Multitarget List Viterbi Tracking Algorithm

Richard Perry Anand Vaddiraju Kevin Buckley Department of Electrical and Computer Engineering Villanova University Villanova, PA 19085 E-mail: perry(anand, buckley)@ece.vill.edu

Abstract

In this paper we present an approach to multitarget tracking algorithm development. The approach is based on a trellis diagram which depicts the possible progressions of sequences of location measurements over time. Resulting algorithms are sequential and very flexible in that the approach can handle multiple tracks, track initiation, missed detections, false alarms, and various performance cost functions, while managing computation cost by pruning based on track feasibility. The output of a resulting algorithm can be either a single best set of K tracks, or a list of L best sets of K tracks. The latter is useful, for example, in data fusion where information from other platforms can be used to select one set from the list.

1. Introduction

Multitarget tracking is an important and challenging problem in radar signal processing [1] which is receiving renewed attention within the context of multi-platform system integration (i.e. data fusion). Starting from a time evolving set of noisy detected and false alarm target location/velocity estimates, the problem is to associate the detections over time to form multiple target tracks. For example, maximum likelihood (ML) based data association algorithms have been developed based on track splitting [2], and integer programming [3]. In [1] and [4] algorithms based on a Bayesian formulation have been proposed. In [5], a K-path extension of the Viterbi algorithm is used to find the best K tracks according to a deterministic energy cost function. These approaches identify a set of multiple tracks but do not directly address the possibility that there may be alternative yet reasonable sets of tracks that fit the data nearly as well in the sense optimized to. Such an alternative set of tracks could be the correct set, which in a multiplatform/datafusion scenario could be determinable with post processing given additional information that would become available.

In this paper we introduce an approach to algorithm development which provides a ranked list of multiple tracks, along with their accompanying costs. The approach is based on a trellis diagram which depicts the possible progressions of sequences of location measurements over time. The processing structure can implement a variety of costs, including ML, Bayesian and deterministic energy. We will focus on maximizing the multitrack likelihood. In this case, trellis branch costs are computed from track innovation processes generated by Kalman filters. Because of the nature of the relationship between measurements and innovations, the Viterbi algorithm can not be used to prune (eliminate from consideration) trellis paths. This is because neither the track innovation nor state processes are Markov. However, a generalization of the Viterbi algorithm termed the list Viterbi algorithm can be used to prune, at each stage and state, all but a subset of tracks called the feasibility tracks.

Below we first describe the tracking problem using an ML formulation. We then describe the trellis diagram based approach, and present a K-track list Viterbi algorithm for ML track estimation. We illustrate this algorithm with a numerical example.

2. Problem Formulation

Figure 1 illustrates a tracking scenario with measurements taken over time, plotted as X vs. Y location coordinates. Two parabolic target tracks are shown. For each target, X increases over time. Detections at each time instant consist of noisy measurements of the two targets, along with two false alarms. In general, for detection k at time n, the measurement vector defined as z_{n,k} = {z_{n,k,1}, z_{n,k,2}, · · · , z_{n,k,D}} (1) may consist of X and Y coordinates, range and azimuth, velocity parameters etc. The problem we address is to associate detections over time to estimate a set of K target tracks. Assume that at time index n there are J_n target de-

Figure 1. True tracks and noisy measurements with clutter

tections, each of which consists of a set of estimated location/velocity parameters arranged in a measurement vector. We assume that K targets are present. Each detection may be a true target detection or a false alarm. In this paper we assume that for each target and each time n the probability of detection P_D = 1^1.

A candidate track consists of a set of measurements, one taken for each time. At time n, there are L_n = ∏_n m=1 J_m candidate tracks. Let `^l_n; l = 1, 2, · · ·, L_n represent these, i.e. `^l_n = {z_{1,j1(l)}, z_{2,j2(l)}, · · · , z_{n,jn(l)}} where j_m(l) indicates the measurement taken from time m for track l, and z_{m,jm (l)} is the j_m(l) measurement vector at time m. So the candidate track l at time n is characterized by {j_1(l), j_2(l), · · · , j_n(l)}. Measurement noise is assumed additive, Gaussian and temporally white. For candidate track l the trajectory and measurements are assumed to evolve in time according to the state/measurement equations^2

x^l_{m+1} = Φ_mx^l_m + w^l_m (2)

z_{m,jm(l)} = H_mx^l_m + v^l_m (3)

where at time m and for candidate track l, x^l_m is the state vector, and Φ_m and H_m are the state transition and output matrices respectively. The w^l_m and v^l_m vectors are zero mean, mutually independent, white and Gaussian with known covariance matrices Q_m and R_m respectively.

