JOURNAL OF SPACECRAFT AND ROCKETS
Vol. 38, No. 2, March-April 2001

Development of the Quantitative Generalized Information
Network Analysis Methodology for Satellite Systems

Graeme B. Shaw,* D. W. Miller," and D. E. Hastings’*t
Massachusetts Institute of Technology, Cambridge, Massachusetts 02139

A generalized analysis methodology for satellite systems has been developed, and it can be used for the analysis
of space system architectures addressing any mission in communications, sensing, or navigation. The generalized
information network analysis methodology is a hybrid of information network flow analysis, signal and antenna
theory, space systems engineering and econometrics and specifies measurable, unambiguous metrics for the cost,
capability, performance, and adaptability. The important contribution of the work is that by standardizing the
representation of the overall mission objective, in terms of generalized quality of service parameters, the new
methodology organizes, prioritizes, and focuses the engineering effort expended in satellite systems analysis. The
generalized methodology is thus identified as a valuable tool for space systems engineering, allowing qualitative
and quantitative assessment of the impacts of system architecture, deployment strategy, schedule slip, market

demographics, and technical risk.

Nomenclature

A = state transition matrix

{Av,I,1Is, R} = capability parameters: availability,integrity,
isolation, rate

Cp = lifetime cost

Claunch = launch cost

Chfr = manufacturing cost

C, = baseline system cost

D = aperture extent, m

d = separation of symbols in signal space, V

E[] = expected value

E, = energy per bit, J

E, = elasticity with respect to variable x

f = frequency,Hz

G(s) = interfering signal spectra in Fourier domain

g(x) = probability density function of a signal

I(s) = inputspectrain Fourier domain

i(x) = inputsignal in physical domain

K in = number of nearest neighbor symbols

M, = total market capture

m = symbol size, bit

N, = noise spectrum in Fourier domain

Ny = noise power density, W/Hz

P = price

P(s) = Fourier domain response of system

P, = state probabilities vector

p(x) = physical domain impulse response of system

Ps = marginal probability of entering state s

0 = quantity of demand

o0 = Gaussian complementary distribution function

R(s) = Fourier domain output of system

r(x) = physical domain output of system

S = mission sensitivity

s = Fourier domain variable

s = signal space symbol vector

sin @ = direction sine, from normal bisector of
antenna

t = time,s

u = spatial frequency, wavelengths
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v = failure compensation costs

R = compensation cost of state s

vr = threshold voltage, V

w = bandwidth, Hz

Ve = coding gain

A = wavelength,m

A = failure rate of component i, per year

Introduction

HERE are many different ways to design satellite systems to

perform essentially the same task. To compare alternate de-
signs, metrics are required that fairly judge the capabilities and per-
formance of the different systems in carrying out the required task.
Intoday’s economic climate, there is also a requirement to consider
the monetary cost associated with different levels of performance.
Because of the extremely large capital investment required for any
space venture, it is especially important for satellite designers to
provide the customer with the best value. This hints to the possible
benefits of a definable cost per (functional) performance metric. Ca-
pability, performance, and cost metrics can be used as design tools
by addressing the sensitivity in performance and cost to changes in
the systemcomponentsor by identifyingthe key technology drivers.
This leads to the definition of the adaptability metric that measures
the sensitivity to changes in the design or role. Any metric used for
comparative analysis should be quantifiable and unambiguous. A
measurable metric, therefore, requires a formal definition that leads
to a calculable expression. A major goal of this research has been
to formally define the three metrics of capability, cost per function,
and adaptability, as part of a consistent methodology for the quan-
tifiable analysis of almost all satellite systems, spanning most likely
applications: the generalized information network analysis (GINA)
methodology.

Satellite Systems as Information Transfer Networks

Many current satellite applications provide some kind of service
incommunications,sensing,or navigation. The generalizationmade
by Shaw! is that these satellite systems are information transfer
systems and that ensuringinformation flow through the systemis the
overall mission objective. Information transfer systems exist only
to serve a market, a demand that specific information symbols be
transferred from some setof sourcesto a differentset of, presumably,
remote sinks. This origin-destination (O-D) market is distinct from
the systems built to satisfy it and is defined by the requirements of
the end users (at the sinks).

A satellite system can be represented as a modular information
processing network. The satellites, subsystems, and ground stations
make up individual modules of the system, each with well-defined
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interfaces (inputs and outputs) and a finite set of actions. This ab-
straction allows satellite system analysis to be treated as a network
flow problem. System analysisis thenreduced to characterizinghow
to “move some entity [information] from one point to another in an
underlying network ... as efficiently as possible, both to provide
good service to the users . . . and to use the underlying transmission
facilities effectively=”

The network representation of the satellite system provides the
framework for quantitative system analysis, based on the mathemat-
ics of information transmission and network flow. If the interaction
between each module and the information signal can be estimated,
the characteristics of the information arriving at the sinks can be
calculated.

Correct representation of the satellite system as an information
network requires a functional decomposition of the system into its
most important functional modules. The functional modules are
those elements of the system that impact the transfer of information
from source to sink. Note that functional modules do not necessarily
represent system hardware; a rain cloud can assuredly effect radio
communication to a satellite, but it is not conventionally considered
a system component. In fact, other than for component reliability
estimation, the actual hardware configuration of a subsystem is of
little interest to the network modeler. Of much greater importance
is correctly modeling the functional interaction between a module
and the information signals being transferred.

Figure 1 shows a simplified network for a system consisting of a
single communication satellite. The system transfers data between
a set of users utilizing several spot beams, which are the input and
output interfaces for the satellites.

At this most basic level of abstraction, the network is modeled to
comprise only the source and sink nodes, the satellite node and the
interfacesbetween them. (Note that provided their interface with the
network is similar, the users within each spot beam can be grouped
as a single node). This level of detail is probably too simplistic
for any useful system analysis. Figure 2 shows the network for the
same system, modeled with a finer level of functional decompo-
sition. In this more detailed model, the signal from a source node
passes through modules representing the effects of atmosphericrain
attenuation, space loss, and cross-channel interference, before be-
ing collected at a receiver module on the satellite. For simplicity,
only one spot beam is drawn on the uplink. The signal from this re-
ceiver is passed (along with the signals from the other spot beams’
receivers not shown) through a multichannel module representing
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the satellite digital signal processor (DSP). This module interprets
the information symbols and reroutes them to the correct satellite
transmit modules. Again, only one channel is shown for simplic-
ity. The downlink has similar attenuationand interferencemodules,
a user receiver and a DSP, and terminates at a sink node. Clearly,
this lower level model is a more accurate representation of the real
system.

The network model can be further augmented by including addi-
tional support modules that are not part of the primary information
pathway. For instance, modules representing the power generation
system, the propulsion system, or the attitude control system of the
satellite could be added. These support modules provide the other
primary functional modules with enabling signals (power, propul-
sion, control, etc.). The functional modules must receive these en-
abling signals to transfer the information symbols correctly. The
inclusion of these support modules in the network adds a further
level of detail to the analyses.

This hierarchical nature of the network modeling allows the de-
tail and accuracy of the analyses to be customized depending on the
application. For example, at the conceptual design stage, the analy-
ses may only have to predict the feasibility of the architecture. For
this level of analysis, only the essential functional modules must be
included. Later in the design process, more detail can be added to
obtain accurate predictions of the capabilities of the entire system.

Capability Characteristics

The volume of demand served by the system is limited by the
market (demographics, capture, and exhaustion) and by the system
capabilities. Shaw! defined four quality-of-service parameters re-
lating to the quantity, quality, and availability of the information
arriving at the sinks as fair measures of the system’s capabilities:
signal isolation, information rate, information integrity, and infor-
mation availability.

Signal Isolation

The system’s ability to isolate and identify signals from different
sources within the field of view is a critical mission driver for many
applications. Obviously, a system cannot satisfactorily transfer in-
formation between specific O-D pairs unless the individual sources
and sinks can be identified and isolated. Various methods are used
to isolate the different signals. For communication systems, com-
mon isolationschemes separate the signalsin frequency [frequency-
division multiple access (FDMA)] or time [time-division multiple
access (TDMA)]. Also, individual spot beams can be used to access
multiple sources that are spatially separated. The same techniques
can be applied to radar systems. Doppler frequency shifts are used
for identification of the target velocity and clutter rejection, and
time gating is used for target ranging. Scanning a small radar beam
over a large area allows separate targets to be isolated in space to
within a beamwidth. For imaging and remote sensing systems, the
same principalsapply. Different sources can be identified by detect-
ing in different frequency bands. Spatially separated sources can
be isolated using a high-resolutiondetector. An aperture can distin-
guish between sources that are separated by a distance no less than
the resolution of the aperture. Note the one-to-one correspondence
between 1) the resolution of an optic and the beamwidth of an an-
tenna or a radar and 2) the frequency of radiation from a remote
sensing pixel, the carrier frequency of a communication signal, and
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Fig. 2 Detailed network representation of a communication satellite.
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the Doppler shifts of a radar signal. The generality exhibited in the
mathematics of signal analysis allows these isolation relationships
to be formalized.

