ABSTRACT

LUGO, RAFAEL ANDRES .Statistical Entry, Descent, and Landing Flight Reconstruction with
Flush Air Data System Observations using Inertial Navigation and Monte Carlo Techifidjueesr
the direction of Dr. Robeffolson)

A method is introduced to consider flush air data system (FADS) pressingsa technique
based on inertial navigation teeconstruct the trajectory of an atmosphegittry vehicle.The
approachaugmentdhe recentlydeveloped Inertial Navigation Statistical Trajectory and Atmosphere
Reconstruction(INSTAR), which is an extension of inertial navigation that provides statistical
uncertainties by utilizing Monte Carlo dispersion technigaged is an alternatés to traditional
statistical approaches to entry, descent, and landing trajectory and atmosphere reconstruction

The methods demonstrated using flight data from thMars Science Laboratory (MSL) entry
vehicle, which contained aimertial measurement iinand a flush air data system called the Mars
Entry Atmospheric Data System (MEADS). An MSL trajectory and atmosphere solution that was
updated using landing site location in INSTAR is first preserif®is solution and corresponding
uncertainties, whichwere obtained from Monte Carlo dispersions, are then used in a minimum
variance algorithm to obtain aerodynamic estimates and uncertainties from the MEADS observations.
MEADS-derived axial force coefficient and freestream density estimates and uncestanetialso
derived from the minimum variance solutions independent of the axial force coefficients derived from
computation fluid dynamics (CFD), which have relatively haglpriori uncertainty Results from
probabilistic analyses of the solutions are @isesented.

This dissertation also introduces a method to consider corrél&Bdincertainties in INSTAR.
Froma priori CFD uncertaintiesSCFD force and pressure coefficients are dispersed in a Monte Carlo
sense and carried over into the reconstructions. An analysis of the subsequent effects on the
trajectory, atmosphere, and aerodynamic estimates and statistics is presented.

Trajectory, atmodperic, and aerodynamic estimates compare favorably to extended Kalman filter
solutions obtained by the MSL reconstruction team at NASA Langley Research CEmter.
uncertainties obtained through the methods from wisk are generally smaller in magnitude
because of assumptions made regarding sources of error in the MEADS pressure transducer
uncertainties. Using datderived uncertainties in the pressure measurement noise covariance results
in aerodynamic parameter estimate uncertainties that are in agtesrment with the uncertainties
derived from the Monte Carlo dispersions. CFD database errors dominate the uncertainties of
parameters derived from aerodatabase axial force coefficients.
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Chapter 1: Introduction

NAVIGATION (naewd giedn), n. [late 13 cent. Old FrenchThe art

or science of directing the movements of an aircraft or spacecratft,
esp. with regard to the determining of position and course by the use
of instruments, electronic aids, etc.

Oxford English DictionaryThird Edition

I am wel convinced that Aerial Navigation will form a most
prominent feature in the progress of civilization.

George Cayley, aeronautical engineer, 1804

Guidance, navigation, dncontrol, often abbreviated @\ is a broad field of engineering that is of
particular importance inutonomousehicles.Guidanceis the process of directing a vehicle fréime
present location to the destinatidtavigationis the process of determining the present location of a
vehicle relative to the destinationsing estimates andobservations of the current state and
surroundingsControl is the process of maintaining theurse andtability of the vehicleWhether it
is a sailboat crossing an ocean or a satellite orbiting atthe processfodeterminingthe vehicle
state is essential for accurate navigatemmdis thefundamentatomponentf this dissertation

Many navigation techniques exist, some of which date back centAmnegent mariners used
dead reckoningatecmi que i n which position is determined |
speed and course heading at regular intervals, using the claistaace= speedx time! Dead
reckoning is particularly susceptible to accumulation errors since errors in position and velocity
estimates affect later estimat@benno information about the surroundings or environment is used.
Despite this danger, however, the technique has beed successfully for centuries. Perhaps most



famously,Christopher Columbus made four voyages from Spain to tualksd New World using
only dead reckoningeturning each time with exceptional accura@jese are shown iFigurel.1.
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Figure 1.1. The four voyages of Christopher Columbusnavigated using dead reckoning

Eventually it was discovered that the andgbetween the stars in the sky and the local horizon
could be used with yearly celestial almanacs to obtain an estimatix, or o f the shipods
location independent of previous position estimates, thus correcting or eliminating accumulation
errors. This resulted in thenethodof celestial navigatiori

The rise of poweredlight and the early rocketry work of Robert Goddamdthe early 20th
Century spurred development afitomatednavigation methods that relied on data from sensors
locatesl onboard the vehicleéAustrian engineedohannes Boykowormulated such géechniquen the

" http://en.wikipedia.org/wiki/Voyages_of_Christopher_Columacsessed 25 March 2013.

A Although mathematical formulations of sensmsed navigation did not begin in earnest until this time, in 1873 the Irish
scholar and philosopher Joseph John Murphy wrote a letter to the jdlatuaéin which he described, as a response to a
letter on @imal navigation by Charles Darwin, a process by which the position and heading of a train carriage could be
obtained by tracking and integrating the movements of asfmeging ball suspended from the roof of the carriage.



late 1920s, but was unable to demonstragidcessfullywith contemporary instrumentsefore his

death in 1938 It was not until late 1944 th&Vernher von Bran, technical director of thBlazi V-2

rocket programimplemeneda v ari ati on of Boykowbés method to g
onboard gyroscopes and an accelerométes.\-2 GNC system, whileffective was crude in that it

was designed simplio maintain a stable, roughly vertical fligtt a certain altitudeAfter World

War Il and therelocationof von Braun and his engineers ttte United StatesCold War fueled

interest inselfguided intercontinental ballistic missiles (ICBMdgd a team headed b€harles

Draper of MITto refine and formalizéhe methodinto the nowstandardnertial navigationDr aper 6 s
designs, informed by the-2 systems, werémplementedwith increasingly accurate sensarsa

variety of vehiclesin the 1950s ad 1960s including theAtlas ICBM and theApollo spacecraft.
Today, inertial navigationis still extensively used in terrestrial, marine, aerial, and space
applications'

Inertial navigationrequires the usef three mutually orthogonahccelerometersand three
mutually orthogonal gyroscopes typically contained in a single package called an inertial
measurement uni{IMU). By numerically integratingacceleration and angular rate measurements
provided bythese sensorthe vehicle position, velocityand attitude may beontinuously propagate
from an initial state, whicls in turn fed tathe navigation computer to update guidance and control
routines’ Thus, despite tremendous advances in technélsigyce the days of sextants and almanac
table lookups,nertial navigations essentidy a much more acrate version of dead reckoning

Modern navigation systems often augment IMU data with information frdmer osources.
Terrestrial vehicles, for example, use the Global Positioning System (GPS), a netwiaktiof
satellites broadcasting radio timisggnalsthatareused to quickly determine the present location of
the GPS receiveto within a few meter3 Spacecraft such as interplanetary probes, however, must
rely on internal sensorsradiometric tracking from Earth ground stationsg garalleling the
terrestrial form of celestial navigatidrknown andixed star positions to determine the current state.

In modern times, aignificant navigation challenge has been the robotic exptaraf Mars and
its atmospher& Beginning in the 19709YASA has successfully landesven surfacassets in the
form of landers and rovers: Viking 1 & (fanded 20 July & September 1976), Mars Pathfinder (4
July 1997), Mars Exploration Rover A & B (4 & 25 January 2004), Mars Phoenix (25 May 2008),
and Mars Science Laboratory (6 August 201Racing these rovers and landers on the surface

Unfortunately, Murphy postulate t hat whil e such a device may work in theor
hoped for.o6 (Murphy, JNaturg 18/3)A A Mechani cal Analogy, O

" Also referred to as an inertial reference unit (IRU)when coupled with a navigation computen,imertial navigation

system (INS).

A Early IMUs, such as those aboard the Apollo spacecraft, were gimbaled, meaning that they were isolated and stabilized

from the vehicle using gyroscopes. While this simplified the navigation algorithms at a time wrtenlepcomputing
power was at a premium, the units were bulky and had many moving parts. Most modern IMUs are strapdown, meaning
that they are attached to the frigi d -necdemigabsystein MEM® vehi cl
technologythat result in cheaper units that can dib platforms as small as a smartphone, but require more complex
computations.



requires the vehicle to go thrglu an entrydescent, and landing (EDL) sequenibsough the Mars
atmosphereA notionalMarsEDL sequencés shown inFigurel1.2.
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Figure 1.2. Notional entry, descent, and landing sequence.

For MarseDL, the point of entry interface typically defined at the time at which the vehicle is
at an altitude of 125 km from the surface. The hypersonic phase of the EDL seiuemaracterized
by hightemperature gas dynamiekjringwhich the vehicle undergoes peak heating and deceleration
while protected by the heat shield. All Mars entry missions to date have utilized a parachute to reduce
the vehicle velocitywvhendeployed at low supersonic or transonic Mach numiérs.heat shield is
discarded to enable ground acquisition with the landiraraafter which the backshellvhich
provides the interface betweenretiparachute and rover or landsgparates and ternaihdescent
operations are initiated. Methods of terminal descent and landingiVaynost recent Mars mission,
MSL, wused a S knwhichahe mer walwereditathe surface with a tether from a
hovering platform, but other solutions indkicrushable landing struts (Viking), descent thrusters
(Viking/Mars Exploration Rover/Phoenix), and/ampactabsorbing airbags(PahfinderMars
Exploration Rovex.

Postflight analysis of the data collected during the EDL sequence enabledligiust
reconstructions of the trajectory, aerodynamics, and atmosphere along the flight’p&th? The
results of these reconstructions in turn presgmortunities to validatpre-flight model predictions
and aid in planning of future missions.

For each othe Mars missions, the reconstructiatgized bothinertial navigatiorand statigcal
reconstruction techniquethe latter of which wasypically comprised ofvariations of the Kalman



filter. Statistical techniquedblend all available data and providmcertainties but often require
assumptiongegardingprobabilityand car ef ul Atuni ngd oflnetighe pr oc
navigation makes no such assumptiand is totally datalriver if the IMU measurements and initial
conditions were perfect, the solution obtained through inertial navigation would tvadt@ajectory.
Of course, measurements are never perfect, and furthermore inertial navigattealftdoes not
provide any uselstatistics. Thereforehe purpose of the present work is to present an alternative to
traditional statistical reconstructiomethodsthat is based on classical inertial navigation, takes into
account observations other than those made by the IMU, andigsusefulsolution statistics.

Ultimately, inderstanding and amtifying vehicle entry dynamida the Martian atmosphesnd
how they compare to expectatiogscritical to the success of future missions to Reel Planetand
beyond In the next se@n, this environment and the implications it presents with regard to
navigation will be discussed.

1.1 Mars and its Atmosphere

The planet Mars, soamed after the Roman god of wamd ®lloquially referred to as the Red
Planet due to its reddish appeargnbas been studied for at least 3,500 yeaf®ie ancient
Babylonians and Egyptiangere knownto havetracked the orbitatharacteristicas Marsis easily
observable in the night sky with the naked dheugh their interests were mostly superstitious and
| acked scientific reasoning. T h e lyGeceliarkosbitalat t e mp
behavior, but their elaborate solutions weltimately flawed as they usegeocentric modslof the
Solar System. MiddkEastern and Eastern astronomers mautaesadvancements while Europe
underwent the soalled Dark Ages, but it wda the 16th and 17th centuridgsatastronomers such as
Tycho Brahe, Johannes Kepl&alileo Galilei,Giovanni Cassini, and Christiaan Huyggrsneered
systematic observations thfe Red Planet?

Observation of the surface of Mars began in 1610, when Galdeame the first to observe Mars
using a telescopés even these early telescopes revegletalscalefeatures on Mars, over the next
300 years itssurface was mapped by dozens of astronomers. Perhaps most notably, in 1877 the
astronomer Giovanni Schiaparelli published a map of Msihewn inFigure 1.3, on which he
identified a vast network of straight, narrow features he cab@ali. This was translated to English
as canals, which wamistakenlyconstrued as being artificial in natur@he revelation that there
apparentlyexisted artificial consucts on the surface of Mars spurmednydubious claimssuch as
those by Percival Lowelf that Mars was inhabited by sentient Marti@ren idea that remained
popular even well after it was determined that Mars was incapable of supporting the vast water

" The wordcanal does not necessarily refer to an artificial construct emag be used to describe natural geographic
features. The nata of this apparent misunderstanding is unclear, but it is likely that the idea of Martian canals captivated a
public yearning to know more about the Cosmos.



oceans, lakes, and rivers that the 19th Century maps seemed to Degiyite this incident, many of
the names Schiaparelli applied to variouartién features are still in use today.

Nord Nord

Figure 1.3. Mar t i a n mapgpedbyaGioganni &:ha'aparelli.A

Robotic observation and exploration of Mars was achieved in the second half of the 20th Century,
triggered by the rapid advancement of pa&irld War 1l technology coupled with thepace Race
between the United States and the Soviet Unkarly mission pdnning placed an emphasis on
surface exploration until it was proposed that the vehicle entry phase could provide valuable
information about the structure of the atmosphéte.

Photographs from the Mariner 9 spacecraft in 1971 and the later Viking siiterided critical
information about the Mars surface and atmosphere (and finally dispelled any notions of artificial
canals or structures). The photos also confirmed the presence of massive dust storms that had puzzled

" The concept of life on Mars has become thoroughly embedded in popular imagination, famouglifiesldoy the hostile
Martians i nno@infaooosl W8 B| esdi o adaptEre Wa of the WorldtEven ®day, We | | s 6
robotic exploration of Mars is in part driven by the searchefadence of past lifeAt the time of this writing, dfinitive
evidence of life on Mars remains elusiteough it has been determined that Mars was in fact once covered with water

~oceans and rivers in its early history

Ahttp://planetologia.elte.hu/ipcd/ipcd.html?cim=schiaparellil@88essed 18 Janua@13.



early Mars observers, including Saparelli’® A Mars dust storm photographed by Viking Orbiter 2
is shown inFigurel.4.

Figure 1.4. Dust storm in the Thaumasia region of Mars, photographed by Viking Orbiter 2’

Somerelevant physical characteristics of Mars are listedable 1.1. Characteristics of the
Martian atmosphere are listed ifiable 1.2 and theatmospheriacchemical composition is listed in
Tablel.3 (both of which are adapted from R&f).

Table 1.1. Physicalcharacteristics of Mars.

Parameter Symbol Value
Radius(km) R 3396.19
Standard rpvitational parametegkm®/s?) m 42828.376212
Second dynamic form factor (zonal harmon  J, 1.95639057765 16
Rotation ratgrad/s) W 7.088212079 10

" http://nssdc.gsfc.nasa.gov/imgcat/html/object_page/vo2_176b02attc@ssed 13 August 2013.



Table 1.2. Characteristics of Mars atmosphere and comparison to Earth

Parameter Earth Mars
Surface pressure (mb) 1014 4.0t08.7
Surface density (kg/h 1.217 ~0.020
Scale height (km) 8.5 111
Average temperature (K) 288 ~210

Mean molecular weight (g/mol 28.97  44.01

Table 1.3. Composition of Mars atmosphere.

Chemical species Percentage
Carbon dioxide 95.32
Nitrogen 2.70
Argon 1.60
Oxygen 0.13
Carbon monoxide 0.08
Water,nitrogen oxide, hydrogen <0.1

deuteriuroxygen, krypton, xenor

From a gqualitative standpoint, tiartian atmosphere igjuite cold and thin when compared to
that of Earth. The low density in particular poses a significant challenge to landing on Mars, since
there is less drag and parachutes are less effécTifvas, although parachutes are used to slow the
vehicle, they provide insufficient drag to stdhd a vehicle by themselves. The Mars Science
Laboratory roverCuriosity, which is significantly more massive than previous landers and rovers,
was placed at a higher altitude than previous
discussed in more detail @hapter 2

1.2 Fundamentals

Thework presented in this dissertatierplorespostflight reconstruction of spacecraft trajectory
and atmospherespecifically with regard toMars atmospheric entry, descent, and landin@I(E
navigation Knowledge of the vehicledynamics and atmosphere are essential, agettory
reconstruction involves, to varying degrees, tlisciplines of aerodynamics, gas dynamics,
probability, and estimation thearA review of thefundamentaltopicsin thesedisciplinesin the
context ofnavigation andeconstructiorwill be presented iChapter 3

1.2.1 Definitions

In this dissertation, thigajectoryis the position, velocity, and orientation history of a vehiicla
specified reference fram&heatmospheres the ambient density, pressure, and temperature along the
vehicle flight path as a function of altitudehe aerodynamic®f the vehicle arehe forces, moments,



and other parameters that are induced by the dynamic interactions with the flodufielglflight.
Generally trajectory and atmosphenparameters arderivedfrom flight datameasuredn situduring
entry. The stateformally refersto the set of parameters that define plosition and velocity of the
vehicle butin the present work will be used to include the attitudé.may also refer to other groups
of parameters, such as the atmospheric state or the aerodynamidRethiadat data are any
observations other thahose required for inertial navigation

There arefour types of quantities that will be frequentlysed throughout this work True
guantities represented bthe unembellished symba| are the actual and unknowabiglues of the
parameter being estimatedeasurementsr observationsrepresentetly X, are quantities returned
by sensors and instrumentatioBstimates represented byk are quantities returned kstatigical
algorithms designed to gi v« byausing thenseasuregnaness so o f
Modeledquantities represented by, areproducedoy mathematical representationsacdystenthat
simulate the relevant physical processes

1.2.2 Error and Uncertainty

In recent years, there has been an effort to take a more formal approach to quantifying the
accuracy of the quantities in question, particularly in the field of computational fluiahdys:®
Errors are differences between the true or expected values and the obsereatiessmates.
Uncertaintiesdescribe the confidence in the precision and accuracy of the observation or estimate in a
statistical sense by characterizing the contringiof the different error sources, and are sometimes
informally described as estimates of the errbrghe field of metrology, the uncertainty corresponds
to the range or spread of observed values for a measured parameter. In the field of staistics, th
uncertainty may be obtained from the covariance in an estimator or from the dispersions in a Monte
Carlo analysisin each case, the uncertainty is closely related tostaedard deviation which
describes how much a parameter varies from its true protexd valueTheseparticulardefinitions
are widely used imetrology and statisticsnore formal definitions are used in model verification
and validation and are provided in RE9."

