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Abstract

The objective of odine flagging in this pagr is to performaninteractive assessment of geosynchronous satellites
anonalies such as crogagging ofsatellites in a cluster, solar panel offset change, etc. This assessment will utilize a
Bayesian belief propagation procedure and will incladeaubmated update dhe baseline signature data for the

satellite, while accounting for the seasonal changes. Its purpose is to enable an ongoing, automated assessment of
satellite behavior through its life cycle using the photometry data collected duriagnihgtic search performed by

a ground or spaeleased sensor as a part of its metrics mission. The change in the satellite features will be reported
along with the prbabilities of type | andype Il errors.

The objective of adaptive sequential hypothesis testing in this paper is to define future sensor tasking for the purpose
of characterization of fine features of the satellite. The tasking will be designed in order to maximize new
information with the leastumber of photometry data points to be collected during the synoptic search by a ground
or spacebased sensor. Its calculation is based on the utilization of information entropy techniques. The tasking is
defined by considering a sequence of hypothesesegard to the fine features of the satellite. The optimal
observation conditions are then ordered in order to maximize new information about a chosen fine feature.

The combined objective of eime flagging and adaptive sequential hypothesis tessirig progressively discover

new information about the features géosynchronous satellites by leveraging the regular but sparse cadence of data
collection during the synoptic search performed by a ground or4@ses sensor.
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1.0 Introduction

This workis a continuation of1]. The notatiorin this papeis derived fron{1]. It builds upon the various concepts,
methods, assumptions and procedures defim¢di]. These include the time slider, the two facet model, Brightness
Ratio, Qusterbased evidence, Modbhsed evidence, Bayesian belief propagation,-resdrtime assessment of
change, Inversion Model, Predictive Model, and Statistics Model. This paper may be viewed as new work on the
decision to move the time dkr [1], which is required in order to update the baseline signature (brightness) data for
asatellite.

Referencel describes a Bayesian belief propagation procedure for the detection and resolution-igchetaeen
two satellites. Such resolution is necessary in order to correctly associate newrdzdahf satellite. This paper
extends thisdata associatiorprocedure to muksatellite crossag detection and resolution, including the
probabilities of false positive and false negative.

Fig. 2 - Fig. 4 showa notional baseline and new data for three satellitascomprise a notional clustéx cluster is

a groupof satellites that areormallys i mul t aneously captured in Fg lsSTeensor 6s
threesatellites are denoted 8§ S and S, respectival. The baseline data is denoted with blue markers and the new
data is denoted with red markers. The data has large gaps, which correspond to the daytime gap in data collection.
The same data is plotted fifig. 5 with respect to the orbit angle, whichtie same as the longitudinal phase angle
except that it is computed with respect to the orbital plane of the satellite instead of the equatorial plane. Note how
the brightness data for the three $kities overlaps with each othemaking it difficult to correctly associate the data

on the basis of brightness values alone. If the satellites maneuver during daytime, the new data mataggenioss

The data inFig. 2 - Fig. 4 may present itself in six different ways (e.g.t&gged correctly HuS-Ss are cross

tagged, or Stagged correctly but:SS; are crosgaggedor S is tagged as$S is tagged assand S is tagged as

Sy, etc.). The specific manner in which the data may present itself is unknown a priori. Accordingly, the methods in
this paper are designed to resolve the etagsrrespective of how the data presents itself.
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Fig. 5. Signatures of the Three Satellites in the Cluster

Referencel computes belief in crogsag resolution using Bayes theorem, clutasel evidence and modélased
evidence. This work resolves cresg using three methods-(&st for dependent data, classical sequential analysis
and Brownian motiowrift analysi3. It analyzes the sequence of values of Brightness Ratiarnd P(NOM |w) for

this purpose. It also makes recursive use of mbdsk evidence.

2.0 Background

Change is defined as the difference between the observed behavior and the expected behavior. The expected
behavior is defined by the user on the basis of prior datpicalymethods utilized in order to determine the
expected behavior asephysicsbased model, statistical model, or data interpolation. In this work, we use a physics
based model, which is based on the inversion of prior data. The change is expressed in terms bf,aviati® k

is the observation numbgt], which is denoted as the Brightness Refipecifically:

4
AMOS Technical Conference 2015



@0
@0

‘l"'Q

Where'@+Js the observed single point brightnegsyis the expected single point brigless. Under ideal, nominal

conditions, the ratio of)-and@-would equal oneThe values ofQ 1 comprisethe baseline data an@ Ttis
new data (i.e. thgreen and yellow markeis Fig. 6, respectively. The time slider is locateafter'Q  p, or at the
end of the baseline data. Alternately, the time slider separates the baseline data and néw dafmiffon ofi -,
includes a subtraction by one so that its expected vdlue, 1 under ideal conditions. The methods,
assumptions and procedures are defined by considerin@that 1 when change occur§he nonzero value of
‘Ol istreated as measure of bias betwedntexpected brightness and observed brightness.
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Fig. 6. Schematic of Time Slider Movement

The twofacet model is used as the Inversion Model. It represents adkieastabilized satellite as two facets,
namely a body facdhat points to nadir and a solar panel facet that tracks thassseen irfrig. 7. This Inversion
Model may be considered &"®@rder model that captes basic truth about the satellite, while not explicitly
accounting for the fine features of the satellite (e.g. antenna, dishescdelions). The benefit of this model is
that it can be utilized to estimate the body and panel optical behavionyjotheeeaxis stabilized satellite. Its
shortcoming is that its accuracy depends on the complexity of the satgiétemetry. Thus, there typically is bias
in the values of the Brightness Ratitgpenihg on the observationonditions as followsn [1], and the analysis is
limited toa subset opermissibleorbit angle values. Specifically:

1 At small phase angles, the solar panel specular behavior dominatibe duias is larger.
1

brightness contributions from features that arise froma=ifusion and body attachments.

At medium phase angles (<%5the body diffuse behavior dominates. The bias is small except where there are

1 At phase angles close to®thespecular glints from body attachments dominate the character of brightness and

the bias can be larger.
1 The analysis imot performed for phase angles greater ®@n
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Fig. 7. Two-facet model

Thus, thevalue ofOi is nerly zero for each satellite for most orbit angles. There are regimes of orbit angles
where the Brightness Ratio is large. These represent the observation conditions where the Inversion Model needs
improvement, which could be attained by adding higherraetens to the basis functions for the two facets in order

to represent the fine features or by defining additional facets to represent the satellite gédotettlyat if there

was no change in a satellite, sensor orbit, and solar declination, thetehaf® i is expected to remain
unchanged because the | nver si on thelsatlidd obses/atiagnicanditians,iom nt 6 .
illumination condition, the value d®1 can change. It is necessary to assess if this change is nominal) (NOM
(unchanged from the baselina) anomalous (ANONI(changed from the baselindjhe value ofO1 can become

ANOM due to crosgag. This is because, in the calculation of the briglstnaiso, the denominator (or the predicted

value of satellite brightness by the Predictive Model) is for a different satellite.

The goal is to detect changsharacterize it as NOM or ANOM and provide its resoluisrquickly as possible and

to be ableto provide a measuref confidence for the assessmelmt order to detect change, we will use three
different methods to analyze the data sets. However, in each method, we will be using hypothesis testing to evaluate
our results. Each hypothesis test mbhsive a specified null hypothesis, alternative hypothesis, test statistic,
significance level dlpha or prdability of type | aror), and when applicable betgprobability of type Il eror)

before beginning. The null hypothesis, denast) , defines astate wherao change has occurred. The alternative

hypothesis, denoteals'Q;, defines a state where change has occufred.test statistic used in each of the methods
involves the sample mean.

To assign a confidence level to our calculatjoms must designate specific values falphaandbeta The value of

alpha is equivalent to the probability ofygpe | error A type | erroris when the null hypothesis is rejected and the
alternative hypothesis is accepted, when in reality the null hypotisesisei In other wordghe test leads the user

to assess that the satellite has changed, when the satellite state is still NOM (i.e. unchanged from the Adaseline).
false positive is the event that the test condutiata change has occurred, when iality no change has occurred

and the satellite state is NOM. @rfalse positive is aype | error.

| A QEMNQQE QOUNEEmS ARD Yo 1 £ i
0 OAEARBEIEQU DT OERDEDA BDERAI QABEBBEOGEAOEOD
xEABODAADEREUDT OEADEGHAIOG AU
Beta isdefinedto be thetype Il errot A type Il erroris to accept the null hypothesis and reject the alternate

hypothesis, when in reality the alternate hypothesis is linugtherwords this is wherthe hypothesis test concludes
the satellite state to be NOM (i.e. same as the baseline), when in reality a change has occurred. A false negative is
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whenthe test concludethe satellite state to be NOM or that nothing has changed gsacednto the baseline, when
in reality the satellite state has chatig€hus, a false negative isype Il error.

I 0 "YOoaDi | ¢ 10 AAAABEGRDEUD| Ok K AFIOAADEIAQE UDT OEADEOA
3.0 Composite Hypothesis Testing

In order to detect anomalies, we can utilize multiple methods and then combine their results using a composite
hypothesis test to obtain one final resolution. Three different methods will be described in 8drtod any
combination of these methods can be combined into a composite hypothesis test. In the examples §1058wion

three methods used in the composite hypothesis test will e tdwt for dependent datesing thel -,valuesthe Z-
test for dependent datesing theP(NOM| -9 values, andhe sequential analysigsing either thé-,or 31 values,

whereai =i+ iq,. As described in the next section, theest for dependent data using ihgvalues makes no
assumptions for the data and provides a value for P(False Ppditine method is derived from the physics based

model. Tk Z-test for dependent datasing theP(NOMj -9 values also makes no assumptions for the data and
provides a value for the P(False Positive). However, it is derived from the Bayesian belief propagation. The

sequential analysisising either thé or 31 valuesassumes independence for successive points of data and
provides a value for the P(False Positive) and P(False Negative). This method is also derived from the physics based
model.

