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Abstract — As a sate-of-the-art algorithm, the Interacting
Multiple Model (IMM) edsimator is widey used for
maneuvering target tracking. However, there still is uncertainty
in how to design the multiple models used by an IMM estimator.
In this context, this paper compares three maneuver models,
namely, variable process noise, variable state dimension, and
discrete acceleration inputs via computer simulations. The first
two modeling techniques belong to the design approach using
multiple bandwidths whereas the latter technique utilizes
matched filters. The three models exhibit characteristic errors
throughout a maneuver, which aretermed n-, L-, and u-shaped,
respectively. Compared to total root mean squared (RMS)
errors, a time-equalized RMS (eRMS) may be more appropriate
for a maneuvering target. The total and equalized RMS values
are illustrated for the IMM under the three maneuver models
for performance evaluation and filter tuning.

Keywords: IMM, Maneuver Models, Evaluation, Tuning.

1 Introduction

The multiple model approach is a viable technique widely used in
signal processing, state estimation, and dynamic contral. It is
particularly suited for cases where signal and system models have
large uncertainties and/or the models are subject to unknown
changes over time. In the context of maneuvering target tracking,
atarget’s maneuvers present such uncertainties because initiation
and termination of a maneuver as well as the type and magnitude
of maneuver are al unknown to atracker.

A Kaman filter has an inherent ability to follow the changesin
state (i.e., a tracking capability) partly from the state transition
model (time update) and partly from the measurement update. In
other words, a tracking filter fits a target motion model (e.g., of
nearly constant velocity with acceleration noise) into noisy
measurements. For a fixed model design, a filter has to
compromise between dynamic responsiveness and steady state
noise performance when changes occur insde the system. In
contrast, multiple model approaches, exemplified by the Multiple
Model Adaptive Estimator (MMAE) [11] and Interacting
Multiple Modd (IMM) agorithm [4], are data-driven variable-
gain (adaptive) filters. Indeed, it is shown in [7] that the IMM
outperforms the Kalman filter for large maneuver indexes.

A comprehensive survey of maneuvering target tracking using the
multiple-model methods is available in [8]. A comparative study
of various multiple model agorithms for tracking maneuvering
targets is reported in [13] wherein seven agorithms, namely, the
basic multiple model (MM) algorithm, a first order generalized
pseudo Bayesian agorithm (GPB1), GPB2, IMM, B-best based
MM agorithm, Viterbi-based MM dgorithm, and re-weighted
IMM, were compared but no clear winner was found among
them. The multiple model algorithms and particularly the IMM
algorithm and its variants have been extensively studied [9]. The
IMM estimator is compared with the optima estimator in [2]. Its
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performance is comparable to a GPB2 that uses N? Kalman filters
per step but only requires the computation load of a GPB1
algorithm that only needs N Kalman filters per step where Nisthe
number of filter models. However, there still is uncertainty as to
how to design the multiple models used by a multiple model
algorithm such asthe IMM estimator.

In this paper, we investigate three maneuver modeling methods.
These methods have been used by various authors for different
applications [1] but no comparison of them has been reported, at
least to the knowledge of the authors. As will be seen later in the
paper, such comparison is valuable because it provides helpful
information for those who have to decide which modeling method
to use for the tracking problem at hands.

The first method, variable process noise, is the smplest, which
has position and velocity as the target state and assumes two
nearly constant velocity motion models. One constant velocity
model has a small process noise (acceleration) for the quiescent
mode without maneuver while the other constant velocity model
with alarge process noise isintended for the maneuvering mode.

The second method, variable state dimension, aso has two
models. One again is a nearly constant velocity model having
position and velocity as the state with a small process noise for
acceleration in the quiescent mode without maneuver. The
maneuvering model now has acceleration as its state in addition
to position and vel ocity.

The above methods belong to the design approach using two
bandwidths. The quiescent filter has a small bandwidth to smooth
out noise in non-maneuvering periods. The maneuvering filter has
alarge bandwidth to be responsive to maneuvers (and to noisein
measurements as well). Strictly speaking, the more proper words
to be used here should be “instantaneous bandwidth” or
“processing gain” because of the time-varying nature of Kalman
filter except in steady state.