Errors may be categorized eendomor systematic Randomerrors vay from measurement to
measurement and are due to lack of precision or instrument noise. For example, repeatedly measuring
the height of aoffeetable with a meter stick might result in values that range betw&6érafid 098
m with a mean value of @ m; thus, the table may be said to have a height@®0.01 m. The
+0.01 m term is the uncertainty due to random errBgstematicerrors are consistent between
measurements and may be due to poor calibration, lack of knowledge of the relevant pbgsics, p
assumptions or models, etc., and are more difficult to quantify. For example, the aforementioned

" A measurement or estimate &ssentially meaningless withut an accompanying uncertaintyorFexample, an
accelerometer reading of 10 fisay be (perhaps incorrectly) construed to be useful until the uncertainty in that
measurement is determined to be +50°nifeally, the errors ligvithin the range of uncertainty
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meter stick may actually have been 2 cm short of a meter; thus, the measurements were systematically
biased by 2 cmif the true and unknowable height iS99 m, then the solutioles outside of the
uncertainty a situation that may be rectified only by using a more accurate meter stick or improving
the knowledge of the length of the current meter stick.practice, a priori estimates of
instrumentation ears aretypically provided by the manufacturer. These errors may later be
estimated in a statistical process and compared @ phieri value.

In summary one of the fundamental challenges of reconstrugtiand indeed, of any field
involving data anal§isd is obtaining accurate estimates of the unknowable true values using
erroneous observations and imperfect models.

1.2.3 Notation

In this dissertation, ectors are series of elements arranged in a colunar row and are
represented bipoldfacal uppercase omlwercase Roman or Greek letters. Scalar quantities or vector
components are represented by italicizeghtface letters. Boldface is used exclusively for vectors
and quaterniondNotation is illustrated with the arbitrary vecto(column vectors are typally used
so that the quantity "v is a scalar)

v vector

12 unit vector

[v| orv  Euclidian nornof vector i.e.
Vi ith component of vector

Components of aectorare the projections of the vector onto the coordinate system axeareand
typically idertified with numeric subscriptsuch thatv =[w, V,...,w]". For the special case af
threedimensional Cartesiarvector, an ordered tripletmay be used i.e., v=[vy, W, vz] or
v=vF wj EwE where F E and E are unit vectors that identifjné orthogonal axes of the
coordinate systerauch thatE—[l 0,0, F— [0,1,0] , and = [0,0,1] . In general, the symbols v,
andz arereserved for identifying components of a thdémensional Cartesian vector (when used as
subscripts) or axes of a Cartesian coordinate system (whenassemwrmal scrip)sin three
dimensionaEuclidian space.

Matrices arerectangular arrays of elements and apresented by neemphasized uppercase
Roman or Greek letters. Notation is illustrated with the arbitrary matrix M:

M matrix

M1 matrix inverse

MT matrix transpose

M;; component of matrix in thigh row andth column

det( M)  determinant of matrix
diag( M) diagonal of matrix
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Vectos and scalais may beconsideredspecial case of the matrix. For example, amatrix with
dimensionsm3 n is a vector if m=1 or n=1. Similarly, a scalar is a matrix with dimensions
m=n . A matrix with more than two diensions is referred to as an array.

Although every effort has been made to maintain consistency in notation and termindlugy
work, exceptions will be widespread due to historical convenéind practicality The observant
reader will have already noticed an abuse of notatinrestimate isignified by a letteembellished
with a carat, which also signifiesunit vector In general, the context will resolve ambiguities.

This dissertation will use the Inteational System of Units (SI). In this system, the base units of
length, mass, time, and temperature are the meter (m), kilogram (kg), second (s), and kelvin (K),
respectively. The derived units of force, pressure, and energy are the newton (N), EsaidP
joule (J), respectively.

1.3 Previous Work and Principal Issues

Historically, there have been two common trajectory reconstruction techniques. Probabilistic or
statistical approaches process measurements in a stochastic algorithm that minimizesf a payof
function defined by system models. Examples of these methods include weighted least squares,
minimum variance, extended and unscented Kalman filter§®%té Statistical methods may utilize
a priori information and blend various types of observatiansetiuce solution uncertainties, which
are readily available from estimator covariances. These techniques, however, often require
assumptions of probability distribution functions and use of dynamical models, such as for
aerodynamics, data and state nowaservation equations, etEurthemore statistical filters often
requi r e ofihe protéss pider a priori covarianceto ensure convergené®Despite these
apparentissues statistical techniques have been used extensively and successfully for detades.
particular, the Kalman filtehasbeen used in a wide variety of applicatiansce its development in
the early 196Q9rom GPSbased automobile navigation to satellite tracking.

The other common trajectory reconstruction technique is inertial navigatialeterministic
methodin which the vehicle position and velocity are propteyl usingacceleration and angular
velocity measurements from #U .* This method has been used on evBi&SA Mars mission and
has proven to be a relativestraightforward and fadrajectory reconstruction techniqG¥. It is
identical to the algorithm used aboard spacecraft to determine position and velocity during entry for
navigation purposefSlnertial navigatiordoes not require the use of models tatekheobservations
to the vehiclelynamics(with the exception of gravity models, which aféeenwell-known), and does

" Mars Pathfinder (199®arried a single gyroscope for spitabilization about the principal axem® the attitude could not

~ be propagated using angular rate measurementckssgical inertial navigation.

AThe term fiinertial navigati ono f or wehitldsgguippes fwik ansiMUtto t h e
determine position and velocity durirftight. The same algorithmhowever,is used posflight for reconstruction
purposes, and therefore in the pr es thanavigationrok recnstruaiont i a l
technique
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not rely on prelight simulations orcomputational fluid dynamics (CFDHowever, a it is a
deterministic methadnertial navigatia lacks the advantages of statistical technigoamely thatn
its classical form itannotincorporateredundant data (pressure, altimetry, etc.), and solstadistics
are unavailableThis dissertation focuses on addressing these limitations.

1.3.1 Inerti al Navigation and Atmosphere Reconstructiorwith Statistics

A technique has recently been developed that uses the inertial navigation approach to trajectory
reconstruction in a Monte Carlo dispersion process to take advantage of available redundant
obsenations (that is, any observations other than body accelerations and angular vel@aitles)
obtain parameter uncertainties. This procesdled Inertial Navigation Statistical Trajectory and
Atmosphere Reconstruction (INSTARJtilizes the inertial navigationalgorithmto reconstructhe
trajectoryanda classical approach to reconstruct the atmosplstatistics are introduced by using
Monte Carlo dispersion techniques that are often used ifiiginé design and development of EDL
missiors. Thus, the INSTAR metho@nables the inclusion of redundant data types as well as a
statistical approach to estimating parameter uncertainties, but ssllthesdramework of inertial
navigation.INSTAR alsodoes not require any linearization and isréti@re wellsuited to nonlinear
problem.A particular advantage of this approach is that it permits specificatidnestimatiorof
arbitrary probability distributionghroughout the processvhich enables analysis of parameter
solutions in probability sy

In the trajectory reconstruction component of tidSTAR process, illustrated in the&enn
diagramin Figure 1.5, the initial state conditions allU error parameters are dispersed in a Monte
Carlo sense using specified uncertainties. From these dispersed initial conditions, the observed IMU
accelerations and angular rates are integrated using inertial navigation to obtain a set of dispersed
reconsructed trajectoriesThough not shown herejspersed atmosphere profilesay beobtained
from the trajectory and an initial atmospheric stating a classical atmosphere reconstruction
technique Redundant dataot normally used in inertial navigation such as landing site location,
altimetry, air data system observations, etc. are then used to constrain the dispersed trajatiories
fime as ur e metnthe sabgea that Gatisfies those observations. Trajeatnd atmosphere
probability density functions ansarameter uncertainties in the form of standard deviatianghen
be obtained from this subset of constrained trajectories and atmospheres

The fundamentalconcept of INSTAR,namely using redundant @atto updateparameter
uncertainties in a Monte Carlo processsintroducedoy Blanchard and Tolscend demonstrated by
Huh using flight data from the -A3A HyperX research vehicle, using GPS tracking data as the
redundant observatioA$The primary inteest in that analysis was reconstruction of the aerodynamic
forces and moments and how the corresponding uncertainties compared to uncertaintiéigyin pre
CFD aerodynamic databases. Reconstruction and analysis of the atmosphere and related parameters
was not included, which is of greater significance in EDL
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Figure 1.5. INSTAR trajectory reconstruction process.

The process waalso demonstrated by Blanchaet al. using flight data from Mars Science
Laboratory EDL sequence and using the landing site as the redundant obsétvitiomas
determined that simply using the landing site significantly constrained the range of possible
trajectories, thus reducing the urtednty in the initial state conditions. In this application, however,
reconstruction of the atmosphere was also excludedkvised apprach to including landing site
with atmosphere reconstruction, will be presentedhiapter 4

1.3.2 Flush Air Data Systens

A flush air data systerfFADS) provides pressure measurements along the surface of a vehicle
using pressure transduceFADS pressure datamay be usedh conjundion with CFD, wind tunnel
data, and/or Newtonian flow approximatiotts estimate aerodynamic parameters and associated
uncertaintiesThe originalFADS-based parameter estimation algorithased on least squares was
developed fothe Shuttle Entry Air Dat System (SEADSY?® and was later applied to other vehicles
such as the 3 HyperX.?” FADS instrumentation was also used in fféght aeroballistic
experiments of scale models of the Crew Exploration VehickE/jGn 2008 and 20Q0%s well as
scale models oMars Science Laboratorin 2012%%%%° These experiments wemonducted at
Aberdeen Proving Grounds in Maryland as a joint effort between NASA Langley Research Center
(LaRC) andthe US Army Research Lapatory (ARL) In each of tlese fredlight tests, the
estimation techniques describedRef. 30 were used to estimate the aerodynamic paramatets
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associated uncertainties from the FAD®gsure dataMost recently, a flush air data system was
flown on Mars Science Laboratory in the form of the Mars Entry Atmospheric Data System
(MEADS). A variation of the original formulation was applied to pressure data from this mis&ion.

A completedescription othe FADSbased statistical estimationethod with results using MSL
MEADS pressures will be discussedd4.3. This algorithm will be used extensiyeo addres$iow
pressures from a flush air datssmmay be considered within the INSTAR framework, and how
the inclusion of these data validate or improsstimates and uncertaintidseyond statistical
approaches

1.3.3 Uncertainties in Computational Fluid Dynamics

Computational fluid dynamics (CFD) playsignificantrole in mission planning andtmosphere
reconstruction.Typically, CFD provides tables of aerodynamic coefficients and surface pressures.
Experimental wind tunnel dataay beused to validatand augment the CFD resulBecause CFD
models are not perfectly representative of the flow field, various trajectory parameters are dispersed
in a Monte Carlo sense and dispersed CFD solutions are obtained. Uncertainties from these
dispersions are thesaid to be representative of the accuracy of the CFD miodgéneral, CFD data
uncertainty is difficult to quantifyand until recently, uncertainties were sometimes not even
available'® Furthermore,CFD solutions are typically ruim a grid (i.e., pressures are given at
designated Mach numbers, angles of attack, and port location on the heat Biffeldnt grids are
used to study effect of de spacing, geometry, etc. until the solution is determined to be insensitive
to the grid. However, diweenany two gridpoints, data must be interpolated, leading to more errors
and uncertaintyThis dissertation will addredsow the effects ofincertaintiesand correlationsn
CFDdatamay be characterized and quantified within the INSTAR framework

FADS-based reconstruction methods rely on CFD model pressurgéghereforenodel pressure
errorsare tied to the solution errorBurthermore, CB errors affect density estimates, as the axial
force coefficient needed to computendity is obtained from CFDIhis dissertation will addressow
FADS-derived density and axial force coefficient estimates may be reconciled withd MUCFD
derived denisy and axial force coefficient estimates

1.3.4 Summary of Principal Issues
The principal issues that will be addressed in this dissertation may be summarized as follows:

1. How INSTAR solutionsmay beinterpreted in a probabilistic sense

2. How the effects of uncaintiesand correlationgn CFDtablesmay be characterized and
guantified within the INSTAR framework,

3. How FADS pressures may be considersingINSTAR, and tow the inclusion of these data
validate or improveestimates andncertaintiedeyond traditioal statistical approachesnd
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4. How FADSderived density and axial force coefficient estimates may be reconciled with
IMU - and CFDderived density and axial force coefficient estimates.

1.4 Contributions

The objectivesof this dissertatiorareto formally develop an alternative tmaditional statistical
approachego EDL reconstructionto implement it using flight data with multiple sources of
redundant observations, and ¢compare the resultant estimates and uncertaintiehose from
corresponding Kalman filter solutions Pursuant to these objectivedhetrecentlydeveloped
reconstruction scheméased on inertial navigatipncalled INSTAR, is extended to include
atmosphere reconstructioby utilizing the classical approach to obtaining B&eam density,
pressure, and temperaturdSTAR provides statistical uncertainties by utilizing MenCarlo
dispersion techniques.

A method is introducetb consider FADS pressure@sthe INSTAR approachy first assuming
that the trajectoryestimatesand uncertainties cannot be appreciably improwsthg FADSafter
introducing landing site as a redundant observafidnis trajectory solution is then used in a
minimum variance algorithnm conjunction with Monte Carlo dispersions obtain aerodynamic
estimates and uncertainties from FADS observatidtisiospheric parameters and uncertainéies
then derived from the FADS minimum variance solutionand compared to those derived from
INSTAR. A method to interpret INSTAR trajectorgolutions in a probabilistic sense is also
presented.

This dissertation alsmtroducesa method toconsidercorrelatedCFD uncertainties itNSTAR.
Usinga priori CFD uncertaintiesCFD force and pressure coefficients are dispersed in a Monte Carlo
senseand carried over into the reconstructiods analysis of thesubsequeneffects onthe
trajectory, atmosphere, and aerodynaestmatesind statisticss presented

Thesetechniques aremplemented in INSTAR andemonstrated usinjight data from the Mars
Science Laboratonentry vehicle,which contained an IMU and a flush air data system called
MEADS. A complete set of trajectory, aerodynamic, and atmospheric parameter estimates and
uncertainties are presented, along with compagdostatistical Kalman filter solutian

1.5 Overview

A roadmapfor this dissertation is shown iRigure 1.6. All of the topics fall under the broad
subjectof planeary entry, descent, and landing navigatidime numbered circles indicate chapter
numbers.
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2

PLANETARY ENTRY, DESCENT, Mars Science Summary &
AND LANDING Laboratory EDL Conclusions

L El f 3 R i 4 :

e”.‘e”t.s 0 econst_ructlon Principal Issues Results & Analysis
Navigation Techniques |

—e Compressible flow Inertial navigation INSTAR probabilistic analysis |—e Trajectory
—e Coordinate systems Atmosphere reconstructio Effects of CFD errors —e Atmosphere
—e Parameter definitions INSTAR FADS pressures in INSTAR [~ Aerodynamics
—* Probability & statistics FADS minimum variance —® Probabilistic analysis
e —e

Estimation theory Performancenalysis

Figure 1.6. Dissertation roadmap.

An overview of the Mars Science Laboratory missitiardware,and datain the context of
trajectory reconstructiois provided inChapter 2The elementsand definitions that form the basis of
the more advancedethodsof navigation and reconstructi@re then established in ChapterThe
reconstruction methodologies usat this dissertationare reviewed in detail in Chapter. & he
developmentind validation of théechniques used to addrabg principal issuethat are the main
subject of the dissertaticaare presented in Chapter®e results of applying tlsetechniqus to the
MSL EDL dataare presented and discussed in Chaptétir@lly, the conclusias drawn from the
results,a summary ofthe dissertationand topics and applicationghat may be explored in future
investigationsare presented in Chapter 7
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Chapter 2: Mars Science Laboratory

Mars Science Laboratory is a Flagship NASA nuasihat landed in Gale Crater on 6 August 2012,

and is currently the largest and most sophisticated vehicle ever sent td® Mtapgesents an
opportunity to apply the methods and techniques developed in this dissertation to an actual Mars
flight. A reviewof the MSL misfon, EDL sequence, and datgi®videdin this chapter

Figure21. Artistds rendering 6f MSL on appro

* http://mars.jpl.nasa.gov/imsl/multimedia/images/?ImagelD=36ddessed 11 November 2013.
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Table 2.1 lists some relevant information regarding MSL and comparisons to previous NASA
Mars missions. Notably, MSlas heavier, larger, has a higher ballistic coefficient anetdktirag
ratio, andcurrently has been the only activagyidedentry vehicle to successfully place a surface
asset on MarsThe difficulty of placing such a high useful landed mass at such a high altitede
low-density atmosphemictated manynissionrequirementsnd neessitated the use of the Skycrane
maneuvethatwill be described later in this chapter.

Table 2.1. Comparison of Mars Missions (adapted from Ref6).

Landing Year 1976 1997 2004 2008 2012
Mission Viking 1 & 2 Pathfinder MER A &B Phoenix MSL
Entry velocity (km/s) 4.7 7.26 5.4 5.59 5.8
Ballistic coefficient (kg/r) 63.7 62.3 89.8 65 135
Entry mass (kg) 930 585 840 602 3152
Heat shield diameter (m) 3.505 2.65 2.65 2.65 4.518
Hypersonic trintotal angle of o o o o o
attack 11.2 0 0 0 16
Hypersonic L/D 0.18 0 0 0 0.24
Attitude control 3-axisRCS 2 RPM 2 RPM Uncontrolled 3-axisRCS
unguided passive passive guided
Lift control CM offset Nontlifting Nortlifting Nortlifting CM offset
Peak heating rate (W/&n 26 100 44 47 <210
Useful landed mass (kg) 244 92 173 167 800
30 land.ellipse major axis (km) 280 200 80 100 20
30 land.ellipse minor axis (km) 100 100 12 21 20
Landing site eleation(km from 35 25 19 40 20

MOLA)

The MSL flight data have been the subject of intensive -flight analysis, and various
trajectory, aerodynamic, and atmospheric reconstructicasg both statistical and deterministic
techniques have been carried .84t A comprehensive and rigorous statistical solution using an
iterative extended Kalman filter that blends information from all available data sources, including
initial conditions, inertial measurement unit data, FADS pressaitésetry, and landing site location
has also been presenfédf A thorough analysis and discussion by the same reconstruction group of
the MSL EDL aerodynamics is provided in R&6.

