 on the one hand and B1 on the other hand is widening. A slight peak is also observed when the first target is not detected (see last row of Fig. 2). Finally, by comparing the three first rows, we observe that the gap between f(B2) and f(B3) is widening with the clutter density ¸V. In all these scenarios, as the detection probability Pd is strictly inferior to unity, it may happen at one instant that no target is detected. If moreover no clutter measurement is simulated at that instant, the measurement vector Yt is empty. In this case, we t+1 simply set the expectations JXXt+1 (p(Yt+1 j Xt+1 )) and ©t+1 J©t+1 (p(©t+1 j Xt+1 )) to zero and the recursive formula (8) and (27) are reduced. V.



CONCLUSION



In this manuscript, an extension of the PCRB from a single-target to multi-target filtering problem
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Fig. 2. Trace and volume of the three PCRB matrices: B2 (dashed), B3 (solid), B1 (dashdotted). Left column: trace. Right column: volume. First (top) row: ¾x = ¾y = 0:0005 ms¡1 and ¸V = 1. Second row: ¾x = ¾y = 0:0005 ms¡1 and ¸V = 2. Third row: ¾x = ¾y = 0:0005 ms¡1 and ¸V = 3. Fourth row: ¾x = ¾y = 0:0001 ms¡1 and ¸V = 1. Fifth (bottom) row: ¾x = ¾y = 0:0005 ms¡1 and a detection hole between times 600 and 700 for object 1.
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has been studied. Three bounds have been derived according to the association assumptions between the measurements and the targets. Based on Monte Carlo integration, estimates of these three bounds have finally been proposed and evaluated for the bearings-only application.



Using (51)—(56) and the notation: · ¸ At Bt J(©0 : t ) = BtT Ct
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where J®¯ (p) = E[¡¢¯® log(p)]. Using (26), it reads ©



©



t¡1 t¡1 J©00::t¡1 (pt+1 ) = J©00::t¡1 (pt )



we have the recursive formula: 2 At Bt 6 B T C + D 11 J(©0 : t+1 ) = 4 t t t 0



(51) © J©t0 : t¡1 (pt+1 )



=



© J©t0 : t¡1 (pt )



¡1 12 = Dt22 ¡ Dt12 [Ct + Dt11 ¡ BtT A¡1 t Bt ] Dt



= Dt22 ¡ Dt12 [J©t + Dt11 ]¡1 Dt12 :



}



[2]



(52) ©0 : t¡1 J©t+1 (pt+1 )



=



©0 : t¡1 J©t+1 (pt )



|



{z



=0



}



[3]



©



+ J©t0 : t¡1 (p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 )))



|



{z



}



=0



(53) J©©tt (pt+1 )



=



J©©tt (pt ) + J©©tt (p(Xt+1



|



©



{z



[5]



(54)



}



=0



©



[4]



j Xt ))



+ J©©tt (p(Yt+1 j ©t+1 )p(¦t+1 )))



[6]



©



J©tt+1 (pt+1 ) = J©tt+1 (p(Xt+1 j Xt )) + J©tt+1 (pt )



| {z } =0



© + J©tt+1 (p(Yt+1



|



©t+1 J©t+1 (pt+1 )



=



j ©t+1 )p(¦t+1 )))



{z



=0



}



[7]



(55) [8]



©t+1 J©t+1 (pt )



| {z }



[9]



=0 ©



t+1 + J©t+1 (p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 )):



(56)



(60)



REFERENCES [1]



{z



(59)



Now, J©t+1 is the inverse of the right lower block of J(©0 : t+1 )¡1 . Using twice a classical inversion lemma, we obtain ¸¡1 · ¸ · Bt 0 At 22 12 J©t+1 = Dt ¡ [0 Dt ] T Bt Ct + Dt11 Dt12



©



=0



(58)



Dt22



t+1 Dt22 = J©©t+1 (p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 )):



+ J©t0 : t¡1 (p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 )))



|



Dt12 7 5



Dt12 = J©©t t+1 (p(Xt+1 j Xt ))



}



=0



3



Dt11 = J©©t t (p(Xt+1 j Xt ))



