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Preface

This quarterly publication provides archival reports on developments in pro-
grams managed by JPL’s Office of Telecommunications and Data Acquisition
(TDA). In space communications, radio navigation, radio science, and ground-based
radio and radar astronomy, it reports on activities of the Deep Space Network (DSN)
in planning, in supporting research and technology, in implementation, and in op-
erations. Also included is standards activity at JPL for space data and information
systems and reimbursable DSN work performed for other space agencies through
NASA. The preceding work is all performed for NASA’s Office of Space Operations
(0OSO). The TDA Office also peforms work funded by two other NASA program
offices through and with the cooperation of the Office of Space Operations. These
are the Orbital Debris Radar Program (with the Office of Space Station) and 21st
Century Communication Studies (with the Office of Aeronautics and Exploration
Technology).

In the search for extraterrestrial intelligence (SETI), The TDA Progress Report
reports on implementation and operations for searching the microwave spectrum.
In solar system radar, it reports on the uses of the Goldstone Solar System Radar
for scientific exploration of the planets, their rings and satellites, asteroids, and
comets. In radio astronomy, the areas of support include spectroscopy, very long
baseline interferometry, and astrometry. These three programs are performed for
NASA’s Office of Space Science and Applications (OSSA), with the Office of Space
Operations funding DSN operational support.

Finally, tasks funded under the JPL Director’s Discretionary Fund and the
Caltech President’s Fund that involve the TDA Office are included.

This and each succeeding issue of The T'DA Progress Report will present ma-
terial in some, but not necessarily all, of the following categories:

0OSO Tasks:
DSN Advanced Systems
Tracking and Ground-Based Navigation
Communications, Spacecraft-Ground
Station Control and System Technology
Network Data Processing and Productivity
DSN Systems Implementation
Capabilities for Existing Projects
Capabilities for New Projects
New Initiatives
Network Upgrade and Sustaining
DSN Operations
Network Operations and Operations Support
Mission Interface and Support
TDA Program Management and Analysis
Ground Communications Implementation and Operations
Data and Information Systems
Flight—Ground Advanced Engineering
Long-Range Program Planning

0SO0 Cooperative Tasks:
Orbital Debris Radar Program
21st Century Communication Studies



OSSA Tasks:
Search for Extraterrestrial Intelligence
Goldstone Solar System Radar
Radio Astronomy

Discretionary Funded Tasks
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Precise Orbit Determination of High-Earth Elliptical Orbiters
Using Differenced Doppler and Range Measurements

J. A. Estefan
Navigation Systems Section

Recent advances in Deep Space Network station calibration methods have
led to renewed interest in the use of differenced Doppler and range data types
for interplanetary navigation. This article describes an orbit determination error
analysis of the performance of these differenced data types when used with con-
ventional two-way Doppler for precise navigation of High-Earth Orbiters. Three
highly elliptical Earth orbits are investigated, with apogee heights on the order of
20,000 km, 70,000 km, and 156,000 km. Results indicate that the most significant
navigational accuracy improvements, relative to the performance obtained from two-
way Doppler alone, are achieved for the lowest altitude orbit by using differenced
Doppler measurements with two-way Doppler (assuming that spacecraft onboard
downlink antennas have no ground footprint limitation in the near-apogee regime).
In the case of the two higher altitude orbits, accuracy improvements over Doppler-
only performance, although less dramatic, are also achieved when differenced range

measurements are combined with two-way Doppler.

I. Introduction

As NASA’s commitment to supporting national and in-
ternational High-Earth Orbiter (HEO) missions continues
to evolve, it is becoming increasingly apparent that the
NASA/JPL Deep Space Network (DSN) will be tasked
with providing tracking and navigational support, partic-
ularly for the orbiting radio astronomy platforms planned
for launch as early as 1995. The DSN is proceeding with
the implementation of a dedicated HEO subnetwork of
10-m antennas for this purpose.’

1J. Ovnick, “Orbiting VLBI Subnet C/D Review,” Presentation
Viewgraphs, Jet Propulsion Laboratory, Pasadena, California,
April 3, 1991.

A host of tracking techniques and data types have
been investigated for possible use in HEO mission sup-
port. The most common data types that are expected
to receive widespread use are two-way Doppler and two-
way range. High-accuracy interferometric and differen-
tial techniques, such as very long-baseline interferometry
(VLBI) and AVLBI, as well as Global Positioning System
(GPS)-based tracking have also received much attention
[1,2]. One technique that has been suggested is a differ-
enced one-way range (DOR) by multiple frequency phase
measurements, ‘which modulates the transmission of the
spacecraft so that cycle ambiguities can be eliminated and
which measures only the phase differences [3] (not to be
confused with ADOR, in which an observation of an ex-



tragalactic radio source is also used). It has also been sug-
gested that postprocessed VLBI science data be used to
improve the accuracy of the orbit [4], but this would only
be possible for radio astronomy platforms and is not likely
to benefit the orbit determination process unless real time,
or at least, near-real-time correlation is possible. Other,
more esoteric methods have been investigated, including
the use of satellite laser ranging systems and onboard
microaccelerometers. The advantages and disadvantages
of these tracking methods have been discussed in greater
detail in [5].

A data type that is geometrically equivalent to DOR,
yet somewhat less cumbersome to implement operation-
ally, is two-way minus three-way range (differenced range).
Analogously, two-way minus three-way Doppler (differ-
enced Doppler) can also be employed. These data types
are usually referred to as “quasi-VLBI” data because they
provide information about the spacecraft position and ve-
locity similar to that provided by VLBI. Although less
accuracy can be achieved than with VLBI, differenced
Doppler or range data can be made available for navi-
gational purposes faster than data from the DSN VLBI
system. Until recently, differenced range was not thought
to provide adequate accuracy for orbit determination due
to large systematic errors associated with the data, in par-
ticular, clock offsets between co-observing stations. How-
ever, this method is becoming more attractive as better
calibration systems become available. A recent analy-
sis has shown that improvements in DSN ranging sys-
tem calibration accuracies, together with clock offset and
other calibration data derived from the GPS, could theo-
retically determine spacecraft angular coordinates to 30—
‘90 nrad accuracy [6]. A similar investigation of the use
of differenced Doppler for orbit determination, based on
analysis of the 8.4-GHz (X-band) data acquired from the
Magellan spacecraft, showed that differenced Doppler
might deliver 50-100 nrad spacecraft angular accuracy, ex-
cept for spacecraft within about 10 deg of the celestial
equator [7]. Results from these analyses are encouraging
enough to warrant investigation of these data types for use
in HEQO mission support.

This article presents an orbit determination accuracy
assessment for an HEO mission set by using two-way

range, differenced Doppler, and differenced range mea-

surements together with conventional two-way Doppler.
Three different HEO missions are studied, each of which
is taken from the orbiting-VLBI (OVLBI) radio astronomy
platform set: the Japanese VLBI Space Observatory Pro-
gram (VSOP); the Soviet RADIOQASTRON Project; and
the International VLBI Satellite (IVS). Orbital character-
istics for each mission are defined, with associated ground

tracks and DSN view periods provided. An array of numer-
ical error covariance analyses are performed to evaluate or-
bit determination accuracies achievable with different data
strategies. A detailed description of the assumptions used
for tracking data simulation and error modeling is also
provided, along with a discussion of observable formulation
and downlink footprint limitations, as well as a description
of the orbit determination error-modeling parameters. In
summary, a performance assessment is provided for each
mission based on the numerical results generated during
the study.

. Mission Orbital Characteristics

A set of sample orbit parameters for VSOP and
RADIOASTRON are summarized in Tables 1 and 2 (ini-
tial spacecraft ephemerides are referenced to Earth mean
equator and equinox of date). Based on these orbital char-
acteristics, each orbiter will trace repeatable ground tracks
and VSOP will experience a nodal regression and apsidal
rotation of roughly 180 deg per year due to Earth oblate-
ness. The RADIOASTRON orbit will maintain a “fixed”
perigee since its orbital inclination is taken to be near the
critical value of 63.4 deg; the ground track required to
remain constant with about a 24-hr period. A ground-
track profile and DSN view periods for VSOP are shown
in Figs. 1(a) and 1(b) for a typical 24-hr period.?

The sample RADIOASTRON orbit optimizes ground
coverage over the Soviet Union, but has limited visibil-
ity from the DSN, with the exception of Madrid. To use
differenced data types, at least two ground stations must
simultaneously “view” the spacecraft for some interval of
time, but the nominal orbital geometry does not permit a
view period overlap for any DSN intercontinental baseline.
Therefore, for this analysis, the longitude of the ascend-
ing node is shifted westward to 145 deg, which enables an
overlap between Madrid and Goldstone. The correspond-
ing ground track and DSN view periods for this shifted
orbit are shown in Figs. 2(a) and 2(b).

In the case of the IVS, mission design remains in the
early stages of development; a “nominal” orbit has yet
to be clearly defined. There does exist an array of sug- -
gested orbital geometries ranging from a moderate-altitude
(~25,000 km) to a high-altitude (~40,000 km) orbit, even
an “ultra-high” altitude (~150,000 km) orbit has been sug-
gested. A set of four orbit phases was selected in an ear-

2 The labels DSCC 10, DSCC 40, and DSCC 60 in.this and sub-
sequent figures represent the Deep Space Communications Com-
plexes (DSCCs) at Goldstone, California; near Canberra, Aus-
tralia; and near Madrid, Spain, respectively.



lier IVS orbit determination study [8], but only the ultra-
high altitude phase is considered here since the moderate-
and high-altitude orbit cases are similar geometrically to
VSOP and RADIOASTRON. The orbital parameters are
summarized in Table 3, with the corresponding ground-
track and DSN view periods shown in Figs. 3(a) and 3(b).

lll. Assumptions for Numerical Error
Covariance Analysis

A. Observable Development

The general model for the range observable used in the
Orbit Analysis and Simulation Software (OASIS) package
is defined by

pEr+m+11+T7C (1

where

r = distance between the spacecraft and Earth-based
tracking station®

7r = delay due to troposphere
71 = delay due to ionosphere

7¢ = delay due to clock offset calibration errors

A detailed mathematical description of observable mod-
els and their associated partial derivatives (partials) is pro-
vided in OASIS Mathematical Description.* The range
rate, which is proportional to the Doppler observable, is
determined by taking the time derivative of the range
observable given in Eq. (1). The studies presented here
for two-way measurements assume that appropriate linear
combinations of the one-way measurements described by
Eq. (1) can be formed for purposes of conducting error
" analyses. These assumptions apply to observable formula-
tion and computation of the partials; moreover, round-trip
light time corrections are omitted in the formulation of
the observations and partials (even though this capability
does exist) since these corrections are normally reserved
for interplanetary studies. Partials for ionospheric refrac-
tion are omitted in this analysis since it is expected that
the sensitivity due to tropospheric path delay will be the
major propagation media effect due to the high operating
frequencies proposed for OVLBI (i.e., 8-15 GHz).

< 48.C. Wu, W. L Bertiger, J. S. Border, S. M. Lichten, R. F. Sunseri,
B. G. Williams, P. J. Wolfl, and J. T. Wu, OASIS Mathematical
Description, V. 10, JPL D-3139 (internal document), Jet Propul-
sion Laboratory, Pasadena, California, April 1, 1986.

Constructing an observable for differenced Doppler/
range amounts to differencing a two-way and a three-way
measurement. The resulting observable is a by-product
of differencing the downlink signals of each participating
Earth-based tracking station over a common view period
(see Fig. 4). Mathematically, this can be expressed as

Ap(Ap) = élu(ﬂlu) + Iild(Pld)J" £ﬁ1u(/’1u) -+ ﬁzd(PZd)l

2-way measurement

-~
3-way measurement

(2
= pra(p1a) — p2a(p2a)

where

p1u(p1y) = uplink Doppler/range measurement from
DSN station 1 to the spacecraft

p1a(p14) = downlink Doppler/range measurement
from the spacecraft to DSN station 1

p24(p24) = downlink Doppler/range measurement
from the spacecraft to DSN station 2

B. Tracking Data Simulation

For the error analyses, two-way 8.4-GHz (X-band)
Doppler data were taken to be the primary data type and
were collected continuously from two Deep Space Stations
(DSSs), at different intervals, throughout the course of a
single orbit arc.® The two stations were chosen so that a
region of overlap existed in which differenced Doppler and
range measurements could also be acquired.

To account for data noise, the Doppler was weighted
with a 1-¢ measurement uncertainty of 0.1 mm/sec over a
60-sec integration time. The data weight (1/02) was ad-
Jjusted according to the minimum elevation at the station,
and data points below 10-deg local horizon were omitted.
In certain cases, two-way 2.3-GHz (S-band) range data
were acquired continuously along with Doppler but sam-
pled at a rate of one point every 240 seconds. These data
were also weighted for minimum elevation, and the 1-¢
measurement uncertainty was taken to be 15 cm. As with
Doppler, range data were collected only when the space-
craft was considered in-view—when the station elevation
angle is greater than 10 deg.

Differenced Doppler and range measurements were col-
lected (assuming a three-way link) only in the near-

3Tt is expected that the VSOP mission will use a 15-GHz link; the
analysis in this article is meant as an illustrative case using the
VSOP orbit, not as a specific application for the mission.



apoapsis region of the orbit. Differenced Doppler measure-
ments were sampled over a 60-sec integration time with
elevation corrections. The 1-o measurement uncertainty
was assumed to be 0.15 mm/sec—50 percent more noisy
than two-way Doppler data. Differenced range measure-
ments were weighted (also according to minimum eleva-
tion) with 1-0 measurement uncertainty of 22.5 cm, and
with a data point acquired every 2 minutes.®

Four data strategies were assumed for each OVLBI mis-
sion: two-way Doppler only, two-way Doppler plus two-
way range, two-way Doppler plus differenced Doppler, and
two-way Doppler plus differenced range.

An important caveat to note is that it may not be
possible to construct differenced Doppler/range measure-
ments due to the limited ground signature (footprint) of
the parabolic downlink antenna designs expected for the
OVLBI. This could be a major obstacle if these data types
are sought to be employed operationally, especially for the
large intercontinental baselines of the DSN and with high
link frequencies. Table 4 shows a small sample of an-
tenna footprints (computed from beamwidth = frequency/
diameter) that assume a parabolic downlink antenna op-
erating at 8.4 GHz (X-band). (Note that the Goldstone-
Madrid baseline is roughly 8,600 km in length, while the
Goldstone—Canberra baseline is about 10,600 km.)

