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Gain Adaptive Tracking
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Properly joining the different modes of a multiregime tracker is difficult. This paper describes a novel,
image-based algorithm for tracking a maneuvering target. The form of the algorithm is like the extended Kalman
filter, but the gain adjustment utilizes image information in a sophisticated manner to better compute the error
covariance. The performance of this filter is compared with two alternatives: an extended Kalman filter without
image augmentation and an extended Kalman filter with acceleration aiding and simple, image-derived gain
scheduling. The response of the proposed tracker is shown by example to be superior to the others. Although
too complex to permit online implementation, the performance of the algorithm provides a useful bound on
tracker fidelity attainable with an image-augmented architecture.

Introduction

TRACKING algorithm is a causal mapping from a spa-

tiotemporal observation to an estimate of the dynamic
state of a target. Perhaps the most widely studied model-based
tracking algorithms are the Kalman filter and its lineal vari-
ants. The dynamic features of the target are represented by a
state process {x,} having as components positions, velocities,
and perhaps accelerations in an appropriate reference frame.
The observation process {y,} is derived from a radar or a
similar device that provides a measurement—albeit a noisy
one—of the location of the target, e.g., range and bearing. In
this modeling paradigm, the quantities that appear in the state
vector are closely interlinked with the observation in the sense
that measured properties of the target are directly reflected in
the equations of dynamic evolution and unmeasured ones are
ignored. This oft neglected linkage between the sensor suite
and the state space model is clearly seen in the orthodox
motion model. When the sensor measures the attributes of a
point-equivalent object, not coincidentally, the state space
consists of the point properties of the target. Other relevant
but unmeasured variables, e.g., target orientation, are not
included in the target dynamics. In this sense, the sensor suite
has a major role in determining the breadth of the state space
model; new sensors ‘‘create’’ new components in the state
space.

Linear differential (or difference) equations with additive
random forcing terms are used in most analytical studies to
delineate the motion dynamics*

dx, = Ax, dt + dw, (¢))
with the observation given at discrete times by a linear func-
tion of the state.

y:=Dx, +n, at observation times
2)

=0 otherwise
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[Equations (1) and (2) model an environment with continuous
time dynamics and discrete time observations. Similar conclu-
sions are obtained when either is replaced by a proper analog.]
In this model, {w,} is a vector Brownian motion process with
intensity W (dw dw’ = W d¢), and {n,} is a Gaussian ‘‘white
noise’’ sequence with covariance R, >0, independent of {w, }
and the initial condition on Eq. (1). Equation (1) is written in
terms of differentials: stochastic and deterministic. In many
cases, this level of abstraction is unnecessary; the equation can
be formally divided by df and the result expressed as an
ordinary differential equation with a white noise excitation
(see Ref. 1, Chap. 4). This more traditional formalism gives
considerable insight into the issues of estimation and leads
directly to the Kalman filter. However, when it is necessary to
study systems that contain essential nonlinearities, or that are
subject to sudden and unpredictable changes, it is expedient to
retain the flexibility resident in Eq. (1).?

If the initial conditions are suitably selected, Eqs. (1) and (2)
delineate the classical linear Gauss-Markov (LGM) model. In
many applications, the relations between the indicated vari-
ables are nonlinear, e.g., range and bearing are nonlinear
functions of the target location expressed in the usual Euclid-
ian ®? space. If the nonlinearity is smooth, it is possible to
linearize it about the estimated state, and a quasi-LGM model
results; e.g., the gradient of the observation mapping replaces
the D matrix in Eq. (2). If the linear (or linearized) equations
provide an adequate description of the signal and the observa-
tion and their interconnection, there is a well-known solution
to the mean-square inference problem—the (extended)
Kalman filter (EKF). Denote the information pattern (filtra-
tion) generated by the sensor measurements by { ¥, }. The best
mean-square estimate of the state is given by the Y, condi-
tional mean of x, [%, = E(x; | ¥,)] where between observations

d
—%, = A% 3
d txt Xt (3a)
‘and at an observation time
A%, =P, D’'(DP.D’' + R,) 'Ap, (3b)

with (the increment of the innovations process) Av, = y, — DX,
at the observation times and zero elsewhere, and P,, the error
covariance matrix. (For any piecewise continuous process, let
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Az, =z;, — z;—. Then Az, is zero where {z,} is continuous
and gives the jumps in {z,} at points of discontinuity.) The
appearance of Eq. (3) is common in applications. It has a
suggestive form that transcends the fact that it was derived
under the LGM hypothesis. The increment {£, } is expressed as
a sum of an extrapolation (3a) and a correction (3b). The
former is determined by the direction of the mean state incre-
ment, and the latter is proportional to the increment in the
innovations process. The correction has a gain factor related
to the residual uncertainty in the estimate (P,,). Only this
factor is not given explicitly in the model of the observation
link, and indeed P,, is determined jointly by the target dynam-
ics and observation fidelity.