©



{z



0



where



t¡1 + J©00::t¡1 (p(Yt+1 j ©t+1 )p(Xt+1 j Xt )p(¦t+1 )))



|



T Dt12



(57)



Van Trees, H. L. Detection, Estimation, and Modulation Theory (Part I). New York: Wiley, 1968. Chang, K. C., Mori, S. and Chong, C. Y. Performance evaluation of track initiation in dense target environments. IEEE Transactions on Aerospace and Electronic Systems, 30, 1 (1994), 213—218. Mahler, R. Multi-source multi-target filtering: A unified approach. SPIE Proceedings, 3373 (1998), 296—307. Bar-Shalom, Y., and Fortmann, T. E. Tracking and data association. New York: Academic Press, 1988. Bar-Shalom, Y., and Tse, E. Tracking in a cluttered environment with probabilistic data association. In Proceedings of the 4th Symposium on Nonlinear Estimation Theory and its Applications, 1973. Fortmann, T. E., Bar-Shalom, Y., and Scheffe, M. Sonar tracking of multiple targets using joint probabilistic data association. IEEE Journal of Oceanic Engineering, 8 (July 1983), 173—184. Reid, D. An algorithm for tracking multiple targets. IEEE Transactions on Automation and Control, 24, 6 (1979), 84—90. Doucet, A., De Freitas, N., and Gordon, N. (Eds.) Sequential Monte Carlo Methods in Practice. New York: Springer, 2001. Hue, C., Le Cadre, J-P., and Pe´ rez, P. Sequential Monte Carlo methods for multiple target tracking and data fusion. IEEE Transactions on Signal Processing, 50, 2 (Feb. 2002), 309—325.



HUE ET AL.: POSTERIOR CRAMER-RAO BOUNDS FOR MULTI-TARGET TRACKING



47



[10]



[11]



[12]



[13]



[14]



[15]



[16]



[17]



48



Orton, M., and Fitzgerald, W. A Bayesian approach to tracking multiple targets using sensor arrays and particle filters. IEEE Transactions on Signal Processing, 50, 2 (2002), 216—223. Hue, C., Le Cadre, J-P., and Pe´ rez, P. Tracking multiple objects with particle filtering. IEEE Transactions on Aerospace and Electronic Systems, 38, 3 (July 2002), 791—812. Bobrovsky, B. Z., and Zakai, M. A lower bound on the estimation error for Markov processes. IEEE Transactions on Automatic Control, 20, 6 (Dec. 1975), 785—788. Galdos, J. I. A Crame´ r-Rao bound for multidimensional discrete-time dynamical systems. IEEE Transactions on Automatic Control, 25, 1 (1980), 117—119. Kerr, T. H. Status of Crame´ r-Rao-like lower bounds for nonlinear filtering. IEEE Transactions on Aerospace and Electronic Systems, 25, 5 (Sept. 1989), 590—600. Tichavsky´ , P., Muravchik, C., and Nehorai, A. Posterior Crame´ r-Rao bounds for discrete-time nonlinear filtering. IEEE Transactions on Signal Processing, 46, 5 (May 1998), 1386—1396. Bergman, N. Recursive Bayesian estimation: Navigation and tracking applications. Ph.D. dissertation, Linko¨ ping University, Sweden, 1999. Bobrovsky, B. Z., Mayer-Wolf, E., and Zakai, M. Some classes of global Crame´ r-Rao bounds. The Annals of Statistics, 15, 4 (1987), 1421—1438.



[18]



[19]



[20]



[21]



[22]



[23]



