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Abstract. 1

Abstract

The main goal of this Hh thesis is the development and performance
assessment of innovative techniques the autonomous navigation of aerospace
platforms by exploiting data acquired by electoptical sensorsSpecifically, the
attention is focused on active LIDAR systems since they globally provide a higher
degree of autonomy with respect to passive sensors. Two different areas of research
are addressedamely theautonomous relative navigation of medaatellte systems
andthe autonomous navigain of Unmanned Aerial Vehicle§he global aims to
provide solutions able toimprove estimation accuracy, computational load, and
overall robustness and reliability with respect to teehniquesavailable in the

literature.

In the space field, missions like -@nbit servicing and active debris removal
require a chaser satellite to perform autonomous orbital maneuvers in close
proximity of an uncooperative space target. In this context, a complete pose
determinationarchitecture is here proposedhich relies exclusively on three
dimensional measurements (point clouds) provided by a LIDAR system as well as on
the knowledge of the target geometry. Customized solutions are envisaged at each
step of the pose determination process (acquisition, rgckefinement) to ensure
adequate accuracy level while simultaneously limiting the computational load with
respect to other approaches available in the literature. Specific strategies are also
foreseen to ensure process robustness by autonomously detedgorithms'
failures. Performance analysis is realized by means of a simulation environment
which is conceived to realistically reproduce LIDAR operation, target geometry, and
multi-satellite relative dynamics in clogeoximity. An innovative method tdesign
trajectories for target monitoring, which are reliabledoforbit servicing and active
debris removal applications since they satisfy both safety and observation

requirements, is also presented.

On the other hand, the problem of localization arghpmng of Unmannederial

Vehicles is also tacklesince it is of utmost importance to provide autonomous safe
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navigation capabilities in mission scenarios which foresee flights in complex
environments, such as GPS denied or challenging. Specificallinairgplutons are
proposed for the localization and mapping steps based on the integration of LIDAR
and inertial data. Also in this case, particular attention is focused on computational
load and robustness issues. Algorithms' performance is evaluatedjtthoftline
simulationscarried out on the basis of experimental dgathered by means of a

purposely conceived setup within an indoor test scenario.

KEYWORDS: LIDAR; spacecraft relative navigation; uncooperative pose
determination; sensor modeling;nser simulation; spacecraft relative dynamics

design; Unmanned Aerial Vehicles; localization; mapping
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Chapter 1 - Introduction

1.1 Autonomous relative navigation of multisatellite

systems

Advanced applications like Garbit Servicing(OOS) [1 2] and Active Debris
Removal (ADR) [3 4] have recently received growing attention by researchers

operating in thespacedomain.

Indeed,OOS missions represent the only way to have a reliable physical access
to a space vehicle while it is still in orbit, giving the possibility to carry out extremely
important activities such as satellite inspection or repair, satelliteateda and
satellite restoration or augmentation. As a consequence, OOS may lead to a
significant reduction of the risk of mission failure and of the mission cost, an
increase of the mission performance, lifetime and of the mission flexibility, as well
asenable new missions [1Dn the other hand, several studiesgbhave shown the
need of ADR together with the adoptioh passive mitigation measures stabilize
the populatiorof debris in orbit, respectivelyy removing marmade norfunctional
space bjectsthanks toan autonomous active spaceciafd by designing satellites
for future operations so that they are able to autonomousdyliteat the end of their
operative life. This is of utmost importance to previet triggering of the "Kessler
syrdrome" [7] which is worldwide seen athe major threat to the possibility to

develop future space missgn

OO0S and ADR are related to the concept of rdtellite systems since they
both require a servicing spacecraft,typically known asthe chaser, toperform
autonomous relative navigation maneuvexsch asrendezvousand dockingand
monitoring, in closgroximity of an assigned targethich is an operative satellite

and a debris respectively These maneuvers require development and
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implementation of technologies and techniques for short range pose determination.
Specifically, thetargetchaser relative posaamelythe set ofparameters which
represent the relative attitude and positimtween the two platformsieeds to be
estimatd in realtime and with highaccuracyin order to represent a reliable input to
carry out control of the relative motioAlthough some solutions have already been
implemented by means of demonstration missions for OOS of cooperative spacecraft
[8] and forFormation Flying(FF) [9], the state of the art still lacks of consolidated
resources suitable for most of OOS applications as well as for ADR since they
require additional technical challenges to be dealt vitrstly, the target may be
uncooperative, maning that it is noéquipped witha dedicated communication link

and there arenot easily recognizable artificial markers on its surface, leght
Emission DiodegLEDs) or Corner Cube Reflectors (CCR#$ycated according to a
specific known patternSecondly, it may béreely tumbling i.e. characterized by an
uncontrolled rotational dynamicthus being difficult to bapproached by the chaser

due to the necessity to compensate for the angular vel&aitglly, due to the long
exposure tathe spaceenvironment(e.g. space radiation, possibility of impact of
small nontractable debris fragmenjsit may suffer physical damages as wadl
optical degradation of its surfaces, thus looking diffetean expectedThese are

the reasons whyup to now, tle related activities are limited to planning of

demonstration mission [1Q1] and to proofs of concept [12].

In this framework, mainly due to the uncooperative nature of the targets, pose
determination can be taed by relying only on measurements pr@ddy Electre
Optical (EO) sensors and on algorithmic solutions which exploit the knowledge of
the target geometry (modkhsed techniques). Specifically, EO sensors can be
classified into activeand passivesystems e.g. respectivelyLight Detection and
Ranging (LIDAR) technologiesand monocular or stereovisisameras operating in
the visible and infraredhands On the other hand, depending on the typology of
selected EO sensor, modesed algorithms can be further ranked into monocular
and threedimensonal (3D) techniqueddere, LIDAR have been preferred to passive
sensors, in spite of the relatbigher mass, cost, poweonsumption, andower
frame rate mainlybecause ofheir robustness to the variable illuminaticonditions

typical of the space environment atheir capability toeasily discriminate the target
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from the backgroundsegmentation)ndependently of the light conditionslence,

the main goal of this research activity is the development and performance
assessment of innovative modmsed algorithms, which are based on the processing

of 3D data (point clouds) provided by an active LIDAR, for pose determination of an

uncooperative space target.

The proposed approaches are aimed at provalivgncement® the state of the

art in terms of

1 accuracy level, by minimizing the estimation error in the pose
parameters;
computational load, by keeping the processing latemtigsnimum
robustness and integrity of the designed architecture, by foreseeing
strategis for autonomous failure detection as well as for safe transition

between the different steps of the pose determination process.

In addition, given the complexity (from both the technical #meleconomical
points of view) of performing demonstration mission in space as well as of realizing
realistic experimental setup, the availability of numerical simulation environments is
of crucial importance to testnd valida¢ technologiesand techniquesequired for
ADR and OOS missions. Hence, the performance of the approaches presented in this
thesis is assessed within a simulation environment which is conceived to realistically
reproduce the operation of a LIDARmulti-satellite relative dynamics, target
geometry ando implementpose determination algorithmk particular, as regards
the relative dynamics simulation, an original methodiésignrelative trajectories
for target monitoring, suitable for both OOS and ADR\aties,is also introduced.
These trajectories are conceived to satisfy not only saBgjyirements, but also
relative navigation ones by wisely selecting gezspectiveat which the EO sensor
on-board the chaser observes the targdhus providing meaningful and not

ambiguougatasets.
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1.2 Autonomous navigation of UAVs in complex

environments

Unmanned Aerial Vehicles (UAV) have nowadays become esse¢athl to
perform a wide range of both military and civil applicatiorsy. border patrol,
coastalsurveillance crime fighing, hurricane and polar ice cap monitoring, forest
fire detection, natural disasters response, aerial photographyy dusting package
delivery, and mpeline and powerline monitoring. One of the main guidelifoes
researchers working on UAVs is the assity to improve their level of autonomy
when flying in complex environments, i.enknown areas, potentially dangerous to
the human life and full of static and/or mobile obstacles, which can be both indoor
and outdoorThis is of crucial importance sintlee autonomy of an UAV, defined as
the capability of accomplishing their assigned missions by carrying out, without any
external control, sensor data integratioperception situational awareness
communication planning, decisiomaking, andexecution, represents the best way
to unleashtherr full potential, thus leadingp further advanced applications [13].

From this perspective, one important issue to deal with is the necessity to make
the UAV capable of navigating autonomously and saifelgny scenario. This has
been achievednithe casef widely open outdooareaspy integratinginertial data
from an Inertial Measurement Unit (IMU) witlposition information provided by
Global Navigation Satellite System (GNSS), e.g. GPS, by meaaseisor fusion
architecture [4, 15]. This concept, known a$sPSINS, has beenapplied
successfully tdboth fixed wing and rotary UAVs1p, 17], e.g. by exploiting the
Extended Kalman Filter (EKF)approach On the other hand, in several
environmentsrespectively indicated as GRigniedand GPSchallenging the GPS
signal may be completely absent (i.e. indoor) or unreliable due to multipath,
absorption and jamming phenomena (e.g. in urban or natural canyons and under
forest foliage) In these casesutonomous navigation must be performed by relying
on the integration of inertial data with measurements provided by EO semndwnys
other ranging systemdJhis can leadhe UAV to acquireadvanced capabilities of
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state estimation (i.e. knowledge of thehite's state in terms of attitudposition
and velocity to be sent to the flight control unit) and perception t@get detection

and trackingy

One possibility to autonomously navigateMicro-UAVs (MAVs) flying in
GPSdenied or GP&€hallenging areass given by simultaneous localization and
mapping (SLAM), which is the process allowing a vehicledoonstruct its own
trajectoryin terms of both position and attitudécalization), while simultaneously
building a map of the area surrounding its ¢&iéad path (mapping)18, 19]. The
limitations in terms of payload, power, and processing resources together with the
necessity to deal with a-Begreeof-Freedom §-DOF) dynamics, make the
implementation of SLAM on board MAVs much more challenging than for marine
or ground vehicles [20As regards the selection of trengingsensor to be installed
on the MAV, active systemsLIDAR, RADAR and ultrasonic rangefindersare
recommended over hybrid (RGdepth cameras) and passive (monocular and stereo
cameras) onesince theyare less sensitive to ambient light variation dmely can
work at any time day and night), thus providg an higher degree of autonomy.
Moreover,they producedirectly 3D representations dhe scene without requiring
any computationally expensive image processtep. Among active systems, the
attention is focused on LIDAR. Indeed, they can get larger distance measurements
than ultrasonic rangefiders and depth camera, atitey are lighter, less power

consuming and provide more understandable information than RADAR.

For these reasons, this part of the thhais the purpose @iroviding innovative
techniques for théwo main steps of SLAM (localizmn and mapping), which are
based on the integration of laser scan data provided by -@itaensional (2D)
LIDAR, and inertial measuremenggven by a low cost IMUnamely thevehicle's
accelerationangular velocity and attitud&pecifically, also in this case, the issues
of the algorithms' redime implementation, andf the necessity of ensuring
robustness against failurewe addressedAlgorithms' performance is evaluated
through offline simulations based on real datmllected by exploiting an
experimental setup purposely design to operate carried bywitind an indoor test

scenario
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It is worth outlining that the work relevant to this area of research has been
realized during a period of six months spent at Cranfield/ddsity (UK) in the
framework ofthe "Program STAR Linea 2" financially supported byniNA and

Compagnia di San Paalo

1.3 Thesis organization

The present thesis is organized as follows.

Chapter 2 presenthe concepbf pose determinatioand thedifferent existing
approaches, as well as overview about the state of the art of algorithms used in
space applications. This is aimed at providing an overall classification of the existing
techniques and at highlighting the current limitatiomben the proposed pose
determination architecture is described entering in the detail of each step of the

process (i.e. acquisition tracking, refinement, transition from acquisition to tracking).

Chapter 3 illustrates the different parts composing the simulatiemonment by
which the performance of the proposed approach for pose determination is evaluated:
the LIDAR measurement simulator which includes geometric, detection and noise
models; the relative dynamics generator which exploits the tahgeer trajeory
provided by the safe relative motion design method presentetiaipter 4; the
criteria for target selection and modelidg overview of LIDAR systems adopted in
space application is also provided to justify the modeling choices.

Chapter 4starts wih the introduction othe concept of safe trajectories during
closeproximity operations. Afterwards, the innovatiaealytical approachwhich is
adopted to generate the targbbser trajectories for the numerical simulations, is

presented in detail.

Chapter 5 contains all the results of the numerical simulatteazed to
evaluate the performance of the proposed pose determination algorithms, together
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with the definition of the criteria adopted for performance analysis. Also the
effectivenes®f theautonomous failure detection strategpssessed

Chapter 6 presents an overview of the state of the art in the field of SLAM using
LIDAR systems.Then the innovative techniques for localization and mapping
based on LIDAR and inertialdata integration are illustrated. Finally, the
experimental setup and the indoor scenario for gathering data is described, and the
results of the offine implementation of the proposed algorithrmuie analyzed to
determingheir capabilities.

Finally, chapter 7 contains discussion suitabléor summarimng the achieved
results and providg anticipatiors about the further developments of the research

activity.
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Chapter 2 - Spacecraft pose determination in

closeproximity

2.1 Introduction

The capability to perform autonomous relative navigation between two
spacecraft relies on a large variety of technologies, i.e. Radio Frequency (RF),
GNSShbased, and EO sensokowever each of these categories of instruments has
its own field of application in terms of intsatellite distance as well as depending on

whether the two sg&craft are cooperative or not.

If the intersatellite distance is extremely large, i.e. from hundredslafeters
to a few hundreds of eters like during farrange and closeange rendezvou21{],
there is no sensor capable of inferrittge full relative attitudestate (3 DOF)
Howeer, relative navigation castill be performed by relying on range and wfe
sight (LOS) estimates, or even exclusively on LOS measurententinstanceRF
methods can provide reliable range, ramgfe and LOS measurements, as shown by
several applidzons of the Russian Kurs systefor space rendezvous [21jut the
target is cooperative sineeveral antennasust be installed at specific locations on
both the satelltesRange and LOS measurementan also begiven by the
differential GPS approact2], whose applicability has been demonstrdigdhe
Spaceborne Autonomous Formation Flying Experiment (SAkiEngthe PRISMA
mission [23] However, this still represents @&ooperativeconceptsince a GPS
antenna and GPS eceivermust be installed on board the target, together with other
antennas to ensureraliable communicationlink. On the other handautonomous
LOS tracking of an uncooperative target from about 30 km up to 3 km of distance
has been demonstrated during #ketvanced Rendezvous demonstration using GPS
and Optical Navigation (ARGONgxperimentagain in the frame of the PRISMA

program by using a simple camera and specific image processing algorithm [24].
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Moreover, ifa laser range finder is coupledth a passve cameraboth range and
LOS of an uncooperative spacecraft can be estimated at far range, as demanstrated
the frame othe Orbital Express (OE) missi¢25].

In spite of these achievemenEF, OOS and ADR activities involve spacecraft
relative dynarts to be controlled during operations like final approaoiating
monitoring, and station keeping, whictare characterized bg narrower range of
distancese.g from 100 m to even contadin case docking is foreseerdence, they
are classified asloseproximity operations and they require the fulD®F pose
stateto be estimatedin this context, although RF methods represent a potential
solution to obtain the full relative attitude state in addition to relative position
information with respecto a cooperative target [21], thegquire too complex
heavy and power consumirgntennas and electronic equipment on both chaser and
target vehicles At the same timetechniques based odifferential GPS do not
provide an adequate accuracy level at varpse range since they can suffesm
multi-path effecs as well as fronshadowing of the navigation satellitesthg target
structure Hence, EO sensors represent the best choice to fly in-pfogenity also
because their performance tendsirtorove as the range reduces. Of course, the
specific instrument as well as the measurement principle, e.g. active or passive

sensingmust be carefully selected depending on the application.

Spacecraft pse determination is the problem of computihg rigid rotation(3
DOF) and translation(3 DOF) aligning the reference frames related to the two
satellites involved In this respect, when trying follow the evolution of the relative
pose of a movingbject by exploiting measuremenfsom a givenEO sensoy the
general architecture of the pose determination process, shown in Rigurs

composed of two main stepsmelyacquisitionandtracking.

Poseacquisitionis performedwhen the firstdataseis provided by the adopted
sensor and no-priori information about the targeelative position and attitudis
available. Pose trackingeans updatinthe pose parameters, as soomaw datasets
areacquired by taking the knowledge opose estimates fromne or more previous
time instantsnto accouih Pose tracking caalsobe augmente@in terms of accuracy

level and computational efficiench)y introducing an additional step knavaspose
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refinement.It is worth outlining that the pose refinement step bandesigned to
operate either by receiving input both the sensor data and the previous pose
estimates [26] (like in Figurg.l), or by relying only on this latter information 27
31] (like in Figure2.2).

POSE ACQUISITION
POSE TRACKING <
Subsequent
dataset

POSE REFINEMENT

Estimated pose parameters

Figure 2.1 - Logical scheme of the process for pose determination of a moving objebse

refinement initializes the tracking step and updates the estimated pose state.

POSE ACQUISITION
Subsequent
POSE TRACKING

POSE REFINEMENT

Estimated pose parameters

Figure 2.2 - Logical scheme of the process for pose determination of a moving objeBbse

refinement initializes the tracking step.
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In the context opacecraft relativaeavigation,it can be clearly stated thdte
acquisition step is the most critical ookthe procesdndeed,the estimated relative
statecan even beharacterizedy coarseaccuracy, provided thdt falls in the field
of convergence of the tracking algorithm, but it mustdbainedfast enough to
avoid losing track of the moving targetlence, performance analysis of pose
acquisition algorithrais mainly focusesn computational efficiency aspecsd on
reliability over extremely wide portions of theose spaceOn the other hand,
tracking algorithmssearch for convergence within a narrow area of the pose space
thanks to the knowledge of previous estimates of the relative state. For this reason,
they are typically quiteast and musbe designedvith particular attention to the

accuracy level.

In the case oboth cooperative and uncooperative targets, pose determination

algorithmsbasedn EO measurementsan be classified in two categories.

1 Monocular techniquesely on passivevision systers, like Charged
Coupled Device (CCpcamers, to estimate the target posa the basis
of angular measurements only.

1 3D techniquesxploit active LIDAR or passive stereovision systeno
obtain3D information about the target.g. respectivelpoint cloudsand
range imagesOf course, this is pretty straightforward for LIDAR, while
it involves complicated processing steps, e.g. image rectification and
disparity map calculation, if stereocameras are used.

The former categoris related to the problem of estimatitige relative position
and orientatiorof the camerawith respect tdhe observedcene which is known as
extrinsic camera calibration [32hdeed, if the position and attitude of the target in
the scene is a prioridown, the target pose with respect to the camera can be derived.
If n correspondences between real world and image points are found, the extrinsic
camera calibration can be performed by solving Berspectiven-Point (FhP)

problem[33, 34], for which the followingremarksmust be made

1 If nis less than 3, the problem is undenstrainedand it admits infinite

solutions
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1 If nisequal to 3, the problem is undewnstrained, buif the pointsare
not collineartheupper bound ocdmbiguous solutionis limited to four

1 If nisequal to 4 or 5 more than one real solutions exists. However, if 4
imagereal worldcorrespondences of coplanar peiate available , the
existenceof one unique solution can beathematically demonstrated
[33].

1 If nislargerthan5, the problem is linearly determined.

In the case of cooperative targets, this concept can be applied since they are
typically equipped with activelEDs or passiveCCRs mounted ontheir external
surface (or ortheir docking interface) according to specific known patterns. Hence,
imagereal world point correspondences can be attained by expldiiedgoright
projectiors of these point targets on the focal plane of chmera For instance, in
the framework of the PRMBA space program, pose determinatiorclose proximity
is accomplished by imaginthe LEDs located on the target surface at assigned
positions by usinga monocular camera, i.e. thdsion BasedSensor(VBS) [35].
Specifically, a analytical solution to #1P4P problenwhich isbasedon the volume
measurement of tetrahedra composed of paiplets [36], is used to determine the
relative positions betweenvo consecutivdlEDs in the reference frame relative to
the camera (observatiamit vectory. Hence,being the same informatioralso a
priori known in the reference frame relative to the targgfe(ence unit vectoysthe
relative attitude can be derived by means of deterministgtochastic approaches
[37] and, as a consequence, the retatposition isobtainedby a simple vector

combination.

If 3D sensorare used, the solutide pose determination of cooperative targets
IS even more straightforward since the relative positions between consecutive
artificial markerscan be directly extracted from the measurements without any
complex processing, like it is done in8[3by acquiring image pairs from a

stereovision system.

A significant limitation of cooperative techniques is that lack or miss detection
of a marker mayead to system failurdvloreover, ooperative targets are peculiar of

FF missionswhile for most of OOS and ADRapplications the target satellite is
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uncooperativeHence, the research activity presented in this thesis is focused on the

issue of uncoopetiae pose determination.

2.2 Uncooperative pose determination: modebased

algorithms

Uncooperative pose determination is generally handled nimpdetbased
algorithms, whose basic concept is to complaeedata extracted from measurements
of the selected EO sensavith similar information derivedrom a target model,
typically storedon board Of course, fi the target satellite is damaged @t the
availablemodeldoes not correctly represeitdé actual geometrythis issuecould be

overcome byuildingthe modeldirectly on board39].
Modelbased algorithms can be ranked in two categories.

1 Featurebased methods4(-56] are based on the extraction from the
acquired dataset gfeometricfeatures such asorners, linesgurves, and
contours

1 Appearancdasednethodqd57-59] are based on thenalysis of the shape
and texture of theacquireddatasetswhich leads to the generation of the

so-called appearance model

In this survey, poirbased techniqug®3-56], which directly expldi raw data
from 3D sensors, are ranked as featsedsincetheyrely on the same concepts
with the advantaggiven bythe absence of the feature extraction step.

For both featurebasedand gpearancdasedapproachesdifferent types of
techniques can be usddpending on their rolithin the pose determination process
(acquisition or tracking)as well ason the typology of data available (monocular or
3D).
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2.2.1 Feature-based methods

If featurebased methods are selected, a solution to the pose deteominati
problem can be obtainegltherby means of iterative techniqués.g. leassquars
methods),which optimize a purposely defined objective function, or by exploiting
the Template Matching (TMplgorithm It is worth outlining that while the former
approach is typically used for pose tracking, the latteriomaost casess suitable

for both the steps of the pose determination process.

