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The interplanetary orbit determination problem has been traditionally solved using least-squares techniques.
Because of the operational limitations of this method, a Kalman filter approach has been proposed for future mis-
sions that includes all spacecraft and measurement modeling states in the filter. The goal is to increase the accuracy
of the navigation process while utilizing only radiometric (Doppler and range) data. As an extension, an adaptive
orbit determination approach (based on the Magill filter bank) has been developed here to process radiometric
data. This adaptive approach can be used to systematically determine the operational filter parameters, which are
currently selected using ad hoc methods. The Mars Pathfinder mission is utilized to demonstrate the effectiveness
of the adaptive filter bank in determining variances for the process and measurement noise parameters based on
the tracking data. Error budgets are presented for the range and Doppler cases, which show nongravitational
accelerations and solar radiation pressure to be the main error sources. Results for the range case show that the
adaptive enhanced filter bank is effective in selecting the noise variances that match those used to generate the
data. Results for the Doppler case are not as conclusive, resulting primarily from linearization errors.

I. Introduction

T HE orbit determination problem for interplanetary spacecraft
involves the calculation of spacecraft states (i.e., position and

velocity) and associated estimation uncertainty measures based on
information received from measurements that are corrupted by vari-
ous errors and random noise. One problem with the current approach
to solving this problem is the lack of a systematic method for de-
termining appropriate values for the operational orbit determina-
tion filter. The operational filter parameters, such as time constants,
gravitational parameters, noise variances and system parameters,
are generally selected by trial and error based on experience and
computer simulation. A set of filter parameters is selected and the
measurement data are processed. Based on the simulation results,
the filter parameters may be changed and the data processed again,
or the current result may be accepted. During this iterative process,
often the measurement data are deweighted, resulting in estimation
errors that are generally higher than the data requires. This ad hoc
approach to filter tuning, in addition to failing to take full advantage
of the inherent data accuracy, requires a large number of navigation
team members to analyze the results. Despite the success of this
approach in the past, current realities do not support its continued
use. The orbit determination task must be completed with fewer an-
alysts because of reductions in resources for navigation, similar if
not greater tracking accuracy requirements, and less tracking data.

In addition to the systematic tuning of the operational filter, an
approach for detecting environmental changes is desirable. Suppose
the process noise and/or data noise profile changes during the mis-
sion. For example, the acceleration profile of the spacecraft may
change significantly as a result of unmodeled venting. The need for
a non-labor-intensive method to detect changes in the data profile
and to point to the source of the changes is clear (e.g., detect an
unmodeled vent).

Received June 19, 1995; revision received Dec. 8, 1995; accepted for
publication Dec. 19, 1995. Copyright © 1996 by the American Institute of
Aeronautics and Astronautics, Inc. No copyright is asserted in the United
States under Title 17, U.S. Code. The U.S. Government has a royalty-free
license to exercise all rights under the copyright claimed herein for Govern-
mental purposes. All other rights are reserved by the copyright owner.

* Member, Technical Staff, Navigation and Flight Mechanics Section.
Member AIAA.

^Associate Professor, Department of Aerospace Engineering and Engi-
neering Mechanics. Member AIAA.

For these reasons, a new orbit determination methodology is de-
sirable for operational interplanetary navigation. The motivation
for the work presented here is to improve the operational tools used
to perform the interplanetary orbit determination function.

One constraint on the proposed solution is the utilization of
realistic error sources and realistic models to accurately determine
whether the proposed approach will be useful in an operational en-
vironment. In addition, the proposed solution must integrate easily
with current navigation approaches. Since a Kalman filter approach
will be used for future interplanetary missions, the solution must be
compatible with this recursive filter method. Because of the desire to
minimize tracking station use, personnel costs, and complexity, only
conventional Doppler and ranging data will be considered. Finally,
the proposed solution must be implementable in a modular fashion.
This is not only to avoid extensive modification of existing orbit
determination software, but also to allow testing and verification in
a smoother and less complicated fashion.

Along with the change from the least-squares filter to the Kalman
filter, another major change in the current filtering practice is re-
flected in the so-called enhanced filter.1 Current practice involves
modeling certain Earth platform and transmission media effects as
consider parameters in the filter. In other words, these parameters
are allowed to affect the covariance of the estimated state, but are
not themselves estimated. The enhanced filter calls for inclusion of
all of these parameters in the estimated state vector. In other words,
the enhanced filter has no consider parameters. When compared
with current filtering practices, the result is increased accuracy in
the state estimates.1 This filtering strategy is currently being tested
using actual flight data from Galileo.2 The enhanced Kalman filter
is utilized in this paper.