2.1 Entry, Descent, and Landing Sequence

MSL was launched from Cape Canave8aC-41 on an Atlas V 541 on November 26th, 2011,
and arrived at Mars and began its entry sequence on August 6th, T2Me2.2 lists the relevant
events in the EDtimeline, referenced frontg. The reference timdy is defined to be 9 min (540 s)
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prior to entry interface and corresponds to a spacecraft clock time of 397501174.937729 s and a
Julian Date 02456145.71033450.

Table 2.2. MSL event timeline referenced fromt.

Event Time (s)
Entry interface 540.00
Guidance start 585.88
Bank reversal 1 612.88
Peak deceleration 620.33
Bank reversal 2 633.88
Bankreversal 3 663.38
Heading alignment 675.63
Entry ballast mass jettison 779.87
Parachute deployment 799.12
Final MEADS measurement 808.86
Heat shield separation 818.87
Radar lock 837.12
Backshell separation 915.92
Powered descent 918.38
Skycranestart 952.89
Touchdown sensed 971.52
Fly away 972.31

Figure 2.2 shows the MSL entry, descent, and landing profile with information obtained post
flight. During interplanetary cruise, the spacecraft was-sfahilized at 2 rpm with no center of mass
offset. Separation of the entry vehicle from the cruise stage odcatrgEt10 min. After a despin
maneuver, two tungsten balance masses were jettisoned to produce a center of mass offset and enable
a lifting trajectory with a hypersonic trirotal angle of attack of approximately L6Three bank
reversal maneuvers were executed during the hypersonic phase to provide range control. After the
final heading alignment, six additional tungsten balance masses were jettisoned to remove the center
of mass offset and bring the trim angle dhek back to zero. Deployment of the parachute occurred
at approximately Mach 1.8, followed by heat shield separation at approximately 19 s later. After 97 s
of parachute descent, the decent stage separated from the backshell and the Mars Landing Engines
(MLEs) fired at an altitude of 250 m to bring the horizontal velocity to 0 m/s. The Skycrane maneuver
was initiated and lowered the rover until touchdown occurred 431 s after El and approximately 972 s
after to. Immediately after todmdown, the tether was disconnected from the rover and the navigation
computer commanded the decent stage to execut e
the descent stage a safe distance from the rover before impacting the surface.
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Figure 2.2. MSL entry, descent, and landing profile.

Of particular interest ifrigure2.2 are the regions of the trajectory whebservations were made
by the various onboard sensors. Radar data were collected 18 seconds after heat shield separation to
touchdown. Flush air data system pressure observations are not shown, but useful measurements were
made from approximately pealediting to one minute prior to parachute deploy (these limits were
defined by the 850 Pa dynamic pressure thresbpétified by science objectives, though pressure
observations continued to be made until ten seconds prior to heat shield jettison). Lofcétien
landing site was obtained pefight using photography by existing orbital assets. Finally, throughout
the entire EDL sequence the IMU collected continuous body acceleration and angular velocity
measurements, which are the main data types useertial navigation.

Figure2.3is an image taken by MRO that shows the relative locations of the various EDL system
elements on the surface of Mars, including the backshell and parachute, descent stage, heat shield,
andCuriosityrover.

" Jet Propulsion Laboratory/CalTech.
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Sky crane

i

Curiosity

\ Back shell
Heat shield

Parachute \

Figure 2.3. Relative locations of entry system components at Gale crater, photographed by
MRO. Curiosity is 1500 m from the heat shield, 615 m from the backshell, and 650 m from the
Skycrane (descen stage)’

2.2 Overview of Flight Systems Hardware, and Operations

The Mars Science Laboratory cruise and entry vehicle consisted ofniyer components,
shown inFigure2.4. Thecruise staggerformed trajectory corrections and provided thermal control
to the spacecrafturing interplanetary cruise. Jysior to entryand cruise stage separatiéraligned
the vehicleorientation for the EDL sequenceThe backshellcontained the interface to the cruise
stage and parachute. Thlescent stagearried the entry vehicle IMUs, guidance and navigation
computer, umbilicals and tethering systems to hold the rover, and engines for the terminal descent and
landing plase of the entry. Thever, namedCuriosity, wascarried by the descent stage and lowered
to the surface using the Skycrane maneuver.hda shieldorotected the vehicle from trextreme
thermal environment during the entry phaskhe entry vehicle withrsome dimensions labeled is
shown inFigure2.5.

" http://mars.jpl.nasa.gov/imsl/multimedia/images/?ImagelD=486€essed 21 May 2013.
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Figure 2.4. Major components ofMars Science Laboratory.
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" Jet Propulsion Laboratory/CalTech.
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2.2.1 Coordinate Systems

Mars Science Laboratory utilized several coordinate systems fixed to the various components of
the s@cecraft. Thorough descriptions of coordinate system nomenclature and other frames related to
trajectory reconstruction will be discussedS3.2 Figure2.6 illustrates the relationship between the
cruse stage frame (CS), spacecraft frame (SC), descent stage frame (DS), and rover frame (R). As
indicated, the S@nd CS frames are coincident.

tXes

*tZcs scpsR
>

Figure 2.6. Comparison of Mars Science Laboratory coordinate system$Note that the
spacecraft (SC) and cruise stage (CS) frames are coincident.

The originof the spacecraft frame the center of the circle defined by three specific separation
bolts on the srface of the backshell. The +zsc axis is pointed towards the nose of the heat shield,
the +xsc axis is pointed towards the forward direction of the rover, andrthe axis completes the
right-hand orthogonal frame.

The cruise stage framehe descent stage framandrover frameshown inFigure 2.6 are all
defined relative to the spacecraft frame. The orientations of these frames are identical to the
spacecraft frame. The center of the cruise stage frame is coincident with the spacecraft frame, the
center of the descent stage frame is translatedrOdown the+zsc axis from the origin of the
spacecraft frame, and the center of the rover frame is translated 1300 mm dovadlais from
the origin of the spacecraft frarfe.

The descent IMUDBIMU) frame is the frame in which data from the inertial measurement unit is
provided.The description here is that of DIMA, the relevance of which will bdescribed in the
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next sectionThe origin of the descent IMU frame is described by a position vector in the descent
stage frame:

rPMUIDS — 8687235 -640.7420 508.0068 (2.1)

The +xpmyu axis is parallel to the descent stagg plane, perpendicular to the installation plane,
positive into the installation frame, and rotated +207°28@m the +xsc axis about thetzsc axis.
The +ypmu axis is parallel installation plane and one of the reference mirrors and rotateabodf
the +xpmy axis to form a 135° angledm the +zgc axis. The +zpy axis is parallel installation
plane and one of the reference mirrors and rotatBdabout the+xpyy axis to form a 45° angle
from the +zs¢ axis. This orientation is shown Figure2.7.*’

+Xgc DIMU -A ondescent stage

Figure 2.7. MSL DIMU frame or ientation relative to descent stage fram#&

The asmeasured quaternion that describes the rotation from the descent IMU frame to the
descent stage framé'lis
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€0.0965656716873109¢
é

DIMU/DS _ & 0.370039272063532¢
€0.8940638772203431
20.2332290540048484

q 2.2)

where thfourth component is the scalar term.

2.2.2 Navigation Sensors

The entry vehicle was equipped with twioneywell miniature inertial measurement units
(MIMUs), also referred to adesceniMUs A and B(DIMU-A and DIMU-B). Only DIMU-A was
active during entry due to bandwidth restrictio
the context of MSL will refer specifically to this urift The strapdown IMUs carriedsolid-state
micro electremechanial system (MEMS)accelerometers argblid-state fiber optiagyroscopes to
measure vehicle accelerations and angular rates, respectively. The onboard navigation computer used
these IMU measurementnd inertial navigatiorio determine the vehicle pdsin, velocity, and
orientationand tomanage vehicle guidance and contiidie DIMU-A unit mounted to the descent
stage structurss shown inFigure2.8.

’ - - - ":,‘/',"g' £ Af-
Figure 2.8. MSL descent IMU (DIMU-A).*’

" A strapdown IMU is one that is attached to the rigid body, as opposedeton astabilizedgimbaled platform.
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ThelMU error models are
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where B, and SF, are accelerometer biases and scale factors, respectBghand SF, are rate
gyroscope biases and scale factors, respectivelyfaade misalignmentsThus, there are a total of
15 variables that essentially corrupt the measurements of the true and unknowableTable@s3
lists thea priori IMU error parameter uncertainties

Table 2.3. A priori IMU error parameter uncertainties.

Parameter Accelerometer Gyroscope
Misalignment () 0.05° 0.05
Noise (3) 0.8665 mg 0.1719°/s
Quantization 0.54 m/s 0.0618°/s
Scale factor (B) 450 ppm 100 ppm
Bias () 100gg 0.03°/hr

2.2.3 Mars Entry Atmospheric Data System

MSL also carried the Mars EDL Instrumentation (MEDLI) sdit® MEDLI included a series of
seven ports on the heat shield connected to pressure transducers that formed the Mars Entry
Atmospheric Data System (MEADS). These transducers measured heat shiete gpressures
during the entry and descent phases of the EDL sequence, axsandallyanalogous to a flush air
data system (FADS)Yhe success of MSL mazk the first time that a planetary probe has carried a
dedicated flush air data system that directly appti@ the reconstruction of aerodynamic and
atmospheric propertiet should be notednoweverthat the Viking Lander Capsules carried FADS
ports €ive on the heat shield and one on the backsHalif) ultimately only data frm the stagnation
port was used to aid reconstructiof**> The MEADS science objectivisvere to

1. Estimate angle of attack to within 0,5
2. Estimate angle of sideslip to within 6,%nd
3. Measure dynamic pressure to within 2% i8s sense.
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Secondary objectives were to estimate Mach nunfilmastream density, and atmospheric winds
from the pressure observatioridie MEADS transducer locations on the heat shield are shown in
Figure2.9 (the nominaktagndion region during hypersonic flighs between ports 1 and 2).

)/’L\J\} ] -2.5
-2

e
® |P7 @
® [Pa]
® [P3]
® [P2]
® [P1]

{2

25 2 15 1 05 0 -05 -1 -15 -2 -25
Y (m)
Figure 2.9. MEADS transducer port locations®

MEDLI also included a series of thermocouples embedded in the heat shield to measure the
thermal characteristics during entry. Analysis of data from these instruments has been p&ffbrmed
and will not be discussed further in this dissertation.

The MEDLI sensors were controlled by the Sensor Support Electronics (SSE) unit, a literal
Abl ack boxo0o containing electronics to collect
monitored the spacecraft health and temperdfiPotographs of a MEADS transducer and the SEE
are shown irFigure2.10. Figure2.11 shows the interior of the heat shield (i.e., the side not exposed
to the incoming flow during entry) prior to spacecraft assembly. Visible in this photograph are the
seven transducersked by the orangbrown cabling and connected to the SSE box on the left side
of the heat shield.

d
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Figure 2.11. Interior of heat shield showing MEDLI hardware

2.3 Pre-Flight Aerodynamics

The MSL CFD aerodynamic datab&sis a tabulation of theemodynamicpressurgforce and
moment coefficientseindis generated using the Langley Aerothermal Upwind Relaxation Algorithm
(LAURA) (see83.1 for a discussion of the definition of pressure coefficient 83 for the

" http://mskscicorner.jpl.nasa.gov/Instruments/MEDkkcessed 29 October 2013.
Ahttp://mars.jpl.nasa.gov/msl/multimedia/images/?ImagelD=386dessed 29 October 2013.
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definitions of force and moment coefficientgor MSL, LAURA was run usinghin layer Navier
Stokes (TLNS)equations meaning thatongitudinal viscous gradiesmtwere neglected Preflight
analysis indicated that thegeadientgdid not contribute significantly to the solutiofts.

The CFD database is separated into two sets of tables and interpolation wrappers, one for surface
pressure coefficients and one for force and moment coeffici@his. pressure coefficients are
tabulated as a function of Mach number, angle of attack, asdyme port clock and cone angle:

Cocro=f(Ma,a, & 1) (2.5)

Other geometric constants suehport diameter are also specified.
The force and moment coefficient tables aet up as a function of freestream velocity, Mach
number and total angle of attack:

CA,CFD =f (Vu .M n,aT) (26)

Depending on the flow regime, either velocity or Mach number is used to interpolate into the tables
(Knudsen number may also be usddjese parametersilhbe defined inChapter 3

Theforce and moment coefficiedatabase accounts for the base pressure correction, which is an
adjustment to theoressure andixial force coefficient below Mach 6due tobackshellflowfield
effects The correction is

- & 3
Cpbase= C abase & Miu W M?; (2.7)

where a; =0.0083253 & =0.112933 a, = 1.801004 and as =1.288481* This correction is
sometimes referred to as the Viking basespure correction because the constants are derived from
measurements taken by the Viking entry vehicles.

It is necessary to note the relationship between the surfacengressfficientand the axial force
coefficient. For a blunt body, the axial fercoefficient is approximately equal to the integral of the
pressure coefficient across the surface of the heat shigddcorrections for backshell/base pressure
contributions or

Ca® ﬁSCﬁdS +q base (28)

The implications of this relationship will be discussed further in Chapters 5 and 6.

LAURA surface pressure coefficient solutions near the stagnation region ahareltterized
and are supported by analyticllowfield solutions However, confidence inLAURA solutions
decreasenear the edges of theeat shieldvhere the surface deflectionga increases sharpgnd
no analytical solutions exist. This leads l&wger variancesin CFD surface pressure distribution

" The 1976 Viking entry vehicles were the first, and so far only, capsules equipped with FADS pressure ports on the
backshell. The base pressure adjustment describedvhsderived(though not publishedyom these measuremeriig
R. A. Mitcheltreeof NASA Langley Research Centemnd haglsobeen used for the Pathfinder, MER, and Phoenix entry
vehicles.
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solutions near these arédghus, while there may be relatively low uncertainty in the CFD surface
pressure coefficient at a givgoint, particularly at the stagnation regjaghe uncertainty in the CFD
axial force coefficientwhich is strongly dependent on the surface pressure coefficient distribution per
Eq.(2.8), is significantly higher. The CFD uncertainties will be discussed furth&s.m

2.4 Landing Site

The MSL landing sitewvas determined by the MSL Landing Location Working Grdigm
MARDI data relative to a surface map derived from the High Resolution Imaging Science
Experiment (HIRISE). Note that because the IMU used in the reconstruction process was located on
the descenstage, the altitude at touchdowvas 9.4 m, which is equivalent to the length of the
descent stagtether and the height of the rover. The targeted and measured landing site values are
listed inTable2.4.*’

Table 2.4. MSL targeted and measured landing site

Parameter Targeted Measured
East longitude/ 137.4019 137.4417
Areocentric latituded -4.5965 -4.5895
Radiusr 3391134.0m  3391133.3n
Radius + tether & rover (9.4 m) -- 3391142./m

Landing site uncertainties from radio tracking were unavailable,isa#sumed that the landing
site is known to an accuracy of 150 m in any directidihis assumption may be interpreted
differently depending on the assumed probability distributir. a uniform distribution, 150 m is
interpreted to be the bounds of the interval on which the distribusiororizero For a normal
distribution, 150 m is interpreted to be the standard deviation3s @&ense.See§3.3 for further
discussion of probability distribution§he measured landing site will also be referred to in this work
as the reference landing site.

2.5 Flight Data

Existing orbital assets such as Mars Reconnaissance Orbiter (MRO) enabldzhritgiidth
communications between MSL and Earth tracking statigxtzelerationan the descent stage frame
are shown irFigure2.12, angular rates are shownkigure2.13. Significant EDL events are labeled
to identify causes of change in signal behavior.
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Figure 2.12. Body frame accelerations.
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Figure 2.13. Body frame angular rates.

The MSL IMU data consists of 200 Hz engineering unit accelerat@oasd angular rate
measurementw expressed in the body frame. The data are interpolated to a unified time vector with
0.005 s time intervals using a neasnesighbor technique to satisfy the uniform time step requirement
of the integrator. The onboard navigation computer provides filieceelerations at 64 Hz.
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Figure 2.14. MEADS pressure measurements and priori uncertainties as absolute values and

percentage of observations.

Pressure data were collected at 8 Hz by the MEADS transdael are shown with the
instrument uncertainti&sin Figure2.14. The onboard navigation computer tagged each of the seven
pressure histories with a separate time vector. The pressure measurements are interpolaiee to the
vector associated withort 4 and smoothed using 8int running mean.
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Chapter 3: Elements ofAtmospheric
Entry Navigation

In this chapterthe topics, theories, and defioitis that form the basis afvigationin the context of
trajectory and atmosphere reconstructionemtablishedA brief overview of compressible floand
applications to flush air data systenss first presented. The various coordinate systems and
paraméers that will be used throughout this waake thendefined, followed by an overview of
concepts in probability, statistiemd estimation theory as it pertains to the present work.

3.1 Compressible Flow

This review of compressible flow is intended to previd framework for understanding the
fundamental aspects of entry, descent, and landing. Thorough treatments of compressible flow and
hypersonic flight are provided in Re#9, 50, andmany other textbooks

Compressible flow is anovingfluid that is susceptible to changes in dengityas a funton of
pressurd®, such that

dr= rdP (3.2

where ¢t is a measure of the compressibility of the fluid. Generally, gases have much higher
compressibility than liquids (i.e.fgas> #quia), SO that small changes pressure produce large
changes in densitythus, for compressiblefloBer noul | i 6 s equati on

2
P+1rv° =xonst (3.2

is not applicable Conversely, a theoreticedcompressible flow has constant density, and is useful for
the study of lowspeed vehicles such gliders and those used in general aviation.
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Comparison of flowsnay beaccomplishedisingspeed of sound

_ v
a= \E (3.3

where v is the volume andhe subscripts on the compressibility factor indicatasentropic
compressibility, i.e., the compressipnocessis adiabatic and reversible. From this equations it
evident thatin incompressible fluid may be defined as a fluid in which the speed of apprahches
infinity, that is,in the limit asts approaches zero.