While the idea behind iterative techniques is quite straightforwashecessary
to clarify the meaning oTM. This methodderivesfrom theconcept of searching,
within a 2D dataset (monocular image) or a 3D dataset (range image or point cloud)
for specific features and/or specific image sectiomsich can be matchetb an
assigned templat&(]. The template can have the same size aavhéable dataset
or it can occupy only a limited ared it, while the matching function is carried out
by exploiting acorrelation approach. Specifically, different kinds of catieh laws
exist, among which the sum absolute differences6]], the normalized cross
correlation p2], and the distance transforn63 are most commonly usefbr
monocular data, while mean square distamegrics[53, 54] and binary correlation
[55] are suitable for 3D datan the framework of pose determination tasky)
requires the generatioof a databasef templatesby sampling the ©OF pose
space. Bchtemplate corresponds a specific set of relative position and attitude
parametersanda correlation functions usedto establish the degree of similarity
betweenreach templatand the acquired datasetence, he pose solution igiven by
the set of parameterglatedto the template for which the correlation function is
optimized (i.e.,maximized or minimized)This procedure is clarified by the flow

diagram of Figure.3.

An example of TM algorithm applied to extract timtial target pose from
monocular data can be found[#l]. Each template, indicated as prototype view, is
generated by projecting the silhouette (i.e. the contour) of the target orddethe

image according to an assigned set of pose parametémbke other features,



Chapter 2 Spacecraft pose determination in clpseximity. 17

silhouettescan be robustly extractethdependently of the charactestics of the
target, which may beun-texturedor slightly transparentThe peculiarity of this
approachis that it aims at limiting the computationally expensive search in the pose
space by buildinghe database of images with aefarchicalstructure in which

similar prototypeviews are clustered at the lower levels of the hierarchy

Off-line On-line
: N sets of EO sensor

S};rg}glmg of the 6 pose acquisition
pOs€ Space parameters

model generation

Datam Correlation
f ~

0 function
emplate evalutation

TM pose Search for best
estimate correlation value

Figure 2.3 - Logical schemeof the classical application of theTM conceptto pose determination

tasks.

As regardsTM approaches based on 3D dateaany algorithmg53-56] exist
which are specificallyailoredto thepose determination of uncooptva spacecraft
flying in closeproximity. These techniques do not require an initial guess and
forese specific solutions to improveomputational effi@ncy and data storage

issues connected to the basic TM congspésubchapter2.2.4 for more detail)
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Another example of TM approachperating on 3D datasets boapable of
performing only pose trackingis the Bounded Hough Transform (BHT) method
[42]. In this casethe models a set of voxa| indicated as voxel occupandyoxels
are thebasicelemens in 3D imagesThey arevolumetric small regions of the space
filled with binary values to indicate if these regions are empty or occupieel
templates are3D binary arrays obtained by applying the corresponding pose
transformatios to the voxel occupancy. Classical pose tracking algossearch for
the pose solution in a continuous space closely to the initialization. On the other
hand,the BHT methodrestrains the search to a discrete space obtained by sampling
the continuous one around thavailable initial relative stateMoreover, the
correlation between the acquired datasets and the tengptaimputed by exploiting

the classificabn concept which is inherited from the Hough Transf@h) [64].

Moving on tothe iterative (nontlinear) techniquesthey generally foresethe

following stepsf monocular sensorsre used

1 The model is represented as a sparse set of ésalike points €.g.raw
data, or extracted image descriptors like comeéises (e.g. edgesyr
curves (e.g. circles and ellipses)

The same features are extracted in the acquired image.
The model is projected onto the image according to the initial pose
solution.

1 Theactual posés obtained athe transformation that provides the best fit

(alignment) between projecteshdimagefeatures

The latter step is typically performed ynimizing a squared metric functioA.
pointbased approach relying on theafcinvariant-eature Transforr(SIFT) can be
found in[43], edge featureare used in [4, 45], while ellipses are extracted in [46]

An iterative but linear solutioto the problera of searcing for model to image
correspondences and pose estimatsoprovided by the SoftPOSIT algorithm7].
This technique is composed of two step#stly the softassign #9, 50] algorithm
determine correspondences between image aratlel pointdines Afterwards, the

POSIT (POS with Iterations) algorithm5]] iteratively estimates the pase
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Specifically, it usegshe POS (Pose from Orthography and Scaling) algorithm
approximatethe perspective projectiowith a scaled orthographic projectiothus
finding a coarse estimate of threlative statédy solving a inear systemHence, the
approximated pose is used to compute better scaled orthographic projections of the
feature points, and the proses iterated until convergende. [48], the SoftPOSIT
applicability was extended to the case in which lines are detected in the image
instead of points; this is important since lines are typically more stable than points,
i.e. more invariant to changing in lightning conditions and are lesdylitee be
produced by clutter and nois&lthough the POSIT approach can provide an initial
estimate of the pos#isis typically toocoarsethus potentially leading to failures or
slow convergence-ence,the SoftPOSIT algorithms used exclusively fothe pose

tracking step of the pose determination process.

If 3D sensorsare usedfeaturebasedalgorithmsfor pose determinatiomre
typically pointbased sincgéhe raw data can be used withagedingany complex
and time consuming detection methotieTcollectedlatasetexpressed in the sensor
reference frameis rotated and translated on the basis of the initial pdsece,
similarly to monocular approaches, thetual pose is obtained minimizing an error
function defined by a comparison withpoint-based remsentation of the target
model The best example of this approach is given by the Iterative Closest Point
(ICP) algorithm 52]. It is an iterative technique able to find the best rigid
transformation to align two datasets (registration) byimmiring a cost function
which measures the similarity level between corresponding elements. Although the
ICP concept is proposed to regiséey kind of sets of measuremenigjich can be
composed opoints, lines,or planes, it is mostly used to aliga measured point cloud

to a model point cloud for pose determination tasks

2.2.2 Appearancebased methods

In order to avoid the necessity of complex feature extraction steps, an alternative

solution for pose determination consists applying appearancéased approaches
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They are specifically tailored for pose estimation or recognition of obfeustsg
complex articulated shapes.g. human hands or faceshen dealing with 2D data
(no LIDAR). A distinction can be made betweAntive Appearance Models (AAM)

methodq57] as well as solutions based on the Principle Component Analysis (PCA)

[65].

The original AAM methodstates that the appearance of an aigan be defined
by its shape, i.eset of 2D landmark points of the objentage as well as by its
texture i.e. set of intensity values of the pixels g inside the shapé&iven this
definition the pose estimation problem is solved by finding the best transformation
that fits the observed appearance (current image) and xihected appearance

(model).

Mittrapiyanuruk et al. $8] have introduced and tested in laboratory two AAM
algorithms able to track the pose of a moving target respectively from images
generated by stereovision systert8D technique)and a single camera(monocular
technique) Both these techniqueseed an initial guess of the pose thus not being

suitablefor pose acquisition

The PCAis a technique used to analyze multidimensional datasets. Specifically,
it aims at deriving their principal directionse.i.the main related information, by
studying eigenvectors and eigenvalues of the associated covariance matrix. For this
reason PCA-based methods for pose determination generally known as
eigenspace approaches. Instead of considering every possiblefitige target (like
it is doneby TM-based techniqugsonly a limited number of views$orming a basis
in the eigenspaceare considered. The pose of the object at the time of interest is
computed by representing the actual image collected by the sassarlinear
combination of the reference images forming the eigenspaceexample of
monocular PCAbased approacis presented ing9]. Also PCAbased methaican
be used for poseackingif a reasonable initial gues$§the pose iswvailable.

Both AAM and PCAbased methods require a preprocessing stage perfammed
a series of sample imagds the former case, is needed to build the appearance

model, whilein the latter ongit is used to create the eigenspace and to perform
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segmentation of the olgefrom the image backgroundnother difference is given
from the fact that PCA involves the minimization of a tioear error function,

while the algorithms based on AAM are linear, though iterative.

2.2.3 Comparison and synthesis

A compact survey ofmodelbasedtechniques suitabléor determinng the pose
of an uncooperative target with respect to an observer, by using EO sensors, is
provided in Table.1.

l\/lodel-pased Methodology bata Acquisition | Tracking References
technigue type
2D YES YES [41]
TM-based
3D YES YES [53-56]
BHT 3D NO YES [42]
Feature- 2D NO YES [43-46]
based lterative non
linear
3D NO YES [52]
Iterative linear
(SOftPOSIT) 2D YES YES [47-51]
2D NO YES [57, 59
A AAM
ppearance 3D NO YES [57, 58]
based
PCAbased | 2D NO YES [59]

Table 2.1 - Survey of modetbased techniques for uncooperative pose determination.
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According to this survey, only TNdased methods and the softPOSIT algorithm
are suitabldor both acqusition and trackingThe former ones are typicalhot fast
enough for tracking due to the necessity to search in the e+ili@F6pose spac@n
exception to this statement is given by the BH&ing a TM approach specifically
tailored for tracking applicatianOn the other hand, the initial solution pided by
softPOSIT can be too coarse to ensure safe transition from acquisition to tracking.

Featurebased methods represent a more convenient solution to uncooperative
pose determination with respect tppaarancéasedones Indeed, they arenore
reliableto large variation of the pose which can occur in space eadcausdost of
validity of the appearance modeAlso, they can provide solutions to both the
acquisition and tracking issues, and they are applicable independently of the EO
technol@y adopted(while appearancbased techniques are intrinsically related to
the processing ofingle cameramages also in the case of the stereo approach in
[58]).

Appearancébased methods have the advantage of not requiring feature detection
steps thus being particularly convenient ioluttered backgrouh However, this is
not an issue in space applications where in most cases, segmentation of the target

with respect to the backgrouisiextremely easy.

This explains why featurbased algorithms are seted for spacecraft pose

determination in close proximity, as it is shown in the setchapter

2.2.4 Space applications

This subchaptercontainsa survey of modebased techniques conceived for
pose determination of nesboperative spacecraft fpyocessing measuremeiasEO
sensors Their performance habeen assessed by meaf numerical simulations
off-line runs on data gathered during previous space missioAsefbr realtime

runs on data gathered by means of experimentabésis.
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Firstly, monocular approachdsoth for acquisition and trackingre addressed.

Full monocularbased pose determination architecture is propaseAstrium
Satellitesin the framework ofa program foroptimization and implemeation of
sensors and navigah solutions onboard debrisremovalve hi cl e named AT
Debritordo with the main objectivi6l.t o ensu
Specifically, pose acquisition is performed by applyangustomized version of the
silhouetteTM algorithm [41].Indeed, modifications are necessary to be compliant to
the specific feature of TM approaches(valid for both monocular and 3D
algorithms),when they areadopted fo spacecraft pose determinatiddpecifically,
sincethe database is generated during a noegssing learning stage carried out off
line, it must bestoral on board the chaser. Hendgo issuesarise which are

indicated hereunder

1 Necessity to limit the computational cost related to #erch in the 6
DOF database to avoid losing track of theget.

1 Necessity to restrain the amount oflomard data storage.

In [66], these issues are dealt with by building -BQF databasetl{e view
points are sampteon a spheras it can be seen in FiguPet) with a hierarchical
structure Oncean edgebasedmnatching stage is completed, the remaining unknowns
are obtained through the segmentation of the silhouette oblbject. This strategy
accelerates the algorithm's convergebaoe it is spread over multiple frames, thus
increasing the rislof losing track of the targetPose tracking is performed by
applying the edgéracking method in 45 modified to improve robustness with
respect to outliers. Algorithms' performance is evaluaiedsyntheticimages of
debris,i.e. anAriane 4 upper stagend a Spot family satellifand real images of the
Soyuz TMA12 spacecraftaken during itsendezvous phase with theternational
Space Station (ISS)The former ones have beeimulated using anAstrium
rendering tool calledSurrendél (based on clagsal rendering functions, adapted to
peculiarity of space environment and debris propgrtasupled with a simplified
space dynamics simulator teproducedrajectories and satellite dynamié&nge and
tumbling rate of the simulated targétgve been se@espectively variable from 10 m

to 100 m and from 0°/s to 2°/s, in order to be consistent with the typical requirements
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of the final phase of an ADR mission. Thgaithm provided good results averaged
over several tests. Specificallhe attitude error was around, I¥hile the position
error varied approximately from 5nto 5 cm as the range decreased frormb@®

5 m. Additional results can be found in [67, 68}s regards the computational load,
the authors claim the algorithns be still at a prototype level since they afde to

run in reaftime but only onground.

o Prototype A\ |
model views Tl

Figure 2.4 - Template (prototype model view) generatiorby sampling a2-DOF relative attitude

space (spherical coordinates) for silhouette TM [66].

Anotherapproach for spaceborne pose determinatfomoo-cooperative targets
based on monocular images is proposedhe framework of a program from the
German Space Agency (DLIRG9]. Acquisition isaccomplishedby exploiting a TM
methodbased on the concept pkrceptual grouping [70]Perceptual groupsare
combinatiors of lines and poirg to be extractedrom both the model andthe
acquired imageand then to be matchet@ihese entitiesre morerobust descriptors
thanedges or cornershusensuringa more reliable matching process.this case,
the database is given by all the possible perceptual groups extracted from the model,
and the initial pos solution is given by the vigwint which gives the best alignment
between rodel and image perceptugtioups. On the other hand, pose refinement and
tracking are performed by applyingrespectively a multi-dimensional Newton
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Raphson methodnda weighted iterative batch leastuares estimator withiori
information. Both these techniquesry to find the best alignment between
corresponding perceptual groyupghich are rematched after the initializatiorThis

pose determination architecture is summarized by the flow diagram in Ri§ure

Lost-In-Space

[10" pxI rms] -
Netwon Refined

[10° pxl rms] s
Monocular > Image e Dedicated search & B”est Fit
Image (2D) Processing of features [<10° pxl rms]

Y v

Spacecraft Perceptual i i 7
Model (3D) > ‘diouping =~ 'Mitial Pose = Refinement  » Model Matching = Final Pose

Pre- & L] i L]
computed

Try alternative perceptual .
group upon failure Gradual inclusion

Lost-in-space function of measurements
only required at initialization

Figure 2.5 - Spaceborne monoculatbasal pose determination architecture [69].

The performance of this approach is evaluated by runs over real images collected
during the ARGON experimemtf the PRISMA missiorj24]. The authors claim the
tracking algorithm to be reliable enougdccuracy ofLO cm and 10 in position and
attitude respectively)provided that thenitial angular error iskept below 40°.
Moreover, theystatethe majorimiting factor for accuracy and reliability bein the

image processing modykhich isnowbased on theiT.

Liu and Hu addressed the problem of finding the pose of-cmoperative
cylindershaped spacecrdfly processing images from a single canjéfj. A coarse
estimate of therelative orientation of the symmetry axis and of thelative
translation vector (4 DOF) is obtainday exploiting projective geometryafter
havingmatchedellipses extracted from the acquired imatgethe onesn the model
[71]. Hence the solution is refined by optimizing a ntinear objective function
The full pose (6 DOF) is then computég exploiting information provided by the
nonsymmetric components of the spacecraft, e.g. antennas and solar arrays. This
method does not need any initial guess. The accuracy of this approach is assessed by

exploiting real pace image®f the Soyuzas well assyntheticimagesof the same



Chapter 2 Spacecraft pose determination in clpseximity. 26

targetgenerated by the Satellite Telit (STK). A significant issue is given by the
worsening of the relative position accuracy as the rotation of the cylinder with
respect to its transversaxes increases. Moreover, the method would probably suffer

from partial surface occlusion which mdgny ellipses to be detected.

Additional spaceborne featutgased techniqueare specificallytailored topose

tracking 6,72, 73, thusrequiringan initial pose estimate

Kelsey et al., from the Scientific Systems Company Inc. (S$@ledesigned
both the HW and SW components of a Vision System for Autonomous Rendezvous
and Docking (VISARD) for OOS applications[26]. Given a coarse pose
initialization and images from a single camera, the system is able to perform pose
refinementby exploiting the edgé&racking approach frorf#4], and pose tracking, by
using an EKF.Performance analysi®f VISARD algorithmsis provided by
processingmagesobtained froman experimental setuwhich allowsreproducing
various scenarigse.g. spacebased rendezvous and proximity operations, aircraft
mid-air refueling, and grountased visual servoing. Scaled replicas of existing
satellitesareused as targetbjects,namelya 1/20 scale Delta Il secorstage rocket
body model, a 1/72 scale Soyuz satellite modet a Magellan 1/24 scale model
Example of VISARD images are shown in Fig@ré.

elta |l Rocket, 1/20 Scale

186

Frame 26

ovIL0026 tif
Frame 26

Figure 2.6 - Scaled satellite models used for VISAREBXxperiments.
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The pose reéfiementalgorithmis statel to be ableto handle errors in the initial
pose parameters up 89° in attitude and 10% of the range in positiblowever,
algorithm performancsignificantly reduces as the initialization errimcreasesi.e.
the standard deviationf the angular error is 1.33° for initial errors below 2° and it

becomes 10.22° if the initial error is below 30°

Cropp et al.estimate the pose ohaincooperative target by matchirgpre
generated 3D line modelith lines detected in the imag@é2]. At first, image lines
are detected with supixel accuracy thanks tthe HT. Then, heuristics are used to
generate a list of correspondences between image and modeThiess aimed at
reducing the computationabstsince otherwise all the possible matches would have
to be processed. However this represents also a significant limitation of the
algorithm asthese heuristics are strictly related to the geometrghe considered
target Once the correspondencevédeen found, two leastjuares error functions
which satisfy specific geometric constraint [/dte minimized to gethe relative
attitude and positianA method based oRandom Sample Consensus (RANSAC)
[33] is used to improve algorithm robustness against incorrect maidneselative
pose is computedseveral times, considering different subsets of line
correspondences, within the initial global set. The quality of each estimated pose is
computed by mjecting the model on the image plane and evaluating the differences
in position and orientation between the corresponding lines. Hence thi Ipese
parameters are determined and a G&lwston minimization is péormed to
improve the solutionA series of numerical simulationare realized considering
UoSAT (a microsatellite from Surrey Space Centas target They show the
capability of the algorithm tattain an average rotation error leggan 5° and an
average translation errof about 2% of tk target range (maximum 10 nkjowever,
the authorsstate that the accuracy could be improved by applfitigring

techniques exploiting information fromultiple successive frames

Anotherpose tracking algorithm [73] is proposed by a Spanish com{ialuly
Aerospace and Defense) in the framework of the COBRA IRIDES experiment which
aims at modifying thattitude motion of a neoooperative satellite byneans of the

interaction between the thruster exhaust gases and theitselfeff75]. Specifically,
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a modified version of the edge tracking approach provided in [44] is addpted.
envisagesan original solutionto extractfrom the modelonly salient features, i.e.
silhouette, creases or bouniéarwhich are candidates to match image edges, as well
as toremove hidden lines. In order to test algorithm performance, real images from
the PRISMAandPicardmissiors are takenpand the pose is initialized by manually
matching model and image cornas shown in Figur@.7. The analysis of the
results shows thdhe algorithm provides a tracking error of a few degel tens

of cm in the relative attitude and positjsaspectively

Figure 2.7 - Manual pose acquisitionbased on modeimage point correspondencesn the case
of the Picard satellite[73].

Moving on to 3D techniques, several pose determination archite¢a6e36,
77] have been proposed, capable of relying on point clouds measured by active
LIDAR and/or passive stereo vision system

Neptec has developed a vision system for autonomowshinrendezvous and
docking that does not require the use of cooperative markers on the target spacecraft.
The system uses efficient modmsed algorithms [56)developed in collaboration
with the Canadian Space Agency (CS#)provide 6DOF rdative pose information
in realtime by processing point clouds from the active TriDAR 3D sensor Pt8k
acquisition is performed by an innovative object localization algorithm, namely the
polygonal aspect hashing (PAH). It is a pdwatsed technique which allows
accelerating the searchrfthe pose solution within aBOF database built offine,
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by restraining it to those setdf parameters for which the target model surfaares
aligned to one or more polygofsomposed of about 4/6 pointsktractedfrom the

input datg as shown inFigure 2.8. Given the pointcorrespondences for each
polygon, a pose solution is computed. However, the algorithm outputs the one which
minimizes an error functionfhe process can be repeated with more polygons from
the sane input point clouar from newly acquired point clouds over time in order to
improve accuracyPose trackingjnstead,is performed by means of a customized

version of the ICP algorithm.

Sensor 3D Data

-
Selected poly{o"

Reference 30 model

Match polygons
W"--'u‘.’ .............. ..

R

Figure 2.8 - Pose acquisition by polygon matching [56].

Algorithms performance is evaluated by means oflwi¢ runs over simulated
and real sensor data of a 1/2 scale model Bfessurized Mating Adapter (PMA)
which isconnected to a lateral port of a Naofeehe ISS. Specifically, the robustness
of the PAHtechnique against reduction in the size of the point cloud, occlusion and
spatial resolution is testedhe algorithm is considered successful if the errors
remain 20 cm and 10° in position and attitude respectivgigh values of the
success rate ambtained if the number of matched polygesidarge enough (more
than 4) despite the reduction in point cloud size and sensor resolution (due to the

increase in the relative distance), while the effect of occlusions starts being relevant
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causing a drop iperformance when the target visibility goes below 58%regards
the ICP algorithm, iprovidesaccuracies below 1 cm and 1° in relative position and

attitude respectivelyf79].

Jasiobedki et al. designed a vision systgii] that was proven capable of
determining the pose of a known satellite éprerationsat medium and short range
by using modebased 3D algorithms able to process data fao@rrestrial scanning
LIDAR, i.e.the Optech ILRIS3D [80], or two stereo cameras [84s regards pose
acquisition, a TM approach is presented whaddressethe issue of computational
efficiency by exploiting the idea of splitting the computation of the pose parameters
in two phases, like it is done in [6@pecifically,the PCAIs appledin order to find
the orientation of the target main axis. Hence, a 3D binary TM algofibms used
to look in a 4DOF database for the best estimate of the remaining rotation and the
relative position parametens.is clear that a major limitatioaf this approach is that
it is specifically tailored for objects having an elongated shAfsm in this case,
pose tracking is performed by means of a customized version of the ICP algorithm.
Algorithms' performance is evaluated within a testbed develgpedlacDonald,
Dettwiler and Associates Ltd. (MDA). The experimental setup, depicted in Figure
2.9, includes two industrial robots, one holding the instrument, the other holding an

exact 1/5 scaled replica of Radargat

Figure 2.9 - MDA experimental setup[76] to test uncooperative pose determination techniques
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The two robots can follow predefined trajectories so that not only the acquisition
but also the tracking operational mode can be tested. The illumination system can
simulate drect sun light and Earth albedo, and actual space surface materials are
used to create realistic effecédgorithms' performance depends on the sparseness of
the point cloud. Howevean asymptotic behavior is reached when the number of
points goes abov2000. Specifically, pose acquisition shows-si@igree accuracy in
relative attitude andn accuracybetween3 cm to 5 cm in relative position. On the
other hand tracking accuracyis below 1 cm and 0.4° in position and attitude

respectivelyindependently of data sparseness.