Farina, A., Ristic, B., and Timmoneri, L. Crame´ r-Rao bound for non linear filtering with Pd < 1 and its application to target tracking. IEEE Transactions on Signal Processing, 50, 8 (2002), 1916—1924. Jauffret, C., and Bar-Shalom, Y. Track formation with bearing and frequency measurements in clutter. IEEE Transactions on Aerospace and Electronics, 26, 6 (1990), 999—1009. Kirubajan, T., and Bar-Shalom, Y. Low observable target motion analysis using amplitude information. IEEE Transactions on Aerospace and Electornics, 32, 4 (1996), 1367—1384. Ruan, Y., Willett, P., and Streit, R. A comparison of the PMHT and PDAF tracking algorithms based on their model CRLBs. In Proceedings of SPIE Aerosense Conference on Acquisition, Tracking and Pointing, Orlando, FL, Apr. 1999. Zhang, X., and Willett, P. Crame´ r-Rao bounds for discrete-time linear filtering with measurement origin uncertainties. In Workshop on Estimation, Tracking, and Fusion: A Tribute to Yaakov Bar-Shalom, May 2001. Hernandez, M., Marrs, A., Gordon, N., Maskell, S., and Reed, C. Crame´ r-Rao bounds for nonlinear filtering with measurement origin uncertainty. In Proceedings of 5th International Conference on Information Fusion, July 2002.



IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 42, NO. 1



JANUARY 2006



Carine Hue was born in 1977. She received the M.Sc. degree in mathematics and computer science in 1999 and the Ph.D. degree in applied mathematics in 2003, both from the University of Rennes, France. Since the end of 2003 she has been a full-time researcher at INRA, the French National Institute for Agricultural Research. Her research interests include statistical methods for model calibration, data assimilation, sensitivity analysis, and in particular, the Bayesian approach for agronomic models.



Jean-Pierre Le Cadre (M’93) received the M.S. degree in mathematics in 1977, the “Doctorat de 3¡eme cycle” in 1982, and the “Doctorat d’Etat” in 1987, both from INPG, Grenoble. From 1980 to 1989, he worked at the GERDSM (Groupe d’Etudes et de Recherche en Detection Sous-Marine), a laboratory of the DCN (Direction des Constructions Navales), mainly on array processing. Since 1989, he is with IRISA/CNRS, where he is “Directeur de Recherche” at CNRS. His interests are now topics like system analysis, detection, multitarget tracking, data association, and operations research. Dr. Le Cadre has received (with O. Zugmeyer) the Eurasip Signal Processing best paper award (1993).



´ Patrick Pe´ rez was born in 1968. He graduated from Ecole Centrale Paris, France, in 1990 and received the Ph.D. degree from the University of Rennes, France, in 1993. After one year as an Inria post-doctoral researcher in the Department of Applied Mathematics at Brown University, Providence, RI, he was appointed at Inria in 1994 as a full time researcher. From 2000 to 2004, he was with Microsoft Research in Cambridge, U.K. In 2004, he became senior researcher at Inria, and he is now with the Vista research group at Irisa/Inria-Rennes. His research interests include probabilistic models for understanding, analysing, and manipulating still and moving images. HUE ET AL.: POSTERIOR CRAMER-RAO BOUNDS FOR MULTI-TARGET TRACKING



49



























[image: Improved Hand Tracking System - IEEE Xplore]
Improved Hand Tracking System - IEEE Xplore












[image: Computation of Posterior Marginals on Aggregated ... - IEEE Xplore]
Computation of Posterior Marginals on Aggregated ... - IEEE Xplore












[image: Adaptive Output-Feedback Fuzzy Tracking Control for a ... - IEEE Xplore]
Adaptive Output-Feedback Fuzzy Tracking Control for a ... - IEEE Xplore












[image: Speckle Tracking in 3D Echocardiography with Motion ... - IEEE Xplore]
Speckle Tracking in 3D Echocardiography with Motion ... - IEEE Xplore












[image: Efficient Multiple Hypothesis Tracking by Track Segment ... - IEEE Xplore]
Efficient Multiple Hypothesis Tracking by Track Segment ... - IEEE Xplore












[image: cooperative target tracking in vehicular sensor networks - IEEE Xplore]
cooperative target tracking in vehicular sensor networks - IEEE Xplore












[image: Cell Tracking in Video Microscopy Using Bipartite Graph ... - IEEE Xplore]
Cell Tracking in Video Microscopy Using Bipartite Graph ... - IEEE Xplore












[image: segmentation and tracking of static and moving objects ... - IEEE Xplore]
segmentation and tracking of static and moving objects ... - IEEE Xplore












[image: Robust Multitask Multiview Tracking in Videos - IEEE Xplore]
Robust Multitask Multiview Tracking in Videos - IEEE Xplore