Once we obtain the results for all three tests for an obseryat@oompare the results from the different tests. If the
sequential analysis method determines we need to continue sampling, then no decisionaadnadenait for the

next observation. If the sequential analysis comes to a conclusion of NOM or ANOM and all three tests agree a
satellite is NOM or ANOM, then we can make that conclusion as shotrig.iB. However, if the tests do not agree,

then we can make no conclusion about that satellite. If all satellites in a cluster are determined to be NOM, we can
update the time slider as explained in Sec8dhand continueevaluating observations. If a satellitecsncluded to

be ANOM, then we will try to resolve what changed in that satellite. One way to do thisusing tke crosstag
resolution method described in SectB. Once all crossags and changes are resolwed can continue collecting

data.

Composite
Hypothesis

Testing

; Z-test
NO_ ) (r Values) ANOM

|
o | . Z-test

@M_ ) PNOM() I:ANojM

\

o Sequential
@M_ T Ambsis ANOM

NOM Continue Sampling ANOM
—| Q

All other combinations of NOM and ANOM will result in continuous sampling

Fig. 8. Composite Hypothesis Testing Flow Chart

AlthoughFig. 8 only illustrates three possible cases, each method can result in multiple cuttfowes considered
all possible outcomes for each of the three methods, the total number of outcomes would be quite large. For the
purpose of this assessment, we are only concerned with the result when all three tests produce the same outcome.
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Thus, Fig. 8 depicts the outcomes this paper will focus bfe must also note that there are two separate methods
that can be used for the sequential analysisg 6 indepedent andhas an approximately normal distribution then

Brownian motion drift analysis is used.ilis independent but does not have an approximately normal distribution
then the classical sequential analysis method is used. This process is illustFage8.in

Sequential
Analysis

If ris independent ““"-\_’,,»-"// If ris independent
and Gaussian

Classical
Sequential
Analysis

Brownian Motion
Drift Analysis

Fig. 9. Sequential Analysis Flow Chart

4.0 Hypothesis TestingMethods

The detection of change is performed using either the valug@fai and by usingte results othe Bayesbelief
calculation (i.eP(NOM] -9). Thereare three methods

1. Z-test for dependent dafa]

2. Classical sequentiahalysis: This isisedwheni is independent of
This providesthe ability to stop after enoughobservatios have been taken in order to makelecision
about the hypothesémsed orthe userdefined values of theype 1and tpe Il errorg?2].

3. Brownian motiondrift analysis This isan applicatiorof sequential malysisthat is applied to the observed
process @) interpreted as a Brownian motiam order to determine whether not the drift is no longer
zero. The proceduris usedwhenai is independent ofi andboth havea normal distribution. This
analysis also providethe ability to stop aftera finite number obbservations baseah the userdefined
values of thaéype | and ype Il errord3].

If there is no change, the time slider is moved forward and the gmadvability density dinction pdf) is updated.
This is to enable an ongoing assment of the satellite state.

4.1 Z-test for Dependent Data

The Ztest for dependentatia is aCentral Limit Theorem type ddtatistical methodhat can baused when the
observations are not independenius this is a general method that can be used for any set of observations.
The test statisticcan be approximated by a normal distribution under the null hypothesis. Each test statistic is
compared to the baselilhy defining a zscore measurd.he zscore represents the distance between the sample
mean after pass k and the baseline mean in tefrie ciumber of standard deviatioaway fromthe sample

mean The sample mearafter pass kmay beeitherless or more than the baseline mean in order for the
absolute value of thescore to remain below a usaefined thresholdl1].

4.2 Classical Sequential Analysis

Classical squantial analysisis a statisticainethodthat evaluates data &ss obtained, as it reomputes the test
statistts each time a new data point is obtairgglusing this method to assess the input data, the test does not
require a predetermined sample size before beginning. This characteristic is unique to sequential analysis and
allows theuser to execute a decisiaarlier and with fewer observatiorass compared to the-tést for
dependent datd.he procesgonsists of computing a likelihood function and defining a set of bobasisd on

| andi to use in evaluating the likelihood outgat.
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4.3 Brownian Motion Drift Analysis

Brownian motion is acontinuous limit of arandom walk processThe sequential analysis method can be
applied to Brownian motion to test whether or net dhift of the Brownian motion process is zefhis method

is useful because it evaluates data as it is collected and allows the user to make a decision once a fixed bound
has been reache@he Brownian motionapproach however, has apecific set of requirements that must be
verified before being used for testifhg).

5.0 Hypothesis TestingAssumptions

5.1 Z-test for Dependent Data

In order to receive accak results using the-st for dependentatla, there are certain conditions that must be true
about the dta set that will be evaluated:

A Large sample sizefor the baseline data.
A The data points are assumed to be sampled from the same popikttibation

5.2 Classical Sequential Analysis

In order toreceive accurate results using classiegjugntidanalysis, there are certain conditions that must be true
about the data set that will be evaluated:

A i isindependentdf in the baseline data.
A This method does not require the data set to have a standard normal distribution

5.3 Brownian Motion Drift Analysis

In order toapply methods applicable rownianmotiontoi , there are certain conditions that must be true abou
the data set that will be evaluated:

T ¥ isindependentoti in the baseline data.

§ Standard Normadensity (pdflof ¥i values

T n(0)=0 ‘

T n(t), O O t < D is @rtime).mote that eachobsérvation k i$ associated with its

monotonically increasing value of time at which the observation was taken.

6.0 Hypothesis TestingProcedures

6.1 Z-test for Dependent Data

While describing the Zest for dependentatla, thefollowing descriptionconsides the r¢ values, #hough the
procedure ishe samewhenusing the value of P(NOM{)

1 In order to perfornthe Ztest for dependentadly the null hypothesis and alternate hypothesis are defined as
follows. The null hypothsis defines a state when no change has occurred. The alternative hypothesis defines a
state where change has occurred in the meanwdlues The estimata value of the population medhi s
denotedas' , which is the sample mean. The hypothésst is defined in order to assess if  differs from
the baseline meah,

Null hypothesis =O (! ‘
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Alternative hypothesis 2 ('

The Ztest for @pendentiata does require us to pick a significance lévalNe will useU= .05 However, the
Z-test for dependentatia does not allow us &pecifyb. Therefore, we will noknow our ype Il error for these
calculations and cannot accept our null hypothesis at any point for this nveithaa handle of the probéity
of doing so in errar

The Z-test for dependentataalgorithm starts with the given baseline data contaibimgpservations, shown as
the green segment Fig. 6. These data points are considered to be before thelefieed reference timeg.t

The mean is calculated for the values of this data set, which provide the baseline against which the isew da
compared:

Baseline mean ' , Which is estimated bthe sample mear B i

Since the successive values mfcan bedependent, the populatiofariance, is adjusted using what we will

call the fAdependent varianceo.-miThisgdepeadeneér vad, aw
how many previous passes on which each value has significant dependence. The dependent variance is
comprised of he sample variance and a term that involves covariance, which is calculetgdhgs alpha

mixing procedure4]. Specifically:

Dependent variance = population variance fc@variancerelatedterm)

Thecovariancerelated term is estimated by:
, Y ¢z —B B i ‘ i ‘ h
Y DO —B i , which estimates the variancethé baselingé values

The alpha mixing calculations commence when a sufficient amount of new data is received. The number of
passes that coiigtte sufficient new data may be a fraction of the data size in the baseline (e.g. when new data
is collected that spans a full night). When new data is received for passes 0 to k (shown in yellawriglor

6), the data that spans from passajko pass (k) is utilized to perform the assessment. The data from passes (k
n) to 0 is from the baseline. This corresponds to the use of a sliding window of theolas#trvations for the

alpha mixing analysis.

For each new pass k, the value rofis computed first and then used for tAeest for dependentata
calculation. The mean is estimated for théor the set of values from passeskfro k:

Current sam@ mean after pass k = estimaté of [ -B i

The estimate of the current mean after pasg,kis compared with the baseline by defining-scere measure
(or standard score measure), which is denoted §4]:

Z-score—

-
The zscore represents the distance between the sample mean after pass k and the baseline mean in terms of the

number of standard deviations. The sample mean after pass k may be less or more than the baseline mean in
order for the absolute value of thescore to remain below a usdefined threshold.

Each new observation for which we do not reject the null hypothesis, we continue to assume that the satellite is
NOM (i.e., unchanged from the baseline) and continue to evaluate new observations. When #rere
observation that does not satisfy the null hypothesis, it implies that the mean has changed in a statistically

10
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significant amount as compared to the baseline, which prompts us to reject the null hypothesis and accept the
alternative. Thereforewe can conclude the satellite is different from its state in the baseline data (i.e. the
occurrence of change) and the time slider cannot be forwarded up to the current pass k. Once we have obtained
n new observations for which we do not reject the null hysithe¢he time slider can be moved forward to the

current pass k.
¢ CE =

L Compute prior
3 [ Setpass k=0 distribution for 1, or 4

P(NOM| 1)

w

Warn User if
satellite
ANOM

Received
data for new pass?

Compute 73, and P(NOM|r.)
for all satellites in the cluster | 0

}

Compute Z-score 1, =

Update t, to equal
the time after k-passes

7

Tk~ Bk<o
k<o)

Composite
Hypothesis
Testing

Continue Sampling

ANOM

NOM

Fig. 10. Z-test for Dependent Data Flow Chart

6.2 Classical Sequential Analysis

The classical sequentiahalysis method wilproceed bysing thd  values however, other values may also be used

as long as they are ingendent. Thelassical sequential analysis does not require the data set to have a standard
normal distribution.

1 As describd in Section6.1, this method also requires the creation of a set of baseline r vales the
baseline has been defined, the baseline mean and standard deviation must be computed for future
calculations.

f The classical sequential analysis method does reguiredeterminetdandb. The test also requires a
predefinedi that isfixedto be greater than zerahere delta is the number of standard deviations the
sample mean is away from the null hypothesisamO For our example4)= 0.05,b = 0.05, andi= 1.0.
Because this test allows us to determirandb, we can quantify the(type | error), Pgipe 1l @ror) and be
able to accept the null hypothesis when necessary.