2.1. Single Track Problem

For the single track (K = 1) case, given the l^{th} candidate track is correct, the probability density function of the track measurements `^l_n = {z_{1,j1(l)}, z_{2,j2(l)}, · · · , z_{n,jn(l)}} is

p(`^l_n|l) = n∏ m=1 p(v_{m,jm (l)}) (4)

1Although the PD < 1 case can be handled, for example with additional “absent return” trellis states, we do not address this isssue here.

2To simplify the discussion we assume linear state/measurement equations.

= c_n exp { − 1 2 n∑ m=1 v^T_{m,jm (l)}S�^1_{m,jm(l)}v_{m,jm (l)} }

where v_{m,jm (l)} is the innovation of z_{m,jm(l)}, S_{m,jm(l)} is its covariance matrix, and c_n is a track independent constant. The v_{m,jm(l)} and S�^1_{m,jm(l)} are generated by running a Kalman filter on the l^{th} candidate track measurement sequence `^l_n. The ML track estimate, `^{ML}_n , is the solution to the problem: max `^l_n p(`^l_n|l) (5)

which is equivalent to minimizing the −log likelihood: min `^l_n

Λ^l_n = n∑ m=1 λ(j_m�_1(l), j_m(l)) (6)

where λ(j_m�_1(l), j_m(l)) = v^T_{m,jm(l)}S�^1_{m,jm(l)}v_{m,jm (l)} is the incremental cost associated with going, in track `^l_n, from measurement z_m�_{1,jm}�_{1(l)} at time m − 1 to measurement z_{m,jm (l)} at time m. To directly solve this ML problem, for each time n, Eq (4) must be evaluated for all L_n candidate tracks.

2.2. K Track Problem

For the K track case, the number of candidate sets of K non-intersecting tracks at time n is I_n, where I_n = ∏_n m=1 {J_m!/(J_m − K)!} /K!. Let the i^{th} candidate Ktrack set be ø^i_n = {`^{l1(i)}_n , `^{l2(i)}_n , · · ·, `^{lK (i)}_n }. Given that track set i is true, the probability density function of the combined n × K track measurements in ø^i_n is

p(ø^i_n|i) = K∏ p=1 n∏ m=1 p(v_{m,jm (lp (i))}) (7)

= d_n exp { − 1 2 K∑ p=1 n∑ m=1 v^T_{m,jm (lp (i))}S�^1_{m,jm (lp(i))}v_{m,jm (lp (i))} }

(8) where d_n is a constant independent of track set i.

Generalizing the single track ML problem, the ML Ktrack estimate, ø^{ML}_n , is the solution to the problem: min ø^i_n K∑ p=1 Λ^{lp (i)}_n = K∑ p=1 n∑ m=1 λ(j_m�_1(l_p(i)), j_m(l_p(i))) . (9) To directly solve this problem, for each time n, Eq (8) must be evaluated for all I_n candidate K-tracks.

2.3. Trellis Diagram Representation

Consider the trellis diagram in Figure 2 which depicts the possible progressions of sequences of location measurements over time for K = 1. Each stage of the trellis corresponds to a measurement time. For K = 1, at the m^{th} stage, each of the J_m measurements corresponds to a state. A branch is a connection from a state at stage m − 1 to another state at stage m. At time n, the L_n candidate tracks `^l_n; l = 1, 2, · · ·, L_n correspond to the L_n possible paths through the trellis from stage 1 to n. For each track, we assign an incremental cost to each branch. For example, for the l^{th} candidate track `^l_n, the branch cost from stage m − 1 to m (i.e. from state j_m�_1(l) to j_m(l)) is λ(j_m�_1(l), j_m(l)). It is important to note that since for each candidate track a Kalman filter (which has memory back to the 1^{st} stage through the Kalman states) is being used to compute the incremental costs, the cost associated with a branch depends on what track is being considered. That is, each branch has multiple costs assigned to it, one for each track through it. The cost of the path `^l_n is the sum of its branch costs. The ML track estimation problem is now one of finding the minimum-cost path through this trellis.

Figure 2. Trellis diagram for K = 1

For K track estimation, each state of the trellis in Figure 2 is a set of K measurements. So, for stage m with J_m measurements, there are C(J_m, K)^3 states. Now for each candidate K-track set, the incremental cost assigned to a branch is the sum of the costs of K candidate tracks. So, for candidate K-track set ø^i_n, the branch cost from stage m − 1 to m is ∑_K p=1 λ(j_m�_1(l_p(i)), j_m(l_p(i))). As with the K = 1 case, the ML K-track estimation problem is now one of finding the minimum-cost path through this trellis.