The scenario chosen for this study is the Mars Pathfinder mission,
scheduled for launch in December 1996. Specifics of the mission
plan, including launch and arrival dates and the tracking scenario,
are presented. A model was developed to represent accurately, but
with moderate complexity, the actual data received by the filter dur-
ing a mission. This model, consisting of the spacecraft state, so-
lar radiation pressure effects, small unmodeled acceleration effects,
transmission media effects, and Earth platform effects, is used to
generate tracking data.

The approach taken here is to utilize radiometric (Doppler and
range) data and to establish navigation improvements through the
use of adaptive filtering algorithms. Several methods were inves-
tigated in terms of ability to determine both process noise and
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measurement noise parameters and to be general enough to handle a
time-varying problem. Since the Kalman filter is already in use and
is planned for future use for orbit determination, a method utilizing
this approach is desirable for implementation reasons. It was found
that the most desirable approach, in terms of these constraints, is
the Magill Kalman filter bank,3 also known as the multiple model
estimation algorithm (MMEA).

All of the adaptive filtering approaches increase in computational
cost as the number of filter parameters to be determined increases.
For this reason, it is desirable to determine only the most critical
error sources and to concentrate effort in the analysis on these areas.
The less significant errors will remain as parameters in the filter, but
will not participate in the adaptation. A special type of covariance
analysis, or error budget analysis, is utilized here to catalog the
contributions of particular error sources or error source groups to
the overall estimation error. The error budget is presented for X-
band range only and Doppler-only measurement scenarios for the
Mars Pathfinder mission.

Results are given for several different sets of noise parameters
included in the adaptive scheme. The main result is the demon-
strated ability of the adaptive Kalman filter bank to determine the
underlying measurement and process noise strengths. In addition,
the results for the changing noise strengths case show the ability of
the filter bank to detect environmental and/or spacecraft changes.

Following this introduction is the Mars Pathfinder mission de-
scription in Sec. II, with the covariance analysis description next
in Sec. III. Section IV details adaptive filtering approaches and the
Kalman filter bank. The simulation results are presented in Sec. V,
followed by conclusions and future directions in Sec. VI.

II. Mars Pathfinder Mission
The Mars Pathfinder mission is the first of a series of low-cost

rapid turnaround science missions from NASA's Discovery Pro-
gram. This mission will serve primarily as a demonstration of key
technologies and concepts for use in future missions to Mars us-
ing scientific landers. In addition, Pathfinder includes a significant
science payload. Investigations of the Martian atmosphere, surface
meteorology, surface geology and morphology, and elemental com-
position of Martian rocks and soil are scheduled for Pathfinder. A
free-ranging surface microrover is also part of the mission. This
microrover will be deployed by Pathfinder to conduct technology
related experiments and to serve as a mechanism for instrument
deployment.4

The mission is scheduled for the 1996 Mars launch opportunity,
with a 30-day launch window beginning on Dec. 5,1996, and ending
on Jan. 3, 1997. The arrival date at Mars is fixed at July 4, 1997.
The transfer time will vary from 212 to 182 days, depending on the
actual launch date. The trajectory used for this study corresponds
to the Jan. 3, 1997, launch date. Upon arrival at Mars on July 4,
1997, the spacecraft will perform a direct entry into the Martian
atmosphere. To achieve a landing, a parachute is deployed along
with a rocket braking system and an airbag system. After landing,
the primary surface operations begin, which includes deployment
of the microrover.4

The interplanetary transfer phase of the Mars Pathfinder mission
is under investigation here. The adaptive filtering approach proposed
for the interplanetary navigation problem is not dependent on the
Mars Pathfinder mission. The Mars Pathfinder scenario is chosen so
that the adaptive filtering method can be tested using a realistic in-
terplanetary mission. Epoch conditions are known for the spacecraft
and the planets on March 5, 1997. The data arc used in this study
lasts for 105 days from the epoch, or until June 18, 1997. A plot of
the Earth, spacecraft, and Mars trajectories is shown in Fig. 1. The
trajectory characteristics (the shaded portion of Fig. 1) are detailed
in Table 1. During interplanetary cruise, the scientific instruments
will be checked but not used.