It is clear from the table that the expected slant ranges
for the VSOP are not nearly large enough to facilitate
the acquisition of three-way data for any DSN interconti-
nental baseline; not to mention the fact that the 15-GHz
link further reduces the size of the ground footprint. For
RADIOASTRON, it may be possible to acquire three-
way data from a Goldstone-Madrid baseline if a small
(~0.25-m diameter) downlink antenna is employed and if
data are collected near the apoapsis regions of the orbit.
Of the three orbits considered in this study, the ultréhigh
altitude IVS orbit clearly would be most suitable for the
acquisition of three-way data. Perhaps for future HEO
missions, a variety of antenna-link designs and configu-
rations (e.g., multiple, independently pointable antennas)
will be considered.

6 These may be slightly more “conservative” estimates of the
measurement uncertainty; if independent and random measure-
ments were assumed for the differenced data types investigated
here, one could argue that the measurement uncertainty for
differenced Doppler/range could be determined oap{oa,) =
\/5,,-, (VZop). In this case, the one-sigma uncertainties for dif-
ferenced Doppler/range would be approximately 0.14 mm/sec and
21.2 cm, respectively.

C. Orbit Determination Modeling Errors”

The modeling of error sources was performed in essen-
tially the same manner for all three OVLBI missions and
was based on the current and expected future performance
of the spacecraft and the DSN. The fundamental error-
modeling assumptions used in this analysis were based on
Konopliv’s earlier work,® but were somewhat modified and
expanded for completeness.

The error—modeling parameters are broken down into
two categories: estimated and considered. The random
data noise characteristics addressed in Section III.B are
summarized in Table 5, along with the estimated parame-
ters, considered parameters, and associated sigmas.

1. Estimated Parameters. The estimated param-
eters were chosen to account for mismodeling of space-
craft nongravitational accelerations and calibration errors
for certain data types. Random accelerations due to so-
lar radiation pressure (SRP) and gas leaks were treated
as stochastic processes and were estimated along with the
spacecraft trajectory.

For the VSOP, RADIOASTRON, and the IVS space-
craft, the area-to-mass ratios were taken to be 0.04, 0.03,
and 0.10 m?kg~!, respectively. (The small area-to-mass
ratio for VSOP occurs because the onboard VLBI an-
tenna is expected to be nearly 80 percent transmissive,
whereas the the small ratio for RADIOASTRON results
from the large mass, 4,000 kg, of the spacecraft). The
SRP specular and diffuse reflectivity coefficients were des-
ignated stochastic variables, and the stochastic model for
process noise was taken to be a first-order Markov colored
noise model (exponentially correlated process) with steady
state sigmas equivalent to 10 percent of the maximum at-
tainable a priori values. Time constants were chosen to
be roughly equivalent to the orbital period in each case
(1/4 day for the VSOP, 1 day for RADIOASTRON, and
3 days for the IVS). A batch-sequential, factorized Kalman
filter was used in the estimation process, with batch sizes
for each of the aforementioned missions of 1 hr, 3 hr, and
6 hr, respectively.

Gas leak accelerations (in each spacecraft body-fixed
axis) were estimated stochastically with steady state sig-

7 A quick semantic note: The words error and uncertainty are used
interchangeably throughout the text and, as svch, they are in-
tended to be synonymous; moreover, an error, in this context, is
intended to imply uncertainty in measurement, not a mistake or
blunder.

& A. Konopliv, “Preliminary Orbit Determination Analysis for the
VSOP Mission,” JPL Interoffice Memoranda 314.4-648 and
314.4-667 (internal documents), Jet Propulsion Laboratory,
Pasadena, California, February 9 and July 20, 1989.



mas of 1072 km/sec?, and time constants were assumed to
be 1 day for the VSOP and RADIOASTRON and 3 days
for the IVS. The batch sizes were taken to be equivalent
to the SRP batch sizes.

To account for the effects of station-frequency offset-
calibration errors on differenced Doppler data, a bias pa-
rameter was added to these measurements. The bias pa-
rameter was estimated as a constant parameter with 1-o
uncertainty of the total a priori offset calibration value of
0.02 mm/sec. In the case of two-way range, a bias param-
eter was added for each DSS receiver to account for clock
offsets and signal path delays. Similarly, for differenced
range, a clock offset or signal path delay bias parameter
was added. The 1-o uncertainty of the total a priori off-
set calibration value was taken to be 300 cm (~20 nsec).
These uncertainties are representative of present-day ca-
pabilities. In the future, it is expected that GPS-based
calibration methods will substantially reduce these uncer-
tainties.

2. Considered Parameters. A consider parameter
is treated by the filter as an unmodeled systematic er-
ror and may significantly affect the error statistics of the
estimated parameter set. The total error covariance ac-
counts for the consider variances as well as the variances
‘computed by the filter, so as not to understate the pre-
dicted navigational performance. The considered parame-
ters used in this study accounted for systematic errors in
station locations, offset in the geocenter, gravity modeling,
and tropospheric path delay.

Station uncertainties include both a relative compo-
nent and an absolute (geocentric) component. The rela-
tive component refers to DSN-site-DSN-site uncertainty
(measured accurately by VLBI); the geocentric compo-
nent refers to a common error in locating the DSN sites
with respect to the Earth mass center (VLBI is insensitive
to this component). Conservative equatorial station loca-
tion errors of 50-75 cm were assumed;® the relative error
(station-station) being about 30 cm. For the z-direction,
10-cm relative and 1-m geocentric errors were assumed.
Analysis indicates that the expected accuracy of the geo-
center can be determined to better than 10 cm by using
GPS-based measurements [9]. The majority of this analy-
sis assumes that no such calibrations were available, again,
for conservatism; the only exception being one special case
in which GPS-based measurements were indeed assumed
for calibrating the limiting error sources associated with

9 T. Moyer, “Station Location Sets Referred to the Radio Frame,”
JPL Interoffice Memorandum 314.5-1334 (internal document), Jet
Propulsion Laboratory, Pasadena, California, February 24, 1989.

each data type. This special case is further described in
the next section.

Gravity-error modeling included the Earth’s Newtonian
gravitational parameter (GM) and an 8x8 reduced-order
GEM-T2 gravity field obtained from NASA-Goddard
Space Flight Center’s 50x 50 field [10]. Uncertainty of the
GM was taken to be 1 part in 103, while the formal sig-
mas for the GEM-T2 gravity field harmonlcs were used
and assumed to be uncorrelated.!?

The wet and dry components of error contribution due
to tropospheric path delay were considered with zenith
uncertainties of 4 cm and 1 cm, respectively (based on
present-day values from a seasonal model).

Atmospheric drag and Earth albedo (radiation pres-
sure reflected from Earth) were omitted from the error-
modeling process because their effects were shown to con-
tribute less than 1 cm to the total orbit determination
error in an earlier analysis [8].

IV. Performance Assessment

The orbit determination accuracy results described
here are expressed in terms of uncertainty in spacecraft po-
sition and velocity. All stated results represent root-mean-
square (rms) or 1-¢ performance statistics, since the batch-
sequential filter in this analysis used linear unbiased es-
timation methods. The filter-generated computed covari-
ance was combined with consider parameter sensitivities to
construct the total or full consider covariance, which was
then mapped forward in time to produce a time history of
propagating error sources and navigational performance
for four data strategies (Doppler only, Doppler plus two-
way range, Doppler plus differenced Doppler, and Doppler
plus differenced range). The covariance was mapped ahead
for a duration of 24 hr in the case of the VSOP and RA-
DIOASTRON orbits, and 72 hr in the case of the IVS
orbit.

A. VSOP Orbit

The accuracy statistics for VSOP position and veloc-
ity uncertainties are shown in Figs. 5(a) and 5(b). These
figures represent the total uncertainty over time, in a
root-sum-square (rss) sense, of all vector components,

10 Another, and perhaps more common, approach to gravity field mis-
modeling is to assume a “lumped sum” uncertainty of a fraction
(say 50 percent) of two differenced gravity fields (e.g., GEM-10
and GEM-L2). This is usually the method of choice when compu-
tational disk space and processing time are at a premium.



i.e., radial (altitude), transverse (down-track), and nor-
mal (cross-track), which account for the computed plus
consider errors.

Two-way Doppler and range were collected only dur-
ing the first passes at Madrid (00:17 to 03:57 hr) and
Goldstone (06:16 to 09:04 hr), a little over 7 hr in all;
no other stations were used for data acquisition. To
construct differenced Doppler and differenced range mea-
surements, a 90-min three-way link between 07:34 and
09:04 hr was assumed for a Madrid—Goldstone baseline
(baseline slant ranges: ~18,000-24,000 km). The perfor-
mance of the Doppler-only and Doppler-plus-range solu-
tions was very similar throughout the reconstruction and
prediction phases of the propagation cycle. By augment-
ing the Doppler-only data set with a relatively short pass
of differenced Doppler or differenced range data, a dra-
matic improvement in orbit determination performance re-
sulted, which suggests that, by using differenced Doppler
data over the data arc, there is about a 59-percent im-
provement in position performance and about a 78-percent
improvement in velocity performance. When differenced
range data are used, there is about a 43-percent improve-
ment in position determination and about a 63-percent
improvement in velocity performance.

Figure 6 represents a “snapshot” of performance statis-
ties for position and velocity taken at the initial apogee
crossing and at the first perigee passage, respectively. The
total uncertainty is broken down into the orthogonal com-
ponents of radial, transverse, and normal error. Again, the
Doppler-only and Doppler-plus-range measurements yield

similar characteristics, while the differenced measurements
" improve results more dramatically. It is especially inter-
esting to note that the Doppler plus differenced-Doppler
measurements were significantly better able to determine
the out-of-plane (normal) component than the other data
strategies investigated.

For the same snapshot event, a breakdown of individ-
ual error sources is provided (see Fig. 7). The computed
statistics represent the estimated or formal filter results
and are frequently referred to as data noise contributions.
The differenced Doppler measurements appear to yield the
best performance with respect to each error source. The
important observation, however, is that, by augmenting

the two-way Doppler data with either differenced Doppler -

or differenced range data, the effect of the tropospheric
uncertainty, which is the dominant error source here, is
substantially reduced. This behavior occurs because line-
of-sight data types, such as two-way Doppler and range,
are very sensitive to tropospheric zenith-delay calibration
errors, whereas differenced Doppler and range data types

are relatively less sensitive to the-calibration errors. An-
other important observation is the power of the differenced
data types for reducing velocity uncertainty in the near-
perigee regime, again, with the tropospheric uncertainty
contribution being dramatically reduced.

B. RADIOASTRON Orbit

In some respects, the covariance results for the
RADIOASTRON position uncertainty resemble those of
the VSOP, despite different orbital characteristics. How-
ever, this is not true in the case of velocity uncertainty.
Results for velocity performance are omitted due to the
less than 10-percent difference among all four data strate-
gies investigated (see Table 6 for a summary of all results).
Accuracy statistics for position uncertainty are provided
and summarized in Fig. 8.

“Two-way Doppler and range data were collected from
Goldstone and Madrid between 00:34 and 13:43 hr and
14:00 to 23:34 hr, respectively. This amounted to nearly
a 23-hr data arc—substantial coverage, indeed. Differ-
enced Doppler and differenced range measurements were
constructed for a 4-hr Goldstone—Madrid baseline between
09:42 and 13:42 hr (baseline slant ranges: ~71,000~
74,000 km). The results indicate about a 6-percent im-
provement in position determination when range data are
included with the Doppler; this is clearly evident in the
region £6 hr of apoapsis. The augmented differenced
Doppler case yields about a 7-percent improvement, but
begins to degrade late in the day. Measuring Doppler plus
differenced range data appears to be the best strategy in
terms of orbit determination performance throughout the
entire data arc. Results indicate about a 13-percent im-
provement over Doppler-only solutions.

Performance statistics taken at the initial apogee cross-
ing in terms of orthogonal components and individual er-
ror sources are shown in Figs. 8(b) and 8(c), respectively.
Here, all four data strategies yield similar performances in
terms of the radial and transverse components, with the
exception of the normal component, which was better de-
termined by using differenced Doppler or differenced range

. data.

From the error-breakdown chart, Fig. 8(c), the domi-
nant error sources appear to be data noise, station loca-
tions, and troposphere. The differenced data strategies,
particularly differenced range, seem to reduce the uncer-
tainty in the troposphere, whereas for the VSOP orbit,
the differenced Doppler helped to reduce the uncertainty
in the troposphere better than the other data types. This
phenomenon reflects the fact that there is greater infor-
mation content in the differenced Doppler measurements



for the lower altitude, highly elliptical orbiters, since the
data are very sensitive to the spacecraft’s orbital motion.
The differenced range information content is greater for
the higher altitude elliptical orbiters because the data are
more sensitive to orbital geometry than dynamics.

C. IVS Orbit

The IVS ultra-high altitude orbit case (67-hr orbit) of-
fers an interesting problem in terms of scheduling track-
ing passes. For this study, the argument of perigee and
longitude of ascending node were “optimized” to provide
substantial data coverage, particularly for the northern
hemisphere stations. As in the RADIOASTRON cases,
the covariance results for velocity uncertainty amounted
to less than a 15-percent difference for all four data strate-
gies, which translates to only ~0.13 mm/sec improvement
at best; therefore, these statistics are not shown. The
position uncertainty is certainly dependent upon the as-
sumed data strategy, and accuracy statistics are provided
-in Fig. 9.

Several long passes of two-way Doppler and range data
can be obtained from Madrid and Goldstone for this or-
bit. The tracking schedule is taken to be: 00:38 to
14:46 hr (Madrid) and 15:00 to 23:06 hr (Goldstone)
for the first day; 04:56 to 01:44 hr (Goldstone) for the
second-to-third day; and 02:00 to 17:48 hr (Madrid) for
the third day, a total of ~59 hr. Ten hours of three-
way data were acquired for a Madrid—Goldstone base-
line £5 hr either side of apogee (baseline slant ranges:
~148,000-151,000 km). The results show that the Dop-
pler-plus-range strategy yields the best performance dur-
ing the early part of the orbit arc (i.e., for the first day),
but then begins to degrade at the start of the second day.
For this case, about a 13-percent improvement in perfor-
mance resulted between Py 4 6 hours and P; — 6 hours,
where P, represents the initial perigee point (at epoch)
and P, represents the first perigee passage (end of the orbit
arc). When differenced Doppler and differenced range data
are used, better performance clearly results throughout
most of the reconstruction phase, with differenced range
data yielding the best results, about a 20-percent improve-
ment in performance, while differenced Doppler provided
only about a 14-percent improvement.

