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Abstract 

The Segmenting Track Identifier (STI) is introduced as a new methodology to tracking highly ma-

neuvering targets. This non-Bayesian approach dynamically partitions a target track into a sequence 

of track segments, making hard estimates of when the target’s maneuvering mode transitions occur, 

and then estimates the parameters of the target model for each segment. STI is compared to two VS 

IMM algorithms through simulations, where it is shown to have a three fold performance advantage 

in median absolute turn rate estimation errors, as well as better position estimation for very highly 

maneuvering targets. STI performance is also shown to increase substantially if small delays in out-

put can be tolerated. 

 

Keywords: target tracking, hybrid systems, curve fitting, IMM trackers, track characterization 

I. INTRODUCTION 

The motion of a maneuvering target is often modeled as a hybrid system whose continuously vary-

ing state evolves according to an underlying model that performs discrete jumps between different 

operating modes. Tracking of such targets is often accomplished using a Multiple Model (MM) 

method that models the hybrid nature of the target dynamics by using a bank of (extended) Kalman 

filters running in parallel to estimate target motion. Each mode of the target is modeled with a sepa-

rate filter, and the jump process between modes is modeled as a Markov process with known mode 

transition probabilities. The final estimate of target motion consists of a Bayesian weighted sum of 

                                                
* Currently at SUNY Plattsburgh, Computer Science, 101 Broad Street,. Plattsburgh, NY 12901 
† Currently at University of California at San Diego and Scrippts Institution of Oceanography, San Diego, CA 

 
A NON-BAYESIAN SEGMENTING TRACKER FOR HIGHLY 

MANEUVERING TARGETS  
 ������������	�

����������	��������

 
spl@alum.mit.edu 

�����
���������������

chad@schells.com



 2

the mode matched estimates proportional to the likelihood of each mode (Bar-Shalom and Li 1998.) 

Effective computationally efficient MM methods, such as the Interacting Multiple Model (IMM) 

method, are well established for slowly or moderately maneuvering targets. However, when the tar-

get is highly maneuvering the required bank of filters can become large, reducing the effectiveness 

of the tracker because the proper mode estimate is obscured by the unlikely mode estimates in the 

weighted sum. Researchers have recently developed adaptive MM algorithms to overcome this 

problem, including Variable Structure (VS) IMM filters that continuously adapt a small model set to 

the dynamics of the target. 

 

This paper presents an alternative approach to tracking highly maneuvering targets, the Segmenting 

Track Identifier (STI), which does not rely on the Bayesian mixing of a bank of filters. Instead, the 

STI segments the track, making hard estimates of when mode transitions occur, and then deter-

mines the optimal model parameters, in the least square sense, of the target motion for each seg-

ment. Accurate segmentation of the track allows more accurate estimation of the target model, and 

subsequently improved estimates of the target state. This method is similar to methodologies used in 

the pattern recognition community to parameterize complex curves (West and Rosin 1991; Lim, 

Xin and Hong 1995; Wenyin 1998; Sheu and Hu 1999; Pittman and Murthy 2000). When a small 

delay in estimating target motion is acceptable, estimation accuracy can be improved by using the 

STI tracker as fixed lag smoother. As the STI is inherently a smoothing algorithm, no modifications 

are required to obtain these additional smoothed estimates. Unlike smoothing methodologies pro-

posed for IMM trackers (Chen and Tugnait 2000) the additional computational cost of smoothing is 

constant time for all magnitudes of lag intervals. 

 

Section II of this paper presents background on MM algorithms and the STI algorithm and how they 

differ from a hybrid systems point of view. Section III presents a detailed description of the STI al-

gorithm and a brief description of two VS IMM algorithms chosen as top performers from a recent 

survey article (Semerdjiev, Mihaylova and Li 2000). Section IV presents simulation results compar-

ing the performance of the STI, and the two VS IMM algorithms, and a constant velocity Kalman 

smoother on a track scenario used in the same survey article and on a second scenario using a more 

highly maneuvering target. 
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II. BACKGROUND 

The motion of maneuvering targets can be characterized by a continuously varying base state which 

evolves according to an underlying modal state that switches modes in discrete jumps. This is re-

ferred to as a hybrid system because it has both continuous and discrete elements. How these sys-

tems are represented by various algorithms is the subject of this section. 