The interplanetary cruise portion of the mission begins approxi-
mately 7 days after launch (L + 7) and ends 15 days before encounter
(M — 15). The main task during interplanetary cruise is to determine
the required corrections to the trajectory to ensure the spacecraft ar-
rives when and where it is scheduled. The nominal mission plan has
four trajectory correction maneuvers (TCMs), if required. The first

Table 1 Mars Pathfinder trajectory characteristics
(March 5-June 18,1997)

Parameter Value (start to end of arc)

Earth to spacecraft range, km
Geocentric declination, deg
Sim-Earth-probe angle, deg

36.2 x 106 tol80x 106

15.85 to-0.12
1.4 to 51.7

xlO8

2.5

2

1.5

1

0.5

0

-0.5

-1

-1.5

-2

-2.5
-2 -1 10

X(km) xlO8

Fig. 1 Mars Pathfinder trajectory (planar projection).

two maneuvers are scheduled at L + 30 days (to correct for injec-
tion errors) and L + 60 days (to correct remaining injection errors
and TCM 1 errors). The third maneuver is scheduled for M — 60
days (for entry targeting), whereas the final maneuver is planned
for M — 10 days (to ensure the landing conditions are met). Thus
the data arc used here begins after the completion of the first two
TCMs and will include the third TCM. The solution at the end of
data processing will be propagated to encounter, which includes
the fourth TCM. The navigation solution, obtained after process-
ing the data from the 105-day interplanetary cruise, will be used to
support the final TCM if the maneuver is required. The errors re-
sulting from the fourth TCM will not affect the navigation solution
significantly.4

The tracking scenario contains two-way X/X band data taken
from the Deep Space Network (DSN) 34-m high efficiency Deep
Space Stations (DSSs) located near Goldstone, California (DSS 15),
Canberra, Australia (DSS 45), and Madrid, Spain (DSS 65). The
tracking schedule includes one pass of data for each station per
week. The tracking passes are started with DSS 15 on the first day,
DSS 45 on day 4 and DSS 65 on day 6. After each station makes one
pass, six passes (days) are skipped before the next pass at that station
is initiated. Thus, DSS 15 will next track on day 7, DSS 45 on day
10 and DSS 65 on day 12. This pattern is repeated until the end of
the considered portion of the trajectory. The interval between data
points is 10 min with range and Doppler data collected at the same
time. The minimum elevation angles are 50 deg for DSS 15 and DSS
65 and 30 deg for DSS 45. Data points for times when the elevation
angle is smaller than these values are rejected. All data points that
meet the requirements for the day of the pass, and the minimum
elevation angle are included in the data set. These criteria were set
to simulate the specified tracking schedule on one 4-h pass per week
at each tracking station during interplanetary cruise.4 Following this
schedule, about 1250 range and 1250 Doppler measurements are
available over the 105-day interplanetary cruise phase.

III. Covariance Analysis
The reduction of the estimation errors in the navigation problem

is an area of study that has received considerable attention in recent
years. One method of improving navigation accuracy is the use of
advanced data types, such as very long baseline interferometry. The
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drawback to using advanced data types is their expense resulting
from extensive antenna time requirements and the use of multiple
DSN sites simultaneously. For this reason, an effort has been di-
rected at improving the navigation techniques using radio Doppler
and ranging data collected using NASA's DSN.1 The main attraction
of these conventional data types is that they are routinely collected
in tracking, telemetry, and command operations. For example, ra-
dio Doppler data are a free by-product of the communication link.
Another advantage of conventional data types is their long history
of use in tracking. This is important since the measurement error
models are well developed because of the large set of data from
several decades of missions.

To improve the navigation accuracy using conventional data
types, it is desirable to determine the significant error sources that
contribute to the total estimation error on a particular mission. Once
the most significant error sources have been identified, more de-
tailed work on those specific error sources can be completed with
a goal of reducing their contribution to the overall error. This may
be accomplished in many ways, such as improving the mathemat-
ical models based on past experience or by using data at different
frequencies to reduce frequency dependent errors.

The method used to identify the major error contributors is the
so-called linear covariance analysis.5 Covariance analysis can be
used to study changes in filter performance resulting from configu-
ration changes in the filter. Examples include studying the effects of
unestimated parameters and using incorrect a priori statistics on the
overall state estimation error.6 An error budget can be developed
that catalogs the contribution of a particular error source or error
source group to the total navigation uncertainty. The error budget
identifies the most significant error sources for further study. A re-
sult easily obtained from the error budget tables is the sensitivity of
the filter to variations in the input parameters. The error groups con-
sidered here consist of spacecraft accelerations resulting from solar
radiation pressure and small nongravitational accelerations (NGA)
(because of gas leaks, thruster misalignment, etc.), tracking station
position errors, refraction resulting from the troposphere and iono-
sphere, and errors in the Earth orientation [pole motion and Earth
rotation angle (U Tl) errors]. These errors are the major contributors
to the estimation error in interplanetary orbit determination.7