In [42], performance of several variant of the BHT methods is compared to the
ICP algorithm in terms of computational load and accuracy level for pose tracking
Also a hybrid techniques which applies the BHT and then esfiits solution by
means of the ICP algorithm is tested. This is done by using both simulated LIDAR
data, obtained thanks to the Virtual Reality Modeling Language (VRML), as well as
real data gathered by the same experimental setup as in [76]. Resalt®dbiing
the Radarsat satellite as well as freeform objects (e.g. a dubkosaur, a molecule
model) as target, show that the hybrid method provides the best performance
Similar values of the accuracy level and computational load are obtained

independently of the target shape

Sommer and Ahrns [77] developed a conceptual Guidance Navigation and
Control (GNC) system layout for rendezvous operations toward scoqperative
but known space vehicle. An active LIDAR system is considered as the main relative
navigation sensor, whose measurements are processed by 3D-basekb|
techniques for pose determination. Pose acquisition is performed by applying a TM
approach which exploits small range images (30x30 points) to improve the
computational efficiency, while pose tracking applies the ICP algorithm.
Performance is testasithin a numerical simulation environment which reproduce
LIDAR operation andtargetchaserrelaive dynamics fora linearly approaching
trajectory.The selected target ENVISAT, being a perfect example of large debris
in low Earth orbit. The TM approach provides aftitude errorof about 5° The

tracking algorithmensuresan accuracy of fewentimetersfor the position and less
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thanl° for the attitude while the relative range varies from 50 m to 1Betow 10

m, the performance significantly worsens due to the redudfitime target visibility.

In addition to purely monocular and 3D techniqueshybrid approachto pose
tracking of uncooperativespacecrafti.e. characterized by the simultaneous use of
both passive and active technologibésis been conceived and test[82]. Two
different sensors are usedl Photonic Mixer Device (PMD).e.a3D Time-of-Flight
(TOF) camerajs used to collect range images which are processed to measure the
target distance in the sensor boresight direction and the relative rotation with respect
to this direction. The remaining 3 DOF, i.e. the crossesight cormponent of the
relative position vector and the relative rotation around the boresight axis, are
obtained by processing monocular images from an-tegblution grayscalecamera
The proposed algorithm compares the acquired sang#the monocular imageta
target model represented as a set of plane and outer lines. Hence, the camera and the
PMD respectively perform edgeackingand plandracking. Thistechniquehas
been extensively testedithin the DLR facility called EPOS (European Proximity
Operations Simulatoighown in Figure2.10, using a scaled moekp of the rear part
of a Geostationary Earth Orbit (GEO) sateliitetarget

PC-based real-time
facility control system

Robot] Linear
(KER100HA)} slide

Robot2
(KR2400

Figure 2.10- EPOS facility at DLR [82].
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An approaching maneuver is simulated with relative distance varying from 22 m
to 4 m. If no artificial disturbance is applied to the relative trajectory, the algorithm
provides sukcm and sullegree accuracy in relative position and attitude. If sine
disturbances are introduced, the accuracy level reduces for any estimated DOF.
However the performance worsening is more relevant to the DOF computed by
means of the PMD, potentially due to its limited resolution.

This survey is summaridein Table 2.2. Globally, both active and gssive
technologiesgive promisingand comparablegesultsin terms of pose estimation
accuracy Passive sensors are lighter, less expensive and power consuming, and
provide larger frame rates than active ondewever, LIDAR have fundamental

advantages in terms of

1 capability to discriminate target frobackgroundsegmentatioh

1 levelof autonomy

Indeed, segmentation can be negatively affected by the presence of the Earth in
thar Field of View FOV) of passive sensorsyhich are alsomore sensitive to the
variahlity of theillumination conditiors. This latter aspeatan preventhe extraction
of robust featuresDuring space operations without groucahtrol, the necessity to
increase the autonomy levak much as possibls cetainly a driving factor.
Moreover, recentdevelopmentsn innovative detectors(e.g. the AvalanchePhoto
Diode, APD), compact scannesystems(e.g. the Micro-Opto-Electro Mechanical
Systems,MOEMSs), and high-power and shoHpulse laser sourceshave pushed
LIDAR applicatiors in space Hence, this thesideals withthe development anithe
performance assessment of 3D meugded algorithmsy focusingon LIDAR,
althoughthe proposed concepts are easily extendable to the tasssive sreo-
vision systera. It is also important to state thattive systems typically have low
resolution thus providing sparse datasen one side, thisllows significantly
reducing the computational load, which is further limited by the fact that most 3D
techniques are ponftased thus relying on direct processing of raw datethe other
side, this could limit the algorithms' accuracy levelence, it is essential to

demonstrate capability of the proposed techniques to propedormance
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clouds, occluded target images,dhighly variable target shape.

Experiment

EO

Performance

Pose determination R Target
owner sensor analysis criterion
I Ariane 5 upper
, Acquisition and tracking off Img runs on stage
Astrium CCD . synthetic and real .
Silhouette TM [4] . Spot family
France camera Edgetracking B5] imagesfrom past satellite
missions
Soyuz TMA12
cop | FCdisiton anld racking ¢ line runs on real TANGO (target
DLR erceptual group images from past| of PRISMA
camera matching [70] missions mission)
Edgetracking [69]
Beihang cch Acql_Jlsmon and_ tracking O_ff-llne runs on rea
; . Ellipse matching and images from past Soyuz
University | camera| . : . =
iterative refinement [46] missions
Realtime runs on Delta Il second
CCD Tracking . stage
SSCI . real images from
camera Edgetracking [44] : Soyuz
experimental setup
Magellan
University | CCD . Tracklng . Off-line runs on Uosat
Line-to-line matching . . . :
of Surrey | camera [72] simulated images| microsatellite
GMV ccD Tracking Oifr‘;gnzg?osn?” | TANGO
camera Edgetracking [44] ges T P Picard
missions
Acquisition and tracking| Off-line runs on rea
Neptec LIDAR PAH [56] point clouds from PMA
ICP [52] past missions
MDA LIDAR | Acquisition andracking | Reattime runs on Radarsat 2
Robotics Steree 3D binary TM [55] real images from Freeform
camera| ICP [52]and BHT [42] | experimental setup objects
: Acquisition and tracking .
ASUIUM 1) \pAR T™ [77] Off-line runs on ENVISAT
Germany ICP [52] simulated images
PMD Tracking Realtime runs on :
DLR CCD Hybrid camereLIDAR real images from GEO satellite
. mock-up
camera approach [82] experimental setup

Table 2.2 - Survey of modetbased techniques for pose determinatioof uncooperative

space targets
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2.3 Pose determinationarchitecture

Hereinafter, the moddlased algorithms developed to estim#te relative
attitude and position of a servicing spacecraft with respect to scouperative
target satellite during cloggroximity maneuversre presentedlhe algorithms are
3D, meaning that they are designed to operat8D@npoint cloudswhich can be
provided by either an active LIDAR (directly) or a passive stereovision system

(through stereo processing).

To this aim, the following rules are adopted concerning rirethematical
notation: italic type is used for scalar quantities and quaternions, italic type with a
single underline is used for other vectors, and italic type with double underline is

used for matrixes.

For the sake of mathematical simplicity but withdosing generality of the
exposition, tle proposed algorithms estimate thedative position and attitude of a
target reference frame (TRF) with respect to a sensor reference frame (SRF) which is
relative to the EO system installed on board the chaseazethdhe rigid rotation and
translation between the SRFdaa chaser reference frame igréori known by
construction.The relative poseector ) is composed of 6 parametensis the3D
relative position vectoof the chaser with respect to the targetiexpressed in SRF,
while the rotation matrix from TRF to SRR)(is derived by a 321 sequence of Euler

angles (i.e., yawg, pitch,b, and roll,J) or equivalently by the unit quaterniam,

The logical schemef the adopted pose determination architecisirepresented
in Figure2.11. The pose acquisitioblock receives thérst acquired dataset in input
and estimatesthe initial pose vectorpf) without requiring anya-priori solution
Different techniques are proposethich aredescribed in detail iisub-chapter2 4.
Then, po is adopted to initialize thgose tracking block which estimates the time
evolution of the pose parametdrg processing new measurengiior the tracking
step,differentversionsof the same ICBased algorithnare described isub-chapter

2.5. This architecture follows the concept expressed in Figixemeaninghat pse
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tracking is augmented bypose refinemendtepaimed aimproving the accuracy of

the tracking initializationonly on the basis of previous estimatétowever, this
architecture is improved with respect ttee solutionswhich can be found irthe
literature, as iincludes strategies ®nhancealgorithms' robustness toward possible
failures. Indeed, on one sidan additional blocks introducedto manage the safe
transition from acquisition to tracking by solving any possible ambiguity in the pose
estimation procesgsee subchapter2.6). On the other sidethe pose solutions
provided by bothacquisition(after the transition ste@nd tracking algorithsare

subject toa supplementary step foresdenautonomous failure detection.

POSE ACQUISITION

ACQUISITION to
TRACKING

Subsequent
datasets

POSE TRACKING [

AUTONOMOUS

POSE REFINEMENT FAILURE <
DETECTION

Estimated pose parameters
«T
*R>(a, B, y)org

Figure 2.11 - Logical scheme of the architecture proposetbr uncooperative pose determination.
Blocks containing modeibased algorithms are highlighted in redBlocks introduced toenhance

robustness and efficiency of the proposed architecture are highlighted in green
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2.4 Pose acquisition

24.1 3Don-line Template Matching

The 3D online TemplateMatchingalgorithm shortly indicated as eline TM,
IS a modetbased techniquable to estimatg,. All the previously mentionedM
approachesperating on 3D data [55, 56, 7&tploit off-line processing to build and
organize the oiboard database, areghch of thenforeseesa different strategy to
reduce theomputational cost of the dvoard processingn the other hand, the -on
line TM aims atimprovingthe computational effiency of the pose acquisition step
with respect tathe stateof-the-art approacheswhile simultaneously cutting down
the amount of data storagedeed, lhese aspect are both of utmost importancéor

closeproximity operationsn space

The online TM uses the idea of splitting the search for the pose solution within
the relative state space in two phases [55, 66], but in an innovativeAs&pon as
the sensor point cloud?) is acquired by the available LIDAR/stereovision system
the target initialrelative position Tp) is estimated by exploiting a ceniiing

approachas shown by eq2(1),

1ary ¥ ¥ 0
Ioz'Ec:' @.Xi a vy aZi8 (2.2)
Np Ci=t i=1 S

wherePc = (Pcx Pcy, Pc) andN, are respectively the centroid and the sizd?pf

while x, y; andz are the SRF coordinates of tfeneasured point).

Hence the searchior the remaining unknowns, i.e. the initial Euler angtgshp,
(), can be restrained to alBOF databaseThis procedure provides a significant
reduction of the number deémplates to be generated and compared to the sensor
datathus improving the computational efficiencyloreover, the datase can be

created dynamicallgince each template is generatedline, i.e. directly on board,
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just before being compared B In this way,the only data to be stored on board are

the geometrical information about the target needed to generate the templates.

A flow diagram which describes in detail the main steps of thénenTM is
presented in Figurg.12.

Oft-line On-line
* TM operational parameters. Sensor point cloud
o Yaw, pitch, and roll angular acquisition 2 P
ranges. !
© Angular sampling step (). | Centroid computation = T,.

*N sets of three Euler angles (a, £, ) -
or equivalently — Template generation =
*N quaternions (g). Piq, T,
Point clouds centroid
* Storage of the overlapping = Pr,(q, Tp)
Target 3D model. \L
Point clouds
correspondences
det ination =
Repeated for each set ¢ em:m% on
. (}_) ] 1_) Tm)
of attitude parameters. l,
Search for the minimum correlation Correlation function
value =2 (y, S, a,). evaluation 2 C(g, T)

Figure 2.12 - Flow diagram of the 3D online TM architecture. The estimatedinitial pose

parametersare highlighted by bold type

It is clear that, unlike traditional TM approaches, theliot# actions (enclosed in
the red box) arémited to the definition ofthe algorithm operational parameters, and

the storageof the target geometric modeéds regards the algorithm operation, it is
necessary to assign



Chapter 2 Spacecraft pose determination in clpseximity. 39

{ the range of variation of the Euler angles, ([el79°, 179°) for Uando,
and (189°, 89°) for b, where theboundaries are left out to avoid
considering ambiguous triplets;

1 the angular sampling ste@(with which the above defined intervals are

sampled.

Of course, the lower the value gdis, the larger the number of templa(@$

becomes

Moving to the oHine stage, oncéy is estimatedoy applying eq. 4.1), four
steps, enclosed in the blue box in Fig@rk2, areiteratedfor eachsampledset of

Euler anglegor, equivalently, foeach corresponding).

Firstly, atemplate, i.ea pointcloud (Py), is built by the3D sensor measurement

simulator(seesub-chapter3.3.1for detailsaboutthetemplate generatioprocess

Secondly,Pr is translated sohat its centroid Fcr) is aligned toPc, thus
maximizing the pointloud overlappingThis stepis necessarin orderto cope with
the misalignment due to the fact that #simation error inlo, which is used to
generate the templatesan even be afhe order of a few meters (depending on the
size and shape of the point cloud). If not eliminated, this misalignment could easily
make the algorithm produce wronglative attitudesolutions. The output of this
overlapping step is a modified templai{) computedoy applyinged. (22) to any

element inP.

P1o(@Ty) = PH(@,T,) - Per(Q,T,) +Pe (22)

Prmis thej™ element oy, andj varies from 1 to the size & (Ny).

Thirdly, templatesensor correspondencese determinedoy means of the
NearesiNeighbor(NN) approachi.e.each point irP is associated to the closest one
in Prm according the Euclidean metriit least in theory, the NN approach could be
applied by inverting the roles of the two point clods. associating each point in
Prmto the closest one iR). However,thefirst solution is adopted sindbe second
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one involves the possibility of excluding some measurements from the pose

estimation processhus potentially leading to performance worsening

Fourthly, the level ofsimilarity between the two point clouds is established by
computinga correlation function (C), which is defined ineq. .3) as the mean

square distance of corresponding temptaBsor poirg

- 2
(P - ETm(q’TO))‘ (23)

1
C(a,Ty) = N_a.

p izl
P'1mis theelement of the modified templaterresponding t&'.

Finally, once this iterative eline procedure is repeated for each given set of
Euler angles, the relative attitude solution is the triplet associated to the template

which minimizesC.

2.4.2 3D on-line Fast Template Matching

Although the online TM technique provides a significant reduction of the
number of templates to analyze, it is still highly time consuntitemnce a variant of
this algorithm is introducechamelythe 3D Online FastTemplate Matchingwhich

is shortly indicatedas online fastTM.

The main idea of theon-line fastTM is to exclude, from the evaluation of the
correlation functionthose templates which apstential candidates to produce large
value of C, meaning thathey are badly correlated with. Indeed, they can ba
priori recognizedby analyzing a parameter whicineasures the point cloud

distribution with respect to the boresight axis of the adopted sensor. Given & generi

point doud (PC), this parameteDgor, can bedefined aghe mean distance from the

sensomboresight axisas shown in eq2(4),
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1 '\.lfc - -
DBOR(P=C) =——a \/(XPCI )2 + (yPCI )2 (2.4)

NPC i=1
whereNpc, Xoc andypc are the size and the SRFossboresightcoordinates ofts i™
point, respectivelySo, referring again to the flow diagram in Fig@r&2, the onrline
fast TM requires executing the two final steps in the blue box ontlgefcondition

on Dgor defined byeq.(2.5), is satisfied

‘DBOR(E)_ DBOR(ETm)‘ ¢t
Deor(P)

(2.5)

Equation(2.5) states that all the templates characterized by a distribution with
respect to thesensorboresight direction which differs from the one Bfoy more
than a given threshold)( must be neglecte®f course the hwer the selectedlis,
the more the number of narorrelated templates increases, atahsequentlythe
larger the amount of saved computational time becomes. However, as it will be
shown in detail by the results in chapter 3Ji§ too low the algorithm may exclude
also potential good candidates to minimize the correlation function. Hence, the
selected threshold mushsure the bettdradeoff betweenthe computational time

saving andhenecessity t@ttain anegligibleloss of peformance.

Also, the computational time saving provided by this techniqaéféctedby the
fact that each template must be built and overlapped to sensor point cloud before
being able to decide whether its distribution is compatible to the measurethae.
means that the percentage of time saved thanks to this approach is always lower than

the percentage of necorrelated templates.

2.4.3 3D PCA-based online Template Matching

Due to the limitations of the dine fastTM, it is interesting to consider the
possibility of conceiving different techniques which exploit information obtained

from the distribution of the measured point cloud to further improve the
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computational effi@ncy while simultaneously keeping at the same level (or even

improving) algorithm performance.

To this aim the3D PCAbased odine Template Matching, shortly indicated as
PCA-TM, is introducedThis technique exploits the centroiding approach, as well as
the PCA and TM concepts to obtain an extremely large reduction of the
computational time with respect to the previously defined methods. The search for

the initial pose solution is subdivided in three stages.

Firstly, Tp is estimated by exploiting eq. (2.1), as done for both thknenTM

and online fastTM.

Secondly, if the target has &ongated shape (which is typical of mestive
spacecraft and debrifs main axis €¢) canbe estimated bgxploiting thePCA.
Indeed, 1 states that the principal directions of an assigned dataset are given by the
eigenvectors of the associated covariance matrix. Téwss identified by the
eigenvector corresponding to the maximum eigenvalubeotovariance matrixQ)
associated to the measured point clduds latter quantityis computedoy eq.(2.6).

2}

Np Np Np
a (x - PCx)2 a (% - Py, - Pey) a (- Pz - Py
= i=1 N

i=1 i=1

(Fe)
I

e
é
l e Np Np llj
N_ga PCy)(Xi ) a (y - PCy)2 a (- PCy)(Zi - PCZ)H (2'6)
e: i=1 i=1

Np Np
€3 (z - P)(% - Py) & (z - P - PCy) a(z- PCZ)2 u
@:1 i=1 i=1 H
If the estimated main target axis direction, expressed in SRF, is assumed to
correspond to the positiveaxis ) of the TRF, the relation between = (éux, ewy,
evz), andzis given byeq.(2.7), where the expression for the relative rotation matrix

is obtained by setting to zero the yaw initial rotation.

e€wd € Ccos,) 0 - sin(b,)  #0g
Seyg—gsm(ao)sin(bo) cos@,) sin(ao)cos(bo)@g @2.7)

@MzH @OS@o)Sin(bo) 'Sin(ao) COS@O)COS(bo)%lg

So, the roll and pitch angles can be estimated thardg. (2.8).
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a, = tan‘l(%)
Cuz 28)

—— —’—>('D:

bO = Sin-l(_ eI\/Ix)

Finally, it is necessary to computge which represents the unresolved rotation

around the target main axis.

This task is accomplished by means of adio@ TM approach in which a-1
DOF database of templates is built directly-tmard by sampling the range of
variation of9, i.e.(-179, 179), with a fixed angular sampling stegtill indicated by
@), which is the unique tunable parameter within the PIBA Also in this case the

number of templates is inversely relatedyo

For eachof the N values of 9, the four steps of the dime TM, enclosed in the
blue box in Figure.12, are repeated to evate the degree of similarity between the
corresponding template aid In this case the correlation functioBpcatv) IS given
by eq. (29).

i A 2
(E B ETm(g’awa’TO))‘ (29

1 N
Cocatn (8180, 0y, T) = N_a

p i=l

Hence,y is set as the value of the yaw angle that minim@as.tv. Although
this procedure is very straightforward, a further problem arises due to the
uncooperative nature of the target. Indeed, the PCA allows estimating, without
ambiguity, the target main axis, but its direction remains undetermined since there is
no way to estalish whethemry corresponds to the positive or negativexes in TRF.
Thus, two different solutions can be obtained for roll and pitch angles, indicated as
(Chy, Bo2) and (b, Bop), by applying twiceeq. (2.7) and eq. (2.8¢onsidering both the
positive and negative-axis direction. As a consequence of this ambiguity, the TM
part of the algorithm has to be run twice thus leading to a double solution also in the
yaw angle (i.ea, anday,). At the end of this process, twalues ofpy are available
which are listed in eq. (20),
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= (@01, Bo1s 901+ T o)

E
Py, = = (@02 Doz Go21 T o) (2.10

— =

where by; and by, are opposite whildlh; and -U, are supplementary angle3he
PCA-TM overallarchitecturas summarized by the flow diagram in Erg2.13.

Off-line On-line

* TM operational parameters. | Sensor point cloud acquisition |
o Yaw angular range.
o Angular sampling step (4).

= o

| Centroiding PCA

a a
N values of y 0 ”" ”2

* Storage of the Target }%

3D model.

Figure 2.13 - Flow diagram of the 3DPCA-basedon-line TM architecture. The estimatedinitial
poseparametersare highlighted by bold type

In spite of the necessity to solve the ambiguity betweemwbesolutions ineq.
(2.10), which is carried out by the acquisitimtracking transition step (semib
chapter2.6), the PCATM is an extremely promising approadhdeed, theon-board
data storage igestrictedjust like for the odine TM and online fastTM. Moreover
the PCATM provides a significant advantage in terms of computational efficiency
with respect to bothhe previously proposed approach&sis depends on the fact
that the TMbased search is liteid tothe 1-DOF databae thus cutting down the
number ofanalyzedemplates. Indeed, by varyimgfrom 10° to 60°N ranges from
26011 to 1960or the online TM, while it goes from 37 to 7 for the PCRAM.
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Finally, it is worth outlining that the PGAM robustness can benhancedy
introducing @& additional step which verifies the consistency of the direction
estimated by the PCAAIlthough most potential targets for OOS and ADR
applications have an elongatsidape, there coulde someposeconditiors at which
the target principal direction is occluded so ttat measured point cloud is retdile
to image it correctlyHowever, these conditions can be identifiedfore applying
the TM step by analyzingthe $ape ofP thanks tothe PCA. Thebasic idea is that
the ratio ) between the maximum and minimum eigenvalueQois a direct
measure of the elongation of the object observed from a specific point of view.
Hence, the higher the value rofs, the more reliable the estimataglis. The validity
of this procedure will be demonstrated by exploiting results from numerical
simulations in swthapter 5.2.3A modified architecturdor the PCATM, including
this consistency chegks shown in Figure.14. According to this schemef t is
lower than a safety threshol(dl), selected by analyzingff-line the target geometry,
it is necessary to wait for a certain amount of time, during which the true pose may

evolve toward most faorable conditions

Oft-line On-line

* TM operational parameters. ‘ Sensor point cloud acquisition H

o Yaw angular range. ﬂ

o Angular sampling step (4). @ Pose

acquisition
tandb;
‘ Centroiding | PCA ‘ Sy
a
N values of 02
1 ﬁo;
+ Storage of the Target
3D model.
YES

Figure 2.14 - Flow diagram of the 3DPCA-basedon-line TM architecture modified to include
PCA consistency checkThe estimatedinitial pose parametersare highlighted by bold type



Chapter 2 Spacecraft pose determination in clpseximity. 46

2.5 Posetracking

2.5.1 Customized Iterative Closest Point algorithm

The ICP algorithmis largely applied to deal with the problem of pose
determination since it is a simple and fast solution to register two datasets.
Specifically, it allows findingthrough an iterative procesfie best estimate of the
rigid rotation and translation necessary to align a goased representation of the
target toP. The ICP procedure comprises several different phases for each of which
many variants have been derive8]] However, three mandator stepscan be
identified.