The error covariance acts to adapt the weight accorded to ‘

new information to fit current circumstances. When P,, is
small—little estimation uncertainty—the innovations process
is of little note, and the estimate propagates forward along the
field of the unexcited system. As the uncertainty in the state
estimates increases, new information is accorded increasing
value; i.e., as the estimator becomes less sure of the true state,
it is more willing to modify its prior estimate in response to
new data. It is well known that {P,,} is given by the solution
to a matrix ordinary differential equation between observations,
with jumps at the observation times: between observations

d
Pox = AP + P + W (4a)

and at an observation time

AP, = — P.D'(DP,D’' + R,)"'DP,, (4b)

subject to appropriate initial conditions. The error covariance
is contingent on the intensity of the exogenous processes in
both state and observation; e.g., as Wincreases, the increment
in {P,,} increases as well. This has an intuitive justification.
As the state process becomes more volatile, P, increases, and
through this intermediary, the EKF becomes ‘‘faster’’ and
more responsive to state changes. Of course, as a corollary to
this, the same filter will amplify the measurement noise {n,}.
To distinguish this estimator from those that follow, and to
emphasize its dependence on W, Egs. (3) and (4) will be called
the EKFy algorithm.

Equations (3) and (4) and their discrete time analogs have
been studied intensively, and the approach just outlined has
been used in numerous applications. At first glance, this out-
come might be surprising since there are few circumstances in
which the LGM model is strictly valid. However, one of the
attractive properties of the EKFy is its generalized robustness;
even if the actual environment differs slightly from that de-
scribed in Egs. (1) and (2), Eq. (3) gives a ‘‘good’’ estimate of
the state (Ref. 3, Chap. 6). ‘‘Slight’’ depends on the context,
of course, but streamlined models frequently lead to satisfac-
tory estimators, an appealing prospect when the computa-
tional load on the processors is burdensome, and the designer
seeks to reduce the filter dimension as much as is practical.
There is considerable flexibility in structuring the external
disturbances. By proper filtering and shaping, the exogenous
processes {w,} and {n,} can be used to portray a wide range
of phenomena including such seemingly disparate sources of
excitation as pilot-induced maneuvers and aerodynamic turbu-
lence. Many examples are found in textbooks such as May-
beck’s comprehensive three-volume work.* Maybeck shows
clearly that sophisticated use of the degrees of freedom in the
predictor-corrector framework delineated by Eqs. (3) and (4)
creates serviceable solutions to numerous and seemingly unre-
lated estimation problems. )

The issues that arise in tracking become clearer when dis-
cussed in the context of a specific example. Although the
detailed conclusions are application particular, the essential
structure of the estimation synthesis procedure has general
relevance. Consider the problem of tracking the motion of an
agile object in the X-Y plane. A simple model for an evasive

target moving at essentially constant speed is given by the
fourth-order equation

X 0 0 1 0 X 0 0
Y 0 0 O 1 Y 0 0 Wy
d = df + d
Ve 00 0 —wy |V 10 Wy
| 0 0 wy 0 v, 0 1
)

where {X,, Y,} are position coordinates, and {V,, V,] are
associated velocities. The target is subject to two types of
acceleration: a wide-band omnidirectional acceleration de-
scribed by the Brownian motion {w,, w,}, and a maneuver
acceleration represented by the turn rate process {wy}. The
former fits well within the LGM framework [see Eq. (1)], but
the latter is troublesome in two respects. First, because of their
temporal structure, the sample paths of the maneuver acceler-
ations are better described by a discontinuous rather than a
continuous process and are clearly non-Gaussian (see Ref. 5
and the references therein). Second, the target dynamics are
indexed by the turn rate and are consequently polymorphic
(PM). Treating the maneuver as an additive disturbance ne-
glects the strict coupling between the direction of the accelera-
tion and the velocity vector. In volatile encounters, the lateral
acceleration is the primary one, thus making the conventional
formalism of doubtful applicability.S

The maneuvering target problem has received considerable
attention in the literature where it is usually assumed that
estimation and prediction are accomplished using bearing and
perhaps range data. The simplest estimators use an EKFy
derived by neglecting the turn rate process, or by augmenting
W to account for its power (adding pseudonoise). The first of
these options is very optimistic in so far as the computed error
covariance process is far too small. If the two options are
blended, the tracker could be designed ¢‘under the assumption
that the target acceleration is constant . . . while providing a
high enough bandwidth to adequately track target acceleration
changes when they occur. However, one of the principal draw-
backs to this approach is that a high bandwidth filter may not
attenuate the noise present in the system.”’’ The exigencies
created by the need for high-accuracy tracking during quies-
cent operation must be balanced against the possibility of
large errors and loss of lock during turns, and with the single
degree of freedom found in EKFy, this balance will be diffi-
cult to achieve. There is also the option of replacing the
maneuver process by a Gaussian process generated by ‘“shap-
ing”’ white noise. This has proven effective in certain cases,
but requires careful tuning.® The EKFy, in this case is based on
a model with fixed parametric form [or monomorphic (MM)

~model].

