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A prototype autonomous/adaptive interplanetary navigation system employing neural networks and genetic
algorithms is introduced. This system consists of a near real-time autonomous monitoring component and an of-
fline adaptivemodeling component. Unexpected dynamic or measurement events trigger 1) alerts to navigatorsand
2) recommendations for modifying the appropriate model parameters to improve filtering. The autonomous com-
ponent analyzes tracking measurement residuals to first detect and then characterize the unexpected event. Once
an environment change has been detected and characterized, the adaptive modeling component then modifies the
necessary model parameters to bring the tracking filter back into optimal operation. The autonomousmonitor em-
ploys a hierarchical mixture-of-experts model where the experts are extended Kalman filters organized into banks
regulated by two levels of single-layer neural networks. The autonomous monitor is the focus of this presentation
and demonstrates the ability to detect successfully the occurrence and to differentiate between the characteristics
of unexpected discrete velocity changes and continuous dynamic changes. These environment changes are repre-
sented by an unmodeled impulsive maneuver and by solar radiation pressure surface mismodeling, respectively.
The robust decision-making capability of this approach is further demonstrated by successfully characterizing
three successive environment changes. All experiments were performed on recorded Mars Pathfinder two-way

Doppler data from the period of 4 February 1997 to 17 April 1997.

Introduction

URRENT tracking of interplanetary spacecraft relies heavily

on navigator experience and ad hoc techniques for the reso-
lution of anomalous measurement residual signatures produced by
the operational tracking algorithm or filter. These anomalies are the
result of changes in the dynamics and measurement system that
cause the spacecraft environment to deviate from the tuned system
model employed by the operationalfilter. Difficulties navigating re-
cent interplanetary missions, such as modeling the solar radiation
pressure (SRP) surface on Mars Pathfinder (MPF)' and modeling
the thruster performance of Mars Climate Orbiter and Mars Polar
Lander, illustrate the need for a systematic and expedient method
for resolving anomalous behavior in the tracking solution. A pro-
totype autonomous/adaptive navigation system employing neural
networks and genetic algorithms has been developed. With this sys-
tem, unexpected dynamic or measurementevents trigger 1) alerts to
navigators and 2) recommendations for modifying the appropriate
model parameters to improve filtering. The architecture of this sys-
tem consists of a near real-time autonomous monitoring component
and an offline adaptive modeling component, as illustratedin Fig. 1.
The autonomous monitoring componentoperates in parallel with
the real-time operational filter, processing measurements as they
become available. Conceptually, the autonomous monitor could op-
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erate either onboard or at a ground tracking station, but is assumed
to operate at the tracking station here. Operational filter measure-
mentresiduals are compared to the residuals from a set of hypothet-
ical filters contained in a hierarchical mixture-of-experts (HME)
framework > Each of the filters in the HME is an expert on a spe-
cific mode of unmodeled environment change. If a transition to
suboptimal modeling is detected, the nature of the mismodeling re-
sponsible for the transition is characterized by a reassignment in
weights assigned by the HME. Once characterized, the adaptive
modeling component then modifies the appropriate model param-
eters in an offline process to bring the operational filter back into
optimal operation, and the autonomous monitor is reset to process
new data. Chaer and Bishop* proposed a genetic algorithm filter
adaptation that used the HME as the performance function for pa-
rameter modification. However, this approach was found to evaluate
performance relative only to filters in the HME, and Ely et al.’ re-
formulated the adaptive component to use an absolute performance
index based on a sample statistic of filter residual histories.

The remainder of this paper is organized by a discussion of
the architecture and theory of the HME, a discussion of exper-
imental setup, experimental results, and a brief conclusion. Ex-
periments were performed to test the ability of the autonomous
monitor to detect and characterize 1) small unmodeled impulsive
velocity changes, 2) mismodeling in the SRP model and unmod-
eled impulses, and 3) unmodeled impulses and measurement noise
increases occurring in the same data span. All filters used in this
work are extended Kalman filters (EKFs)*® processing MPF two-
way Doppler Deep Space Network (DSN) data. The dynamic and
measurement models used to define each filter in the HME are vari-
ations of the operational model developed by the MPF navigation
team and detailed in the postmission navigation report.!