3. A List Viterbi Tracking Algorithm

Based on the trellis diagram problem formulation described above, we now describe a multitarget ML track estimation algorithm which provides a list of L best K-tracks. The algorithm is sequential, self-initiating and can handle false alarms. Although the algorithm can be modified to compensate for missed detections by employing extra “absent return” trellis states, as described here, at each time the

3C(A, B) represents the combinations of A things,taken B at a time

algorithm must assign an available measurement (be it an actual detection or false alarm) to each track. In this section a K-track algorithm is described, so that K = 1 is treated within this context.

The ML tracking algorithm described in Section 2 would, if solved directly, be computationally prohibitive for large n and even moderate values of K and the J0_ms. Approaches have been proposed to reduce the number of candidate tracks based on feasible tracks [1, 2, 3]. Effectively, at each time m, the feasible tracks approach eliminates from further consideration the candidate tracks that have too large (i.e. too unlikely) incremental costs at that time. Here we take a similar approach, and implement it within the trellis problem formulation.

The problem is to find the lowest cost path through the trellis. The Viterbi algorithm [7] can be used to sequentially prune the paths through the trellis for certain ML optimization problems (as well as for some other problems). At any stage in the trellis, it keeps only one path to each state. So it is only applicable to problems for which all other paths can not be optimum. It has been used extensively in digital communication and other application problems for which the sequence can be modeled as a Markov process. It has also been proposed for multitarget tracking based on a deterministic energy cost [5], where the incremental path costs from a state j_m�_1 at stage m − 1 to a state j_m at stage m is a function of only the j_m�_1 and j_m measurements.

In general, multitarget tracking problems, couched in a trellis framework, can not be solved using the Viterbi algorithm. For the ML problem considered here, the need for (infinite memory) Kalman filters for each candidate track precludes its use, so that to solve the ML problem at time n an exhaustive search of all L_n paths through the trellis appears necessary. At any stage n in the trellis this requires that we consider all paths into each state at stage n−1, each extended to all states at stage n. That is, the

∏_n�_1 m=1 J_m paths into stage n − 1 must be extended to the L_n = ∏_n m=1 J_m paths into stage n, even though the costs of some of these paths will indicate that the corresponding K-track sets are highly unlikely. Alternatively, we propose to keep, at each stage in the trellis, a “list” of only the best (lowest cost) L paths to each state, where L is selected to assure that no feasible paths are pruned^4.

Generically, the list Viterbi algorithm [6] does this. The multitarget tracking algorithm we propose incorporates the list Viterbi algorithm, along with the K-track trellis formulation of the multitarget tracking problem [5], and ML cost computation based on Kalman filter innovations [2]. The algorithm determines a list of L feasible K-tracks sets as a list of L paths through the trellis. In general, paths are evaluated

4Selection of L will depend both on the distribution of false alarm measurements and on the variance of true target measurements. This issue is not addressed here.

according to a defined cost function, where the incremental costs in progressing from stage to stage are computed as branch costs from states to states.

3.1. A Simple Illustrative Example

Here we will apply the algorithm to a simple case consisting of K = 2 targets, with measurements spanning 3 instants of time, and find the L = 2 best sets of tracks. (X_{n,l}, Y_{n,l}) are the (X , Y) coordinates of the l^{th} target at time n. Table 1(a) shows these coordinates. We assume the measurement vector z_{n,k} consists of X and Y coordinates only. For the purpose of illustration, we add one clutter/false-alarm measurement at each instant, and assume no measurement noise. Therefore, there are J = 3 measurements per time instant - two actual and one clutter. Table 1(b) shows these measurements.

−→ Time n = 1 n = 2 n = 3 ↓ Actual Positions

(X_{n,1}, Y_{n,1}) (0, 0) (1, 1.1) (2, 0) (X_{n,2}, Y_{n,2}) (0, 2) (1, 0.9) (2, 2) (a) −→ Time n = 1 n = 2 n = 3 ↓ Measurements 1 (z_{n,1,1}, z_{n,1,2}) (0, 0) (1.9, 1.8) (0.2, 1.6) 2 (z_{n,2,1}, z_{n,2,2}) (0.4, 0.2) (1, 0.9) (2, 0) 3 (z_{n,3,1}, z_{n,3,2}) (0, 2) (1, 1.1) (2, 2) (b) Path State Transition Measurement Indices 1,3 −→ 2,3 1 −→ 2 Best 3 −→ 3

2,3 −→ 3,2 2 −→ 3 3 −→ 2 1,3 −→ 3,2 1 −→ 3 Second Best 3 −→ 2

3,2 −→ 2,3 3 −→ 2 2 −→ 3 (c) Table 1. (a) Actual positions (b) Measurements (c) Target tracks in terms of measurement indices

Figure 3 shows the trellis structure for this problem. The states at each time instant, representing combinations of the

Figure 3. Trellis diagram

measurement indices (1, 2, 3) taken two at a time, are denoted by the pairs (1, 2), (1, 3), and (2, 3). The best path(s) to any state must also identify which one of the K! permutations of the measurement indices is being used. This is facilitated in the trellis structure by having two labels, each of which is a different permutation of the combination that the state represents. The states are initialized with 0 path metric at n = 1, therefore only one permutation is shown. For each state at n = 2 and n = 3, we keep the best 2 paths to that state. These paths are marked with dotted-arrows. The numbers at the end of the structure are the path metrics of the best 2 paths to that state.