Alternatively, the PM models represent target motion with
a family of equations, each tuned to a different turn rate
hypothesis. If the maneuvers could be detected expeditiously,
the encounter model would be linear, albeit time variable. The
associated EKF would simply be given by Egs. (3) and (4) with
A, changing concurrently with the maneuver. When the obser-
vations are equivocal, a set of estimators could be associated
with the individuated models and operated in parallel. The
outputs of these filters could then be combined to give the
location estimate (see Ref. 9, for example). If the proper
model changes with time in an unpredictable manner, there
are an infinite number of distinct path hypotheses that must be
accounted for in the PM algorithm. Novel methods of infor-
mation transfer between the parallel filters have been pro-
posed to achieve accurate tracking, leading to robust perfor-
mance in many cases. The most promising of these, the
interacting multiple model (IMM) method of Blom and Bar-
Shalom, has received considerable attention in this applica-
tion.10-13

Estimators have become increasingly sophisticated as more
versatile online processors have become available. For exam-
ple, in some trackers a forward-looking infrared (FLIR) sen-
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sor generates a sequence of pictures of the target as it moves
within surroundings containing significant clutter. From these
data frames, the target pixels are localized, and important
spatial properties are deduced with an image processor. For
example, target type and angular orientation with respect to
the sensor can be obtained from an analysis of the ostensible
shape. In Ref. 14 this problem was considered, and motivated
by the availability of an online imaging capability, the estima-
tion architecture shown in Fig. 1 was explored. The tracker
makes use of two data paths. The lower one is a conventional
mapping of center-of-reflection data into an estimate of target
location; i.e., it accomplishes the {y,} to {X;} transformation.
The upper path is image specific, mapping a sequence of
image processor outputs into a signal (indicated here by {d; }),
which is used to adjust the tracker to changing conditions.
This explicit dependence on {c,} renders the tracker adaptive.

To understand how the designer can best avail himself of
the information in the upper path, note that the imager is a
natural complement to a range-bearing sensor, providing spa-
tially extended features rather than the location of a point-
equivalent target. Figure 2 shows a sequence of images of an
F-14 as it rolls. These data frames were created in infrared at
arate of 30 frames/s at the Point Magu Naval Air Station and
are displayed here as visible duplicates. The target images were
taken from the Image Processing for the Identification of
Non-Cooperative Targets (IMPRINT) data base created by
the Hughes Aircraft Company under the sponsorship of the
Naval Air Development Center in Warminster, Pennsylvania.
For a subset of the IMPRINT imagery, target orientation
coordinates were recorded concurrently from an onboard iner-
tial navigation system (INS). These INS measurements were
used to evaluate errors accruing to the image interpretation
procedure. Figure 2 shows the silhouette selected by the image
processing algorithm overlaid on the target image. When there
are many pixels on target classification is quite good, but there
are major errors when the target subtends a small angular
region of the focal plane.

In the tracking application, the imager creates a data se-
quence {z,} that is discrete in both time and space. Time
quantization is not unusual [see Eq. (2)], but spatial quantiza-
tion is unorthodox. The imager generates a set of statements
about target status rather than generating a measurement
whose natural range is an interval. The image processor trans-
lates a data frame into a statement of category selected from
a prespecified alphabet of topical symbols. Over time, a se-
quence of these symbols is generated. Some of the symbols
correctly describe the target, and some do not. As with the
usual estimation procedures, the underlying mathematical
model is to be used to help interpret this discrete sequence to
best advantage. This is a far from trivial problem because of
the complex dynamic phenomena that are represented by the
model.

To integrate the image information into an estimation al-
gorithm like the EKF, the encounter model must be com-
pleted. There are two accelerations influencing the target path
in Eq. (5)—the omnidirectional process {w,} and the turning
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Fig. 1 Image-enhanced tracking architecture.

process. Because the turn rate tends to be nearly constant over
intervals, with sudden changes at unpredictable times, a useful
model is created by partitioning the range of turn rates into X
levels that is, wy € {ay, . .., ax}.!>!® The indicated accelera-
tion states are aggregates in so far as the actual acceleration is
randomly placed within the associated bin. For notational
convenience, it is advantageous to replace the multivalued
process {w,} with a process taking on values in a set of unit
vectors. Let {a, } be the maneuver indicator process, o, = ¢; if
wy = a; at time £. [Let e; be a unit vector with a one in the ith
component. To simplify the notation when dealing with indi-
cator processes like {«;}, an integer subscript will denote the
component of the vector rather than the value of the vector at
a particular time; e.g., «; is to be understood as (the scalar)
(o)1, the first component of the vector «;.]

To complete the motion model, the dynamics of the maneu-
ver process must be quantified. The most common way to do
this is to suppose the successive maneuver modes are repre-
sented by a Markov chain with transition rate matrix g. (See
Ref. 17, p. 641 for a discussion of this matrix. If i #/, the
matrix element g;; is the transition probability rate from ma-
neuver mode / to maneuver mode j. The diagonal elements are
determined by normalization.) This is a tractable model, the
parameters of which can be expressed in terms of the mean
lifetime of each maneuver mode, and the transition probabili-
ties between modes. This analytical description of tempo sub-
sumes the case in which the turn rate is an unknown con-
stant,’® and has been proposed to describe the temporal
dynamics of pilot induced acceleration.’

Although modeling the turn rate in this way makes analysis
more difficult because it leads to non-Gaussian sample paths
in Eq. (5), certain conceptual advantages accrue to the as-
sumption that the maneuver acceleration is piecewise con-
stant. Equation (5) is a linear equation with an unknown
maneuver parameter «,. This fact suggests that estimation
could be divided into distinct phases. First, the maneuver is
detected. Second, the Kalman filter state is corrected to com-
pensate for residual errors from the previous maneuver, and
finally, after detection and correction, the Kalman filter
parameters are adjusted in anticipation of future maneuvers.!?
Although intuitively appealing, there are difficuities with this
seemingly self-evident procedure. It was noted by Williams
and Friedland’ that the covariance of the tracker must be reset
to reflect the increased uncertainty in the maneuver estimation
near the time of a transition. To quantify this uncertainty is
difficult. The uncertainty increases in the interval between a
transition and its detection, but { P, } as given in Eq. (4) does
not reflect this.