Autonomous Monitoring Architecture
In the general HME configuration (Fig. 2 illustrates the specific
configuration used here), each filter contains a unique measure-
ment and dynamic model that can be represented by the parameter
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vector ae. Thus, a particular filter realization may be thought of as
an expert navigation system for a specific region of the modeling
parameter space. The HME model is composed of macromode char-
acterization banks (groups of filters) on the top level, which are
in turn composed of micromode characterization experts (filters).
Macromode environment changes considered here are unmodeled
impulsive velocity changes, SRP model changes, and measurement
system noise changes. Filter realizations representing macromode
changes in the spacecraftenvironmentare collected into competing

Measurement
Stream

Autonomous Component /

1. HME Filters
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using Genetic Algorithm

Adaptive Component
Optimal Solution

Fig.1 Autonomous/adaptive navigation architecture.

banks on the top level. The HME is separated into four filter banks.
Three of the banks represent macromode changes in the spacecraft
environment and contain multiple filters that model specific im-
pulsive events, SRP model changes, and noise level changes. The
fourth bank contains only the operational filter as an experimental
control and should be selected as the most appropriate macromode
by the HME in the absence of unmodeled events in the spacecraft
environment.

The HME is regulated by two levels of single-layer neural net-
works known as gating networks (GNs) as indicated in Fig. 2. The
bank-level GNs assign weights to filters within a single bank to
indicate the relative residual performance of each realization. The
top-level GN assigns weights to each bank according to the col-
lective residual performance of the filters within the bank. Optimal
filtering is assumed as long as the maximum value of the top-level
gating vectorgy at the time #, of a measurementz, is associated with
the control bank, that is, g3 ; is the maximum element of g,. A shift
to suboptimal filtering is indicated when the maximum element of
g is associated with one of the banks representing an environment
change macromode. Such a shift could be the result of a discrete
event,asin the case of a thrustermisfire, or a continuousor sustained
environment change, as in the case of a steady change in shading
of surfaces exposed to SRP. From a practical standpoint, a thruster
misfire might only require a few hours worth of tracking data to
manifest a recognizable degradationin operational filtering perfor-
mance, whereas a subtle change in SRP effects might take several
days or weeks of measurement data to present a degraded track-
ing solution. Characterizationis accomplished by inspection of the
macromode consistently given the highest top-level gating weight.
Once the environment change macromode has been characterized,
the adaptive modeling component then operates in an offline mode
to adjust the parameter set by a genetic algorithm. Finally, the op-
erational filter is updated and the autonomous monitoring process
resumes with the adapted optimal operational filter.’
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HME

The operation of the HME model regulated by multilevel GNs
is based on maximizing the probability density of the current input
measurement z; as approximated by a weighted combination of
the conditional probabilities of each of the L macromodes in the
HME

L
f@lZ-) = Zf(ZHAu Zi—1)&iks 8ik = P(Ai | Zi 1)

i=1
where A; is the set of all filter realizations in the ith macromode,
Ai={a;i|0<j<K;,0<i=<L}

K; is the number of filters in the ith bank, and Z, _, represents the
set of all earlier measurements. The conditional probability of the
ith macromodeis f(z; | A;, Z, ) and P(A; | Z, _,) is the a priori
probability that the ith macromode models the input generating
environment. The top level GN approximatesthe a priori probability
using the gating weight g; ;.