Generalized Signal Isolation and Interference

Informationtransfersystems must be able to isolate a given signal
from any others that may be present. If the different signals cannot
be distinguished, the cross-source interference will introduce noise
that could cause an erroneous interpretation of the information. In
general, a signal can be expressed in either of two domains; the
physical domain x or the Fourier domain s. These two domains are
related by the Fourier transform.

For electrical signals, such as in communications, the physical
domain is time #, whereas the Fourier domain is frequency f . Either
domaincanbe used foranalysis,althoughitis often easierto perform
the calculationsin the frequency domain. For example, consider the
simple linear system shown in Fig. 3. The time-domain output r (f)
is given by the convolution of the input signal i (¢) and the impulse
response of the system p(#). Equivalently, in the Fourier domain,
the output R(f) is given by multiplying the spectra of the input
signal I (f) and the frequency response of the system P( f), such
that

r) =i@)*p@) < R(f) =I1(/HP(f) )]

Note that a square low-pass filter of bandwidth W Hz has a time-
domain impulse response equal to a sinc function with a half-width
of 1/W s, as shown in Fig. 3. This basically means that two time-
domain impulse signals passing through the filter can be isolated
only if their time separationis greater than this minimum value. The
cutoff frequency W effectively limits the filters ability to transfer
time-domain information.

There is an exact analogy to these relationships for optics and
antenna theory.>* The corresponding Fourier-transform pair is the
angle between the propagationdirectionof the radiation and the nor-
mal of the antenna, measured as sin 6, and a spatial coordinatealong
the antenna (measured in wavelengths) referred to as the spatial fre-
quency u. It is convenient to consider sin 6 as the physical variable
and u as the Fourier variable, although the choice is arbitrary due to
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Fig. 3 Basic signal and antenna theory.

the symmetry of the Fourier transform. The analogy with electrical
signal theory allows most of the properties relating to filtering and
processingof time-domainelectrical signalsto be extendedto anten-
nas and optics. For example, consider the one-dimensionalantenna
shownin Fig. 3. The antennaimages an unknown objectdistribution
i(sin0) by filtering the object signal with a low-pass filter. An aper-
ture or optic is a spatial filter because it samples only those parts of
the signal within its spatial extent. The output image (in the angular
domain) is equal to the convolution of the input signal i (sin8) and
the impulse response of the aperture, defined as the radiation pat-
tern p(sin6). Equivalently, the Fourier-domain output is given by
the product of the input signal () and the aperture (illumination)
distribution P (u), such that

r(sin@) = i(sin@) * p(sinf) <> R(u) = I (u) P (u) 2)

Note that the angular radiation pattern of an aperture is equal to
the Fourier transform of the aperture distribution. That is, it is the
response of the antenna to uniform illumination over its extent. For
a rectangular aperture of size D/, this response is a sinc function
of half-width sin® = A/D, as shown in Fig. 3. The position of this
first null in the radiation pattern corresponds to the angular reso-
lution of the aperture because it determines the minimum angular
separation of two point sources that can be successfully isolated.
The cutoff frequency uy = D /A limits the ability of the antenna
in transferring angular information. This property corresponds pre-
cisely to the earlier-stated isolation capabilities of electrical filters.
(This one-to-one correspondence justifies our definition of u# being
the Fourier-domain variable.)

The similarities between the isolation characteristics of electrical
systems and antenna systems are pervasive. The same principles of
signal theory apply for both applications, and generalizations can
be made about the isolation capabilities of a general system.

Signals can be isolated only if they are distinct and separable.
Clearly, two signals that are separated in either the physical or
Fourier domain satisfy this condition. For example, two electrical
signals with nonoverlapping frequency bands can be isolated us-
ing a pair of bandpass filters. Similarly, two time-bounded signals
transmitted sequentially can be isolated using a simple time gate.
However, the condition that the signals be distinct and separable
does not restrict them to exclusive occupation of part of one of the
two domains. It is possible for a set of signals to occupy the same
parts of the physical and Fourier domains and still be distinguished,
albeit with some amount of interference.

To better understand what is meant by distinct and separable, it
is helpful to adopt the signal space interpretation of signal analysis.
Here, a geometrical linear space is defined by a set of real or com-
plex vectors that representa set of real or complex signals.>® This
approach is useful in signal analysis because it allows a number of
mathematically equivalent problems to be treated with a common
notation and a common solution.

Signal spaces are Hilbert spaces with a dimensionality defined by
the number of orthonormal basis signals. The set H . of all real or
complex L, signals with supportin a finite physicalinterval [0, x] is
a signal space of countably infinite dimension. This is a statement of
the fact that a signal bounded in the physical domain has an infinite
number of Fourier components. Similarly, the set Hy of all real
or complex signals whose Fourier domain is strictly bandlimited
to a band B is a signal space of countably infinite dimension. The
orthonormal basis functions here are an infinite set of (sinx)/x
signals in the physical domain.

The detection and isolation process can now be stated in similar
geometrical terms. If a particular signal is to be isolated from a set
of interfering signals, the detector need only search in the subspace
defined by the desired signal. A matched filter optimally designed
toisolate a given signal simply projects the input signal space onto a
space defined by the desired signal by performing an inner product.
Accordingto the Theorem of Irrelevance, this operationresultsin no
loss of information about the desired signal and optimally reduces
the interference from other signals. This means that only signals
that are orthogonal to each other in signal space can be isolated
with zero interference. Signals that are almost orthogonal to each
other have a small inner product and can be isolated with a small
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Fig. 4 Basic channel model for a simple system.

amount of interference. This concept of orthogonalityis the correct
interpretation of distinct and separable.

The amount of interference introduced in the detection process
can be quantified. The interference noise power at the output of a
matched filter is the integrated squared magnitude of the interfering
signals after being projected into the signal space of the matched
filter. To understandhow this relates to conventional signal analysis,
consider the system shown in Fig. 4.

An information signal / (s) and an interfering signal G (s) are the
inputs to a system designed to isolate /(s). The system’s Fourier
responseis P(s), and so the output R(s) is given by

R(s)=[I(s) + G(s)]P(s) + N(s)P(s)

=I(s)+1()[P(s)— 11+ G(s)P(s) + N(s)P(s) (3)

where N (s) is the (thermal) noise spectrum in the Fourier domain.
All of the terms except the desired / (s) add noise and distortion to
the output of the system. The last term is the noise admittance of
the system, but the second and third terms representthe interference
outputs.

The isolationcapabilitiesof the system determine the size of these
interference outputs. The term G (s) P (s) is the cross-channelinter-
ference, and I (s)[P(s) — 1] is the intersymbol interference (IST)
within a signal. To eliminate ISI, the system channel response P (s)
mustbe unity within the bands where I > 0 and zeroelsewhere. This
ISI term s significant if the systeminvolves a sampling of the signal
into discrete (digital) components. In this case, P (s) is a periodic,
aliased spectrum, and [P (s) — 1] can have positive values. Digital
communication systems can be designed to give zero interference
at the sampler output by enforcing that the signals satisfy the gen-
eralized Nyquist criteria (see Ref. 6). This basically requires each
signal to be orthogonalto its translates by multiples of the sampling
interval and also to all translates of the other signals. Of course,
it is extremely unlikely that this condition be satisfied for remote
sensing systems because the signals are externally generated.

The interference power at the output of a system is the squared
magnitude of the filtered interferingsignals,integratedin the domain
in which the desired signal is bounded and over the same limits. For
instance, the interference power at the output of a matched filter
designed to isolate a signal bounded in the Fourier domain is equal
to the power spectrum of all interfering signals, integrated over the
bandwidth of the matched filter. Similarly, the interference power at
the output of a system designed to isolate a signal bounded to [0, x]
in the physical domain is the total power of the filtered interfering
signals within the physical limits [0, x].

Information Rate

This is a measure of the rate at which the system transfers infor-
mation symbols between each O-D pair. This is equivalent to the
data rate for communication systems, the revisit rate for imaging
systems, or the update rate for navigationsystems. The system must
deliverinformation symbols at a rate that matches the characteristic
bandwidth of the source or the end user.