In this paper, a new image-based algorithm is presented that
addresses these fundamental issues. The image path shown in
Fig. 1 is used to generate the information needed to achieve
the required gain adjustment. In this manner, a tracker is
produced that has wide bandwidth during volatile conditions
and a narrower one during quiescent intervals. The advantage
of using the imager outputs in this way is that they give a much
quicker indication of a change in the encounter than is pro-
vided by the path estimates alone. Proper use of the image
path in Fig. | permits the covariance-reset problem discussed
by Williams and Friedland’ to be resolved.

Image-Enhanced Estimation

The advantages of the dual path architecture were noted by
Maybeck and his coworkers (see, for example, Ref. 14). In an
important series of papers, Andrisani and his coworkers stud-
ied this problem within the EKF framework. Angular orienta-
tion is clearly relevant to target tracking, and for this reason
angular variables were added to the state space model in Refs.
20 and 21. The measurement equation used in the references
mimicked Eq. (2); i.e., the center-of-reflection and the angular
variables were both measured with an additive, white noise
channel. The authors observed that ‘‘attitude information,
obtained from an optical image processor, in a tracker’s
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Fig. 2 Imagery of a maneuvering F-14.

Kalman filter gives valuable lead information when tracking a
fixed wing aircraft by being able to determine the direction of
the lift vector.”’?? The ‘“lead’’ in the image data is of funda-
mental importance in improved tracker performance. Position
is two integrals removed from an acceleration. A maneuver
manifests itself in a path change over time, but initially this
change is difficult to detect in the noisy location data available
to the tracker. Orientation is a much faster indicator. After
factoring in geometric effects, a change in orientation of a
fixed wing aircraft gives an immediate indication of a maneu-
ver, and this can be used to adjust the gains in the EKF. For
a target such as a tank, a jinking path is created by turning,
and the turn rate can be deduced from changes in angular
orientation. In both cases, direct measurement of target orien-
tation gives a faster indication of a maneuver than could be
obtained from noisy trajectory data alone. In a novel study of
the utility of augmented sensor systems, Lefas®> noted that if
the roll angle were transmitted from the target to the tracker,
improved performance would be attainable using a roll-angle
adaptive filter. The problem that motivated his analysis in-
volved estimating the trajectory of a cooperative target (air
traffic control), and attention was focused on adaptive MM
filters in which the gain is adjusted whenever a maneuver is
suspected. Although the resulting architecture would not be
suitable in a hostile engagement, his results illustrate the use-
fulness of maneuver-adaptive estimation for tracking agile
targets. ]

To synthesize an image-enhanced tracker, a suitable analog
to Eq. (2) must first be constructed. The imager is a feature
matching block, and its errors are not well described by addi-
tive Gaussian noise. To create a more realistic model of the
orientation classifier, suppose that the imager collects data at
a rate of A frames/s and places each target image into one of
L equally spaced orientation bins. The output of the processor
can be written as an L -dimensional counting process {o, }, the
ith component of which is the number of times the target has
been placed in bin i/ on the interval [0, 7]. This sequence of

counts (or symbols) can be interpreted by a temporal proces-
sor to give the relative likelihoods of the various turn rate
hypotheses. This development can be summarized as follows.
Let the orientation indicator process be given by {p,}; o, = ¢;
if the current target orientation is in the ith bin. The compos-
ite maneuver status of the target is given by {¢,} = {a,®p,},
the Kronecker product of maneuver and orientation.? [The
Kronecker product of a p X g matrix A and an m X n matrix
B is a pm X gn matrix 4 ® B defined in blocks of size m x n
by (A ®B); = ayB. For example, if « and p are (1 X K) and
(1 X L), respectively, the vector ¢ = a®p is (1 X KL), with
elements («;01, @102, « « - » O1PL> X201, - « - » QxPL). Since both
« and p are unit vectors, ¢ must be a unit vector as well; albeit
in a higher dimensional space. The nonzero (unit) element of
¢ delineates both the maneuver regime and the target orienta-
tion; e.g., if ¢, = 1, then necessarily « = e; and p = ¢;. Both «
and p are easily extracted from ¢. Let I, be an r-dimensional
identity, and let 1; be an s-dimensional vector of ones. The
matrix (I, ®1;) is (K X KL), and direct evaluation yields the
identity (I; ® 1/ )¢ = «. Similarly (1x ® 1, )¢ = p.] The quality
of image interpretation is determined by the L x L discernibil-
ity matrix P = [P;] where Py is the probability that bin i will
be selected by the processor if bin j contains the true target
orientation at time of image creation®

PU=(P(AUi=1|p=€j) (6)