For a calorically perfect gagg. (3.3) may be written as

a= \/g—T) (3.9
r

Using the equation of state = r RT, the speed of sound m#yenbe expressed as
a=.,/gRT (3.5

where g is the ratio of specific heatR s the ideal gas constaf® divided by the molecular weight
W, andT is the local temperature of the fluid in kelvMach number is a measure of veloatythe
flow relative to the local speed of sound:

M1V/a (3.6)

Andersorf® suggests that a flow may be considered compressitdpproximately Mach 0.3 dfrthe
fractional change in densitydr/ 7 is greater than 5%, though these demarcations rase
definitions

In addition to being compressible or incompressidlgd$ in motionmay be categorized into
different regimes based on their velocifyable 3.1 lists the regimes and associated Mach number
ranges. Note that these ranges approximate and there are no waelkefined boundaries or
transitions between the different regimes.

Table 3.1. Approximate fluid velocity regimes

Regime Machrange
Subsonic 0¢M @®.8
Transonic 0.8<M d@.2
Supersonic  1.2<M ¢.0

Hypersonic 5.0<M

Vehicles in entry, descent and landing trajectories pass through all of these velocity regimes, and
therefore must be able to withstand the high heat environments that characterize hypersonic flow.
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3.1.1 Pressure

Pressure is the ratwf aforceto thearea upon whickhatforce is exerted=or example, the force
of atmospheric particles impactiregspacecraft during EDL results in a pressure distribution across
the surface of the heat shiel@he laws of fluid dynamics govern the behavior and chaniatits of
the flow around the vehicle

AtmospherigoressureR; is the pressure of the fluid at a point far from disturbances caused by
the vehicle, and is also referred toaasbient static, or freestreanpressureAtmospheric pressure is
ther esul t of the fAwei ght 0 awiffinitesimally emaltontmoirnvoluméat par t i c
a specified altitudethus,this pressure increases as altitude decreases.

Total or stagnationpressureR is the pressure at the poiot a body in a flomwvhere the fluid
velocity is zeroFor incompressible flowt is the sum of th static and dynamic pressures.

Dynamicpressureq. is, by definition,

G L 1roVa (3.7)

For incompressible flow, thiguantity is exactly the difference between the total and tlaicst
pressurgi.e., R=R .. This is not true for compressible flovgince density isiot constanf®
Despite this lack of physal meaning for compressible flows, dynamic pressure is still used in high
speedlow and may be&ewrittenin a more convenient fornassuming thermally perfect floas

G =1gPM% (3.8)
This is sometimes referred to as the hypersonic dynamic pressure, but again it does not equate to
R-R.
The pessure coefficienCp is a dimensionless quantity often used to describe the pressure at a
point in the fluid. It is defined as

e 'VF;L all flows
- zr
Cpl qulFi :1' 221 1°P2 i (39)
7 a 0 .
A -1 g compressible flov
fomzER T 2

Generally, point 1 is taken to be far upstream, so Fhatr,, andV, are ambient or atmospheric
conditions.Point 2 is the location of interesypically on the surface of the body.

3.1.2 Newtonian Flow Theoryand Flush Air Data Systems

Consider a blunt body in a higipeed, calorically perfect flow, such askigure 3.1. Now
consider goint onthe surface of the body and exposed to the flow, such as a pAd3Sureort. At
theith port the pressure coefficieftom Eq. (3.9) is

" It may be intuitive to imagine a vehicle in motion relative to an essentially stationary atmosphere, asfisitypially
the casebut it is traditional in the study of flight iasteadconsider the fluid in motion around the vehicle.
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Bow shock:

Elliptic
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Hyperbolic
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Figure 3.1. Blunt body in high-speed flow.

Cp,;t h-R (3.10)
O
Solving for R yields
R=aG, +% (3.11)
Substituting Eq(3.8) into Eq.(3.11) yields the equation for the pressurdhetith FADS port
R=1gR M3G; +P. (3.12)

It is informative to examine how this pressumgay be modeled using Newtonian flow
approximationswhich statehatthe pressure coefficierst a point ora surface in a flow field is a
function of the surface deflection angleat t hat poi nt .sineNarddenuatiod’ cl as s
describing this behavior was first published inPiBcipiain 1687:

Cp =2sirf g (3.13

Newtonds attempt t o d,etlooagh ielbgant, is rexact romyr teeslimitsb | e f |
M. - © andg- 1. A more general form of this agtion was imbduced by Lester Le&sn 1955:
Cp = CpmaxSIN° g (3.14)

where Cp max IS the value of the pressure cogént at the stagnation point, i.e., ttegal pressure
coefficient

In the context of flush air data systems, it is useful tdefine the incidence anglg as the
angle between the freestream velocity vedtprand the unit vectonormalto theith portIE., where

“l'n Ander son6s 50pthsfinrdek A t angleds¥( Re f .
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Vs =Vugcosa cosk +sinjtFsin go%E | (3.15)

IE. =cosh.E +sinf COSijZE'iSin /sink (3.16)

andV; is the magnitude of the velocity vect@, is angle attackp is angle of sideslipf; is the
cone angle, andz; is the clock angleof the pressure porfsee 83.2 for definitions of these
parameters}> This is shown irFigure3.2.

= unit vector
normal atf

Figure 3.2. FADS pressure port vectors.

From the definition of the dot producd¥x (]f. ¥.cosg and

COsg = cosacos bcos A sin gin dps +zsin cag SN s (3.17)

Thus, at théth FADS portfor M, >1, the measurebbcal pressuranaybe approximateds
Cp,; =Cp;cOSq (3.18)
R=(R -R)cosqg R (319

where the cosinequared term is defined by H&.17). Note the change frosinesquaredo cosine
squaredwhich arisesrom re-defining the incidence anglk.is useful to rewriteeq. (3.19) as

R= Fggl -Rcogg R (3.20)

whereR is the ratio of static pressure to total pressure (not to be confused with the ideal gas constant)
The ratioR is dependent on the flow regime
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e, il L jﬁ
Te 2 2] 2 o~ ‘1 a
R 1&or)NZ § < +(1g) gforMs >1
rRre Je9TYMe o e 9 a (3.21)
R T o ',.‘i
! %+L1M§ g forMo @
[ C 2 k2

For Mach numbers greater than unRyis described by the Rayleig?itot equation derived from the
normal shock relations and assumes the flow is adiabatic andatherand calorically perfect. For
subsonic flow,R is derived from the compressible continuous-dimeensional flow relations and
assumeshe flow is isentropic (i.e., adiabatic and reversible) aechially and calorically perfect It
will be shown ing84.3.3 at high Mach numbers the raRbecomes constant.

In summary the measured pressure at a FADS port is a function of the atmosphere, vehicle
velocity, windangles, and port location:

R=f(R,/s,TaVaa b:g, i} (3.22)
or, more compactly,
R=f(R,ds,Maa, 4 b, h) (3.23)

where the colon separates the flow variables from the geometidables.
Pruettet al® determined that in the case of a body in a ‘sgled, compressible, steady,
adiabatic flow, neglecting gravitational forces, therefaur independent variables:

F?:f(qllMDla!b i/|7i)‘ (324)

whereagainthe colonseparatethe flow variables from the geometric variabl€sesefour variables
are not unique, however, since Mach number, dynamic pressure, total pressure, and freestream
pressure are related by E¢&8) and(3.21). Thus,in addition to angle of attack and sideslip angle
b, anytwo variables from the s¢R, R g., M | may be estimated simultaneously.

Although Newtonian flow approximationsnay give reasonable estimates of port pressures, in
most casedt is preferential to use modetierived from CFD or windunnel experimentshat are
more representative tiie trajectory and environment

3.2 Coordinate Systemand Parameter Definitions

The state othe vehicle isgenerallydefined relative to &@oordinate systepror reference frame
All reference framessed in this dissertaticare righthanded and orthogonal aade categorized as
either inertial or nosinertial. Inertial frames are homogeneous and isotropic systems in which
Newt onds | aws of buodes maova with ungormvvaldcity demaime at gest until
acted upon by external forces. Inertial frames may either be at rest or move with uniform velocity.
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Nonrinertial reference framesre systems thatindergo acceleration, rotation, nutation, and/or
precessionin either casehree elemets are required to completely defithee coordinate system:

1. Origin. The center of the coordinate system, commonly selected to be at the center of a planet
or other mass.

2. Fundamental planeA two-dimensional plane that passes through the origin andnsah¢o
the+z axis. Common examples are a planetary equator or orbital plane.

3. Fundamental directionDirection of thetx axis Together with the origin and fundamental
planethe fundamental directiomefines the orientation of the coordinate system. Armom
example is the vernal equinox, which is gseendingiode or intersection dhe Earth orbital
plane with respect tthe Earth equator

A fourth element, theeference timer epoch is often used in celestial mechanics where bodies are
always in mabn relative to each other. The epoch is used to define the orientation of the coordinate
system at a point in time, often when it has some physical significanitese cases, it is customary
to say that the cooordimaftweemsddaehtetintoia specifimefor dat e 0
range of timeA common epoch is J2000, which is the Julian daf#0:00 ET (noondf 1 January
2000 CE, or 2451545.0if the reference time is selected so that it varies across some range, then the
frame isnonrinertial.

Reference framaotation in the present work will follothe followingconventiors:

1 Reference fran®areindicatedby nonitalicized acronyms. For examplbe descent stage
reference frame is identified by the acroni@.

1 When used asupeascriptsandpaired witha vectoror component of a vectaheseacronyns
indicatethereferencdrame in which that vector is expressedr examplea®s is the
spacecraft acceleration vectrepresented in the descent stage &&8.

1 When used asubscriptsand paired with the symbaoksy, andz, theseacronyns indicatethe
axes ofthereferencdrame. For exampleXps, Yps, and zps are the axes of the descent
stage framé®S.

1 The components of a threimensional vector in Euclidean spaceiaticatedby the
subscripsx, y, andz. For example, the vecta®® =[a¢>, ay> a,° " are thevehicle
accelerationa expresseih the descent stage frard& whichis in turndescribedy axes
Xps, Yps, and Zps.

1 Transformation®etween reference framareindicated by a matrixtypically C) with two
superscriptseparated by a forward slasthere the right superscript is the starting frame and
the left superscript is the ending frame. For example, the equaltiel® ®5aPS describes

" The Julian date is the number of days elapsed sioorof 1 January 4713 BCE.
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theacceleratiorvectora represented in thgescent stagieameDS, transformed to the
reference framé by the rotation matrixC*'PS,

This notation will be useevhen explicit identification of the frame is required, such as when
different reference frames are being used in a single equatidatudtias where the reference frame
is implied by context or explicitly stated, this notation will be dropped.

3.2.1 Inertial Coordinate Systems

There are three major inertial coordinate systems usedisndissertationthe Mars-centered
Earth mean equat@nd equinoxf J2000 framethe Mars-centered Mars mean equator and prime
meridian of J2000 framend theMars-centered Mars mean equator and prime meridiaig éfame.
The first two are general to Mars EDL missand are thoroughly described Ref. 52. The third
inertial frameis specific to MSL.

Earth Mean Orbit Zene2000

Pole of date J2000
Earth Mean Planet Pole of date J200(

Earth Mean Orbit
ST of date J2000

Earth Mean Equato ; YEMEZOOO

of date J2000

Earth Mean Vernal ¥ Xgpme2000
Equinox of date J2000

Figure 3.3. Mars-centered Earth mean equator and equinox of J2000 fram@&ME2000).

The Marscentered Edh mean equatand equinoxof J2000 framéEME200Q, shown inFigure
3.3, is the frame from which all other inertial Mars frames in thk are described.tldoes not
include anyinformation about the orientation or orbit of Maas it is simply the classical Earh
centered frame translated to the center of MBe +Zzve2000 axis is normal to thdsarth mean
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equator at epoch J2000, theeyea000 axis is parallel to the vernal equinox of the Earth mean orbit at
epoch J2000, and theyemeaaog axis completes the rigiitanced orthogonal coordinate system.

It is necessary to define elements that relate the Mars reference frameEaothhmean equator
and equinoxf J2000 frameausing the nod& and the IAU vectorQ is defined to be the ascending
node of the Mars mean equator of date plane with respect to the Earth mean equator pfad2000
The IAU vector is defined to be the tecthat originates at the center of Mars and points towards the
nodeQ. Thus, the IAU vectois a function of the location of the Mars pole ardd fixedin inertial
spacethough fundamental directionsay be definedvith respect to it at specified epociMote that
the IAU vector may also be defined as the cross product between the EME2000 pole vector and the
Mars pole vector of date.

From these elements, the location of the Mars prime meridian and pole may bieedeBgr
historical convention, lhe Mars prime meridian is defined to be the longitudinal line that passes
through crater Ain0.>% The right ascensior of the prime meridian is the angle between the IAU
vector(of date)and intersction of the prime meridian with the Mars mean equator of daasured
positive Eastward:

/=46 |ty £76. 630 ( 35 (3.25)

where /¢ is the right ascension of the Mars prime meridian of J2000 in degi¢és,the angular
rotation rate of Mars in degrees per day, &nd thenumber of days since the J2000 reference epoch
to date.The location of the Mars pole is describedright ascensiona and declinationd in the
EME2000frame:
a= @ -at. 317.68143 0.1064 (3.26)
d= ¢ ot 52.8865 0.060Q (3.27)

wheret; is the number of Julracenturies since J2000 to datech thatt. = (tdate -2451543 /3652
and tyae IS the re€érence time.

The Marscentered Mars mean equasordprime meridian of J2000 fram@MME2000) is shown
in Figure3.4. The origin of this frame is the center of Mars, the fundamental plane is the Mars mean
equator, and the fundamental direction is the intersection of the fundamental plane with the Mars
prime meridianat J2000i.e., the IAU vector of J2000rhe reference epoch for this frame is J2000
so thatt; =tq 0.
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Thethird inertial coordinate stem is the Marsenteredvlars mean equat@ndprime meridian
of to frame (M) and is shown irFigure 3.5. The origin of this frame is the center of Mars, the
fundamental plane is the Mars mean equator, and the fundamental direction is the intersection of the
fundamental plane with the Mars primeridianat epochty. The reference timéy is defined to bé
minutes(540 s)prior to MSL entry interfaceandcorresponds to a Julian date of 2456145.71033450.
The right ascension of the Mars prime meridian on the Mars mean equator &pdaisis
/ =288.99902397 JPL defines the quaternion describing the transformation EiM&2000to M

as

q

80.16234458063
é

wezo0om _ G0-27379507615
6.0.19169632531
§0.92840347494

(3.29)
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Figure 3.5. Mars-centered Mars mean equator and prime meridian of, frame (M).

3.2.2 Non-Inertial Coordinate Systems

Most observations and aerodynamic parameters are defined relative-itweri@h coordinate
systems fixed to the moving vehicle. The cruise frame, spacecraft frame, descent stage frame, and
rover frame described gR.2.1are examples of neimertial coordinate systems used for MSL.

In classical flight dynamics, it is common to use a frame in which xrexis is pointed towards
the nose of the vehicle, they axis is pointed out of the right wing, and the i pointed down
towards the ground in straight, level flight, completing the figirided orthogonal system. This is
referred to as thbody frame(b), and the relatiordp between this frame and the MSL descent stage
frame is shown ifrigure3.6.

The body frame is simply the descent stage frame rot@@dabout the+yps axis, so that the
body x axis is aligned with the spacecraft axis of symmetry. The transformation matrix from the
descent stage frame to the body frame is therefore

e0 0 1
C”®=80 1 0 (3.29)
&1 00
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A

Figure 3.6. Relationship between MSL descent stage (DS) and body (b) coordinaiestems.

3.2.3 Trajectory Parameters

The trajectory, which consists of theshicle location speed, and orientations typically
described in an inertial fram&he position and velocity are the vectors describing the spacecraft
location in the inertial fram®l shown inFigure3.5:

r=[rk ry rd" X Y 27 (3.30)
valve v vt BV W VT (3.31)
The first three components in E¢8.30) and (3.31) are strictly consistent with the notation scheme
described earlier in this sectiohhe second three components are consistent with how position and
velocity components argypically described in the literature, and will be used for the remainder of

this work.
The attitude of the spacecraft is described by the quaternion

q=aF 6 Eae o (332
where g, denotes the scalar component and the magnitude (scalar nogny fi.e., q'q=1.The
comporents of the quaternion are descrilbgtf
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e zeelsm(q/ ?)
& U Gersin(g/2)
ég U eeg,sm(q/ 2)
é
& 116 cosq/ 3
where E:[a_, e, ]" is the Euler axis about which the angtecompletely describes the rotation of
the rigid body. The quatem may also be expressed as a direction cosine matrix:

- -6 & 2(ae a9)  2ac «g
C=62(mk -6k & & & G+ 2 xg qg+ (339
s2am+ew)  2Aes-aq) 4 & & &
While qudernions are commonly used in computer codes for integration purposessdadgemmon

to express the orientation as Euler angles. The quaternion may be converte@-foset3of Euler
angles, i.e., successive rotations of yaw apgleitch angleg, and roll anglef by

(3.33

garctal I—( G+ P OB)
é;f ¢ 1-2a
g §earcsi 2ua - 25a) (339
é
@/ B Carcta (q4q3+qlozlz)
¢ 12d )

The computer function fatan20 i*Conueoselynthé2-ly used
Euler angles may be converted to quaternions by

4 o Ssinf cost cog- co§f sif sig”
é  Ug
& g ecos— sirg cosf +S|F§ co§ sig”
2% Uecos— cog sno{ sng sief cc-)§
€ U@cos— cod cod+ sig’ sif sig”
The altitude is nominally the difference between the Euclidean norm of the irposigion
vector and the mean equatorial radius of the plRnet

(3.36)

= -R €X° Y& Z+ F (3.37)

3.2.4 Aerodynamic Parameters

Aerodynamic forces, moment coefficients, and wielhtive anglesa and b are shown in
Figure 3.7. In the present work, Mach numbeM. and dynamic pressure. are considered
aerodynamic parametebecause oftheir dependence on vehicle velocity. Definitions for Mach
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number and dynamic pressure are listed in E3)6) and(3.8), respectivelyRefer t083.1 for further
discussion of these parametarshe context oEompressible flow.

v t7,

Figure 3.7. MSL body coordinate system with wind angles and aerodynamic forces and
moments.