The third method, discrete acceleration input, explicitly models
maneuver dynamics wherein a set of models are used to cover
different types of possible maneuvers and the uncertain intervals
of maneuver parameters. This in fact fals into the design
approach of matched filterss Many model set design
methodol ogies are described in [9]. For smplicity, the particular
maneuver considered in this paper is linear acceleration. The
analysis can be readily extended to other types of maneuversin
higher dimensions.

Target maneuvers are rdatively infrequent events of short
duraions. The multiple mode agorithms use a transition
probability matrix to characterize such maneuver events as
switching between different target motion models or filters, each
represented by a mode (model or filter) probability that the
corresponding mode is the true one. When the same
measurements that are used to update the target Sate are also used
to determine the mode probabilities, the filters typically exhibit a
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trandgent delay to react to errors developed in the predicted
measurements and to distribute the errors to the states for
correction (update). As part of the feedback mechanism, the
trandent errors are in fact a necessity. But the question is how
much and for how long, which depends on the motion model(s)
used by the filters and the filter design. Indeed, for the three
models investigated in this paper, they exhibit characteristic
errors throughout a maneuver, which are termed n-, L-, and u-
shaped, respectively.

The total root mean squared (RMS) errors are typically used as a
performance metric. For a maneuvering target, however, a time-
equalized RMS (eRMS) may be more appropriate. The total and
equalized RM S values are illustrated in this paper with computer
simulations for the IMM under the three maneuver models for
performance evaluation and filter tuning.

The paper is organized as follows. In Section 2, the three
maneuver models for the IMM algorithm are formulated. In
Section 3, the total RMS and egualized RMS are presented.
Simulation scenarios and results are analyzed in Section 4
together with characteristic error shapes for the three models. In
Section 5, filter tuning based on the totd RMSvs. equaized RMS
is described. Finally in Section 6 conclusions are offered together
with future works.

2 Three Maneuver Modédsfor IMM

After presenting the target truth model, this section describes the
three maneuver models to be compared in this paper.

2.1 Target Truth Model

For simplicity and clarity, we will consider the one-dimensiona
(1D) case. Similar equations can be written for other dimensions
of independent motions. The 1D target truth model is given by:

{pﬂ{l T}PH%TT@ (13
VHl 0 1 Vl T

- o{p‘}unt (1b)

Vi

The target state consists of position and velocity, i.e., X = [p, W],
which are initialized a& 0 m and 10 m/s, respectively. The
sampling interval is T = 1 second. The smulation timeist = 0to
120 seconds and an acceleration of & = 5 m/s? occurs during t =
50 to 70 seconds. The measurement noise standard deviation is o,
=5m.

2.2Variable Process Noise

In this method, the unknown acceleration with its change over
timeis dealt with by the following model:

{Xﬂ _ {1 T}F}Fﬂw @)
VHl 0 1 VI T

where the process noise w; is used to account for our knowledge
(or lack of) about the maneuver acceleration. In the initia study,
the measurement model is the same as the truth model (1b) with
on,=5m.

Two motion models are used. The quiescent model has a small
process noise o, = 0.1 m/s’. This provides a nearly constant

velocity model with which the filter will weight more on the
historic data and motion model than the noisy measurements.
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The maneuver model has alarge process noise o, = 5 m/s?, which
has the effect of increasing the state estimation error covariance.
It leads to a large Kaman filter gain that will weight more on
latest measurements than historic data and the motion model.
Instead of a Gaussian distribution with large variance in the
maneuvering mode, the Levy distribution (a heavy tailed noise
distribution) recently has been used in the IMM [14], which was
shown to improve the IMM performance.