The conditional probability of the ith macromode is given by

Ki
f@l AL Z2y) = Zf(zk | i, Zk—l)gji.k

=1
gjik = Ploi| Zi—1)

where f(z; | aji, Z,_ ) is the conditional probability of the jith
filter (defined by «;;) and P(cx;; | Z,_,) is the a priori probability
among filters in the ith bank that the jth filter models the input gen-
erating environment. The bank-level GN approximates this a priori
probability in the gating weight g;; .. If a Gaussian distribution is
assumed on the measurementresiduals of each filter, the probability
distribution of the jith filter is given by

F o) ) = e exp -
2 | oj) = —=cexp| —
e 27 Wii.k 2W.ii.k

wherer;; ; is the prefit measurementresidualand W,  is the innova-
tions covarianceof the jith filter at time #. The prefit measurement
residual is given by

Tiik = 2k — h(f(,fl, a.ii)

where h (.f(;;(, aj;) is the measurement computed from the Kalman
filter model evaluated at the current state estimate JE(,:;( The inno-
vations covariance is a function of the state error covariance P(,TL,
the measurement mapping matrix H j; x, and the measurement noise
covariance aﬁ._ 2o

_ (—) T 2
Wiix =Hjix Pji.k Hji.k tT 05k

The prefitresidual, the innovationscovariance,and the measurement
noisecovarianceare all scalar values in this implementationbecause
the filter is processing scalar Doppler observables.

The likelihood function of the hierarchy may, therefore, be ex-
pressedas a functionof the individualfilter conditional probabilities
and the top- and bank-level gating weights (a priori probabilities):

L Ki
F@ =&Y flag (1)

i=1 =1

Note thatexplicitdependenceon earlierinformation Z; _ ;, will now
be implicitly assumed to simplify the notation.

The gating weight a priori approximationsare calculatedby trans-
forming the synaptic weights of the top- and bank-level GN neurons
through the softmax operator.”-® The gating weight of the i th output

Table 1 Softmax illustration

Bank a; gi

0 -2.0 0.003

1 0.0 0.0350
2 2.0 0.2583
3 3.0 0.7020
Sum 3.0 1.0

cell of the top-level GN is defined using softmax as a function of
the top-level GN synaptic weights

e
8i = =T

2 e

where a; is the top-level synaptic weight for each bank-associated
neuron.’'” The gating weight assigned to the jth filter within the
ith filter bank is similarly given by

ediik
ZKf eani k
n=1

The softmax function serves to provide a differentiableactivation
function that preservesrank order and generalizesa winner takes all
paradigm by exponentially separating gating weights. As an exam-
ple, consider the synaptic and gating weights in Table 1. Rank order
is preserved because the synaptic weights of the banks map into the
same magnitude order in the gating weights. The winner takes all
paradigm is observed when the relative gating weight magnitudes
within the rank order are shifted to favor the bank with the largest
synaptic weight. For example, the 50% increase in synaptic weight
from bank 2 to bank 3 translates into a marked 271% increase in
gating weight.

The gating weights are renormalized with each adaptation of the
synaptic weights, which occurs when a measurement is processed
by the Kalman filters, and have the following properties:

8jik =

0<g <1, 0<gii<l 2)

L K;
Yoa=1 Y ogi=1 3)

i=1 j=1

The gating weights may, therefore, be reasonably interpreted as the
approximationto the conditionala priori probabilities'! thateach fil-
ter or bank of filters, depending on the levelin the hierarchy, models
the spacecraft dynamics and measurement environment correctly.

Adapting the synaptic weights (and, hence, modifying the gating
weights) of the HME to maximize Eq. (1) is equivalentto adapting
the synaptic weights to maximize the log-likelihood function

I'=tuf(z0) @)

which proves easier to manipulate when evaluating a gradient with
respect to the synaptic weights.