Information Integrity

The error performance of data collection and transfer systems is
a critical issue in their design and operation® A detector uses an
observation of the signal plus noise to make a decision about each
informationsymbol. Generally, the probability of erroneouslyinter-
preting an informationsymbol depends on the energy in the symbol.
An error can occur if noise or interference degrades the signal in
such a way that an incorrectdecisionis made about the observation.

These errors can be as benign as a single bit error in a commu-
nication message or as consequential as a false alarm for an early
warning radar system.

The probability of error for a single measurement is the likeli-
hood that the interfering and thermal noise power exceeds some
threshold, equal to the difference between information data values.
Consider for example, the simplest case of an amplitude modulated
binary communicationchannel [binary pulse amplitude modulation
(PAM)]. The two data values {0, 1} are represented by two different
voltage levels of the passband carrier wave. The separationbetween
these levels is d V. If the noise component of the signal has a level
greater than d/2 V, a data symbol {0} can appear in the observation
as a {1} or vice versa. The probability of an error of a single bit is
then the probability that the noise power is greater than the separa-
tion between data symbols. This is equal to the area under the noise
probability density function from [d /2, 0o].

For generality, integrity can be placed in the context of the sig-
nal space representation of signals introduced earlier. Consider an
information transfer system that makes an observationknown to be
equal to one of two potential symbols, but distorted by noise. The
two possibleinformation symbols have signal space representations
s and s,, such that the vector between them is (s; —s,). Define the
length of this vector, equal to the separation between the symbols,
to be d. The task of the detector is to determine which of the two
possible symbols is the correct interpretation of the noisy observa-
tion. The decisionrule used is based on the position of the observed
signal projected into the same signal space. In general, the obser-
vation will not be coincident with either the two possible symbols,
due to the presence of additive noise. The actual position in the
signal space of the observation will be equal to the position of the
underlying information symbol, plus the geometrically correct vec-
tor representationof the noise, according to standardrules of vector
addition. Usually the symbol closest to the observation, among all
of those that are possible, is chosen by the detector. For maximum
likelihood detection with hard decisions, this correspondsto a deci-
sion threshold along the bisector between the two possible signals,
at perpendicular distance of d /2 from each. A decision error will,
therefore, be made if the projection of the noise in the direction of
(s; —s,), is greater than d/2. For additive noise with a probabil-
ity density function g(x), the probability of this error [Pr(error)]
occurring is

Pr(error)z/ g(x)dx 4)
a2

If there are more than two possible information symbols from
which to choose, the net error probability for a given symbol is the
sum of the probabilitiescalculated from Eq. (4) foreach value of d /2
correspondingto the differentpairs of symbols. This can be approx-
imated from the union bound estimate,® in which the assumption is
made that the closest pairs of symbols dominate the sum. If a given
symbol has K ;, nearest neighborsat a common distance d, then an
estimate for the error probability is

o)

Pr(error) ~ K / g(x)dx (5)

d/2

When g(x) is stationary white Gaussian noise with zero mean
and variance o2, Eq. (5) becomes

1 © —x?
Pr(error) ~ K, - —— exp(—) dx
o2r d/2 202

~ Ko - serte( =22 ) ~ ko - 0/ (£
min 2erc 2Jﬁ min 40_2

’ dz
~ Kmin . Q (m) (6)

where Q’() is the Gaussian complementary distribution function,
often simply called the g-function. Ny =202 is the average noise
power per hertz. Note that the preceding equations represent the
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Fig. 5 Signalspace representation of QPSK; four informationsymbols
differ in phase, while their amplitude is constant.

symbol error probability. In all but the simplest communication
schemes, each symbol represents more than a single bit of informa-
tion. For example, with the quadrature phase-shift keying (QPSK)
modulation scheme used in most satellite communication applica-
tions, the phase of the carrier wave is varied to transmit information,
such that each of four possible equal-power symbols represents a
pair of data values, as shown in Fig. 5. In most well-designed sig-
nal sets, adjacent symbols differ only by a single information bit.
In these cases, an error in the interpretation of a multibit symbol
results in only a single bit error. If each symbol represents m bits,
then the probability of bit error, in terms of E, /Ny, is

Pr(bit error) & (K /m) - Q'[(d?/4E,)2E,/Ny)]

~ K, - Q'[y.(2E;/Ny)] (M

where K, = K ,;,/m is the average number of nearest neighbors per
bitand y, = d*?/4E, is defined as thenominal coding gain, a measure
of the improvementof a given signal set comparedto uncodedbinary
PAM, in which y. = 1. For QPSK, there is no coding gain since
d*=4E,, as shown in Fig. 5. Also K, = 1, and so the bit error rate
(BER) is

BER ~ Q'(2E,/N,) ®)

Additional coding gain can be attained with error-correctioncod-
ing, which involves further separating the symbols in signal space.
For example, QPSK with half-rate Viterbierrorcorrectionhas y, =2
such that

BER ~ Q'(4E,/N,) ©)

Note that g(x) in Eq. (4) is the probability density function of the
noise signal at the input to the detector that makes the decisions.
This may differ from the density function of the noise at the inputto
the antennadue to the effects of filters and amplifiers upstream of the
detector. For example, consider a simple radar system. A positive
radar detection is declared if the envelope (complex amplitude) of
the received signal exceeds some predetermined threshold. A radar
detector, therefore, includes an envelope detector, to measure the
envelope of the signal, and a threshold detector, to actually make
the decisions.If the noise entering the envelope detectorhas a Gaus-
sian probability density function with zero mean and variance o2,
the probability density function of the noise at output of envelope
detector is a Rayleigh distribution’:

g(x) = (x/o?) exp(—x%/20?%) (10)

In this case, the probability of error, or false alarm, is given by
Eq. (5) with K ;, = 1 and d /2 = vy, the threshold voltage, such that

00 _.2
Pr(false alarm) = / g(x)dx = exp( vT) (11

202
T

Information Availability

The availability measures the instantaneous probability that in-
formation is being transferred through the network between a given
number of known and identified O-D pairs at a given rate and in-
tegrity. The availabilityis a measure of the mean and variance of the
isolation, rate, and integrity supportable by the system and as such
is sensitive to worst-case scenarios.

Note thatavailabilityhas a functional definition; it is the probabil-
ity that the system can instantaneously perform specific functions.
In this way, the availabilityis not a statement about componentreli-
abilities. At any instant, the network architectureis defined only by
its operational components, and so all networks are assumed to be
instantaneously failure free. Should a component fail, the network
changes by the removal of that component. Generally, the capabili-
ties of the new network will be different than those of the previous
network.

For a given network, the supportableisolation, rate, integrity, and,
hence, the availability, can vary due to the following:

1) There are too many users simultaneously accessing the limited
resources of the system. The availability of service to a given user
will be poor if the total number of users approaches or exceeds the
nominal operating capacity of the system.

2) There is unfavorable viewing geometry and coverage varia-
tions. [The spherical error probable (SEP) is the sphere containing
50% of observations.] A system that cannot support continuous
coverage of a region will have a low availability for real-time ap-
plications. The availability of high-accuracy navigation solutions
(SEP < 16 m) using the global positioning system (GPS) is depen-
dent on a favorable viewing geometry to several satellites. Spatial
and temporal variations in this geometrical dilution of precision
dominate the operational availability of GPS. Imaging applications
oftenrequirespecific viewing geometriesfor each image, effectively
limiting the availability of a low-Earth-orbit (LEO) remote sensing
system to those times that such a geometry occurs.

3) There are arange variationsdue to the differentelevationangles
between the users and the satellites. This is especially true for LEO
communication systems in which the range and, hence, free space
loss change dramatically as the satellite passes overhead.

4) There is signal attenuation from blockage, rain, or clouds.
Clearly atmospheric attenuation can vary geographically and tem-
porally, and the impact on the availability of service can be pro-
found. Visible or ultraviolet imaging is impossible through cloud
cover, limiting the availability of such systems. A mobile user of
the Big-LEO communication systems will be very susceptible to
signal fade from blockage, either by buildings or foliage.

5) There are statistical fluctuations due to noise or clutter. These
random variations may be significantif the systemis operating close
to the limits of its capabilities.

Calculating the Capability Characteristics

These characteristicsdefine the capability of the system, that be-
ing the availability of providing an information transfer service be-
tween a given number of identified O-D pairs at a given rate and
integrity. The capability characteristics are probabilistic measures.
The availability is a function of three variables: rate, integrity, and
the number of users. For satelliteapplications,the informationrate is
usually a deterministic design decision. However, the integrity and
the number of simultaneous users can be considered random vari-
ables, the former being sensitive any variations in the signal power
or noise, and the latter being dependent on the market. Although it
is often difficult to predict the statistics of the market, probability
distribution functions for the signal power and the noise power can
be predicted reasonably well from the statistics of the satellite’s or-
bit and elevation angle, probabilistic blockage or rain attenuation
models, and component performance specifications.