The two models are initiaized with equal model probabilities and
the Markov matrix of transition probabilities between the two
modelsisgiven by:

H{o.g 0.1} )
01 09

The filter based on the nearly constant velocity model in (2)
becomes the o-f filter in the steady state. For an o~/ filter, the
filter design as well as its performance is determined by the
maneuver index defined as T°ay/a, [1, 6]. The filter gain is
further related to the damping ratio ({) and natural frequency
(ar), thus dlowing the performance specification in terms of
bandwidth and risng time [12].

What is implied in this method is tha by opening up the
bandwidth with a large gain, the filter will be able to correct
predicted measurement errors and eventualy catch up with the
target after a maneuver. In other words, this method is based on
the error-driven correction mechanism. A period of transent
errorsis evitable and in fact necessary for this method to work.

2.3Variable State Dimension

In this method, two models are used. One is again the nearly
constant velocity model with a small process noise ¢, = 0.1 m/s®
as in (2). The other has an augmented state where the unknown
acceleration is esimated explicitly. It is a nearly constant
accel eration model:

P [T T 3T R [3T°
Via =10 1 T |y, [+] T |w

a1+1 0 0 1 at 1

4)

where the process noise ¢, = 5 m/s’ is set large. This process
noise variance, added onto the estimation error covariance for this
state component, determines the weighting factor, thus enabling
fast estimation of &;.

An alternative model for the acceleration in (4) is given bel ow:

Pa| |1 T 377 R 0 .
=01 T |v |+ 0 |w ®)

v, t
2

t+1

A 0 0 o |a l-o

wherew; is the noise for the acceleration state a, with o, = 5 m/s.

The two models aso have equal initial model probabilities and
the Markov matrix of transition probabilities between the two
modelsisthe same asin (3).

This method estimates the underlying accel eration from the noisy
data. When there is no maneuver, it tends to be influenced by
measurement noise while trying to extract acceleration from it.
When there is a maneuver, it takes time to obtain a correct
estimate of (i.e, to converge to) the true value. Thisis also based
on the error-driven correction mechanism and again it will have a
period of transient errors.



2.4 Discrete Acceler ation I nput

The two methods described above are data-driven in the sense
that it estimates the unknown accel eration from data. It does so by
choosing different filter gains so as to weight either more on
historic data (non maneuver) or latest measurements (maneuver).
The third method studied here can be viewed as a paralld search
approach (or a matched filter). It divides the uncertainty interval
of acceleration into search points. Each search point is used as a
discreteinput. The model iswritten as:

Pria _ 1 TR %Tz (6)
el AR e

where the process noiseis used to account for modeling errorsin
maneuver accel eration with ¢, = 0.1 m/s>.

For three discrete acceleration values (e.g., & = 0, +a), the three
models aso have equal initial model probabilities (1/3) and the
Markov matrix of transition probabilities between the three
modelsisgiven by:

09 0.05 0.05

M=[005 09 005 @)
005 005 09

When a = 0, (6) is exactly the same as the nearly constant
velocity model in (2). When one of the discrete accelerations
happens to match the true acceleration in (1a), (6) uses a small
process noise in the maneuver mode as in the quiescent mode to
obtain the best noise performance. However, when a (# 0) is
away from the true acceleration, a relatively large process noise
can be used to account for the mismatch. Again, it is a tradeoff
between noi se performance and respons veness.

This method can aso be viewed as a parametric approach (it
parameterizes the unknown acceleration) and the obvious
question is how to divide the uncertainty interval of acceleration,
that is, how many search points and their spacing and placement
[9]. Over-parameterization (i.e., dense search points over an
interval) is counter-productive, not only because it requires more
computation but also closely-spaced models compete for limited
data and make them “un-identifiable,” thus biasing the average.
In a sensg, this violates the condition for the total probability
theorem. A proper choice of model spacing needs to be
commensurate with the underlying maneuver index [15].

3 Total vs. Equalized Root Mean Squared (RMS)

Performance metrics have been designed to evaluate estimation
errors in position and velocity and to compare different tracking
algorithms [3, 10]. However, different applications may have
different requirements on different aspects of tracking
performance. For example, track continuity with uniform tracking
errors is important to surveillance. Targeting for weapon delivery
requires better accuracy as the time-to-go becomes smaller. In a
dense target environment, target maneuvers become important
because it creates confusion and track swap for closely spaced
targets.