1 To be able to properly use thiassical sequential analysis test, a null hypothesis and alternative hypothesis
must also be defined. The null hypothesis describes a dtate wo change has occurred. The alternative
hypothesis describes a state where a change has occurred tharithimghe predefinad Both
hypothesesredefinedbelow.

Null hypothesis Ho: L = Ho

Alternative hypothesis Ha:

1 Before the method can be evaluated, a-dseéined bound must be establish&te lower bound is denoted
as Band is defined by

B=—

11
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The upper bound is denoted asiAd is defined by
A=—

1 Once a new set of data is receivitd classical sequential analysis method adéslihood functiorto
evaluate the data set at each observatidiné likelihood function has a closed form expressian i§
normallydistributed;it has to be numerically computed otherwisethis work, te likelihood function is
compute using the following equationvhich is valid for normally distributei:

La=-2Q~ Q° Q"

1 After the likelihood function is computed, the output is evaluated according to the prefixed bounds. If the
likelihood function™ (B, A) then the processontinues sampling If the likelihood function idess than or
equal to Bthen the null hypothesis is accepted and ttuesconclude thato change has occurred. If the
likelihood function is greater than or equal tpthen the alternative hypothesis is accepted, and waus,
conclude thaa change hasccurred.

= Define a = 0.03,
2 R E— - 1
B=0.05and 6=1.0

3 | Setpass, k=0 l—’ Compute prinr 4
distribution for r;

wm

Warn User if
satellite
ANOM

Received
data for new pass?

Yes | k=k+l 9
Compute 13,
Update t, to equal 10 for all satellites in the cluster | ©
the time after k-passes i

1 & &
7 | Compute L, :%x e'?k'sz(eEZ["""‘} +ev E("""’))

Composite ANOM
Hypothesis

Testing

Continue Sampling

NOM

Fig. 11. Classical Sequential Analysis Flow Chart

6.3 Brownian Motion Drift Analysis

As described earl\Brownianmotionis a specific sequential analysis method, so its prase&sy similar to that of
the classicabequential malysis method. For our examples, the main difference between Bromoiton and the
classical sequentianalysis is thathe Brownian motion baselineis executed using th¥ values.The creation of
the baseline is identical to that debeud inSection6.1.

Oncethd baseline has been created, ¥hevalues are computed using the equation listed below.
Yi =i i

After theYi baseline is generated, the mean and standard deviation of eiedascalculated for a later
use.

12
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Brownianmotiondoes requird), b andii to be set prior téesting. For this methodgelta isdefined aghe
number of standard deviatiotisat mean driffiis awayfrom null hypothesis mean drift he Brownian
motion examples havd = B= 005 andi= 1.0.

A null hypothesis and alternative hypothesis must also be defined in order to proceed with Brownian
motion The null hypothesisabcribes a statehgre no change has occurred. The alternative hypothesis
describes a state where a change has occurred. Both hypotheses are defined below.
Null hypothesis &Hq: =0
Alternative hypothesis Ha. 8 s | 2,

Before the method can leealuated, a usatefined bound must be established. The lower bound is denoted
as A and is defined by

A -
The upper bound is denoted as B and is defined by
B -
Once a new set of data is received,Bnewnianmotiondrift methodstandardizes eadh by subtracting

eachi by the value at observation 0 and then dividing bystaadard deviationf the baseline. This

adjusted r value is denoted below. o
i

i9
This method alsaises a likelihood functioto evaluate the data set at each observatidrhis likelihood

function is computed using the following equatifum two-sided drift analysis as explained in Section
6.3.1

Le=T®2Q 2 Q*% Q °9

After the likelihood function is computed, the output is evaluated according to the prefixed bounds. If the
likelihood function™ (A, B) then the processontinues sampling If the likelihood function idess than or

equal to Athen the null hypothesis is accepted and ttwesconclude thato change has occurred. If the
likelihood function is greater than or equal tptBen the alternative hypothesis is accepted, and wWais,
conclude thaa change hasccurred.
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Fig. 12. Brownian Motion Drift Analysis Flow Chart

6.3.1 Two-sided Drift Analysis

Reference 3 presents a hypothesis test to detect change in drift for Brownian motiprdetiotes the drift
corresponding to the null hypothesis anddenotes the drift corresponding to the alternative hypothesis, then the
likelihood ratio function

0o on H Q

is used to test e =£,vs.Ha € =1 for valuese, < €1[3]. Our process$ is transformed to the correct scale to be a

Brownian motion, and this likelihood ratibdho o N A can be approximated discretely by

O “H Q T
In our casego= O, referring to the null hypot hesis case of fi
However, we are interested in a testiare  Ows. Hy | € for some value> 0.
Note that our process r was normalized to be a Brownian motionffwi s cal e 0 =1) , altarnative we ar e
hypothesis | ¢ | > 1

Following the idea presented in [2] to extend a likelihood ratio test fesidet alternative to a test for asiled

alternative, we compute a new likelihood ratio function aofedl The numerator is the sum of the likelihood
functions (i .e. | oi nt andee=nlsdathimaltipljed ey prebahility @.53. €hé demamindtor € = U
is the likelihood function associated with = Difiding the denominator into both n@rators results in the

expression being the sum of two likelihood ratio functions corresponding to the alternative hypotheanéle =-

U ,respectively.

Thatis,0 ‘ H for our 2sided case wite,= 0  a;m+d- U lzecomes

0 “H &z 0 mh &z 0 mhi

—z z -z

&z 'Q ®zQ
#zQ ~ zQ ° Q°
,whichis the formula mentioned abave
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6.4 A Note on the Use of the Brightness Ratio during Hypothesis Testing

The Brightness Ratio is defined in Sect@g. Notei is not symmetric. For exampl#,”©0 vz 'O theni
Thutif'©O vz O, theni - @) Therange of values we consider to be acceptable fas (-0.6,

1.5). Although the r values are asymmetric, this characteristic is only of concern during the classical sequential
analysis test. This ihé case because thetest for dependentata has a test statistic that is normal duettte

Central Limit Theorem dr Dependent Datarrespective of distribution. Similarly, the Brownian motion drift
analysis is computed only on the delta r valwdsich can be independent and normally distributed regardless of
the probability distribution of ther values. Thus, thelassical sequential analysis methagplied to ris the only
method that may baffectedby the asymmetry. However, classical sequential analysis does not require the data set
to be sampled froma normal distribution. For future woria this case the likelihood function used ithe classical
sequential analysigill be derived from the population distribution via an empirical probability density function

7.0 Crosstag Resolution Method

7.1 Overview

Once the results from the three methods have been obtaieexhn begin analysis. If all three methods determine a
satellite is ANOM, then we can conclude the satellite has changed in some way. One way the satellite can change is
due to a crostag with one of its peer satellites. This means the satellite lesisrbiss identified as another satellite

in its cluster. This method helps to resolve those situations.

7.2 Methods

Suppose the three methods have determined at least one of the satellites is ANQMeTimest try to determine

the change in that satellitéf. two satellites are determineid be ANOM by all three tests or one satellit®
determinedlo be ANOM and the ot her satelliteds stat-ag cannot
resolution method to determine if the cause of ANOM is due to a-tags¥Vhen two satellites are determined to be

ANOM by at least one test, we can take the data from the two satellites and swap them. Thus, the baseline of

the first satellite is now paired with the new data of the second satellite, while the baseline of the second satellite is
paired with the new data of the first sdtell The three methodsan be ruragain on these new pairs of data to see if

this swap resolved the crotsy.

7.3 Assumptions

The present worlkassumedf a crosstag does occuthe crosstag occurred during the daytime gafg. 2 - Fig. 4
illustrate the reason for this assumption. The baseli
observations, and the new day begins at the start of the next night. Thereforeha/ltieree methodsre performed

aresultis obtaired and applie to all the new data since the beginning of that night. Thus, we conclude something
changed during the daytime gap.

7.4 Procedures

After the composite hypothesis test has determined at least one satellite to be ANOM, we must try to determine the
changes inhte satellite. If there is a second satellite which is determined to be ANMON conclusion could be

reached, then we can use the two not NOM satellites in this-tagsesolution method he pr ocedur eds st
listed in order below.

1. Swap the newbservations for the two satellites,&d S. Thus,the baseline of satellits, is now paired
with the new data dfatelliteS,, while the baseline of,$s paired with the new data &f.

2. Compute the prior distribution for the values being usedi , orP(NOM | k).

3. Perform the three methods again as deed in &ctions6.1and6.2
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4. Analyze the new results. If all three tests now conclude NOM for either satellite;, shgrSthere was a
crosstag present. If one of the satellites is still ANOM, saya®d there was a third satellite, B the
cluster that was not NOM, then we can perform another swap. We can swap the new glafteofte
first swap with the new da of S by completing step$ - 4 again. However, if the results stibnclude not
NOM for both satellites, then we cannot determine if there was atagssd it is likelythat the cause
could befrom a different cros$ag scenario or that a different change had occurred in the satellite.

Once all the possible crosag situations have been tested for all satellites in the cluster that were determined to not
be NOM by the composite hypothesis test, we have a better understanding of which satellites wirggedssd
have resolved the crosag so we are associatirftgtdata to the right object.

7.5 Confidence Assessment

To be able to utilize the cro$ag resolution method describ@bove, the composite hypothesis test uged
determine whether or not we believe that a particular satellite has changed from what is believed to be its NOM state
must be assigned a level of confiden&uppose that each hypothesis test is performed at significancéJlaell

that the null hypthesis H reflectsthat thesatelliteis NOM. Significance levelU means that there is only
probability that the test will incorrectly conale that the satellite is ANOMyhenin reality it is NOM;i.e. U= P
(testrejectsHo, | Ho is true).