Figures 9(b) and 9(c) give the accuracy statistics for
all four data strategies in terms of orthogonal components
and error characteristics. As with the RADIOASTRON
cases, the radial component is determined about equally
as well for the four data strategies, and only slightly bet-
ter for Doppler-plus-range data. However, unlike RA-
DIOASTRON, the transverse component is better deter-

mined with the augmented data. The normal component
is, again, best determined with the differenced data types.

Limiting error sources for this case are seen to be
data noise and station location uncertainties, with the
data noise component for the two-way Doppler-only case
dominating all other error sources. This should not be
surprising because of the long data arcs used in this
case. Effects of gravity mismodeling are, as expected,
negligible because of the high-altitude phase of this orbit
(~150,000 km). Unlike the VSOP and RADIOASTRON,
the data strategy of Doppler plus range appears to be most
sensitive to tropospheric calibration errors.

To gain insight into what orbit determination accura-
cies can be achieved by using these radiometric data types
together with GPS-based ground observations for measur-
ing and calibrating the major systematic error sources, a
second set of numerical covariance analysis runs was made
for IVS. Results are shown in Fig. 10, again with velocity
omitted because of the relatively insignificant difference in
performance among data strategies (23-percent improve-
ment at best, which translates to ~0.16 mm/sec).

For this study, a tighter error budget was assumed with
respect to the observing platform and propagation media
errors, as well as the biases associated with each data type.
Specifically, relative station location uncertainties were re-
duced to 7 cm (each component), the wet zenith tropo-
sphere delay to 2 ¢cm, and the geocenter offset to 10 cm.
These values are still considered to be rather conservative,
especially for a mid-to-late 1990s time frame.!! The a pri-
ori frequency bias was then taken to be 0.003 mm/sec (1
part in 101%), while a priori biases due to clock offset and

~ signal path delays were taken to be 2 nsec (60 cm).

The same tracking passes were assumed in the ear-
lier case. The Doppler-only solution is improved over
the original Doppler-only solution, and the augmented
data strategies also yield better performance than in the
original case: about 29-percent improvement for Doppler
plus range data, 32-percent improvement for Doppler plus
differenced-Doppler data, and 39-percent improvement for
Doppler plus differenced-range data.

. In terms of orthogonal components, the radial error
component is again about the same for all strategies,
but transverse and normal components were significantly
better determined by using the augmented data types.
Clearly, when used in concert with the augmented data

118, Lichten, private communication, Tracking Systems and Appli-
" cation Section, Jet Propulsion Laboratory, Pasadena, California.



types assumed in this analysis, the GPS-based ground
observations reduced the major systematic error sources
substantially enough, see Fig. 10(c), that performance be-
comes limited only by the quality of the data. Similar
performance improvements were evident in earlier orbit de-
termination analyses of the actual VSOP and RADIOAS-
TRON missions.!2:13

These results are very encouraging because they sug-
gest that radiometric data types, such as two-way Doppler,
can deliver precise, orbit determination accuracies when
augmented with differenced data types and GPS-based
ground-calibration data. It is hoped that such a ground-
calibration system will become operational not only for
support of future HEO missions, but also for deep-space
missions.

Table 6 gives a summary chart of orbit determination
accuracy results (rss total uncertainty in position and ve-
locity) for all the different data strategies and missions
investigated. A range of statistics is displayed which indi-
cates the rms or 1-p orbit determination accuracy results
accumulated over the reconstruction phases (data arcs)
of a single orbit arc for each mission. For this analysis,
the relative improvement is difficult to quantify because it
varies over different phases of the orbit, and knowledge at
some points may be more important than at others. Ta-
ble 6 attempts to quantify the improvement in two ways,
giving both the range in uncertainties and the average
(percentage) improvement over the data arcs. The actual
values used to produce the percentages of improvement
were computed by integrating each error curve over the
data arc to obtain the total area relative to the total area
of the reference data strategy of two-way Doppler only.

V. Remarks

In this analysis, long two-way Doppler passes were used,
which amounted to obtaining all possible data available
from two ground telemetry sites. This, of course, may not
be realizable in an operational setting without a dedicated
ground network of antennas. Nevertheless, by utilizing
all the Doppler data available and comparing the result-
ing performance with that obtained from relatively short
passes of differenced data, one can ascertain the true power

12 Q. S. Christensen and J. A. Estefan, “Orbit Determination Ca-
pability for VSOP Using DSN Doppler Tracking,” JPL Inter-
office Memorandum 314.5-1424 (internal document), Jet Propul-
sion Laboratory, Pasadena, California, March 15, 1990.

13 ¢, S. Christensen and J. A. Estefan, “Orbit Determination Capa-
bility for Radioastron Using DSN Doppler Tracking,” JPL Inter-
office Memorandum 314.5-1448 (internal document), Jet Pro-
pulsion Laboratory, Pasadena, California, June 4, 1990.

of the differenced data types. The results suggest that the
more two-way data available, the less the influence of the
differenced data on the resulting orbit determination ac-
curacy. However, it is not yet clear if the improvement is
strictly a function of the orbital motion/geometry or due to
the relative lengths of the data ares; most likely, it is a com-
bination of both (recall that the VSOP orbit determination
results using differenced Doppler/range yielded the most
dramatic results). This makes intuitive sense since the
VSOP maintained a lower altitude than its counterparts,

" RADIOASTRON and IVS, and the lower the altitude, the

greater the parallax between the co-observing stations;
hence, information content of the data is increased. It
could be that if substantial coverage (i.e., two-way Doppler
data) cannot be obtained due to other antenna demands,
use of even a limited amount of differenced data would
provide increased orbit determination accuracy. The avail-
ability of GPS calibrations may assume greater significance
if the data quantities are limited.

It is also important to note that only east-west base-
lines were investigated for this study. This was not inten-
tional, but was a result of the fact that the orbital charac-
teristics of the cases examined were simply better suited
for east—west baselines. It is not yet clear whether better
performance can be achieved with north-south baselines.

The downlink antenna footprint limitation can be of
serious consequence operationally, especially if high link
frequencies (~8 GHz and higher) are to be used. There-
fore, future missions may require the use of two downlink
antennas to obtain the possible performance improvements
seen here.

VI. Conclusions

An orbit determination analysis was performed for a set
of three different orbits being considered as orbiting radio
astronomy (OVLBI) platforms to investigate the utility of
differenced Doppler and range measurements. The orbital
characteristics were described along with a discussion of
the assumptions used for numerical error covariance calcu-
lations. The covariance analyses were performed by using
a factorized Kalman filter to estimate a set of governing
parameters and to compute the sensitivity of the estimated
parameters to a set of unmodeled considered parameters
that were treated as systematic error sources. Orbit deter-
mination accuracy statistics were calculated for all three
orbits with an additional case reflecting the use of GPS-
based ground observations for calibrating all radiometric
data types investigated (two-way Doppler/range and dif-
ferenced Doppler/range).



Results indicate that for the VSOP orbit, an accuracy
improvement of up to 59 percent was achieved by using
two-way Doppler plus differenced Doppler for position de-
termination, and up to 78-percent improvement in veloc-

ity determination by using the same data strategy. These .

were, by far, the most dramatic results seen in the analy-
sis. For the RADIOASTRON and the IVS orbits, the rela-
tive improvement in velocity by using two-way range mea-
surements or even differenced measurements was rather
insignificant. However, up to 20-percent improvement in
position determination was evident when differenced range
measurements were used to augment the two-way Doppler
measurements. The power of the differenced data types
was even more evident when GPS-based ground calibra-
tions were assumed to measure and calibrate the limiting

systematic error sources. In the case of the IVS orbit, orbit
determination accuracy improved by roughly 39 percent in
position and 23 percent in velocity.

In exploring potential tracking methods for highly pre-
cise (submeter) orbit determination, earlier orbit determi-
nation analyses [8] focused on exploiting conventional two-
way Doppler tracking together with GPS-based tracking
methods, which included ground-based calibration data as
well as onboard flight receivers. The results suggested that
the two tracking techniques complemented each other ex-
tremely well throughout the orbit arcs, and it would be in-
teresting to investigate what accuracies might be achieved
when differenced Doppler and differenced range measure-
ments are used in the tracking processes as well.
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Table 1. Sample orbit parameters for the Japanese Very Long
Baseline Interferometry Space Observatory

Parameter

Value

Epoch
Date

Time

Initial spacecraft ephemeris
Semi-major axis
Eccentricity
Inclination
Argument of perigee
Longitude of ascending node

Mean anomaly

Additional parameters
Perigee height
Apogee height
Orbit period

January 1, 1995
00%®:00™:00%.0000 UTC

16,878 km
0.5629
46.0°

0.0°

0.0°

0.0°

1,000 km
20,000 km
6.06 hr

Table 3. Orbit parameters for ultra-high aititude International
VLBI Satellite Orbit

Parameter

Value

Table 2. Sample orbit parameters for the Soviet
RADIOASTRON Project

Epoch
Date

Time

Initial spacecraft ephemeris
Semi-major axis
Eccentricity
Inclination
Argument of perigee
Longitude of ascending node

Mean anomaly

Additional parameters
Perigee height
Apogee height
Orbit period

January 1, 1999
00":00™:00°.0000 UTC

83,378 km
0.86435
63.0°
270.0°
120.0°
0.0°

11,378 km
156,378 km
67.14 hr

Parameter

Value

Epoch
Date

Time

Initial spacecraft ephemeris
Semi-major axis
Eccentricity
Inclination
Argument of perigee
Longitude of ascending node
Mean anomaly

Additional parameters
Perigee height
Apogee height
Orbit period

August 1, 1993
00":00™:00%.0000 UTC

42,378 km
0.802303
65.0°
285.0°
200.0°
0.0°

2,000 km
70,000 km
24.10 hr

Table 4. Approximate parabolic antenna footprint, km, for
8.4-GHz (X-band) downlink

Antenna diameter, m

Slant Range, km

0.25 0.50 0.75
60,000 8,571 4,286 2,857
80,000 11,429 5,714 3,810
100,000 14,286 7,143 4,762
120,000 17,143 8,571 5,714
140,000 20,000 10,000 6,667
160,000 22,857 11,429 7,619

11
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Table 5. Orbit determination error model parameters

Parameter

Uncertainty, 1o

Random data noise
Two-way Doppler
Two-way range
Differenced Doppler
Differenced range

Estimated parameters (a priori)
Spacecraft
Position
Velocity

Stochastic accelerations
Solar radiation pressure
Gas leaks

Biases
Frequency offset
Clock offset /signal path delay

Considered parameters
QGravity
Earth's GM
Harmonics
DSN station coordinates
Crust fixed
Spin radius and longitude
Z-height
Geocenter-Z
Zenith troposphere delay
Wet
Dry

0.1 mm/sec
15 em

0.15 mm/sec
22.5 cm

1,000 m
1 km/sec

10% of max
10~? m/sec?

0.02 mm/sec
300 cm (20 nsec)

GMx10—8
8x8 field (GEM-T2)

50~75 c¢m
10 cm
1m

4 cm

1lcm




Table 6. 1-c orbit determination accuracy comparison for different data strategles

Data Strategy

RSS Position Uncertainty, m, and
Relative Percentage Improvement

VS 4+
vsop RADIOASTRON vs GPS Calibrations
Doppler-only versus 6.0-18.1 2.8-11.8 3.1-13.5 2.3-10.6
Doppler + range 5.6-16.8 2.5-11.0 2.8-11.9 1.8-7.5
6% 6% 13% 29%
Doppler + A Doppler 2.3-70 2.5-11.0 3.0-11.8 2.2-8.4
59% ™% 14% 32%
Doppler + A range 3.1-9.9 2.4-10.3 3.0-11.5 2.2-8.2
43% 13% 20% 39%
RSS Velocity Uncertainty, cm/sec, and
Relative Percentage Improvement
Data Strategy
s +
VSOP RADIOASTRON Vs GPS Calibrations
Doppler-only versus 0.18-0.85 0.030-0.33 0.020-0.24 0.015-0.21
Doppler + range 0.17-0.78 0.030-0.30 0.016-0.21 0.011-0.17
% 6% 13% 22%
Doppler + A Doppler 0.04-0.18 0.030-0.32 0.015-0.24 0.011-0.21
8% 5% 10% 20%
Doppler + A range 0.06-0.24 0.028-0.31 0.014-0.23 0.010-0.20
63% 10% 15% 23%

13
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Fig. 1. DSN visibility profile for the VSOP sample orbit: (a) spacecraft ground track (1-min spacing);
(b) ground network view periods (spacecraft rise/set times).
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The algorithms used in the JPL-IDEAS antenna-structure-design-optimization
program are furnished here. The algorithms are based upon the operational re-
search method of optimality criteria and the structural analysis method of virtual
work. Examples of the natural-frequency-constrained design of an antenna tripod

structure are included.

l. Introduction

The JPL-IDEAS program [1} is a finite-element struc-
ture-design-optimization program with minimum struc-
ture weight as the design objective. In addition to the
more conventional constraints, such as those on stresses
and displacements, structures can be subject to constraints
on antenna microwave performance parameters [2]. The
program can also accept minimum structural natural fre-
quency [3] for any specified vibration mode as a constraint.
The design variables are the areas of rod members or the
thicknesses of shear, triangular, or quadrilateral membrane
plates. The design approach employs the Optimality Cri-
teria Method [4] in which Lagrangian multipliers [5,6] are
used to determine the sizes of the design variables, and a
virtual work formulation is used to determine the sensitiv-
ities of the design variables.

Details of the natural-frequency design algorithm used
in an earlier version of the JPL-IDEAS program are de-
scribed in [3]. As explained there, depending upon de-
tails of formulation of the optimization problem, it was
necessary to use the artifice of scaling the final design to
" obtain the minimum weight design that met the natural-
frequency constraints. In other research that also concen-
trates on the natural-frequency design case [7,8,9], it is

also necessary to resort to scaling or recursion to obtain
the final design. More recently, the JPL-IDEAS natural-
frequency design algorithm has been improved to elimi-
nate the need for scaling the design. Scaling is especially
objectionable if members are to be selected from tables
of commercially available structural shapes. The current
algorithm provides an explicit equation for computation
of the Lagrangian multiplier in the case of a single-mode
natural-frequency constraint, and it can be extended to
deal with constraints on multiple-mode frequencies. This
algorithm is described here.