Substitution of the g into Eq. (4) gives the log likelihood in terms
of the filter products and the gating weight vectors. The sensitivity
of the log likelihood to the synaptic weights is

=hix— 8ik %)

at the top level and

ol
0a;;
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at the bank level. The 4 are defined as
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for the top level and as

S| aji)gji.k
Ki
ijl Sz | aji)gji.k

Jjik —

for the jith filter on the bank level. Because of their dependence on
filter products, the & may be thought of as a posteriori probabilities
of each filter or bank. It is through the a posteriori probabilities that
the filter performances influence the GN learning process. This a
posteriori probabilisticinterpretation of filter outputs has been used
in other adaptive Kalman filter applications with varying degrees of
success.!213

The GN updates the synaptic weights a; , and a;; ; after the ex-
perts process z; by the gradient ascent procedure, which seeks to
maximize Eq. (4) (Ref. 9). The adaptation of the synaptic weights
is

ol
Qg1 =g + Moo = dik +nhix — &) 7

Ajiky1 = Ajix TN =aji,+nhi(hjie—gjin) 8

Qjik

where 7 is alearningrate parameterthatis not generally the same for
the top-level or individual bank-level GNs. The effective result of
this learning scheme is that the gating weights track the a posteriori
probabilities, which are functions of filter residual and innovations
covariance magnitudes. When the synaptic weights are adapted to
maximize Eq. (4), the best performing filters will generally be given
a weight close to unity by the bank-level GN. Similarly, the best
performing bank will be given a weight close to unity by the top-
level GN; however, the presence of sufficiently poor performing
filters in a bank containing the optimal filter may cause that bank
to notreceive the highest top-level gating weight. Note also that the
bank-level learning rule in Eq. (9) scales the update to the synaptic
weightby the i value for that bank. Because of this scaling, internal
learning progressesat a slower rate for filter banks that are assigned
low top-level gating weights.

Experimental Setup

The experimentalapplicationof the autonomousmonitoringcom-
ponentis the MPF cruise segment beginning after trajectory correc-
tion maneuver 2 on 4 February 1997 and ending 17 April 1997.
The two-way DSN Doppler data processed from this period is col-
lected every 10 min in roughly 8-h passes from each DSN station.
Nongravitational accelerations, SRP, and measurement noise have
beenidentified as three of the most significant sources of uncertainty
during MPF cruise.'* Chaeret al.> were able to characterize success-
fully changesin processnoise statisticsrelated to these error sources
using simulated MPF data and a linear Kalman filter implemented
with an approximate dynamic model. Their results indicated that
an HME implementation using high-fidelity filters processing real
data might be able to characterize deterministic changes in these
error sources. Therefore, the goal of the following experiments is
to determine if a general HME configuration can be used to char-
acterize 1) nongravitationalaccelerationsin the form of unmodeled
impulsive maneuvers, 2) SRP environment changes, and 3) unmod-
eled impulses and measurement noise statistics. The top-level GN
must clearly assign weight to the correct macromode characteriza-
tion bank in the event of a spacecraft environment change. Also,
the HME must be able to avoid false characterizationby giving the
control filter bank the highest weight in the absence of environment
changes. An initial learning period is expected because all filters
and banks are initially weighted equally in the HME. The length of
this period is inversely related to the magnitude of the learningrates
in the HME.

All filters in the HME are configured with the parameter realiza-
tion defined in Ref. 1 unless otherwise noted. The initial covariances
usedin all filters are summarizedin Table 2. The optimal SRP model
isindicatedas “Ely” andis amodel tuned by the genetic algorithmin
the adaptive modeling component of navigation architecture.’ The
learning rate for all GNss is set to 10 in the following experiments.
This value was chosen empirically to display both responsiveness

Table 2 Initial covariances for all filters

States Dimension 1—o¢  Units
Position 3 le4 km
Velocity 3 5 m/s
4 Feb. impulse 3 le—1 cm/s
25 March/test impulse 3 le—1 cm/s
Measurement bias 1 0.05 Hz
Dry troposphere 3 3.4e—10