The fidelity of image interpretation is a function of three
things: the frame rate A, the ability of the image to correctly
classify a single image P, and the tempo of the encounter q.
These factors interact in subtle ways. For example, a rapid
tempo requires a high frame if expeditious maneuver detection
is to be accomplished. In the same way, to compensate for a
low frame rate, the quantization must be fine (L large) and the
processing accurate (P = I). The comprehensive orientation
dynamics of the target can be described by a KL x KL dimen-
sional transition rate matrix Q, which depends on the genera-
tor of the acceleration chain, and the generator of the random
angular motions for a given acceleration. Because the imager
measures directly the target features that most clearly manifest
changes when the target turns, the image-based path gives a
much more expeditious indication of a maneuver than does
the lower path. There is little error, therefore, if turn rate
estimation is based exclusively on image data; i.e., rather than
detecting a maneuver from both orientation changes and path
deviation, only the former is used. Denote the information
pattern generated by {g,} by {Z,}. The conditional probabili-
ties of the various turn rate hypotheses are given by the K-di-
mensional process {d, }

(it:[(}){w,l,:ai]Z,}] 0]

= (Ix®1;)¢; ®

The operator (Ix ®1; ) extracts the components of the maneu-
ver estimate from the estimate of the modal state. (A similar
equation could be written for generating p,, if required.)
The upper link in Fig. 1 generates {$,} and uses Eq. (8) to
determine the likelihood of the various maneuver hypotheses.
To gain insight into its operation, note that the image data are
reduced in the image processor to a counting process {o;}.
The increment in {0, } is the zero vector between observations,
and a unit vector at an observation time; e.g., Ag, = ¢; indi-
cates that the ith symbol was received at time ¢#. Consider a
simple situation in which P =1, and the true target orienta-
tion is in the first bin for an interval. In this case, one would
expect a sequence of measurements Ao, = e; with rate A; i.e.,
the observation string {1, 1, 1, 1, 1,... } is compatible with
a “‘coasting”’ (or nonturning) hypothesis. Suppose the obser-
vation string were modified; e.g., {1, 1, 1, 1, 2,...}. The
receipt of the symbol 2 has two effects. First, the rate of
occurrence of symbol 1 is now less than A\, and this should be
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judged as a failure to reconfirm hypothesis number one. Sec-
ond, the rate of symbol 2 now becomes positive. Of course,
this anomalous symbol could be a false indication of angular
change, or it could be symptomatic of a turn.

Figure 3 shows the output of the image processor for a
coast-turn-coast maneuver to be studied in more detail in the
next section. The orientation bins are 30 deg wide; L = 12.
Suppose that there are many pixels on target, but there is an
aliasing in the image processor because image classification is
strongly based on the seeming silhouette. Silhouette is an
ambiguous feature, the same for both the true orientation and
another symmetrically placed with respect to a line perpendic-
ular to the line of sight. In the figure, the ordinate is bin
number as classified by the image processor (the component of
Ag equal to 1), and the abscissa is time. With a 10 frames/s
imager, the dwell in each bin is unrecognizable in the graph,
but the curve in an expanded scale would be piecewise con-
stant. Note that the image errors create an unconventional
data sequence. The coasting phase (f <10 s), which has an
essentially constant angular process (o, = ), displays consid-
erable volatility in the angular measurement; image aliasing
(Ao = e;) masks the true path. The actual angular path would
have a constant slope during the turn, but the orientation must
cross a bin boundary before a change is recognized at the
output of the image processor. When the target exits bin 4
(f = 15 ), is it continuing the turn, reversing the turn (recall
the frequency of angular aliasing), or coasting? Each hypothe-
sis is compatible to some degree with {o, }. A robust procedure
for image interpretation is required if the upper path in Fig. 1
is to be useful in tracking and prediction.

The basic angular information is contained in the rate of
image symbol occurrence. To be more specific, consider an
L -dimensional, piecewise constant process with jumps at the
image observation times

(A8} = ANEwPi A Aoy}

This process is important to image interpretation, and it is
good to have a clear sense of what it signifies. Note that
P;=®(Ac; =1|p=¢),and s0 AY; = N\ '®(Ac; = 1| p =¢)).
Suppose symbol i is observed at time ¢ (Ag; = 1). If the ex-
pected rate of the ith symbol is small, and the ith symbol is
received, the unnormalized weighting of the jth angular hy-
pothesis, ®(Ac; = 1 | p = ¢;), is increased by the factor )\)A\f 1
This weighting on an unanticipated symbol will be quite big if
it actually occurs. Alternatively, if the ith symbol were ex-
pected, i.e., if A = \;, and symbol i does indeed occur, then the
increment in {d; } is approximately the unnormalized discerni-
bility coefficient P;;. Unforeseen events are given amplified in
{J,} more than confirming events are.

127 - -

104 o . .
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S
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Fig.3 Sample function of ostensible target orientation from the
imager.

It is shown in Ref. 26 that the conditional mean of {¢,} is
generated by the equation involving just the {d,} process:
between observations

d . -

- — ’ 9

d t¢t Q' (9a)
and at an observation time

Ad = var(p, )(1x ® AY) (9b)