1 Initialization. An initial guess of the pose parameter is usedxpress
bothP andPy in the same reference.

1 Matching Correspondences between model and sensor points are
determined.

1 Selection and minimizain of error metric dnction. t monitors the

convergence of the algorithm

The proposed customized ICP algorithm [8d]obtained by selectingpecific
solutions forthe abovementioned stages. However, it also foresees the possibility to
activate an additionaleighting step after matching, and it includes a strategy for

autonomous failure detection

With the exceptiorof the tracking phase startimg which the initial guess is the
one provided by pose acquisitiaggch time a new dataset is availalhefirst ICP
iteration is initializedby a prediction algorithmdl], which is in charge of the pose
refinement step within the pose determination architecture depicted in Bigjlrét
is a linear kinemationly filter which updates the valuestbie previous estimates of
the Euler angle on the basis dlfieir time derivative and itis aimed at both

accelerating algorithm's convergence and improving its accuiHuy subscripts
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“INIT" and "EST" in eq. (2.1]) indicate respectively the initial guess and the ICP

estimate for ach Euler angle

e da
|a|tN:'T _aESITl +—==1 (ti - ti-l)
i dt |
[ =, , OBggr
buir = besit +—23H (- t,
% INIT EST dt t:ti_l( i |-1) 2.19)
T dg
1 gItNTT = ES'T1 + =51 (ti B ti-l)
[ dt 1=ty

As regards the matching stegyot different methodsnamely the NN and the
Normal Shooting (NS),are conpared in terms of performance accuracy and
computational efficiencyWhile the formemethodassociates each sensor point to
the closest one in a pointoud generatedff-line from the target modeli.e. the
model point cloudRy), the latterone generate$y dynamically, i.eonline at each
algorithm iterationby projecting the sensor points drefplanes corresponding to the
closest target model surfaeecording to the local normarhe difference between
these two methods to determine sefmmodel point correspondenceshighlighted
in Figure2.15, considering 1D problenso thatin the NS casdhe target model is

a single linginstead of a planeyhose normal is.

—#— MODEL POINT CLOUD
NN M SENSOR POINT CLOUD
[ I | [ | [ | o ZI [ o
= = = = = = = n
TARGET MODEL
NS B SENSOR POINT CLOUD
H  MODEL POINT CLOUD

Hc—>»0N
H<—>n
*4—)‘.

]

Figure 2.15- NN and NS solutions to the ICP matching step.
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If the NN approach is adopt&4; is preprocessed to build a-R tree B4]. This
is doneto accelerate the NN searatich otherwise could be very time consuming
since the size d®y is typically one, two or even three order of magnitude larger than
P (depending on how densely the surfaces of target 3D model are sanijled)
correctchoice for the oHline generation oPy, in terms of discretizatioms typically
driven by a trad®ff between accuracy and computational efficiency

It is now necessary to clarify a problematic which arises from the
implementation of the NS concejdeed, due tgotentialerroisin the initial guess
used torotate and translateé from the SRF tdhe TRF, some elements Bf; could
fall outside of the physical boundes of the target surfaces (see Fig@.46. The
simplest solution could be &iminate all the sensor/model point pairs for which this
phenomenon occurs. However, this could lead to lose too many information thus
compromising the effectiveness of the algorithm. Hence, a distance threslapld (
defined toverify the consistencgf projected model pointwith respect to the target

3D model, ast can be seen in Figure 2.16.

Pa
N
ys dp,

v

XS

p, — inside 2 OK
p, = outside=> dp, <15 2> OK
p; > inside 2 OK

p; = outside=> dp, > 1yg 2 NOT OK

Figure 2.16- Check of model point consistency for the NS
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Numerical simulations are performed to evalulte ICP sensibility to the
discretization level of the target model, for the NN, and to the valligsofor the

NS, whose results are presentedub-chapter 53.3

After matching a weighting step capotentially be introducedIt consistsin
assigning different weightsvj to the matched sensorodel point pairs. Specifically,
the weighting law shown ieq. (2.12 is selected, which assigns lower weights to
pairscharacterized bgreater distancedip). In this equation, the indaxidentifies
each point pair and madgp} is the maximum pair distance.

_ dICPi
max{d,cp} (212

As regards the selection of tleror metric function also indicated ascost
function(f), it is defined ineq.(2.13 as the mean squared distance of corresponding

modetsensor points

f@) =& /Py - RO (F'+T) (213
p i=l

In eqg. (2.13)P'v is the model point corresponding B This cost functionis
minimized through a closefirm solution based othe unit quaternionas proposed
by Horn[85]. Firstly, the covariance matrix ¢fie sensemodel pointpairs(Qsy) is
derivedby eq. (2.14) wher@cy is the centroid of the model point cloud, and it is
used to build a symmetric 4x4 matri@g) according to eq. (2.15)

_ 1 [\I.P i . i T
Q,, =n-al®- PR, - po,] .10
\ T
11/}
gr QSM) DQ ¥
s € T ( ¥ LU 2.15
e Do gSM +(=?srv| r 98M e 1 OLU N
g 0 0 1y
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In eq. (2.15),tr(Qsw) is the trace ofQsy, wWhile g is the column vector
composed of the owif-diagonal elements oBsy - Qsu'. Once the optimal
quaternion(qicp) is estimatedas the eigenvector corresponding to the maximum

eigenvalue oDg, T is updated by means ef.(2.16)

I= B(qICP)ECM - Pe (2.16

All the abovedescribed stages of thimplementation of théCP algorithm must
be iterated since a convergence criterion is met. Specifichltystop condition is
reached when thé&me derivative of the cost function between two subsequent
iterations goes below a threshold of ®1én’. Moreover, in order to limit the
achievablecomputational time, a maximum number of 30 iterations is considered for

each run of the techniqué&he value of the cost function at convergence is indicated

asfconwv

Once the convergence criterion is met, the pose solution must be subject to the
autonomous failure detectidslock shown in Figure 21, in order to move on to
subsequent time stefphe autonomous failure detection strategy is {a#3ed, as it
relies on the fact that the value fgbny is @ measure of the algorithm's accuracy
level, i.e. the highefcony is, the coarser the estimated pgsts[31]. This means
that whenfcony is larger thara specific breshold fu), the ICP pose solution is not
reliable and the algorithm must be applied to the next set of measurements using the
same initial guess. The logical scheme describing this failure detection strategy is
shown in Figire 2.17. If the failure test is not satisfied for a fixed number of
subsequent applications of the ICP algorithm, the trackicgnsideredost and the
pose must bee-initialized again by means of the acquisition step.

Finally, it is important tanotice that this autonomous failure detection strategy is
applicable also after the pose acquisition skep.these cases, the "Customized ICP
algorithm" block in Figure 2.17 is not representative of the tracking phase but of the

transition step from acdgition to tracking as it is clarified in the next sabapter.
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Figure 2.17 - Autonomous failure detection strategyof the proposed pose determination

architecture.

2.6 Transition from acquisition to tracking

In order to ensure a safe transition from acquisition to tracking, arb#Sé&d
strategy is adopted. Again, the basic idea is to exploit the relation between the

accuracy level attained by the ICP algorithm and the valée Q.

If the online TM or theontline fastTM are in charge of pose acquisitiance
the initialization is available, thé&ransition simply consists in applying tHEP
algorithm and the verifying whether the pose solution is reliable to move on to the

tracking step by means of tfalure detection strategyrhis substantially means that
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if the conditionfcony < fm IS not satisfied the transition is considered not successful
and the pose acquisition must be applied agaia subsequent dataset provided by
the available sensait is worth outlining that the maximum iteration number is set to
100 during this transition stems a further safety criterion. This necessargince

the pose parameter galpat the ICP algorithmhas to fill is larger than whethe
tracking phasehas aleady starteddue to the coarsaccuracy of the pose estimate
provided by the acquisition step

If the PCATM is adopted, the acquisitieio-tracking transition requires a
strategyto identify which is the correct pose solution between the two possible ones

listed in eq. (2.10). This strategy is summaribgdhe flow diagram in Figre2.18.

PCA-TM algorithm Pose estimation standby  [$]

ORNC

Figure 2.18 - Flow diagram describing the strategy adopted to safely manage the transitidrom

acquisition to tracking in the case of the PCATM . Possible final outputs are highlighted in red
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The first stepof the procesgonsistsin applying twice the ICP algorithm by
exploiting the NN approach, taking as initial guess hmthand pg,. This provides
two possible solutionsp{xny and ponn) @s well as the corresponding values of the
error metric functiorat convergencéinn and fonn). If the latter values differ of more
than a threshold¥) of 10° m?, the ambiguity betweep;ny and pony can be solved.
Thus, the pose solution corresponding to the lowest betfygeand fony is taken as

input of the pose tracking stag®+).

If the NN approach provides ambiguous pose estimatesf;ig- fonn | <&, the
procedure is repeated, starting frpp andpg,, but applying the NS approach. This
leads to a couple of solutionpi(s and pzng, SO thatpor can bedeterminedby
comparing the corresponding values of éner metric functiorat convergencéins
andfong. Also in this case, if the solution is still ambiguous, ifend- fans| <, it is
necessary to wait for a certain amount of time, during which the true pose may
evolve toward most favorable conditions, and to execute the R€Algorithmon

an updated set of 3D measurements.

In conclusion if the ambiguity is solved, also for the PaM the final checlof
the transition process to apply thelCP andwait for the outcome of the failure

detectioncondition as showim Figure 2.17
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Chapter 3 - Models andsimulation environment

3.1Introduction

One of the main issues related to research activities osuthject of relative
navigation between spawaft flying in closeproximity is the lack of reliable and
effective means by which innovative technological and algorithmic solutions can be
proved Indeed the amount of opeaccess data about uncooperat®®S or ADR
space activities is extremely limite@indthe capabilityto realize meaningful tests on
ground isrestrainedby the difficulty to reproducewithin an experimental testbed,
realistic conditionsespecially interms of illuminatiorand relativadynamics. Hence,
in order to fully assess the performance of technologesl algorithms for
uncooperative pose determinatiginis necessary tmtegrateexperimentatests with
numerical simulationdndeed realisticsoftwareenvironmentsnsure the Esibility
to reproduce a much wider range of operatloconditions with respect to an

experimental setup

For these reasons, the purpose of this chapter is to describe the numerical
simulation environment developed in MATLAB, designed to evaluate the
peformance of the pose determinatialgorithmspresented irsubchapter2.4 and
2.5. This simulation environment, whose architecture is depicted in FRjdyds

able to realistically reproduce

1 highly variabletargetchaserrelative dynamics during relative navigation
operations like rendezvous, station keeping and monitoring,

1 andthe operation oA LIDAR capable of acquing 3D point clouds.

Also, it includes the implementation ahe abovementioned modetbased

algorithms.
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Firstly, the input data about target and chaser absolute dynamics are processed
within a relative dynamics simulator to obtain the true relative position and attitude

parameters.

Secondly, these latter data, ttdwggr with the LIDAR operational and noise
parametersand the target 3D model, are exploited by a complex LIDAR simulator
which includes modeling of all theelatedgeometric, detection and noise aspects,
thus generating realistic point clouds.

Finally, the pose determination algorithms are appledet estimates of the
pose parameterso thattheir performance in terms of estimation accuracy and

computational efficiencgan beevaluated.

Relative trajectory RELATIVE MOTION
design parameters MODEL

Target/chaser
rotational dynamics

Target/chaser mean RELATIVE DYNAMICS
orbit parameters SIMULATOR

T
parameters
model

LIDAR MEASUREMENT SIMULATOR
LIDAR operational —— GEOMETRIC
MODEL
parameters

1
; i !
i |
1
; !
i i
i Detected DETECTION i
i point cloud MODEL ;
i i
i |
1
i | |
LIDAR noise i NOISE |
parameters i MODEL i
P i
Estimated pose POSE
parameters DETERMINATION

Figure 3.1- Architecture of the simulation environment for performance evaluation of
spacecraft posaletermination algorithms. The inputs, the intermediate data, and the final
output are contained in red, blue and green circles respectively. The violet dashed rectangle

identifies all the blocks composing the LIDAR measurement simulator.
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All the aspectsrelative to the abovdescribed simulation environmeiatre
organized in this chaptas follows.

Subchapter3.2 describes the measurement principle of LIDAR systems and
contains a review about spaceborne LIDAR adopted during missions involving

relative n&igation maneuvers.

Subchapter3.3 describes the LIDAR measurement simulator including details

about how all the related geometric, detection and noise aspects are modeled.

Subchapter3.4 is focused on the characterization of the simulated LIDAR

system motivating the choices of its operational parameters and noise data.

Finally, subchapter3.5 presents the selection of the targets adoptigainvthe
numerical simulation@and the method adopted to create their 3D mqdelsich

depend on the information required by the pose determination algorithms.

Subchapter3.6 describes the relative dynamics simulator which generates the
true pose from the absolute dynamics information of the chasethardrget. As
highlighted in Figure 3.1, thsimulator includes a relative motion model which is
used to determine the target &hd chaser mean orbit parameters, given the relative
trajectory design data input For the sake of clarity of the presentation, this model

is presented ichapter 4.

3.2LIDAR system overview

The termLIDAR is used to indicate a large variety of sensors @dhatbasically
able to measure distances by illuminating a target with a lasearzalgzing the
backscattered radiatiomhe main components of a LIDAR systemne the laser
source (operating in the ultraviolet, visible and IR regions of the electromagnetic

spectrum), the optics, the detector and the control electronics.
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The basic typology of LIDAR is given by laser range finders which use a single
detector to masure the distance travelled dypon-steerable laser beam. While these
systems are able to compute exclusively range anddf@ target3D LIDAR can
provide 6DOF relative information by acquiring date.g. point cloudswithin an
assigned FOVAs regards the technological solutid3i® LIDAR can be ranked into
three main groups:canning devices (e.g. sing®int, slit or pattersprojection
scanners)sensors based aetector arraysandspatial light modulators3-88].

Scanning LIDARhave typically one detector and yhare able to change the
directionof a single narrowaser beanby means of lenses, mirrors or other devices
moved by higkspeed and highrecision galvanometersthus providing high
resolution point cloudsAs regardsthe scanning pattern, several solutions exist
ranging from the classical raster scan (depicted in Figure 3.2) to more complicated
patterns, e.glLissajous rosette and spirals, which are able to cover the FOV faster

since they do not require stopping tlearsning mirrors at the end of a lif&9].

Observed
Object
Laser scans scene according to
some pattern (not necessarily
~__ theraster scan shown here)

Narrow laser transmitted by LIDAR is

reflected by the object and returns to —

the receive optics

LIDAR

Figure 3.2- Conceptual representation of scanning LIDAR measurement principle [88].

These sensors are relatively easy to calibsateethe user only needs to be
concerned about the light sensitivity atiching for one detectorHowever, they
contain moving parts which can be potential source of hardware faleseensure

poor frame rate due to the time nedtb scan the FO\And most of all theacquired
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point cloud can be affected by undesirable blifects due to the target motion while

the sensoscans it$-OV.

The second major class of LIDAgbntains those instruments which illuminate
the entire scenavith a single broad laser beam and use a detector array to
individually measure thd@OF of the light backscattered fromachpixel direction
(see Figure 3.3)The receiver optics and detector array operate in much the sa
way as a conventional camef@qg they do not have moving parésd their images
are not affected by noticeable motion blur. HowesgeannerleskIDAR have more
detectorsthus beingmore challenging to calibrgtandthe fabrication limit on the
size of the detector arraysstrainsthe size of the 3D point cloudius getting poor

and fixed spatiatesolution.

" LDARFOV

Broad laser pulse illuminates
entire FOV at once.

Observed |
Object

LIDAR

Laser is reflected off of objects in the scene and
simultaneously generate measurements to many
points in the scene on the focal plane array.

Figure 3.3- Conceptual representation ofthe measurement principlefor scannerless LIDAR
[88].

Spatial Ight modulatorsbasically operate by illuminatingortions of the scene
according toa pre-definedpattern and then seng thereturn with a single detector
The backscattered radiation is processed to obtain meaningful inforrbatiasing
compressed sensing algorithif80]. While the former two categorielsave been

already used for relative navigation on board previous spacecraft and for flight
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experiments spatial Ight modulators are innovative instrumentsstill under
developmentand far from practical space applicatié¢ior these reason, the attention

is focused on the first two categories.

Regarding thetypology of laser source, LIDARan be divided in pulsed or
continuouswave (CW) systemsThis distinction is valid tolaser range finders as
well as toscanning and scannerlesstruments In particular, sensors based on a

detector array which rely capulsed laser source are called flash LIDAR

CW LIDAR compute distances by measuritgg phase difference betwean
amplitudemodulatel (AM), more frequently useadyr a frequencymodulated(FM)
emitted signal (the reference signaland the reflectedechq thus exploiting the
heterodyne principleThe major relatedssueis thattheir applicabilityis limited to
closerange applications by the phase integer ambid@8}. CW LIDAR can also
exploit a different measuring principle, namely the triangulation method. As shown
in Figure 3.4, triangulation consistsemitting alaser beamwhich isreflectedby the
target andfocused by a lensn a CCD detectorThe location where the reflected
beamis backscattered ol a function othe targetrange This procedure ensures to
attain mllimeter or even submillimeter accuracy, which unfortunately decreasss
theinverse ofsquare root of the distan{®l]. For this reason, CW LIDAR based on

triangulation are typically used at close ranggy. below 15 m.

infinity
ray

iFoV

collecting
lens o<

detector P P

Figure 3.4- Principle of triangulation for distance measurement [92].
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On the other hand, pulsddDAR are directdetection system whichompute
distances by measuring the time deb@yween tansmitted and receivddserpulses
typically exploitingGallium ArsenideTOF countersThese systesy also known as
TOF LIDAR, are intrinsically simpler since the laser source is incoheflédE
LIDAR representthe most convenient choicewhen the interval of operating
distances is very large.e. from a few raterto a few klometer, since they can
provide constant accuracy leva$ a function of the rangeélowever, the accuracy
provided by the TOF principle iémited since the range relsition depend®n the
achievabletime resolution For instancejn order to get an accuracy oérttimeter
order, a time resolutioaf tens ofpicosecondss neededhus requiringcomplicated

and expensive electronics.

For the sake of completenessis worth outlining that an additional method,
based onpseuderandom number (PRN)can be used for TOF computation. It
consistsin encoding a PRNsequence ontdhe laser and themerforming an
autocorelation with the sensed return. However this metisaypically not used for
spaceborne LIDAR.

3.21 Spaceborne LIDAR for relative navigation

An extended (but not necessarily exhaustiveyiew of active lasebased
sensoraised or in developmemd performrelative navigatiormaneuvers between a

chaser satellite and a@perative/uncooperative targetpresentethiereunder.

Laser Range &nner

The Laser Range Scanner (LARS)L] 93, ¥4, developed by th€SA, is a 3D
sensor for space applications capable of deudace imaging, target rangiragnd
tracking. It was realized to cooperate with the Canadian Space Vision System
(CSVS, designed to help astronauts to assemble the ISS) on tHe2Sh8ttle flight
in 1992 to test the capability of 3D space inspection and surface reflectance
monitoring of the ISS 78]. LARS is a single point laser scanreleto operate at
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short range, i.e. from 0.5 m to 1Q by usingthe triangulation méod, as well as at
long range, i.e10 m to 10 km, by usinghe TOF method, thus exploiting the
complementary accacy performances of the two techniques at different rafiges.
triangulation and TOF modes respectively use CW and pulsed laser sdtliees
resolution at short range submillimeter but it reduce gradually with distance, i.e.
it becomes 1 cm at 10 ni ange At long range the TOF method provetie constant
accuracyof about 3 cm. The capability of LARS to scan the entire FQV
guaranteed by two high speed galvanometers. LARBarticularly suitablefor
operaing in space, wherasurfaces have high otrasts andcan generate specular
reflections since it guarangs an extremely wide dynamic rangd intensities.
Moreover it hasclear advantages over microwave systems in terms of size, mass,
power and precision. In the case of a single tartpet algrithm which directly

process LARS dateanreach aefreshrate of 137 Hzn tracking mode.

NEAR Laser Rangefinder

The NEAR Laser Rangefinder (NLRYH, 96] is a TORbased laser altimeter
developed by the Applied Physics Laboratory (ABLJohn Hopkins Universitand
installed on board the Near Earth Asteroid Rendezvous (NEAR) spacecraft that was
launched in space in 1996. The main mission objective was to provide information
about composition, mineralogy, morphology, internal mass disivitbaind magnetic
field of the asteroid Eros 433he NLRis a bistatic systemj.e. composed of
separate transmitter amelceiver, able to send infraréaser pulses to the surface of
the asteroid, receive the backscattered ones (detected by an APDycardl the
TOF (measured by a Gallium Arsenide chip) in order to compute the distaree

systemarchitecturas accurately described in Fige 3.5.

With regardsto its main specifications,he pulse durations 15 ns and its
frequencyvariesbetween 0.12 Hz and 8 Hz. During the ongear observation of
Eros, approximately 11 million measurements were obtained from NlfRovided
range measurements with 31.2 cm resolution and less than 6 m accuracy. Altimeter
data combined with orbital tracking allowéte volume and the mass of Eros to be

estimated to a precision of 0.8d and 0.000%6, respectively.
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Spacecraft power (33.5V DC)

Transmitter subsystem LVPS subsystem
Tranlsmit — + 15V DC/DC converters
pulse : .
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9.3x Galilean optic A +5V +15V
/ Digital processing
— Detected laser unit
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Diode drive Vi — GaAs L |480-MHz
»| TOF oscillator

©
Data/control

Optical Analo Amplification TLM data
receiver electronics and filtering ii :,L
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<— Fiber-optic delay assembly (FODA)

Data
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Data/control
y
Ll Tfiter Thermal MVPS RTX 2010 1563
control e interface >Spacecraft

Figure 3.5- System architecture of the NLR [%)].