The models and values assumed for the error sources can be
found in Table 2. Most are modeled as first-order Gauss-Markov
random processes. The exceptions are the spacecraft state, with no
associated process noise parameters, and the station locations, which
are modeled as random biases with the variances shown in Table 2.
The solar pressure model includes the symmetry of the spacecraft
and the effect of the solar panels and reflects a 5% uncertainty in the
model parameters. The NGA approximate small unmodeled forces
in each of the three coordinate directions resulting from gas leaks
and attitude maintenance activity. The models are based on the Mars
Pathfinder operation plan.4

A. Error Budget Calculations
In general, the error budget is a summary of the contributions

of all error sources that affect the filter estimate at a specific time,
whether modeled explicitly or not. In this part of the study, it is
assumed that the filter model and the truth model are the same. This
implies that the filter model is an exact representation of the real
world, which is not the case in actual application. However, it was
desired to limit the modeling differences to parameters that could
be controlled by the user for this study.

The models used in the covariance analysis are the same as the
models used in the simulations of the interplanetary tracking with
the following exceptions. The covariance analysis included gravita-
tional effects from all planets and the moon, whereas the simulation
results include only central body gravity. In addition, light time cor-
rections were made in the covariance analysis that were neglected
in the simulation results. Thus, the covariance analysis results are
based on a more accurate model than was used in the simulation.
An area for future study is to increase the fidelity of the simulations
to match the models used in the covariance analysis.

Error budgets were developed for the Mars Pathfinder interplane-
tary cruise scenario and data schedule described earlier for Doppler
and range data sets. The statistics for the orbit determination errors
at the end of the tracking were propagated to the nominal time of
Mars encounter and expressed in terms of the B -plane coordinate
frame.8 This coordinate frame, also known as the aiming plane, is
defined by unit vectors 5, J, and R. The vector S is parallel to the
spacecraft velocity vector relative to the target planet (Mars) at the
time of entry into the target planet's gravitational sphere of influ-
ence, the vector T is perpendicular to the target planet equatorial
plane and the vector R is such that the three unit vectors form a
right-handed coordinate system. The miss vector B is the aim point
for planetary encounter and lies in the T-R plane. The miss vector
would be the point of closest approach to the target planet if the
target planet did not deflect the flight path of the spacecraft (i.e., the
planet had no mass).

The statistics are presented as a 1-or uncertainty of the miss vector
resolved into miss components B • R (normal to the target planet
equatorial plane) and B - T (parallel to the target planet equatorial
plane), and a \-a uncertainty in the linearized time of flight (LTOF).
The LTOF specifies the time of flight to encounter (point of closest
approach) if the magnitude of the miss vector were zero and defines
the time from encounter. To convert the LTOF to a distance, the
hyperbolic approach velocity is required. For the Mars Pathfinder
mission scenario, the hyperbolic approach velocity is 5.52 km/s.
The miss vector, or the distance from the center of Mars where the
spacecraft crosses the target plane, is 4550 km oriented 201.8 deg
clockwise from the T axis. Plots of dispersion ellipses in the B
plane are made for each case to illustrate the contributions of each
error source to the overall error. More detailed information on the
covariance analysis can be found in Burkhart et al.9

Table 2 Filter and truth model parameters (one way)

Name A priori or Steady-state a
Time

constant, days

Spacecraft state
Solar radiation pressure

Radial, Gr
Transverse, Gx/Gy

NGA, 10-12 km/s2

Station locations
Spin axis, cm
z height, cm
Longitude, cm

Pole orientation
Rotation period
Zenith troposphere

(wet, each station)
Zenith ionosphere

(wet, each station)
Measurement noise

Range
Doppler

10km, 1 cm/s

5% (=0.07)
5% (=0.02)

0.7

10
10
10

10cm(17nrad)
15 cm (0.3225 ms)

5 cm

3 cm (0.5 el/m2)

70cm
0.01 mm/s

0.7

10cm
15 cm
5 cm

3 cm

60
60
7

2
1

0.1

0.2
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Table 3 Error budget: Doppler measurements Table 4 Error budget: range measurements

Error source B R, km B T, km LTOF, s

Epoch state
Solar radiation pressure

parameters
NGA
Ionosphere
Troposphere
Station locations
Earth orientation
Measurement noise
RSS total

0.001
10.692

18.252
1.917
5.625
5.263
9.121
7.102

25.379

0.005
10.454

13.633
1.297
4.315
4.484
6.648
5.542

20.260

0.003
6.829

2.822
0.189
0.577
0.534
1.031
0.751
7.542
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ff 0

CQ
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20
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-30 -20 -10 0 10 20 30

B . T (km)

Fig. 2 Aiming plane dispersions (1-cr): Doppler data.