Calculating the capability characteristics, therefore, involves
tracking the statistics of the information signals delivered to the
end users. The network representationof satellite systems provides
the framework for these calculations. Statistical distributionscan be
propagated through a network sequentially, calculating the changes
to the distribution functions as a result of the transitions through
each node along a path from source to sink.
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Consider an arbitrary system component with input signals X
and Y and an output signal Z. Treat X and Y as random variables
with distributionfunctions F (x) and F,(y), and probability density
functions f;(x) and f>(y), such that

Fi(x) =Pr(X <x) = / fi(v)dv (12)

y
) =P(Y =y) = / f(v)dv (13)

If the output z = g(x) is a function of only one input x, then the
random variable Z has a distribution function F,(z) given by

F.(2) =Pr(Z < 2) = F[f(x)] = Fi(x) (14)

Generally, the output is a function of more than one input, such
thatz=g(x, y). If X and Y are independent,

F.(z)=Pr(Z <z) = // fi(x) fo(y) dx dy (15)

glx,y)=z

Providedthe transferfunctions g () of eachcomponentare known,
these equations describe how to propagate the probability distribu-
tion functions for the signal power and noise power through the
network. The probability distribution function for the integrity of
decisions made at a detector can then be evaluated, again using
Eq. (15), with the two random variables being E, and Nj,.

Note that some networks include several detectors that make in-
terpretationsof the informationat intermediate points along the path
from source to sink. Any information symbols that are interpreted
erroneously by an intermediate detector will be received in error at
the next detector before any interpretationis even performed. The
net error probability (integrity) is the combination of the errors in-
curred at each detector. The probability distribution of these errors
is once again calculated using Eq. (15), where the random variables
are now the error probabilities for the decisions at each detector.

The probabilitydistributionsfor the integrity of informationtrans-
fers between a given number of identified O-D pairs at a variety of
different rates, thus, can be calculated. These distributions define
the availability of providing this information transfer service.

Example Capability Characteristics for a Ka-Band Communication
Satellite

Consider the informationflow througha typical satellite from one
of the proposed Ka-band communication systems. Figure 2 shows
a possible network diagram for one such satellite. The modeled
system parameters are given in Table 1.

Start at the left-hand side of Fig. 2: Consider first the uplink
from the users to the satellite. The modeled satellite employs a
TDM/FDMA scheme for each of 48 uplink spot beams. This means
that each user transmits information within a specified frequency
band, and at specified times, isolating the different users of each
spot beam. Note that because the maximum transmitted power of
the user terminals is limited, the energy per symbol depends on the
user transmission rate.

Each signal then passes through the atmosphere, which attenu-
ates the power (and introduces noise) by varying degrees depending
on the local climate, the frequency of the rf carrier, and the eleva-
tion angle of the line of sight. The probability distribution for the
likely attenuation can be predicted reasonably well using the famil-
iar Crane rain attenuation model.® There is additional attenuation
from free-spaceloss, again with a probability distributiondue to the
distribution of elevation angles for users within the field of view
(FOV). The power of the signal arriving at the satellite antenna,
therefore, has a statistical distribution. Noise power from thermal
noise and cross-sourceinterference (imperfect signal isolation) lead
to small average signal-to-noiseratios. The power of each signal en-
tering the DSP is, therefore, weak and varying. The DSP must detect
the information symbols and reroute them to their destination. Re-
call that the integrity of the detection process scales exponentially
with E, /N,. Therefore, there is a statistical distributionfor the BER

Table1 System parameters for a modeled Ka-band
communication satellite

Parameter Unit Value

Miscellaneous system parameters

Mission Broadband communications
Market Western European residential

users
Number of satellites 1
Orbit 25°E GEO

Uplink parameters

Multiple access scheme Spot beams + TDM/FDMA

Modulation QPSK, 1/2-rate Viterbi error
correction
Frequency GHz 30
User terminal effective dBW 44.5
isotropic radiated power
(EIRP)
Number of uplink spot 48
beams
Satellite antenna gain dB 46.5
System temperature dBK 27.6
Losses dB 1.5
Downlink parameters
Multiple access scheme Spot beams + TDMA
Modulation QPSK, 1/2-rate Viterbi error
correction
Frequency GHz 20
Number of downlink spot _ 48
beams
Channels per beam _ 1
Channel bandwidth MHz 125
Channel capacity Mbps 92
Satellite EIRP dB 59.5
VSAT? antenna gain dB 43
System temperature dBK 24.4
Losses dB 1.5

*VSAT, Very Small Aperture Terminal.

of each signal leaving the DSP, and the distribution will be different
for different user information rates.

The downlink involves a single TDM wideband carrier for each
of the 48 spot beams. The net information rate of this downlink is
the sum of the rates for all users within the beam. This means that the
energy per symbol of the downlink stream is a function of both the
user information rate and the number of users. A larger numbers of
users at a higher rate per user results in a lower energy per symbol.

The downlink signal is also attenuated by the atmosphere, free-
space loss, and interference. Individual end users must demultiplex
the received signal, extracting only the parts relevant to them. Here,
isolation of the correct information signal depends on the stabil-
ity of the oscillators in the user terminals. Extraction of the wrong
information is effectively a multiple-symbol error. The subsequent
interpretation of information symbols is sensitive to the received
energy per symbol. Recall, however, that some symbols were in-
terpreted erroneously by the satellites. These symbols are received
at the user terminals in error before any interpretation is even per-
formed. Therefore, the net symbol error rate is a combination of the
errors incurred at the satellite and at the user terminals.

In this example, the rate of information transferred through the
system for each O-D pair is a design decision. The integrity of that
information, as measured by the symbol error rate, has a statistical
distributiondepending on the number of users and the rate at which
they transmit. The resulting availability of service varies across the
range of operating conditions. The capability characteristicsfor this
network are shown in Fig. 6 for two differentrates and two different
numbers of users. The capability characteristics shown here were
calculatedusingelevationangle statisticsfor users distributedacross
western Europe, accessing a geostationary satellite located at 25°E
longitude.

These characteristics can be used to determine the maximum
number of users that the system can support at a particular rate
and integrity. Note that the availability for 3000 users at T-1 rates
(1.544 Mbps) is below 95% over all BERs of interest. (Note that
it is generally assumed that BERs of 10~ or 1071 are acceptable
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Fig. 6 Capability characteristics for a modeled Ka-band communica-
tion satellite.

for broadband services.) This is a result of the demand exceeding
the downlink capacity of the satellite. Users must then be queued,
reducing their effective availability.

Generalized Performance

The formulationof the capability characteristicsallow us to calcu-
late the generalized performance of satellite systems. Performance
is perceived in terms of satisfying the demands of a market. This
demand is represented by a set of functional requirements, specific
to an individualinformation transfer. The requirements specify min-
imum acceptable values for 1) signal isolation, 2) information rate,
3) informationintegrity,and 4) availability of service at the required
isolation, rate, and integrity. For instance, consider the market for
mobile voice communication. Typically, the requirementis that in-
dividualusershave atleast 95% probability of being able to transmit
and receive from small, mobile terminals at a rate of no less than
4800 bps with a maximum BER of 107>, Note that the isolation re-
quirement enforces that the system be able to address each mobile,
individual user within the distributed market. Also note that these
functional requirements make no reference to the size of the market
being served; they simply specify the quality of service that must
be provided to the users.

Performance should always be defined relative to these require-
ments. To be unambiguous and quantifiable, performance should
represent the likelihood that the system can satisfy the functional
requirements for a certain number of users from a given market. In
short, the performance of a system within a given market scenariois
the probability that the system instantaneouslysatisfies the top-level
functional requirements that represent the mission objectives.

Itis importantto note that performanceis distinct from capability,
although the two are related. The capability characterizesa particu-
lar network’s ability to transferinformationbetween a given number
of identified users at different rates and integrities. There is no im-
plicit reference to requirements within the definition of capability,
and component reliabilities are not reflected. However, a measure

of performance shouldinclude all likely operating states, and so re-
liability considerations are necessary. The existence of component
failures means that every system has many possible network ar-
chitectures correspondingto failures in differentcomponents. Each
network, or system state, is defined only by the components that
are operational. Each of these states will have different capabilities.
By specifying requirements on isolation, rate, and integrity, the ca-
pability characteristics can be used to determine the availability of
service offered by each state, for different numbers of users. If the
supported availability exceeds the minimum acceptable availability
specified by the functionalrequirements, that system state is deemed
operational. The mathematical formulation of the generalized per-
formance follows immediately: The generalized Performance for
a given market scenario is simply the probability of being in any
operational state.