Il. Sensitivity Coefficient

To arrive at the sensitivity of natural frequency to
the design variables, the natural-frequency eigenvalue of
a particular vibration mode is expressed in terms of the

Rayleigh quotient as

»_ $'K¢
“= Mg @

in which ¢ is the mode-shape eigenvector, K is the as-
sembled structure stiffness matrix, M is the assembled
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structure lumped (diagonal) mass matrix, w is the nat-
ural circular frequency, and w? is the eigenvalue. Taking
the partial derivative of the eigenvalue with respect to a
particular design variable a; (such as a rod area or plate
thickness, either as an individual member or linked mem-
ber group) and also using the customary definitions of gen-
eralized modal mass M and generalized modal stiffness X,

e.g,
M= ¢'M¢ (2
K= ¢'K¢ (3)
the partial derivative can be expressed as

Ow? 1 0K oM , ,
—5;——9‘2 [¢ Ez:¢—¢t5—<;i—¢w] (4)

in which the partial derivatives of the assembled stiffness
and mass matrices can be expressed in terms of element
member stiffness k; and mass m; matrices for the 7th mem-
ber as

Ow?

o = i [#hi6 — $mig?] (5)

In the right side of the above equation, the first term in
the brackets represents the virtual work and the second
term the virtual kinetic energy for this element in this
vibration mode. Note that each of the bracketed terms
involves only the small subset of the eigenvector associated
with the connectivity of the element. The bracketed term
is replaced by the symbol V;, which will be considered as
an expression of vibratory virtual work, as modified by a
subtractive kinetic energy term, e.g.,

Vi = [¢°kip — ¢'m;gw?] (6)

Consequently, the partial derivative of the eigenvalue with
respect to the th member design variable is given by

fw? V,

Far = ™

It is convenient to design for structural natural frequency
as much as possible within the code that is already in
place for static loading design. The JPL-IDEAS program
uses the virtual work of each design variable to design for
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static loading. In contrast to Eq. (6), this virtual work is
expressed by a displacement-method formulation for plate
members and by a force-method formulation for bar mem-
bers as follows:

£
Vi = ¢hki¢p = (CRCD ?E) (8)

k2

in which the subscript R denotes a real external loading
and D denotes a virtual external loading, ¢r represents
the corresponding real displacement vector, and ¢p rep-
resents the virtual loading displacement vector. For a bar
element, Cr and Cp represent real loading and virtual
loading stress resultants, while £, a, and E represent the
corresponding length, area, and modulus of elasticity. To
simplify the exposition, the remaining discussion will em-
phasize the treatment for bar members. Minor modifi-
cations appropriate to treat plate members can be found

in [3].

In the case of bar members, it can be seen that the
virtual work for the natural-frequency design can have the
identical form of that in Eq. (8) for the static-loading de-
sign when using the second equality of this equation, pro-
vided that C is interpreted as the stress resultant corre-
sponding to the displacements of the eigenvector, and Cp
(dropping the subscript ¢) is computed as

aF

Cp =Cr-— w2¢tm¢ZCR 9)

Furthermore, if, as in [6], a combined stress coefficient term
FIJ' is defined as

FLJ = C’R%D— (10)

the virtual work for the ith element (again dropping the
subscript) can be expressed as

_ (FIJ’Z)i 1)

a

Consequently, the sensitivity of the eigenvalue to the ith
bar design variable is given by

2 I
dw? (FIJE) 1 12)

8ai - a?
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At this point, it is convenient to replace FIJ' with

F1J'
FIJ = =7 (13)

so that the sensitivity equation becomes

awz - (M)z (14)

da; a?

lli. Optimality Criterion

Let w* be the minimum requirement for the natural
frequency; the following constraint inequality then applies:

w?-w?<o (15)

The object is to minimize the structural weight, which, for
bar members with a weight-density parameter 7, is given
by

objective = min (E('yfa)i) (16)

Forming the Lagrangian L in the conventional way, with
A as the yet-to-be-determined Lagrangian multiplier, pro-
vides

L* = S7(7a); + Mw™? - w?) (17)

Setting the partial derivative of the expression with respect
to each design variable equal to zero and using Eq. (14)
provides the explicit expression for the optimum value of
the design variable @; as follows:

B

The above equation defines the optimality criterion for
each of the design variables. The remaining requirement
is to determine A.

V. Lagrangian Multiplier

Using the sensitivity expression and summing over all
the members, Aw? (the change in eigenvalue) can be esti-
mated as follows:

Aw? =" [(Fij£> (Zz—-a)]i (19)

Writing the right side of the above equation as the differ-
ence of two summations, the following is obtained:

s =3 () -E(55), @

1

By reexamining Eqs. (6), (8), and (10) and with some
algebra, it can be shown that the second summation in
Eq. (20) can be written as

YA

in which Mg is the portion of the generalized mass matrix
contributed by the nonstructural (parasitic) masses. That
is, the generalized mass can be considered as the sum of
the contributions from the structural-design variables Mg
and the contribution of the fixed masses, Mr; e.g.,

M= Mg + Mp (22)
Solving the constraint equation as an equality provides
Aw? = w*? — W2 (23)

The first summation on the right side of Eq. (20) can be
written as the sum of two terms; one term depends upon
free design variables that can be determined according to
the optimality criteria; the second term has bounds a; for
the design variables, such as a side constraint or a move
limit. Therefore, this term can be written as

Fljta F1Je (FIINY?\ 1)
() o (5 ()

free v

(), o

bounded
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Finally, some algebra based upon using Egs. (20), (21),
(22), (23), and (24) provides an explicit expression to eval-
uate the Lagrangian multiplier as follows:

v oM FIJt
W W ——— ap
M b a?
Al/Z — ounde (25)

FIJ¢ (FIT\?
> = | =

free v

Consequently, Eq. (18) in conjunction with Eq. (25) consti-
tutes the solution to the natural-frequency design problem
for a particular natural mode. The foregoing developments
could also be extended to provide the solution for simul-
taneous constraints on the frequencies of several modes.
These equations are applied iteratively in a sequence of
design cycles with move limits. Move limits compensate
for linearizations inherent to the foregoing formulations.

V. Design Examples

A hypothetical test problem is chosen to demonstrate
design optimization. The structure considered is a mod-
ification of the actual DSN DSS 13 antenna-reflector tri-
pod structure. Figure 1 shows the antenna and tripod
assembly just after completion in the summer of 1990.
Figure 2 shows the layout and geometry of the isolated
tripod structure component, which is designed with con-
straints on minimum natural frequency. The analytical
model contains about 350 individual structural trusswork

‘rod and plate members, which are linked into 40 distinct

design variable groups. There are about 200 nodes and 450
unrestrained degrees of freedom. In these examples, mem-
bers were selected from a continuous spectrum of available
sizes. In practice, there is a program option that causes
members to be selected from discrete tables of commer-
cially available structural shapes.

The frequency constraints for the first three natural
modes were postulated to be 2.5, 5.2, and 5.8 Hz. The
starting design consisted of about 4.8 kilopounds (kips) of
structure weight plus 4.5 kips of parasitic, nonstructure
weight. All three frequencies at the start were each about
20 percent less than the constraint.
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Figure 3(a) shows the frequencies achieved for indepen-
dent designs for each of these modes. The designs of the
second and third modes approximately satisfied the first
mode constraint. The design for the second mode did not
satisfy the third mode constraint, nor did the third mode
design satisfy the second mode constraint. The first mode
design did not satisfy either of the other two constraints.
The structure weights achieved during these designs are
shown in Fig. 3(b). It can be seen that both the sec-
ond and third mode designs entailed substantial weight
increases. Nevertheless, the first mode design resulted in
a weight reduction while providing the desired increase in
natural frequency.

- In another example, all three constraints were applied
simultaneously by using an envelope method as an ap-
proximation to a multiple-constraint design. This method
treats the constraints sequentially and maintains the val-
ues of the design variables at a level no less than the values
determined for previously treated constraints. Although
not strictly an optimal procedure, it has often been found
to work well in practice, especially for stress and displace-
ment constraints. The history of the simultaneous designs
and the structure weight is shown in Fig. 4. All the con-
straints are essentially satisfied at the ninth design cycle,
and the structure weight is less than 3 percent greater than
that of the isolated design for the third mode.

VI. Conclusion

The algorithm used to design for minimum natural
frequency and in the JPL-IDEAS structural optimiza-
tion computer program has been described and demon-
strated by an example. The optimality criteria method,
which is simple in concept and in execution, is employed.
This method provides an explicit algorithm-—almost triv-
ial to invoke—to size the design variables. Determination
of the Lagrangian multiplier, which is used in the algo-
rithm, requires most of the computational effort. The al-
gorithm is based on the well-known virtual work, dummy-
load concept. The final design to meet the constraints is
achieved directly and avoids the artifice of uniform scaling

of computer-derived results.
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Fig. 1. DSN DSS-13 antenna-reflector-tripod structure.
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Fig. 2. DSS-13 tripod geometry.
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This article describes the results of applying pattern-recognition techniques to
diagnose fault conditions in the pointing system of one of the Deep Space Net-
work’s large antennas, the DSS 13 34-m structure. A previous article described an
experiment whereby a neural network technique was used to identify fault classes
by using data obtained from a simulation model of the DSN 70-m antenna system.
This article describes the extension of these classification techniques to the analysis
of real data from the field. The general architecture and philosophy of an au-
tonomous monitoring paradigm is described and classification results are discussed
and analyzed in this context. Key features of this approach include a probabilistic
time-varying context model, the effective integration of signal processing and sys-
tem identification techniques with pattern-recognition algorithms, and the ability
to calibrate the system given limited amounts of training data. The article reports
recognition accuracies in the 97-98-percent range for the particular fault classes
included in the experiments.

l. Introduction

This article is intended as an overview of recent research
on how to design a health-monitoring system for the DSN
antennas. In particular, a systems perspective is provided
on how a pattern-recognition component may be embed-
ded within a more standard monitoring architecture. Not
included are particular aspects of related technical top-
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“ics such as classifier design, detection of change in a time

series, etc.

The article develops as follows: First, the background
to the problem is outlined. This is followed by a general
discussion of fault diagnosis, with a description of what has
become an evolving design for the autonomous monitoring



system. The conditions for the experiment are described,
as well as how the data were collected and why the faults
were chosen. The final section is a discussion of the ex-
perimental results and the various algorithms that were
run.

Il. Background and Motivation

The facilities of the DSN, such as the large antenna
structures at the Goldstone, Madrid, and Canberra sites,
represent a significant capital investment by NASA and
JPL. These antenna structures are critical to the perfor-
mance of the DSN, as they are potential single points of
failure in end-to-end network operation. Traditionally, rel-
atively low rates of data loss over the years have occurred
due to the efforts of JPL engineering and operations per-
sonnel to ensure that problems have been identified and
corrected quickly. As long as critical missions such as
_ planetary encounters were of short duration and relatively
sparse on the calendar, such labor-intensive approaches
were feasible. However, the nature of JPL planetary mis-
sions is already changing to involve longer duration plane-
tary encounters such as the Magellan project. In this con-
text, round-the-clock manual supervision of the various an-
tenna structures will not be feasible or economical, hence,
the risk of science data loss will be significantly increased.
Notwithstanding this change in the DSN operational en-
vironment, two other factors independently combine to
strongly support the argument in favor of autonomous
monitoring of DSN antennas. The first factor is the age
of the 70-m antenna systems. The initial projected opera-
tional lifetime of these antennas has long been passed, and
one can reasonably expect that system components will
become more failure-prone as time progresses. The sec-
ond factor is the planned shift in operational frequencies
from X-band (8.45 GHz) to Ka-band (32 GHz); from an
antenna-pointing standpoint, this necessitates much more
precise pointing accuracies than are currently feasible. In
this context, an antenna-monitoring system can, in prin-
ciple, provide much more information than simply setting
off alarms when faults occur. In particular, the monitoring
system can complement existing controllers by providing
on-line information about pointing-system components.

The above arguments in favor of autonomous health
monitoring may be convincing in themselves. However, it
should further be noted that recent advances in both hard-
ware and algorithms are what really make an autonomous
systemn feasible. Until recently, the computational capabil-
ities required for real-time data acquisition, signal process-
ing, and pattern recognition for this type of problem would
have required large computers at significant cost. A major

goal is to produce a system that can be implemented at low
cost (perhaps on a single board) using conventional soft-
ware such as C. This makes for higher reliability and lower
cost maintenance from an implementation standpoint. In
addition to the recent hardware advances, there has been
a resurgence of interest in pattern-recognition techniques
and applications for autonomous systems over the last few
years, driven largely by the promise of neural network ap-
proaches to the problem. From a development point of
view this is advantageous, as the significant amount of the-
oretical and applications-oriented work being carried out
in other research institutions can be leveraged.

lll. Problem Description: Detecting Failures
in Antenna-Control Assembilies

A. Are Antenna Faults a Problem in the DSN?

The importance of the antennas in terms of DSN op-
eration was decribed in the introduction. Omne question
that must be asked, however, is whether antenna subsys-
tems are prone to failure. Direct evidence is difficult to
acquire since there is no DSN database that tracks equip-
ment outages at the component level. The easiest informa-
tion to obtain is that based on discrepancy reports. There
are limitations on what can be inferred from these data.
In particular, the data outages reported are only a lower
bound on the length of time a particular subsystem (and
thus a whole antenna) is not available to support tracking.
Other inaccuracies can be caused by the reporting mech-
anism where reports written against the antenna system
are due to problems such as wind and snow or procedural
errors, which are of no relevance in determining antenna
system hardware reliability, although they are relevant for
availability.

Nevertheless, one can look at the relative magnitudes of
data outages caused by the different subsystems in a DSN
ground station. Over the period January 1986 to March
1991, 21.9 percent of the total data outage hours (as mea-
sured during scheduled tracks) for the DSN as a whole
were written against the antenna mechanical subsystem
(ANT). The antenna system was the second most likely
culprit in this regard after the DSCC Telemetry Subsys-
tem (DTM), which accounted for 28.2 percent of lost data

.hours, with radio frequency interference (RFI) in third

place at 16.3 percent. The top five subsystems account
for over 87.7 percent of the total data hours lost. Data
outage information is summarized in Fig. 1. In absolute
terms, 0.67 percent of all scheduled data hours over the
past 5 years was lost because of problems written against
the antenna mechanical subsystem. From these data, it
seems reasonable to infer that antenna system problems
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are a significant contributor to DSN downtime. More de-
tailed information of this nature needs to be acquired,
such as outage rates for specific antennas, component-level
maintenance information, and so on.

B. Fault Detection and Diagnhosis at Present
in the DSN

Typically, a faulty component will manifest itself in
the antenna-pointing system indirectly via a change in
the characteristics of observed sensor points in the control
loop. Because of the nonlinearity and feedback present, di-
rect causal relationships between fault conditions and ob-
served symptoms are difficult to establish. This can make
manual fault diagnosis a time-consuming and inefficient
process. In addition, if a pointing problem occurs while
a spacecraft is being tracked, that antenna is often shut
down and the track is handed over to another antenna,
if possible. Hence, at present, diagnosis often occurs af-
ter the fact, where the original fault conditions may be
difficult to replicate.