The encounter plane error ellipse requirements (1-a) are 17 km
for B • R, 6.2 km for B - T and 7 s for LTOF, with the error ellipse
oriented at 111 deg (Ref. 4).

B. Doppler-Only Case
The error budget results for the Doppler-only case are shown in

Table 3. These results are the magnitudes of the B -plane dispersions
about the nominal aim point for planetary orbit insertion for each
filter (truth) model error source (in a root-mean-square sense) and
for the total filter error. The Doppler case shows that the B - R
component of the miss vector is determined to about 25 km and the
B • T component of the miss vector is determined to about 20 km.
The LTOF is determined to about 7 s (about 42-km uncertainty in
position).

The plot of the 1-cr aiming plane dispersion ellipses for the
Doppler-only case is shown in Fig. 2. The ellipses shown include
the total filter result (all error sources) and the ellipse for each error
source individually. The semimajor axis of the filter error ellipse
is almost perpendicular to the line connecting the aim point (the
origin of the plot) and the center of Mars. The largest contributors
to the overall error are the solar pressure, the NGA, and the Earth
orientation parameters.

C. Range-Only Case
The error budget results for the range-only case are shown in

Table 4. For this case, the B • R component is determined to about
26 km and the B - T component is determined to about 17 km. The
LTOF is determined to about 0.6 s (approximately 3 km). From the
geometry of the trajectory (see Fig. 1) it can be seen that the Earth-
spacecraft range component lies in the plane including the B T
and LTOF directions. The contribution to the overall error budget
resulting from most of the error sources is much smaller than the
contribution resulting from the measurement noise. Most of the

Error source B R, km B T, km LTOF, s

Epoch state
Solar radiation pressure

parameters
NGA
Ionosphere
Troposphere
Station locations
Earth orientation
Range biases
Measurement noise
RSS total

4.16e-4
8.858

19.615
0.220
7.001
5.075
1.652
4.549

11.593
26.397

3.52e-4
7.179

12.667
0.147
4.127
4.162
1.041
1.776
5.836

16.880

5.38e-6
0.222

0.369
0.007
0.097
0.170
0.057
0.140
0.321
0.591

-30

-20

-10

C
m

10

20

30
-30 -20 -10 0 10

B . T (km)
20 30

Fig. 3 Aiming plane dispersions (1-cr): range data.

errors in this case will probably be masked by the measurement
noise when adaptation is attempted.

The plot of the error ellipses for the range-only case appears in
Fig. 3. The biggest contributors to the overall error are the NGA and
measurement noise, with smaller effects resulting from the solar
pressure and troposphere similar in magnitude. Earth orientation is
much less important than for the Doppler-only case, and the mea-
surement noise contributes more to the range-only errors than to
the Doppler-only case. In addition, the NGA contribute more to the
overall error for this case than the Doppler-only case. The mea-
surement noise ellipse is oriented slightly differently than the other
major error ellipses, which is also different from the Doppler-only
case, where the measurement error ellipse was oriented closer to
the major error sources. As before, the semimajor axis of the er-
ror ellipse is nearly perpendicular to the aim point-Mars equator
line.

From the results obtained, it is clear that the goal of reducing the
overall navigation error can be best achieved by concentrating effort
on spacecraft accelerations (solar pressure and random NGA) and
measurement noise. These errors will be the focus of the adaptive
filtering.

IV. Adaptive Filtering Approaches
An implicit assumption in the Kalman filter is that all of the system

parameters, including the state transition matrix, the measurement
partial derivatives, and the process and measurement noise matrices,
are known. In general, this is not the case. Often there are parame-
ters not included in the filter model that influence the measurements.
This results in a modeling mismatch between the filter and the mea-
surements, which affects the state transition matrix and the measure-
ment partials. In addition, the process noise and measurement noise
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matrices are rarely precisely known. For these reasons, it may be de-
sirable to apply an adaptive filtering scheme to the problem at hand.

The general problem to be solved is described by

Zi + i — ®iZi + Ui

where z/ is the state vector, 4>, the state transition matrix, M/ the
process noise vector, v,- the measurement noise vector, and Ht the
measurement matrix. Both u,- and v/ are uncorrelated zero-mean
Gaussian white noise sequences, with

where Q is a nonnegative definite matrix and R is a positive def-
inite matrix, both with unknown true values. The standard filter-
ing problem is to estimate z/ based on the observation set y* =
(y\,y2, • - • ,.y/'}» where the estimated values will be denoted z/. In
this case, the discrete Kalman filter is used:

where Kj is the Kalman gain and i// = yi — ///z-"'1 is the mea-
surement residual with covariance HP^H? + R. This solution is
optimal based on exact knowledge of Q and R. Since this is not the
case here, an adaptive filter will be used to help determine Q and R.