Recall thatif at least one of the tests concludes thatsatellite is ANOM,we will not conclude that theatelliteis
NOM. It is of interest to know the probability of type | error of thistsd conclusion. To this end, we comptite
probability that we will not conclude that the satellite is NOM, wimereality the satellite is NOM as follows:

0 O@ QCEiEdQOMo0 QIBI D E | 10Q B MBS o QNG W6 B GO QWG W6 Q
0 & 6 &b &I Qi QQQREHWM (Ei £dQ'GMo RN EBi QOISO 6 Q

0 0 QIROQQUBDEO QDT 6 Q 06 QIANQQBE0 QD1 6 Q

Ol

This means that the composite test for whether or not the satellite is N&)\g the group of 3 tests performed
individually at levelU has an overall significance level of less than or equ&\io

For the current casave perform the 3 tests on a singkellite at level ®5. Moreover, suppose that at least 1 of

the 3 tests results in a rejection of the null hypot he
onerejectod necessary to conclude that the satellite is not
cannotconclude hat t he s aWtsmg the abose calalatilnOwedecognize that our nelfas less than

or equal to 0.5 probability of failing to conclude that the satellitenist NOM, when in reality it is NOM.

Additionally, we are interested in knowing the probability that the composite test method correctly concludes that
the satellite is NOM, which would be the case if all three tmtslude to not reject the null hypothesidN®OM. In

other words, what ishe Hall 3 tests correctly result in narjection of null hypothesis that satellite is NOM
satelliteis NOM)?To compute this number, we use the complement rule and the abropatation as follows:

0 oot QicHEil 1 'Qd of@ & £ QQQ G SOME 6 Wb EKIdi & A o6 QW WosR G 6 Q@b ©6 Q
p 0 & 6 &N EBii Q1 QQQREAM GEi £EQIMo0 QioW SO QD1 6 Q
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p 0 0 QIROQQUBHEI QD1 6°Q 0 6 QIROQQUBMFD QD1 6'Q

p a

In other wordswe perform he 3 tests on a single satellite at [e€b6. Moreover, suppose that none of the 3 tests
results in a rejection of the null hypothesiattthe satellite is NOM. Usingur composite testing methods, we are
led to conclde that the satellite is NOMBy the above computationye recognizeéha our method has at least a
0.85 probability of correctly concluding that satellite is NOM.

8.0 Examples

To illustrate thehreemethods describeid Sectiond.0, we will consider the three satellite cluster shown previously
in Fig. 5. The three satellites denotad S, S, and S, and their signatures are displayedrig. 13 - Fig. 15. This is

the same data as iRig. 2 - Fig. 4. The observations wersimulated agakenfrom a spacéased sensor. The
observations for Sspan7 days, while the observations fos &d S only span5 days.The number of days of
observation can be visualized by counting the daytime gdgg.i - Fig. 4.

Each dataset was divided into two parts. The first portion was used to simulate a set of baseline data. A baseline is

data which has been reviewed by a humapamsed a collection of statistical tests in order to verify which satellite

the obsrvations belong to and thattheat el | i t eds state is nominal (i .e., NOI
the rew incoming observations for thsatellite. The basele is used to determine what results we can expect for a

particula satellite, andthese expectations can be used to verify the current state of the satellite from the new
observationsFig. 13 - Fig. 15 display the three data sets used for the examples. The blue points igrapkh

represent the observations used as the baseline for that satellite, while the red points represent the new observations
which are being tested with each of theeemethods.
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Once the baseline and the new data sets were created for each satellite, the baseline values were furtbgr reduced
randomly selectig points from the dateSince there is no guarantee howchdata will be provided, we want to

use these tests on the minimum amount of data, sgewerate spardgaseline data sets 8fL or 32 points. This

way, even when using the differences in thealues we will still have 30 points and the Central Limit Theorkmn
Dependent Datavill be valid for the Ztest methodTo generatehe sparsedatg we sorted by orbit angle. We took

the total number of points divided by 30 determine how often to leet an observationThen we randomly
sdecteda pointthat frequentlyto get 31 or 32 observations. The resulting signature graphs for the three satellites are
shownin Fig. 16 - Fig. 18. This reduced data was utilized in order to perform the change detection and data
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S, Sparse Signature Plot
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S; Sparse Signature Plot
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From thethree data sets, we can construct 6 more data Feis these 9 data setwe can create 6 different
potential crossag situations which are displayedTiablel. The analysis of these six cases and their resolutions are
presented in sectioB.0. Each example ebcribes how a crogag anomaly is resolved to allow for correct data
associationSection9.0describes an efficient way to collect data using maximum informatidropy.

Table 1. Possible Crosgag Situations

Example| Satellite $: Satellite S: Satellite S
1 NOM NOM NOM
2 Crosstagged as 5 Crosstagged as S NOM
3 Crosstagged as S NOM Crosstagged as S
4 NOM Crosstagged as $S Crosstagged as 5
5 Crosstagged as S Crosstagged as $S Crosstagged as S
6 Crosstagged as S Crosstagged as S Crosstagged as S

8.1 Method Parameters

8.1.1

Z-testfor Dependent Data

The Ztestused herds based on &entral Limit Theorem fodependent data. There are no population assumptions
necessary, Wt if the sample size isufficiently large, the sample mearvalues have an approximately normal
distribution from the Central Limit Theorentherefore, as long as we have at least 30 valuesreasonable to
applythe Central Limit Theorerfor dependent datdor the examplesve will use the Zest for dependentada on

both the r values and the P(NOWNlvalues.

8.1.2 Classical Sequential Analysis

The classicalsequentialanalysis method hasne main assumption, and it is that titeserved sequencalues are
independent. To determine if thevalues or theyrk values are independent or not, usethe samplecorrelation.
We alsocreate a histogram of the valuesstmluatéf it is approximately normal. If theandom variables appear to
be uncorrelatedwith an approximately normal distribution, then we will assuméependencand can use those
values for thelassicalsequentialnalysis methodThesparsebaseline r valueare shown irFig. 19 - Fig. 21
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S, Sparse Baseline r Values
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Fig. 21. Satellite S Sparser Baseline

To determine if thewrand k.1 values are correlated, we first calculated the correlation coefficient for each satellite
for the sparsebaseline values. Themve used a-test withU = 0.050n the null hypothesis that theorrelation
coefficient is equal to zero. The results for thalues are imTable2, while the results for thgr values are iTable
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3. If thecorrelation coefficient is within theon-rejection regiorofthett e st d e t e=r0.85, them &e cannot U
reject the null hypothesis that the correlation coefficient is zero anddretbat the values are uncorrelated.

Table 2. r Value Correlation Results

Satellite Correlation Test statistic Non-rejection Conclusion
Coefficient value Region

S -0.3521 -2.0259 (-2.045, 2.045) | uncorrelated

S 0.0007 0.0035 (-2.048, 2.048) | uncorrelated

S 0.3005 1.6969 (-2.045,2.045) | uncorrelated

Table3. or \omelatioe Re€ults

Satellite Correlation Teststatistic Non-rejection Conclusion
Coefficient value Region

S -0.7021 -5.2176 (-2.048, 2.048) | correlated

S -0.6946 -5.0169 (-2.052, 2.052) | correlated

S -0.1704 -0.9313 (-2.048, 2.048) | uncorrelated

Looking atTable2, we see that by theté¢st the baseline r values for all three satellites are uncorrelated. However,
Table 3 shows us that thgr values are only uncorrelated 85. Thus, we can use tlassicalsequentialanalysis
on all three satellites for their r valugbut we can only use it on thgr values forSs.

The data being uncorrelated is a necessanmydition for the data to be independent, but to assure the data is
independentwe must also satisfy a sufficient condition, such as the datarisally distributed. To determine if the
sparsebaseline r values are approximately normal, we plotted #tedram of the r valuesom Fig. 19 - Fig. 21.

Fig. 22 shows the histogram of the baseline values fpafd the histogram supports normalkg. 23 displays the

r value histogram for $Sand it also supports normalitlyig. 24 illustrates the r value histogram fos. & does not
appear normalWe will proceed with the assumptions tisatand $ are normal distributed.

S, r Value Histogram
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Fig. 22. Histogram of S Baseline r Values
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S, r Value Histogram
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Fig. 24. Histogram of S Baseline r Values

The full baselinefor the qr values is displayed inFig. 25, and theirhistogram is shown ifFig. 26 to better
demonstratehat theqr values for $are approximately normal. Therefore, we can assumeathalues for Sare
independent andse them for thelassicalsequentialnalysis metbd.
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8.1.3 Brownian Motion Drift Analysis

The Brownian motiordrift methodrequiresthe most assumptions. It requires the difference in vallbesveen
consecutive observation points) be independent and normally distributed. Thus, if we are to use the r values for
Brownian motion, then th@r values must be independent and normalistritiuted. Unfortunately, for these
examples ther values for $and S are not independensince they are correlateds demonstrated imable 3.
Therefore, we cannot use the Brownian motion metloods, and S. The pr valuesfor S are independent and
normally distributed as described in Sect®h.2 so we can ustéhe Brownian motiondrift analysisfor Ss.

8.2 Example 1

The example considetthat a regular but sparse collection of data is ongdimgmplel is the situation where all
three satellites are still NOM. Therefore, thare no crossags presenais seen irFig. 27. The results are shown
when 30 (i.e. k = 30) new observation data points have been collected. Note that the use of k = 30 is only meant for

illustration. The same calculations are valid for any vali@ T
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Example 1
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Fig. 27. Example 1 Input Data

8.2.1 Z-teston rValues

Fig. 28 - Fig. 30 demonstrate the results of theest for dependentadiaon rvalues for Examplé. Since the state of

all three satellites remaifdOM, we expect the Zest for dependentatia to degrminethatwe should accept the null
hypothesis, i By looking at the three figures, we see that thimieedthe casdor Satellite 1 and Satellite 2.