Multiple Model Algorithms 

In the Kalman filter-based MM approach the target is assumed to follow the jump linear dynamic 

system equations 

( ) ( 1)k k kk k υ= − +x F x G  

( ) ( )k kk k w= +z H x  

where x(k) is the continuous valued base state at time k and z(k) is the available measurement of this 

state. The modal state at time k is given by { }, , , ,k k k k k kM v w= F G H , where Fk, Gk and Hk are the 

state transition, input, and measurement matrices, and � k and wk are the process and measurement 

noise processes associated with the model in effect at time k. For a typical Kalman filter-based MM 

filter, vk and wk are orthogonal, zero-mean, white Gaussian processes with known covariances Qk 

and Rk respectively. 

 

In the traditional fixed structure MM approach, Mk is assumed to be constrained to one of a fixed 

finite set of r possible models such that { }
1

r

k j j
M M

=
∈ . It is also assumed that the transitions in Mk 

occur as discrete jumps governed by a first-order homogeneous Markov process with known mode 

transition probabilities. The actual modal state estimate in MM algorithms is represented by the 

mode probabilities of the models Mj, { }( ) |j jk P M Zµ = , where Z is the set of measurements up to 

time k. The base state estimate x(k) is formed by combining the mode-conditioned base state esti-

mates available from each possible mode sequence using Bayes theorem. The optimal implementa-

tion of a MM tracker maintains all possible mode histories, whose numbers increase exponentially 

with time. Therefore, suboptimal methods are usually used to bound the computational complexity 

of the algorithm by limiting the number of mode histories, with the most popular of these methods 

being the highly efficient IMM algorithm. 
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These fixed structure MM methods, including the IMM algorithm, work well when a target’s ma-

neuvers can be characterized by a small set of operating modes. However a highly maneuvering tar-

get’s modal state might cover a large continuous range of parameter values that cannot be ade-

quately expressed by a compact finite set of models. In these situations the fixed structure MM al-

gorithms can perform poorly. To address this problem, newer variants of IMM trackers have been 

created which use an adaptive rather than a fixed set of models. Two examples of these methods are 

the AGIMM (Jilkov, Angelova and Semerdjiev 1999) and VS-AIMM (Semerdjiev, Mihaylova and 

Li 2000) algorithms, both of which replace the fixed, discrete set of models with a small set of 

models whose parameters are continuously adapted to the maneuvers of the target. 

Curve Segmentation and Fitting 

An alternative approach to MM-based methodologies is the use of piecewise curve segmentation 

and fitting to represent a target track. Rather than using a Bayesian framework to describe the modal 

state of a target, it is possible to make a hard estimate of when the modal state transitions occur. A 

piecewise functional description of a noisy data set can then be created by partitioning the data into 

segments, with each segment fit to a simple parametric function, such as a straight line, parabola, or 

circular arc (Pittman and Murthy 2000; Chen, Zhang, Ou and Feng 2003). Yoshimito (Yoshimoto 

1999) characterizes this segmentation as a nonlinear optimization problem that (1) optimizes the fit 

to the original data, (2) optimizes the segmentation and (3) minimizes the number of segments. The 

resulting segments are joined together at knots such that they meet certain end point conditions. A 

common technique of this type is the use of splines to piecewise represent a curve, where the end 

point requirements are chosen such that the piecewise function be continuous and smooth at the 

knots. Smoothness is typically represented by continuity in the derivatives of the fitting function up 

to a chosen order. 

 

The segmentation of curves is the topic of multiple pattern recognition papers [(West and Rosin 

1991); Saga, 1995 #3; Sheu, 1999 #7; Lim, 1995 #13]. Although these algorithms are designed to 

work with relatively noise free data and a large number of data points, similar concepts can be em-

ployed in an algorithm that can work with noisy data or a small number of points per curve (al-

though not typically both.) One such algorithm is presented in this paper, the Segmenting Track 
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Identifier (STI), which achieves these goals by using recursive segmentation and enforcing continu-

ity conditions at the knots. 

 

In the STI approach the target is assumed to follow the jump-dynamic system of equations 

[ ]( ) ( 1)k f k= −x x  

[ ]( ) ( ) kk h k w= +z x  

where x(k) is the base state at time k and z(k) is the available measurement of this state. The modal 

state at time k is given by { }M , ,f h w=  where f, and h are the state transition and measurement 

functions, and w is the associated measurement noise process associated with the model. STI does 

not assume a linear system, nor does it include a process noise as part of its model. It is assumed 

that w is a zero-mean random process with known covariance matrix R, but it is not required that w 

be Gaussian. (Although correspondingly there is also no explicit statement that the least square fit-

ting criterion used is optimal.) 