[image: IEEE Photonics Technology - IEEE Xplore]
IEEE Photonics Technology - IEEE Xplore












[image: Closed-Form Posterior CramÃ©r-Rao Bounds for ... - Semantic Scholar]
Closed-Form Posterior CramÃ©r-Rao Bounds for ... - Semantic Scholar












[image: wright layout - IEEE Xplore]
wright layout - IEEE Xplore












[image: Device Ensembles - IEEE Xplore]
Device Ensembles - IEEE Xplore












[image: wright layout - IEEE Xplore]
wright layout - IEEE Xplore












[image: Closed-Form Posterior CramÃ©r-Rao Bounds for ... - Semantic Scholar]
Closed-Form Posterior CramÃ©r-Rao Bounds for ... - Semantic Scholar












[image: Evolutionary Computation, IEEE Transactions on - IEEE Xplore]
Evolutionary Computation, IEEE Transactions on - IEEE Xplore












[image: I iJl! - IEEE Xplore]
I iJl! - IEEE Xplore












[image: Gigabit DSL - IEEE Xplore]
Gigabit DSL - IEEE Xplore












[image: IEEE CIS Social Media - IEEE Xplore]
IEEE CIS Social Media - IEEE Xplore












[image: Grammatical evolution - Evolutionary Computation, IEEE ... - IEEE Xplore]
Grammatical evolution - Evolutionary Computation, IEEE ... - IEEE Xplore












[image: Throughput Maximization for Opportunistic Spectrum ... - IEEE Xplore]
Throughput Maximization for Opportunistic Spectrum ... - IEEE Xplore












[image: SITAR - IEEE Xplore]
SITAR - IEEE Xplore












[image: striegel layout - IEEE Xplore]
striegel layout - IEEE Xplore












[image: Digital Fabrication - IEEE Xplore]
Digital Fabrication - IEEE Xplore















Posterior Cramer-Rao Bounds for Multi-Target Tracking - IEEE Xplore






Jan 1, 2006 - Though basically defined for estimation of deterministic parameters, it has been extended to stochastic ones in a Bayesian setting. In the target ... 






 Download PDF 



















 643KB Sizes
 7 Downloads
 447 Views








 Report























Recommend Documents







[image: alt]





Improved Hand Tracking System - IEEE Xplore 

May 1, 2012 - training time by a factor of at least 1440 compared to the ... Taiwan University of Science and Technology, Taipei 106, Taiwan (e-mail:.














[image: alt]





Computation of Posterior Marginals on Aggregated ... - IEEE Xplore 

Abstractâ€”Optimum soft decoding of sources compressed with variable length codes and quasi-arithmetic codes, transmitted over noisy channels, can be ...














[image: alt]





Adaptive Output-Feedback Fuzzy Tracking Control for a ... - IEEE Xplore 

Oct 10, 2011 - Adaptive Output-Feedback Fuzzy Tracking Control for a Class of Nonlinear Systems. Qi Zhou, Peng Shi, Senior Member, IEEE, Jinjun Lu, and ...














[image: alt]





Speckle Tracking in 3D Echocardiography with Motion ... - IEEE Xplore 

tracking in 3D echocardiography. Instead of tracking each speckle independently, we enforce a motion coherence con- straint, in conjunction with a dynamic ...














[image: alt]





Efficient Multiple Hypothesis Tracking by Track Segment ... - IEEE Xplore 

Burlington, MA, USA. {chee.chong, greg.castanon, nathan.cooprider, shozo.mori balasubramaniam.ravichandran}@baesystems.com. Robert Macior. Air Force ...














[image: alt]





cooperative target tracking in vehicular sensor networks - IEEE Xplore 

This subject has been studied in fields such as airborne traffic, computer vision, and wireless sensor networks. A VANET brings out new challenges that should ...