However, Satellite 3rejects the null hypothesis and concludes the satellite occurred a dhtakg® (or, for the

cases when k < 9, this test would have determined Satellite 3 to be.N@idonclusion can be further explained

by referring toFig. 15. Inthisp | ot , t hspeakseligwdfah a® h e b a s dHemeatheddssunablatb | ey s ,
detect NOM up to k = 30.
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Fig. 28. Example 1 S.1 Z-test on rvalues Results

25
AMOS Technical Conference 2015



S, Z-test (r values) Results
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Fig. 30. Example 1 S3Z-test on rvalues Results

8.2.2 ClassicalSequential Analysis

Fig. 31 - Fig. 33 demonstrate the results of ttlassicalsequentialbnalysis method for Example Since the state of
all three satellites remains NOM, we expectdiassicalsequentialkanalysis to determine we should accept the null
hypothesis, I By looking at the three figures, we see that this is the case for all the satellites. Thlassibal
sequentialanalysis proviles us withhe correct results for Example
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S; Classical Sequential Analysis Results
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Fig. 33. Example 1 Ss3 ClassicalSequential Analysis Results
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8.2.3 Brownian Motion Drift Analysis

Fig. 34 shows the results of the Browniamotiondrift analysisfor Examplel for Ss. Since all three satellites remain
NOM, we expect the Browniamotiontestto concludethatwe should accept Hand matctthe classicalsequential
analysis results. Fro Fig. 34, we see thiss the case, and the Browniamotion test provides us withconsistent
results for Examplé.
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Fig. 34. Example 1 Ss-3 Brownian M otion Results

8.2.4 Z-test on P(NOM|r) Values

Fig. 35- Fig. 37 demonstrat¢he results of the Zest for dependentatia method performed on the P(NOM|r) values
for Examplel. Since the state of all three satellites remai@dvl, we expect the Zest for dependentata to
determinghatwe should accept the null hypothesisg, By looking at the three figures, we see thi ts the case

for all the sgellites. Thus, the Zest for dependentatia on the P(NOM]|r) values provides us with the correct results
for Examplel.
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Fig. 35. Example 1 S.1 Z-test on P(NOM|r) Results
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S, Z-test P(NOM|r) Results
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Fig. 36. Example 1 S2 Z-test on P(NOM|r) Results
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Fig. 37. Example 1 S3Z-test on P(NOM|r) Results

8.2.5 Data Association

Table 4 shows the results for the three tests we are able to perform on all three satellites. diothfe tests
conclude it is still NOM, so we will accept thatiS NOM. All three tests alsoonclude is still NOM, so we will

accept that it is also NOMror S, the Ztest fordependentiata on r values concluded it was ANOM. Since both of

the other two satellites are NOM, we know thatsShotcrosstagged with another satellite in ithuster, but we do

not know whether the satellite is truly NOM or if something else has happened, such as a panel offset change, to
cause the satellite to now be ANOThis is addressed in Section 7.

Table 4. Example 1 Results Char

Satellite r Value Ztest Classical Sequential P(NOM|r) Ztest
Analysis

S NOM NOM NOM

S NOM NOM NOM

S ANOM NOM NOM
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8.3 Example 2

Example2 is where the baseline data fori§ paired with the new data from @range box)which we will denote
as 9., andis shown inFig. 39.The baseline data for, % paired with the new data from §ellow box),denoted as
S,1asshown inFig. 40. Thiscreaesa crosstag between Sand S. Fig. 38 depicts the new input data for Example
2. Fig. 39 andFig. 40 show how the signature of the baseline satellite matitifeesignature of the satellite of the
new observations. For.gand $.1, the signatures do not have significant overlapwe expect afour methods to
produceaccurate resultsecause the r and P( NOM | r ) values should be distiastly, the basehe of S is paired
correctly with the new data from 8nagenta box)so S is still NOM.

Example 2

New Dat
sl Baseline 52 New Data

S, New Data

S 5 Baseline

S; New Data

S 3 Baseline

Fig. 38 Example 2 Input Data
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X o

0‘0’

+ S1 Baseline
B S2 New Data

Apparent Magnitude
=

75 60 45 30 -15 0 15 30 45 60 75
Orbit Angle (degrees)

Fig. 39. Si-2 Signatures

30
AMOS Technical Conference 2015



S, Signature Plot
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Fig. 40. S Signatures

8.3.1 Z-teston rvalues

The Ztest for dependentatia resultaising the waluesfor Example2 are shown irFFig. 41 - Fig. 43. Since there is a
crosstag between Sand S, we expect to acceptaHor S and $ and acept H, for S.The Ztest does correctly
conclude Hfor S andS;; however, as in Example 13 8 crosstagged with itself, sthe reason weaccept His
stated in SectioB.2.1

S, Z-test (r values) Results

\ ANOM is detected
-4 \ at Observation #3 [— 0.2
6
\ 03

8 \
-10 \ \ 0.4
-12

\ L 05
14

-16 -0.6
Observation Number

==z score
—-r values

Z-Score
r values

Fig. 41. Example 2 S2Z-test on rvalues Results
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S, Z-test (r values) Results
16 1.6
14 - 14
12 / - 12
10
/ !
£ s Z
32 / - 0.8 x5 —#zscore
N 6 / i —-1 values
- 0.6
4 / ANOM is detected | |
2 at Observation #5 | - 0.4
0 / T T T - 0.2
5 10 15 2‘0
2 0
Observation Number
Fig. 42. Example 2 S.1Z-test on rvalues Results
S; Z-test (r values) Results
8 14
p
’ - / 12
6 \\ f 10
5 8
: NS
Q4 e 6 =
75] ol § =&z score
N =
3 Detects ANOM at -4 —B-r1 values
** Observation #9
2 / 2
o °
0 \ . \ \ T -2
0 5 10 15 20 25 30
Observation Number

Fig. 43. Example 2 S.3Z-test onr values Results

8.3.2 ClassicalSequential Analysis

Theclassicalsequentialanalysis results for Exampare shown irFig. 44 - Fig. 46. Since there is a cro$ag
between $and S, we expect to acceptfor S; and S and accept bifor Ss. By looking at the three figures, we see
that this is the case. Thus, ttlassicalsequentiaknalysis provides us with the correct results for Exar@ple
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r Values

S, Classical Sequential Analysis Results

0 1.4E+92
0 5 10 15 20 25 30
01 - 1.2E+92
Decision made at
0.2 Observation #3. 1E+92 =
Accept Ha -g
8E+91 2
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- 6E+91 -§ —@-New Data
04 1 £  —+—Likelihood Results
4E+01 %
=
-0.5 -
2E+91
-0.6 0
-0.7 -2E+91

Observation Number

Fig. 44. Example 2 Si2 ClassicalSequential Analysis Results

r Values

S, Classical Sequential Analysis Results
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- 8E+70 5
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Fig. 45. Example2 S.1 ClassicalSequential Analysis Results
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S; Classical Sequential Analysis Results
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Fig. 46. Example2 Ss3 ClassicalSequential Analysis Results
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8.3.3 Brownian Motion Drift Analysis

The Brownianmotiondrift analysisresultfor Example2 is shown inFig. 47. Sz is paired with itselfso weexpectto
accept H. Fig. 47 indicates this is the case, so Brownimaation provides the correct result fosly concluding that
the drift is zero

S; Brownian Motion Results

6 14

_ Decision made at

S Observation #9. 12
Accept Ho.

—-New Data
=+ Likelihood Results

Adjusted r Values
=~
Likelihood Function

Observation Number

Fig. 47. Example2 Ss:3 Brownian Motion Results

8.3.4 Z-test on P(NOM|r) Values

The Ztest for dependentatia results for Exampare shown irig. 48 - Fig. 50. Since there is a crosag between
S and S, we expect taccept Hfor S and S and accept bifor Ss. By examining the three figures bal, we see
that the Ztest for dependentatia performed on the P(NOM|r) values accept®HS, and S and accepts §for Ss.
Thus, thez-test for dependentada provides aarate results for Example 2.

S; Z-test P(NOM|r) Results

1
0.9
0.8

10 15 20 25 30 35
-200

Detected ANOM 07 &
-400 at Observation #1 7:
8 0.6
;J -600 0.5 & —e—zscore
N 0.4 5 ~@-P(NOM|r) values
- 4
800 0.3z
1000 0.2
0.1
-1200 DN A S S RS R RN S 0

Observation Number

Fig. 48. Example 2 S-2Z-test on P(NOM|r) Results
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7 Score
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S, Z-test P(NOM|r) Results
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—4—2Z score
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Fig. 49. Example 2 S.1 Z-test on P(NOM|r) Results
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S; Z-test P(NOM|r) Results
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Observation Number

P(NOM|r) values
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——P(NOM]|r) values

Fig. 50. Example 2 S3Z-test onP(NOM|r) Results

8.3.5 Data Association

Table5 summarizes the results for the three main tests. Fan&$S, all three tests conclude ANOM, so we accept
that they are both ANOM. For;Stwo tests conclude NOM and one ANOM, so eemnotconcludewhether $is
NOM or ANOM. To try to resolve the change in satellitesaBd S, we swap their new data, so the new data we
were using for §(orange box)we will use for S andthe new data we were using for $ellow box) we will use
for Si. Thus,we result with the same situation as Example 1 as seen beleiy. iBl. Therefore, we can conclude
that in the original datéor Example2 S; and S were crosdagged,but after resolving the crog¢ag, S and S are
NOM and we are unsure about Slthough we know it is not crosagged.

Table 5. Example 2 Resulthart

Satellite r Value Ztest Classical Sequential P(NOM|r) Ztest
Analysis

S ANOM ANOM ANOM

S ANOM ANOM ANOM

Ss ANOM NOM NOM
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Example 2 Cross-tag Resolution

New Dat S, New Dat
Sl Baseline S, New Data 1 New Data
|
l' I
. S; New Data S, New Data
82 Baseline

S3 53 New Data SJ New Data

Fig. 51. Example 2 Crosstag Resolution
8.4 Example 3
Example 3 contains a single craagbetween $and S, so the baseline data for iS paired with the new data from

Ss (magenta box)S:-s is shown inFig. 53, and the baseline data fos iS paired with the new data from §ellow
box); Sz is shown inFig. 54. S, in this caseis still NOM. The input data for example 3 is illustratedFig. 52.