A. Evaluation of Adaptive Methods
Based on the discussion presented by Mehra10 in 1972, adaptive

filtering methods can be divided into four groups: maximum likeli-
hood, correlation, covariance matching, and Bayesian. Covariance
matching techniques will not be discussed here.

A literature survey revealed several potential solutions to our
problem. Computer experiments were conducted on the methods
that showed the most promise.11 A brief summary is presented here.
Of the maximum likelihood methods, the one with a history in or-
bit determination was proposed by Meyers and Tapley.12 However,
this approach did not offer a significant improvement over current
practice. Many correlation methods exist, but the most well known
was proposed by Mehra.13 However, correlation methods are better
suited to time-invariant problems. Attempts to extend this approach
to time-varying problems have not been successful.14 The Bayesian
approach that is perhaps the most well known is that originally for-
mulated by Magill.3 This method is known as simply the Kalman
filter bank or the MMEA, shown in Fig. 4.15 The approach is to
implement a bank of Kalman filters, each modeled with different
values of a finite unknown parameter set. The method, in its original
form, computes the weighted sum of the estimates from each filter
to determine the optimal adaptive estimate.

The main reason the Kalman filter bank approach was selected
here is that it solves the orbit determination problem quite well. The
proposed methodology is also a practical extension to current navi-
gation practices for interplanetary spacecraft. The cost of integrating
this approach with the current operational enhanced Kalman filter is
minimal. All that is required from the filter are pre-update measure-
ment residuals and the covariance associated with these residuals at
each data point, which are already computed by the Kalman filter.
The assumptions that are required for application of the filter bank
are the same that govern the use of a single Kalman filter. Thus, if
the problem is formulated such that the Kalman filter is applicable,
then the filter bank approach can be used without modification.16

In addition, the filter bank approach has been shown to be a prac-
tical algorithm in solving real-world problems.17"19 One important
problem that can be solved most effectively using the Magill filter
bank is that of hypothesis testing, which is to choose from among a
finite set of filters the optimal filter in the bank.15'16 In this use, the
output of interest is the weight computed for each filter in the bank.
The Kalman filter bank implemented in this study is utilized as a
hypothesis tester.

The Kalman filter bank will allow the analyst to model several fil-
ters simultaneously and directly compare the results automatically.
The filter bank will determine which filter is operating optimally
(where optimal is precisely defined later) with respect to the mea-
surement data, thus helping the process of selecting the filter pa-
rameters. For the case where the process and/or measurement noise

B ank of Kalman filters
(Ct: unknown parameters)

Weight
factors

Multiple
Model
Estimator]

Measurement
Sequence

Fig. 4 Weighted sum of Kalman filter estimates.
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profile changes, the filter bank can deselect a given filter and choose
a different filter that more closely matches the current environment.
In this way, in addition to the establishment of a systematic method
to choose the operational filter parameters and to detect environ-
mental changes, the orbit determination process can be completed
with fewer team members, while potentially increasing the accuracy
and timeliness of the results.

B. Adaptive Kalman Filter Bank Development
The problem to be solved may be stated as follows. An estimate

is desired for a sampled-data, Gaussian process, which may be cor-
rupted by additive noise, such that the estimate minimizes some
performance measure. The observed process is a function of some
unknown parameter vector a, which is a member of a finite set of
known parameter vectors.3

Assume that the parameter vector a is a random variable that may
or may not be Gaussian. This implies that a is an unknown constant
for a specific sample run, but has a known statistical distribution.
The optimal estimate^ is a weighted sum of the individual Kalman
filters, with each filter operating with a different value of a. The
weighted sum, for L Kalman filters, is given by

(1)

where /?(a, \y%.) is the discrete probability for a,- conditioned on
the measurement sequencey*k. The problem now is reduced to the
determination of the weight factors p(oti \y*k), p(oL2 \y%), etc. As
the measurement process evolves, the weights change recursively.
As more measurements are processed, the knowledge of the state
and the unknown parameter a will increase. If as time progresses
it is possible to learn which stochastic process is observed, then
it is reasonable to expect the optimal estimator to converge to the
appropriate filter for that process. In terms of the block diagram in
Fig. 4, the weighting coefficient for the true filter will converge to
one, whereas all of the rest will converge to zero.3'20

The weighting factors /?(a,- | y%) are the adaptive features of this
estimator.3 Using Bayes' rule, the weights are computed via