Fig. 1 depicts atypical profile of estimation errorsin terms of the
RMS value as a function of time. For a maneuvering target, this
RM S value may contain six segments as shown in Fig. 1:

(1) Tracking errors due toinitiaization,
(2) Tracking errors prior to maneuver,

(3) Tracking errors after maneuver initiation,
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(4) Tracking errors during maneuver,
(5) Tracking errors after maneuver termination, and
(6) Tracking errors after maneuver.

The 2™ segment contains mostly the steady-state tracking errors
and so does the 6™ segment in the non-maneuver mode whereas
the 4™ segment contains the steady-state tracking errors in the
maneuver mode. The 1% segment contains the initial transient
errors; the 2™ segment contai ns the maneuver transient error, and
the 5" segment contains the maneuver termination transient error.
Since the steady-state and transient errors (prior to and after
maneuvers) are quite different, the ratios of time intervalsin these
six segments are important factors affecting the total RMS
valuation. This observation leads to the introduction of the time-
equalized RM S value.

Maneuver Steady-State

Maneuver Maneuver
Onset Termination
Initialization Transient Transient

Non-Maneuver
Steady-State

Non-Maneuver
Steady-State

N, N, N, N, N N,

RMS, RMS, RMS, RMS, RMS, RMS

6
Total Time of Tracking: N=)_ N,

i=1
Fig. 1 Definition of Maneuver Eventsand Time-Weighted RMS Value

Since the maneuvers are relative infrequent events, the steady-
state errors may become overwhelming, thus masking the
trangent errors in the total RMS (tRMS). The conventional tota
RMS can be written as:

1 N 6 N. 8
RMS? =ﬁZef =ZWJ RMS? ®)

i=1 j=1

where &; = )A(i — X; isthe estimation error of the quantity x, N

is the total number of RMS values, RMS is the total RMS value
per segment, and N; is the number of RM S val ues per segment.

Clearly the ratios N/N in (8) weight down those events of short
durations. Yet, they are critical events which are important for
tracking performance evaluation. A time-equalized RMS (eRMS)
isdefined as:

6
eRMS? = 1 > RMS? 9)
6 j:l !

where RMS isthe total RM S value per segment.

To calculate the time-equaized RMS, one hasto divide the target
trajectory into maneuver events-related segments. This is rather
simple in smulation where we know the truth about maneuvers.
The concept of time-equalization can be applied to the normalized
estimation error squared (NEES).

In (9), al the segments are given equal importance. However, if
an application has different emphases on different segments, the
above definitions can be adjusted accordingly. Metrics similar to
the equalized RM'S have been used in the past for performance



evaluation. Many authors have used tabulated RM S values, peak
values, averages, peak to average ratios per segment for instance.

4 Three Maneuver Modelsin IMM

For the same ssimulation scenario, three IMM trackers using the
three models described in Section 2 are applied. Although
individua trackers are not optimized for the given scenario, their
distinct behaviors are clear from the results, which are presented
below with analysis.

Fig. 2 shows the position estimation error RMS for the three
methods. Except for two small bumps after the start and end of
the maneuver, the errors for Method 3 with discrete inputs (the
green curve) remain flat with some small variations. The errors
for Method 1 with variable process noise (the red curve) match
those of Method 3 during the maneuver but smaler in other
periods. In contrast, the errors for Method 2 with variable state
dimension (the blue curve) are smallest (and smoothest) during
the quiescent periods but largest right after the start of the
maneuver. Both Methods 1 and 3 are dightly below this value
whereas Method 2 is only below thislevel in quiescent periods.