The atmosphereelative vehicle velocity in the inertial frame M is
Vo =v W r8 W+ (3.39
where Vs =[u,, W', r andv are the position and velocity vectors from E¢&30) and (3.31),
respectively, andV=[0,0, W where W=7.0882120791 @ rad/sis the Mars rotation rate. If it is
assumed that there are no wind§¥,=[0,0, 0]T and EQq.(3.38) becomes the velocity relative to the
stationay atmosphere,V. =V,qy ¥ W r,; and may be obtained directly from the inertial
navigation solution.

Angle of attacka and sideslip angleb are often referred to as wind angles and describe the
orientation of the atmospherelative velocity:
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tana:VEV -p ta « (3.39
sinb=" L o 4 (3.40)
Va 2 2

whereVs =|V o andu>0.
The velocity components in the body frame may be written in terms of the wind angles:
u=V, cosa cost
v=\; sinb (341
w=V; sing cos £
The total angle of attackt may be written as a function of the wind angles
COsaTt = €0Sa CoS (3.42
The forces and moments shownFigure 3.7 are induced by the vehicle adymamics. They are
the components of the total aerodynamic forces and moments:
F=AF # E¥E
. .. (343
M =IE +j EwE
where A= g is the aftward axial forceN = mg is the upward normal forcey = mg, is the
rightward side force] is the rolling moment (positive rigitand side down)m is the pitching

moment (positive nose up), ands the yawing moment (positive nose right). The vecﬁ)rg, and
IE are the unit vectoralong thex,, Y», and z, axes respectively.

It is convenient to express the forces and moments adin@mnsioml coefficients:
. A . N Y

C L 3.44
Y arvis TV 1 rVAS T L nfes (349
I m n
Gl Gyt 1 34
1r.visc 1 rafSc 1 ¥ .S (349

where r, is the freestream density; is the freestream velocit§is the reference area, aads the
reference length.

3.3 Concepts in Probability and Statistics

Many of the estimation techniques used in this dissertaienformulated on concepts in
probability that are briefly summarized in this sectiofhorough treatments of probability as it
pertains to estimation theory are presented in Réfand21, as well as many other textbooks.
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3.3.1 Functions of Random Variables

Let x be thereatnumber value ofhe result of amxperiment. If the experiment is run many times
and different results are obtainéat each runthen x may be said to be eandom variable The
probability distribution function(also referred to athe cumulative distribution functioor CDF
defines the probabilityer of every possible value of occurring, so that for thgh event that has a
finite number of possible values,

F(x)=Pr(x ¢x) (3.46)
where F(- 9 6 and F(a) =1. For example, if an unweighted siided die were rolled, the

probalility of rolling a particularvalue would beone in six, i.e.,Pr(x;x=1,2,3,4,5,6)=1/¢ The
derivative of theprobability distribution function is th@robability density function

dF(X
Py =" (347)
X
and only exists if the distribution function is differentiable; therefore, the condition
FO=F p(x)dx (3.49)

must be satisfiedl'he term p(X) dx may be thought of as the probabilthatx is in the infinitesimal
interval betweenx and x+ dx The probability density functiqror PDF,is positive real everywhere
and the area under the curve is equal to one:

0¢p(x) @
F(2) =j p(Wdu &

It is common to describe the random variable in terms ah@mentsConsider theunivariate
case where theandom variablex hasa probability density functiorp(x). The firstabsolutemoment
or expectatiorof the random variablis

(3.49)

mE(X) :ﬁ’uxp( 3 d> (3.50)

This is also referred to as tlegpected valuer mean of x. The first central momentE(x- 77), is
zerg and nottypically of interest Thus, an absolute moment is taken about zero and a central
moment is taken about the mean.
In examining second momentonsiderfirst a function of the random variable g(x), where
the value ofy(x) is itselfa random variable. In this case, the expectation is

E[o(9] =3, ¥ 1 ¥ (351)

" The expectation of the random variable is $heplemean according to thetrong law of large numbersvhich states that
as the sample size increashg sample meaalmost surelyconverges to the expectation, Br| lim x, = 4.
n- o



50

The secon@dbsolutenoment ormean squargvaluethen arises as
EGA) = ¥H Y b (352)

The secondcentral moment ovarianceof a random variable is the squared deviation from the
mean:

s? EYx - gﬁ’u(x V() (353
which mayalsobewritten as
s2=E(x) ¢E( g &%) 7 (3.54)

Two common quantities used in statistics arestamdard deviatiorand theroot-meansquare
Thestandard deviatios is simply the square root of the variance and is a measure of the uncertainty
of the random variable. It is amiaularly useful statistic because it has the same units as the variable
X. Therootmeansquareor RMSis defined ashe square root adhe mean squared valug(x®), so
that RMS? = nf +&°. Thus, f the random variable hasa mean ofzero, then the standard deviation
androotmeansquareare equal.

3.3.2 Functions of Random Vectors

Consider thenultivariate casef random variablesg, %, ..., %, . Thejoint probability distribution
functionis

F(xj X %)= P % &y % G ,..x ) (3.55)

Thejoint probability density functiors

n

() =—F—— F(% %, %) (3.56)
4 Po... Xl

X

And again only exists if the joint distribution function is differentialteerefore, the @andition
X
F(xl,xz,...,m)znnp()1,)9,...,}4) dx dx... dy (3.57)

must be satisfiedAs with the univariate casdhe prdoability density function is positive real
everywhere and the area under lilgpersurfacés equal to one.

Consider now the random vectorcontainingn elementsy that arejointly distributed random
variables such thatx =[x, x2,...,>§1]T. Generally, only the first absolute and second central moments
are of interestThe firstabsolutemoment is the vector of the expected values of each elemenbiin

mt E(x) } Xp(x) o (359

such that thé&h element ofm is
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m* E(x) =r'i nr’j n_xnﬂx,&,...,x)dxd%...w (3.59)

The secondentralmomentor covariances defined as

covx)= G Eg(x m(x o g

S EQemf g Eu-Ale hge E(8 Jn A,
:Engz—nz)(xl-q)g Eg(x2 -Zﬁg - E(B  Mrx n),77(3.60)
gngn'”%)(&-ﬂ) gE(% -Hx 2m-g Ex Jmo

The covariance may be compactly written as

es{ g §9 ©€fs S5 ok
e 2 u e 2
G, 225:21 : :sfﬁ H: gzi S 2 S n: 2h (361)
é . . . l:J é- .
&m  So 5H &ns S o255 4
where
21 Ey . @ ;
sPt EYx - ) Zvariance ofx
sy L EZx - m(x% -y gesvariance ofk  anc (362

rijt i zorrelation ofx and
Si §
and the subscripts and j refer to theith row andjth column of the matrix, respectively. The
correlation coefficientr;; describes the linear dependence betwegerand x; and has values
between® 1. If r; =0,then % and x; arelinearly independentf the joint density functiomay be
written as

P(% %)= (%) - B( ¥) (3.6

then x and x; arestatistically independentike the variance in the univariate case, the covariance
describes the uncertaintyxin a statistical sensélote that the covariance matrix is symmetric.

A particularly useful identity of the covariance matrix arises from the linearity assumption. If A is
a matrix that operates o then the covariance ofxAs

CoV(AX)=A GAT (3.64)
This identity will be used i83.4.
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To summarizeéhe relevant momentor a random variable, the expected valuesanid (x - n)z
are the mean and variance, respectively. For a random vector, the expected vatuesdof
(x- m(x - |)1T are the mean and covariance, respectively.

3.3.3 Probability Distributions

Two very common probabilitgistributionswith convenient propess are uniform and normal
distributions A uniform distribution function, as its name implies, assigns the same probability to
every variable in its interval. B andb are the minimum and maximum values of the interval, then
the uniformdistributionfunction is defined by the density function

el
—— fora¢ x @b

p(¥)=1b- a (3.65)
[0 forx<aorx >b

with mean3 (a+b) and variancel (b- a)?. The cumulative uniform distribution function is
0 forx<a

s o] :

X-a
b- a
1

Q

F(X) = fora ¢x b (3.66)

forx2 a

— —)

The probability density and cumulative distribution functions for the uniform distribution are
shown inFigure3.8.

1r —a=‘b=05‘ i 1r ‘
09 —a=b=1 09t
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07+ g 07t
06 g 06
Zos Eos
04t g 04
03 g 03
02 . c A 02t
01t i oil
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S 4 3 2 4 0 1 2z 3 4 s S 4 3 2 a4 o0 1 2z 3 4 s
X X

Figure 3.8. Uniform probability density and cumulative distribution functions.
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The normalor Gaussian distribution functidior a random variable is definedby the density
function

3 1 e (x- /7)2
P(¥) =7(% st_peng g (3.67)

with mean m and variances 2. The normal cumulative distribution function is
1 /2
F(X)= RX) =— dt (3.69
20 n

The probability density and cumulative distribution functions for thevariate normal
distribution are shown iRigure3.9.

L e e

T EFEF F ]

o
a
I
o
W

Figure 3.9. Univariate normal probability density and cumulative distribution functions.

For the multivariate case of the random vegtdhe normal density function takes the form

p(x) = expg —(x m) Y6 (3.69)
\/det

with mean m and covarianceG,. No closedform solution exists for the multivariate normal
cumulative distribution.

It is common tadescribethe probability of an everats beingwithin a certain number of standard
deviationsfrom the meansuch asls, 2s, or 3s. Given a distribution, being withifs is defined
to be

F(mk § -F( nk )srfkksspm dx (3.70)
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To illustrate this, consider the normal distributi®ubstituting Eq(3.68) into the lefthand side of
Eq.(3.70) and assuming a mean of zend standard deviation of ogields
Prim 2s & ¢n+)sFR) F(-2) 0.972 (@ 0.9772) 0.95 (3.7))

Thus, for a univariate normal distributiorthe probability of a variable being within two standard
deviations of the mean is apgnmately 95%.Table3.2 lists the probabilities of being withiks for
1-, 2-, 3-, and4-dimensional spaces.

Table 3.2. Probability values for multiple variables with normal distributions.

Number of
Variables k=1 k=2 k=3
1 0.6827 0.%45 0.997
2 0.38B5 0.8647 0.989
3 0.1987 0.7385 0.9707
4 0.0902 0.5940 0.9389

The table indicates that the probability of being withkin decreases dramatically as the number
of variables increases$:or example, for a univariate problem, there is slightly more thag%a
probability that the random variable will be inside tBe ellipse When the number of variables
increases to three, the probability of all three variabl@ésgbi@side the2s hypersphere reduces to
justover5%.

3.4 Statistics and Estimation Theory

This section is intended to provide the background to the statistical techniques used in some
trajectory reconstruction methods. This overvieswby no means exhaustive, and a thorough
treatment of estimation theory, state and parameter estimation techniques, and statistics is provided in
Refs.20, 21, and many other textboaks

Estimation theory is the field of study in which estimatea sét of state variablesedetermined
from measurements containingndom components (i.e., a noisy sign@e quality of theestimates
aredependent on the amount of noise in the measurements, the accuracy of the models that represent
the physical processes present in the measurements, and the optimality of theoastéohtiique.

For the purposes of this dissertation, the terms parameter estimation, state estimation, and filtering are
synonymous and will be used interchangeably.

Systems may be described deterministicor stochastic A deterministicor nonprobabilstic
system behaves in a predictable manner and contains no random el€neisa set of inputs,
analysis of a deterministic system, or use of a deterministic process, will always result in the same
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outcome. A stochastiar probabilisticsystem behavdaa a manner dependent on both préealite and
random processes. In generdhe behavior of stochastic systems must be estimated using
mathematical models of their predicted behavior, while also taking into account the uncertainties
associated with the rdom elementsi stochastic processay also beeferred to aprobabilistic.

One of the most widelysed methods of estimationleast squareswhich will be the focus of
the following twosectiors.

3.4.1 Least Squares Estimation

The method of least squarssa statistical regression technique of finding solutions to an over
determined systed{? Legendre and Adrain published independent formulations for least squares in
1805 and 1808, resptively, thoughcredit istypically given to Gauss who developedai early as
1795 but did not publish until 18069.

The method of least squargssumes that the measurements take the form

J=Ak € (3.72

where A is the sensitivity matrix relating the estimated state paran'Elter$he observationg and
e is the vector containing the random measurement efwonsoise)with eg= (and Gy =E£(U 0.
These are referred to as thieservation equations
Statistical estirators attempt to select an estimate that minimizes some cost function. In the case
of least squares, this cost function is

Jis? %eT (3.73

Solving Eq.(3.72) for e and substituting into Eq3.73), the cost functionl dr oppi ng t he
notation)becomes

_1. Tro = 1/ 1. o7 =T A TK
J—E(y AX) (§ AxXE —Z%y g 2yiAx A4 x) (3.74)

Thus, the goal is find the estimat&sthat minimizeJ using the observationg . To find the global
minimum, two conditions must be met. From matrix calculus, the Jacobian provides the necessary
condition:

e g
€ U
e u .
Pgl 16 i UATAE ATy 0 (3.75
e u
L
eukn 0

The Hessian provides the sufficient condition:
2

J
Pz 1

= uExE

ATA must be positive definit (3.76)



56

Solving Eq.(3.75) yields
ATAL=ATY (3.77)
which are commonly referred to as th@mal equationsFrom matrix calculus inaybe shown that

ATA is always positive sentlefinite. If A is of full rank thenATA is positive definite and therefore
invertible, which yieldghe chssical least squares estimator

£=(ATA) ATy (3.79)
with covariance
Ge :(ATA)'l (3.79

In the specialcase wkere the errors are uncorrelatbédyve zero mearandhaveequal variances
(i.e., are homoscedastidhe least squares estimator provides the best linear unbiased estimates
meaning that the estimates have lower variances than anylingegestimator This is known as the
GaussMarkov theorent?

When information regarding the confidence in the parameters is known, a weighting matrix W
maybeintroduced W must be positive definitén this case, the cost function becomes

J :%(y AD WLy Ax) (3.80)
leading to the weightel@ast squaresstimator
o -1
E:(ATWA) AWy (3.81)
with covariance
-1
Ge :(ATWA) (3.82)

3.4.2 Minimum Variance Estimation

Minimum variance estimation isragorous, statistical extension of the least squares estimator that
has avariance less than or equal to any other unbiased esfitititéffers from least squares in that
information regarding the measurement uncertainty is introduced into the estiavadodoes not
assume diagonal weightinghe batch lirear, unbiased mimum variancestimator is

£= (AT @A)'lA T g (3.83)

where ¥ is the vector of observations, A is the sensitivilly information matrix and G is the
measurement covariancehe covariancef the estimatés

G {AT &) (3.84)
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Note that the minimum variance estimator is identical to the batch weighted linear least squares
estimator Eq. (3.81), if the weighting matrixW is defined as the inverse of tmeasurement
covarianceG.

The minimum variance estimatonay take into accounprior or a priori knowledgeof the
parameterand prevent the solution from diverging from the expected values. The minimum variance
estimator witha priori is

o -1

£= (AT aa + #,9‘, (A TG ]Fsg (3.85)
where G,, is the covariance associated with ¢hpriori state estimatem Note the limiting cases: (1)
if the a priori knowledge is poor, the@, - 0 and the solution reduces to tweighted least squares

estimate W= @), and (2) if the measurement knowledge is poor, t6gh - 0 and the solution
reducedo ¥, =m The covariance of the final estimate is

Ge {AT & J;}n)isl (3.86)

Compare this covariance with that Eq. (3.84), which does not includa priori information. The
inclusion of G, in Eq.(3.86) ensures that the minimum variance watipriori covariance is always
smaller than withoud priori.

With nontlinear problems, it is advantageous uee differential correction to incrementally
updatethe solution by using prior estimat@as The minimum variance estimator, when combined
with a priori and differential corrections

Df AT & A)G(AT Le Dim G (3.87)

where Dy is the vector of the differenséetween observed and conta data, andg.; = XE + xR
provides the state estimation update. The covariance of the final estimate is the same as in the case of
minimum variance witta priori, Eq.(3.86).
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Chapter 4: Recorstruction Techniques

In this chapter various trajectory and atmosphere reconstruction techniques are presented. These
techniques are the foundation of the methods developed in Chapter 5 that address the Principal Issues
outlined in Chapter 1.

4.1 Classical Reconstruction Techniges

There exist some reconstruction techniques that require only observations from an inertial
measurement unit to produce solutions for some trajectory and atmosphere parahhetses
techniques are deterministic and have been applied to almost albmeigbat require poslight
trajectory reconstruction.