The values for /?(a/) are assumed known, so all of the terms in this
relation are known except for p(y*k I a;). To compute the value for
p(yl \ & j ) , the processes x andj will be assumed to be Gaussian.
In addition, the measurement sequence y^ will be assumed to be a
sequence of scalar measurements y0, vi , . . . , yk. When these con-
ditions are applied, the result is

/ i \ i

x exp

(HkP~Hl + Rk)

-H&)2
(3)

i = 1 , 2 , . . . , L

(2)

In general, p(y*k \ a7-) will be different for each filter in the bank.
In the Mars Pathfinder problem, only the a posteriori probabili-

ties p(o.i \y*k) for each hypothesis are computed by the filter bank.
As the filter bank processes data, the weighting factor for the best
filter will increase while the other weighting factors decrease.15 For
this problem, the Kalman filters are assumed to have an unknown
measurement noise variance, in addition to possibly unknown pro-
cess noise parameters. All other parameters and models between the
filter and the environment are the same. Thus the MMEA will be
determining the filter with the parameters that are the closest to the
values from the environment, as determined from the measurements.

V. Results
Results from several sets of cases are shown. The first set of re-

sults are for range cases where all noise parameters are included in
the filter, but only a selected group of parameters are adaptively de-
termined. The case presented here is for adaptation of measurement
noise and NGA parameters. In addition to the range cases, several
cases where Doppler data are processed are shown. The final case
shown involves a change in the nongravitational parameter during
tracking. Range data are utilized in this study along with a high-gain
antenna, which reduces the random noise component of the noise
profile. This allows the Kalman filter bank to run over a larger set
of data.11

The filter model parameters and assumptions are described in the
covariance analysis discussion. The weighting coefficients for each
filter in the bank are presented as a function of time, along with
the estimates, computed error covariances, and true values in the
encounter plane. All error ellipses plotted for the filter bank results
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show 1-cr errors. The ellipses for the simulation results are oriented
differently from those for the error budget analysis because of the
model differences discussed earlier.

Results are not presented in this paper, because of space limi-
tations, for the residuals and error covariances for the individual
filters. These are useful in determining how well the filters are per-
forming. The results obtained (but not shown here) show that the
filter performance matches the computed weighting factors. In other
words, filters with higher weights performed better than those with
smaller weights.

A. Range Case
The first case considered adapts the NGA parameters and the

measurement noise parameter. A bank of 15 filters is set up with
the scaling from the nominal values shown in Table 5. The filter
numbers are determined as shown in the table. For example, filter
14 has a measurement noise that is 10 times the nominal value and
a NGA steady-state variance that is 5 times the nominal value.
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The weighting factors for this scenario are plotted in Fig. 5. This
plot shows nonzero weights for filters 6-8. The weight for filter 8 is
nearly unity, whereas the other filters have negligible weights. The
filters in the bank that do not have the correct measurement noise
parameter are eliminated quickly by the MMEA. The remaining
data are used to differentiate the process noise values from among
the filters with the correct measurement noise parameter.

The encounter plane estimates and covariances for filters 6-10 are
shown in Fig. 6. For this case, filters 6 and 7 appear to be quite close
to the truth. Filter 8, with a slightly higher weight and the correct
filter, had slightly worse estimates. Since these results are based on
a single realization of the random processes, Monte Carlo analysis
with different realizations of the random processes was conducted
to verify the expected results. The Monte Carlo results are presented
inBurkhart.11

B. Doppler Case
The Doppler case adapts the NGA parameters and the measure-

ment noise parameter. A bank of 15 filters is set up with the scaling
from the nominal values as shown in Table 5 for the range case.

The weighting factors for this scenario are plotted in Fig. 7. This
plot shows nonzero weights for filters 11-15. The weight for filters
11 and 12 are approximately 0.4, whereas filter 13 has a weight near
0.25 and filters 14 and 15 have weights of about zero. As before, the
correct filter is filter 8. Thus, for this case, the filter does not converge
to the correct filter. These results for the Doppler case are not as
conclusive as for the range case. Problems with the formulation
of the Doppler measurement resulting from linearization and the
differenced range formulation are apparent from the results. The
filter chosen by the filter bank has similar or smaller process noise
and larger measurement noise compared to the environment.

Table 5 Scaling factors: measurement
and NGA parameters

NGA scaling Filter number

Fig. 6 Encounter results: measurement and NGA parameters adapt-
ed (range).
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The encounter plane estimates and covariances for filter 8 and
filters 11-15 are shown in Fig. 8. For this case, filter 8 appears to be
the best filter.