The differences of these three methods can be seen more clearly
in Fig. 3 for the velocity estimation error RMS. The errors for
Method 3 with discrete inputs (the green curve) are smaller than
other two methods during the maneuvering period. It is even
smaller than quiescent periods. However, it still has two small
bumps after the start and end of the maneuver. The errors for
Method 1 with variable process noise (the red curve) are smaller
than those of Method 3 during quiescent periods but larger during
the maneuver period. The errors for Method 2 with variable state
dimension (the blue curve) are again smdlest (and smoothest)
during the quiescent periods but largest right after the start and
end of the maneuver.

It isinteresting to note that even though the three methods use the
same quiescent model, their tracking performance in quiescent
periods is quite different. Thisis because interacting of all models
involved in the IMM. In the maneuver period, the errors of
Method 1 with variable process noise (the red curve) are n-
shaped, the errors of Method 2 with variable state dimension (the
blue curve) are L-shaped, and the errors for Method 3 with
discrete inputs (the green curve) are u-shaped.

The different behaviors are analyzed below in reference to a
particular sample run as shown in Figs. 4 through 10. It is easy to
understand why the errors of Method 1 with variable process
noise are n-shaped, particularly for the velocity estimates. Thisis
because the maneuver model of Method 1 does not include an
acceleration state but is a constant velocity model with large
process noise. It thus allows for larger and faster velocity updates
than the quiescent counterpart.

This is shown in Fig. 4 for the innovations (i.e., the predicted
measurement errors) for the quiescent model (the blue curve) and
the maneuver model (the green curve). The two curves have about
the same shapes during the quiescent periods but the green curve
for the maneuver model is larger in size. The model probability
for the quiescent model is therefore larger than the maneuver
model as shown in Fig. 5. With the process noise g, = 0.1 vs. 5
m/s’, the model probability is 0.6 vs. 0.4, not definitely in favor
of the quiescent model, though.

In the maneuver period, the predicted measurement errors for the
quiescent model are larger than those of the maneuver model,
indicating large velocity estimates are used to catch up witch
acceleration. This explains the presence of small bias in position
estimate but large bias in velocity estimates. Thisis aso reflected
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in the model probabilities where the maneuver model is higher
than the quiescent model over the maneuver period as shown in
Fig. 5 (some pikes reach above 0.9 but there are lots of volatility).

The errors of Method 2 with variable state dimension (the blue
curve) are L-shaped as shown in Figs. 2 and 3 for the position and
velocity estimates, respectively. The large errors, right after the
maneuver, are due to the latency of the filter, which takes time
(i.e., measurements) to estimate the underlying maneuver. Once
this is done, the errors drop to the lowest level. Fig. 7 shows the
model probability that rapidly rises to amost unity after the
maneuver during which the position and velocity errors
accumulate. The accel eration estimate is shown in Fig. 10.

Just like the fact that it takes time for the filter to estimate the
acceleration, the filter also takes time to dump the acceleration
estimate (discharge from an integrator) when the maneuver is
terminated. That is the reason for the smal rise in errors after
maneuver termination. This is true for all higher-order models
where integrators need to be charged and discharged. There are
actually double actions going on. On the one hand, the maneuver
model itself is estimating (or de-estimating) the acceleration
which just vanishes. On the other hand, it trangitions from the
maneuver model to the quiescent model.

In the quiescent periods, the two models in Method 2 have 0.51
vs. 0.49 probabilities of being in favor as shown in Fig. 7. Their
innovations are of about the same shape and size. Thisis different
from Method 1 where the maneuver model has large errors. This
is because in Method 2, the maneuver model attempts to estimate
acceleration from noisy measurements. When there is no
maneuver, its value is small as shown in Fig. 10 and it contributes
little to prediction errors. In contrast, the maneuver model in
Method 1 directly opens its processing gain and weights more on
measurements, thus subject to noise.

The position errors for Method 3 with discrete inputs (the green
curve) are comparable to (dightly larger than) those of Method 1
with variable process noise (the red curve) as shown in Fig. 2.
However, Method 3 has the lowest errors in velocity during
maneuver except for the u-shaped spikes after the start and end of
the maneuver. In a sense, the error spikes are necessary to flash
out old estimates and to establish new estimates.