Wet troposphere 3 1.65¢—10 ——
Area scale factors 6 1.0 e

Table3 Impulsive event experiment

HME configuration

Filter

number  Impulse  SRP model R
0,0 4 Feb. Ely 0.01
1,0 22 Feb. Ely 0.01
2,0 12 March Ely 0.01
3,0 30 March Ely 0.01
0,1 —_ MPF 2 0.01
1,1 —_ MPF 4 0.01
0,2 —_ Ely 0.003
1,2 —_ Ely 0.03
2,2 —_ Ely 0.09
0,3 —_ Ely 0.01

to environment changes and fidelity in the presence of noise. In
practice, the gating calculations are much less demanding than the
individual filter calculations, and a range of learning rates could be
used on the same residuals. Therefore, the results that follow rep-
resent one possible sensitivity of the HME that might be available
to navigators employing the autonomous monitor. The implications
of tuning the learning parameter are beyond the scope of this work
and are not presented here.

Results
Impulsive Events

To characterize unmodeled impulses, the HME must contain a
specific bank of filters that will accommodate an unmodeled ve-
locity change better than the operational filter in the control bank.
Bank 0 in the HME configuration of Table 3 contains filters with im-
pulsive maneuver filter states spaced evenly in time for the Doppler
data span under consideration. These impulses are modeled as nom-
inally zero magnitude, but the filter estimates corrections to the im-
pulses applied at these test times. Therefore, additional state space
is introduced to accommodate unmodeled velocity changes by ab-
sorbing Doppler residual signals through the Kalman gain for the
testimpulse estimate. The small MPF trajectory maneuver, approx-
imately 0.7 mm/s, on 25 March 1997 will be used as the impulse
to be detected and characterized in this experiment. This maneu-
ver magnitude is just above the 0.18-mm/s noise level modeled in
the operational filter Doppler measurements' and has been omitted
from the model of all filters in the hierarchy.

The filters in bank 1 use the MPF navigationteam SRP solutions2
and 4 as detectorsfor SRP change and the operational Dopplernoise
value of 0.01 Hz (0.18 mm/s) (Ref. 1). Filters in bank 2 model
changes in the Doppler measurement noise but are otherwise opti-
mal. Filter (0, 3) is the operational filter and is optimal other than
the absence of the 25 March impulse.

The top-level gating weights from this experimentare providedin
Fig. 3, where the times of the unmodeled impulse and the bank 0 test
impulse states are indicated by vertical lines. Note that the weights
are assigned only at times of data availability and, therefore, have
gapsbetweendatapasses. The gating weights are equally distributed
between the impulse and control banks for the first 10 days of data.
This result is to be expected because three of the filters in bank 0
contain the same dynamic model as the operational filter over the
first quarter of the data span. However, when the 22 February test
impulseinfilter (1, 0) comes and goes withoutan impulse occurring,
weight is reassigned from the impulse test bank to the control bank.
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Fig.3 Impulse event top-level weights.

Bank 0 Weights

1 T T T
0.5
A AA
® & ¢o08d @
o0 & 66 o o 00
0 ‘ &:l( ® x XXX MK x x x
0 10 20 30 40
Bank 1 Weights
1 T T
0O 00 000 OO0 COOD OO OO 000 |@Q
ofe o s 9929¢
| N SR P T N S
O | | | 1 | | 1
0 10 20 30 40 50 60 70
Bank 2 Weights
1 T T T T
4+ 0,=0.003
F A &Ik R s R S SIS L S T A s e T 1OGR=0.03 L
0.5 « ©0g=009 |
©00 O 00 0 00 0 O OCom 0O 00 00O [ o] 0 00 O(
0 ;X X X x‘ xx xx:lt x X xx‘xx xlxx xxlx xxl X X X ¥)
0 10 20 30 40 50 60 70

Day after 4-FEB-1997 3:1:0.0 UTC

Fig.4 Impulse event bank-level weights.