Therefore, the performance can be improved by either reducing
the impact of any component failures that could occur or by improv-
ing the component reliabilities so that these failures are less likely.
The former approacheffectivelyincreasesthe numberof operational
states, whereas the latter reduces the probability of transitioning to
a failure state. The impact of component failures, blockage, or rain/
cloud cover can be reduced if there are redundantinformation paths.
This redundancy can be provided by distributedarchitecturesfeatur-
ing multifold coverage. For example, a mobile communication user
can select, from all of those in view, the operationalsatellite with the
clearest line of sight. This can reduce service outages and improve
availability. This concept extends across almost all applications.

Time Variability of Performance

The performance can be quantified for each year over the lifetime
of the satellite system to give the performance profile. The perfor-
mance of the system generally changes in time as a result of three
factors:

1) There are typically differentrate, integrity, and availability re-
quirements placed on a satellite system at different times within its
life. Consequently, the functional requirements are properly speci-
fied as an availability profile.

2) System components have finite failure probabilities, and once
on orbit, a satellite systemis difficult to repair. Thus, there is a higher
probability of being in a failed state with a degraded availability late
in the lifetime.

3) The number of users targeted by the system will usually change
over the lifetime. As shown in preceding sections, the supported
availability of a system is a strong function of the number of users.

These trends can compound to give large variationsin the perfor-
mance over the system lifetime.

Calculation of the Generalized Performance

Because the context of its definition includes the notion of state
probabilities, the calculation of the generalized performanceis well
suited to Markov modelingtechniquesthat determine the probability
of being in any particular state at a given time. In general, Markov
calculationsrely the state probabilities P, (¢,) at some future time #,
depending only on the current state probabilities P, (#y) and on the
rate of state transitions’:

Pi(11) =A - P,(t) (16)

where A is the state transition matrix. Determination of this matrix
requires the characterization of each state as an operational state
or a failure state. Herein lies the only complication in calculat-
ing the generalized performance compared to conventional Markov
modeling. To ascertain whether a state is operational, the capabil-
ity characteristics of that state must be calculated and compared to
the requirements. Because this is nontrivial, generation of the state
transition matrix involves a large amount of computation and in
most cases dominates over the computations involved in the actual
solution of Eq. (16). Therefore, the complexity of the performance
calculations grows linearly with the number of possible states be-
cause each must be investigated. However, the number of possible
states increases geometrically with the number of failure transitions
and the number of system components. For this reason, the models
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usually include fewer than 10 failure transitions from a subsetof the
most critical system components. State aggregation techniques can
also be used to reduce the number of computations.

Example Performance for a Ka-Band Communication Satellite

To illustrate calculation of the generalized performance, return
once again to the broadband communication system of Fig. 2 and
Table 1. For demonstration purposes, let us assume that 2500 users
of the system require availability of at least 98 % for communication
at a datarate R = 1.544 Mbps and a BER of 10~°. By the use of
reasonable values for the failure rates of the most critical system
components, the failure states correspondingto a violation of these
requirements and the associated probabilitiescan be calculated. For
this simple system, there are basically two different types of failure
state: those that correspond to degraded payload operations that vi-
olate the requirements and those that constitute a total loss of the
satellite. These two scenarios can be modeled separately to sim-
plify the analyses. Consider first the failure states correspondingto
degraded operation of the satellite payload.

The most failure-prone components along the primary informa-
tion path through the network are the satellite DSPs and the satellite
transmitters. The system shown in Fig. 2 features 48 channels for
each of these, one pair for each spot beam, with cross connections
toremove serial failure modes. Note that this is notrepresentativeof
the proposed Ka-band systems that have multiple, redundant DSPs
and transmitters. For example, the publishedplans for the Spaceway
system, proposed by Hughes Communications, Inc.,'’~!? include
fully redundant cross-strapped DSPs and 64-for-48 redundancy in
the transmitters. Such levels of hardware redundancy, mated with
technologicalimprovementsthatreduce the componentfailurerates,
result in a very small probability of payload failure. It can be as-
sumed that a sensible design would feature such redundancy,and at
least for this example, we canignore the effects of degraded payload
operations.

The second type of system failure corresponds to a total loss in
operational capability of the satellite. This satellite vehicle failure
(SVF) can occur when the support modules fail to provide the func-
tional modules with essential resources. For example, the power
and propulsion subsystems, the guidance and navigation subsystem
(G&N), and the spacecraft control computer (SCC) must all work
under normal operations. Calculating the probability of SVF sim-
ply involves building a simple model of the satellite bus resources.
For this simple example, the spacecraft was modeled to include two
parallel SCCs, two G&Ns, and an integrated bus module represent-
ing propulsion, power, and structural components. In the G&N and
SCC, 1 out of every 10 failures were assumed to be unrecover-
able. The equivalent channel failure rates, taken from Ref. 13, are
Ascc =0.0246, Agen =0.0136, and Ay = 0.072, all per year. The
resulting probabilitiesof the SVF modes are shown as a function of
time in Fig. 7.

For this example, the failure probabilityis dominated by the prob-
ability of a bus failure. The overall probability of satellite failure
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Fig. 7 Failure state probabilities for a modeled Ka-band communica-
tion satellite.

exceeds 0.5 after 10 years. The generalized performance of this
example satellite system is the complement of the net failure rate,
which drops from unity at time O to a value just less than 0.5 after
10 years.

Cost Per Function Metric

The cost per function (CPF) metric is perhaps the most important
conceptintroduced within this analysis framework. Its definition is
completely generalizable and straightforward: The cost per func-
tion metric is a measure of the average cost incurred to provide a
satisfactory quality of service to a single O-D pair within a defined
market. The metric amortizes the total lifetime system cost over all
satisfied users of the system during its life.

The mathematical form of the metric follows immediately from
this definition and is the same across all applications:

lifetime cost
CPF = - 17
number of satisfied users

Note that number of users of the system is represented by the
number of O-D pairs and the information symbols they exchange.
For example, the number of users of a communication service is
defined by the total number of bits transferred through the system.
Equivalently, the number of users for a space-based search radar is
the total area that is searched. However, this alone is insufficient
because the definition of a market implicitly includes minimum
requirementson the quality of service: the isolationbetween sources
and the rate and integrity of the informationbeing exchanged. Users
within the market are only satisfied when the information transfers
occur between the correct O-D pairs at the correctrate and with the
correct integrity. Therefore, the metric is based on the number of
satisfied users, referring to the total number of symbols transferred
through the system that satisfy requirements.

Before proceeding, it is helpful to introduce some examples of
the CPF for different applications, to concrete understanding of the
principal terms. Table 2 summarizes the CPF for a mobile voice
communication system,'* a broadband communication system,'® a
surveillanceradar system [ground moving targetindicator (GMTI)]
for the detection of ground moving targets, and an astronomical
telescope %!

Both of the communication systems must support a quality of
service that people will be willing to pay for, a servicethatis billable.
The market for voice requires symbol rates that can supporta voice
circuit, defined as a full-duplex voice connection of predetermined
quality between two users. The quantity of these voice circuits can
be measured in minutes. For broadband service, the informationrate
must be higher, with multimedia applications requiring data rates
around T1 (1.544 Mbps).

The surveillanceradar must provide a level of service that allows
a theater of a given size to be adequately protected. This requires
thateach square kilometerbe safety checked every minute. The total
number of protected square kilometers is then total area protected
each minute, multiplied by the number of these minute-long inter-
vals in the lifetime of the system. As a result, the time dimension
is not explicitly stated in the metric, but is implicit in the definition
of protected. Similarly, for the telescope, the concept of the useful
image implies a satisfactory resolution, update rate, and image in-
tegrity. Again, the time dimension does not appear explicitly, being
swallowed by the useful construct.

In every case, the CPF has the dimensions of dollars-per-
informationsymbol. Recall, however, that informationsymbols rep-
resent users of the system. Therefore, although the dimensions of
a symbol are strictly bits, a symbol generally has an interpreta-
tion, such as a voice circuit or an image. Indeed, by definition, the

Table2 CPF metrics for example applications

System Cost per  Satisfied User

Mobile communications Costper Billable  Voice-circuit minute
Broadband communications Cost per Billable  T1 minute

GMTI radar Costper Protected km? of theater
Astronomical telescope Cost per  Useful Image
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dimensionality of the CPF metric must be equivalentto dollars per
user.

Calculating the CPF Metric

To calculate the CPF metric, the impact of improved performance
on the cost of a system must be determined. If the value of perfor-
mance can be quantified, the system cost can be modified to corre-
spond to a common level of performance. The modified system cost
should represent the total lifetime cost of a system, where lifetime
cost is defined to be the total expenditure necessary to continuously
satisfy the top-level system requirements.