IV. Design of a Fault-Diagnosis System
A. Fault-Diagnosis Techniques

There are a variety of technical approaches for build-
ing a fault-diagnosis system. Three such approaches are
considered here: control theory, artificial intelligence, and
pattern recognition. Willsky [1] described some classic
control-theoretic techniques for on-line diagnosis. In gen-
eral, this approach requires a detailed observer model or
filter for each type of postulated fault. This presents a
problem,; because constructing the observer models is quite
difficult due to the high order and nonlinearity of the an-
tenna drive system. In addition, the technique should
be adaptive and able to recognize when new faults occur.
These capabilities are difficult to incorporate into the con-
ventional observer models. However, the problems are not
insurmountable, and the control-theory techniques may of-
fer the most straightforward solution for certain classes of
easily identifiable faults.

Artificial-intelligence techniques for fault diagnosis can
be classified into two categories. The first is rule-based ex-
pert systems. As pointed out in [2], systems with temporal
behavior are poorly modeled by the rule-based paradigm.
In addition, there is little in the way of experiential knowl-
edge with which to build a rule base for the problem. The
second category is that of model-based reasoning, where
a high-level qualitative model is built to enable problems
to be solved in a manner similar to reasoning from basic
principles. While this approach holds promise, especially
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where novel faults may be expected to occur, the technol-
ogy is not yet mature enough for application (see [2] for a
more detailed discussion).

The third general approach is based on pattern recogni-
tion or machine-learning ideas. The idea is simple enough:
Design an algorithm that can learn a model directly from
observing system behavior. A learning approach precludes
the necessity for considerable prior domain knowledge,
which is a characteristic of both the other approaches men-
tioned above. Hence, the system can in some sense be
“bootstrapped” into operation. It is a well-known fact in
pattern recognition, however, that providing the appro-
priate domain knowledge to the learning algorithm (say,
in the form of preprocessing the data) can considerably
improve its performance. Initial investigations bear this
point out, and it appears that a hybrid system, which
uses components of all three approaches described here,
is the most practical and promising avenue. Initial work
has been with the pattern-recognition component of the
model, which is the primary focus of the remainder of this
article.

B. System Design Issues

The approach taken in system health monitoring can be
considered to be a rough engineering analogy to passive
human sensory and perception capabilities. In particu-
lar, there is a hierarchical pattern of information flow, as
the raw time-series data are transformed and abstracted
by various specialized modules, mapped into a categori-
cal representation of variables of interest (such as fault
classes), and finally integrated over time to enable reliable
and robust decision making. This architecture is quite
generic to systems that must passively sense and perceive
their environment in real time, and is a natural choice
based on purely engineering considerations.

Figure 2 shows a diagrammatic representation of infor-
mation flow in the present system. The lower level modules
perform dedicated signal-processing tasks to reduce the
effective dimensionality of the incoming data. The next
level of processing consists of pattern classification oper-
ating at a much slower rate in a lower dimensional space.
In pattern-recognition terms, there is a feature-extraction

.stage followed by a probabilistic classifier operating in

a continuous real-time mode. Experiments have striven
to represent the class information by using probabilities
rather than the less informative 1-of-N label information.
In this sense, the output of the pattern-recognition compo-
nent can be viewed as a probabilistic state vector that rep-
resents the system’s best estimate of the state of the sys-
tem at time ¢. The decision making component is isolated



to another level of processing after the pattern-recognition
component. Note that unlike many applications where de-
cision making and pattern recognition are combined via
the use of loss functions, it better serves the purpose here
to defer decision making. The separation of probability es-
timation and decision function allows each component to
be modified independently. This is a very important prac-
tical design consideration, which allows the decision func-
tion to be changed without having to relearn the pattern-
recognition component.

V. The DSS 13 34-m Beam-Waveguide
Antenna Experimentation Testbed

A. Rationale for Experiment

Having reported initial successes on fault classification
by using data from a simulation model [3], the natural
next step was to see if similar success could be achieved

‘ by using actual data from the field. Obtaining real fault
data presents something of a problem, since faults by their
nature are unpredictable. Fortunately, with access to the
new 34-m beam-waveguide (BWG) antenna at DSS 13,
the somewhat bold step of creating faults in the antenna-
pointing system in a controlled manner could be taken.
One realizes immediately the limitations of this approach:

(1) The procedure cannot readily be repeated on oper-
ational antennas, in particular the 70-m antennas.

(2) Only known faults can be simulated, while in a real
system, faults of the unknown variety are of great
interest.

These limitations are discussed in greater detail later.
At this point, it is sufficient to note that despite the limita-
tions, the experiment represents a critical test in demon-
strating that pattern-recognition technology can make a
real contribution to solving the problems of fault diagno-
sis.

B. The System Under Study: The 34-m BWG Antenna
Elevation Axis Drive Assembly

The antenna elevation axis drive assembly is a closed-
loop control system that consists of two 7.5-HP DC mo-
tors, servo amplifiers, cycloid gear reducers, tachometers,
and electronics for signal conditioning and servo compen-
sation. A simplified block diagram of this system is shown
in Fig. 3. A brief description of the system is provided
here. Greater detail is provided in [4].

There are two inputs of interest in the antenna drive
assembly: the rate command 6 and the bias command

Upias. In Fig. 3, the rate command 6 is applied by the
antenna servo controller (ASC). (The ASC is the com-
puter that controls the pointing of the antenna.) The rate
command is filtered by the reconstruction filter G., then
applied to the two subsystems labeled G,. The term G,
represents two similar sets of amplifiers, motors, gear re-
ducers, tachometers, and compensation electronics, and
G, is itself a closed-loop system referred to as the rate
loop. Together, these two subsystems drive the antenna
structure. '

The remaining block in Fig. 3 is the torque share/bias
regulator G.:. This is a regulator circuit that has two
functions. The first is to share the torque between the
two motors and reduce the effect of parameter variations
between them. The second function is to provide a torque
bias between the two motors. The torque bias is very im-
portant in reducing the nonlinearities and improving gear
reducer stiffness. The torque bias removes backlash and
shifts the operating point of the cycloid gear reducers into
a near-linear, high-stiffness region. The magnitude of the
bias is controlled by the bias command.

C. Description of Measured Fauits

Five faults were introduced into the antenna drive as-
sembly, all in the drive electronics. The drive electronics
were identified as the safest, most easily controlled, and
least disruptive location to introduce faults into the drive
assembly. Figure 4 shows a block diagram of one motor,
amplifier, and gearbox set. Four of the faults were in-
troduced into the rate-loop compensation and tachometer
feedback, and the remaining fault was introduced into the
torque share/bias feedback loop. During the measurement
process, an additional fault appeared in the encoder. Since
this was a real fault, it was included as an additional class.
The six classes of failure are described below.

(1) The first fault was a noisy tachometer. A uniformly
distributed, white-noise process was introduced into
the tachometer feedback path of one rate loop, as
shown in Fig. 4. This simulates the wear of the com-
mutator or the tachometer bearings, and is a failure
that commonly occurs in the DSN and degrades an-
tenna pointing.

(2) The second fault was the total loss of one tachome-
ter. A failure such as this is masked during normal
operation because of the interaction of the two rate
loops through the torque share/bias loop, and be-
cause the closed position loop remains stable.

(3) The third fault was the loss of the torque share/bias
feedback to one of the motors. This was imple-
mented by eliminating the signal labeled v; in one
of the summing junctions shown in Fig. 4.
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(4) The fourth fault was the elimination of the integrator
in the rate-loop compensation, block G; in Fig. 4.
This effectively changed the rate loop from a Type 1
servo to a Type 0 servo.

(5) The fifth fault was the short circuit of the rate-loop
compensation. Referring to Fig. 4, this was equiva-
lent to setting K, = 1, and 5, = 13 = 0.

(6) The sixth fault was a real encoder failure. The fail-
ure manifests itself as sudden jumps in the measured
elevation angle. The magnitude of the jumps was 10
to 20 mdeg. It is hypothesized that the failure is due
to binding in the encoder mechanism due to unfore-
seen radial loading.

Closer analysis of the data revealed that the encoder
failure fault was intermitient in nature. Detection and
classification of this fault is not difficult when using a
standard statistical model based on monitoring encoder
deviations from the mean expected value. However, this
article focuses mainly on the pattern-recognition aspect of
the problem. Hence, from this point onwards, only the
persistent classes of faults are discussed.

D. Data Acquisition at DSS 13

Instrumentation was set up at DSS 13 to measure se-
lected digital and analog signals from the elevation axis
antenna drive assembly. These signals were the eleva-
tion encoder, current in each DC motor, bias command,
rate command, the tachometers for each rate loop, and
an average tachometer signal. Also monitored were two
anemometers providing wind speed and direction informa-
-tion. Since wind is a nonstationary disturbance, it is im-
portant to include this measurement. This provides the
environmental context within which nominal performance
must be judged. For example, the antenna pointing perfor-
mance that must be considered nominal subject to a gusty
30-mph wind could be the same as the performance during
a calm day with degradation due to a drive fault. On all
three days of data acquisition described below, the mea-
sured wind speed was less than 5 mph.

Data were collected on three days in January and
February 1991. Nominal performance data were collected
during antenna calibrations performed on January 25. The
data were logged while the antenna was boresighting a ra-
dio source. This implies that while the antenna was track-
ing the radio source, step offsets in elevation and cross-
elevation were periodically introduced.

Data were collected under nominal and induced fault

conditions on February 11 and 22. The data of February 11
were collected during a simulated high-elevation track. A
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rate offset of —1 mdeg per sec was introduced. The faults
were introduced independently. All the data were collected
at elevation angles greater than 60 deg. At elevation angles
less than 60 deg, the encoder failure (described above as
fault 6) occurred. This precluded the possibility of making
any low-elevation measurements.

The data of February 22 were collected while tracking
a rising radio source. Again, the faults were introduced in-
dependently. Boresighting did not occur during the mea-
surement period. All the data were collected at elevation
angles less than 30 deg. Note that all data channels were
sampled at 50 Hz to a resolution of 16 bits.

VL Results of Pattern-Recognition
Experiments

The focus of this article is primarily on the pattern-
recognition component of the monitoring system design.
As outlined earlier, this component is but part of an overall
hierarchical strategy for autonomous monitoring.

A. Choice of Pattern-Recognition Technique

Statistical pattern-recognition techniques have been
studied since the early 1960s when the availability of com-
puter hardware made it possible to implement computa-
tionally demanding classifier design algorithms. A classi-
fier can be thought of as being very similar to a regres-
sion equation model, except that instead of trying to pre-
dict a real-valued variable, one instead seeks to predict a
categorical variable, where the categories are the class la-
bels. Typically one has a feature space of K variables;
the general idea is to label or partition the K-dimensional
feature-space in such a way that an unlabeled feature vec-
tor or measurement can be assigned a class label. The
standard procedure is to be given a training set of labeled
sample data, namely N feature vectors or measurements
which have class labels attached to them. From the la-
beled training data, one must infer a general relationship
between the K features and the class labels: this relation-
ship forms a decision rule or classifier. Let the class labels
be ¢;, 1 < 7 < m, where m is the number of classes. If

- the classifier is to return a class label, ¢;, without any in-

dication as to confidence of the classifier in this decision,
then this is a discrimination problem. Denote the K-fold
feature vector by the vector random variable X. If the
classifier is to produce the output p(c;|z) for each class
and any particular feature gz, then this is an estimation
problem that involves multivariate estimation of the class-
feature conditional probability density.



Classifier design techniques for the discrimination and
estimation problems fall into two broad categories: para-
metric and nonparametric. The parametric approach usu-
ally involves an assumption that the class-conditional fea-
ture densities can be modeled as multivariate Gaussian.
Under this assumption the optimal decision boundaries
can be found as a function of the means and covariance
matrix. The problem with this approach is that Gaus-
sian distributions are often not a good model, and accu-
rate estimation of the components of the covariance ma-
trix requires a large amount of data. The nonparametric
approach does not seek a direct parametric form for the
conditional densities. Nearest-neighbor techniques, for ex-
ample, seek to approximate the local value of the density
function as a function of the “neighbors” of that point with
a given class label. Parzen windows use the same notion
of local estimates where the class-probability estimate is
based on the weighted contribution of other data points
of the same class label, by using various kernel functions.
 Decision-tree techniques seek the decision boundaries by
partitioning the feature space using hyperplanes parallel
to the feature axis in a hierarchical manner. All these
techniques suffer some drawbacks, such as implementation
complexity (nearest neighbor), poor scaling performance
as a function of feature dimensionality (Parzen windows),
and limited expressive capability (decision trees).

A recent technique that has attracted considerable in-
terest for application to classification problems is that of
feed-forward multilayer neural networks. Internal details
of such models were outlined in a previous article [3] and
some of the details of a particular three-layer network are
reproduced in Appendix A. The network implements a set
of nonlinear equations that models the relationship be-
tween the features and each of the output classes. The net-
work weights play the role of coefficients in the nonlinear
equations, and one can view the internal nodes of the net-
work as implementing basis functions. Miller, Goodman,
and Smyth [5] have shown how the objective function (used
as an error metric to find the optimal set of weights) relates
to maximum-likelihood and maximum a posteriori estima-
tion. Similarly, Gish [6] provides a useful discussion about
maximum-likelihood properties of network-training algo-
rithms and relates network models to standard multivari-
ate logistic regression models. Among the useful properties
of networks are their universal approximation capabilities.
Cybenko [7] and Hornik, Stinchcombe, and White [8] have
shown that a network with a single hidden layer (a layer
of nodes between the input and output) can approximate
any continuous function to any desired degree of accuracy.

" This result is more of theoretical interest than of prac-
tical use since it does not prescribe how to find such a
network; nonetheless, it demonstrates the important point

that network models are a very powerful and flexible basis
for approximation.

The problem of network design is then to find a suit-
able architecture (the number of layers in the model, the
type of nonlinearity used) and a good set of weights for
the network. The architecture selection problem is still
largely done in a fairly ad hoc manner. Typically, a net-
work with a single hidden layer is used with roughly twice
as many hidden units (nodes in the hidden layer) as there
are classes. Empirical results indicate that network perfor-
mance is often relatively insensitive to the number of hid-
den units used (provided that one has a reasonable amount
of training data and the number of units is not too small),
which indicates a robustness relative to architecture. The
number of input units and output units is set equal to the
number of features and classes, respectively. Typically, the
node “basis functions” are chosen as sigmoid functions (see
Appendix A), but any smooth differentiable function can
be used as far as the backpropagation training algorithm
is concerned.