 

Although the systems of equations used in the MM and STI algorithms are similar, their treatment 

of the modal state and the relationship between the modal and base states is very different. The MM 

algorithms represent the modal state as the probabilities that a given mode is the true mode at a 

given time, while the STI algorithm gives an explicit estimate of the modal state in effect at each 

time k, as well as the temporal sequence of these explicit modal transitions. However, the difference 

between the two approaches is more fundamental in that the MM algorithms and their underlying 

Kalman filters are predictive model-based algorithms while the STI algorithm is a data-driven, 

curve-fitting algorithm. MM algorithms assume that the models and their probabilities currently in 

effect are correct and that the base state must evolve according to those models. Each mode-

conditioned base state estimate is formed as a weighted sum of the new measurement and the pre-

diction provided by the model’s transition matrix, with the weighting of these two elements deter-

mined by the model’s process and measurement noises. In effect the model guides the algorithm, 

and assuming the model is correct this guidance allows the filter to provide a better estimate of the 

base state than the noisy measurements alone. If the models are incorrect, or the modal transitions 

are too rapid to be readily modeled in a predictive manner, the MM algorithms, including the adap-

tive ones, will tend to perform poorly.  
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In contrast, the STI algorithm does not use the current modal state to guide the filter, but rather it 

uses the data to improve the determination of the modal state. The actual “model”  provided to the 

STI algorithm is the parameter space on which the STI’s curve fitting algorithm is free to operate. 

STI achieves improved estimates by using data from an entire segment to estimate the current mo-

dal state, performing parameter estimation over a portion of the track where the modal state is hy-

pothesized to be constant. If the segmentation and the model parameter space is correct, and either 

there are a “ large”  number of measurements per segment or the noise levels are low, STI will pro-

vide a good estimate of the base and modal states. However, if the noise levels are high and there 

are few measurements per segment, STI will perform poorly even if the model parameter space is 

chosen correctly, because STI will follow the noise. 

III. THE ALGORITHMS 

This section presents a description of the STI algorithm and two variable structure IMM algorithms: 

the AGIMM and the VS-AIMM. 

STI Algorithm 

The Segmenting Track Identifier (STI) algorithm is a real-time algorithm that recursively devel-

ops a suboptimal, segmented least squares fit of a continuously acquired track. The track is seg-

mented into a series of N overlapping segments, S1 to SN joined by knots to � �����
� �

. A state vector 

Xn is associated with each segment Sn where Xn represents the parameters at the beginning the seg-

ment under a given functional model M. M is the functional model for all segments and represents 

the parameter space over which the curve fitting is done.  

 

After STI fits the initial segment to the target track the algorithm iterates between two stages. The 

first stage produces an initial fit with the incoming data and determines when a new segment is nec-

essary, while the second stage reoptimizes the fit and segmentation of the previous segments. Figure 

1 gives a high level flow chart of the algorithm, and the following sections give a description.  
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Initialization 

A track is initialized by estimating the parameters of the first segment, S1, after the number of meas-

urements equals the minimum segment length Lmin. Lmin is a tuning parameter whose minimum 

value is determined by the minimum number of data points required to perform a fit to M. For ex-

ample, a minimum of three measurements is required by a circular arc model, but a larger number 

of measurements can be used to increase the robustness of the fit.  

 

As each new measurement is acquired it is added to S1, and the fit is recalculated until a segment 

break condition is reached. Two break condition are used for this paper. The first break condition 

occurs when the most recent Lh measurements no longer have a good fit to the model, defined as the 

point when the ratio of the mean residual of those points to the mean residual of all prior points in 

the segment exceeds K∆ . The second break condition occurs when the RMS residual for the seg-

ment exceeds by the factor RMSK  the standard deviation of the measurement noise as defined by M. 

The tuning parameters K∆ and RMSK  are adjusted to produce a parsimonious segmentation of the 

track, while still allowing enough sensitivity to detect jump transitions. 

 

Once a break condition is detected, S1 is terminated at the measurement prior to the break. A new 

segment, S2 is initiated using the last measurement of S1 and the new measurement which caused the 

break condition. The shared measurement is the location of the knot �
�

. The algorithm then pro-

ceeds to the Fit and Segmentation Stage. 