Rendezvous Laser RADAR

The Rendezvous laser Radar (RVBJ,[98] was designed by thgational Space
Development Agency of JapdNASDA) in the framework of the EF-VII mission
started in 1997During this mission the RVR was the main sensor used for relative
navigation between thehaser and théarget satellites at intermediate and close
range i.e.between0.3m and 660 mThe RVR is a&CW FM system. § emits a laser
beam in a specified angle without any scanning sydtgrasinga neasinfrared laser
diode which radiates pulsed light (816m wavelength in an 8.5°cone. The laser
light is reflected by CCRs on tharget and detected on tlebaser using a CCD
camera and an APD. The RVR estimates the LOS angle by processing the CCD
image and computes the relative range by comparing the phase difference between
transmited and received bean®ne great property of this system is that it can

function under the opticahterference of the Sun and other active opsealsors.

Laser Dynamic Range Imager

The Laser Dynamic Range Imager (LDR®9], developed by Sandisational

Laboratories(SNL), is a scannerless range 3D imagered to remotely measure
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vibration of the ISS structure and to determine the structurabhfi@tuencies and
amplitudes. Itis characterized by six modes of operation, a #DV, range
resoluton of 2.5 mm at approximately 45 m and a A5 updaterate. The LDRI
operationconsistan illuminating the scene withraamplitudemodulatedCW diffuse
source, and imagg the average reflected intensity on a CCD detector, composed of
640 x 480 pixels. e sensor flew on the space shufliight STS96 and provided
rangemeasurements anddeo of the newly installed P6 solar array panel radiators.
Additional measurements of curvature in the solar array panels demonstrated the
potential for ororbit charaterization or inspection of structureSpace Shuttle

flights results are reported i89).

Laser Camera System

The Laser Camera System (LC39[10Q was the critical system, developed by
Neptec under contract bythe National Aeronautics and Spacd&dministration
(NASA), for repair decisions during two Space Shuttle missions for ISS assembly,
namely STS118 and STS22. Although a prototype had already been tested on
several previous missions starting from the STS 105, the development of this sensor
was a crucial point for NASpespecially after the Space Shuttle Columbia tragedy in
2004. The LCSdepicted in Figure 3.68s a high precision triangulation 3D laser

scanner designed tarry outon-orbit inspection of the spacecraft

Figure 3.6 - LCS mounted on the ISS robot arm for inspection purposes [78].
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Specificaly it was wused to scan the shuttl eds
standoff rangesin the interval (1, 3)n to detect cracks less thdnmm thick and
facilitate clearace of the shuttle for landingwo moving mirors, driven by high
precision galvanometers, steer a continuous laser beam on a target in space, creating
a threedimensional representation of the scanned area. The diffusely reflected light
is captured by &ollecting lens which focuses the energy on a linear detector array
(LDA). The LCS has two operational made

1 Imaging modes mainly adoptedor inspection tasksThe system scans
an object and registees voxelfor each illuminated pointtach one of
these voxed is identified by four parametersnamely the two
galvananmeter angles, the detected peakd the intensity of the refieed
signal Fromthesedatait is possible to compute the spatial coordinates
of the considered point by triangulating th@ersection between the
proected and reflected ray paths.

1 Centroid acquisition modes used to determinthe position of discrete
target points on an object by projecting Lissajous patterns on circular

targets with strong black and white contrasts.

The LCS also demonstrated capability to track reefbectors on the target surface.

Laser Mapper

The Laser Mapper (LAMP)1001, 102 was developed by the

Propulsion Laborator{dPL)for five guidance and navigation applications

Capture & a Marssample in Mars orbit.
Hazard avoidancduring smart landing on Mars.
Traverse planning for Mars rovers

Rendezvous or docking with ather spacecraft in earth orbit.

= =4 4 A4 A

Small body landing/exploratidmapping.

The systemwas used as the primary relative nawiga sensor duringhe
demonstration mission XSEHL in order to perform the Autonomous Rendezvous

Experiment (ARX). The LAMRs a TOF laser whicbperates by emitting shcaind
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high-power pulses oihfraredlight which are pointed towarithe target by &wo-axis
gimbaled mirror that allows the system to cover an area of 10° x 10° in 1 s. The laser
pulses hit the target and a small amount of the light is reflected back to the
instrument, collected by a telescope and sent to the APD in order to stoprhefcou
the TOF.A rendezvousoftware is combined with the LAMP in order to acquire and
track the target providing range and LOS measuremim tracking operation
consistsin continually scanning thEOV in a small window around the target. The
size of tke subwindow is determined by the angular aspect of the object being
tracked (the larger the angular exteftthe target isthe bigger the scan window
get9g. The centroid ofeachscan is computed to estimate L@&d rangeDuring the
mission XSS11, forthe ARX experiment, a set of retreflectors was mounted on

the surface of the orbital sample that could be identified by the instrument up to a
distance of &m. However the LAMP is able to identify also a generic Lambertian
surface up to a distance @t5 km, althoughthe photon budgets significantly

reduced

Rendezvous and Docking Sensor

The Rendezvous and Docking Sensor (RVB)3 was developed by Jena
Optronik for the EuropeanSpace Agency{ESA) and the Japanese Space Agency
(JAXA), as well asfor the American Cygnus progranm order to support and
control the automated docking of unmanned transfer vehicles with the ISS. It was
first used in space on board the first Automatic Transfer Vehicle (B0)),
although the RVS prototype had already begmlified in orbit with two Space
Shuttle Missions (ST84 and STS6) docking to the MIR space station in 1997.
The RVS depicted in Figure 3.7s a TOF laser range finder combined with a
galvanometric scanning system able to measure range and LOSrgeaftom a
distance of about 1500.rt uses a mirror system send short laser pulses toward
the target,e.g. the Russian modulef the ISS(where the ATV docKs that are
reflected towardhe RVS by special retreeflectors installed ofts surface.

JenaOptronik has recently developed the new generation version of sensors for
rendezvous and docking, namely the R¥®0 and RVS3000 3D, which are both
lighter in weight and less power consuming than the basic RVS. The former system
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is able to operatenicooperative mode up to a further range (3000 m), but it also
measures target range and LOS in an uncooperative mode up to 100 m of hange.
RVS-3000flew asan experiment on thiast European transport vehicle ATR05.

The RVS3000 3Drepresents durther advancement since it is able of providing

automatic target identification anacking as well as 3D imaging (point cloud

representation).
i’-"—"'““,
_@‘3" O
7
/l_\?
Figure 3.7 - Lateral view of the RVS[103].
TRIDAR

The Triangulation LIDAR sensor (TRIDARPP], depicted in Figure 3.8 and
developed by Neptec, was used during the Space Shuttle siSSi&128 (2009),
STS131 (2010) and ST-$35 (2011)During STS128 TRIDAR provided astronauts
with reattime guidance information duringendezvous and dockingith the ISS.
During STS131 TRIDAR tracked the I1IS$or rendezvousinddocking as well afor
undockand fly-around operationdDuring STS135 TRIDAR repeated its tracking
demonstration with improved performance from hardware and software updtades.
representghe first vision system used in space able to automatically acquire and
track a spacéargetin an uncooperative way that means using only knowledge about
its shapeTRIDAR operates at distances between.&and2000 m It combines a

shortrange, high prcisionandaute-synchronous triangulation sensobe. a modified



Chapter 3 Models and simulation environmer7

version of the previously described LC8ith a midto-longrange TOFLIDAR
sensor in the same urfih a waysimilarto LARS). The two sensors share the same
optical path and control ele@onics resulting in a compact package with rrdtige
and multirole capabilites. The data collectedy the system can be usexperform
6-DOF reaktime tracking of the target poseA further version of the TRIDARas
been selected to support thperationsof autonomous rendezvous and docking for
the Hubble Robotic Vehicle (HRV). This system will operate at short rarge
below 10 m, and migdlange, i.e. betweetD m and 150 m.

TriDAR

Figure 3.8-TRIDAR mounted on the shuttle's cargo bay104.

Hawkeye

Hawkeye [§] is the laser range finderecently developethy Neptec, qualified
for use in Geosynchronous Orbit and specifically designed to proaigdgng as well
as satellite suationalawareness foFF applications. Hawkeyedepicted in Figure
3.9 is able tomeasure the target range up to a nominal distance of 30 km, although
its operational range could exceed this limitation depending on the target size and
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surface characteristics (large size and highly reflecting mater&ilsde it weighs
less tha 3 kg and consumes low powe2.Z W), it is particularly suitable for

application on small satellites.

Figure 39 - Hawkeye laser range finder{78].

DraqgorEye 3D Flash LIDAR Space Camera

The DragonEye Space CamerajJLi3 a lightweight flash.IDAR, developed by
Advanced Scientific Concepts INASC Inc.) characterized by full array of 128x
128 Each pixel is able to measure TOF at a frequency 3P te, allowing 16800
3D range data and intensity points to be generated as 3DBgbmiiciimagesor video
streams in realime. This system, designed under contract by NA&Aconceived
for autonomougendezvous andocking applications, and a prototype successfully
flew during STS127 and STS133 missions for performance assessméiis flash
LIDAR is composed of three main items contained within a compact small case
depicted in Figure 20.

1 One3D sensor engine
9 Onelaser illuminator with lens/diffuser

1 Onecooling surfaces/vacuum enclosure.
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Figure 3.10- DragonEyeFlash LIDAR Space Camerd104].

GoldenEye3D Flash LIDAR Space Camera

The GoldenEyeSpace Camera [105] is anothksh LIDAR developed by ASC
Inc. It is designed for deep space, geadyronous or landing operations, during
which it admits two configurations, nametlge Space Operations LIDAR (SOLID)
and the Geosynchronous 3D (GBD). The choice between SOLID and GBO
depends on the application requirements.

An exampleof deep space operation usiB®LID GoldenEyeis given bythe
OSIRISREX Asteroid Sample Return ission. The SOLID GoldenEye Space
Camera has similar specification and performance if compared tDragonEye
one However, it is heavier and more power consuming, butalsisable to provide

a wider operational range, i.e. up to 3000 m instead d %0

A summary of thedocumented information about the sensisted above is
given in Talke 3.1(a) and Talte 3.1(b), where the symbd\/F (not found) is usedb
indicate those specificatiswhich are not opeaccessMoreover, the symbaN/A
(not applicable) is usefbr the "FOV" slot of all the laser range findgri.e. NLR,
RVR and Hawkeygesince, by definition, theyake measurementsom a single
direction
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System Operational Technology & Operational Documented
measurement
(developer) mode principle range (m) accuracy
LARS Scanning
(CSA cooperative | - CW Triangulation| -0.5+10 - submm
- pulsedTOF -10+ 10000 -3cm
NLR non Laser range finder
(APL) cooperative | Pulsed TOF < 160000 <ém
RVR . Laser range finder . 23cm( 3 0)
(NASDA) cooperative CW EM 0.3+ 660 0.02°( 3 0 )
LDRI non Scannerless
(SNL) cooperative | CW AM <45 0.25cm
- cooperative .
LCS Scanning . . o
(Nepteg coégggﬁve CW Triangulation 1=10 0.1 mm=5mm( 14
- cooperative - <5000 - 10 cm (bias)
LAMP Scanning 2.6 cm(30)
(JPD - non PulsedTOF 0.034° (%)
cooperative - <2500 - N/F
RVS 0.01 m + 0.5 m (bias
.| Scanning . 0.01 m=0.1m ()
OS?QSI@ cooperative Pulsed TOF 1+ 1500 0.1° (bias)
0.1°( 30)
RVS-3000 | - cooperative Scanning -1+ 1500
(Jena - non N/F
Optronik) cooperative Pulsed TOF -1+100
Scanning
T(ﬁéDtAe'z) oo e | - CW Triangulation| 0.5 + 2000 N/F
P P - Pulsed TOF
Hawkeye nor- Laser range finder 50 < 30000 2 m (bias)
(Neptec) cooperative | Pulsed TOF ' 45 mm (3
DragonEye nor- Scannerless < 1500 10 cm (bias)
(ASC Inc.) | cooperative | Pulsed TOF 15 cm (1
GoldenEye norn- Scannerless <3000 10 cm (bias)
(ASC Inc.) | cooperative | Pulsed TOF 15 cm (1

Table 3.1(a)- Survey ofcurrently existing and under development spaceborneIDAR

systems (part a)
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System Mass Power Operating FOV Data
(developer) (kg) | Consumption(W) | wavelength(nm) (°) | rate (Hz)
LARS
(CSA) 6 6 1540 30x30 | NF
NLR |
(APL) S 15 1064 N/A | 0.125+8
RVR
(NASDA) N/F N/F 810 N/A 2
LDRI
(SNL) 2.3 37 807 40x40| 75
LCS 75
(Neptec) 12.1 (ma) 1500 30x30 5
LAMP
(JPL) 5.9 35 1064 10x10 2
RVS _
(JenaOptronik) | 14 40+ 70 910 40x40 |  NIF
RVS-3000 _ ]
(JenaOptronik) 8 30+50 1500 40x40 1+4
1540
TRIDAR (TOF)
(Neptec) | > 70 1400 30x30 | NIF
(triangulation)
Hawkeye 3 9 2290 1064 A uF
(Nepteg
Dragonkye )
(ASC Inc.) 3 35 1570 45x45 | 5+ 30
GoldenEye )
(ASC Inc.) 6.5 50 1570 45x45 | 5+ 10

Table 3.1(b) - Survey of currently existing and under development spaceborne LIDAR

systems (part b)
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By looking at these data it possible to make the following statements.

Those systems which are designed to deal with cooperative tasgets
characterized byextremely large intervals of operating distanessl precise and
accurate estimates relative position and angulgarametersindeed, this depends
on the much larger intensity of the backscattered radiation which can be cadlected
the detectors' surfadéthe target is covered by retreflectors with respect to the
one obtaned by imagingLambertian(uncooperatie) surfaces.However, also the
sensors designetbr noncooperative applicationare able to provide satisfying
accuracy leve but within a narrowerrange of distancesAmong them,scanning
systemslike LCS and LAMPare better performinghan flash LIDAR The real
limitation of LIDAR is given by the related specifications in terms of weight and
demanded power. From this point of view, scannerless systems have some
advantages being lighter and slightly less power consuming than scanning sensors.
Due to thefact that the FOV is imaged instantaneously by all the pixels composing
the detector, scannerless systemsalaaprovide more frequent measurements but
they are characterized by poorer resolutidh.the listed LIDARhave comparable
characteristics inefrms of the size of the FOV. Specificaliyjs limited around 30°
and 40° both in azimuth and elevatio@n one side, this choice certainly allows
reducing the amount of data to be processed emisequentlythe computational
load. However, it also detmines the necessity to improve pose determination
algorithms performance in terms @amputationakfficiency in order to avoid losing
track of the target. Indeed, this phenomenon can occur when dealing with
uncooperative neoontrollable targes i.e. cebris, which are typically characterized
by afast tumbling motion.

As a result of this revievithe operation of aulsed TOF LIDAR is selected tme
reproduced by the simulator presented in the rsettchapter This choice is
consistent with the willingness of assessing the performance of the developed pose
determination algorithmsgainsthighly variable conditions in terms of relative
dynamics Indeed, the TOF measurement principtevides reasonablend comstant
accuracywithin an extremely wide interval of relative distancesliketriangulation,

AM and FM methodsvhich are relative t&€W LIDAR.
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3.3LIDAR measurement simulator

The purpose of thissubchapteris to describe the simulatodesigned to
realistically reproduce the operation of a pulsed TOF LIDARe simulator is
composed of three blocks, i.e. the geometric, the detection and the noise, models
whose details will be presented in the followifigvo distinctoperative moduleare

foreseenas it can be seen in Figure 3.&&ch of which having a specific goal.

LIDAR measurement simulator

LIDAR point cloud generation module

Simulator Inputs )
P Template generation module

* Target/chaser true :
pose parameters GEOMETRIC Geometric
MODEL point cloud
* Target 3D model
* LIDAR operational
parameter
DETECTION Detected
* LIDAR noise MODEL point cloud
parameters

NOISE Simulated
MODEL point cloud

Figure 3.11- LIDAR measurement simulator: LIDAR point cloud and template generation

modules

The template generation modykenclosed in the red box in Figure 3.X&)ies
exclusively on the geometric model and it is part of threboard software
implementingthe proposedacquisition algorithre, as previously shown in Figure

2.12.
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The LIDAR point cloud generation modu{enclosed in the blue box in Figure
3.11) explats all the models composing the simulator in order to generate the
synthetic point clouds which are then processed by the pose determination algorithms

presented isub-chapter2.4 and 2.5.

3.3.1 Geometric model

Ray tracing is a technique, commonly adopted in computer graphics, able to

generate synthetic 2Bnages bydetermining the interceptior{fracing) betweeithe

path travelled by the light alortge directions identified by all the pixels composing
the camea focal planeand virtual objects located within a paefined 3D
environment{106]. The geometric modedf the LIDAR measurement simulate
based on an algthm which aims atextendng the principle of ray tracing to
generate 3D synthetic images of an assigned tafdet inputrequired by this
algorithmis limited tothe true relative position and attitude parametetsveen the

TRF and SRFRas well asto a model representation of tharget(whose details are

discussed isulbchapter3.5).

Firstly, the algorithm determinewhether the planar surfac&omposing the
targetmodel are insight with respect to the LIDAR or occludethis is done by
computing for each surfacea visibility parameterl§), defined as the dot product
between the vector identifying the position of the geometric center of the considered
surface with respect to the sensBed) and the corresponding normal unit vector
(ns), as shown by eq. (3.1) wieeall the quantities are expressed in SRF.

Is :Ecs @s (3.9

All the surfaces for whichs is positive or zerashall be considered occluded

thus being able to identify norzero numberNs) of visible planar surfaces.
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The following step consista determining the interceptions between all the laser
beam directiongwhich sample the observed FP&ndthe planes corresponding to
each of theNs visible surfaces.Specifically, the range of thenterception (R) is
obtained by solving the system of equations composed of the parametric
representation of a straight line and the Cartesian representation of a plane, as shown
ineq. (3.2)

¢
! x=DCR

I — Y — - ds

| y=DC,R Y R=

; -DCR n,DC, +n, DC +n,DC, (3.2)
T z

[

nSxX + nSyy + nSzZ + dS = 0

whereds is the known term in the Cartesian representation of a flat sukageand
z are the Cartesian coordinates of the target point hit by the laser bgamy, and
Ny are thecoordinates ofis; DC,, DC, andDC,; are the direction cosines of th©S

identified by the laser beam

At this point, each laser beam will haig possible interceptionsut most of
them are not consistentith the actual size of the targemeaning thatall the
interceptions falling outside of the geometrical boundarigbefarget surfaces must
be discardedThis is done by verifying that a condition of consistency is met.
Specifically, the distance of the computed interception to the center of the surface
must be upperly limited by a scalar parameter, depending on e d®.9.
rectangular, circular, elliptical) of the surfadéence, if more than one point still
represent plausible interceptions, the ambiguity is solved by considering the one

characterizedby the minimum value oR.

At the end of this procedure, adeal, i.e. purely geometric, potstoud
representation of the targedn beobtained although the real output is given by the

ideal values oR.

The methodlescribed abovis validif the target model is exclusively composed

of planar surfaces. Howeveits applicability can be easily extended to more
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complicated models including cur{8D) surfaces(e.g. paraboloids, hyperboloids,
cylinders) Specifically, this is done by substituting tGartesian representation of a

flat surfacein eq. (3.2) with theCartesian representation of the geometric curve of
interest. Moreover, the 3D surfaces are always considered in sifjlihe target
model includes botleurve and planar surface$e interceptions of any laser beam
direction with the two typologies of surface must be computed (and verified for
consistency) separately. Hence, potential ambiguities are again solved by considering

the interception with the minimum value Rf

3.3.2 Detection model

Once thegeometricpoint cloud § computed, the LIDAR detectigorocess is
simulated in detaitaking all the madiometric aspects into accouithis establiskes
whether the backscattered laser beams are detacted thus practically extracting
only the detected values B To this aimthe probability of detectionPp) of each
received echds evaluatedy usinged.(3.3), as a function of the probability of false
alarm Pra) and the Signal to Noideatio SNR [107].

P, =0.51+erf[(0.5+ SNR"* - 0.5In Pi]}

FA

(3.3)

The Pea is expected to be very low fepaceborne LIDARsoO it isset equal to
10“ On the other handthe derivation of theSNRcan be carried out bfirst

recaling the concept of the LIDAR equation.

LIDAR equation

The LIDAR equation governs the process of propagation of a laser aighai
basically provides the mathematical relation betwthenamount of detected power

(Pwper) as a function of the transmitted ona,a way analogous to the original
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RADAR equatiorf108]. The LIDAR equation is here derived by taking advantage of

the following assumptions.

1 The target is extended (weksolved) meaning thathe surface area
which contributes to the target reflectivity limited by the size of the
illuminating beam rather than by the target dimension.

1 The retroreflection angle (drep), identified by the power backscattered
toward the detectors equal to the angle of incidenoéthe transmitted

laser beanfdinc).

The former assumption is valid for spaceborne applications in the range of
distances of interest (tens of meters) since the area covered by the laser spot is much
lower than the size of the target duethe extremely limited value of the beam
divergence @) typical for LIDAR. Thelatter assumption is justified e fact that
LIDAR have typically a monostatic configurati, i.e. thedisplacement between the

transmittingand receiving components is neglible

Firstly, the instantaneous power transmitted thne laser sourceP{wg) is
computed ineq. (3.4), in the case of a pulsed LIDAR, as a function of the average

laser powerRwavc), the pulsed repetition frequendRF and the pulse widthy).

_ PWae
Pl = PRFY, (34

As regards the incident powd?Winc), if the incident laser beam is perpendicular
to the target surfac@inc = 0°), it can be obtained by simply multiplyifyvrg with
(}, i.e. the atmospheric transmission loss factdowever, thislatter parameter,
which models the loss of power due to the absorption and scattering by atmospheric
molecules along the propagation directafrthe transmitted signatan besetequal
to 1for spaceborne applicatioridence, h the most general cagéinc i Otife)loss
of incident power is ruled by the cosinedifc as it is shown in Figure 3.12.

At this point, it is necessary to compute the amount of power reflected by the
target surfaceRwgep). In the most general case, this can be done by introdtiveng

bidirectional reflectance distribution functioBRDF,), which relates the energy
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incident on a point within an illuminated area to the reflected one as a function of the
directions of incidene and reflection, the material and roughne$sthe local
surface, and the wavelength of the incident radiat@®f109]. In the context of the

analyzed application, the statements listed below can be made.

1 Since the target is wetkesolved, thesurfacematerialcan be considered
homogeneousver the illuminated area, atile points of incidence and
reflectionarecoincident.

1 The incident radiationtransmitted by the LIDAR isuniform and

isotropig e.g.in terms ofey within dg.