Unlike the crosdag betweensand Swher e t here was | i ttl e dig.&3ahdkig. 54 n

show there isomeoverlap for the signatures ofi @nd S. Therefore, the methoda this sectionmight have a
harder time distinguishingetween the two satellites

Example 3
. S; New Data
S 1 Baseline
S, New Dat
2
New D

Fig. 52. Example 3 Input Data
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S,.; Signature Plot
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W S3 New Data
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Fig. 53. Si.3 Signatures

S;_; Signature Plot

# S3 Baseline
W S1 New Data

Apparent Magnitude

=75 60 45 -30 -15 0 15 30 45 60 75
Orbit Angle (degrees)

Fig. 54. S31 Signatures

8.4.1 Z-teston rvalues

The Ztest fordependent ataon r valuesresults are providedh Fig. 55 - Fig. 57. Because Sand S are cross
tagged, we anticipate this method to accepfoHS; and S and accept Bifor S,. Thus, the 2est for dependentatia
executed on r values provides accurate results for all three cases in Example 3.
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S, Z-test (r values) Results
2 0
0
0 4 6 8 10701
2
Detected ANOM at |- -0.2
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© 03
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e =
2 8 04 § —+zscore
~ : ~&r values
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14
-16 - 0.7
18 0.8
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Fig. 55. Example 3 S3Z-test on rvalues Results
S, Z-test (r values) Results
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% 04 f T; —4—7Z score
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Fig. 56. Example 3 S-2Z-test on rvalues Results
S; Z-test (r values) Results
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Detected ANOM at
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Fig. 57. Example 3 S.1Z-test on rvalues Results

8.4.2 ClassicalSequential Analysis

Example3 contains a crostag between Sand S, so we expect to accept fér S; and S and accept Hfor S. The
classicalsequentialanalysis results for this example are showrkig. 58 - Fig. 60, and although it took longeo
determine sis NOM, we get the results we expect.
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S, Classical Sequential Analysis Results

Observation Number

- 2E+81

4E+81

3.5E+81

3E+81

2.5E+81

1.5E+81

Likelihood Function

1E+81

SE+80

0

-SE+80

—-New Data
—+—Likelihood Results

Fig. 58 Example 3 Si.3 ClassicalSequential Analysis Results

S, Classical Sequential Analysis Results
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Fig. 59. Example 3 Sz ClassicalSequential Analysis Results
S; Classical Sequential Analysis Results
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Fig. 60. Example3 Ss.1 ClassicalSequential Analysis Results
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8.4.3 Brownian Motion Drift Analysis

The result othe Browniandrift motionanalysisfor Example3 is displayed inFig. 61. The results for Saccuratéy
concludeto accept Handconfirmthat there is a nerero drift.

S; Brownian Motion Results
250 1.4E+98

Decision is made

200 N at Observation # 1.2E+98
H 6. Accept Ha.

1E+98

2

SE+97

—-New Data
—+—Likelihood Results

- 6E+97

4E+97

2E+97
0

S0 . -2E+497
Observation Number

Adjusted r Values
—
H
Likelihood Function

=]

Fig. 61. Example 3 Ss.1 Brownian Motion Results

8.4.4 Z-test on P(NOM|r) Values

The results for the Zest for dependentadamethod performed on the P(NOM|r) valae shown irFig. 62 - Fig.

64. In this example, Sand S are crosdagged, so we expect the test to accepfod S, and S. Conversely, $

receives new data from itself, so the test should accept the null hypothesis. Displayed below, the test correctly
concludes to acceptaitor S; and accepH, for S. The gaph for §, on the other hand, accepts the null hypothesis,

which does not correspond to what is expected.

S; Z-test P(NOM|r) Results
: : : : 0.05

\\i 10 15 200 25 30 35
-200 \\ 0.04
400 0.03

. 3
=
g \ :
o o~
&£ -600 0.02 § —4—2z score
N \‘ © —E=P(NOMJ) values
800 Detects ANOM at | | Ty, 0.01 QZ‘;’
Observation #1 :
-1000 - -0
-1200 -0.01

Observation Number

Fig. 62 Example 3 S.3 Z-test on P(NOM]|r) Results
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S, Z-test P(NOM|r) Results
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Fig. 63Example 3 S.2 Z-test on P(NOM|r) Results
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Fig. 64 Example 3 S.1 Z-test on P(NOM|r) Results

8.4.5 Data Association

Table6 displays the overall results feixample3. All three methods determing 8 ANOM and Sis NOM, so we
will accept these conclusion®nly two methods conclude ANOM for,S0 we are unsure of the state ef B try
to resolve why §is ANOM we can swap its hew datmagenta boxyith the new data of Jyellow box). Since
Example3 was created by swapping the new data;cr&l S, this swap wil correct the crostag, and we will have

Examplel again as seen ifig. 65.

Table 6. Example 3 Results Chart

Satellite r Value Ztest Classical Sequential P(NOM|r) Ztest
Analysis

S ANOM ANOM ANOM

S NOM NOM NOM

S ANOM ANOM NOM
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Example 3 Cross-tag Resolution

, S; New Data S, New Data
S 1 Baseline
D New D
. S; New Data S; New Data
S 3 Baseline

Fig. 65. Example 3 Crosstag Resolution

8.5 Example 4

Exampled is the last example with a single crdag. The cros$ag is between snd S, so the baseline data fos S
is paired with the new data from3 @nagenta box)S-3 shown inFig. 67, and the baseline data fos iS paired with
the new data from orange box)Ss.> shown inFig. 68. Thus, $is NOM. The crosgag between Sand S has
considerable overlap for the signatures pfaBd S as can be seen Fig. 67 andFig. 68. Therefore, the methods
have a harder time distinguishing between the two satellitescarsquently, they might nbe able to detect the
crosstag

Example 4
. S, New Data
S 1 Baseline
. S; New Data
Baseline
S, New Data

Baseline

Fig. 66. Example 4 Input Data
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Fig. 67. S-3 Signatures

S;_, Signature Plot

# S3 Baseline
W S2 New Data

Apparent Magnitude

T T
=75 60 -45 -30 -15 0 15 30 45 60 75

Orbit Angle (degrees)

Fig. 68. Ss.2 Signatures

8.5.1 Z-teston rvalues

Theresults for the Aest for dependentadla on r values are shownkHig. 69 - Fig. 71. Because $Sand S are cross

tagged in Example 4, our test is correct in concluding to accefarts, and S and to accept §ffor S;. Sz does

take more than the expected number of observations to reach a decision, but the reasoning for this is that the
signatures are very similar to one another as SeEiyiB7.
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S, Z-test (r values) Results
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Fig. 69. Example 4 S.1Z-test on rvalues Results
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Fig. 70. Example 4 S3Z-test on rvalues Results
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S; Z-test (r values) Results
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Fig. 71. Example 4 S2Z-test on rvaluesResults

8.5.2 ClassicalSequential Analysis

For Exampled, we expect to accepis for S, and S and to accept Hfor S;, becauses; and S are crosgagged.
Unfortunately,Fig. 72 - Fig. 74 showthatthe classicalsequentialanalysiscould not find the crostag forS,3 or &

2. However, br Ss.,, if we update tk slider by moving it forwartio halfway between the start dfet new data and
theinitial conclusion to acceptdandthenrestart the method over agaithe second run of theassicalsequential
analysis accefs H, at observation 1Gimilarly, if we update the time slider fop-§ we wouldeventuallyobtain the
conclusion to accept that observation 24but it takes several updates of the time slidée classicalsequential
analysishasdifficulty, especially for 3, because of the orbit angle of the new observations. Observations 0 through
22 are in the orbit angle range5 to-45, andFig. 67 illustrates hat the signatures ot &nd S at these orbit angles

are very similar. This causes the r values that we are testing to be simtite tesis unable to detect a change

S, Classical Sequential Analysis Results
0.02 0.7
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e
n

-0.01 0.4
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-0.03 at Observation #7.
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e
i
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Fig. 72. Example4 Si.1 ClassicalSequential Analysis Results
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S, Classical Sequential Analysis Results
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Fig. 73. Example4 S3 ClassicalSequental Analysis Results
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Fig. 74. Example4 Ss2 ClassicalSequential Analysis Results

8.5.3 Brownian Motion Drift Analysis

The result for Exampld for the Browniarmotiondrift analysis isbetter forS; thanthe classicalsequentialanalysis
results Unlike theclassicalsequentialanalysis methodwhere we had to update the time slideg, @an accept tfor

Ss the first time we run the test
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Adjusted r Values

S; Brownian Motion Results

Observation Number

25

Decision made at
Observation #9
Accept Ha
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—@-New Data
~+—Likelihood Results

8.5.4 Z-test on P(NOM|r) Values

Fig. 75. Example4 Ss2 Brownian Motion Results

In Example 4, 5and S are cosstagged, so the-Zest for dependentath on P(NOM|r) values results are expected
to accept Hfor S; and accept Kfor S; and S. The results for this method are showrFig. 76 - Fig. 78. The test
for this example correctly concludes fér S; and H, for S; and S. Although itdoes take Smore observations than

expected to come to a decision, we are attributing this to the similarities in their signakige$&

Z Score

1.5

0.5 -

-0.5

S| Z-test P(NOM|r) Results

Data stays within
the critical region.

Observation Number

30 35

1.001

e
&
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P(NOM|r) values

0.995

0.994

0.993

—4—Z Score
~l=P(NOM]|r) values

Fig. 76. Example 4 S1Z-test on P(NOM|r) Results
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S, Z-test P(NOM|r) Results
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Fig. 77. Example 4 S3Z-test on P(NOM|r) Results
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Fig. 78. Example 4 S2Z-test on P(NOM|r) Results

8.5.5 Data Association

Table7 displays the results for Exampde The only conclusion all three tests agree on is thag SOM. For both

S and S theclassicalsequentiaknalysis method determines NOM, while the other two methods determine ANOM.
Thus, the onlyconclusion we can come to is thatiSNOM. If we want to try to resolve the potential change-of S

and S, then we could try and swap their new data and run the tests again. Upon swapping the new data, we actually
would reverse the crodag created foExample4, and therefore, we would again end up with ExaniplEhe data

swap is illustrated iffrig. 79.