4.1.1 Inertial Navigation

Inertial navigabn is a deterministictrajectory reconstruction techniqtieat uses data from the
inertial measurement unit to determine tiedicle position and velocityn an irertial frame For this
type of reconstruction, thenly required data arhe sensedccelerationst and angular rotation rates
w from onboard accelerometers and gyroscopes, respeciagelyell as estimas of the initial state
conditions®

The inertial navigation process requires that acceleratibtise center of madse integrated in
the state equationgather than the sensed accelerations. A transformation must therefore be made to
account for accelerations due to angular motion of the vehicle by first computing the vector from the
center of mass to the IMU:

Dre #&w ru 4.1)

The computed center of mass body accelerations are then
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aly =3 Qv 3D WA W rc)? (4.2)

where a” and W are the sensed body accel@matand angular rate vectors, respectivelyd D is
assumed to be zero

At a given time the vehicle statemay be expressed in an inertial frame as a function of nine
parameters:

x=8X,Y,ZV N, G, G, e (4.3)

where the Euler angles represent-2Brotation. It is convenient in inertial navigationrepresent
the Euler angles as quaternions for integration purposes, as (8.82. The rate of change of the
guaternion is integrated, given an initiditatde, to obtain the quaternion history using the differential
equations

¢h & Ok -G % .0
% Y1 M
¢kl % %% g (4.4)
e U2 -¢ aq G ;. U
é. u e gvA
& a0 @6 & 1]

where g, denotes the scalar componenhe vehicle orientatiomistory, often expressed as-31
Euler angles, may then be obtained from the quaternions. The quader@aronverted tdirection
cosine matrices CM? using Eq. (3.34), which is in turn used to transform the body frame
accelerations to the inertial frarive
M=oy (4.5)
The position and velocity equations dawinmoti on

an inertial frame:

f=v

v=a g (4.6)
where the acceleratiomsarethe inertial accelerationa" from Eq.(4.5). It is necessary to compute
the acceleration due to gravitybecause accelerometers wiat measure gravitational acceleration;
that is, if an accelerometer were in fifal on Earth, it wouldmeasure zero, n@.81 m/$. The
acceleration due to gravity is modeled up to the second spherical haimthr@dnertial frameév as



60

e 3 s 2 fi 0
é X 332?2? 5-13'18
é 2rz 1 oy 9
eox 8 ¢ :
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2 me a3,RRE 2 B 0O
g=50v (F5é Y 22 }5 ; bilg A.7)
89z H 2 . ¢ y =
é a S 2 g f
&BRRPEZ 1 2R
s e f oy ¢

whereRis the Mars mean equatorial radius anet|r| =/X? ¥ Z%.

4.1.2 Atmosphere Reconstruction

Atmosphere reconstruction is the recovery of atmospheric density, pressure, and temperature
along the trajecty of the entry vehicle from the vehicle trajectory and sensed acceler@tien
classical approach assumes that the atmosphdrehaves as aiteal gas and is in hydrostatic
equilibrium.

From the axial force equatiom Eq. (3.44), atmospheric density along the flight path is
proportional to the axial acceleratiqrecall from Figure 3.7 that a positive axial force is by
conventionoppositein sign of a positive axial acceleratiomthe body framg

— ma,

Ca= %TVES (4.8)
wherem is the vehicle massC, is the axial force coefficierknown from preflight CFD, andSis
the vehicle aerodyamic reference area, all of which are knoavipriori. The variableV, is the
velocity of the entry vehicle relative to the atmosphere assuming no winds and is obtained from
trajectory reconstructiornThe variableay is the vehicle acceleration along the baelxis expressed
in the body frame, obtained fromloward accelerometers.

Eq. (4.8) maybe rearranged to solve for density:

ro= —2M3 (4.9)

Vi CA Sef
Recall from82.3 that C, from CFD is usually obtained using Mach number agahle look-up
parameter. As will be shown in the following equations, Mach number magdated using the ratio
of freestream pressure to density (or freestream temperature). This updated Mbehisuhen used
to recomputedensity, and the entire process is iterated until convergence.

Freestreamtenospheric pressure is computed by assgrtiirat the atmosphere is in hydrostatic
equilibrium, meaning that the fluid is stationary and the pressure at any given altitude is due to the
weight of the fluid above that altitud€he hydrostatic equatiodR = -gr odt is integrated to olatin
the freestream pressure along the flight path:
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R =R -ﬁ“’ gr odh (4.10)

where R is the freestream pressure at initial altitugbe h is the altitude h=r -, and r, is the
density computed from E4.9). Eq. (4.10) is written as ariculer discretization schenud the form

Rk =Paka -O w(h ko) (4.11)

to compute freestream pressungnerek is the currentime step” The acceleration due to gravity in

the direction normal to the surfaag,is approximated byg = n/rz. The initial freestream pressure

R is obtained from a mesoscale model and has an assumed error of 1086 manal sense.
Atmospheric temperature is obtained from the gas equation of stdtr the ideal gas law

assumption

_MR

"R/,

Ta

(4.12)

whereM is the molar mass of the Mars atmosphere, 0.04401 kgamelihing mixed conditions),
andRis the universal gas constant, 8.3144624 J#nol

Two parameters of interest in this analysis that are derived from the atmosphere and IMU are
Mach number and dynamic pressure. Mach number is computed using the freegtresphere
relative velocity and the ratio of freestream pressure to density (which is essentially normalized
freestream temperature)

Mo = ——o (413

JoR/ &
where the ratio of specific heats is 1.335.As discussed, this Mach number is then used to recover
an updated CFD axial force coefficient, and Eg9) to (4.13) are recomputedand iterated until
Mach numier has converged.
Dynamic pressure is computed from the freestream density and velocity, ag3tVEqQ.

G =17 V% (4.14)
In summary reconstruction of atmospheric parameters depends on axial accelerations and planet

relative velocityand altitude from the inertial navigation reconstructibhis dependence and the
flow of dataareillustrated inFigure4.1.
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Figure 4.1. Diagram of inertial navigation and atmosphere reconstructiorprocess Rounded
blocks are outputs

4.1.3 Trajectory Integration Scheme

A numerical thregoint predictorcorrector integration scheme by Hamnifhgasimplemented
by Hut to integrate the IMU data and obtain the vehicle state history. The predictor is described by
the equation

Ve = A% *A%a1 BY¥ 2 £ BY Byi. By) (4.15)

wherek is the current time stefX is the change itime between stepsy is the time derivative of
the functiony, and
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Bo=21(23 HBA 44)
Bi=35( 16 8A 16A) (4.16)

and A and A are arbitrary constants whery =1 -A A. For the present workA = 0.5 and
A =0.5.
Each integration step is then updated by the corrector, which is described by the equation

V=oM% %1 B¥% o & (Diyi1.by Byt Byy (4.17)
where
bh..1=9 -a
=19 4% & (4.18)
b= 5 1 3%
=1 -a 8a&

and & and a, are arbitrary constants whem® =1 -a &. In the present worka, = 0.5 and
a, =0.5.

4.1.4 MSL Initial Conditions

Integration of the IMU data requires initial conditions for each of the nine state paramdigrs in
(4.3). For EDL operations, the initial position and velocity are obtained from radio tracking and the
initial orientation istypically obtained from star tracker mapping. Initial statesgaeerallyupdated
as late as possible before entfhe INSTAR pre@ess also requires the corresponding covariance,
which supplies the uncertainties associated with the initial conditions and any correlations that may
exist between the state variables

For MSL, the best estimateof the position and velocity componeraee at t,- 10 s. The
orientation at this time is determined separately by integrating the body rates backwardg, from
starting with the orientation estimatetgtised by the onboard navigai computer. An uncorrelated
error of 0.1° in a normaBs sense is assumed for each initial Euler angle since flight values are
unavailable®

Table4.1 andTable4.2 list the initial conditions and the corresponding radio tracking navigation
orientation covariance matrix (including the standard deviations from the covariance diagonals) in the
Marscenterd Mars mean equator of datg (M) coordinate system. The timing uncertainty is
assumed to be negligible, i.e., it is assumed that this state occurs at prigeid€s

" Martin-Mur, Tomas (2012) personalcorrespondence obctober 8th, MSL Navigation Team Chief, Jet Propulsion

 Laboratory, Pasadena, CA.

A Way, David (2012) personalcorrespondence dDctober18th, Aerospace Engineer, NASA Langley Research Center,
Hampton, VA.
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Table 4.1. MSL initial stateconditions in M frame

Parameter  Units Value 1s

f; s -10
X; m -8.969338E+04 6.05
Y m 5.080899E+06 6.59
Z; m -9.912496E+04 18.01
Vi m/s -3.983226E+03 0.01
Wy i m/s -3.685550E+03 0.01
Vz m/s -2.792490E+02 0.01
gx,i deg -156.131612 0.03
Qi deg -65.942677 0.03
Gz.i deg -157.699118 0.03

Table 4.2. MSL initial statecondition covariance in M frame (position in meters, velocity in
meters per secondand orientation in radians).

X Y Z Vx,i Wi Vz, gx.i Qi Gz
X 36.63667 -12.9565 65.17529 0.003463 0.00153 -0.01582 0 0 0
Y, -12.9567 43.39473 56.56523 0.007566 0.02034 -0.01220 0 0 0
Zi 65.17529 56.56523 324.3399 -0.00030 0.02778 -0.06416 0 0 0
Vx i 0.003463 0.007566 -0.00030 4.62E05 1.36e06 2.81E07 0 0 0
W i 0.001549 0.020342 0.027783 1.36E06 4.97E05 -6.3E06 0 0 0
Vz i -0.01582 -0.01220 -0.06416 2.81E07 -6.3606 6.13E05 0 0 0
gx.i 0 0 0 0 0 0 3.38E7 0 0
Qi 0 0 0 0 0 0 0 3.38E7 0
Gz, 0 0 0 0 0 0 0 0 3.38E7

The initial conditions and covariance shownTiable 4.1 and Table 4.2 have beernransformed
from the Earth mean equator and equinox of J2000 frame (EME2000)bftiaene as described in
83.2

o g s EME2000
ef;j (3
évl 4 =CMWEemEo00 ¢ (4.19
evia a
R T
Gw(riM VII\/I) ~CM/EME2000 rG(ﬁEMEzOOO,Vi EMEZOOj &C M/EMEZOOOE (4.20)

The quaternions from the MSL navigation computer give the transformation from EME2000 to the
descent stage frame. The transformation fromvtifeame to the descent stage fraimebtained from

N T
CDS/M — CDS/EMEZOOOSC M/EME2000 E (421)

where CPS/EME200C iq the quatarion from the navigation computer transformed to a direction cosine
matrix.
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The vehicle mass was 3152.5 kg at entry (540 s
maneuver (780 s), or SUFR, when the vehicle ejected ballast masses to shkiftténef gravity back
to the centerline, making the vehicle ballistic in preparation for chute deploy. The mass is linearly
interpolated between these two times. The vehicle mass is assumed to have an error of I&kg in a
normalsense. The entry vehicle reference area is modeled as a circle of diameter 4.519 m.

4.1.5 MSL Nominal Trajectory and Atmosphere

The method of inertial navigation and atmosphere reconstrumtitined inFigure4.1 is applied
to the asdeliveredMSL IMU observationdrom Figure 2.12 and Figure 2.13 and initial conditions
from Table4lt o obtain the Anominal dé trajectory and
following section, it is this nominal case that will be randomly dispersed in the INSTAR process
using thea priori uncertainties praded by JPL irTable4.2.

The nominal trajectorys shown in the next series of figurdsigure 4.2 shows the position
history, Figure 4.3 shows the velocity histonigure 4.4 shows thequaternionhistory, Figure 4.5
shows the planetlative wind angle history, arfeigure4.6 shows the atmosphere profile.
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Figure 4.2. Nominal position in M frame from JPL initial conditions.
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Figure 4.3. Nominal velocity in M frame from JPL initial conditions.
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Figure 4.4. Nominal quaternionsin M frame from JPL initial conditions.
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Figure 4.5. Nominal planetrelative wind angles in M frame from JPL initial conditions.

|

p,, (kg/m’)
(]
T
|

600 620 640 660 680 700 720 740 760 780

200

100 - T

600 620 640 660 680 700 720 740 760 780

200

150 I I I I I I I I
600 620 640 660 680 700 720 740 760 780

time (s)

Figure 4.6. Nominal atmosphere from JPL initial conditions.
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Table 4.3 lists the differences in the components and vector madmibetween the nominal
landing site (i.e., the final computed position) and the reference landing site Tiabie 2.4.
Immediately itmay be seen that the computeshtling site isnearly a kilometer away from the
observed landing site.

Table 4.3. Comparison of nominal trajectory landing site to reference landing site.

Difference from

Component reference landing sit@n)
X -522.614
Y 502.595
Zz 572.713
Magnitude 923.974

It will be shown in the following section that using the INSTAR process with landing site
location substantially improves this difference.

4.2 Inertial Navigation Statistical Trajectory and Atmosphere
Reconstruction

As previously stated, inertial navigatidacks the advantages of statistical techniques such as
Kalman filters in thatit cannot utilize redundant data types (pressure, altimetry, etc.), and solution
uncertainties cannot be ditty computedTo address this issue naethod has been developéthat
utilizes the inertial navigation approach to trajectory reconstruction as a framework to consider of
available redundant observations and generate statities.process, called InertidNavigation
Statistical Trajectory and Atmosphere Reconstruction (INSTABgs nouse aerodynamic, control,
or noise models, though models such as the hydrostatic equation are used in the classical approach to
atmosphere reconstruction. It also requinesassumptions regarding the linearity of the problem.
Statistics such as standard deviations and distribution functions are obtainedviositeg Carlo
dispersion techniquesvhich are a class of computational algorithms in which simulation parameters
are randomized (or dispersed), resulting in a large number of different softftions.

A particular advantage ofthe INSTAR approach is thait permits arbitrary probability
distributionson parameterto be specifiedr estimated throughotihe process. Themiplications of
this flexibility and an analysis of the solutions in the probability space will be discus€bdjter 5

" Although this algorithm is nearly identical to that used aboard the MSL entry vehicle, the positiortelmingl descent
and landingvas updated in redime using radar data beginning at 837 s.
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It is important to notehatMonte Carlotechniques do not providkei be st esti mateo p
rather providethe probabilitythat a solution may occurTo quote Metropolis andJlam, et he
estimate will never be confined within given limits of certainty, but érifythe number of trialds
grea® with great probabilityy®’

There arethreBt ypeso of trajectories used in the | NST

1 Reference trajectorylhe trajectory generated using the best estimates of the initial
conditions prior to introducingedundant data. In the context of INSTAR, this corresponds to
the trajectory generated using the initial conditions provided by the Jet Propulsion
Laboratory. The reference trajectory does not change between iterations.

1 Nominal trajectory The trajectory ad initial conditions that are dispersed using the statistics.
For the first iteration, the nominal trajectory is the reference trajectory. For subsequent
iterations, this trajectory is updated using mean initial conditions of the valid trajectories from
the previous iteration.

1 Dispersed trajectoryThe dispersed trajectories and initial conditions that are generated from
the nominal trajectory. The dispersed trajectories that do not satisfy the redundant data are
discarded. The remaining trajectories thetisfy the redundant data are then used to generate
statistics and the new nominal trajectory for the next iteration.

In the INSTAR procesthe initial state conditions (position, velocity, and orientatiam) IMU
errorparameters (scale factors, bigsand misalignments) are disperged Monte Carlo sense using
uncertainties provided by the mission radio tracking team and the IMU manufa&ger these
dispersed initial conditionshé observed IMU accelerations aadgularrates are integratedsng
inertial navigationto obtain a set of dispersed reconstructed trajectobesgpersed atmosphere
profiles are obtained from the trajectory and an initial atmospheric state. Redundant data are
introduced to constr ai n ctones td thasevthas satisfe thetobservatioa d i s |
uncertainties. For example, the landing site observation may be used to constrain the final position,
and any trajectory that terminates outside of the landing site uncertainty sphere is discarded. Updated
trajectoryand atmosphere statistics are then obtained from this subset of trajectories and atmospheres
by computing the standard deviations of the dispersions, and used to begin the next iteration. The
process is considered converged when at lea5¥98ftre di spersed trajectories

A flowchart of the INSTAR process is shown kiigure 4.7. Here, theboldedblocks represent
Monte Carlo random dispersions, or solutions resulting from the random dispeisdaghat the
dashed box is exactly the classical inertial navigation and atmosphere reconstruction prigess in
4.1, except for the Monte Carlo random dispersiofise dispersions of the IMU error parameters,
initial state, and the CFD axial force coefficients result in dispersed solutions for the state and
atmosphere. Statisticseaobtained from the solution dispersions in the form of standard deviations
and distribution functionsThus, the INSTAR methodnable the inclusion of redundant data types
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as well as a statistical approach to estimating parameter uncertainties| bgtstiie framework of
inertial navigation.
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Figure 4.7. Diagram of INSTAR process. Bolded blocks represent Monte Carlo dispersions,
rounded blocks are outputs.
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The INSTAR process may be summarized mfthllowing steps

1. Disperse the initial state conditions and IMtdorparameters (accelerat®mandangularate
biases, scale factors, and misalignments) withiori statistics

2. Integrate IMU data using these initial conditions to obtain a dispeetauf trajectories

3. Update initial conditions, IMU error parameters, and statisisasg the subset of solutions
that satisfy the redundant data.

4. Reconstruct atmosphere profiles and statistics from the valid set of trajectories.

5. lterate steps-4 with the updated sets of initiabnditions IMU errors, and statistics until
convergenceriteria are met

4.2.1 Trajectory Dispersion and Recovery of Statistics

Dispersion of the nominal trajectory is achieved by utilizing the initial condition covariance. The
a priori covarianceprovided by JPL and listed ifiable 4.2 is used for the first iteration. For
subsequent iterations, this covariance is updaséug the valid trajecties, i.e., the trajectories that
satisfy the redundant data. This section will describe how trajectories are dispersed using statistics,
and how the statistics are recovered from the dispersions.

Let x be a state vector of lengtin with meanm, andcovarianceG, andN be the number of
dispersionslf the eigenvectors ofG, arearranged in afim?® nj arrayV and theeigenvaluesred,
thens =+/d. Lety be an[m3 N] array of normally distributed random numbers with megnand
variances?, i.e.,

y~N (rm §) (4.22)

The dispersed random state vectors are then

x=Vy (4.23
where the arembellishmenindicates a dispersion arxl is an[m3 N] array. Thus, correlations
betweerparameters are considered in the dispersions.

The process of recovering statistics from the dispersed trajectories is more straightforward. The
mean set of initial conditions and IMU error parametays are computed from the pool of valid
trajectories. The differences between the dispersed states and the mean is then computed

D=x 1m (4.29)
where x is an[m® N array of the random states arranged ifNacolumns,and m, is the mean
vectorrepeatednto N columns The covariances, is then

G %DTD (4.25)

Statistics irthe form of standard deviations may therob&ined from this covariance (s&&3).
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4.2.2 Hardware and Software Considerations

Using Monte Carlotechniqueshecessitascareful design of th&ajectory generation process so
that the time required to generate solutions does not become unmandgeabl@mple, saving one
second per trajectory integratiomay save over 16 minutds processing timahen integrating 1,00
trajectories depending on the computdro achievea compromisebetween integration speed and
accuracy the fixed-step threepoint predictorcorrector integration method wasprogrammet in
Fortran90 and run using a MATLAB® wrappdvlulti-core processing wasnplemented with
OpenMm®, an opersource programming library that interfaces with multiple programming
languagesincluding Fortrarr?