where var(¢,) = diagd, — ¢,9/ . The KL vector (1 ® Ad) sim-
ply repeats the L-dimensional process, {Ad,}, K times. The
observation is weighted in Eq. (9b) by the uncertainty in the
estimation of the target regime. Thus, the dynamics of the
upper link are delineated by a rather simple algorithm (9).
Between image processor outputs, the image link extrapolates
forward using the transition parameters, which describe the
tempo of the encounter. When the imager classifies an image,
the conditional distribution of the modal state is updated
according to Eq. (9b). Equation (8) eliminates the secondary
variable—orientation—and gives the lower dimensional esti-
mate of turn rate. Note that in the LGM problem with time
variable {A,}, the covariance process {P,,] is deterministic.
It is not the variability in the process dynamics per se, but
rather the uncertainty in identifying {w,] that creates the need
to adjust the filter bandwidth; {P,,} is random because {wy}
is measured with delay and error. To the degree that {o,}
provides a more expeditious indication of the status of the
maneuver process than does {y,}, it is reasonable to assume
that { P, } is only weakly dependent on {y,} given {g,}. If the
image quality is such as to make this approximation credible,
it is possible to derive the equations for the conditional mean
of the target location. This is achieved by applying the nonlin-
ear filtering theorem as given in Ref. 1, Chap. 7, Proposition
4.1 repetitively for the necessary sequence of conditional mo-
ments. The general development is carried out in Ref. 27 and
can be reduced to a simple form for this application. Define
the gain-adaptive tracker EKF, by the following algorithm
(10-15): between observations

dx, = <E, Ai[(Py)i + -’etd;i]> de (10a)

at a location measurement
AR, = P, .D’'(DP.D’ + R,) 'Av, (10b)
at an image measurement

A%, = Py,Ad (10¢)

Between observations the tracker extrapolates according to
the best estimate of the state. The updates come as a comple-
mentary pair, location and image. The location update has a
conventional form, and the image update involves increments
in the {d,} process discussed earlier. Actually, there is a
subtlety in Egs. (10b) and (10¢) because the second moments
{Pw} and {P,,} must be computed. It is primarily in this
calculation that EKF, diverges from the more conventional
extended Kalman filters: between observations

d

apxx = EiAi["rxx(i) + Pxxd;i + -ft(quS)Ali]

+ Lili[ 1 (i) + Podi + 2:(Pe) il + W (11a)
at a location measurement
AP, = - P,D'(DP, D’ + R,)"'DP,, (11b)
at an image measurement

AP, = — ARAR' + Y Wi (k)AS, (11¢c)
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Fig. 4 Tracker performance in the plane.

Also between observations

d -
anqs = EiAi["rx¢(i) + Pyt + X(Pyg)i] + PysQ (12a)

at a location measurement
APy = — P,D’(DP,D’ + R,)™'DP,,; (12b)

at an image measurement
APy = — ARAG '’ + Yo mug(K)ATy (12c)
Equations (11) and (12) give the dynamics of the second
error moments for this encounter. They contain two third-
mixed moments: (k) = E{(x — £)(¢ — ¢)'(dx— ¢1) | Z;] and

(k) = E[(x — ®)(x — %) (¢r— dx) | Z;]. The former can be
calculated directly:

7rx¢(m) = (de:).merr’t - &meqS e (de:).m‘igl (13)

but the latter requires more care: between observations
d "
() = E A (8:0m) + i)

+ 2[rge (), — (Pei P }) + LA, (2i(m)
+ BiTam) + R1mar ()] — (Prg)iPox)m})’
+ X T ()Qjm (14a)
at a location measurement
Amrg(m) = — PoD ' (DPyD ' + R,)~ D7y (m)
— [PoD (DPuD’ + R,)~'Dw(m)]’ (14b)
at an image measurement
Amy(m) = — ARPS,.. — P, A% — Pl Ady,
— A¢ AXAR" + ¥, @, (r)AD, (14c)
where ®,,(r) = E[(x — £)(x — £)"(¢¢ — )&y — &) | Z/]. [Px
is the updated value of P,,, i.e., P,y = P,; + AP,,. The same

designation is used for the other matrices in Eq. (14c)]. A
direct calculation yields

@, (r) = O — a)r)"rxx(m) - (’i’m T (1) + Pm($r6rm - &ré’m)
(15)

Although it might not be evident, a tedious but straightfor-
ward argument shows that if {A4;} were independent of the
maneuver index i, Egs. (10-15) would reduce to Egs. (3) and
(4). In the case under consideration here, such a facile result
does not hold, and all of the equations must be solved simulta-
neously. The filter equations are too convoluted to suggest
online implementation on the current generation of micropro-
cessors. To the degree that the approximations used in devel-
oping the algorithm are valid, the performance of EKF, is of
considerable interest because it represents essentially the best
attainable from an image-enhanced tracker using the indicated
architecture.

Image-Enhanced Performance

It is difficult to compare analytically the performance of
EKF, with the other trackers mentioned. Intuitively, it is
reasonable to suppose that utilizing the cross moments of the
location and the maneuver state would be advantageous, but it
is not evident that the increased computation burden is justi-
fied. To illustrate the contrasts in performance, consider a
specific vignette in which there is a ground borne target ini-
tially located at (X, Yo) = (6.4, 1.0) km, with initial velocity
(Vxo, Vyo) = (5.0, —13.3) m/s. Moving at constant velocity
for ¢ €[0, 10) s, a2 0.5 g turn is made during ¢ € [10, 20), after
which the target returns to constant velocity motion. The
omnidirectional accelerations will be assumed to be slight:
(dw,)? = (dw,)? = 0.01 dr (m/s??. Figure 4 shows the target
path (labeled truth) without the wide band acceleration.