One of the key contributions to the resurgent interest
in neural network models in recent years is the backpropa-
gation algorithm [9], which provides an iterative method
for finding a set of network weights that corresponds to a
local maximum of the objective function. The algorithm
is really nothing more than the application of the chain
rule for derivatives applied to a graph structure, coupled
with the notion of gradient descent in weight-space. While
no tractable techniques are known to exist that guarantee
that an optimal or near-optimal solution will be found,
practical experience with the algorithm has by and large
been remarkably successful. Indeed, while the field of neu-
ral networks in general involves a wide variety of biologi-
cally inspired computational models, most of the engineer-
ing applications of neural networks (and especially the suc-
cessful ones) hinge on the ability of the backpropagation
algorithm to find powerful nonlinear models from data [10-
12]. For the experiments described here, an enhancement
to the basic gradient descent technique for finding a good
set of weights was used, namely, conjugate-gradient opti-
mization, which accelerates the convergence to a solution.
More details on this algorithm are presented in [3].

 Neural network models offer a powerful new technique
for finding classification and prediction models from data.
Comparative studies in the literature have consistently
shown that network models are as good as, or outperform,
other standard pattern-recognition algorithms [13,14], so
that network models are now often the model of choice for
nonparametric pattern-recognition problems. The signifi-
cant advantages of a network model are its low complexity
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and speed if implemented in hardware, which is important
in a real-time application such as this. It is worth noting
that mmltilayer feed-forward network models for classifi-
cation are finding their way into a myriad of applications
in a manner independent of the original biological motiva-
tions for the model. In other words, as an engineering tool,
network models have established themselves in their own
right. The application of these models to antenna fault
classification is decribed below.

B. Feature Selection and Generation

As described earlier, each data set consists of 12 chan-
nels of 16-bit data, sampled at 50 Hz for roughly 5 min for
each fault. Hence, for each fault, in pattern-recognition
terminology, there are 15,000 12-tuple feature vectors.
While this might seem like a large data sample, in ac-
tual fact it is really only a very brief snapshot of antenna
system data.

Using the raw time-geries data directly as input to the
classifier is obviously not the best approach to the problem.
A hint can be taken from the way a human would discrim-
inate among the classes by using gross structural features
of the waveform to characterize it. With this in mind,
it was decided that some simple useful features could be
extracted directly from the time-series data. (Such “time-
domain” features were succesfully used in discriminating
fault data from a simulation model of a 70-m antenna [3]).
Generation of these features first involved segmenting each
channel of the time-series data into windows. The win-
dow size was chosen to be of 4-sec duration (200 samples)
to give reasonably accurate estimates of the various fea-
tures. The features consisted of order statistics (such as
the range) and moments (such as the variance) of partic-
ular sensor channels. A set of seven features was selected
which were judged likely to have good predictive power for
the problem: motor current range and variance, counter-
torque range and variance, the range and variance of the
average-tachometer sensor, and the variance of the differ-
ence between the two tachometer sensors. Even though
some of these features are highly correlated, the redun-
dancy is useful to combat any uncorrelated noise that may
be present.

The plots in Figs. 5(a) and (b), 6(a) and (b), and 8 -

all follow the same convention, where the various param-
eters of interest are plotted versus a window index that
corresponds to 4-sec time increments. One can imagine
the horizontal axis to be a function of time. The cor-
respondence among the faults and various regions of the
axis works as follows: noisy tachometer (1-75), tachome-
ter failure (76-150), bias loss (151-225), integrator short
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circuit (226-300), compensation short (301-375), and nor-
mal (376-450). The entire width of the horizontal axis
corresponds to 30 min worth of data.

Figures 5(a) and (b) show plots of the discrimination
capability of two of these features on data from “day2”
(February 22): the variance of the average tachometer sen-
sor and the motor current variance. Notice that each fea-
ture has the ability to discriminate some of the classes and
not the others. For example, motor current variance can
discriminate the tachometer faults in windows 1 to 150
from the other faults but not from each other, and it can
also discriminate the compensation short fault. Notice also
that in the variance of the average tachometer sensor there
are noise spikes in the data. The motivation for not seek-
ing a completely minimal set of discriminatory features is
to retain some redundancy and, hence, robustness in the
presence of such noise.

An autoregressive (AR) modeling technique was ap-
plied to the motor current sensor. In particular, a vari-
ation of autoregression referred to as ARX was used [15],
where the “X” refers to an exogenous input variable to the
system. The system is modeled by using

q

P
y(t) + Za,-y(t — i) = bjult — j) +e(?),

j=1
t=1,2,...,.N

where y(t) is the motor current, u(t) is the system input
(in this case, the rate command sensor), e(t) is an ad-
ditive white-noise process, and a; and b; are the model
coefficients. A model with p = 5 and ¢ = 3 was chosen
since it provided the best trade-off between goodness-of-fit
and model complexity. Note that the more traditional AR
model assumes that the system is driven by a white-noise
process, i.e., the input u(¢) would be replaced by a noise
term in an AR model. A 4-sec window was used to seg-
ment the data and the ARX coefficients were estimated
on a block-by-block basis. For on-line implementation,
a standard recursive estimation scheme can be used. Fig-
ures 6(a) and (b) show the discriminatory capability of the
first and second ARX coeflicients as plotted for day2 data.
Here it is seen that the first coefficient alone is almost suf-
ficient to linearly discriminate among the classes; however,
there is some overlap between the tachometer faults, and
again between tachometer failure and normal conditions.
It is not surprising that the ARX coeflicients are useful
discriminants since under appropriate conditions they are
a sufficient statistic for the data, i.e., they represent all



the information in the data. Consequently, one can expect
them to provide more useful information than the simpler
time-domain features.

Analysis of the data revealed that the bias loss and in-
tegrator short-circuit faults were completely indistinguish-
able from the normal case. It was expected that some
variation would be discernible given these faults; however,
it appears that the system is robust enough to withstand
such failures. Hence, the data for these two faults were
relabeled as normal.

C. Muitiple-Network Architecture

Experiments were carried out using a hierarchical set of
networks. Specifically, two networks were trained: one on
the time domain, the other on the ARX model features.
Then the outputs of these two networks were fed into a
third “udge” network, which is again trained using the
same class labels as the original data. Figure 7 shows the
. overall model. The intuitive notion behind this multiple-
network architecture is that the “judge” network can learn
to discriminate which of the first two specialist networks
are reliable on which classes. In particular, it learns how
to weigh the estimates provided by the first two networks.
A useful analogy might be a manager who has some tech-
nical experts on staff and needs to weigh their opinions
on particular issues, taking care to note the strengths and
weaknesses of each. This approach can be seen as a ver-
sion of the mixture models proposed by Jaccbs, Jordan,
Nowlan, and Hinton [16]. One can expect this task de-
composition approach to work in situations where little
gain can be expected from directly combining the features
in the two sets. In another sense this can be viewed as
one large network where subsets of the feature space are
not combined in the early layers to reduce the effect of
wasting network resources. This is a more effective and ef-
ficient method than simply combining all the features into
a single, large, fully connected (between the layers) net-
work, as has been found in numerous large-scale network
applications [17-20].

D. Classification Resulis

As described earlier, the data were collected at DSS 13
on January 25, February 11, and February 22, 1991. This
section focuses on the data sets obtained -on February 11
and 22, referred to as “dayl” and “day2,” respectively (no
faults were induced on January 25). The goal of the classi-
fication experiment was to see if data from each day could
be used to predict conditions on the other day. Hence,
the methodology can be considered a simple two-way val-
idation test. The results are shown in detail in Table 1.
The results for testing on dayl and day2 imply that the

models were trained on data from day2 and dayl, respec-
tively. Each component network was a three-layer model.
The number of hidden units was fixed at 8 for each of the
time-domain and ARX networks, at 10 for the network us-
ing both sets of features, and the “judge” component of
the multiple-network architecture had 8 hidden units.

On average, the multiple network did better than the
other models, but the difference is slight. Clearly, most
of the useful discrimination ability is in the ARX coeffi-
cients rather than the time-domain features, there being an
8-percent difference in mean classification accuracy be-
tween these two schemes. These results are quite good
if one takes into account that no time correlation is used,
i.e., each classification decision is made independently of
the other. Clearly, it is preferable to have the scheme cor-
relate its decisions in some manner. In effect, one wishes to
model the prior belief that faults are persistent over time
and are not likely to change from one 4-sec window to the
next. A scheme to do this time-dependent decision making
is described in the next section. Note that a popular ap-
proach in sequential pattern-recognition problems of this
nature is to try and estimate the time dependency from
the data. This is usually achieved by providing as inputs
to the model (a network in this case) not only feature and
class labels at the present time, but also the labels and pos-
sibly the features from some window into the past. Such a
scheme is viewed as unnecessary in this application since
it would make the model much more complicated. Fur-
thermore, the time dependence can be modeled directly.
This reinforces the earlier claim that separation of estima-
tion and decision making has beneficial consequences for
applications of this nature.

Figure 8 shows a plot of the accuracy of the various
models as a function of the sample size. For a fixed sam-
ple size k, 50 < k < 400; for each model a subsample of
size k was randomly selected from the total sample of size
450 from dayl. For each k, this sampling was repeated 10
times, the classifiers were trained on the random sample,
and their performance was evaluated on the independent
data from day?2 (all 450 samples). Each point on the graph
shows the mean accuracy over 10 such runs. A fixed-size
network architecture was maintained for each of the sam-
ple sizes since little variation in performance was evident
from changing the number of units or layers. The fact
that the estimates show little variation as the sample size
varies is encouraging, since it shows that the classifier de-
sign technique is robust as a function of the amount of
training data available. Note also that the time-domain
classifier is consistently poorer than the others. Indeed,
the ARX model outperforms the single large network for
sample sizes greater than 250, indicating that the large
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network may be overfitting the noise in the data due to its
many degrees of freedom. The multiple-network architec-
ture is consistently better than the other models.

E. Time-Averaged Classification Resulis

While the ARX model exploits local correlation infor-
mation at the time-series level, it has already been men-
tioned that it would be desirable to incorporate correlation
information on a more global scale, based on the belief that
faults are more likely to persist from one 4-sec window to
the next than they are to change.

A relatively simple delayed-decision component was im-
plemented which takes the product of network outputs for
each class over the current and some past number of out-
puts, 1.e.,

i=M )
P(e)=C [T o
s

where p”(c;) is the estimated probability of class i at time
n, of is the network output at node ¢ at time n, M is the
“memory,” and C is a constant independent of the class
i. Normalized probability estimates can be obtained by
setting

(o) = pn(ci)
) = s e

where m is the number of classes. Appendix B gives a sim-
ple analysis of the behavior of this estimator, in particu-
lar its robustness to random errors with respect to making
classification decisions. Not surprisingly, making the mem-
ory M longer reduces the probability of an incorrect deci-
sion or false alarm due to random noise effects. Figure 9
shows the smoothing effect of using time-correlated infor-
mation in this manner on a test data set, using a memory
of size 5. In the graph at the bottom, the time-correlation
technique results in far less noise in the classification de-
cision than in the other graphs where no memory is used.

In the case of the two multiple networks described in the -

last section (using no information about time correlation),
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with 8.22-percent and 6.44-percent error rates, the post-
processing to take time-correlation into account reduces
the error to 2.33 percent and 1.78 percent, respectively.

There is a trade-off in increasing the memory M, in
the sense that a longer memory will lead to longer de-
lays in detecting a transition to a new fault. In fact, in
Fig. 9, most of the errors occur just after fault-transition
boundaries (windows 75, 150, 300, and 375) due to the
effective lag in detecting change. More sophisticated deci-
sion strategies using context-dependent memory, Markov
models, and information from non-neural detectors (such
as monitoring the autoregression error sequence to detect
change) are also being investigated.

Table 2 shows the actual error rates for the various ar-
chitectures using a memory of size 5. There is a universal
improvement in performance except for one run with the
time-domain features, where the smoothing actually made
the results worse as compared with no smoothing. The
other models achieve error rates between 2 and 3 percent.
Table 3 shows the confusion matrix corresponding to the
1.78-percent error rate for the first multiple network in
Table 2. Some tachometer failures are misclassified as
tachometer noise problems. Also there are some false
alarms, two bursts of 8 sec each during the 15 min of
normal data. On closer inspection, both of these 8-sec
bursts occurred on the “fault” boundaries, when the true
class changed from a non-normal to a normal fault, and
as such are artifacts of the 20-sec memory scheme. Such
false alarms during transitions are not nearly as serious as
those that might occur during continuous normal condi-
tions. No such false alarms occurred in the tests described
here.

Vil. Conclusion

This article describes an application of neural network
techniques to pattern classification for a real-world fault-
diagnosis task. In particular, the advantages of employing
a modular architecture for this problem have been demon-
strated, where domain knowledge is brought to bear in de-
signing the lower-level signal-processing modules and the
higher-level decision process, and where the task of map-
ping feature values to class labels is assigned to the neural
network model. The initial model proposed was success-
fully validated on field data.
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Table 1. Classification rates on test data sets for classifiers with no time-correlation
information

Type of network

Percentage correct

Test on day2 Test on dayl Mean
Muitiple network 91.78 93.56 92.67
Single large network 90.22 94.00 92.11
ARX model features 91.11 91.78 91.45
Time-domain features 80.00 86.67 83.34

Table 2. Classification rates on test data sets for classifiers using time-correlation

information, with memory set to 5 (20 sec)

Type of network

Percentage error

Test on day2 Test on dayl Mean
Multiple network 1.78 2.33 2.06
Single large network 3.33 2.33 2.83
ARX model features 3.22 2.33 2.78
Time-domain features 33.44 4.22 18.83

Table 3. Confusion matrix obtained when testing on day1 data set using

time-correlation information, with memory set to 5 (20 sec)

Estimated class

True class
Tachometer Tachometer Compensation
. R Normal
noise failure loss
Tachometer noise 75 0 o} 0
Tachometer failure 6 69 0 0
Compensation loss 0 0 73 2
Normal 0 2 221

4
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RECEIVER-
EXCITER

ANTENNA
219%

DMC: DSCC MONITOR AND CONTROL

TXR: TRANSMITTER

FAC: DSCC TECHNICAL FACILITIES

RFI:  RADIO FREQUENCY INTERFERENCE

DSCC: DEEP SPACE COMMUNICATIONS COMPLEX

Fig. 1. Telemetry data outages during scheduled tracks, Jan-
uary 1, 1986 to July 31, 1990, by DSN subsystem, expressed as a
percentage of total hours lost. (Total hours lost was 3.08% of the
scheduled support time.)
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Appendix A
Neural Network Model Description

The following description of an example of a popular
feed-forward multilayer neural network model will famil-
iarize the reader with the general notation and concepts.
This appendix is essentially a repetition of the Appendix
in [3] and is included in order to make the report self-
contained.