The primary computer used to compile and execute the INS3&#Rvarefor this dissertation
was & HP® Z400 Workstation running Microsoft Windows® 7 Service Pack 1 with an Intel®
Xeon® W3680 hexacore CPUclockedat 3.33 GHz.Though integraon times vary due to many
factorssuch as operating system loadsO00 trajectories may be integrated in approximatety
minutes Reconstruction of the atmosphere is significantly more -tiovesuming because the
atmosphere reconstruction progrdwesnot take advantage of multbre processingrable 4.4 lists
the approximate times required to run reconstructions with various numbers of Monte Carlo
dispersion.

Table 4.4. Approximate times to run various reconstructions

Number of Trajectory Atmosphere MEADS
trajectories reconstruction reconstruction statistical solver
1 059s 10s 40's
1,000 2min(120s) 45min (2616 s) 8 hrs

5,000 9 min (533 s) - -
10,000 17 min(1042s) - -
50,000  84min (5016 s) -- -

With the exception of the inertial navigation integrator, all of the scripts and functions used to
implement the technigues and methods in this dissertation were programnidathWorks®
MATLAB ® version 7.5.0.342 (R2007b).

" Writing results to the hard disk is a significant berigtck when dealing with thousands of trajectories, each with solution
profiles that must be saved ASCII plain text Improvements in write times may be improved by using a solid state
drive, but for this application, only the first and final values i@htime and time at landing) were saved.
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4.2.3 Landing Site in INSTAR

The INSTAR process outlined in the preceding sections is applied to the MSL EDL sequence
using the observed landing site as the redundantyaaFor this analysishe nineinitial conditions
and fifteen IMU errors are dispersed in a Monte Carlo seriee a total of 50,000 dispersed
trajectoriesFor this analysis a normal distribution is assumed for the initial condition dispersions and
a uniform distribution is assumed for the landing, sitthough the flexibility of INSTAR permits any
form of distrbution function

The landing site dispersions relative to the reference landing site are shéwgur@4.8 in the
landing site measurement space (East longituéecantric latitude, and radius) but are computed in
the nortrinertial Mars-centered Marfixed (MCMF) frame The final computedposition(denoted by
the subscripf), which is described in the Macgntered Mars mean equator and prime merididg of

frame, is converted to thRdCMF frame by

r%\/ICMF — CMCMF/Mr 'fVI (426)
wherethe direction cosine matrix€¥“™”™ describes gositive rotation abouthe planetary spin
axis’®

gcosg sing O

CMCMF’M:g-sinq cosg 0O (4.27)
E0 0 1

and the angley is the amount the planet has rotatiediing the time that has elapdeetweent, and
the landing tire (972 s) or g= W Thus, both precession and nutation is neglected for this
transformationThough not used to constrain the solutions,vhlgicle velocity in theICMF frame
may be computed &s
vMEME =My 1 (4.28)
whereW=[0,0, W and W=7.0882120791 O rad/sis the Mars rotation rate.
The landing site measurement is convertetthéosamdVICMF frameby

Xf,ref =T ref cosds ref cos f ref

Yt ref = It ref COSO ref SIN £ ref (4.29

Zf,ref =TI ,refSindf ref

where the declinatio@’ and the longitudd are fromTable2.4. The differences are then
DX =X X ref
DY =Y ¥ ref (4.30
DZ =Z Zf re

Note that the landing site location differenceg tise convention computéceference(where the
reference site is froriable 2.4), so that the reference landing site location is subtracted from the



dispersed locations. Thus, a negative radius difference means that a dispersed landing site is

physically below the referee landing site

The computed landing site is converted to the MCMF measurement space in polar coordinates by

first computing the longitude

In Figure 4.8, the nominal landing site is from the trajectory with no dispersed initial conditions

/= a- 14
where the right ascensioa is a=tan Y™/ XM and Wt describes the location of thgime
meridian.The radius is unchangethe latitude is then

d=tan

1

M

oM 2 2
J&x" v

4
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31)

32)

or IMU errors, that is, the landing site corresponding to the trajectory obthim@dthe initial
conditions inTable 4.1. I n
replacing these initial conditions with the meaitiéh conditions and IMU errors obtained from the

valid trajectories.
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The process described here is nearly identical to that in2Rebut all IMU errors are dispersed,
rather than just acceleration biasesin that studyThe reslt is that the dispersions for this first
iteration are much mor e s pr e apdeaddaruradids ieetwveem s s t
7,000 m and +5,000 mhe spread in East longitude is approximate®000 m, and the spread in
areocentric latude isbetween-7,000 m and +5,000 nThe high correlation between radius and
longitude is governegrimarily by the entry flight path angl@he distance from the nominal landing
site to the reference landing site is approximately/rddseeTable4.3). The difference computed by
the MSL navigation computer was smaller in radius because altimetry data was used to update the
position and velocity in redlme during teminal descent.

The INSTAR process is continued by selecting those trajectories that satisfy the observation of
the reference landing sitecertainty of150 m Assuming a uniform distribution in the landing site
space,any trajectories that lie within a sphere centered at the landing sheradius 150 m are
candidates.

There are38 trajectories that fall withirthis sphereof uncertainty Therefore, of the G000
trajectory cases38 are used for the calculation diet statistics. Increasing the initial sample size
would aid in populatinghe candidate samples and provide a better estimation of the statistics, but the
current sample is sufficient. The mean of the initial conditionsl&idl errors of those trajectories
that fall within the sphere become the initial
the computedstandard deviations from these dispersimsult in a new covariance with which to
disperse the new initial conditions aldU errors These updated initial conditions and covariance
associated with the new updated initial conditions are used to repeat the INSTAR process until
convergence of thpercentage of valid cases (selected to hB%8 Subsequent iterations use 1,000
trajectoriesto save processing time in atmosphere and MEADS reconstructions. Convergence was
achieved in six iterations.

Figure 4.9 shows the1,000 new dispersed trajectorider this final INSTAR iteration
Immediately, the significantly smaller distribution space is evident. The landing sites are now spread
across only 200 meters in any direction from the reference landindrsita.the validtrajectories,
initial conditions lave been determined such that integrating the acceleration and rate measurements
provide a close hit (withinen meterg with the reference landing site. In addition, the covariance is
available at any time along the trajectory.

he

(
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Figure 4.9. Landing site dispersions, end dfinal iteration, MCMF of landing time frame.

Atmosphere reconstructions as describegii.2are carried out using the valid trajectories from
the final iteration. Uncertainties are obtained from the standard deviations of the dispersions along the
trajectories.

Table 4.5. Convergence history of INFAR process.

| . No. of No. of valid  Percentage of Mean distance to
teration . . : . . . . . .
Trajectories trajectories valid trajectories reference landing sitgn)

0 50,000 38 0.08% 923.974

1 1,000 822 82.20% 18.156

2 1,000 935 93.50% 13.230

3 1,000 948 94.80% 11.609

4 1,000 971 97.10% 10.409

5 1,000 978 97.80% 10.213

6 1,000 985 98.50% 9.371

Finally, it isinformative to examine the convergence history of the INSTAR procCEabkle4.5
lists the numerical values for the number of valid trajectories, as well as the mean distance to the
landing site for each INSTAR iteratiolhe marked improvement between the zeroth anst fir
iterations is apparent, as the landing site diffezdmas decreased from 924 nil&m.
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4.3 Flush Air Data System Parameter Estimation

FADS-based reconstruction methods utilizgessure measurements combined WERD
pressures, wind tunnel data, and/oriEnian flow approximations to estimate aerodynaamci
atmospheriparameters and associated uncertainfiesliscussed i83.1, the measured pressure at a
FADS port is a function athe flow field relative to the vehicle and thert location(defined by cone
angle/; and clock anglez; ):

sz(R,QmMna,a gla/|7) (433)

and anytwo variables from the sefiR, R g., M { in addition toa and b/ may be determined
simultaneously. In the present work, the estimated parameters will be angle of attack, angle of
sideslip, dynamic pressure, and freestream pres§besestimates of these parameters @lbéained
by converging orthe valueghat minimize the residuals between the obsearetimodel pssures in
a sequential manner, whichay be thought of as attempting to fit a point in the parameter space to
the observed pressures at a given tifite2 most common method$ minimizing these residualsse
formulations of the least squareshniques described §8.4.25263

Thefour variablesto be estimatgdbeing functions of pressure, change at every time stkpran
describedas local parametersLocal parameterar e sequenti al lipnede sltaompat e d
Pressure transducer biases, scale factors, and nonlinear terms apply to the entire dataset and are
describedas global parametersGlobal parameterare batchestimatedusing the same minimum
variance estimatdoy processing all of the observationrd mul t aneously i n an HAou
local parameters have beemstimated. This process, illustrated ifigure 4.10, is repeated until
convergence.

The global parameters are described by the pressure footeith transducer:

R=a ®HPco e&Pcro (4.34)

where R-gp is the pressure recovered from the CFD datalaeisehe biasb is the scale factor, ard
is the nonlinear term.

Note that the only CFD models used in the MEADS algorithm are those for surface pressure
coefficients. The dynamic pressure estimate is determined primarily by the pressure at the port nearest
to the stagnation point (port 2, seigure2.9), a region that isvell-characterized by CFD. Thus, the
MEADS dynamic pressure estimate dssentiallyindependent of the surface pressure coefficient
distribution and associated uncertainty (wind angle estimatesare dependent on the distribution
as they are determined by the destruction of the pressures across several different ports). As will be
discussed itChapter 5theindependence of the MEADS dynamic pressure estimates from the surface

" Recall from 8.1.2the assumptions made in this formulation: the flow is {siged, compressible, steady, and adiabat
and gravitational forces are neglectéd.
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pressure distribution will be leveraged to obtain atmospheric parameter estimates that do not rely on
the CFD axiaforce coefficients.
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4.3.1 MEADS Minimum Variance Estimation Algorithm

The selected estimation technique in the present analysis is minimum varianeepwah and
differential correctiorf® which hasbeen demonstrated bean effective method for obtainirsjate
estimates and statistics frdfADS observation® Let x bethe stak vector of Iacal parameters; be
the measurement vectarpe the unknownstatevector ofglobal parameters (transducer errpes)d

e bethemeasurememtoise such that
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x=[a, bo,Pa]" (4.39
z=[ay,...,a7,b,...00,G,..c/ ] (4.36)

where[a,...,a;]" are the biasedh,,...,b;]" are the scale factors, afd,...,c;]' are the nonlinear
terms for each of the seven transducts atotal of 21 global parameter$helinearizedequatiors
relating the observations to the parameseetherefore

y=Ax Bz e (4.37)

where A is the matrix of sensitivities of the local parameters to the measurements dhdmBagix

of sensitivities of the global parameters to the measureniergsaassumedhatz is a random vector
with E(z)=0 (i.e., mean zero)and covariancecov(z)= &. It is also assumed thaE(e) =0,
cov(e)= @, and E(ze') =0. The unbiased minimum variance estimator with differential correction
anda priori for the local parameters thensimply Eq.(3.87), or

DE {AT & HG(AT Le Dim ) (439

where G is the measurement covariandg, is the covariance associated with #neriori state
estimatesm, Dy is the vector of the differensebetween observed and computed datad
%1 = X,E + xR provides the state estimation update.

Consider now the covariance matrix for E437),

Ge :(AT e 4,11)631 (AT+ n G 1)&(3 B.:BC Ac@ Tg -, ])é (4.39)

where he matrix B is the sensitivity of the global parameters to the pressure measureme@is and
is thea priori global parameter covarianc& close examinatiorof Eq. (4.39) shows that the first
term is simply the covariance matrix for the standgrd Ax € model, i.e.,Eq. (3.84). This
covariance providea statisticalmeasure of how well thivcal parameteestimatedit the databut
does not taf into account the accuracy of the global parameter estimates. The secoid Egrm
(4.39) adjusts this covariance by considering the effects of the wraasérrorz and including them

as random biases. This adjust ment to the <covar
approach?
Theminimum variance estimatdor the global parameteis
o -1
Dk {B" 8 #)G(B" ! B Oi{m.ad) (4.40)

and theglobal parameter covariance is simply tfneerseterm of Eq.(4.40),

G {8" &8 #)6 (4.41)
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4.3.2 Dimensional Analysis

If there aren discrete pressure observations per transducer, a dimensional analysis of the local
parameter estimatatefined by Eq(4.38) yields

[431;] &4 717 A7 4P [4 4] 3-05\[4 77 [R1] (4 4] [48] [4 1:L

Dk ?\T EA +'%1q+;éegﬂ L Dl'mﬁégs xE (4.42)

where k =1..n and the sensitivity matrix is

ey Rk Rk Ru
SHa W qu Pou
A= i : : : (4.43)
SPPLk Brx Bk Pl
g ua w  gu Ry

the measurement noise amgriori local parameter covariances are

i N T
diag(Ge) sh, .y 8 (4.44)
i < T
diag(G.) %57 . S, &0 90 (4.45)
and the observatiovector contains the differences between the observed and model pressures,
2'51,k - ﬁ,k
Dy = (4.46)
&Pk - Prx

The offdiagonal terms for the measurement noiseapdori local parameter covariances are zero,
i.e., they are assumed to be uncorrelated.
A dimensional analysis of the global parameter estimator defined {y.EQ). yields
[ZSElj é[zéjnlwn _eg][?r;a 21) [2i ilg (_;1_,28[281 Jnf{7n 7n] gny 1 [Stil_ f]ﬁl} [21Z 1% a7
2§ = e E .
? £ 883 § réfz j
where j =1.m global iterations. The sensitivity matrix B is composed ¢T3 21] matrices arranged
into a[7n3 21] matrix
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The partials in B may be written explicitly from the pressure mivdgel. (4.34) :
W, Bp R (4.49)
Ha o] Cu
Thea priori global parameter covariancedggonal (i.e., uncorrelated):
i N T
diag(Ge,) 55 % s &1 55, 6 5 & 6 (4.50)

The observation vectoDy is the [n31] observation vector from Ed4.46) replicated into a
[7n3 1] vector, and the measurement covariafgeis the diagonal of each of theh covariances
from Eq. (4.44) arranged into the diagonals of [@n3 7n] array. Thus, solving for the global
parameters is a batch process since all of the observations are processeaesinaljta

4.3.3 Initial Conditions and Parameter Observability

Table4.6 lists thea priori initial conditions and statistics assumed for the local parametand
global parameters. The local parameter initial conditions are obtained from the inertial navigation
and atmosphere reconstruction solutions at 600 s.

Of particular note inTable 4.6 is the static pressure priori uncertainty 1.0E6 Pa. This very
tight restriction effectively prevents the static pressure estimate from diverging frampitsri
estimate that is obtained from integration of the hydrostatic euahat is,R: yeaps = Pn,.MU.* In
contrast, thea priori uncertainties of the other parameters are relatively loose and permit these
estimates to Afloatodo as necessary to minimize

" This convenient assumption is indirectly supported by the MEAB®/ed solution presented in R&82, which shows
that the freestream pressure from the MEADS algorithm is within 0.02% of the hydrostatic freestream pressure from the
inertial navigation reconstruction.

t
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Table 4.6. MEADS algorithm a priori initial conditions, statistics, and convergence tolerances

Initial Standard Convergence
Parameter o -
condition deviation  tolerance

Angle of attack (deg) -15.8780 6.0 0.005
Angle of sideslip (deg) -0.2679 4.0 0.005
Dynamic pressure (Pa) 3518.3 1000 10.0
Static pressure (Pa) 6.9463 1.0E6 1.0
Transducer bias (Pa) 0.0 100 1.0
Transducer scale factor 1.0 0.1 1.0E4
Transducer nonlinearity (1/P¢ 0.0 0.001 1.0E8

To understand the reason for the restriction on the static pressure estimate, recall the pressure
ratio R= R / R defined by Eq(3.21). At high Mach numberghe quantityRM? is nearly constant
as shown inFigure 4.11. This invariance means that even small deviations in statissyme
drastically affect Mach numbemhich is required to call the CFD pressure datab8&-* In
practice, loosening the static pressareoriori uncertainty to larger than 1.0 Pa restit Mach
number divergengeéndicating that this parameter demons&bgy observability.

1
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Figure 4.11. Variation of pressure ratio across Mach numberp = 1.335.

Thus although the estimators described here are formulated with static pressure as a parameter, to
prevent divergence due to poor observabilitydhmiori uncetainty on it is set so that the estimated
static pressure is the hydrostatic pressure obtained from thed&#ilded atmosphere reconstruction.
Because of the reliance of the algorithm on Hdéfived planetelative velocity and freestream
pressure, the MEDS solution is referred to as the IMalded MEADS solution
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Chapter 5: Statistical Reconstruction
with Inertial Navigation and Monte
Carlo Techniques

It has been showthat using the observed landing site in INSTAR restricts the range of possible
initial state conditions by reducing the initial state condition uncertaffftiesthat analysistiwas
concluded that for MSL, simply using landing site location as the redundant data in INSTAR results
in the best estimate of the &ajory and corresponding statistics, and cannot be substantially
improved with MEADS data. Thus, it will be useful to examine how FAIaSed statistical
reconstruction algorithms improve the estimates of the atmosphere and aerodynamics in concert with
INSTAR.

In this chapter themethods of addressing thgrincipal issuesidentified in Chapter lare
developed.These methods are extensions of theonstruction techgues inChapter 4that arein
turn based on the fundamental conceptChmapter 3 andare applied to the MSL EDL sequence
described irChapter 2

5.1 Sources of Error and Uncertainty

As trajectory reconstruction involves a variety of sources of data, there are a variety of sources of
error and uncertainty. Statistical reconstruction methods attempt to account for these uncertainties and
provide solutions coupled with a range of uraiaty. Other methods may provide a solution that has
the highest probability of occurring. In any case, any solution based on imperfect data is meaningless
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without an associated uncertainty. In the context of trajectory reconstruction, uncertainties may be
due to:

9 Sensor errorsSensors are imperfect devices and may exhibit behavior that alters the output,
preventing the sensed measurements from being representative of the true and unknowable
values. Types of sensor errors include biases, scale factormjsaldnmentsnoise, and
guantization.