Tracking will be accomplished with a 10 samples/s range-
bearing sensor located at the origin with Gaussian errors of
standard deviation 5.0 m and 0.25 deg, respectively, indepen-
dent in time and type. This measurement specification suffices
to determine the elemental EKF,. The imager will be collo-
cated and make measurements at the same rate; i.e., A = 10
frames/s, placing the target in angular bins of width 30 deg
(number of angular bins L = 12). To complete the measure-
ment model, the imager errors must be quantified. A useful
error taxonomy includes errors of three types: uniformly dis-
tributed errors (UDE), in which the output symbol is uni-
formly distributed without regard to the true orientation,
1.0% in toto; nearest neighbor errors (NNE), in which the
output symbol is placed in the neighboring angular bin, 3.0%
in toto; and projection error (PE), in which the output symbol
places the target orientation in the bin situated symmetrically
with respect to a line perpendicular to the line of sight, 29%.
If the error categories are assumed to be independent in time
and kind, the discernibility matrix can be deduced directly.
Figure 3 shows a sample function of the output of such an
imager in this trajectory, and the frequent PEs are a source of
considerable uncertainty.

meters / sec

meters / sec

Fig. 5 Velocity estimates for different trackers.
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To determine the processor dynamics in the upper link in
Fig. 1, the tempo of the maneuver dynamics must be quanti-
fied. The lateral accelerations in the maneuver model will be
given by g, = no turn, @, = 17.3 deg/s turn right, a; = 17.3
deg/s turn left, with the chain {«,} symmetric about the
coasting mode; i.e., the probabilistic character of @, = 2 and 3
are identical. The elements of the ¢ matrix are determined
jointly by the mean sojourn times in each acceleration mode,
{vi, i =1, 2, 3; v, = »3}, and the transition probabilities from
a maneuver to the nonmaneuvering mode. Let g, =
®(a; = e, | a;- = e; and Aa, # 0). Then g, measures the frac-
tion of times that a maneuver ends in a coasting motion; e.g.,
q; = 0 implies pure jinking motion, and g; = 1 always inter-
jects coasting between turns. Specifically, consider an encoun-
ter with the following tempo: v, = 20s, v, = 45, g; = 1.0. Such
a selection is in general correspondence with this rather benign
scenario.

To see the effect of image-based gain adaptation consider
three trackers: the conventional range-bearing algorithm
EKF,,, a simple image-enhanced variant of the extended
Kalman filter EKFp, and the more sophisticated EKF, de-
scribed in the preceding section. The EKFp is discussed in
Refs. 28 and 29. As with the EKF,, it uses Eq. (9) to translate
image data into an estimate of {«, }. It adds the mean acceler-
ation to the increments in the velocity estimates. To achieve
higher gains during and soon after a turn, covariance modifi-
cation is required. In the EKFp, the process noise intensity W
is augmented proportionally to acceleration uncertainty as
measured by the variance of wy; an image-based pseudonoise
is added to the target dynamics proportional to var
Wy = La?d; — (Ca;8;)% The corresponding value of {P,,} in
EKF; is the solution to Eq. (4) with the increased W. When
the maneuver is resolvable from the image sequence (&, = ¢;),
acceleration uncertainty is small. Alternatively, as the a poste-
riori probabilities of the maneuver hypotheses become more
diffuse, var wy grows. Unfortunately, treating the maneuver
as additive still obscures the geometric constraints in Eq. (5).
Indeed, in the references it was found that EKFp was quick to
respond to a turn, but slow to return to quiescent operation
during a subsequent coast. This was due to the failure of the
gain augmentation to remain high long enough; var w, be-
comes small before the turn-induced errors are eradicated. To
refine this adjustment, a more careful computation of the
covariance process is necessary, and this computation is pro-
vided by the more sophisticated EKF 4.

Both the motion model and the observation equation are
nonlinear. Furthermore, if the vignette is partitioned into pre-,
post-, and maneuver coincident segments, the relative perfor-
mance of the estimators changes as the target moves along its
path. A good indication of performance can, however, be
determined by simulation. Figure 4 shows the response of the
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Fig. 6 Mean turn rate along with the true turn rate.
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Fig. 7 Mean position error for the EKFs.

three trackers in the X-Y plane. To display biases, 20 trial
mean sample paths are shown for each tracker rather than the
(noisier) single sample paths. All of the filters perform well in
the premaneuver phase, but EKFy has considerable difficulty
following a turn.

Figure 5 shows sample mean velocity profiles, and they are
not as good. The reason for the clearly degraded velocity
estimates is the fact that velocity is a slack variable in the
estimation algorithm. It is included in the model, and the
EKFs estimate its value concurrently with estimates of the
location variables, but there is no direct velocity measurement.
The filter tends to assign observation residuals to slack vari-
ables to a much greater degree than one might expect. This
tendency is true to some extent during the nonmaneuvering
phase w, = 0, where the EKF, model is valid, but the effect is
magnified during a maneuver. In this phase of the scenario,
there is conspicuous misidentification of the velocity, with
EKFy failing to recognize the correct sense of rotation. This
poor performance in velocity is magnified by prediction al-
gorithms, the simplest of which extrapolate to the predicted
position along the direction of the velocity estimate.