System Lifetime Cost

The baselinecost C, accountsfor the design, construction,launch,
and operationof the system components.This baseline costdoes not,
however, account for the expected cost of failures of system com-
ponents. Because the system must satisfy requirements throughout
its design life, expenditure will be necessary to compensate for any
failures thatcause a violationof this condition. These additional fail-
ure compensationcosts V, (Ref. 13) must be added to the baseline
system cost to give the total lifetime cost C,

CL=C +V, (18)

As long as it is used consistently, any cost model can be used to
calculate the baseline system cost. Note that a premium is paid for
more reliable components.

Because some costs are incurred at different times within the life-
time of the system, the cost is actually represented as a cost profile.
This profile has to be modified to account for the time value of
money. Costs incurred later in the system lifetime have a lesser im-
pacton the overall system cost. A dollaris always worth more today
than it is tomorrow; capital expenditure can earn interest if invested
elsewhere. Therefore, the yearly costs are discounted according to
an assumed discount rate corresponding to an acceptable internal
rate of return (IRR). To attract investors to commercial systems, the
high risk associated with space ventures necessitates a high IRR of
around 30%. For government projects, a discount rate of 10% is
often used in costing analysis.'?

The discounted cost profile ¢, () must then be integrated over the
system lifetime to obtain the total baseline system cost C;

Co=)Y c (19)

life

Failure Compensation Cost
The failure compensation cost V; can be estimated from an ex-
pected value calculation:

V= EVi=) [Z Pt m(r)] (20)

life states

where p;(f) is marginal probability of entering failure state s at time
t and v (?) is the sum of the economicresourcesrequiredto compen-
sate for the failure. Strictly, this calculation should involve all likely
failure states. However, for complex systems this is prohibitive. A
reasonable approximationis to truncate the model and include only
the states representing the most likely failure modes.

Note that v, includes the costs of replacement satellites or com-
ponents, launch costs, and any opportunity costs representing the
revenue lost during the downtime of the system. The calculation of
v, is architecture specific and in most cases depends strongly on
the nature of the failure mode. A failure mode and effects analy-
sis may be required to estimate the replacementcosts. Estimation of
the opportunitycostsis difficult, requiring a predictionof the failure
duration. Despite these problems, v, can be estimated with reason-
able confidence using predictive methods and for simple systems
and with simulations for more complex systems. Of course, good
market models are also required.

The marginal probabilities p,(f) of the most likely failure states
are the derivatives of the failure state probabilities P(¢) that are

evaluated during the Markov calculation for the generalized per-
formance. It is, therefore, through the failure compensation costs
that performance impacts the system lifetime costs. A higher per-
formance system will have a lower probability of transitioning to a
failure state and, consequently, a lower expected value of the com-
pensation costs.

System Capture

In a perfect market scenario, the system capture M, (equivalentto
the total number of satisfied users) can be chosen using the capabil-
ity characteristicsand the performance profiles. This would simply
be the maximum number of users that the system could satisfy,
given a set of requirements. Essentially there is a tradeoff between
providing basic service to a large number of users or ensuring high
performance to a small number of users. For example, a system that
can serve a small number of users with a high probability could in-
stead targeta larger number of users at a lower (but still satisfactory)
availability. This strategy carries the risk of being more sensitive to
component failures, essentially incorporating less performance re-
dundancy. The optimum strategy depends on the expected revenue,
the estimated compensation costs, and in particular the opportunity
costs associated with dissatisfied customers.

Note, however, that it is usually incorrect to assume a perfect
market, and it is then necessary to include a comparison to the size
of the expected market. This step is called demand matching and
is critical because a system cannot outperform the demand. Extra
capacity beyond the market size brings no additional revenue or
benefit, but may incur increased costs.

Comparing the design capacity to the size of the local demand
and taking the minimum give the achievable capacity of the system.
This is defined as the market capture. Because the size of the local
demand Q is almost always time and spatially varying, the demand
matchingcalculationinvolvesanintegrationover the entire coverage
region for each year of the satellite lifetime, to give a market capture
profile m(t),

m(t) = Z min [design capacity, Q] (@2))

market

Recall that the performance and, hence, failure compensation
depended strongly on the number of users addressed. Of course,
the opportunity costs associated with lost revenue during downtime
is also dependent on the number of addressed users. The market
capture profile can be used to determine the maximum number of
users that can be served at different times over the lifetime of the
satellite.

A further complication arises if the system operation results in
monetary income, as is the case for commercial communication
systems. In this situation, the time value of money means that there
isalsoabiasin therelative value of market capture, with a weighting
toward the start of the systems lifetime. In general, revenue should
be earned as close as possible to the time that the associated costs
are incurred. For example, revenue earned from the transmission of
bits early in the life of a communication satellite is more important
than revenue earned late in the lifetime. For this reason, for each
year of the lifetime of the satellite, the capture profile m.(f) must
also be correctly discounted according to the same discount rate as
was used to discount the costs.

The total number of satisfied users or system capture M. is then
calculated by summing the capture profile over the entire lifetime
of the system:

M=) m(t) (22)
life

Having determined the total system capture, the CPF can now be
calculated:

CPF = C, /M. (23)

Example CPF Calculation for a Ka-Band Communication Satellite
The cost per billable T1 minute is the CPF metric used in the
analysis of broadband satellite systems. It is the cost per billable T1
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Fig. 8 Market capture profile for a modeled Ka-band communication
satellite; two market models represent different projections for the size
and distribution of the European residential broadband market.

minute that the company needs to recover from customers through
monthly service fees, ground equipment sales, etc., to achieve a
specific (30%) internal rate of return.

Once again referring to the example Ka-band system described
in Table 1, the cost per billable T1 minute can be calculated from an
estimation of the system’s market capture and the system costs. The
systemis assumed to reachinitial operating capability (IOC) in 1999
and to be active through the year 2010, requiring a satellite lifetime
of 12 years. The calculations are all performed in fiscal year 1996
dollars because this would represent a reasonable project inception
date, given an IOC in 1999. All costs are adjusted using the Office
of the Secretary of Defense estimates' and are discounted back to
a present value in 1996 with a 30% discountrate. Consider first the
evaluation of the achievable market capture of the system.

The market capture depends on the size of the market accessible
to the system and on the system capability characteristics. The lim-
iting effects of market demographics, access, and exhaustion can
be quantified only with an adequate market model. For an earlier
study, Kelic et al.!> constructed several reasonable models for the
global broadband communications market, based on current and
projected internet usage and computer sales growth. Using these
market models, computer simulations of several broadband satel-
lite systems have been performed to estimate their market capture.
Figure 8 shows the resulting market capture profile for the modeled
satellite.

The achievable capacity of the satelliteinitially grows as the mar-
ket develops. After 2005, the market capture saturates at around
2800 simultaneous users. If additional users were addressed, the
supported availability would drop below requirements, as seen in
the capability characteristics of Fig. 6.

The total market capture is the sum over all years of the market
capture profile, after discounting at a rate of 30% per year to repre-
sent the net value of the revenue streamin 1996. For the exponential
market model, the resulting market capture in equivalent fiscal year
1996 T1 users is only 2560. Note that this discounted total is smaller
than the true value in any individual year from 2004 onward. This is
adirectresultof the diminishing value, in real terms, of any revenue
earned later in the lifetime of commercial projects. The value of M.
used in the cost per billable T1 minute metric is then simply this
number of equivalent T1 users, multiplied by the total number of
minutes in a year, so that M, = 1.346 x 10° T1 minutes.

The total baseline cost of the satellite system is estimated includ-
ing recurring and nonrecurring costs for development,construction,
launch, insurance, gateways and control center operations, and ter-
restrial internet connections. The cost model used for this example
is the same as that used by Kelic et al.,'’> which draws on indus-
try experience and observed trends. The theoretical first unit (TFU)
cost for communication satellites can be estimated reasonably well
assuming $77,000kg of dry mass. The nonrecurring development
costs for commercial systems can be approximated at three to six
times the TFU cost, depending on the heritage of the design. For
this example, launch costs to geostationary Earth orbit (GEO) can
be assumed at $29,000kg, with insurance at 20%. For linking to the

Table 3 System cost profile for a single Ka-band
communication satellite

Year ¢y ($x10°) Pf vy ($x10°) vy ($x10°) cL

1997 264.000 e e e 264.000
1998 264.000 e e e 264.000
1999 145.000 0.070 0.500 0.035 145.035
2000 1.000 0.067 14.720 0.980 1.980
2001 1.000 0.063 14.490 0911 1.911
2002 2.000 0.059 14.360 0.852 2.852
2003 2.000 0.056 14.260 0.794 2.794
2004 3.000 0.052 14.320 0.749 3.749
2005 3.000 0.049 14.140 0.693 3.693
2006 3.000 0.046 13.780 0.630 3.630
2007 3.000 0.043 13.250 0.564 3.564
2008 3.000 0.040 8.170 0.324 3.324
2009 3.000 0.037 5.150 0.190 3.190
2010 3.000 0.034 2.440 0.083 3.083

terrestrial network, each OC-3 (155 Mbps) connection costs $8500
installation and $7900 per month. This cost scales with the market
capture.