The innovations for the three models in Method 3 are shown in
Fig. 8, which have about the same shape except they are shifted
upwards and downwards by their discrete inputs. During
quiescent periods, the measurement prediction errors stabilize
around +20 and -20 m for the models with -5 and +5 m/s%. Since
these filters are mixed at each prediction and updating cycle, with
the velocity error of 4 m/s, the equivalent time span is 2 to 3
updating intervals (T = 1 second) under 5 m/s’ to develop such
position errors.

The model probability for the quiescent model is close to 0.9 but
with large spikes. The state mixed from the three models
therefore produces the largest position and velocity errors among
the three methods during the quiescent periods. However, during
the maneuver period, the maneuver model with 5 m/s* prevails
with the model probability close to unity as shown in Fig. 9. That
iswhy the velocity errors are the smallest for Method 3.

Fig. 10 shows the accel eration estimates for Method 2 (blue) and
Method 3 (green). Method 1 does not include an acceleration
state so its curve (red) stays at zero. Method 3 produces the
acceleration estimate rather close to the true value whereas
Method 2 has delay and does not cover the entire duration.
However, during the quiescent periods, the acceleration estimate
of Method 3 remains vol atile with large spikes corresponding to
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those in measurement noise. This makes it very responsive but
also creates variations in model probabilities aswell asin velocity
and position estimates. In contrast, the acceleration estimate of
Method 2 is close to zero and smoothing during quiescent

of 0, =5m.

periods. This makes its velocity and position estimates small but
it is lack of responsiveness. These are examples showing
tradeoffs between quiescent and maneuver periods.
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Fig. 11 shows a sample measurement error, the mean value of
measurement errors over the 100 Monte Carlo runs, and the RMS
value of the measurement errors, which is close to the true value



5 Evaluation and Tuning

By means of computer simulation, this section investigates the
use of total RMS and equalized for performance evaluation and
filter tuning.

5.1 Evaluation under Total & Equalized RM'S

Consider the same simulation scenario presented in the previous
section. Everything remains the same except for the smulation
time, which is doubled now. That is, the relative maneuver period
ratio is reduced from 20/120 = 16.7% to 20/240 = 8.3%. For the
simulation, the time interval is divided to two time zones: one is
for theinitia transition (from 1 to 8) and maneuver plus transition
(from 50 to 78) and the other is for quiescent periods (from 9 to
49 and from 79 to 240).

Figs. 12 and 13 show the position and velocity error RMS values
for the three methods, which are very similar to Figs. 2 and 3 over
the initial half of simulation. The blue curve has large errors
during maneuver periods but small errors otherwise. If the non-
maneuver period is rather long, the maneuver errors in position
and velocity are likely to be averaged out. Thisis indeed the case
asshownin Table 1.

In Table 1, the first data column lists the total RMS for position
estimates. Compared to Method 1 and Method 3, the value of
Method 2 is dightly larger. It can be expected that if the
simulation interval is increased a bit longer, this value will be
smaller than the other two. However, in the third data column, the
time-equalized RMS for position estimates of Method 2 is bigger
than both Method 1 and Method 3 when the averaging effect is
removed.

The averaging effect is more evident when we compare the
velocity errors. The second data column shows that the total RMS
of velocity estimates for Method 2 is smaller than Method 1 and
Method 3. In contrast, the four data column shows that the time-
equalized RMS of velocity estimates for Method 2 is bigger than
Method 1 and Method 3.

Table1 Total RMS and Time-Equalized RMS

Total RMS Time-Equalized RM S
Position | Velocity | Position Velocity
Method 1 4.1218 3.5088 4.3540 4.3033
Method 2 4.9162 29171 7.8811 51741
Method 3 4.6369 42124 47219 4.2955

The use of time equalized RMS values eiminates the effect of
time duration, which may otherwise mask infrequent events in
calculating the totd RMS. Furthermore, the equalized RMS is
better suited to tune the IMM filter for maneuver scenarios as
shown next. This is similar to sendtivity analysis of filter
performance as a function of design parameters[5].