The autonomous monitor passes an important test at this point by
avoiding a false detection of a macromode change. A similar effect
isobservedon 12 March to a smaller extent. The unmodeledimpulse
occurs in the middle of the data pass on day 49 but does not manifest
a significant enough change in the data for characterizationuntil the
next pass when the impulse bank is correctly assigned the major-
ity of the gating weight. A navigator examining this gating history
would be justified in adapting the operationalfilter to accommodate
an impulse between 12 March and 27 March. The bank-level gating
weights in Fig. 4 reflect a similar behavior because filter (2, 0) is
assigned the most weight in bank O on the pass after the unmod-

eled impulse. The SRP alternative models in bank 1 are weighted
relatively the same within their bank. The small noise filter (0, 2)
is selected throughoutthe data span within bank 2. However, recall
from Eq. (9) that bank-levellearning is scaled by the top level a pos-
teriori weight &, ; associated with each bank. Because the gradient
learning rule in Eq. (8) indicates that the gating weights track the a
posteriori weights and the noise bank gating weight goes to zero in
Fig. 3, it can be concluded that relatively no internal learning occurs
in bank 2 because of its poor collective top-level performance.

To illustrate the sensitivity of the HME to changes in the
environment, the filter residuals for the HME selected filter and the
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Table 4 SRP model change experiment

HME configuration
Filter
number  Impulse SRP model R
0,0 4 Feb. MPF 4 0.01
1,0 22 Feb. MPF 4 0.01
2,0 12 March MPF 4 0.01
3,0 30 March MPF 4 0.01
0,1 —_— MPF 2 0.01
1,1 —_— Ely 0.01
0,2 —_— MPF 4 0.003
1,2 —_— MPF 4 0.03
2,2 —_— MPF 4 0.09
0,3 —_— MPF 4 0.01
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Fig. 6 Impulse event operational and HME filter residual differences.

operationalfilter are presentedin Fig. 5. The HME selected filter is
the filter with highestbank-level weight in the bank with the highest
top-level gating weight. Until the time of the unmodeled impulse,
the HME filter produces residuals essentially equivalent to the con-
trol filter. Differences in the residuals do not begin to appear until
day 51 (Fig. 6) and are not outside the measurement noise range
until after the impulse bank has been selected on the top level. This
indicatesthat the autonomous monitor characterizedthe unmodeled
impulse when the residual signature was still within the noise 1o.

SRP Model Changes
To investigatethe ability of the autonomouscomponentto charac-
terize a continuous change in the SRP model, the HME was config-

ured as detailed in Table 4. The basic structure is the same as in the
impulsive eventdetection with the exception thatall of the filters not
involved with SRP change characterizationutilize the MPF naviga-
tion team SRP model 4. The assumption of this scenariois that MPF
SRP model 4 is incorrectly believed to be the optimal model and is
thereforeused in the operationalfilter and most other filters. The two
filters in the SRP change bank 1 use the Ely genetic algorithm tuned
SRP model and the MPF navigation team model 2 to provide alter-
native SRP dynamics to the operational model. The Doppler noise
values are configured in the same manner as before with bank 2
filters modeling changes in the measurement noise. To examine the
degree to which the top-level GN can switch between macromodes,
the small 25 March impulse is again omitted from all filters.

After the initial 10-day learning period, the top-level gating
weights are definitively assigned to the SRP model change bank
as illustrated in Fig. 7. When the bank level weights in Fig. 8 are
examined, it can be seen that the optimal Ely SRP model in expert
(0, 1) receives the majority of weight from the beginning of the data
span, but also gains a definitive weighting majority after day 10. The
top-level SRP bank maintains the maximum weighting through the
test impulses on 12 February and 22 March, but the impulse bank
is selected beginning on the data pass after the unmodeled impulse.
Therefore, in this experiment the autonomous monitoris able to dis-
tinguish between a continuous and a discrete environment change
within the same data set.