Table 7. Example 4 Results Chart

Satellite r Value Ztest Classical Sequential P(NOM|r) Ztest
Analysis

S NOM NOM NOM

S ANOM NOM ANOM

S ANOM NOM ANOM

AMOS Technical
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Example 4 Cross-tag Resolution

S 1 S] R S] rew b
S; New Data S, New Data
Sz 3 ) = : :

. S, New Data S; New Data
S 3 Baseline

Fig. 79. Example 4 Crosstag Resolution

8.6 Example 5

Example5 contains a multsatellite crosgag. The baseline data fog 8 paired with the new data from ®range
box), denoted a$:.,, the baseline data for & paired with the new data from @nagentaox), denoted a$,-3, and
the baseline data for; & paired with the new data from §ellow box), denoted ass:.1. Therefore, there are no
NOM satellites in this example.

Example 5
New Dat
Sl Baseline S, New Data
. S; New Data
S Baseline
2
S; New Data

S 3 Baseline

Fig. 80. Example 5 Input Data

8.6.1 Z-teston rvalues

For the Ztest for dependentatia on r values, the results are displaye#ig 81 - Fig. 83. This method has three
different crosgagged situations, and the test accurately accepts the alternative hypothesis Sgradd S.
Therefore, the Zest for cependentlata on r values is correct fall cases in Examplg
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S; Z-test (r value) Results
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Fig. 81. Example 5 S2Z-test on rvalues Results
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Fig. 82. Example 5 S3Z-test on rvalues Results
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Fig. 83. Example 5 S.1Z-test on rvalues Results

AMOS Technical Conference 2015

50



8.6.2 ClassicalSequential Analysis

The classicalsequentialanalysis results for Example 5 are showrFig. 84 - Fig. 86. Although we expect to accept
Ha for all three satellites, we only accept for S, and Q. The classicalsequentialanalysis method is unable to
determine the crogmg for $. The reasons for this are discussed in Se®&ibr2

S, Classical Sequential Analysis Results
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Fig. 84. Example5 Si2 ClassicalSequential Analysis Results

S, Classical Sequential Analysis Results
16 TE+114

14 Observation #8.
Accept Ho.

Decision is made at 4
[ 6E+114

SE+114

4E+114

——New Data
~+#—Likelihood Results

3E+114

r Values

2E+114

Likelihood Function

1E+114

15

-2 -1E+114
Observation Number

Fig. 85. Example5 S-3 ClassicalSequential Analysis Results
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S; Classsical Sequential Analysis Results
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Fig. 86. Example5 Ss1 Classical Sequential Analysis Results

8.6.3 Brownian Motion Drift Analysis

The result for Exampl for Brownian motiordrift analysis isseen inFig. 87. The Brownian motiowlrift analysis
correctly accepts kHor Ss.

S; Brownian Motion Results
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Fig. 87. Example5 Ss.1 Brownian Motion Results

8.6.4 Z-test on P(NOM|r) Values

The results for the Zestfor dependent ata on P(NOM|r) values are shownHig. 88 - Fig. 90. The test correatl
identifies ANOM for S; and S. However, the Zest for dependentata accepts for S, which is not consistent
with the results the test would expect.
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S, Z-test P(NOM|r) Results

1
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Fig. 88. Example 5 S2Z-test on P(NOM]|r) Results
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Fig. 89. Example 5 S3Z-test on P(NOM]|r) Results
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Fig. 90. Example 5 S.1 Z-test on P(NOM]|r) Results
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8.6.5 Data Association

Table8 summarizes the results for ExampleAll tests conclude Ss ANOM, buttheydo not all agree for Sand

Ss. Therefore, we can only conclude IS ANOM. To try and resolve that;  ANOM, we can swap its new data
(orange box)with one of the other two satellites. Unfortunately, both of the other satellites have two ANOM results
and one NOM result, so there is clae as which one to swap with. &et us swap the new data of (8range box)

with the new data of §magenta box)Since % is crosstagged with § upon swapping the data and running the
tests again, we would now conclude iS$S NOM. Since the new dataf S was 3, when we swap the data S
becomes crostagged with $instead of & Ssis already crostagged with § sowe have Exampl8 again. Section
8.4.5describes how to resolve Exam@eOnce the Example 3 cre$ag is resolvedFig. 91 demonstrates the case

of Example 1.
Table 8. Example 5 Results Chart
Satellite r Value Ztest Classical Sequential P(NOM|r) Ztest
Analysis
S ANOM ANOM ANOM
S ANOM NOM ANOM
S ANOM ANOM NOM
Example 5 Cross-tag Resolution
S S, New Data S; New Data
1
Sz S3 New Data - sz New Data
S Baseline S, New Data S; New Data
3
Fig. 91. Example 5 Crosstag Resolution
8.7 Example 6

Example6 contains a multsatellite crosdag. The baseline data for iS paired with the new data fromy @nagenta
box), denotedasSi.3, the baseline data for, % paired with the new data from §ellow box), denoted a$;.1, and
the baseline data fors & paired with the new data from @range box)denoted a$s.». Thus, there are no NOM
satellites in this exampl&ig. 92 illustrates the new input data for Example 6.
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Example 6

. S; New Data
Baseline
. S; New Data
Baseline
S, New Data

Baseline

S3

Fig. 92. Example 6 Input Data

8.7.1 Z-test on rvalues

Example6 results for the Zest for dependentada on r values are shown kilg. 93 - Fig. 95. All three cases are
expected to accept the alternative hypothesis. As seen belo%,&hd S conclude to ecept Ha. Thus, the-st
for dependentata on r values is accurate for Example

S, Z-test (r value) Results
80 9

Detect ANOM at 8
Observation #3

—4=Z score

Z Score
r values

~@-r values

60 -~
Observation Number

Fig. 93. Example 6 S3Z-test on rvalues Results
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S, Z-test (r value) Results
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Fig. 94. Example 6 S.1Z-test on rvalues Results
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Fig. 95. Example 6 S2Z-test on rvalues Results

8.7.2 ClassicalSequential Analysis

The classicalsequentialnalysis result$or Example6 are displayed iffrig. 96 - Fig. 98. Although we expect all
threecasego conclude ANOM, the test fors&ccepts | The reasons for this are described in Se@iér2
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S, Classical Sequential Analysis Results
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Fig. 96. Example6 Si-3 Classical Sequential Analysis Results

S, Classical Sequential Analysis Results
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Fig. 97. Example 6 S-1 Classical Sequential Analysis Results
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Fig. 98. Example6 Ss2 Classical Sequential Analysis Results

8.7.3 Brownian Motion Drift Analysis

The Brownian motiordrift analysisresult for Exampléb is shown below inFig. 99. Brownian motion correctly
accepts H so its results for Sare better than those of thiassicalsequentialnalysis.
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S; Brownian Motion Results
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Fig. 99. Example 6 Ss-2 Brownian Motion Results

8.7.4 Z-test on P(NOM|r) Values

In this example, the-Fest for dependentata on P(NOM|r) values accepke alternative hypothesis fok, S and

Ss. Because all three satellites have been aagged with one another, this method provides accurate results for all
three cases. Thespcrosstag situation does take significantly longer to detect ANOM coethto the ther two
cases. However, this @&sresult of the similar signatures graphd=ig. 68. The results for the Zest for dependent
data on P(NOM)|r) values ashown inFig. 100- Fig. 102

S; Z-test P(NOM|r) Results
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Fig. 100 Example6 S.3Z-test on P(NOM]|r) Results
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S, Z-test P(NOM|r) Results
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Fig. 101. Example 6 S.1Z-test on P(NOM]|r) Results
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Fig. 102 Example 6 S-2Z-test on P(NOM]|r) Results

8.7.5 Data Association

The overall results for Exampkare displayed imable9. All three tests finds, and S to be ANOM, so we can
conclude $and S are ANOM. Unfortunately, thelassicalsequentialanalysis method findss30 be NOM, while

the other two methods determine it to be ANOMerefore, we cannot make any conclusions abeauf $/e want

to try to determine theause forchange in $and S, then we can swap their new data. Singes $rosstagged with

S: (yellow box), itsnew data is truly the new data from So when we swap their new data and run the tests again,
S: becomes NOM. Then the new data @isSS (magenta box)soafter swaping the data, Sbecomes crostagged

with Ss. Thus, this becomes equivalent to Examfil@he description of how to resolve Examglés in Section
8.5.5 A depiction of the crostag resolution for Example 6 is shownHig. 103

Table 9. Example 6 Results Chart

| Satellite | r Value Ztest | Classical Sequential | P(NOMYr) Ztest |
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Analysis
S ANOM ANOM ANOM
S ANOM ANOM ANOM
S ANOM NOM ANOM
Example 6 Cross-tag Resolution

. S; New Data S, New Data
S 1 Baseline
. S, New Data S, New Data

. S, New Data S; New Data
S 3 Baseline

Fig. 103 Example 6 Crosstag Resolution

8.8 Summary of Crosstag resoluton

The six examples illustrate how the New Data for a cluster of three satellites may present itself with different
combinations of crostags between satellites. The crtag resolution procedure comprisedsuccessive and
adaptiveapplication of the Zest and sequential analysis based on the preceding resthlescofposite hypothesis

testing. The resolution of the situations in examplelr@uigh4 required a two stage application of the composite
hypothesis testing, while exghes 5 and 6 required three stages. In each case, theagostuations were reduced

to the data analysis performed in Example 1. Therefore, although our original conclusions for an example might be
that multiple satellites are ANOM, after resolving tlresstags, we will conclude that;@nd S are NOM, and we

cannot make a conclusion about Bhus, the three methods used in the examples and results tables provided to be
useful in all cases. The assessment is based on the use of P(type | error) = 0.05 and P(type Il error) = 0.05. For the
composite hypothesis test, the resultant P(type | exr81.05 or 15%.

Thus, there are several conditions when the results of the three tests do not agree with each other. The assessment of
NOM or ANOM is performed only when all tests agree. To improve the test results (this is so that all tests agree
with each other), we would first need to improve the Inversion Model and Prediction Model to obtain more accurate

r and P(NOM|r) values to provide to the tests. To adjust the two models, we need more observations for each
satellite, especially SWe also needtiew observations in order to detect the occurrence of ANOM on an ongoing
basis. In the present work, the Inversion Model and Predictive Model use the same physics procedure based on the
two facet mode]1]. Thus, the improvement of the Inversion Model also results in the improvement of the Predictive
Model. This is described in Section 9.0.