9 Initial condition errors Initial state conditions (position, velocity, orientation) are not known
perfectly, and are typically provided with a measurement covariance that specifies the
uncertainty of each initiatate parameter.

1 Landing site measurement errotske the initial conditions, measurements of the final
position (i.e., landing site) are imperfect. Uncertainties associated with the landing site are
typically provided by the mission radio tracking team.

1 CFD database/modeling errarBreflight planning involves modeling the dynamics of the
vehicle in the flow along the predicted trajectory. Computational fluid dynamics (CFD)
models are not perfectly representative of either the dynamics or the atmoaptesgprs
in CFD solutions will affect reconstructions that use these solutions.

Other sources of uncertainty are specific to flush air data systems and include port location error,
timing error, pneumatic lag, thermal transpiration, and system calibraeand temperature
uncertainty. The uncertainty contributions due to these sources are small and for the purposes of this
study will be neglecte(see§5.4.1for adiscussion of pressure measurement uncertathty)

5.2 Probabilistic Analysis using INSTAR

One of the major advantages of the INSTAR approach isithagrmits arbitraryparameter
probability distributiongo be specified or estimataédroughoutthe processpermitting analysis of
the solutions ina probabilistic sensdn this section, a probabilistic approach to implementing
INSTAR and interpreting the resulidgll be discussed.

It is of interest to examine the probability density functipof a set of samples because it
provides the probability of those samples occursge §3.3. Common density functions include
Gaussian and uniform functions, but theseely occur in nature and are often used out of
convenience. lis therefore useful at times éstimate the true density function.

By far the most common density function estimator is the histogram. A histogram approximates
the density function by dividing tharay ofobservations inténtervalsoribi ns o6 t hen count
number of observations that fall into each bin. Thus,bimewidth, together with the number of
observations ina&h bin,defines the histogram

Consider a set oh observations X;...X, where X; is theith observation of the set. The
histogram is then
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B(x) :n—lh(number ofX, in same bin a§ (5.1)

whereh is the bin width(or bandwidth. An example of a histognais shown inthe upper chart of
Figure 5.1. A set of 1,000 normalkgistributed random numbers with mean 15 and variance 8 is
divided into 10 bins to generate the histogram. A Gaussian distribution with the same mean and
variance is o plotted to show how the histogram estimate compares to the underlying density.

p=15 0=8, k=10

0.06 T T I
[ Thistogram
0.04 | N ——— Gaussian H
o
=
0.02 _
0 I y—y— %Pm !
=20 -10 0 10 20 30 40 50
h=15, 0=8, k o =20
0.06 T T
0.04 - B
G
R,
0.02 _
0 | .
=20 -10 0 10 20 30 40 50

X

Figure 5.1. Histograms of normally distributed data with mean 15 and variance 8The upper
chart has 10 bins and the lowebin has an optimized bin number of 20.

Selecting the number of birlsis of great importance when constructing a histogram, as it is
necessary to choose the number of bins that best approximate the underlying density function. There
are many methods of tmizing k%% In the present workScd t 6 s  imeided®d Gcott
determined that an optimal bin width may be approximated by

h=3.5,n*? (5.2)
where s, is the standard deviation of the observations sl the number of observations. The
optimal number of bins is therefore

— Xmax' Xmin

k=S S (5.3)
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where Xnhax is the observation maxima andi, is the observation minima. The value computed in
Eq. (5.3) is rourded up to the nearest integer Aigure5.1, the lower chart shows that the optimized
number of binsfor the same set of 1,000 normally distributed random numiet8. The new
histogram is shown to compare to the histogram with theoptimized bins intie upper chart.
It alsouseful toverify how well a set of observationsiatchesa specified probability density
model using thechi—squared(cz) goodnesmf-fit test, al so known -sguaredfeéfar son 6 s
The chisquared goodness of fit test compares the frequency of the observations (number of
observations in each bin) to the frequencies expected from the model distribbtdest statisti¢s

(a-8)
3

where G; is the number of observationX; in theith of k bins andE; is the expected number of
observations.If E is sufficiently large, the statistic will approximately follow chi-squared
distribution, and may be compared tbe critical value from the correspondirghi-squared
distribution The critical value is obtained from tlohi-squareddistribution curve with a specified
significance level (usually 5%) and computed degrees of fre€dsually the number of bins minus
one minus the number of parametetE}he computed chi-squaredvalue exceedshe critical value,
theobservation distributiodoes nofollow the expected distribution. Otherwisthe observatiomay
follow the expected distribution.

In summary the observations may be checked for Gaussian behayiarsing thechi-squared
goodnes®ff i t t est , with the opti mal n imebeetechniques bi n s
will be used to examine the validity of the Gaussian assumption for the initial conditions and the
uniform assumption for the landisiie dispersions, and discussedCimapter 6

k
a (5.4)

5.3 CFD Aerodynamic Database Dispersion

It is necessary to examine how the CFD das® may be dispersed in INSTASS discussed in
82.3, computational fluid dynamics is used to generate tables of force, moment, and pressure
coefficients for the MSL entry vehicle. Together, theables make up the MSL aerodynamic
databasé’ Since CFD solutions are not perfectly representative of the true and unknowable flow, it is
necessary to accoufor the uncertainties in CFD and examine how they affect the atmosphere and
aerodynamics. In the context of INSTAR, this means randomly perturbing the coefficient profiles
obtained from the tables for each Monte Carlo run.

Traditional CFD dispersio mahods consist of shifting the response curve byaetion of the
uncertainty magnitudd-or a generic functiofy this type of dispersion takes the form

f()=f(x €U (55
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wherethe arcembellishmenindicates a dispersed functidnis the nominal functiony) defines the

magnitude of the uncertainty, am is arandom value that satisfiesl ¢g X While this methods

useful in that the probability distribution df will essentially bethatog, it does not per mi
of the response cunar phase shiftin§® Thus, in the current analysia methocproposedy Pinief®

is usedto perturb the axial force coefficienfor theith Monte Carlo run,he dispersion function

takes the form

Car(1)=Cacmn(t) BLU(Y) (¢ | @)G()U(Y 9)

where g is a randomly generated number uniformly distributed betw&eand 1,andL is a bias

limit that isselected to be.T'he functionG (t) is a randomly generated dispersed function of a form
that is dependent on the curve that is being perturbed. Possibilities include simple polynomial or
trigonometric functions, Fourier expansioasd Hermite polynomials. For this analysis, the chosen
form is

G=Asin(pft +j (5.7)

whereA is a randomly generated amplitude uniformly distributed between 0 dnd &, randomly
generated frequency with a uniformly distributed period between 200 s and 400 &, end
randomly generated phase angle uniformstributed between 0 and 2ad The period is selected so
that the dispersi arerfmdoncsthiidnss prnowihdke afklicang f or ¢
biases and tilts of th€, surface in Machar space. Note that although uniform distributions are
assumed forg, A, f, and 7, this method does not require such an assumption and any distribution
function or mix of functions may be used.

The functionU (t) is defined by the axial force coefficient uncertainty:

U (t) = SCA,CFDCA,CFD(t) (58)

where Sc, ., is the axial force coefficient uncertainty and is a function of Mach numberCageh

is the nominal axial force coefficient obtained from the CFD tables. The CFD axial force coefficie
uncertainty ist5% above a Knudsen number of 0tB% above Mach 10 (hypersonic), anti0%
below Mach 5 (supersonic), normally distributed i8a sensgseeTable5.1).* The uncertainty is
linearly interpolated between these two Mach numbers. For comparigohaRC model used to
disperse the CFD axial force coefficient Wag; (t) = Cacro(Y(l ¢, e )-

Table 5.1. MSL CFD aerodynamic force and moment uncertainties

Ca Cn, & Cm Cn G
Knudsen>0.1 #5% 0.1, £10% +0.005,+20% +*0.005,+20% 0.0005
Mach>10  +3% 0.1, £10% +0.006,+20% *0.003, +20% 0.00022
Mach <5 +10% 0.1, #10% +0.005,+20% +0.005,+20% 0.00023
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Preflight uncertainties for the CFD aerodynamic database were generated from heritage values
from previous Mars missiorf§.Table 5.1, adaptedrom Ref. 46, lists the MSL CFD aerodynamic
force and moment ncertainties for various regimes. Uncertainties are linearly blended between
regimes.

An example of the dispersed axial force coefficients is showhignre 5.2. Shown are the
dispersed curves along with the nominal Gdispersed) axial force coefficient, and the uncertainty
bands from di spgerranioonssh.i fTilse cfalno aekgjens tha area mostigs  we |
bias. Note that the selection of uniform distributions forces the limits of the dispersion to be bound by
Scaerpe that is, therandom number generator will never provideadue of the dispersed axial force
coefficientthatexceed Sc, .-

O 146 FIUARA o T

nominal
------- nominal +/-U

Vo W
Vo) [ Vo e .

dispersed " vy “. [ ': v P
620 640 660 680 700 720

14H

Figure 5.2. Nominal axial force coefficient (solid black line) with dispersions (blue, red, and
green lines) bounded by uncertainties (dotted black lines).

CFD pressure coefficients are also provided in a datafmasetable for each of the seven taps)
and are also dispersed to examine how pressure CFD uncertainties affect the solution uncertainties.
For the present analysis, however, instead of using polyhtased dispersion method of the axial
force coefficient, the CFD table values themselves are perturbed rather than the pressure curve
obtained through table lookups. This more direct approach is taken to demonstrate the flexibility of
the INSTAR method.

To perturb the CFD pressure coefficients, it is assumed that the pressure at any grid point in the
table is known to within 2%, normally distributed in3@ sense. Random numbers are generated
using these criteria and added to tleenmal grid point values. This perturbed database is then used
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for a single Monte Carlo run. For the next run, new random dispersions are generated and a new table
is used. CFD correlations are therefore introduced and accounted for by perturbing th&rgsid
simultaneously and using the dispersed table to interpolate and obtain the pressure coefficient.
According to Eq.(2.8), any adjustment to the surface pressure distribution will affect the axial
force coefficient, and vice versa. One method of accurately tracking the effects of dispersing the
surface pressures coefficients on the axial force coefficients (or vice versh) beto rerun the
CFD solution for every dispersion, which is impractical. Taking this relationship into account is
beyond the scope of the present work, but may be of interest in future INSTAR applications.

5.4 Flush Air Data System Observations in INSTAR

Now that the methods of inertial navigation, atmosphere reconstruction, INSTAR,-Bad28
reconstruction, and CFD database dispersion have been discussed, they may be combined into a
framework that enables the inclusion of MEADS observations in INSTAR.

The method of utilizing pressure data in INSTARshown inFigure 5.3. This method assumes
that the trajectory solutions from INSTAR and the landing site may napjeciably improveith
MEADS observationsand it introduceshe minimum variancstatistical estimatiomlgorithm to the
INSTAR process In essence, Monte Carlo dispersions from INSTAR are introduced into the
MEADS minimum variance algorithnThe uppetalf of the flowcharis essentially the same as the
INSTAR process used to update the trajectory initial conditions and uncertainties with the landing site
location.The box | abeled Alnertial Navigation t& At mos
of the flowchart inFigure4.1, and the box | abeled AMIi ni mum Vari a
flowchart in Figure 4.10. The bolded blocks indicate Monte Carlo dispersions and tteeinded
rectanglesndicate solution estimates and uncertainties obtained from the dispersions.

Of particular note irFigure5.3 is the relationship between the inertial navigation component and
the minimum variance component. Parameters derived from the dispersed state and atmosphere
(namely, inertial veloity and freestream pressure, respectively) that have been constrained by the
landing site are passed through the minimum variance algorithm, which is run for each of these IMU
derived trajectory profiles. Thus, the minimum variance solutions are alsersisjpising Monte
Carlo techniguesand therefore statistics may be obtained along the trajectory. Note that the
minimum variance aerodynamic and atmosphere solutions are not passed back into the INSTAR
portion of the process, and thus the IMErived parameters are not updated using the MEADS
pressures.
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Figure 5.3. Method of considering FADS pressures using INSTAR and minimum variance.
Bolded blocks represent Monte Carlo dispersions, rounded blocks amutputs.

5.4.1 MEADS-Derived Parameters

Because the CFD pressure database is provided partially as a function of Mach number, a Mach
number estimate is required for each inner loop iteration of the MEADS minimum variance algorithm
(seeFigure4.10). To obtain this estimate, an approach similar to that by Karlgaaadin Ref.32is
taken, in which the planetlative velocity from the INSTAR solution is passed into the MEADS
algorithm. The computed Mach number is then
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Vo
Mz mEADS = ANSTAR (5.9
\/QR: MEADS/ K MEADS
where
20
' ,MEADS = w (5.10
Vo INSTAR

and the dynamic and static pressures are from the minimum variance state estimat&.B5EQ.
Recall that the static pragg estimate is simply the pressure obtained from the integration of the
hydrostatic equation from the IMU observations. Also, note that the only difference between the
MEADS-derived Mach number and the IMU/INSTAdrived Mach number is the way density is
computed.

A MEADS-derived ambient temperature may also be computed using the equation of state:

MR
To MEADS = =R (5.11)

R s MeADS

The axial force coefficient may be computed directly from the MEADS/INSTAR solution using
the minimum variance dynamic pressure estimate without the use of the aerodynamic database:
ma,

_ (5.12
Sef G MEADS

CaMEADS =

Recall from§2.3 and 84.3thatthe CFD surface pressure coefficients are wletiractézed near
the stagnation régn and that the MEADS dynamic pressure estimates are determined primarily by
the pressure port nearest stagnatidhus, these MEADS dynamic pressure estimates enable
derivation ofaxial force coefficient and freestream density estim#itakare essentily independent
of the CFD axial force coefficientwhich has higher uncertainty due to larger variances in CFD
solutions near the edges of theat shieldThe MEADSderived freestream temperature and Mach
number also rely oMEADS freestream pressure isates, which recall are simply the hydrostatic
pressure and therefore contal@FD axial force coefficient information. In any case, these derived
estimates and uncertainties may be compared to corresponding estimates and uncertainties from
INSTAR, whichagain are dependent on CFD axial force coefficient.

The axial force coefficient may also be obtained from the CFD aerodynamic force database,
which recall is a lookup table that is a function of Mach number and total angle of attack. Mach
number and anglef attack may be obtained, in turn, from either the inertial navigation or atmosphere
reconstructions to compute the INSTARRrived axial force coefficient:

Canpeimu = CansTar :CACFD( M ,INSTARyaT,INSTAR) (5.13

where My nstar IS from Eq.(4.13) and at nstar IS from Eq.(3.42) using the planetelative wind
angles from Egqg3.39) and(3.40).
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The axial force coefficient may also be computed using the CFD aerodatabase tables and the
MEADS-derived Macumber and total angle of attack:

Ca,ADB/MEADS = CACFD( Mz meADs @ T,MEADS) (5149

where Ma veaps IS from EQ.(5.9) and ar veaps is from Eq.(3.42) using the winerelative state
estimates from E(4.35). Analysis of the differences between the axial force coefficient computed
from these thremethods will be useful in understanding the dynamics of the entry vehicle.

5.4.2 Pressure Measurement Uncertainty

The a priori MEADS measurement uncertainties shownFigure 2.14 include errors due to
uncertainties in transducer and SSE temperature, calibration, quantization, port location, pressure
leakage, lag uncertainty, thermal transpiration, and time tad@jldgwever, the minimum variance
equations in84.3.1 assume the errore are random andE(e)=0 to maintain the unbiased
characteristic of the estimator. Thus, for this analysis, only random measurement noise is included in
the measurement covariandg.. Sysematic errors may be modeled and dispersed using the

Afconsider parameterso approach or in a Monte Cal
since the available error models do not include sufficient information to use more sophisticated
modeding.

The measurement noise uncertainty is generated directly from the pressure observations by
applying a running cubic polynomial fit with a width of 15 data points (approximately two seconds)
to the unsmoothed pressure data. The standard deviatiths t#siduals between the unsmoothed
and smoothed data are the new, dgdved noise uncertainty used @.

The new measurement uncertainties for ports 2, 4, 6, and 7 (stagnation, nose, and off the vertical
axis) are shown ifigure5.4. Results for other taps are comparable, with peshaving the highest
reduction relative to tha priori uncertainties. The dat#erived noise measuremt uncertainties are
generally lower in magnitude than thepriori uncertainties that contain full instrumentation errors,
with some minor excursions at approximately 605 s for port 7. The implication here is thaaif the
priori uncertainties were reatic estimates of the random errors, then ports 2 and 4 are dominated by
the systematic errors while the petotpoint random component dominates the port 6 and 7
measurement uncertainties. Implementing these smaller measurement uncerta(Btibasnthe net
effect of reducing the uncertainties of the aerodynamic parameters obtained from the solution
covariancen Eq.(4.39). These uoertainties may then be compared to those obtained from the Monte
Carlo dispersions.
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Figure 5.4. A priori and data-derived MEADS pressure measurement uncertainties.

The pressure residuals for the convergginimum variance solution for ports 2, 4, 6, and 7 are
also shown inFigure 5.4. The residuals are generally smaller than the -deteved random
component of the uncertainty, indicating that possibly 15 data points is too long an arc or that a higher
order polynomial should be used. The solution is absorbing much of the signtietaiis some
small amount of signal still remaining in the residuals that has not been captured by the biases, scale
factors, or nonlinear terms. Virtually all of the residuals are bounded by3ghelataderived
measurement unceitdéies, with one or two exceptions occurring after 660 s. The region here,
characterized by an increase in the measurement noise uncertainty, corresponds to the third bank
maneuver and an apparent crosswind.

5.4.3 Summary of Parameters Derived from INSTAR and MEADS

Egs.(5.15)-(5.22) summarize the aerodynamic and atpieic parameters that may be recovered
from both INSTAR and MEADS solutions. In general, the INSTAR solutions are computed from
outputs of the INSTAR algorithm, and MEADS solutions are computed from outputs of both the
MEADS and INSTAR algorithmsUncertanties are computed from the standard deviations of the
Monte Carlo dispersions.
































































