The HME selected filter and operational filter residuals in Fig. 9
are nearly identical to visual inspection. Furthermore, the HME
and operational filter residual differences in Fig. 10 are well below
the magnitude of the nominal MPF Doppler noise. Therefore, the
selectionof the SRP macromode on the top level is based on the con-
tinuous performance of the filters in bank 1. This result is markedly
different from the HME decisions involving unmodeled impulses
in the previous experiment, where the residual difference between

Table 5 Impulse and noise experiment

HME configuration

Filter

number  Impulse  SRP model R
0,0 4 Feb. Ely 0.01
1,0 22 Feb. Ely 0.01
2,0 12 March Ely 0.01
3,0 30 March Ely 0.01
0,1 —_ MPF 2 0.01
1,1 —_ MPF 4 0.01
0,2 —_ Ely 0.003
1,2 —_ Ely 0.03
2,2 —_ Ely 0.09
0,3 —_ Ely 0.01
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Fig.7 SRP change top-level weights.
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the operational and HME filters would demonstrate a rapid and
significant magnitude change within a single pass. Because this ex-
periment also includes the unmodeled impulse on 25 March, note
that the HME correctly characterizesthis event without a noticeable
residual signature after the impulse on day 49 in Fig. 10.

Noise Change with Impulsive Event

The impulsive event detection performed in the first experiment
is now conducted with the addition of the Gaussian noise signal
plotted in Fig. 11. The addition of this noise from day 5 to day 15
gives the measurements an equivalent total noise value of 0.04 Hz
for this time period. The HME is configured exactly the same as in
the impulse detection experiment as illustrated in Table 5.

The top-level and bank-level weights for the noise and impulse
characterization experiment are provided in Figs. 12 and 13. The
top-level weights exhibit a brief initial learning period before the
noise bank moves to almost unity, weighting very close to the be-
ginning of the increased noise segment. On the bank level, filter
(1, 2) with a noise statistic of 0.03 Hz moves to unity weighting
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Fig. 13 Noise and impulse bank-level weights.

over the 0.003- and 0.09-Hz filters. The increased noise segment
ends on day 15, but the noise bank maintains unity top-level weight
until the learning period starting near day 30. It is not clear whether
the extended weighting of the noise bank is a property of the GN or
the EKFs or both. However, during the learning period, the control
and impulse banks are weighted equally. Once the 12 March test
impulse in filter (2, 0) passes near day 35, the control bank is defini-
tively selected as the best performer. When the unmodeled impulse
occurson 25 March, a second learning period occurs where the noise
bankis giventhe highestweight for two data passes. After 30 March,
the impulsive filter is given unity weighting. The soft decision capa-

bility of the multilevel HME is demonstratedin this switch because
the 12 March test impulse filter is selected after the unmodeled im-
pulse, only to give way to the 30 March test impulse filter on the
bank level, but the top-level decision is nonetheless correct.

The residual comparisons between the HME selected filter and
the operational filter presented in Figs. 14 and 15 show that there
is only a small difference in the residuals from day 25 to day 30,
indicating that the noise bank filters are performing as well as the
operational filter during this span. After the unmodeled impulse on
25 March, there is a two-pass transition before the top-level weights
are assigned to the impulse detection bank.
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Residual from EKF with Highest Conditional Probability
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differences.

Conclusions

The autonomous monitoring algorithmsuccessfully detected and
characterized unmodeled macromode environment changes in the
MPF interplanetary cruise environment within one or two data
passes for single macromode unmodeled environmentchanges. Un-
modeled events were characterized correctly in all three experi-
ments, and false characterizations in the absence of environment
changes were not significantly present. Learning periods were ob-
served at the beginning of each experiment when no filter bank was
clearly selected or the incorrectfilter bank was temporarily selected
by the top-level GN. The multimode MPF environment changes in
the third experiment created two distinct learning periods within
the data span after each mode change and incorrectly maintained
noise macromode selection for approximately 15 days after the in-
creased noise period elapsed. Some learning is required for the top-
level GN to make robust decisions, otherwise a single measurement
could cause an instantaneous reassignment of gating weight and
lead to false detection or incorrect characterizationof environment
changes. The unmodeled impulsive maneuver and solar radiation
pressure mismodeling were both characterized when the difference
between the operational and HME selected measurement residuals
were still below the level of the Doppler DSN measurement noise.