8.9 Update of Baseline Signature

Once a satellite is determined toM@®M by the composite hypothesis test, we can update the bafselthat
particular satelliteUpdating the baseline is essentiab&oable taaccount for seasonal changes. Aftex baseline
has been updatetestingis restartedo keep acurrent stais of the satelliteFig. 104 shows a notional example of
updating the baseline for.SSince $was determined to b&®NOM in Examplel, we cannot truly update the
baseline fo the satellites in the cluster. Howevthis sectiondemonstrates hothe baselineouldbe updatedf the
conditions were satisfied.

The dotted lines ifrig. 104 show the movement of the time slidBecause the classical sequential analysis method
determined Swas NOM at observationii Examplel, the time slider i$orwarded 7 pointslit is up to the useo
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decidehow far forward the time slidés moved The slider can be moved forward to any point in the region from
the start of the new data tpwherethe classical sequential analysisthoddetermines the satellite is NOM.

S, Apparent Magnitude Over Time

#Baseline

M New Data

Apparent Magnitude

13 B B L AL A S S I\ : \I R R e R
0 15 30 45 60 75 90 105 120 135 150

Relative Time (hours)

Fig. 104 S Update of Baseline Signature

After move the time slider forward 7 observations, we can then use any of the methods described id.8éation
beginreevaluating the new dat&ig. 105 shows the results of the classical sequential anatysibod rarmon §
using the updated baseline. The classical sequential analysis again detefnai¢®M. Thus, we could move the
time slider forwardonce agairandrestart the process
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Results
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Fig. 105 S Updated Classical Sequential Analysis Results

9.0 Sensor Tasking for Fine Feature Characterization

For the examples, our deasi criterion did not lead the user to a definitive conclusion that@aS NOM or ANOM.
This work considers that such a lack of conclusion can be due to two reasons. First, the fidelity of the Predictive
Model may be too low. This results in the values of Brightness Ratio to exhibit significant scatter. Second, the
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satellitemay have changed, which results in a lower fidelity for the Predictive Model since it is derived from the

inversion of baseline data. Or, the Predictive Model may have low fidelity and the satellite has changed.
Accordingly, the goal of sensor taskingtés collect data so as to enable the dual goals of assessment of change
and/or improvement of Predictive Model as efficiently as possible.

The motivation for the tasking method is from the maximum information entropy principle, which expresses the
claim d maximum ignorance. The probability distribution function for a quantity of interest is chosen to be one that
makes least claim to being informed beyond the baseline[4fatiihe quantity of interest in sensor tasking is the
definition of observation catitions; namely the direction of illumination and the view direction for the sensor. In
this work, it is assumed that the effect of the illumination and observation conditions is captured by the value of a
single entity, namely the orbit angle. The orlrigke is defined to be the projection of the satellitesensor angle

in the orbital plane of the satellite. It is similar to the longitudinal phase angle, only difference being that the
longitudinal phase angle is computed with respect to the equaptaizd. Or, for a satellite with a zero orbital
inclination, the orbit angle is same as the longitudinal phase angle. This is a coarse yet practical approximation
because a complete definition of the illumination and observation directions is a functioe géometry and
orientation of the satellite solar panel and its body. At a minimum, it consists of four fijgles

We consider that the change may occur such that it may not be observable from any value of the orbit angle. This is
because the changeagncause minimal net change in the projected geometry of the satellite with respect to the sun
and the sensor. The orbit angle at which the change may be manifested in terms of difference in its brightness is
function of the change itself and is unknowpréri. Thus, the sensor tasking for the purpose of change detection
can make no assumption with respect to the choice of the orbit angle. Alternately, the choice of an orbit angle for the
next observation needs to be chosen as per a uniform probalstiffpation function. This strategy is postulated to
maximize the amount of new information per observation as per the principle of maximum information entropy.

We also note that the fidelity of the Predictive Model varies with the orbit angle. This is manifested in the random
character of the Brightness Ratio versus orbit angle as showigir2 - Fig. 4. The range of values for the
Brightness Ratio is larger fors&s compared to;Sand S. This is related to the reflection phenomenglas a

function of the orbit angle. For example, at intermediate values of orbit angle, the satellite brightness is commonly
governed by diffuse reflection. This is because the specular behavior of the solar panels is at smaller orbit angles
(closer to 0), and the specular behavior off the fine body features is typically at larger orbit angles (closgrito 90

is generally easier to attain higher fidelity for the Predictive Model under diffuse reflection conditions at
intermediate orbit angles ratheathits values closer t& Or 9C°. This is particularly when there is no setfclusion

caused by any fine features on the body in the projected view of the satellite with respect to the sensor.

We also note that the fidelity of the Predictive Model emnwith the orbit angle. This is manifested in the random
character of the Brightness Ratio versus orbit angle as showig.ii06 - Fig. 108 The range of values for the
Brightness Ratio is larger fors&s compared to;Sand S. This is related to the reflection phenomenology as a
function of the orbit angle. For example, at intermediate values of orbit angle, the satellite brightness is commonly
governed by diffuse reflection. This is because the specular behavior of the solaripatesmaller orbit angles
(closer to 0), and the specular behavior off the fine body features is typically at larger orbit angles (closgrito 90

is generally easier to attain higher fidelity for the Predictive Model under diffuse reflectionticosdat
intermediate orbit angles rather than its values closéet o @. This is particularly when there is no setfclusion

caused by any fine features on the body in the projected view of the satellite with respect to the sensor.

Consider the siation when there was no change in the satellite. In such a case, the lack of conclusion in regards to
NOM or ANOM for a satellite would depend on the fidelity of the Predictive Model. This is because the Predictive
Model is utilized to predict the expect brightness of the sdlite at point in the new datdf the fidelity of the
Predictive Model is insufficient, the computed values of the Brightness Ratio at the new data points can be such that
test statistic for the new data suggests a difference therbaseline data. This may be the case even though there is

no statistically significant change.

The Predictive Model could be improved when additional data is collected. Any collection of additional data needs
to be such that it maximizes new informoat In this regard, the fidelity of the Predictive Model as a function of the
orbit angle is postulated as being inversely related to the new information generated if the sensor tasking was
defined to collect new data at that orbit angle. This postulatiay be interpreted by considering two cases for the
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orbit angle, one where the fidelity of Predictive Model is high and the second where it is low. This may be idealized
further as intervals of orbit angle values where the Brightness Ratio equals zeanaat, respectively. When the
Brightness Ratio is zero, the expected value of satellite brightness is equal to the predicted value, or there is no new
information in regards to the improvement of the Predictive Model. When the Brightness Ratio i® nthegeris

new information that is useful in order to improve the Predictive Model. Thus, it is postulated that the sampling of
orbit angle values during the collection of additional data be inversely proportional to the absolute value of the
Brightness Rtio in order to maximize new information per observation.

S, r Values Over Orbit Angle
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S; r Values Over Orbit Angle
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Fig. 108 Satellite S r Values Versus Orbit Angle

Since Sis the satellite for which we require more data, we will focus HioiShe rest of this section. If the sensor

was utilized in a staring mode (i.e. persistent observation), the sampling rate for the observation data would be
uniform along the orbit angle axis. In such a case, the total new information would be prapdotitve area under

the curve of orbit angle versus the absolute value of the Brightness Ratio (i.e., r values). Accdrdind@?

shows a plot of new informatioversus orbit angle forsSThe peaks of this graph are areas where the Predictive
Model has lower fidelity, while the valleys are areas where the model has higher figiglitylOillustrates how the

new information would accumulate if the sensor was to observe the satellite persistently. This graph is normalized to
a maximum value of 1.0, which is meant to represent the totality of new information. We brokeatheetot
information into 10% bins, which is meant to represent that persistent observations over each orbital angle bin
would have the ability to provide 10% of the total new information. These bins are displdyigdlihl Comparing

Fig. 109andFig. 111, the smaller bins align with the areas with the most error.
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Fig. 111 Orbit Angle Bins for New Data Collection

Consider a situation when the Predictive Model has limited fidelity and the satellite may have changed. For
example, the lower fidelitof the Predictive Model could be caused by-selflusion due to the fine features. Then

the sensor tasking would have a joint goal of maximizing new information per observation for the purpose of
improving the Predictive Model and/or detect change.ddreesponding tasking strategy can be defined to combine
the needs of the Predictive Model and change detection usingsidprapproach as followsig. 111):

1 The probability of selection of an orbital bin is equitis is to maximize new information with respect to
change detection.

1 The probability of selection of an observation conditidthim an orbital bin is uniformly distributed-his
is to maximize new information with respect to the improvement of fidelity of the Predictive Model.

The characterization of fine features using such ast®@p sensor tasking strategy is a part of oturé work.

10.0 Ongoing work and closure

This paper provides a statistical assessment technique for the resolution edateliite crossag by making an
adaptive use of sequential analysis techniques. The method fortagosetection and resolution is useful
irrespective of the different pes of crosgag scenarios feasible for a cluster and when the signatures of the satellites
have significant overlap. Although the technique is demonstrated for a three satellite cluster, it can be extended to
clusters containing larger number of satetés.

The current work usesimplified compositehypothesis testingwhich allowsa decisionto be made only when all
testsagree. Thenext step is to enhance the composite test method by calculating the probabilities of all possible
incorrect conclusionsso that the user can make more informed decisions about the status of the satellites. This will
likely involve simulationdue to the dependency of the hypothesis tests involved.

The current analyses assume an idealized tagssituation where ther@sstag in the new data does radtange
unless it is rectified. Theext step is to extend the statistical assessment to the caswitdtarng or timedependent
crosstag This is when a singlset ofnew datadr a satellite is crossgged with diffeent satellites.

The current Inversion Model and Prediction Model usé& arder twofacet model. Tha@ext step igo enhance the
models toinclude the contribution of new data collected as per the principle of maximum information entropy in
orderto betteraccount for the antennae, dishes andeatfusions.
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