The expected failure compensation costs are calculated from the
marginal SVF probability profile p ,(¢) (Fig. 7) and the market cap-
ture curves (Fig. 8). A satellite failure can be assumed to result in
the loss of a single years’ revenue, together with the cost of build-
ing and launching a replacement satellite. The calculation of the
opportunity costs from lost revenue requires an assumption for the
average service charge per user. A conservative estimate of $0.05
per T1 connectionis used for this example. The baseline system cost
and the failure compensation costs can be summed to give ¢, the
system cost profile. The baseline costs ¢, (¢), failure compensation
costs v (?), and total system costs ¢ (f) are shown in Table 3.

Discounting the system cost profile at 30% per year gives the
net present value of the costs in fiscal year 1996 dollars. Summing
over all years of the discounted profile gives the total lifetime cost,
C, = $429 million. The cost per billable T1-minute metric for this
system in an exponentially growing broadband market is, therefore,
simply

cost per billable T1-minute = C, /M, = $0.32

This implies that the company must be able to charge users at
least $0.32/min for this broadband service to obtain a 30% return
on the investment.

Utility of the CPF Metric

Part of the utility of this CPF metric is that it permits compar-
ative analysis between different systems with large architectural
differences, by scaling their cost according to their performance
and market capture. Very large and ambitious systems can be fairly
compared to smaller, more conservative systems. The CPF metric
can also be used to assess the potential benefits of incorporatingnew
technology in spacecraft designs. New technology should only be
included in the design of a new satellite if it can offer reduced cost
or improved performance. This can be evaluated with the metric,
provided that both the cost and the expected reliability of the new
technology can be estimated. Commonly, the largest problem en-
countered with incorporating new technology in space programs is
schedule slip. This can have an adverse effect on the overall success
of the program, extending the period of capital expenditure, while
delaying operations that bring revenue. These effects can also be
captured by the CPF metric. Some typical amount of program slip
can be includedin the cost profile ¢, (¢), and the correspondingdelay
can be applied to the market capture profile. The combined effects of
including the new technology will then be apparent, by comparing
the CPF metric to those corresponding to designs featuring more
established technologies.

Adaptability Metrics
The adaptabilitymetrics judge how flexible a systemis to changes
in the requirements, component technologies, operational proce-
dures, or even the design mission. It is convenient to define two
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types of adaptability,differentin both their meaning and their math-
ematical formulation.

1) Type 1 adaptability assesses the sensitivity of the capability,
cost, and performance of a given architectureto realistic changesin
the system requirements or component technologies. A quantifiable
measure of this sensitivity allows the system drivers to be identified
and can be used in comparative analyses between candidate archi-
tectures. As will be shown in this section, the mathematical form
of the type 1 adaptability also makes it entirely compatible with
conventionaleconomic analyses of commercial ventures. This adds
enormous utility to the metric for investment decision making and
business planning.

2) Type 2 adaptability measures the flexibility of an architecture
for performinga differentmission, or at least an augmented mission
set. This is particularlyimportant for government-procuredsystems.
In todays budget-controlled environment, expensive military and
civilian space assets must be able to fulfill multiple mission needs
cost effectively.

Each of these two types of adaptability has a quantifiable mathe-
matical definition that is a simple extension of the CPF metric.

Type 1 Adaptability: Elasticities

Concisely stated, type 1 adapatabilitiesrepresent the elasticity of
the CPF metric with respect to changes in the requirements or the
component technologies. Elasticity is a mathematical construction
most often used in microeconomics. To introduce and formalize
notation, it is valuable to briefly summarize the concept of elasticity
within the conventional context of microeconomics.

Elasticity is defined as the percentage change that will occur in
one variable in response to a 1% change in another variable.'® For
example, the price elasticity of demand measures the sensitivity of
the demand for a product to changes in its price and can be written

_80/0 _PaQ on
PTAP/P T QAP
where Q is quantity of demand and P is price. Most goods have
negative elasticities because price increases result in demand de-
creases. If the price elasticity is greater than one in magnitude, the
demand is termed price elastic because the percentagechange in the
quantity demanded is greater than the percentage change in price.
Consequently, a reduction in the price results in an increase in the
total expenditure because disproportionately more goods are sold.
Anincreasein the priceresultsin a reductionof total expenditurebe-
cause much fewer goods are sold. Conversely, if the price elasticity
is less than one in magnitude, the demand is said to price inelastic,
and the oppositetrends are observed. Finally, a value of unity for the
elasticity implies that the total expenditure remains the same after
price changes. Any price increase leads to a reduction in demand
that is just sufficient to leave the total expenditure unchanged.
Equation (24) specifies that the elasticity is related to the propor-
tional change in P and Q. The relative sizes of P and Q change
at different points on the demand curve. Therefore, the elasticity
must be measured at a particular point and will usually have very
different values at different points along the curve. This, of course,
means that the elasticity for a change in price from P; to P, can be
quite different from the elasticity calculated in the other direction,
from P, to P,. To avoid this confusion, the arc elasticity represents
the average elasticity over a small range:

_AQ/O _ (Pi+P)AQ
"7 AP/P  (Qi+ 0)) AP

(25)

The choice between using point elasticities and arc elasticities is
really the prerogativeof the engineer. In general, the arc elasticity is
a more consistent measure of sensitivity. For the remainder of this
document, the term elasticity is taken to imply arc elasticity, and the
overbar is omitted from equations.

Return now to the generalized analysis framework. Analogous
to the elasticity of demand, the elasticity of the CPF metric is the
percentage change in its value in response to a 1% change in some
other relevant variable. The relevant variable here may be a sys-
tem requirement or a system component parameter. Indeed, it is

straightforward to formulate the different requirement elasticities
of the CPF at a given design point:

ACPF/CPF
Is = /_ (26)
Als/Is
ACPF/CPF
R= ACPE/CRE 27
AR/R
ACPF/CPF
, = 28T 28)
Al/I
ACPF/CPF
y = — 2
4 AAv/Av 29)

where E;,, Ex, E;, and E,, are the isolation, rate, integrity, and
availability elasticities of the CPF, with respect to the system re-
quirements s, R, I, and Av.

Note that ACPF is the change in the CPF value as a result of
changingasystemrequirementandis formedby directsubtractionof
the CPF valuesforthe two differentcases. However, the denominator
of the CPF metric carries an implicitreference to these same system
requirements, as discussed earlier. Therefore, it is initially tempting
to question the validity of simply subtracting two CPF values that
have entirely different denominators. The solution to this apparent
problemliesin that the CPF metricis defined as the cost per satisfied
user. The denominatorsin all CPF metrics are, therefore, equivalent
to a single user, and ACPF can be calculated directly. For example,
consider the service options that can be provided by a broadband
communication system. The cost per billable T1 minute can be
compared directly with the cost per one-quarter T1 minute without
any modifications. The difference in value ACPF represents the
differencein cost that must be charged to each broadband user if the
data rate provided to them is changed.

In a similar fashion, the technology elasticities can be defined.
These can be formed for any particularcomponentof the system that
may have an impact on the overall performance or cost. Example
technology elasticities are

. B ACPF/CPF (30)
Claunch — AClaunch/Cla“"Ch
3 ACPF/CPF 31
Cmfr — ACui/ Crge
3 ACPF/CPF (32)
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where E¢, ... is the launch cost elasticity, E¢, . is the manufacture
costelasticity, E, is the reliability elasticity, Cyynen is the budgeted
launch cost for the system, Cy; is the manufacturing cost, and R;
is the satellite reliability. In each case, some technology is varied,
while the system requirements are held constant. Technology elas-
ticities can be formed for each essential system component, reflect-
ing the likely changes in available technology or the variations in
the system parameters that span the design trade space. This allows
a quantifiable assessment of design decisions and can identify the
most important technology drivers.