PW/NC =PWTR

A

Pwyye = Pwy cos@y)

<

QIN C

Figure 3.12- Lambert's cosine law The loss of power due t@bsorption and scattering by

atmospheric moleculess negligible in space

Under these consideratignshe BRDF, and consequently the reflection
coefficient { 1), i.e.the ratio between the reflected and incident ppweeconstant
within the illuminated areanddependon a-and on thesurfacematerial.Moreover,

the relation betweeBRDF.,andj r.is given by eq. (3.5)
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Iy = BRDEgq (35)

wheredg is the solid angle in which the backscattered radiation is dispdtissate

Pwrer can be computed by exploiting €8.6)

PV\{?EF =It PWNC =l PWrR COS@lNc) (36)

OncePwrer is given, thepower arriving at the receiver per unit of argg ¢an
be computedhanks tceq.(3.7),

P\M'R COS@INC)

where the effect of} during the propagation of the returning signal is still negligible

I — PV\{?EF

t,=r
R qR R2 A T/

anddgr i s set esigce dhk sutfaoes oOf space tasgean be considered

Lambertian thus ensuring purely diffusive reflection

At this point if the receiver areag) is identified by the aperture diamet&xaj,
the Pwper can be determined by usieg. (3.8)which takesthe power loss due to the
transmitanceof the optics ) into account Specifically, the optics of a LIDAR
system igypically composed of anptical banepass filter whose bandwidticp pis

centered at the wavelength of the laser source

mZ
Alco

PVVDET:IRA?I‘Ole 4

(3.8)

Hence, a final expression f@wpet is given by eq. (3.9) which can be obtained
by substituting eq. (3.7) into e(8.8).

PW.,c0os@,.)D,’
PWoer = 7'y e 4R2INC 1o (39)
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SNRderivation forLIDAR

The SNRis typically defined as the power ratio betweba signal (meaningful
information) and the background noise. Howe\aer alternative definition is here
considered which allows computing tB&lRas the ratio ieveen the signal expected

valueand the noise standard deviatid®8].

The signal expected value is the average number of photoelectggps (
produced by the detector when a laser beam (backscattered from the target) falls on
its surface. This quantity is strictly related to thember of photons(i hitting the
detector during the integration time of its circugb){ which can be put equal te
for this application[108]. However, the photons arrive at random times thus
introducing an uncertainty in the valuelofThis effectis known as photon counting
noise and it can be evaluated by modelings a Poisson random variable whose
mean(eg) is equal to the detected energy, given by eq. (8i9i)ded by the energy
per photongiven by the Planck's laience egc can be computed as ey (3.10
by including the effect ofthe quantum efficiency of the detectaf) (which is a
measurement of a device'sedrical sensitivity to light, i.e. theatio between
electron generatiorate and photon incident rate

P
My =h @:hmﬁ—;TtW (3.10)

In the equation abovd) is the Plank constant arglis the frequency of the

electromagnetic radiation.

As regards the noise standard deviation, the main phenomena affecting the
performance of LIDAR are the laser speckle, the themoaeandthe background

noise.

The laser speckle noise effect is a statistical fluctuation of the light arriving at the
dete¢or caused by interference occurring there from a large collection of
independent coherent radiators. As a consequence of this phenomenon, if the object
imaged by a laser system is composed of surfaces that are rough on the scale of

optical wavelength (as most objects are), the image is found to have a granular
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appearance, with a multitude of bright and dany spots that bear no apparent
relationship to the macroscopic scattering properties of the oldjggt However,

since interference is a phenomanehich is related to the degree of coherence of the
electromagnetic waves afddF LIDAR aredirectdetection systemhich do not

need coherent laser sources, the laser speckle noise contribution can be neglected for
the analyzed case

The thermal noisesia problem which arises at the detector level since any object
at a temperature different thankOradiates photonslhe variance of the number of
thermal noise electrong(;°) depends on the detector temperat@ien{p) and on the

capacitance of theetector circuitCa) [108], as shown in eq. (3.11)

g2 = k. TempCe
TH 2 (311
O
wherek;, is the Boltzmann constant, whitg is the electron elementary charge.
some caseg£;ais not available within the detector's specification. Hetiwethermal
noisecan bederivedas a function of the average numipbotoelectrons due to the
dark current(epark), i.€. the limited amountf electric currentwhich flows on the

detector surface evenrib photons are entering the device [108]

The background noise is a measure of the total number of unwanted photons
collected by the detector but not originated by the laser transmitter. These
background photons do not caagy information concerning the range to the target
thus contributing to the systemeasurement nois@he total number of unwanted
photoelectronsan be modeled as a Poisson random variable waoEnce(lsaci’)
can be obtained by adding the dark curreontribution tothe backgound one as
done in eq. (3.12)

P
S éACK = h%&\/\/ + M ark (312

whereepark IS given by eq. (3.13) iifp is defined as the mean intensity of the dark

current.



Chapter 3 Models and simulation environmer2

_ ol

%ARK - qez

(3.13)

Equation (3.12) relies on the fact that a Poisson distributioedizasmean and
variance and it is obtained by substitutin@wper in eq. (3.10) with the power
detected from backgroundP\{sack). This latter quantitymainly depends on the
photonscomingfrom thesunandreflected on the target surface toward the LIDAR

detectoraccording tceq. (3.4),

D/ dAD;
PWBACK =Ty SB 4R2 Al‘o (3.14)

where Sg is the solar irradiance level at mean Ea8hn distancein units of
W/(m% m of electromagnetic bandwidtland dA is the surface area of the target
illuminatedby the lasecomputed by means of eq. (3)1

2
dA: IU(RQB)
4 (3.15)
Once all the main sources of noise have been statistically modeles\Rean
be computedby means of eq. (36), where theoverall noise standard deviation is
approximated as the square root of the sum of the variances of each individual noise

contributons

SNR= e
\/STH ) BACK

(3.16)

This approximation is valid since the individual terms can be considered
statistically uncorrelatefll08]. However, the final expression for tB&R adopted
in the simulator, derives from the use ofAPD as detectorindeed, he APD is able
to produce a surplusf photoelectronsi.e. the avalanchdrom a single incoming
photon. Hence the exact amount of photoelectrons induced by each photpveis

by the APD GainGapp), thus obtaining the following expression for SR pp.
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G
SNR\PD — \/ APD”?‘:IG (3.17)

2 2
STH + GAPDS BACK

It is worth outlining that,if APDs are usedq measureghe probability with
which the avalancheccurs.

Detection processimulation

Once theSNRis evaluated, the detection proceas besimulatedby adopting a
statistical approachimilar to the one used in [11Hor each point of the geometric
point cloud, thePp is computel using eq. (3.3) anda random number is extracted
from a uniform distribution in the interval (0, 1). All the geometric poiatsl
consequently the ideal values Bffor which the random extractioproducesa
number larger or equal to the corresponding valuBpok consideredo be part of
the detected point clouthus extracting only theetiected values d.

3.33 Noise model

The reproduction of the operation of a pulsed TOF LIDAR can be considered
complete if the 3D position of the points composing the detected point cloud is
modified by taking all the main sources of noise into account. Specifically, it is
necessary to consd the range uncertaintihe pointing uncertaintyand the effect
caused by the presence of outliers within the acquired Tagasolutions adopted to

model these noise contributions describechereunder.

The range uncertainty is directly dependenttanerror in measuretOF and it
is modeled as a Gaussian white noiselifdnce to be added to theetected values

of R corresponding teach backscattered laser beam

The pointing uncertainty is the angular error between the ideal laser beam
direction L,peal) andtherealone(Lnoisg and it is reproduced by adopting a method

similar to the approach proposed in [L1&pecifically, the angular separation
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betweenLyoise and Lipea. (3Lo9) is extracted from a normal distribution (O,09).
Then, Lnoise is rotated around.pea. Of an angle(Qos) extracted from a uniform

distributionin the interval0, 2 ). This procedure is summarized in Figure 3.13.

It is now necessary to clarify the meaning lafear and Lyoise The former
parameterdentifiesthe directios along which the reflected light ideally collected.
These directionsare used to determine thigue ranges of interception and
consequentljthe geometricpoint cloud On the other hand,noise represents the
noised directions provided ioutput by the sensor due to its pointing uncertainty.
These directions are combined with the noised valud® tof obtain the simulated
point cloud. Hence, this uncertainty causes a deformation of the simulated point

cloud with respect to the geometric atetection ones.

i)

LN OISE

Figure 3.13- Modeling adopted for the pointing uncertainty of the simulated LIDAR.
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It is worth outlining that the effect of pointing and range uncerescould be
simulated in a different wayFirstly, the true ranges of intercepti@e computed
relying on the noised directionsSecondly, the noised ranges are obtained by
superimposing the effect airance ON the true ones (after having discarded the
misdetections). Finally, the simulated point cloudgenerated by combining the
noised ranges with the ideal directions. However, the pointing uncertainty is typically
so low for spaceborne LIDAR, that the two procedures do not provide significant

variations in the result.

In conclusion, the presence of erts within the measured point cloud is also
reproduced. Specifically, it is modeled as an assigned percentage of points whose
range uncertainty is four times larger thapance[56]. This allows considering the
effects on the LIDAR measurements of poksimultipath phenomena which can
occur on thesurfaces of spactrges, typically becauséhey might be covered by
several external deviceshich are not represented within the target 3D model
exploited by the simulatorOf course, different percentagean be assigned to
different kinds of surface.

3.4 Characterization of the simulated LIDAR system

The purpose of thissubchapteris to present (and motivate if necessary) the
selection of all the operational and noise parameters adopted within the previously
described models to realisticathgnerate8D point cloud provided by a pulsed TOF
LIDAR.

As regards the technologicablution, the simulator is designed to be flexible,
meaning that it can be used to reproduce the operation of both scanning and flash
LIDAR, sincethe only difference is in the values bjea.. Indeed, 6r scanning
sensos, the ideal laser beam directioare identified by the scan patte8pecifically
a raster scan patternis implementedin the numerical simulatianrealized for

performance assessment of the developed pose determination algitivenit
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allows to uniformly sample the FOWHowever more complicated patterns, e.qg.
Lissajous rosette and spirals, able to ensure faster sedg can also be
implementedOn the other hand, the ideal directionsflash LIDAR are identified

by the centexof each pixel.

A squaredFOV of 40°x40° is selected to beémaged by the LIDARat 1 Hz
measurement ratd hese values are consistentwith the specificatiors of spaceborne
systemsas previously shown ifable 3.1(b) Also the angular resolutiorli(og) is
selected to be the same in azimuth and el@vat@nd it is set to 1° during the
numerical simulations performedhese values correspond to an extremely poor
resolution if compared to typicgderformanceof both flash LIDAR €.9. U.os is
around 0.35° for both the DragonEye and the GoldenEye cameras) and scanning
LIDAR (for which U oscan even be lower than 0.01°). This choice is justified by the
willingness of evaluating the performance of pose estimation algorithms against
extremely cha#nging conditions in terms of sparseness of the point sldndeed,
if the representation of the target is so spathe size of the point clouds is
significantly reduced with respect to the one exploited by the pose determination
algorithms available ni the literature. Hence this choice, on one side, allows
improving the computational efficiency (less data to process), but on the othir side
makes the pose determination problem more prone to ambiguity issues. In
conclusion it is worth outlining thatoth FOV andl_os can be freely tuned by the

user foradditional performance analyse

The detection model is characterized by assigniintipe operational parameters
of the LIDAR transmitter and receivaronsidering as referendgpical data of

systems adopted in space applications

As regardsthe output signal wavelengthwo alternative choices are available
since LIDAR are activeEO sensors operating in the near infrared (NIR) or in the
shortwavelength infrared (SWIR) bands of the electronsig spectrumA 1064
nm wavelength is generally used for remote sensing applicationgofikiee NLR.
However,by looking at Table 3.1(a), it is possible to see thatsame value @is
used also byhe LAMP andthe HawkeyeAlso other systems, i.¢he LDRI and the
RVS, operate in th&WIR band, but adopting lower wavelengths, respectively 807
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nm and 910 nm. This choice could represent a significant issue regarding the
possibility to use thenduring manned space activitiessnce the corresponding
wavelengths are not eygafe. This problem can be solved by selectiyngater
wavelength, i.e.in the NIR bandIndeed, his region is not only eysafe {.e. the
strong absorption by water present in the eye reduces the omwat peaching the
retina, thus increasing éhmaximum permissible exposuevel for the transmitted
power) but it alsoallows improvingthe SNRsince it is characterized by a relevant
reduction ofSg. For instance Sg is 300.8 W/(m% m if ais 1500 nm while it
becomes more thab0 % larger, i.e.613.9W/(m% mif ais 1064 nm [113] This
motivates the choice @ 1540nm wavéength for this SNR computatidike in the
case of the LARSand the TRIDAR in thar TOF operational modeThe
corresponding value &g is 268.6W/(m’e M

As shown by eq. (3.4)the LIDAR transmitted power depends on three
parameters. Théways is set tol mW which represents a conservative choice
considering thaPwayc varies in thenterval @, 100 mW for the LARSwhile it is
constantly kept equal to 150 mW for the L& the other hand, the selection of the
PRF must be done avoiding ambiguities between return sigialghis aim, the
Pulse Repetition IntervaPRI) must be longer than the routrip time of the pulse
to the maximum detectable distan¢Buax), thus obtaining a maximum allowable
value for thePRF (PRRvax), as stated by eq. (B}

1 C

PRF = < PRR "R 318

In spite of this limiting condition, thé®RRyax is very high at the relative
distancs typical of closeproximity operations, i.esome tens of meterg~or
instancejt is 1IMHz if Ryax is 150 m.Hence the PRF is set equal to 10 kHz, which
is in line with typical performance of spaceborne laserrssan e.g. 18 kHz for the
LARS, 10 kHz for the LAMR and varying in the interval (8, 12) kHz for the
TRIDAR. Finally, thety is set equal to 10 ns like for the LARS. It is worth nothing
that this value igonsistenwith the choiceadopted for th&RF since theyy is a few

orders of magnitudemaller than thé®RI, thusavoidng ambiguities. An additional
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parameter which is relative to the transmitting LIDAR componertseidaser beam
divergencewhich isset equal to 0.02° like for the LAMP.

As regard the LIDAR receiverit is necessary to select the aperture diameter,
the detector, anthe optical banepass filter Firstly, the aperture size setequal to 4
cm which is in linewith the 2.5 cmof the LARS andthe 5 cm of the LAMP [5].
Secondl, the selected detector is the G89320 InGaAs APD produced by
Hamamatsui114] sinceit worksin theinterval (900, 1700 nmthus beingwvell suited
to be used within spaceborne LIDARInally, an optical bangass filter produced
by ThorLabs Ing.is selected [115]. Specifically, itas a center wavelength of 1540
nm andgaqual to 24 nm. In correspondence of this wavelength, the optical filter
provides a maximumalue of($ equal t00.3898.In conclusionall the data selected
to simulatethe deéction process are summarized in Table 3.2.

LIDAR transmitter

a(nm) 1540
PWave (MW) 1
PRF (kHz) 10
tw (ns) 10
ds (°) 0.02
LIDAR receiver- Aperture
Da(m) 0.04

LIDAR receiver- G8931-20 InGaAs APD

qd 0.7247
Garp 10
Ca(pF) 15
Temp(K) 273.15
ip (NA) 150
LIDAR receiver- Optical band-pass filter
p gnm) 24
% (3 0.3898

Table 3.2- Specifications of the simulated pulsed TOF LIDAR
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The performance of the LIDAR detection process as a consequence of the
previously described characterization is shown in Figure 3.14. Specificallyp tise
evaluated aa function ofdyc at different rangedn order to perform this analysis, a

very lowvalue, i.e. 0.2, is selected fpr .

100:
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——=—R=80m
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Figure 3.14- Probability of detection of the simulated LIDAR as a function ofdyc at different

ranges

By looking atFigure 3.14 it is possible to statthat & the inclination of the
incident beam increases, if the rangbatow40 m, the probability of misdetectiaa
practicallyzerofor any valueof dinc lower than 80°Hence for each value oRIit is
possible to identify @hreshold ofdc below which the probability of misdetection
becomes different from zer®his thresholdlecreases rapidly as a function of range

For instanceit goes from 80° to 40° if the range is increased from 40 m t0.80 m

However, the effect of range can be betteen byrepresentinghe Pp as a

function of R at differentvalues ofdinc, like it is done in Figure 3.15.
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Figure 3.15 - Probability of detection of the simulated LIDAR as a function ofR at different

inclinations of the laser beam

If the laser beamis perpendicular to the target surfacénd = 0°), the
configuration selected for the LIDAR (which is quite conservative with respect to
typical performanceof spaceborne systenespecially in terms of emitted power)
ensures the probability of misdetection to be equal to zero in the interval of distances
(0, 90) m. Of course, in a way complementary to the data contained in Figure 3.14,
the extension of this interval reduces dsc increasesAn additional statement
obtained from this analysis is that, having assigned td®the¢he value of 17, the
SNRmust be at least 70 dB in order to obtalPy, that is reasonably close to 1

Finally, as regards the characterization of the noise model, the vallgse
(25 mm), lLos (0.007),and the percentage of outliefs% to 7%) are chosen to be
representative of a typicaglerformance of3D active sensof56]. As it will be
described indetail in chapter 5, thesealues are set for most of the performed
simulationssince the basic aim is to assess algorithm's performagamst pose
variability in the6 DOF relative state space. However, the effect of variation of these

data is also analyzed by meansadhocsimulations.
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3.5 Target modelingand selection

As discussed in chapter 2, the problem of pose determination of an
uncooperative target can barged out by relying on measurements provided by
active or passive EO sensors which must be processed by means of purposely
developed moddbased algorithm. It is clear that tls¢rategyadopted for target
modeling is strictly related to the specific aigom exploited. Hence, thisub
chapterfirstly describes in detail the target modeling approaches required by the
algorithms developed for pose acquisition and tracking. Secondly, the targets
selectedfor the numerical simulatios, as well as their corsponding modelsare
presented

3.5.1 Target modeling

As regards the algorithms proposed for pose acquisition, i.e. thieeohM, the
on-line fastTM, and the PCATM, the target model is needed exclusively for
template generation. This function is carried out by the corresponding module of the
LIDAR measurement simulator which exploits only the geometric models(gee
chapter3.3.1).Specifically, itrequires the target to be represented as the combination
of 2D (planar)and 3D surfacesPlanar surfaces are basic 2D geometric entities
rectanglessquarescircles and ellipsessince theyallow describing with enough
level of detail the shapes of most the existing satellites and debri$hey are
identified by the set of information listed belovector quantities arexpressed in
the TRA.

1 The normal unit vector of the correspondpigne.
1 The positionvectorof the geometric center of the surface with respect to
the TRF origin.
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1 One or morescalarparameters describing the size of the surface, i.e. the
length of two sidegone side)or a rectanglgsquare) the length of the

radius éemtaxes) for a circle (ellipse).

These latter data represent the scalar parameters mentiosiggicimapter3.3.1
necessary to check the consistency of the computed interceptions.

As regards th&D surfaces, paraboloigsyperboloidsand cylindes can be used.
For instance, in the latter case, the required data are limited to the radius and the

height of the cylinder

As regards the different versions of the ICP algorithm adopted for pose tracking,
the same target modeling strategy is needed ifNBeapproach is used for the
matching step, since it dynamically builds the model point cloud by projecting the
measured points, expressed in TRF, on the closest surface of the target. On the other
hand,the NNapproach requiresach surfacéo be discretzed as a set of pointdhus

building themodel point cloudff-line.

In order to finalize the generation of the simulated LIDAR point claigixd to
test the entire pose determination procesklitional datgwhose selection is part of
the target modelingtrategy)are needed to carry out the detection processnely
the values ofl r.. for any surface included in the modéh the context of space
applicationsthe materials are generally opaqs®,} r..can beobtained by usingq.
(3.19)

ry =1-ay (319

whereUr,. is the absorption coefficient which is also is equal to the emissivify (

for a surface in thermodynamic equilibrium at constamperature (Kirchhoff law).

In conclusion, it is extremely important to underline the¢ tdea behind the
generation of the satellite models used in the simulator is to capture only the
macroscopic features of the real objects. This choice not onlyslimibdel
complexity but also allows performing a conservative analysis of proposed approach
performance. Indeed, preserving in the model only the macroscopic features of the
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target does not help solving ambiguous poses, thus offering the possibility of

demastrating approach effectiveness and robustness. However, the possibility that
not modeled target surface details affect measurement accuracy (e.g. by multipath) is
properly consideredy means of theercentage of outliers randomly introduced

within the neasured point clouds

3.52 Target selection

Performanceof the pose determination algoritsndeveloped in this thesis
evaluated considering targets of different typology and shape, which may be
representative of space debris or still actesviceable satellites. Specifically, the

following targets have been selected.

1 ENVISAT, which is a huge low Earth orbit spacecraft réige(2012)
declared as a debris.

1 Onesatellite of the COSM&SkyMed constellation (shortly indicated as
CSM), which is anediumsize active satellite

1 One abandoned Kosmos 3Nf2tage @bris, i.e. a rocket body (RB).

As regards ENVISAT and CSMhe simplified modelare given byan assembly
of cuboidshaped element&hich representhe main body, the solar arrays, the
synthetic aperture radar (SAR) amignand the related appendixddence, these
models are exclusively composed of planar rectangular surfaces. On the other hand,
RB is modeled as a simple cylindénus being composed of two planar surfaces (i.e.
the topand bottom circles)inked by a cylindrical lateral surfac&or all these
targets, the dimensions are consistent with information provided in the liteaatlire
they are collected in Table 3[316-:120]. For each of these targetfiet TRF is
defined as &ody-centered reference frame with the origin in the geometric center of
their main bodyand axes indicated asrr, Yrrr andzrre. Examples of model point
clouds generated for ENVISAT, CSM and RB is shown in Figure 3.16.
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ENVISAT
Surface Length( r{;l)onquF Length( r?ll)onglmp Length( rfri]l)onngRF

Main body 4 4 10
SAR antenna 0.1 10 1.3
Solar array 0.1 6 15
SAR an?gr?r?;s:;in body 0.5 0.1 0.1
Solar aAirFr)gjrll\?I;n body 6 0.1 0.1

CSM
Surface Length( r?]l)onquF Length( rf:l]l)ong/mp Length( ril)ongzmp

Main body 15 3 15
SAR antenna 15 0.1 5.5

Solar array 1 0.1 1.5 6

Solar array 2 0.1 1.5 6
Solar a?gyi—nﬁﬂlzm body 0.1 0.1 1.5
Solar a?gyg-nlsllgin body 0.1 0.1 1.5
Communication antenra 0.7 0.1 0.1
Communication antenrz 0.7 0.1 0.1

RB

Top and bottom circles Radius (m) 1.2
Cylindrical lateral surface Heightalongzrr (M) 6.5

Table 33 - Geometrical dimension of the components of the simplified models generated for

the selected targets
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ZTRF
ZTRF

0 1

a

= 1 -1
-1 1 YTRF XTRF
YTRF XTRF

Figure 3.16 - Model point clouds for ENVISAT (left), CSM (center), and RB (right), expressed
in TRF.