[image: alt]





Cell Tracking in Video Microscopy Using Bipartite Graph ... - IEEE Xplore 

Automated visual tracking of cells from video microscopy has many important biomedical applications. In this paper, we model the problem of cell tracking over pairs of video microscopy image frames as a minimum weight matching problem in bipartite gr














[image: alt]





segmentation and tracking of static and moving objects ... - IEEE Xplore 

ABSTRACT. In this paper we present a real-time object tracking system for monocular video sequences with static camera. The work flow is based on a pixel-based foreground detection system followed by foreground object tracking. The foreground detecti














[image: alt]





Robust Multitask Multiview Tracking in Videos - IEEE Xplore 

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS. 1. Robust Multitask Multiview Tracking in Videos. Xue Mei*, Senior Member, ...














[image: alt]





IEEE Photonics Technology - IEEE Xplore 

Abstractâ€”Due to the high beam divergence of standard laser diodes (LDs), these are not suitable for wavelength-selective feed- back without extra optical ...














[image: alt]





Closed-Form Posterior CramÃ©r-Rao Bounds for ... - Semantic Scholar 

equations given by (3) and (4) in the LPC framework. ... in the Cartesian framework for two reasons. First, ...... 0:05 rad (about 3 deg), and Â¾s = 1 msÂ¡1. Then,.














[image: alt]





wright layout - IEEE Xplore 

tive specifications for voice over asynchronous transfer mode (VoATM) [2], voice over IP. (VoIP), and voice over frame relay (VoFR) [3]. Much has been written ...














[image: alt]





Device Ensembles - IEEE Xplore 

Dec 2, 2004 - time, the computer and consumer electronics indus- tries are defining ... tered on data synchronization between desktops and personal digital ...














[image: alt]





wright layout - IEEE Xplore 

ACCEPTED FROM OPEN CALL. INTRODUCTION. Two trends motivate this article: first, the growth of telecommunications industry interest in the implementation ...














[image: alt]





Closed-Form Posterior CramÃ©r-Rao Bounds for ... - Semantic Scholar 

E-mail: ([email protected]). ... IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. .... Two examples of pdf of Zt given Xt. (a) If Zt is far from the bounds. ... system, we do not have a direct bijection between the.














[image: alt]





Evolutionary Computation, IEEE Transactions on - IEEE Xplore 

search strategy to a great number of habitats and prey distributions. We propose to synthesize a similar search strategy for the massively multimodal problems of ...














[image: alt]





I iJl! - IEEE Xplore 

Email: [email protected]. Abstract: A ... consumptions are 8.3mA and 1.lmA for WCDMA mode .... 8.3mA from a 1.5V supply under WCDMA mode and.














[image: alt]





Gigabit DSL - IEEE Xplore 

(DSL) technology based on MIMO transmission methods finds that symmetric data rates of more than 1 Gbps are achievable over four twisted pairs (category 3) ...














[image: alt]





IEEE CIS Social Media - IEEE Xplore 

Feb 2, 2012 - interact (e.g., talk with microphones/ headsets, listen to presentations, ask questions, etc.) with other avatars virtu- ally located in the same ...














[image: alt]





Grammatical evolution - Evolutionary Computation, IEEE ... - IEEE Xplore 

definition are used in a genotype-to-phenotype mapping process to a program. ... evolutionary process on the actual programs, but rather on vari- able-length ...














[image: alt]





Throughput Maximization for Opportunistic Spectrum ... - IEEE Xplore 

Abstractâ€”In this paper, we propose a novel transmission probability scheduling scheme for opportunistic spectrum access in cognitive radio networks. With the ...














[image: alt]





SITAR - IEEE Xplore 

SITAR: A Scalable Intrusion-Tolerant Architecture for Distributed Services. âˆ—. Feiyi Wang, Frank Jou. Advanced Network Research Group. MCNC. Research Triangle Park, NC. Email: {fwang2,jou}@mcnc.org. Fengmin Gong. Intrusion Detection Technology Divi














[image: alt]





striegel layout - IEEE Xplore 

tant events can occur: group dynamics, network dynamics ... network topology due to link/node failures/addi- ... article we examine various issues and solutions.














[image: alt]





Digital Fabrication - IEEE Xplore 

we use on a daily basis are created by professional design- ers, mass-produced at factories, and then transported, through a complex distribution network, to ...


























×
Report Posterior Cramer-Rao Bounds for Multi-Target Tracking - IEEE Xplore





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