C. Study of Noise Parameter Variations
The final run presented involves simulated range data with a

change in the NGA steady-state variance after approximately half of
the tracking segment is complete. The parameter change represents
a possible valve leak after a TCM or some other change in the force
profile of the spacecraft. This variance is assumed constant for the
first part of the tracking. After 62 days of tracking, or just after the
Mars Pathfinder TCM 2, the parameter is changed to a new constant
value. This situation represents the effect of a thruster leaking after
it is fired for the TCM, a leak in a fuel line, or some other phenomena
related to a thruster malfunction. The process noise term is scaled
by 10, which corresponds to scaling the NGA variance by -^/IQ. The
scaling was chosen to be such that the correct filter (after the vari-
ance change) is no longer part of the bank of 15 filters (see Table 5).
In this way, the case will illustrate that the bank will converge to

-so
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-60 -40 -20 0 20

B. T (km)

Fig. 8 Encounter results: measurement and NGA parameters adapt-
ed case (Dopper).

the filter operating the closest to the data's noise profile. All error
sources are included in the simulation.

The weighting factors for each filter are shown in Fig. 9. For the
first 60 days of tracking, the filter is converging to filter 8, which is
the correct filter. After the change in the variance, the filter quickly
selects filter 9, which has nominal values for all variances except a
scaling on the NGA of 5. It is thus shown that the bank is able to
detect changes resulting from unmodeled thruster variations.

VI. Conclusions
The adaptive estimation solution described in this work solves the

orbit determination problem very effectively given the real-world
constraints. The adaptive filter can be used as an effective tool to
assist the navigation engineer in selecting filter parameters, thus al-
lowing a closer match of the filter parameters to the true values,
leading to a potentially more accurate navigation solution. In addi-
tion, this method requires fewer hours of processing and analysis
and allows a smaller group of analysts to determine accurate navi-
gation solutions. More importantly, the long-term objective of this
study is to develop an adaptive filtering methodology that can be
used for processing of actual mission data. It has been shown in this
study that this objective is achievable.

Results for the range cases show that the Magill enhanced Kalman
filter bank chooses the filter with the same parameters as the sim-
ulated data. Cases where there was no clear winner were shown to
have several filters with nonzero weights and similar performance.
Smaller error sources, as determined by covariance analysis, are
more difficult to determine, leading to selection of no single filter,
but rather several with similar performance. Based on these results,
the filter bank will be a useful tool in the tuning process for the
operational filter. In addition, the bank is useful for the determina-
tion of changes in the tracking data, giving a warning of potential
problems such as a thruster malfunction or some other change in
the acceleration profile of the spacecraft.

Results for the Doppler cases are less conclusive. One problem
with this formulation of the Doppler measurement is the effect of
roundoff errors resulting from the linearization and the differenced
range formula. For example, the range values are on the order of
108 km. The measurement noise on the Doppler measurement is
0.01 mm/s, or 10~8 km. The difference is 16 digits, or near the
numerical limits of a 64-bit number. In addition, the differenced
range formulation implemented in the partial derivatives and the
data generation may be susceptible to differences because of Earth
rotation from the start to the end of the tracking pass. One way to

120
Time from epoch 5-MAR-1997 21:08 15.185 UTC (days)

Fig. 9 Weighting coefficients: NGA parameter change (high-gain-antenna range).
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address these problems is to implement a more theoretically cor-
rect version of the range rate measurement. In addition, an extended
Kalman filter, which does not involve a linearization about a refer-
ence trajectory, may help this problem as well. The Doppler results,
in general, show that filters with larger measurement noise are cho-
sen, while the other filters have zero weights. In most cases, the
filters with correct or smaller process noise are chosen, as for the
range case.

A next step is implementation of the filter bank for use in process-
ing actual mission data. The proposed method could be used by the
navigation team members making the individual runs to systemati-
cally eliminate incorrect filter models. This could be completed by
several individuals independently, with comparison of results after
processing is complete. The development of an extended Kalman
filter capable of processing real data is under way, and the Mars
Pathfinder problem will be one of the first cases tested.

One additional advantage is the obvious parallel computing pos-
sibilities with this approach. This approach can be implemented
using search methods (such as genetic algorithms21) to update the
filter bank for operation in an iterative fashion. These genetic algo-
rithms can be implemented easily using the filter bank and can be
implemented in a parallel processing environment.22

The Kalman filter bank is a method that has a successful history in
real-time applications such as power system fault detection, image
processing, and terrain-height correlation for helicopter navigation.
It has been shown here to also have application in interplanetary
orbit determination.
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