Figures 4 and 5 show tracking performance in the plane,
with time a parameter on the curve. It is difficult to gain a
sense of the likelihood of loss of lock from these curves since
loss of lock depends on the absolute error at concurrent times.
Figures 6 and 7 show the mean turn rate generated by the
image-based link {d,} and the time path of the mean position
error. The image-enhanced trackers delay identifying the be-
ginning of a maneuver because the target orientation must
move across a portion of its coasting-resident bin and into an
adjoining bin before the image interpreter senses that a path
change is taking place. Once this signal is received, the upper
link is quick to infer that a maneuver has begun. On the other
hand, the identification of a transition back to a coasting
mode is not nearly so decisive. A coasting mode is distin-
guished by a failure to move from bin to bin, and this is
compatible, at least for several frames, with all of the maneu-
ver hypotheses. For this reason, the maneuver estimate does
not jump, but rather decays back to the coasting mode.

The sample mean position error is shown in Fig. 7. In the
premaneuver phase of the encounter, all of the trackers are
quite good, and if the scale were such as to show it, the EKF,
would be seen to be the best. In the maneuver-coincident
phase, neglect of the turn causes large errors in the EKFy, with
both image-enhanced trackers doing far better. In the postma-
neuver phase, only EKF4 eliminates the residual error in an
expeditious manner, the error in the EKF, slowly decaying
toward the quiescent level. It is this lingering deviation that
makes evident how subtle gain selection is in a multimodal
environment.

Both of the image-enhanced trackers have random gains;
strictly speaking, EKFy has a random gain as well since the
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matrix D in Eq. (3) is obtained by linearizing the observation
equation on the estimated path. Although interesting, display-
ing the gain process for each tracker would consume consider-
able space. To give a flavor of the variations between al-
gorithms, it is worth looking at the behavior of one element of
the error covariance matrix. Figure 8 shows the XX compo-
nent of {Px]} for each of the three filters. This is but one
component of the 4 X 4 matrix process, but it illustrates both
the variability of the errors and the tendency of LGM filters to
exaggerate their own performance. All of the filters have been
initialized with a null error covariance.

Consider the EKFy first. Because the omnidirectional noise
is so small, the computed XX component of P,, is small
during the initial coast (which is opportune), but it is still small
during the turn and thereafter (which is inopportune). The
error variance is unaffected by the turn, and the ostensible
standard deviation of the X error approaches 3 m. This in-
flates actual performance during the postmaneuver coast by
more than an order of magnitude. This inability to recognize
its own errors explains its degraded performance during the
maneuver. The EKFpis better because the residual uncertainty
concerning a change in the turn rate keeps the gain higher than
the EKF, . Changes in the maneuver cause some change in
{ P, } but they are neither large nor coincident with the precip-
itating event. Although more conservative than the EKFy,, the
large position errors during a turn are not fully reflected in
{P.}, as seen in Fig. 8, which shows computed standard
deviation in X of 5§ m, and in Fig. 7, which shows an error
closer to 15 m.

80 T T T - T

meters”2

] 5 10 15 20 25 30
seconds

Fig. 8 The XX component of the error covariance for the three
trackers.
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Fig. 9 Plot of 7xx(a1) on the trajectory.

The behavior of the X error covariance in EKF4 is more
responsive to the operating conditions. After the turn is recog-
nized, the standard deviation in X builds almost immediately
to 8.5 m, which is not out of line with the actual error. The
immediacy of the change is created by the clear motion signal
as evidenced by the change in {@,}. The error variance drops
quickly during the sojourn in the turn, dropping below the
computed variance for EKFp. It quickly builds after the return
to coast, but not as fast because the underlying transition
cannot be as clearly distinguished. Note that the error variance
retains the higher value for an extended period, thus maintain-
ing a high bandwidth until the vestiges of the maneuver-in-
duced residuals can be eliminated.

The calculation of the gains for EKF 4 entails the solution to
a set of stochastic differential equations. There are many
individual moments, and their behavior will not be discussed
here. It may, however, give some insight into the behavior of
the estimator if at least one of the moments is displayed.
Consider () = TE {{X — X)X = X)(é; — ;) | Z; }, where
the sum is over all /i corresponding to a =1 (the coasting
mode). The sample mean path of =, («;) shown in Fig. 9
indicates how the XX« cross central moment changes as a
function of the status of the encounter. To gain insight into
the implications of the graph, note that the var X is smallest
during a coast because the relatively long coasting sojourns
permit higher accuracy in estimating the X -position coordi-
nate. Intuitively, any shift from coast to a turn should cause
var X to grow; i.e., the (random) var X is negatively correlated
with the error in estimating «. This correlation is clearly seen
to be the case in the distinguishable coasting intervals, e.g.,
[25, 30] s. During [11, 20] s, the probability of a coast is small.
To the degree that it is thought that o, = 1, var X is reduced
(after an appropriate delay as indicated in the decay after
t = 20). The sharp change observed around ¢ = 11 s is likely
due to light damping of the design equations rather than some
fundamental property of the moments.

Conclusions

This paper provides a new tracking algorithm for following
an agile target. The focus here has been on creating a gain-
adaptive filter based on an approximation to the comprehen-
sive error covariance matrix. Through this intermediary, the
linking of the regimes in a multimodal tracker can be made
smoother. The tracking algorithm shown here is not seen as
being implementable. Simply too many equations must be
solved simultaneously for onboard synthesis. Nevertheless,
the performance of the algorithm is important because it gives
an indication of the latent quality of an image-enhanced
tracker. There is work in progress on methods for reducing the
computational burden on the system without simultaneously
degrading performance effectiveness significantly.
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