Fit and Segmentation  

The Fit and Segmentation Stage of the algorithm proceeds as with the Initialization Stage, except 

the fitness function is augmented with the continuity cost between the current and previous seg-

ment. The cost function for continuity varies with application, but for this paper consists of both 

position and heading continuity costs. When the segment break condition is met, rather than creat-

ing a new segment the algorithm proceeds to the Recursive Optimization Stage.  
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Recursive Optimization 

The Recursive Optimization Stage begins when a break condition has been met and there are multi-

ple segments. Before measurements are added to a new segment, the last δ � segments are reopti-

mized. Optimization is performed recursively, beginning with the pair of segments Sδ � and 1Sδ +� . 

STI searches for the knot location between the two segments that minimizes the total cost function 

for both segments. The total cost function is the sum of the costs of the fit of M for each segment 

and the continuity cost between Sδ � and 1Sδ +�  and if 1Sδ −�  exists the continuity cost between 

Sδ � and 1Sδ −� . In general this optimization problem is a mixed integer, nonlinear programming 

problem. Since in our implementation the knot location is associated with the measurements of the 

two segments, the minimum cost can be found by a simple search and fit of all possible knot loca-

tions. 
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Figure 1 A flow chart representation of the STI algorithm (a) with a detailed of the Recursive 
Reoptimization process (b). 
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Next, STI tests if the two segments should be merged. The measurement from both segments are 

combined and a new segmented fitted. If the cost of the combined segment is less than Km time the 

combined cost of the original two segments, the segments are merged. The algorithm then continues 

by reoptimizing segments 1Sδ +� and 2Sδ +� , 2Sδ +� and 3Sδ +� , etc. until the last segment is reached. If 

after optimization a break condition still exists in the final segment, a new segment is begun. Oth-

erwise the new measurement that created the break condition is added to the now reoptimized final 

segment. The algorithm then returns to the Fit and Segmentation Stage. 

Segment Model and Cost Functions 

In the Fit and Segmentation Stage our implementation estimates the parameters for a segment nS  

using nonlinear least-squares minimization of the form  

2

1 2M

1
min ( , , )

2n
n n n

X
F X S −∈

�
  

where the cost function F  is a stacked vector containing both the continuity cost for knot �����
	

 and 

measurement residuals for segment nS . Our model M for this paper specifies that the elements of Xn 

are the parameters of a Coordinated Turn (CT) model. The five CT parameters { 0 0 0, ,  , , x y vφ ω }  

are the initial x and y position and heading of the segment, the speed and turn rate of the target re-

spectively. The estimated position ˆ kx for the kth data point associated with the segment is then given 

by 

0 0

2
ˆ sin cos

2 2k

v k k
x x

ω ωφ
ω


 � 
 �

= + +
� 
 � 

� � � �  

0 0

2
ˆ sin sin

2 2k

v k k
y y

ω ωφ
ω


 � 
 �

= + +
� 
�� 

� � � �  

When �  = 0 the equations reduce to a constant velocity mode of the form  

( )0 0ˆ cossx x vk φ= +  

( )0 0ˆ sinsy y vk φ= +  

Our model M specifies that the cost of �����
�

include continuity in position and direction  

 
2 21 1

0 0
N N N N

N F FK L φ φ− −
� �

− + −� �� �x x�  
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where LN is the number of measurements in nS , 0
Nx is the initial target position in nS  and 1N

Fx −  is the 

final target position in 1nS − ; 1N
Fφ −  is the final heading in 1nS −  and 0

Nφ is the initial target heading in 

nS  expressed in radians. Kx is a tuning parameter that adjusts the importance of a smooth fit versus 

a good fit to the measurements themselves. 

 

During the Recursive Optimization Stage our model is augmented to include the cost of the two 

segments along with the cost of the two knots that precede each segment. The minimization prob-

lem then becomes 

1

2

1 1 1 2, M  

1
min ( ,  , , ,  , )

2n n
n n n n n n

X X
F X X S S

+
+ − +∈

� �
 

where the search space is extended to include all valid locations of the knot �
�

. Because of the 

added continuity condition and the extra data from two segments the fit from this model is often 

better than from the model for a single segment.  

Discussion 

As shown by the previous derivation, STI is inherently a smoothing algorithm, it continuously reop-

timizes the previous track segmentation when additional data is acquired to improve the estimation 

accuracy for the current segment. These improvements can be seen even for small lags. When lags 

are larger a concise smoothed piecewise parametric representation of the track history is obtained. 