Additional information that must be included in the target modeling ishb&e
of the surface materialsince it determines the values of tleeissiviy and,

consequentlyof thecorresponding reflection coefficients.

Both for ENVISAT and CSM, a low value of the reflection coefficient (0.15) is
conservatively selected for the surfaces of the main body and appendixes. Indeed,
this can partially reproduce the reduced amount of power backscattered toward the
detector dued the various devices typically installed on the external sudatiee
real targetand not considered in the simplified model, which can cause multipath
phenomena andan affect the uniformity of the radiation backscattered by a given
satellite surfacelnstead, the SAR antennas are made of reflective metallic materials,
e.g. aluminum alloys, thus being characterized by high values of the reflection
coefficient (0.97). Finally, as regards the solar arrays, fused silica cover (0.17) is
adopted for the solacell surface, while the other surfaces are assumed to be covered
by Silverized Teflon (0.34). This produces an average value of the reflection
coefficient (computed assigning weights proportional to the surface areas of each
element) of 0.26 for ENVISABNd 0.38 for CSM. Instead, for the RB the reflection
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coefficient has been considered constant and equal to 0.4. These dawicbs
considered conservatisince the satellite surface optical properties degradation due
to exposition to the space environmeypically leads to m averagevalue of the

reflection coefficient of about 0.6.21].

3.6 Relative dynamics simulator

The relative dynamicsimulator is used to generate the ttagyetchaserpose
parametersThese data are not only inputs for thi®AR simulator but they also
representhe truth to which the outputs of the acquisition and tracking algorithms are
comparedAs it is shown in Figure 3.1, this module of the simulation environment

requires the following inputs.

1 The mean orbit parameteskthe target and the chaser

1 The absolute rotational dynamics of taeget and the chaser

Thefirst input is providedoy a relative motion modgetliscussed in chapter ds
a functon of some geometrical design paramsighich are used to assighe shape
and size of the desired relative trajectory. Specificallg simulated scenarios are
inspired by closgroximity operations in space, e.g., rendezvous and docking,
station keeping and monitoringlowever, target monitoring scenarios are adses
with particular attention since they allow observing the target from multiple
perspectives thus being able to generate much more variable sets of relative position
and attitude parameters over which to test acquisition and tracking capabilities of the
proposed approacheslThese mean orbit parametesse used to numerically
propagate the relative trajectory takitige main gravitational anperturbing forces

into account.

With regards tothe second inputthe chaseris assumed to behreeaxis
stabilizedwith its boresight axis pointed toward the target geometric ceQtethe

other handthe target attitude ipropagatedy integrating the Euler's equations of
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the rotational dynamic®y considering only the perturbation determined by the
gravity gradientorque This calculation requires the inertia tenggrof the target to

be determinedwhile the inertia tensor of ENVISAT is taken from [12@here the
assigned values are chogenbe on the upper end tife expectedones, the inertia
tensos of CSM and RBare computedon the basis of the geometricahd mass
characteristics of the simplified models definedsifpchapter3.5.2. The results are
collected in Table 3.4.

ENVISAT
129000 4500 1500
1 (kg ) 4500 125000 1800
1500 1800 17000
CSM
5375 0 265
1 (kg ) 0 3780 0
265 0 2277
RB
5705 0 0
1 (kg n?) 0 5705 0
0 0 1058

Table 34 - Inertia tensor for the selected targets.

As regards the propagation of the absolute rotational dynamics of the considered
targets, ENVISAT and RB are assumed to be gravity gradient stabilized thus having
their minimum inertia axis (i.erre) aligned with the radial direction of their Target
Orbital Reference Frame (TORF}pecifically these targets will have their TRF
perfectly aligned tothe TORF, i.e. yrre is antiparallel to the orbital angular

momentum vector anghrr is consequently poted to get a righbanded reference
frame
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On the other hand, CSM is assumed talyeeaxis stabilizedand performing
yaw steering (being an active satellite for Earth observatidence, a nozero
relative attitude exists between the TRF and the TORF, which is representesl by
321 sequence of Euler anglisfined hereunder.

1 The rotation around théd®axis is the yaw steerin@steerind Which can
becomputed by applying eq..@),

& SiN(iegy)COShgyt) 0
=90- arct csi ==t
IsTEERING % Cos(csm)+(nCSM/WE)+ (3.20)

whereicsyandncsy arethe mean orbit inclinatioand the orbital angular
velocity of CSM,t is the timeandq is the Earth angular velocity.
The rotation around thé'®axis is 0°.

The rotation around theé'haxis is 90°.
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Chapter 4 - Relative trajectory design

A fundamental requirement to be satisfied dtonomousorbital maneuvers
which involve two space objects flying in clegmximity, is that the related relative
trajectories must beesigned to minimize the risk of collisions. In particular, the
required level of safety cannot be considered successfully attainedekitlisively
assured by actively controlling the absolute dynamics of the servicing spacecraft with
respect to an uncooperative target (OOS or ADR applications), or the relative

dynamics of twebody formatios (FF applications).

This conceptvas first emphasizelly the partial failure of the Demonstration of
Autonomous Rendezvous Technolo@ART) project which wascarried out by
NASA in 2005 [L23. The aim of this mission wae demonstrate the capability af
controllable platform (the DART spacecraftyhich was launched from grounth
perform rendezvous as well as other maneuvéike station keeping,
circumnavigation and collision avoidancaround a nofmaneuverable and
uncooperative target (th&/UBLCOM satellitd, which was already on orbit.
Unfortunately,the DART spacecraft collided with its targatiring the proximity
operation phase, due to a malfunctioning of its relative navigation system.
Specifically, the investigations performed by NASA allowed discovering that the
transition point from theGPSbased to the visiebased relative navigation was
missed due to errors in the estimation of the relative. siatece, hese errorslid not
allow the DART autonomous computer to control timelesireddrift of the relative
trajectory which occurred in e alongtrack direction.However, he necessity to
avoid introducing relative motion thatakes the servicing platform pass throtigh
t ar get alomgtrackqdlse knewn ad/-bar) at any point in subsequent orbits
was fully recognizedonly thanks ¢ the lessons learneduring the OE missian
Indeed,a collisionwas accidentally avoideduring an abort maneuver atuss of

navigation information thanks to the unintentiopatsence of owdf-plane motion

[8].
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These missions clearly demonstrated the necessity to detagive trajectories
which never intersect the aloigick direction of the space object around which it is
desired to maneuvethus makingthem passively safemeaning that absence of
collision is ensured even without accurately controlling the relative dynaius.
first example of trajectory design vahi satisfies this constraint is given by the
concept ofsafety ellipses (SEyhich can be obtaineoly setting thephase difference
between thén-plane and the otdf-planerelativemotionto 90° [21]. An example of
SE with the target located at its centisr shown in Figure 4.1Specifically, the
trajectory is represented in the Target Hill Reference Frame (TH®Rich is
defined as followsthe xaxis is in orbit radial direction, theaxis is parallel to the
orbital angular momentum vectarosstrack) and the yaxis is perpendicular to the
plane composed dfhe previous two axeand directed to obtain a righainded

coordinate systerfalong-track).

30
T 207 20
3 0 E 10
8 -20 %‘ 0
-50 © -10
0 N e — -20
- 20 -30
along-track (m?O -20 crosos-track (m) -60 -40 -2|0 tO k?O) 40 60
along-track (m
30 . 60
20 £ 40
E 10 7 5 X< 20 ™~
g o JT 8
8 -10 > -20 <~
-20 S -40
-30 -60
-30 -20 -10 O 10 20 30 -30 -20 -10 O 10 20 30
cross-track (m) cross-track (m)

Figure 4.1-Example of SE. The blue lines represent the relative trajectory and the

corresponding projections on the planes of the THRF. Thelbck dots identify the target.

The SE concept has been exploited by masgarcher over the lafgw years
Specifically, Naasz 124 proposes a mathematical descriptiointhe SE in Hill's
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coordinate, which idased on phasgpace consideration¥his modelis used in the
framework of the Hubble Space Telescope Robotic Servicing aratliteMission

in orderto obtain a trajectory which optimes the solar power collectigince the
primary design requirement is to keep the boresight axis of the relative navigation
sensor, installed on board the-@®iting module, always pointed toward the Hubble
Space Telescope. On the other hand, Gaylor and Batl2&ederive the equations of
motion for the SE by exploiting geometric and kinematics considerations and they
use this concept to design trajectories for safe target separation and
circumnavigation. Onsuccessful implementation of this concept can be found in the
PRISMA mission Specifically, the safe orbit control module foresees a sequence of
maneuvers necessary to put the main spacecraft ordastghed so that it is always

kept outside of an ellipsdal avoidance region centered at the tarfj26.

A fundamental limitation of the SE concea$ it has been introduced in the
literature is that the servicing spacecraft is allowed passing abelsy the target
during the relative orbit, as it can blearly seen by looking at Figure 4:his could
be the cause of collisisrespeciallyin the case of close motion with respect to a
target which isan uncooperative freely tumbling object. Moreover, the capability to
adequately control the relative motion duricigseproximity maneuvers is strictly
related to the accuracy with which the relative position and attitude are estimated
Hence,the capabity to design relative trajectories which not only satisfy safety
constraints but also optimize the target visibiliilgside the FOV of the sensor in

charge of relative navigatidmor pose determination purposes, is crucial

In this context, this chaptg@resentsan analytical approacttonceivedio design
different typologies of trajectories for safe target monitarifigese trajectories are
thenused within the simulation environmenhich assesssthe performance of the
developedpose determination abgithms. Numerical simulations, whose results are
shown in chapter §seesubchapter 5.2.3and sukchapter 5.3.R are specifically
addressed at showing how this analytical approach can also be used to optimize the
trajectory in terms otarget observation conditions. Indeed, this can be done by

carefully selecting the orbit design parameters so that the overall target shape is
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imaged for most of the time without occlusions (optimal point of view) and without
losing too much detail (optiah interval of relative distances).

4.1 Analytical approach

Thepresented method has tbreicial advantage that the design process is carried
out by assigning higlevel constraints regarding the stability of the relative motion
as well as the size artie shape of the trajectorg order to directly derive the
differences between the targdtaser mean orbit parametefhe main idea is to
compare the classical form of the Hill's equatidi®7], which is expressed in
rectangular relative motiogoordindes, with the relative motion model 18]
which instead is developed in mean orbit parameters and it is based on a time explicit
formulation. This model is particularly indicated to the case of spacecraft flying in
closeproximity in Low Earth Orbit (LE), as it is valid for targets movingaalg
low-eccentricity orbits andt includes the perturbation effect due to secular Earth

oblateness (J2).

This approach is exploited to generate three different typologies of relative
trajectory. Firstly, astablecircular formation around any kind of target (it can move
either on a circular or a low eccentricity orbit) is considered. Although this kind of
relative motion potentially ensures safe target monitoring as it allows keeping
constant the relative distancd, does not exclude potential collisions due to
unintentional alongrack drifts of the target when the chaser passes ahead or behind
it. For this reason, two additional trajectories are proposed, namely the minimum
rangevariation SE (SErm) rand the mulple-requirement SE (Skw). These
trajectories represent improved versions of the classical concept of SE since they
involve the chaser to pass neither above/below nor ahead/behind the target, thus
intrinsically preventing collision in the case of unintenal drifts in alongtrack
direction Of course, while for the circular formation the only geometrical design

parameter is its radius, multiple geometrical constraints are foreseen by the modified
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SE strategieBefore entering the detail of the deterntioa of these trajectories, the
relative motion model expressed in terms of the differences in the mean orbit
parameters as well as the claasiformulation of the relativen Hill's variable

(rectangular coordinates), are briefly recalled.

4.1.1Relative motion models

The nomenclature here adopted is typical of FF applications and is relevant to
two-body formaions. Specifically, the targeind the chaser are indicated as chief
and deputy, respectively, and the classical symbolism is adopted for the mean orbit
parametersa is the semimajor axise is the eccentricityM is the mean anomaly,

is the right ascension of the ascending nadés the argument of perigeejs the

orbit inclination, andd is defined ashf + . With regards to these parameters, no
subscripts are used for the chief, while the subscripts "D" and "0"are used to refer to
the deputy and the initialization, respectively. Moreover, the symiiadicates the
difference between deputy and chief pararsefinally, it is fundamental to clarify

that the symbolx, y and z are used to indicate the Hill's coordinates in THRF
exclusively in the content of this chapter.

The relative motion model in terms of differences in the mean orbit parameters is

shown ineq. (4.1), wheret is the time variable.

ga_é‘- gecosM, +aV, +l\#t)+2esmaeaM—osmaéJlo+l\#t+ 0
ea C 2 C 2
&xg © . ~
a, a avi 0
cesin(M,, + oM, + N t) + 4esi + 00 4 NF 4.1
eyu(@a§ ( ) > A 0 2 Dg (4.1)

é
2 &+ dl(w, + M) + AW, cos +t(at#+ oficos )
e

oo ococcoo ) 88’

(dW + dffit) sini cosfay,, + M, +8ht) + dlisin(ug,, + My, +8t) P

For the sake of clarity of the exposition, the model's equation candreargyed

as shown ireq.(4.2)
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éfXOff + A< COS(I\#Dt +j x) ?
xo & g
2y3 @gyOff +2A, sin(I\#Dt +/ X) +ty,, 3 (4.2)
éZE] é g

&A,(t)codurt +/ ,(t)] y

whereyy, is the drifting termx.s andyos are the radial and alortgack offset,A; and
A; are the amplitude of the radial and crosgk oscillations(i, and(i, are the phases
of the radial andthe out-of-plane oscillations. These quantities can be computed as

shown in eq. (4.3).

% g
j =M. +tani® esin(dM,) 4
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Yorr = a[dl(1 + M) + W, cosi] (4.3)
Y, = alat#+ affcos )
A0 = ayd? +[(aw, + t)sini ]

é
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t) = W, + My, +tan'yt 1
/(1) = oo + Moo i |, + ot sini

Since the following sughaptersequire the duality between this representation
and the one in rectangular coordinate to be exploited, the Hill's equations are recalled
in eq. (4.4)

#- 2ny- 3n°x=0
#+ 2n%=0 (4.4)
#+n’z=0

wheren is the orbital angular velocity of the chief. The general solution is given by
eg. (4.5).
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X = (% /n)sin(nt) - (3%, +2 %/ n)cosfit) +4x, + 2% /n
y = (2% /n)cost) + (6x, + 4% / n)sin(nt) - (6nx, +3¥)t- 2% /n+y, (4.5)
z= (% /n)sin(nt) + z, cosfit)

The equations above can also be written as shown in eq. (4.6), if the secular term

is nullified, thus getting stable relative trajedtst
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From the analysis of the Hill's equations, it is known that the elimination of the
secular term is equivalent to getgwhich is the radial offset) equal to zero [128].
The representation in mean orbit parameters, instead, shows that if the chief is

located on a lovweccentricity orbit and if the effect of J2 is considered, the relative

motion stability is ensured byullifying o and dﬁ, considering that these latter
parameters depend not only Ga& but also ortie andUi. In this context, it can be
demonstratedhatthe effect oflie is negligible [127]. Hence, the drift of the relative

trajectory can be prevented by setting to zero Batnddi.

4.1.2Design of the circular formation

If the chief is on a circular orbit, circular formations can easily be designed in
Hill's variablesas shown in [128]. The procedusebriefly summarized hereunder.
Four conditions are given bynposing zero alongrack driftand offset, see eq. (4.7)

and eq. (4.8) respectively, and that the ctossk oscillation has the same phase and

J3times the amplitude if compared to the radial oscillation, as in eq. (4.9) and eq.
(4.10).
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¥ =-2%,Nn (no alongtrack drift)  (4.7)
Yo =2%/n (no alongtrack offset) (4.8)
Z, = ° /3%, (4.9)
# =°/3% (4.10)

Equation (4.7) is a stability constraint, while the remaining equations determine
the shape of the trajectory. Equation (4.8) could also heriteen to consider a
freely assigned along track offset. Although, thathematical procedure would be
exactly the same, this case in not considered in the following as it is of lower
importance in the context of monitoring scenarios. Indeed, if the chief is at the center
of the relative trajectory, it is easier for the dgpuat observe it from every point of
view. The signs of eq. (@) and @. (4.10) have to be the same to ensure the same
phasing between radial and crassck oscillations. The choice of the sign
determines the inclination (x30°) of the plane of relativieitpmwhich contains the
alongtrack axis, with respect to the aletrgck/crosdgrack plane. For instance, eq.
(4.11) is obtained by selecting the "plus" sign.

X = (% /n)sinnt + x, cosnt
y = (2% /n)cosnt- 2x,sinnt (4.12)
z= 3(3%/n)sinnt+\/§x0 cosnt

Choosing the values of the initialdial position and velocity of the deputy with
respect to the chief, is equivalent to assigning the raB)safd the phasingif) of
the relative orbit, as shown in eq. (4.12).

X =(R./2)cosg.

% =- (R.n/2)sing, (442

By combining the conditions composing eq. (11), or equivalently eq. (12), it is
possible to directly relatdR: to the initial radial position and velocity, and

consequently té.
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FQ:ZJ%2+§;:2A( (4.13)

Although this procedure is very straightforward, it is extremely limiting in OOS
and ADR missions which do not allow freely selecting the chief (target) orbit, which,
for instance, can be necircular. Moreover, if orbital perturbations are not included
the condition on the secular term set in Hill's variable do not necessarily prevent the
relative motion from drifting. Hence, the following analytical approach can be used
if the chief is on a small eccentricity né&eplerian (JZecular effects includgarbit.

Before entering the detall, it is worth outlinitigat due to the previous assumptions

on Ua anddi, which are set equal to zero to ensure stability of the relative trajectory,
the time drift (caused by néteplerian effects) of the differences in the mean orbit
parameters, which represent the unknowns of this probtam, be considered
negligible. This is a crucial statement to make it possible the parallelism between the
Hill's and mean orbit parameters formulations of the relative mofioa.remaining
conditions are required to determine the circular shape. Specifically, thetedokg

offset is set to zero by looking at eq. (4.3), thus obtaining the dual of eq. (4.7).
d(w, +M,) + d\, cos =0 (4.14)

Again. if an alongirack offset was desired, eq. (4.15) shouldcbesidered
instead.

m%+M0+m%ms=“f
a

(4.15)

At this point,Rc is linked tol eand U M by substituting the expression of the

amplitude of the radial oscillation contained in e@)4vithin eq. (4.13).

R. =2A = Za\/ata2 + 4€? sinzge%gco§§é%8+ 4¢’ sin4§e%g+ 4eaesin2éaé%g (4.16)
c 2 =+ c 2 =+ c 2 =+ ¢ 2 =+
By combining the relations in eq. (4.3) with eq. (4.9) and eq. (4.10), it is possible
to express theonditions on the amplitude and phase of the radial and-trexds
oscillation in terms of differences between mean orbit parameters. The result is

shown by eq. (4.17) and eq. (4.18), respectively.
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AN sini =°\/§\/aé2 +4¢? sin aez—oco§aez—o+4e sin %‘h;—o+%m3|n2aah;°°—°f R (4.17)
% : % - % - %

a [0
, 0
Woo =W +d = tan'% esm(al\/la?VI 0 (4.18)
=k + 2esin %HSO
(; g 2 -

This procedure hasdeto six constraints jusas shown in terms of rectangular
coordinates. In that case, it was possible to select two degrees of freedBmand.
dc. On the other hand, in this latter case, the conditiod @nvolves a constraint on
the value of thelc (which results to be dependent on the initial position of the chief).
This is the reason whigc becomes the unique tunable design parameter. R
selected, the remaining differences in mean orbit parameters can be determined.
Specifically,u @ can be extracted from eq. (4.17) where the choice of the sign still

determines the inclination (x30°) of the relative orbital plane.

AN, =° 3 (4.19)
2asini

An expression fod g is obtained from eq. (4.14).
d w=-dN,cos - dM, (4.20)

However, this relation is not directly applicable sincéd is still unknown.
Hence, it is necessary to combine eq. (4.18) with eq. (4.20) and to express the

resulting relation in terms af e

esin(av,) La0M, §
-2 e— 4.21
tar(W AW, cosi - aM,) esin’ c 2 2 #.21)

Equation (4.21) is then substituted into eq. (4.16), resulting in alimear
equation in the only unknowin Ml which can be solved with a numerical approach

(e.g. NewtorRaphson).
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4.1.3Design of the modified safety ellipses

The Skr milsiconceivedo combine the classical SIBncept with an additional
constraint regarding the variation of the distance along the relative trajettuy
fundamental idea is that the design of one stable and safe trajectory, which also keeps
limited the variation of tbtargetchaserrelative distance, can be extremely useful.
Indeed, if a particular value of the range is demonstrated to be advantageous in terms
of target observability, e.g. resolution and coverage in the observeebffieiew,
this modified SE allowshe chaser to move in a restricted interval of distances from
the target around this specific value. This can be accomplished by carefully tuning
the two design parameters, whighivocally define theSEyr mi RamelyA, and the
minimum distance in the raalicrosstrack plane dxasn). The analytical procedure
necessary to design ttf8E,rmi is based orthe assumption that the difference in
frequency between in plane and -ofHplane oscillations is negligible, which means
neglecting the perigee precession ratkhough this latter statement is valid only
over a limited time interval, it is typically long eagh to cover the applications
addressed by this work. Hence, the following formulation for the relative motion

model ofeq. (4.1) andeg. (4.2) can be used

encodal) o
o0 ¢
&V @ codis 1)+ 28 (4.2
i e °

8, codG (1) + 7 i

where pd is the phase difference between the radial and trask oscillations.
This quantity, together with the argumeint can be computed as shown in eq.
(4.23).

Q( = '\#Dt +j X
& o)

07 = - v _eSaM) ¢ o
aé3‘5‘+ 2esm22ed\£—88

¢ ¢
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The Skrmi determined by the proposed approach, is the trajectory ensuring the
minimum variation of range among all the ones identified by the assigned values of
A and dxz,n, which simultaneously has the-phane motion of the circular
formation defined byA,. Firstly, it is necessary to define the difference in the eross
track oscillation between the desired trajectory and the corresponding cicp@gr (
as shown ireq.(4.24).

Dz (t)= A, codG(t) + I/ ,)- v3A, codG (t)) (4.24)

This relation can be manipulated by applying basic trigonometric relations, thus

obtainingeq.(4.25).

.- 24 Asin(Dj,) &8
t)= A2 +3A2 - 2//3A A codD/ ,) cogE (t) + tan'& 2 g0 (4.25)
Dz (t) = A? +3A7 - 243A,A codD) ,) f}agi() 2 oy )- oA
Hence, the minimunnange condition is equivalent to minimize the amplitude of

P& (Apg) With respect toA.. For the sake of mathematical simplicity, but without
losing generality of the exposition, the square valuBqgf is minimized, as shown

in eq.(4.26).