Figure A-1 shows an example of a network. The input
nodes are labeled n;, 1 < i < K + 1; the hidden nodes
are labeled hj, 1 < j < H; and the output layers are la-
beled o, 1 < k < m. In general, there are K + 1 input
units, where K is the number of features. The extra node
is always in the “on” state, providing a threshold capabil-
ity. Similarly, there are m output nodes, where m is the
number of classes.

The number of hidden units H in the model is chosen
based on rules of thumb and empirical experience. The size
of this hidden layer can influence the classifier performance
in the following manner: Too many hidden units, and the
network overfits the data (i.e., the estimation error will be
large); too few hidden units, and the network is left with
insufficient representational power (i.e., the approximation
error term is large).

Each input unit ¢ is connected to each hidden unit j by
a link with weight w;;, and each hidden unit j is connected
to each output unit k by a weighted link wj;. Each hid-
den unit calculates a weighted sum and passes the result
through a nonlinear function F(), i.e.,

i=K+41
a(hj) = F( > wija(n,-))

i=1

where a(n;) is the activation of input unit i. Typically,
this is just a linear (scaled) function of the input feature.
A commonly used nonlinear function in the hidden unit
nodes F(z) is the so-called sigmoid function, defined as

1
FE) =15

Output unit k calculates a similar weighted sum using
the weights w;; between the jth hidden unit and the kth
output unit, i.e.,
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ar =G (Z wjka(hj))
J

where a;, is the activation of the kth output node. The
function G(z) can be chosen as either a linear (e.g., G(z) =
) or a nonlinear function. For example, for a classification
problem such as that described in this article, the sigmoid
function is used to restrict the range of the output activa-
tions to the range [0, 1].

A classification decision is made by choosing the output
unit with the largest activation for a given set of inputs
(feature values); i.e., choose class k such that

k = argmax{a;}
1

The network design problem is then to find the best
set of weights such that a particular objective function is
minimized on the N training data samples. The training
data are in the form of input-output pairs {z;, %}, 1 <
i < N, where z; is a feature vector and y; is the desired
output (for simplicity of notation, assume that there is
just a single output model). Let §;(£2,z;) be the network
output for a particular set of weights {2 and input vector
z;. The objective function is typically some metric on
y; and ¢;, whose mean value is estimated on the training
data. Such commonly used objective functions include the

mean-squared error

1 N 2
Eyseg = N Z(yi - Qi(Q;.-'Ei)>
i=1

and the cross-entropy error

N
1 Yi 1-w
E :—-E i log ————— + (1 — y;) log ——————
EENZY .50, z;) (=) Tz

From a maximum-likelihood standpoint, the mean-
squared-error approach assumes that the training data are
perturbed by additive Gaussian noise, while the cross-
entropy function assumes a multinomial distribution on



the class labels. Despite these differences, for classification ~ general family of functions that can be proven to asymp-
problems there appears to be little significant difference totically produce consistent probability estimates. For the
between these objective functions; in fact, as shown in [5],  experiments reported in this article the mean-squared er-
these two error functions are the simplest functions in the  ror objective function was used.
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Fig. A-1. Example of a three-layer feed-forward neural network.



Appendix B
Error Probability as a Function of Memory Length

A simple model is proposed to determine the effects
of memory length on probability of error when using the
product of output activations over time as a classification
metric. Let n be the number of terms in the product and
n = M + 1, where M is the memory length referred to
in the text. Assume a 2-class problem: this is a worst
case since the multiclass case can be reduced to a 2-class
problem where the noise is malicious in the sense that all
misclassification errors occur in the form of one other par-
ticular class. Let oy be the classifier’s output when class 1
is actually the true class, and let 6; be the output of the
classifier when anoise hit occurs, i.e., the output for class 2
is larger than for class 1, even though class 1 is the true
class. Such noise hits are likely, given the noisy environ-
ment in which the sensors operate. Qutputs o2 and 62
are defined in a similar manner; for example, one might
have 0; = 0.8, 0 = 0.1, 6; = 0.4, and 2 = 0.5. Typi-
cally the network produces output activations where it is
much more confident in its correct decisions than it is in its
mistakes. Note that the simplifying assumption has been
made that the outputs o1, etc., are constant with respect
to time. This makes the model simpler to analyze and
gives a general idea of what is happening. A more sophis-
ticated approach might be to assume that o, is the mean
value of the activation which varies with some deviation
gt.

In the case where class 1 is the true class, for a product
of size n, if k noise hits occur, then the probability estimate
for class 1 will only be greater than class 2 if

1 1 1 1
nE_k log ;1- + Ek lOg 5; > ng—h IOg ;2- + Ek IOg 6—2'
or

n>k(l14+7)

where
y = log 2 /log 2%
o1 [2)]

Hence the “error-correction” capability of a memory-based
classifier depends on this parameter v, which typically is
quite small, perhaps about 0.1 in many cases, ie., the
classifier is 10 times more confident in its decisions when
it is correct than when it is incorrect. A value of v = 1.0
means that there is no difference, and the error-correction
capability is effectively reduced to n/2 for a product of
size n.

Now let p be the probability of such a noise hit. This
parameter p measures the reliability of the classifier and
the robustness of the features to withstand noise in the
data. Assuming that these mnoise hits are not correlated
(which may not be a realistic assumption in practice, but
the model should be kept simple), then the error probabil-
ity is given by the total number of ways in which at least
n/(1+ v) errors can occur in a window of size n. This is
simply the sum of binomial terms:

Pe = }Yi : (?)10"(1—17)"“1£

=l
Ifvy<<1, [{5] ~nsothat
Pe =P

i.e., the error falls off exponentially as a function of mem-
ory.
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The design details and measurement results for a cooled L-band (1 to 2 GHz) bal-
anced high-electron-mobility-transistor (HEMT) amplifier are presented here. The
amplifier uses commercially available packaged HEMT devices (Fujitsu FHRO2FH).
At a physical temperature of 12 K the amplifier achieves noise temperatures be-
tween 3 and 6 K over the 1- to 2-GHz band. The associated gain is approximately

20 dB.

I. Introduction

Cryogenically cooled high-electron-mobility-transistor
(HEMT) amplifiers have realized noise temperatures as
low as the operating frequency (in GHz) of the amplifier
up to 43 GHz [1,2]. These amplifiers have now become
the standard for radio astronomy applications. Cooled
HEMT amplifiers are also used as the first intermediate
frequency (IF) stage in millimeter-wave superconductor-
insulator-superconductor (SIS) and Schottky mixer sys-
tems. In these receivers the noise performance of the IF
amplifier is very important because the mixer is usually
lossy.

Most millimeter-wave receiver systems built for radio

astronomy use an L-band (1 to 2 GHz) IF amplifier with a -

bandwidth of approximately 500 MHz and a noise temper-
ature of approximately 4 K [3,4]. In a typical 115-GHz SIS
receiver the IF amplifier contributes approximately 30 per-

1 This project was partly supported by the Caltech President’s Fund.
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cent of the total receiver noise. A bandwidth of 500 MHz is
barely sufficient for observations of sources with high ve-
locity dispersion and it limits the capability of systems
to observe several molecular transitions simultaneously.
Increasing the receiver bandwidth by using a higher fre-
quency IF amplifier is not acceptable because this would
increase the IT' noise contribution and therefore degrade
the sensitivity of the system. The authors’ approach to
this problem has been to develop a 1-GHz bandwidth
L-band cooled HEMT amplifier, while retaining < 6-K
noise temperature.

A significant problem in the design of a wideband
cooled amplifier is obtaining scattering parameters
(s-parameters). and noise parameters for transistors at
cryogenic temperatures. For this work, no facilities were
available for measuring low-temperature s-parameters, but
the HEMT noise parameters were measured at a physical
temperature of 12 K. The absence of s-parameter informa-
tion precluded the design of a feedback amplifier, so a bal-



anced configuration was adopted. This has the advantage
of providing a good input match even though the amplifiers
in the two arms of the balanced circuit are poorly matched.
However, there are disadvantages. The loss of the input
hybrid degrades the noise temperature, and coupling er-
rors in the hybrids and differences between the amplifiers
reduce the gain and result in a noise contribution from the
input load. In the amplifier described here these effects
degrade the noise temperature by less than 1 K.

ll. Noise in a Balanced Amplifier

The noise contributions in a balanced amplifier are ex-
plored in Fig. 1. Each hybrid directs a fraction ¢ of the
input power to the 0-deg port and the remaining power
to the 90-deg port. The deviation from quadrature at the
outputs is §. To simplify the analysis, the amplifiers are
assumed to have similar gains but different transfer func-
tion phases. In practice, this situation can be approached
. by selecting similar devices and by adjusting the bias.

The power gain of the balanced amplifier (with the in-
put terminated in a matched source and the output ter-
minated in a matched load) is

G = 2gc(1 —c)(1 + cos @) (1)

where g is the power gain of each amplifier in the balanced
structure and ¢ is the phase difference between the ampli-
fier transfer functions. The output noise temperature with
the input terminated in a matched source at 0 K is

Tout = 9T, [(2¢° — 2¢+ 1) — 2¢c(1 — ¢) cos ¢] + gTu  (2)

where T, is the physical temperature of the input hybrid
termination and 7} is the input equivalent noise temper-
ature of each amplifier. The first term is the contribution
from the input hybrid termination and the second term
represents the noise generated by the amplifiers. Note that
the noise from the two amplifiers is uncorrelated. The in-
put noise temperature of the balanced amplifier is

Tout
G

Tn =

_ Tol(2¢* —2¢+1) — 2¢(1 — c) cos §] + T,
Tn = 2¢(1 — ¢)(1 + cos ¢) (3)

The loss of the input hybrid can be modeled as an at-
tenunator at the amplifier input. Loss in the cutput hybrid

affects only the overall gain (and hence the noise contribu-
tion of the next stage). With an input hybrid loss L, the
noise temperature of the balanced amplifier is

T, =Ty(L - 1)+ LT, (4)

where T, is given by Eq. (3). As an example of what might
be achieved, a balanced circuit containing amplifiers with
T, =4 K, ¢ = 5 deg, hybrids with coupling errors of 1 dB
(¢ = 0.40), and excess loss of 0.1 dB would have a noise
temperature of 5.09 K at a physical temperature of 12 K.
If the input load were at 4 K instead of 12 K, the noise
temperature would be 4.73 K.

ill. HEMT Device Noise Parameters

Device noise parameters for this work were obtained
from measurements of the noise temperatures of several
single-ended amplifiers each with a different input-
matching network. The same HEMT device was used for
the entire set of measurements. Previous work with GaAs
field effect transistors (FETSs) at L-band provided an esti-
mate of the optimum source impedance so that it was nec-
essary to explore only a small part of the source impedance
plane in order to determine the HEMT noise parameters

(5].

Different source impedances were provided using a cryo-
genically coolable test fixture. The input section con-
sisted of a microstrip transformer realized on 60-mil thick
RT/Duroid 60022 (e, = 2.94) and a series chip induc-
tor® close to the HEMT package. The output section was
a 50-L2 microstrip line of the same substrate type. Connec-
tions to the HEMT device were simple pressure contacts
which allowed easy removal of the input-matching network
assembly. The input substrates were transferred to a dif-
ferent fixture fitted with sub-miniature series A (SMA)
connectors to allow measurement of the source impedance
presented to the HEMT.

Noise temperature measurements were made using the
arrangement of Fig. 2. A cooled 20-dB attenuator at the
amplifier input provides a cold load, and signals enter and
leave the cryostat via low-loss coaxial lines. The losses of

the lines, connectors, input bias network, and the 20-dB

attenuator were measured at 12 K. These data along with
measurements of the noise temperature of the receiver in

2 RT/Duroid 6002 manufactured by Rogers Corporation, Microwave
Materials Division, 100 S. Roosevelt Ave., Chandler, Arizona.

3 Surface mount inductor series 1008CS manufactured by Coilcraft,
1102 Silver Lake Rd., Cary, Dlinois.
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Fig. 2 were used to calculate the noise temperature of the
amplifier from measurements of the system noise temper-
ature at the cryostat input. A solid-state noise source
calibrated against liquid nitrogen and ambient loads was
used for the measurements.

The amplifier noise temperature is related to the source
impedance, R+ jX, by

T =T + 290%% [(R = Ropt)® + (X = Xop)?]  (5)

where Ropt + jXopt is the optimum source impedance, g,
is the noise conductance, and T},;, is the minimum noise
temperature [6]. The noise parameters {Rop:, Xopt, n,
Timin } Were obtained from the results of ten measurements
of T with different source impedances using a least-squares
fit to Eq. (5). Although the final amplifier was constructed
using Fujitsu FHRO2FH (200 gm x 0.25 um) devices, the
noise parameters were measured for a General Electric
(GE) (300 pmx 0.25 pm) AlGaAs/GaAs HEMT in a stan-
dard 70-mil package [7]. Recent work with FHRO2FH chips
indicates that the packaged GE and packaged Fujitsu de-
vices have very similar Rop; and X,p; values at L-band
[8]. The measured noise parameters for the GE HEMT
are summarized in Table 1. FHRO2FH devices have g,
values approximately equal to 0.03 milliSiemens (mS) and
are therefore less sensitive than the GE device to devia-
tions from the optimum source impedance.

IV. Ampilifier Design

The input-matching circuit for each arm of the bal-
anced amplifier consists of a 71-Q line (A/4 at 1.5 GHz)
and a 10-nH series inductor. This gives a good noise
match over the 1- to 2-GHz band and is reasonably com-
pact and low loss. The impedance of the transformer
and the value of the inductor were chosen to minimize
[(R = Ropt)? + (X — Xopt)?] over the 1- to 2-GHz band.
Figure 3 shows measurements of the impedance presented
by the matching circuit along with the optimum source
impedance from Table 1. The calculated increase in noise
temperature due to deviation of the source impedance
from optimum is approximately 1 K. A single-ended am-
plifier was constructed with the input-matching circuit de-
scribed above and a 50-Q2 load at the output. The perfor-
mance is shown in Fig. 4. As expected, the noise temper-
ature increases by approximately 1 K at the band edges.
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Since the gain shows only a gentle slope across the band,
no attempt was made to adjust the output match.

The 90-deg hybrids in the balanced amplifier are
6-finger Lange couplers [9]. These are realized on the same
60-mil RT/Duroid 6002 substrate as used for the match-
ing networks. At room temperature, the measured coupler
insertion loss is approximately 0.2 dB, the coupling error
is < 0.5 dB, and the deviation from phase quadrature is
< 2 deg.