 

The STI approach differs from the segmenting algorithms developed by the pattern recognition 

community in that STI is a real-time algorithm that continuously estimates the target track as new 

measurement data is acquired. In order to achieve a computationally tractable algorithm, STI makes 

the reasonable assumption that only the most recent segments have an influence on the current track 

estimate‡, and STI additionally constrains computational complexity by recursively optimizing knot 

placements between pairs of segments, rather than simultaneously searching for multiple optimal 

                                                
‡ This assumption also implies a new break condition may be the manifestation of a recent erroneous segmentation. 

Therefore, the STI algorithm always recursively optimizes the most recent segments before initiating a new segment. 
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knot placements between multiple segments. Even with these constraints, the run time performance 

of the STI algorithm is poor when compared to the variable structure IMM algorithms. 

 

The STI implementation for this paper is written in Matlab® and uses the lsqnonlin function in-

cluded in Matlab®’s Optimization Toolbox to perform the non-linear least squares fit to the com-

bined motion model and knot continuity cost function. lsqnonlin implements a “subspace trust re-

gion method based on the interior-reflective Newton method”. STI ran 1000 times slower than the 

AGIMM tracker when benchmarked on a track with 9 segments and 400 data points. Average run 

times for 20 trials were: AGIMM, 0.63 sec; VS-AIMM, 0.29 sec; and STI 469 sec. As with most 

nonlinear optimization techniques, the runtime is nondeterministic; STI run times ranged from 366 

to 523 seconds.  

 AGIMM 

The Adaptive Grid IMM (AGIMM) tracker initially formulated by (Jilkov, Angelova and Semerd-

jiev 1999) uses three constant speed Coordinated Turn (CT) model-based filters. The CT models are 

left, center and right-turn models with turn rates centered around the probabilistically weighted sum 

of the three models: 1
C L L C C R R
k k k k k k kω µ ω µ ω µ ω+ = + +  where ,  and L C R

k k kµ µ µ  are the model probabilities 

at time k for the left, center and right models, respectively. Additionally, the AGIMM algorithm in-

creases the separation (e.g. grid size) between the center turn rate 1
C
kω + and the left and right turn 

rate  and L R
k kω ω  when the mode probabilities strongly indicate that the target is turning to the left or 

the right, respectively. Conversely, if the model probabilities for the left and right models are too 

low the separation is decreased.§ 

 

A later paper by (Semerdjiev, Mihaylova and Li 2000) modified the AGIMM tracker by substituting 

a Constant Velocity (CV) model for the center CT model using the turn rates for the two CT models 

centered around 1
C L L R R
k k k k kω µ ω µ ω+ = + . Our simulations show that this configuration increased esti-

mation accuracy. 

                                                
§ Our simulation results show that these grid adjustments are rarely performed. 
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VS-AIMM 

The Variable Structure Augmented IMM (VS-AIMM) tracker also uses three parallel Kalman fil-

ters: a single CV filter and two CT filters. In the VS-AIMM implementation the target turn rate is 

indirectly estimated by the two CT model-based Extended Kalman Filters. Using a hybrid structure 

to help insure tracker stability, the estimated turn rate is maintained independently of the filters, 

where the filters only estimate the change in the turn rate at every iteration of the filter. Using a 

ˆ( )tω∆  from the EKF and a set of rules, the turn rate is updated at every iteration of the filter while 

keeping a bound on the turn rate and separation between the turn rates used by each model. 

IV. SIMULATION RESULTS 

The performance of the STI was evaluated against the VS-AIMM, AGIMM and a fixed-interval 

Constant Velocity Kalman Smoother (Roweis and Ghahramani 1999) using two track geometries 

shown in Figure 2. Track Scenario #1 is taken from (Jilkov, Angelova and Semerdjiev 1999; Se-

merdjiev, Mihaylova and Li 2000) while Track Scenario #2 is a scenario for a highly maneuvering, 

nimble target making linked coordinated turns with large (up to 60°) step changes in turn rates. We 

considered a single Cartesian sensor corrupted with zero-mean Gaussian noise with standard devia-

tion x yσ σ σ= =  and examined two sampling rates for each track scenario. Tuning parameters for 

all trackers were kept constant for both scenarios. Full knowledge of x yσ σ σ= = was assumed. 