5.2 Tuning under Total and Equalized RM S

The parameters of individua filters using the three maneuvering
models can be optimized in terms of the conventional total vs.
time equalized RMS. For Method 1 with variable process noise,
the key filter parameters are the process noise variances for the
quiescent (go) and maneuvering (q;) models. In the study, the true
acceleration is a, = 5 m/s?. Both the true and model measurement
variances are set to bethe same as 0= ot =5 m. The value for the
quiescent process noise model is set to be gy = 0.01 m/s>. The
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value for the maneuver process noise model is tuned or varied as
gy = k& for x=0.1to 10.

Fig. 14 shows the two position error RM S values as a function of
the tuning parameter k. One is the conventional total RM S (blue)
and the other isthe equalized RMS (green). It is interesting to see
that for the conventional totd RM S, the minimum value is not at
x =1 but some value smaller. In contrast, the minimum value for
the equalized RMS is near x = 1. Both total and equalized
position error RM S values increase rapidly as k" becomes smaller
because the maneuver moded is less effective. It increases dowly
as xbecomes bigger.

Fig. 15 shows the two velocity error RM S values as a function of
the tuning parameter «: the blue curve is the conventional tota
RMS (blue) and the green one is the equdized RMS. Similarly,
the minimum value of the conventional total RMSisnot e x=1
but somewhat smaller whereas the minimum vaue for the
equalized RMSis near x = 1. Both total and equalized position
error RMS values increase rapidly as x becomes smaller and it
increases as k becomes bigger.

In the second simulation, the true acceleration is again a, = 5 m/s?
and both the true and model measurement variances are set to be
the same as 0= gt = 5 m. The value for the maneuver process
noise modd is set a g, = 5 m/s? while the value for the quiescent
process noise model istuned or varied asqp = k& for kx=0to 1.

Fig. 16 shows the two position error RM S values as a function of
the tuning parameter x for the conventional total RMS (blue) and
the equalized RM S (green). Both the conventiona total RMS and
equalized RM S values decrease as x becomes smaller. It flattens
out after k¥ < 0.05 or gg = 0.25. The use of o = 0.01 in the
previous simulation seems reasonable.

Fig. 17 shows the two velocity error RM S values as a function of
the tuning parameter x. The same results hold. The equalized
RMS (green) islarger than the conventional tota RMS (blue) for
both the position and vel ocity errors.

For Method 2 with variable state dimension, the key filter
parameters are aso the process noise variances for the two-state
filter (go) and for the three-state filter (qy). Again, the true
acceleration is & = 5 m/S®. The true and model measurement
variances are set to be the same as o= o = 5 m. In the following
simulation, the state process noise variance for one filter is fixed
while for the other filter istuned or varied as q = x'a with k.

In the first trial, the value for the two-state process noise model is
set to be gy = 0.01 m/s’. The value for the three-state process
noise mode istuned or varied as q; = k& for x=0t0 10.

Fig. 18 shows the two position error RM S values as a function of
the tuning parameter k. One is the conventional total RM S (blue)
and the other is the equalized RMS (green). For both the
conventional total RMS and the equalized RMS, the minimum
occurs around x = 0.2 or a = 1 m/s>. The position error RMS
values increase rapidly as x moves away from this minimum
value of 0.2 and it sartsto flatten out after x> 2.

Fig. 19 shows the two velocity error RM S values as a function of
the tuning parameter x for the conventional total RMS (blue) and
the equalized RM S (green). It exhibits the similar behavior asFig.
18, that is, for both the conventiona total RM S and the equalized
RMS, the minimum occurs around x = 0.2 or a = 1 nm/s>. The
velocity error RMSvaluesincrease rapidly as x moves away from
this minimum value of 0.2 but it does not flatten out as quickly as
the position error RM S val ues.
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In the second tria, the value for the three-state process noise
model is set to be g, = 1 m/s%. The value for the two-state process
noise mode istuned or varied as gy = K& for k=010 0.5.
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Figs. 20 and 21 show the position and velocity error RM'S values

as a function of the tuning parameter x; respectively, where the
conventional total RMS is blue-colored and the equalized RMSis
green-colored. After k< 0.05 or a = 0.25 n/s’, the curves start to
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flatten out. The use of g = 0.01 m/s? seems to be a reasonable
choice. The figures aso show that the increase of RMS darts to
reach a plateau (particularly for position) after x> 050r a=25