A schematic of the complete balanced amplifier is shown
in Fig. 5 and the construction details are indicated in
Fig. 6. To ensure good thermal coupling to the box,
the HEMT devices are clamped to posts which protrude
through the circuit board. The bias circuits are configured
to allow independent biasing of the two HEMTs, although
in practice this has not been necessary.

V. Results

Two prototype balanced amplifiers were constructed
with Fujitsu FRHO2FH HEMTs, and the noise temper-
atures and gains at a physical temperature of 12 K are
shown in Figs. 7 and 8. Both amplifiers have noise tem-
peratures in the range of 3 to 6 K. For these measurements
the bias of both HEMT devices was adjusted to minimize
the noise temperature. In Figs. 7 and 8, both transistors
have the same bias. No other tuning was done, so the
results indicate typical performance for a production am-
plifier. Some improvement in noise temperature might be
obtained by adjusting the values of the inductors in the
matching networks.

Input and output return losses were measured for one
amplifier at 12 K and these data are shown in Fig. 9. The
worst-case input return loss is 13 dB, but over most of the
band the return loss is better than 15 dB. All the results
were obtained with no illumination of the HEMTs.

VI. Conclusions

This article was a description of a 1- to 2-GHz cooled
balanced HEMT amplifier. At a physical temperature of
12 K the amplifier has a noise temperature in the range of

. 3 to 6 K and a gain of approximately 20 dB. The ampli-

fier was designed primarily as a wideband IF amplifier for
millimeter-wave radio astronomy, but it also has applica-
tions in wideband L-band receiver systems.
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Table 1. Noise parameters for the GE HEMT

Frequency, Ropt, Xopt, gn, Trmin,
GHz Q Q mS K
1.0 100 4 20 160+ 20 0.07 £ 0.03 4.5+1
1.5 80+ 10 160 £ 20 0.07 £ 0.03 35+1
2.0 80 4 20 120 20 0.13 + 0.09 45+1
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Fig. 6. Photograph of the 1- to 2-GHz balanced amplifier. (Scale
shown in inches.)
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This article reports successful fabrication of a five-pole interdigital stripline filter
made of the 93-K superconductor (Y1BayCu3Oy) coated on a silver substrate, with
center frequency of 8.5 GHz and an extremely high rejection ratio of 80 dB. The
lowest insertion loss measured was 0.1 dB at 12 K, with a return loss of better
than 16 dB, representing a significant improvement over a similar copper filter, and
is comparable to low critical-temperature filters. The insertion loss appears to be
limited by extrinsic factors, such as tuning mismatch and joint losses, and not by

the superconducting material losses.

Recent results of the intrinsic microwave properties of
high-quality single crystals [1] and thin films [2] of the high
critical-temperature (T;) superconductors raise tremen-
dous prospects for the applications of these materials in
microwave devices. These results of the surface resis-
tance imply significantly improved performance as com-
pared with devices using conventional materials, such as
copper. It is clear, however, that significant problems need
to be solved in order to translate the results on small scale
samples into realistic structures necessary for actual de-
vices.

A bandpass filter is of great utility in systems limited

in performance by radio frequency interference (RFI) at
the input. This is particularly important in space com-

60

munications, where the front-end amplifier is a delicate
high-electron mobility transistor (HEMT) or maser am-
plifier with a very low noise temperature. The effect of
incident RFI is primarily determined by the level and fre-
quency of the RFIL. Both in-band and out-of-band RFI can
result in significant gain compression, noise temperature
increase, and, in the case of the maser, spurious output

. signals. For example, a 0.1-dB increase in insertion loss

can result in a 0.4-K increase in noise temperature, which
can be serious in low noise systems. Therefore, a usable
(out-of-band) RFI filter should have stringent specifica-
tions: a narrow bandpass, a high out-of-band rejection
ratio (at least 80 dB), and an extremely low insertion loss
(~0.1 dB) to avoid in-band signal attenuation and added
noise.



This article describes the fabrication and performance
of an 8.5-GHz bandpass filter made of silver and coated
with Y;BayCuzO7-, (YBCO). An interdigital tunable
stripline resonator structure was selected over a microstrip
filter as the optimal design due to its favorable perfor-
mance characteristics [3], and its potential ability to meet
the design criteria specified above. This structure is com-
pact and, with the exception of waveguide filters, it has
the highest unloaded resonator (Q) among the commonly
used structure [4]. The filter, shown in Fig. 1, consists
of five transverse electromagnetic (TEM) mode stripline
resonators. Each resonator is approximately one-quarter
wavelength long at the midband frequency and is short-
circuited at one end and open-circuited at the other. These
resonators are placed between two ground plates which are
attached to the filter body by as many screws as possible
in order to reduce losses at the joints. Bandpass tuning is
accomplished by varying the capacitance of the resonators
with the five adjustable screws opposite each of the five
fingers. This particular filter was designed with the aid
of the low-pass prototype synthesis methods outlined in
[4. Tt is a 0.05-dB equal-ripple bandpass filter with an
equal-ripple bandwidth of 0.15 GHz centered at 8.5 GHz.

Three different fabrication methods were considered:
(1) making the entire filter out of bulk T, superconduc-
tor; (2) coating a silver-plated copper filter with a thick
YBCO film; and (3) coating a pure silver filter with a thick
superconducting film. Despite experience with bulk high
T, structures [5], the first method, after some initial tri-
als, was abandoned due to the complexity of the structure
(many sharp edges, screw holes, threads, etc.). Some of
the edges tended to chip, and the drilling of so many holes
weakened or even destroyed the structure. In the second
approach a copper filter was machined and silver-plated
with a 500-pm thick film. This filter was subsequently
coated with a thick YBCO film. The resultant film looked
dark gray and was not superconducting. This process was
repeated with a number of test pieces without the desired
success. A possible explanation of this may be that the
silver buffer layer degraded at high temperatures and the
copper substrate reduced the thick YBCO film. The same
result was obtained even when the sintering temperature
was reduced from 920 deg C to 900 deg C. Finally, the third
method attempted was very successful. It involved ma-
chining the filter out of 99.9 percent pure silver, and subse-
quently coating the filter with a thick YBCO film, as in the
previous method. The resulting films looked black and ex-
hibited sharp superconducting transitions with T, ~92 K.
By using this last method, three different filters were fabri-
cated and tested, making appropriate improvements each
time.

The YBCO compound was prepared via a solid state
reaction by using yttrium oxide, barium carbonate, and
copper oxide. Stochiometric amounts of the constituent
materials were mixed and ballmilled in methanol for 16 hr.
The slurry was dried and vacuum calcined [6] at 800 deg C
for 4 hr in an oxygen pressure of 2.7 x 10% Pa. Thick
films were fabricated by mixing the YBCO powder with
an organic solvent, and a dispersant was added to improve
the rheological properties. The suspension was applied to
the silver filter substrate and dried at 80 deg C for about
2 hr. The film was then sintered at 920 deg C for 4 hr
in an oxygen partial pressure (PO3) of 1.1 x 10* Pa and
annealed at 450 deg C for 16 hr in 1 atmosphere of oxygen.
Sintering in low PO, enhances [7] the sintering kinetics of
YBCO. In addition, the melting point of silver is slightly
higher in reduced POj. The resulting coating thickness
was on the order of 50 pum.

An 8510B Hewlett Packard Network Analyzer with an
S-parameter test set was used to precisely tune the fil-
ter and perform both the return and insertion loss mea- -
surements. The filter was originally tuned at room tem-
perature to better than 20 dB of return loss across the
frequency band of interest and subsequently cooled down
to 12 K by using a closed-cycle refrigerator (CCR). Its
temperature was monitored by two separate sensors at-
tached to its body and the temperature-dependent data
were taken as the filter was allowed to warm up slowly.
The insertion loss of the coaxial lines inside the CCR are
substrated from the data presented. These lines were sep-
arately characterized as a function of temperature for the
frequency band of interest.

For an equal-ripple Chebyshev filter, the insertion loss
(Ls) at midband is given by the expression:

L, (dB) = 8.686(Cp, /W Q) (1)

where @), is the unloaded resonator ¢}, W is the fractional
bandwidth, and C, is a coefficient determined by the filter
order and its band ripple [2].

From Egq. (1), since Q,, o< 1/R,, it is readily seen that
the insertion loss of a filter is proportional to the surface

.resistance of the material it is made of. For conventional

superconductors like Pb (T, = 7.2 K) and NbTi (T, =
9.8 K) at 4.2 K and at X-band frequencies, the surface
resistance is known to be as much as three orders of mag-
nitude lower than that of copper. The expected insertion
loss for an ideal filter like the one considered here is there-
fore on the order of 10~* dB. From the results on the sur-
face resistance of polycrystalline and single crystal YBCO
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materials [1], the authors expect insertion losses on the
order of 0.25 dB for the polycrystalline and no more than
103 dB for an ideal single-crystal filter.

Figure 2 shows the temperature dependence of the in-
sertion loss of the three different silver and YBCO filters as
a function of temperature. All the data were taken at an
input continuous wave (cw) power level of 38 pW. Qual-
itatively, all the curves look similar. A sharp transition
at 93 K is observed as the film becomes superconducting.
The insertion loss then tails off at about 70 K, at which
point it starts decreasing linearly to 12 K. The lowest value
reached is 0.69 dB, and if extrapolated down to 4.2 K, the
insertion loss would be 0.61 dB, as compared with 0.55 dB
for a similar copper filter. At lower values of input power,
the filter exhibits losses lower than that of copper, as dis-
cussed later.

The data of Fig. 2 for the three filters that were con-
structed reveal an important feature, namely that the
differences in performance among the three trials were
not due to material properties (i.e., R,), but rather due
to nonoptimization of the final devices. This is evident
if one superposes the three curves by subtracting con-
stant (temperature-independent) offsets, whence the three
curves become identical. Thus, in practice, the insertion
loss is represented by Lm(T) = L,(T) + Lo, where Lo is
temperature-independent and arises from connector mis-
match, tuning, etc. When this was realized, it was possible
to achieve the best results with filter 3 by improving the
ground-plane contacts, and by carefully assembling and
tuning the filter at room temperature to the lowest inser-
tion loss achievable.

Earlier work [3] with NbTi (T, = 9.8 K) filters sub-
stantiates the above conclusions for the high T, filter. In
the NbTi filter, it was discovered that poor ground-plane
contacts can contribute as much as 0.5 dB to the insertion
loss at cryogenic temperatures and could be minimized by
using knife edges at the joints. The ultimate residual loss
achieved with the NbTi filter was 0.10 dB, and it was con-
cluded that this represented the loss due to the connectors.

Thermal cycling strongly affects the L, data. For fil-
ter 3, L, was found to increase after the first thermal cycle
and following the filter assembly. After the first thermal
cycle, L, increased by 0.7 dB at room temperature, and
the subsequent cool-down data showed an increase by the
same amount. Following the final cryogenic measurement,
it was found that room temperature disassembly and re-
assembly of the filter increased its loss by 3.0 dB. Thus, for
future designs, care must be taken to reduce warping and
dimensional changes in the structure due to the high tem-
peratures involved in the fabrication process. In addition,
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engineering design changes will have to be incorporated to
eliminate the contact losses at the ground planes.

The surface resistance of samples prepared in the exact
same way as the filter was also measured as a function of
temperature down to 77 K by using a 14-GHz microwave
cavity, with the sample disk as an end plate. The R, data
showed the same qualitative temperature dependence that
was observed for the insertion loss measurements.

As mentioned earlier, the insertion loss L, was found
to exhibit a strong input power dependence, even at very
low input powers. Figure 3 shows L, as a function of
input power which was varied from 38 yW to 40 pW. For
the first cool down and very low input cw power levels
(> 1 nW) the filter loss approached very low values of
about 0.05 dB. As indicated in Fig. 3, the maximum error
at the low power levels and for very low values of L, is
about 0.3 dB, which represents a very conservative upper
bound on the measurement.

Such strong dependence on the input power is some-
what puzzling, since the incident magnetic fields on the
superconducting film are too weak to account for such an
effect. A thermal gradient could, however, exist in the
YBCO material at the ground-plane contacts. Although
the silver surface was machined flat to within 0.001 in.,
irregularities caused by firing and uneven film thickness
prevented perfect mechanical contact at the interface, and
hence led to poor electrical and thermal performance. It
is likely that power levels above 38 nW could be sufficient
to locally heat the YBCO material at the shorted base of
the resonators a few kelvin above the rest of the mate-
rial. It should be recalled that the radio frequency current
densities are highest at the shorted base of the resonators.
This is consistent also with the observed thermal cycling
degradation, since the stainless steel screws would have
a slightly different coefficient of expansion than the silver
body, leading to weaker contact force and hence higher
losses.

Note several features of the device reported here that
bear on comparisons with thin-film microstrip filters. As
part of its design, the waveguide should possess the low-
est losses achievable, in comparison with microstrip fil-
ter structures, which have higher losses. The five element

* configuration also provides a high out-of-band rejection

(~80 dB), which is difficult to achieve with thin-film mi-
crostrip filters. Connectorization should, in principle, be
easier here because of the metallic substrate. It was also
noted that the very low insertion loss of the filter has forced
careful evaluation of the procedures for measuring L,, and
indeed it is clear that even better performance will re-
quire more exact procedures. It should also be noted that



at least in space communications, signal power levels are
usually very low (~ nanowatts), which is the level at which
this filter exhibits its lowest insertion loss (see Fig. 3).

The authors have also tested the filter in an actual sys-
temn configuration designed to measure system noise tem-
perature with a HEMT front-end amplifier. Details of the
measurement will be presented elsewhere. At a physical
system temperature of T,,, = 20 K, and with the amplifier
noise temperature of 77 = 20 K, the experiments yielded
a noise temperature contribution of 4.6 K, which agrees
well with that inferred from the measured insertion loss
data.

_ In conclusion, a stripline high T, superconducting mi-
crowave bandpass filter was successfully fabricated and

tested. The lowest insertion loss measured was 0.05 dB,
with an input return loss of better than 16 dB across the
passband. The filter provides significant improvements
over a comparable copper filter and is at present limited
not by the superconducting material, but rather by design
limitations possibly originating at the time of fabrication.
Even at present, the filter is comparable to low T, super-
conducting devices (with a distinct advantage over the lat-
ter in that operation is possible at elevated temperatures
which are cost effective), and meets design criteria for the
very low-noise communication systems of deep space ap-
plications.

Work at Northeastern University was supported by the
Caltech President’s Fund and by the Northeastern Center
for Electromagnetics Research.
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