 

These simulations were done using Matlab® and the Optimization Toolbox. Code for the VS-

AIMM tracker was obtained from Lyudmila Mihaylova and code for the fixed interval Kalman 

Smoother was obtained from A-V.I. Rosti at http://svr-www.eng.cam.ac.uk/~avir2/ . The AGIMM 

tracker was implemented by the authors. The code for the complete simulation can obtained by 

email from spl@alum.mit.edu. 

Tracker Parameters 

The VS-AIMM and AGIMM tuning parameters were taken directly from (Semerdjiev, Mihaylova 

and Li 2000). Only the maximum turn rate was increased to � max = 80º to accommodate the turn 
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rates in Scenario 2** . The Kalman filter and the fixed-interval Kalman Smoother uses a piecewise 

constant white acceleration model. The smoothing interval includes all measurements. The process 

noise standard deviation for both the filter and smoother is taken as the RMS acceleration of Sce-

nario 1, 9.47υσ = . The following table summarizes the tuning parameters for the STI algorithm. 

Parameter Simulation Value Description 
Lmin 5 minimum segment length 

Lh 2 the length of the segment head 

K∆  2 maximum residual ratio between tail and head 

RMSK  1.2 maximum ratio of RMS(v) to �  

K �  0.25 the continuity cost gain  

K �  2 the recursive depth of the knot optimization 

Km 1.1 merge ratio 

maxφ  16
π  maximum discontinuity in heading at knot 

Please refer to the source code for complete configuration of the trackers and the parameters.  

                                                
** This adjustment did not effect the performance for Scenario 1. 
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Figure 2 Track Scenario #1 is for a target that performs four 180°°°° turns. Superimposed on the track are 400 meas-
urements with � = 85. Track Scenario #2 is for a nimble target. Superimposed on the track are 200 measurements 
with �  = 1.0 
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Scenario 1 

Track Scenario #1, shown in Figure 2, is for a target that performs four successive 180° turns with 

turn rates of 1.87, -2.8, 5.6, and –4.68°/sec during the time intervals [56,150], [182, 245], [285, 

314], and [343,379] seconds respectively. The target has initial position of [60,000 40,000], an ini-

tial velocity of [246, -172], and maintains a speed of 300 meters/sec for 400 seconds. Measurement 

noise standard deviation is � x = � y = 85. Two measurement scenarios were evaluated, with N = 200 

and N = 400. 

Scenario 2 

Track Scenario #2, shown in Figure 2, is for a highly maneuverable target that performs a series of 

linked turns of 10, -25, 35, 10, -25, and 35°/sec for duration of 7, 10, 6, 6, 10, 6 and 5 seconds re-

spectively. While this high g scenario is not obtainable by a manned vehicle, it can be realized by 

the small unmanned drones that are currently being developed, and by birds, fish, etc.  

 

The target has an initial heading of 0°, initial position of [0 0], and speed of 11.252 meters/sec. Two 

measurement scenarios were evaluated, with N = 100 and N = 200 for � x = � y = 1. 

Statistics 

The RMS estimation errors given in Table 1 show the VS-AIMM tracker gives better position esti-

Table 1. Average RMS error in estimating position and turn rate (with standard deviation) for 100 trials. 

 Scenario #1 Scenario #2 

 N = 200 N = 400 N = 100 N = 200 

 Position 
Turn 
Rate Position 

Turn 
Rate Position 

Turn 
Rate Position 

Turn 
Rate 

CV Kalman filter 
114 
(4.93)  

1.88 
(0.09) 

117 
(5.8)  

2.05 
(0.20) 

1.73 
(0.09)  

15 
(0.66) 

1.98 
(0.09)  

16.6 
(1.07)  

VS-AIMM 
85.5 
(4.34) 

2.06 
(0.13) 

73.4 
(3.07) 

2.05 
(0.09) 

3.56 
(0.17) 

16.9 
(0.65) 

2.18 
(0.08) 

16.3 
(0.39) 

AG IMM 
89.6 
(4.3)  

2.0 
(0.12) 

76.6 
(2.98) 

2.14 
(0.19) 

1.31 
(0.08) 

18.7 
(0.30) 

1.21 
(0.06) 

18.7 
(0.16) 

STI  
( �  = 0) 

97.1 
(9.27) 

1.69 
(0.09) 

80.2 
(5.15) 