We can now pick the overall best two paths, backtrack through the trellis, and easily identify the sets of target tracks that these state transitions correspond to. Table 1(c) lists these tracks in terms of the measurement indices. Figure 4(a) shows the measurements (actual positions and clutter). Figure 4(b) shows the tracks corresponding to the best path. Notice that at n = 2, there is a switch - the lower and upper estimated tracks follow the upper and lower true tracks, respectively. Figure 4(c) shows the tracks corresponding to the second best path. This path has a slightly higher cost, but resembles the true tracks.

4. An Illustrative Numerical Example

Two parabolic target tracks, consisting of X and Y position and velocity values, were generated. At each of the 21 time instants, two additional random clutter (false alarm) measurements were generated and random Gaussian noise (variance = 0.01) was added to the target tracks. Figure 1 shows the X and Y position values for the true tracks and noisy measurements used as input to the algorithm. Velocity values are not shown and, for both tracks, X increases with time. Parameter values used were K = 2 and L = 16.

Figure 5(a) shows the best paths. Note that one path starts out following the lower parabolic target then switches to the upper target near the middle of the plot where the target measurements intersect. The total cost of these best

Figure 4. (a) True tracks and clutter Measurements (b) Best two tracks, cost=40 (c) 2^{nd} best two tracks, cost=41

paths is 38.5.

Figure 5(b) shows 7^{th} best paths, which have a cost of 39.3 - just slightly higher than the cost of the best two paths - and correctly follow both the upper and lower parabolic paths. The 2nd through 6th best paths are not shown, since they are very similar to the best path and differ only in a few points.

Our algorithm is able to automatically determine sets of paths with similar costs and dissimilar trajectories by examining the norms of path differences. The differences from the best paths for the 2nd though 16th best paths shows a large jump at index 7 indicating that the 7th best paths significantly differ from the best paths in their trajectory. The cost values for paths 2 through 16 range from 38.7 to 40.3, all just slightly higher than the best paths.

This example demonstrates the usefulness of examining more than just the best set of paths. Sets of paths with similar but slightly higher costs, and dissimilar trajectories, may be passed on to other sensor locations or a data fusion center which could use combined multisensor data to choose the overall most likely set of paths.

5. Conclusions

A novel approach to multitarget tracking, using a trellis structure to find a list of L best sets of K target tracks has been presented. The algorithm described is computa-

Figure 5. (a) Best two tracks, cost=38.5 (b) 7^{th} best two tracks, cost=39.3

tionally efficient, and flexibility of the trellis structure facilitates handling track initiation, multiple tracks, false alarms, missed detections and a variety of cost functions. The example presented in Section 4 demonstrates it’s usefulness and efficacy in one such model of the problem.

References

[1] Y. Bar-Shalom. Tracking methods in a multitarget environment. IEEE Trans. on Automatic Control, 23, No. 4:618–626, August 1978.

[2] P. Smith and G. Buechler. A branching algorithm for discriminating and tracking multiple objects. IEEE Trans. on Automatic Control, 20, No. 1:101–104, February 1975.

[3] C. Morefield. Application of 0-1 integer programming to multitarget tracking problems. IEEE Trans. on Automatic Control, 22, No. 3:302–312, June 1977.

[4] R. G. Sea R. A. Singer and K. M. Housewright. Derivation and evaluation of improved tracking filters for use in dense multitarget environments. IEEE Trans. on Info. Theory, 20, No. 4:423–432, July 1974.

[5] A. M. Viterbi J. K. Wolf and G. S. Dixon. Finding the best set of k paths through a trellis with application to multitarget tracking. IEEE Trans. on Aerospace & Elect. Systems., 25, No. 2:287–296, March 1989.

[6] N. Seshadri and C. Sundberg. List viterbi decoding algorithms with applications. IEEE Trans. on Communications, 42, No. 2/3/4:313–323, Feb/March/April 1994.

[7] G. D. Forney. The viterbi algorithm. Proc. of the IEEE, 61, No. 3:268–278, March 1973.