Utility of the Elasticities for Economic Analysis

The mathematical form of the elasticities are identical to the con-
ventional elasticities used in econometric analysis. This allows the
results from a generalized analysis of a proposed satellite system to
be used in the investment decision making process. For example,
consider a broadband communication system that had been origi-
nally plannedto provide users with one-quarterT1 connections.The
marketing department then suggests that providing a full T1 con-
nection would give the company a competitive advantage over all
others in the marketplace. In addition, they have all of the demand
curves to prove it. The system engineer can respond by calculating
the rate elasticity of the CPF, as described, for a change from one-
quarter T1 to full T1. Because the CPF representsthe average cost to
provide service to a user, it can be taken to be a surrogate for price.
Therefore, the rate elasticity of CPF (or price) can be multiplied by
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the price elasticity of demand, calculated from the demand curves,
to give some number X that represents the change in demand in
response to the increase in price associated with improved service.
By the comparing of this value to the rate elasticity of demand ex-
hibited by the demand curves, a decision can be made about the
rate that maximizes revenue. If X is higher than the rate elasticity
of demand, then an increase in the rate results in a disproportion-
ately larger increase in the price, averting more customers than are
attracted by the improved service. The marketing departments’ idea
to offer higher rates must be refused. Alternatively, if X is smaller
than the rate elasticity of demand, the engineer can confirm market-
ings’ suggestion with quantitative numbers. Either way, the correct
decision can be made.

Type 2 Adaptability: Mission Sensitivity

Type 2 adaptability corresponds to the change in the CPF of a
system as the design role is changed or augmented. Recall that a
missionis defined by a market and a setof associatedderived system
requirements. A change in the design mission, therefore, represents
achangein the marketaddressedand all of the systemrequirements.
A classicalelasticityformulationthatrelatesa proportionalresponse
to proportional variationsin the inputcannotbe constructedbecause
there is no obvious scalar representation of the input variations.
Instead, missionsensitivity S is simply defined to be the proportional
change in the CPF in response to a particular mission modification:

ACPF
Sl = —5= (33)
CPF |,

where X is just an identifier to specify the mission modification.
This is a useful metric for comparing competing designs because it
measures just the sensitivity of the CPF to mission modifications,
normalizing any differences in the absolute values of the initial
CPFs. The sensitivity can be an important factor in deciding be-
tween alternate architectures during the conceptual design phase of
a program, especiallyif the mission is likely to change over the life-
time. For example, an architecture that is highly optimized for the
baseline mission may have a low CPF but a very high mission sen-
sitivity, implying it is very unsuited to perform any other modified
mission. In all but the most predictable markets, a more prudent de-
sign choice would be a less optimized system with a lower mission
sensitivity, even at the expense of a higher CPF.

Truncated GINA for Qualitative Analysis

For purely qualitative analysis, the GINA methodology can be
truncated significantly, while still providing the engineer with valu-

able insight. In particular, mapping the application into the gen-
eralized framework organizes the thought process and allows an
unambiguous comparison to be made between competing architec-
tures. The most important discriminators between the systems will
be clearly apparent, which allows attention to be focused on the
deficiencies or benefits of each architecture. For example, Table 4
shows a qualitative comparison of two very different architectures
that have been proposed for a space-based radar to detect ground
moving targets.

Discoverer-II, or simply D-2,'° proposed by the Defense Ad-
vanced Research Projects Agency, the National Reconnaissance
Office, and the U.S. Air Force, is a constellation of 24 satellites
in LEO, each operatingindependently. The nominal design features
satellites in the 1500-kg class, with peak rf power of 2 kW and an-
tennaarea of 40 m?, each costing less than $100 million. Advanced
radar processing techniques, such space-time adaptive processing
will be used to cancel clutter for the GMTI mission and principles
of synthetic array radar (SAR) will support terrain imaging.

On the otherhand, Techsat21,2° as proposedby the U.S. Air Force
Research Laboratory features symbiotic clusters of small satellites
(approximately 100kg, 200-W rf, 1 m? of aperture) that form sparse
arrays to perform the same mission. The number of clustersis at the
moment undecided, depending on the eventual coverage require-
ments, but for comparison purposes can be taken to be the same as
the number of satellites in D-2. Table 4 shows that there are several
significant discriminators between these two architectures.

GINA Procedure Steps

The systematic procedure for applying the GINA methodology
is summarized.

1) Define the mission objective. What is the real application of
the system, in terms of the user needs?

2) Map the user needs into the generalized capability parameters
of isolation, rate, integrity, and availability. These define the features
of the information transfer that are perceived by the users as quality
of service.

3) Construct the network representationfrom a functionaldecom-
position of the system.

4) Determine functional behavior of each module, in terms of
what it does to impact the isolation, rate, integrity, and availability.
The modules generally interact with the information via the signal,
noise, and interference power.

5) Determine the statistical inputs to each module. Some of the
modulesrequire inputsrelating to the system characteristicsor other
parameters, such as elevation angle, coverage, or clutter statistics.

Table 4 Qualitative comparison between Techsat21 and Discoverer-1II space-based radar concepts using truncated GINA?

Parameter Discoverer-I1 Techsat21
Classification Collaborative constellation, ny = 1 Symbiotic clustellation, ny =8 — 16
Isolation

Clutter compensation
clutter processing, nulling, etc.

Resolution
and antenna dimensions

Clutter cancellation though adaptive

Limited by pulse repetition frequency

Clutter rejection through sparse
aperture synthesis giving narrow
main lobe and low sidelobes

Limited by sparse aperture beamwidth
(cluster dimensions)

Rate (search rate)

Integrity (Pp)
Availability
Performance

CPF

Adaptability

Large aperture has small FOV and so
supports a small area search rate (ASR),
unless a small dwell time can be tolerated

High power needed to overcome
thermal noise

Dominated by coverage statistics
(access, range to target, grazing angle)

Depends on reliability and survivability
of single satellite

Moderate number of large satellites leads
to baseline costs around $3x10°
Poor performance leads to high failure
compensation costs

Resolution, rate, and integrity are fixed by
power and aperture resources. System can
easily support SAR imaging, but cannot
perform airborne moving target indication (MTI)

Small apertures have wide FOV that can
be filled with multiple receive
beams so ASR can be high
n% coherent processing gain allows
lower power transmitters
Dominated by coverage statistics
(access, range to target, grazing angle)
Improved reliability from in-built
redundancy and graceful degradation
Large number of small satellites leads
to baseline costs around $3x 10°
Higher performance leads to smaller
failure compensation costs
Capabilities can be improved by augmenting
with more cluster satellites. Imaging
is supported, and airborne MTI is possible
with more satellites

“Discriminators between architectures in italics.



SHAW, MILLER, AND HASTINGS 269

6) Choose a number of O-D pairs that will be served and deter-
mine their isolation characteristics (domain of separation, spacing
in that domain, signal spectrum, etc.).

7) For that number of O-D pairs, calculate the integrity of in-
formation transfers for a variety of rates. These are the capability
characteristics.

8) Set values for the capability parameters correspondingto user
requirements for the market.

9) Assign failure rates to each functional module that represents
real hardware.

10) Use Markov modeling to calculate the state probabilitiescor-
respondingto differentcombinationsof failed components. The sum
of the probabilities for those states that satisfy requirements is the
generalized performance. Those states that do not satisfy require-
ments are the failure states.

11) Calculate lifetime cost as the sum of the baseline cost and the
failurecompensationcosts, which are the productsof the failure state
probabilities and the costs required to compensate for the failures.

12) For a realistic marketscenario, calculate the marketcaptureas
the maximum number of users that can be addressed satisfactorily.

13) Calculate the CPF as the ratio of the lifetime cost and the
market capture.

14) Calculate adaptability metrics by repeating the analysis after
changing either a requirement or a technology.

Summary

A generalized analysis methodology has been developed that al-
lows systems with dramatically different space system architectures
to be compared fairly on the basis of cost and performance. The
framework is very generalizable and can be applied to any satel-
lite mission in communications, sensing, or navigation. The most
important concepts of the GINA can be stated concisely.

1) Most satellite systems are information transfer systems that
serve O-D markets for the transfer of information symbols.

2) The capabilities of a system are characterizedby the isolation,
rate, integrity, and availability parameters.

3) Each market specifies minimum acceptable values for these
capability parameters. These are the functional requirements placed
on the system.

4) Performance is the probability that the system instantaneously
satisfies the top-level functional requirements. It is here that com-
ponent reliabilities make an impact.

5) The CPF metric is a measure of the average cost to provide a
satisfactory level of service to a single O-D pair within a defined
market. The metric amortizes the total lifetime system cost over all
satisfied users of the system during its life.

6) The adaptability metrics measure the CPF sensitivity to
changes in the requirements, component technologies, operational
procedures, or the design mission.

These conceptsextendacrossalmostall applications.In Ref. 1 the
methodologyis validated by applyingit to the existing GPS system,
then a comparative analysis of the proposed broadband communi-
cation systems, and finally a design study of a military space-based
radar.
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