1.79 
(0.14) 

1.25 
(0.13) 

14.1 
(1.44) 

0.98 
(0.10) 

17.0 
(0.93) 

STI  
( �  = 1) 

64.4 
(5.03) 

1.45 
(0.07) 

60.3 
(3.74) 

1.69 
(0.15) 

0.8  
(0.07) 

7.07 
(1.02) 

0.69 
(0.05) 

15.0 
(1.05) 

Kalman Smoother 
55.2 
(3.92)  

0.714 
(0.06) 

42.8 
(3.52) 

0.77 
(0.28) 

0.88 
(0.069)  

7.42 
(0.38)  

0.78 
(0.05)  

8.24 
(1.74)  

STI ( � =L) 
39.7 
(6.87) 

0.647 
(0.09) 

31.8 
(5.78) 

0.564 
(0.10) 

0.484 
(0.09) 

11.2 
(0.48) 

0.36 
(0.07) 

7.77 
(0.68) 



 15

mates than both the AGIMM and the STI tracker for Scenario #1, while the STI tracker gives better 

position estimates for Scenario #2. The STI gives better turn rates estimates in the RMS sense for 

three of the four sets of trials, with the VS-AIMM outperforming the STI tracker for Scenario #2, N 

= 200.  
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When turn rate estimates are compared graphically in Figure 3 by superimposing the turn rate esti-

mates of 20 trials, the difference in error characteristics between the algorithms is seen. The IMM 

trackers are too slow to respond to the change in turn rates, almost always both lagging and 

underestimating the true turn rates. STI also lags the true turn rate, although not as badly, and tends 

to have large individual error spikes but otherwise the turn rate estimates are centered around the 

true turn rate. These spikes are causes by improper segmentation, where a break condition is created 

by a noisy measurement and the new segment estimates a false turn rate from the noisy 

measurements. These effects are largely absent if smoothing is allowed as these segments are 

typically quickly recombined with the previous segment. The elimination of the turn rate errors by 

smoothing is visible in the smoothed STI output shown in Figure 3.  

 

The large estimation errors caused by the lag in turn rate estimates, and the occasional spike inflates 

the RMS turn rate of the STI algorithm, while the RMS statistic tends to over state the performance 

of the VS IMM trackers. A graph of the Cumulative Distribution Function (CDF) of the absolute 

turn rate error given in Figure 4 shows that the STI tracker gives consistently smaller errors in esti-

mating turn rate than the other algorithms. This can also be quantified using a robust error statistic 

that does not give large weights to outliers, such as median absolute deviation (MAD). The turn rate 

MAD for each algorithms is given in Table 2. The MAD statistics for STI are at most one third of 

the best performing IMM tracker, and even outperform the Kalman smoother. Using this statistic, 

the consistent bias of the IMM algorithms becomes apparent. 

IV. CONCLUSION 

Our simulations show that STI can develop 

an accurate piecewise parametric representa-

tion of the track by dynamically partitioning 

it into segments with each track segment cor-

responding to a different modal state of the 

target. STI achieves results on par with the 

two VS IMM trackers, and is especially ef-

fective for situations with large changes in 

Table 2. Median absolute deviation in turn rate estimates 
for 100 trials. 

 Scenario 1 Scenario 2 

 N = 200 N = 400 N = 100 N = 200 

VS-AIMM 1.041 0.203 10.000 8.376 
AG IMM 0.952 1.509 11.884 23.577 

STI ( �  = 0) 0.229 0.268 2.412 1.916 
STI ( �  = 1) 0.193 0.243 1.817 1.649 
STI ( �  = 2) 0.166 0.223 1.575 1.445 
STI ( �  = 4) 0.152 0.198 1.055 1.235 
Smoother 1.098 0.868 7.497 6.166 

STI ( �  = L) 0.022 0.018 0.259 0.200 



 17

modal state, where the slow response of VS IMM trackers limits their effectiveness.  

 

The run time performance of STI limits its current applicability to real-time tracking scenarios with 

fast update rates or a large number of targets. However, STI is currently applicable to tracking sce-

narios that do not require real-time performance, such as biological applications where tracking is 

often preformed on a previously recorded data set. In these applications the low mass and speed of 

the targets allows them to maneuver with much higher turn rates than is possible for a rapidly mov-

ing aircraft. STI’s piecewise parameterization of the target track may also be helpful in classifying 

these target’s behavior. 
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