The learning periods at the beginning of the data span might be
reduced if the GNs were initialized with synaptic weights favoring
the operational filter in the control bank instead of equal initial
weighting as in these experiments. Such a biased initial weighting
scheme has intuitive merit because the operational filter is believed

to be the best model of the spacecraft environment when the first
measurement is processed. However, because the adaptation of the
synaptic weights is sensitive to their magnitude during application
of the gradient learning rule, care must be taken to not overlook
changes that occur shortly after the data span begins. As always, the
balance between response time and robust decision making must be
observed.

Furtherexperimentationis requiredto determinethe effectiveness
of the impulse characterizationconfigurationused in bank 0. In par-
ticular, the temporal spacing of test impulse filter states required to
determine adequately the approximate time of unmodeled discrete
velocity changesin an operationalsettinghas yetto be determined. It
is possible that the adaptation of the operational filter to account for
unmodeled impulses might require the genetic algorithmto include
event time as one of its parameters. Previous work with a single
linear Kalman filter modeling multiple unknown accelerations in-
spires the creation of a queue of impulse detection EKFs in bank 0.
In the queued approach, a manageable number of filters populate
bank 0 with a reasonable temporal test impulse spacing. If bank 0
does not accrue top-level weight within a certain time interval after
the first test impulse in the queue has occurred, then that filter is
removed from the bank and a new filter with an upcoming test im-
pulse replaces it at the end of the queue. The multilevel structure of
the HME would be usefulin this approach because bank-level prob-
abilities would be reassigned equally when the queue changes, but
the top-level weight assigned to the impulse detection bank would
remain the same. This approach is appealing because it limits the
number of active filters required for small temporal spacing of test
impulses in bank 0.

Several operational questions must be addressed before the au-
tonomous monitoring and the offline adaptive components can be
fully integrated. Given that periods of learning can occur even with
acceptable top-level decision making, two distinct problems arise.
First,amethodof distinguishingongoinglearningfromenvironment
changes beyond the scope of those modeled in the HME configu-
ration of filters should be developed. It is possible that the HME
can diverge if a change occurs in which no filter or bank correctly
models the spacecraftenvironment. Large residualsin all filters can
cause a numerical underflow problemin the a posterioriprobability
calculations. A time limit or data quantity limit on learning along
with minimum residual magnitude monitoring should adequately
address this issue. Second, a method of determining when adapta-
tion should take place should be developed. The operational filter
should be adapted by the genetic algorithm only after the top-level
weights have maintained a threshold value for a specified number
of data points. This would avoid adaptationin response to transient
or learning period weighting regimes.

Finally, it is envisioned that the autonomous monitoring compo-
nent is a candidate for implementation onboard a spacecraft during
interplanetary cruise. The primary concern in such an implementa-
tion would be the computationalload required for running multiple
environmentrealizationsin parallel. However, the Kalman filteris a
sequential estimation algorithm known for its efficiency and should
easily be accommodated by modern flight computers during nom-
inal cruise operations. The offline adaptation component is more
demanding of computer resources and may have to be relegated
to ground-based operation for difficult parameter optimizations. A
secondary modification for onboard operation would be processing
data terminating at the spacecraft rather than two-way data types
that originate and terminate at a ground station. Such data could be
two-way datarelayed from spacecraftto ground stationto spacecraft
or one-way data transmitted from the ground station. Because the
HME formulation only requires the statistical evaluation provided
by residual analysis,other data types such as optical data originating
from sensors onboard the vehicle are theoretically possible for use
in the autonomous monitoring scheme.
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