For Method 3 with discrete acceleration input, the key issue of
filter design is determination of the number and selection of
values for the discrete acceleration inputs. However, the process



noise variance is also important for the two-state filters with or
without discrete accel eration input. The true accelerationisa =5
m/s%. The true and model measurement variances are set to be the
sameasoc=g=5m.

In the first trial, the value for the two-state process noise model is
set to be g = 0.01 m/s”. Three accel eration input values are chosen
for a =0 (for quiescent without maneuver) and +xa with x=0to
10 (for maneuver).

Fig. 22 shows the two position error RM S values as a function of
the tuning parameter k. One is the conventional total RM S (blue)
and the other is the equalized RMS (green). For both the
conventional total RMS and the equalized RMS, the minimum
occurs around K= 1.5 or a = 7.5 m/s” (the true value isa, = 5
m/s’). The position error RMS values increase rapidly as «
decreases but flatten out as xincreases.

Fig. 23 shows the two velocity error RM S values as a function of
the tuning parameter x for the conventional total RMS (blue) and
the equalized RMS (green). It differs from Fig. 22 in two aspects.
First, the conventional total RMS (blue) has its minimum at a
value smaller than unity whereas the equalized RM S (green) has
its minimum very near k= 1. Second, both the RM S curves have
a local maximum, which is around x = 4 for the conventional
total RMS (blue) and x= 4.5 for the equalized RM S (green).

As xgoes smaller, the discrete accel eration input to the maneuver
models becomes smaller. The maneuver models degenerate into
non-maneuver filters. This explains why the RM S value increases
rapidly as x decreases. On the other hand, when x becomes
bigger, the true maneuver may become closer to the no-maneuver
model than the maneuver models with very large acceleration
input. As a result, the large acceleration models are excluded
from the combined filter output where the non-maneuver model is
dominant.

In the second trial, the discrete acceleration input is set to bea =
+5 m/s?. The value for the process noise variance (equal for bath
maneuver and non-maneuver models) is tuned or varied as q = x
a; for k=010 0.5.

Figs. 24 and 25 show the position and velocity error RM'S values
as a function of the tuning parameter x; respectively, where the
conventional total RMS is blue and the equalized RMS is green.
In general, the position error RM S val ues decrease with increased
x whereas the velocity error RM S values increase with increased
k. The increase of position error RMS and the decrease of
velocity error RMS flatten out for smal x It is reasonable to
choose g = 0.01 as the process noise variance.

Additional results for filter behaviors under model mismatches
can befound in [18].

6 Conclusions

In this paper, we investigated the use of three maneuver modelsin
the IMM agorithm for maneuvering target tracking and showed
their characterigtic errors. More specificaly, right after the start
and ending of a maneuver, the errors of the model with variable
process noise are n-shaped, the errors of the model with variable
state dimension are L-shaped, and the errors for the model with
discrete inputs are u-shaped. The performance and tuning of these
models were compared under thetotal vs. equalized RMS errors.

It is readily to extend the observations made on the 1D case in
this paper to the 2D and 3D cases and from linear accelerations to
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turning and other more complicated maneuvers. For example, the
unknown turn rate in the coordinated turn maneuver can be
treated in much the same way as the unknown linear acceleration
studied in this paper. In addition, it is interesting to apply the
three maneuver models to other multiple model estimation
algorithms. Because of their distinct behaviors during quiescent
and maneuvering periods, it might be valuable to combine the
multiple model estimation algorithms with different models,
resulting in “methodology fusion.” To reduce transient errors, the
fusion with other sources of information such as the target
maneuver indicator derived from the target’s range-Doppler
images [16, 17] is under investigation [18].
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