%:ou 2A, - 243A, codDy ,)=0 (4.26)

The condition above allows expressigpdi as a function of, andA;, as shown
in eq. (4.27).

2

-1 (4.27)

2

cod2py )= 2

>\

It is now necessary to derivi as a function of the design parameters. To this
aim, the definition of distance in the radial/crosck plane dx2, given by eq.
(4.28), is minimized thus writingg. (4.29).

2 2
dxZ = x* + 22 :%co§q+%co§(Q+Djz) (4.2
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dxZy =£+£' \/£+£+2—A<2A12 cos2hy , (4.29)
2 2 4 4 4

Finally, by substitutingeg. (4.27) within eq. (4.29), it is possible to obtain a-bi

quadratic equation in which the only unknowmjs

%4 + Azz(dXZv\ZMN - A<2) + dXZ,\Z,”N (A<2 - dXZr«Z/uN) =0 (4-30)

It is clear that this method is applicable only if the tuning parameters are
assigned so that the discriminantegf (4.30) is positive, which means tha&g and

dxz,n must satisfy the constraint given &y. (4.31).

A< > \/ZdXZvnN (4'31)

If eq. (4.31) is verifiedA; and g @ can be computed by applying eq. (4.32) and
eq. (4.27) respectively.

(4.32)

(A<2 - dXZ\Z/uN) ° \/(dXZ\z/uN - A<2)2 - ngiMN(A&Z - dxium)
A= 2/3

The ambiguity about the four possible solutionsAgmust be solved. Firstly,
the maximum between the two valuesAgt is selected. Secondlythe sign plus is
selected foA.. If this latter choice leads #negative value afor the chaser (at the

end of the analytical proceduré)e negative sign must be assigneédgdnstead

At this point, the parallelisms between the formulations of the relative motion
model ineq. (4.1) andeg. (4.5), can be used to compute the differences between the
targetchasermmean orbit parameters identifying sfmi gonsidering thati aeand G i
are still set equal to zero to ensure stability of the relative trajectory. Fiisgyis
computed by using the definition &; given by eq. (4.3) (recalling again the

assumption ahd the perigee precession rate).

an =- 2 (4.33)
asini
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At this point, 0 ¥ can be determined by applyingg. (4.20), which still
corresponds taero the alongrack offset However, also in this case Mandl are
still unknown. Firstly,eq. (4.34) is obtained by combining the definitions(@fand
d;in eq. (4.3).

a 9]
& : 0
adj=w,+d y tan’lg esm(al\/olo) ~8 (4.34)
B+ 2esin2%%8@
¢ ¢ 2 ==

Hence,U ean be expressed as a functioniold by combiningeq. (4.34) with
eg. (4.20), as shown ieq. (4.35).

esin(aM,) 4o, & (4.35)

kb= : - 2esin*e—2
tar(w, - dW, cos - oM, - d j) c 2 =

Finally eq.(4.35) is substituted into the definition Af given within eq. (4.3),
thus obtaining a nefinear equation which is again solved numerically thanks, for

instanceto the NewtorRaphson method.

Moving on to he Sk, it is designed, just like the $rmi $0 that the relative
trajectory does not intercept either the aldoragk or the radial axes of the THRF.
However, the fundamental difference is that the idea ofmiking the variation of
the targetchasemelative distance is substituted by the possibility of freely selecting
the crosdrack separation at zero aletrack @), which results to be an extremely
important degree of freedom if optimal observation conditions for pose
determination are requested, as it willdmmonstrated in chapter Bence, the Skr
is univocally defined by the same design parameters gksEie. Ax and dxXzun,
with the addition of.

This problem relies on the same assumptions used to egit@.22) andeqg.
(4.23). The first step consgstin fully characterizing the trajectory from the
geometrical point of view. i.e. by computidg, andgd By definition, z can be
derived by usingqg. (4.36), which can then be used to find an expressiogof@r

Z=Acosy, (4.35)
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.1 ,a27* .0
D/, ==cos -1 (4.37)
Seos Er 1

By substitutingeq. 4.37) in eq. (4.29), it is possible to get a seceadier

equation inA; whose solution is given ksq. (4.38).

—o dXZ\lMN - A&dez!\z/uN - A<222 4.38
AZ J dXZ?/HN - A<2 ( )

Once A; is derived (by considering the positive root of the second order
equation),op ¢ can be computed froreg. (4.37). Since all the geometric parameters
describing the Sk are known, the corresponding differences in the mean orbit

parameters can be determiri®dexploiting exactly the same approach relative to the

SEq)R mi n

In order to conclude the discussion of tlesb-chapter it is necessary to
summarize the differences between the two presented trajectories. AQracel
dxzun are selecw®, it is clear that the desigyf the Skyr miallows minimizing the
ratio between the maximum and minimuaangetchaserelative distance without-a
priori knowing the corresponding value nf However, since in the space of the
geometrical parameters whicdentify the modified SEA,, dxzn, and2) the
applicability of this strategy is limited bsg. (4.31), the Skgr appears to be a more
powerful tool to design relative trajecies for closeproximity operations which
satisfy multiple requirements (hem the name) as it will further shown in the
following subchapter

4.2 Examples

Practical implementations of the previbugdefined analytical approacko
design safe trajectories for target monitoring are here shown considering as targets

the space objects selectedsubchapter3.5.2.
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As regards ENVISATCSM and one of thKosmos 3Mrocket bodiesthe Two
Line Elements (TLE) relevant to a recent meament (November"®2015) are
adopted as starting point for the analysisstly, three different relative trajectories
aredesigned arounB8NVISAT by exploiting each one of the strategies discussed in
the previous suohapterso compute the chaser mean orbit parameters. In order to
compare these different solutions, the corresponding design parameters are assigned
so that the minimum targehaser relative distance is of (about) 25 m. While in the
case of the circular trajeatg this requirement is satisfied by simply settRgto 25
m, the Skrmiand the Skr require a tuning procedure of their corresponding
design parameters. Specifically, as regards thgrGEa minimum relative distance
of 25.2 m is ensured by settidg to 21 m anddxz,n to 13 m. On the other hand, a
SEwr characterized by a minimum range of 25.01 m is obtained by séitittgy16
m, dxzn to 8 m, andz to 25 m. As a result of this design process, the mean orbit
parameters of both the chaser and ESI/T are collected in Tabke. 1

Mean orbit Chaser- ENVISAT
arameters circular Chaser- SEprmi| Chaser- SEyr (9th November
P trajectory 2015)
a (km) 7143.78192394| 7143.78192394| 7143.78192394 | 7143.78192394
i (°) 98.31650000 98.31650000 98.31650000 98.31650000
q () 9.13622451 9.13659470 9.13664281 9.13640000
e 0.00009663 0.00009451 0.00009545 0.00009630
¥ (°) 78.47285310 78.09171042 78.25466816 79.49300000
True
o 1.02031869 1.40158263 1.23860338 0
Anomaly (°)

Table 4.1- Initial mean orbit parameters to obtain relative trajectories around ENVISAT

characterized by a minimum range of 25 m using the three proposed approaches
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By looking at the relative trajectories which derive from the mean orbit
parameters listed above, the main featurek@ptoposed approaches can be put into
evidence. The fact that the circulaasj&ctory is only passively safince it intersects
the alongtrack axis of the THRHKs highlighted in Figre 4.2 where the trajectory

projection on the radial/crogsack planas a straight line.

— T/C relative trajectory
® Chaser initial position
Target position
— Relative trajectory projections

=
o o

radial (m)
AN
o

40

20 " 59 O
along-track (m) cross-track (m)

Figure 4.2- Circular trajectory (25 m radius) around ENVISAT, together with its projections

on the reference planes of THRF.

On the other hand, the remaining design strategies both provide relative motions
of the chaser around tharget which satisfy the additional safety constraint of
intersecting neither the alofitack nor the radial axis of the THRF, as it is shown in
Figure 4.3 and Figire 4.4, where their projections on the alotrgckkrosstrack
plane are ellipsesnstead 6 being straight lines as foreseen by the classical SE

concepf(see Figure 4)1
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— T/C relative trajectory
® Chaser initial position
Target position
— Relative trajectory projections

20- ; }

/K

radial (m)

o NS
40 20 O
along-track (m) cross-track (m)

Figure 4.3- SEgr mi(Ax of 21 m,dxzyn of 13 m) around ENVISAT, together with its projections
on the reference planes of THRF.

— TIC relative trajectory
® Chaser initial position
Target position
— Relative trajectory projections

30, <
-60
-40
20, 0 20 40
along-track (m) cross-track (m)

Figure 4.4- SEyr (A« 0f 16 m,dxzy of 8 m,zof 25 m) around ENVISAT, together with its

projections on the reference planes of THRF.
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By favoringzigver A, it is possible to generate trajectories characterized by very
limited range variation and low values @§ur, i. e. the oubf plane observation
angle which can beeomputed by means ef]. (4.39).

J our =tan’

Qo
NI
|- OO

(4.39)

i

¢

Conversely, ifAc is larger thanz, both the range variation anhyr increase.
Hence, a great advantage of this design strategy is that it gives the possibility to
select the most convenient value 6§yt to optimize the target observation
conditions for relative navigation purposes, which depamboth the shape of the
target andts absolute rotational dynamics. Examples of how the proper selection of
Uout improves pose estimation performancesirewnin subchapter 2.3

Due to its higher flexibility, the Sk model is used to provide examples of
trajectory design for both CSM and RB for which the design parameters are tuned in
order to obtain a minimum relative range to the target of about 11 m and 7 m
respectively. Specifically, in the case of CSM aySEharcterized by a minimum
range of 11.2 m is obtained by settiAgto 8 m,dxz,n to 6 m andzto 14 m thus
leading to a 29.7° value fdioyr. On the other han@ Skyr around RB ensuring a
minimum range of 7 m is obtained by settiygto 5 m,dxz,n to 4m andzpp 14 m
thus leading to a 16.6° value fagyt. The targetchaser initial mean orbit parameters
corresponding to the above defined trajectories (depicted urd~g5 and Figire
4.6) are collected in Table.2
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) CSM
Mean orbit | Chaser- SEyr (gth November Chaser- SEyr RB
parameters | around CSM around RB
2015)
a (km) 6997.94011260 6997.94011260, 7145.76400000| 7145.76400000
i (°) 97.86000000 97.86000000 74.03200000 74.03200000
q () 0.00018183 0 294.88419744 294.88400000
e 0.00118088 0.00118000 0.00432250 0.00432200
¥ (°) 90.03532213 90 81.40148794 81.39500000
True
Anomaly (°) 359.96461925 0 359.99340088 0

Table 4.2 - Initial mean orbit parameters to obtain SE,g around CSM and RB characterized by

a minimum range of respectively 11.2 mand 7 m.

— TI/C relative trajectory
® Chaser initial position
Target position
— Relative trajectory projections

radial (m)

(N
)

!
|
i
L
N
!-

cross-track (m)

T

along-track (m)

Figure 45 - SEyr (A« of 8 m, dxz,n of 6 m,zof 14 m) around CSM, together with its projections

on the reference planes of THRF
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— TIC relative trajectory
® Chaser initial position
Target position
— Relative trajectory projections

radial (m)

along-track (m)

cross-track (m)

Figure 4.6 - SEyr (Ax of 5 m, dxzyy of 4 m,zof 14 m) around RB, together with its projections

on the reference planes of THRF.
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Chapter 5 - Pose determination algorithms:

performance assessment

This chaptempresents and discusstee results of all the numerical simulations
carried outto assess the performance of the pose determination architecture
described insubchapter 23. Specifically, this performanceevaluation is done
considering both thpose estimatioaccuracy level and the computational efficiency
issues The effectivenessof the autonomous failure detecti®trategy and of the
check for consistency of the PCA solution (which is relevant onthe¢oPCATM
algorithm), as well as the applicability of the analytical approach presented in chapter
4 to smartly design trajectories which optimize target observation conditions are
assessedl he simul ations are performed an MATL
commercial desktog qui pped with an | nt ©f dourse,7 CPU
embedded processors used for space applisaiennot as fast as ground ondse
to limitations in size and weight for paylgadut at the same time, the proposed
algorithmshavenot beenmplemented to run in redgiime. Hence, although the run
time represents a good indicator of absolute computational efficiency, the most
valuable resultareobtained by comparing the performance of different solutions to
identify the faster ones and evaluate the effect of setting parameters on the
computational loadFinally, it is worth recalling that the selection of all the LIDAR
specifications and the re@ parameteyadopted for the numerical simulatgrias

beenpresente@ndmotivated in sukchapter 3.4.

5.1 Performance analysis criteria

Before entering the details of the numerical results, it is necessary to clarify the
criteria adopted tdetermine algorithms' accuracy.
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With regards to the pose acquisition stefiectivenesof 3D on-line Template
Matching (ontline TM), the 3D on-line FastTemplate Matchingdon-line fastTM)
andthe 3D PCAbased odine Template MatchingPCA-TM) is verified in terms of
both computational cost armtcuracy levelHowever,the pose accuracgttained by
these techniques not a meaningful metrics since the attityzb@ameter space is
sampled with large angular steps (tens of degre®yeover, the centroiding
approach exploitedto determine the relative position vegtproduce err® of the
order ofmeters dependingn the fact that the centroid is estimated by considering
only the visible portions of the targdthis poor accuracy level is theason why the
pose solution provided by the acquisition step cannot be directly sent into a
navigation filter. However, this is not a real issue since the only aim of the pose
acquisition step is to obtain a pose solution which falls in the field of coaenee of
the tracking algorithm meaning thatpose acquisitionis deemedsuccessfulif a
subsequent application of the IGHgorithm is able to estimatde pose with a
prefixed accuracy leveln this thesis, ahresholdof 3° is adoptedasit represents
approximately tertimes the value of the ICP attitude accuracy level at ref@hle
The success rate of the proposed pose acquisition algorithms (respectively indicated
as SRwm, SRasttm, and SRcatw) is evaluated at fixed values of tkergetchaser
distance (still indicated &R in the following) over large numbers of sets of relative
attitude parameters (the Euler angles) selected by means of random extractions from
uniform distributions defined ro their specific intervals of variation, i.e-90°,
90°)for b, (-180°, 180°) fotJanda. The determinatiolf the success ratat different
values ofR allows densely coveringn extremely wide portion of th@DOF pose
space.The effect on the success ratevafying g which determines the number of

templates and consequently the computational, isaalsoanalyzed.

Moving onto the pose tracking steperformance of different versions of the
ICP algorithm discussed subchapter2.5 areevaluated, over specifically designed
relative trajectories, ral compared Although the errors in the estimationf the
relative translation vector andf the relative Euler anglesvith respect to the real
values (deriving from thassigned relative dynamicdjrectly represent meaningful
metrics equivalent erroparameters are also introductm better summarize the

results Specifically, the relative attitude estimation error is representetghy
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which is the equivalent Euler angle corresponding to the quaternion qer@y (
between the true and estimated ©(respectivelyrrue andgesy) [129]. Oncegerris
obtained using eq. (5.1 which the quaternion division is exploitelgrg can be

computed using eq. (5.2)

(5.1)

/. ERR — 2cos 1(qERR_S) (5.2

wheregerr sis the scalar component gérr An additional measure of the error in
the relative attitude I8 fa, which represents the andletween the directions of the
Euler axescorresponding to the real and the estimated orientation of chaser with

respect to the target. It is computed using eq. ,(5.3)

a2cos? o) .. a2cos? o)
Coid EA) = Sing (qTRUE_S)quRUEV Qing (qEST_S)ngSTv (5.3)
% - G -

wheregrrue s Orrue v OesT s Gest vare the scalar and vector componentsy@fe
andgest On the other hand, the error in the relative position is measurgdday

which is the difference between the Euclidean norms of the true and the estimated
values ofT, andt grgr Which is the angle between the directions of the true and the
estimated values d&f. Finally, & regards the computational time analysis, it is based
on the evaluation of the ICP convergence tifkgny) and of thecorresponding

number of iterations\;r).

A statistical analysis is performed in order to compute, for each parameter of
interest, the time statistics (i.e. mean, std and rms) over the assigned relative
trajectory. Specifically, the incremental mean and standard deviation [130] are
dynamically computed ovéis;y simulations(each one differing from the others due
to the random extractions for the LIDAR range and pointing uncertainieggach
position along the trajectory. K is the parameter of interest, the incremental mean

value afteNs;v simulations €xy) is given byeq. (5.4).
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(DXN + ”&N_l QNSIM - 1) (5-4)

m, =
Nsim

As regards the incremental standard deviation &ftgf simulations {xy), it is

computed using eq. (5.5)

= | 5.5
> Ngw - 1 (5:5)
whereSy is given by eq. (5.6)
1 . ..
/7;(N = N CDXN +nZ<N_1 QNSIM - 1) (5-6)
SIM

5.2 Pose acquisition results

5.2.10n-line TM and on-line fast-TM

Before starting the evaluation of tperformance of the eline TM and of the
ortline fastTM overan extremely large portion of tlEeDOF relative state space, it
is necessaryo determine whichapproachis preferablebetween the NN and NS
ones,to be selected for the matching steyhen the ICP is adopted to establish

success or failure gfose acquisition.

To this aim, theperformance of the eline TM is analyzedover a set of relative
posesselectedalong a relative trajectoryconsiderigp ENVISAT as test case.
Specifically, one Skr is designed around ENVISARY settingA to 22 m, dxzyn to
20m andzto 10 and considering th€LE relevant to a recent measurement (January
7™ 2014) as starting point for the analysis a result of thiprocedure, the initial
mean orbit parameters for the chaser and the target are listed in Table 5.1.
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Mean orbit ENVISAT
arameters Chaser- SEyr (7" January
P 2014)
a (km) 7144.370 7144.370
(%) 98.4045 98.4045
a (%) 76.2196 76.2199
e 1.271% 1.247
¥ (%) 86.6180 86.9910
True
Anomaly (o) 03731 o

Table 5.1- Initial mean orbit parameters to obtain the SEyg around ENVISAT characterized
by A, of 22m, dxzyn of 20m, and zof 10 m.

This modified safety ellipse h&srangingfrom about 25m to 53 m. TheSRyy is
computed ashe percentage afuccessful pose solutions over 241 positions equally
separated in time (50 s) along two relatorbits (see the black dots in Figurel)s
The time step is selected so that two conseeuinses arsignificantly different in

terms of both relative attitude and position.

6000 8000 10000 12000

Time (s)

0 2000 4000

Figure 5.1- Time variation of the R along two consecutive orbitgin blue) for the designed
SEur. The black dots indicate thepositionsat which the SRy is computed
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The effect of adopting fivdifferentvalues ofgp(i.e. 60° 40°, 30°,20°, and 10°)
is estimated on the SR, on the numbe of templates to be generatexhd
consequently on the computational ¢oa$ shown inFigure 5.2 Of course, the
information about te computationatostdoes not include the time needediaxlae
success/failure by comparing the accuracy letined by a subsequent application
of the ICPwith the3° error threshold

,10 20 30 40
x 10 D (°)

Number of templates
OCOOFRFEFENNN

'
g
[ ]

cCwomONUTOR DNW

10 20 30 40 60

140 *
120
100
80
60
40
20 .-

TM computational time (s)

10 20 30 40 60

Figure 5.2 - (Top) Effect of pon SRy, comparing the NN and NS approacheqCenter) Effect of

goon the number of templates(Bottom) Effect of qpon the average computational cost
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This analysis clearly showhkat the NN approacis more effective than the NS
one as the associated value of {Ris larger for any value ofp This canbe
explained by remarking thdtighly rough initializations of the pose parametas
the ones provided by treedopted posacquisition strategycan cause sensarodel
point associations characterized by largstasthces when projecting a sensompain
the closest model surfaces requested by the NS logicompared to theones
determined by th&IN approachThis is the reason whyn the following, only the
NN variantwill be used to declare success/failuregte pose acquisition algorithms
for performance evaluation. This resalso motivates the choice of always adopting
the NN methodfor the first application of the ICBIgorithm which represents the
transition from acquisition to tracking to both tbe-line TM and the odine fast
T™.

The analyzd sets of pose parameters coaerery limited portion of the-®OF
relative state space, being restricted by the assigned relative trajectory. Hence,
although the resultscannot be considered fully repressite of algorithm's
performance in ters of the achievable success rdtether interesting comments

can be made.

As expected, a reduction gbproduces an increase tihe SRyy since it allows
restraining the angular gap that the tracking algorithm has to compensate.
Specifically, if gis 10°,the SRmy reaches its maximum value of .36%, but the
numbe of templates is so large (@80) that the computational time also becomes
unacceptably high (145 s) for clopeoximity flight. On the other hand, ¢is 60°,
the number of templates drops down to 196 and so does the computational time (1 s),
butthe SRyy reduces t®8.9%. However, it is interesting to notice that the selection
of intermediate values @p(20°and3 0 A) keeps the algorithmos
low enough (20 s and 7) $0 enable realime operations, while simultaneously
providing values othe SRy very dose to the maximum (78 % and 71.86). This
can be explained observing that the number of templates reduces of one order of
magnitudaf gis increasedrom 10° to 207 while the average estimation error in the
Euler angles (evaluated considering only the successful pose estimsteshs

approximately the same, as it is shown in T&bk
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Average attitude estimation error
p(°) 10 20 30 40 60
Successful posestimates 184 177 173 163 142
U(°) 9.73 14.04 13.83 39.83 56.88
Euler angles b(°) 6.17 6.88 8.15 14.50 18.97
2(°) 21.40 22.70 37.45 47.62 78.45

Table 5.2- On-line TM meanestimation error in the relative Euler angles averaged over the

successful pose estimates within sequencezdfl posessampled along the designed Sk.

The error in the yaw angle is larghan the one in pitch and roll for any value of
g This is motivated by the fact that ENBAT has one principal directioand
consequentlythe relative rotation angle around the corresponding axis of the TRF is
more prone tgroduceambiguous estimation®©f course this is also related to the
fact that thetargetsimplified model does not include many details present on the
satellite external surface. Another important property of thdinenTM can be
noticed by comparing the values of the estimation error in the relative position vector
when the algorithmis successful to the same ones corresponding to algorithm
failures. These results are collected in Tabld whereTx, Ty and Tz are the

components of in the SRF.

Relative Average position estimation error
position vector
components p=10° p= 20° p=30° = 40° p=60°
. Tx (M) 2.809 2.697 2.689 2.772 2.853
On-line
™ |Ty(m)| 1.324 1.268 1.251 1.343 1.369
SUCCESSIt m)|  1.924 1.936 1.868 1.808 1.868
. Ty (M) 4.021 4,198 4.130 3.773 3.443
On-line
™ Ty (M) 1.588 1.714 1.732 1.478 1.412
fail
Al I, m)|  4.698 4.360 4.390 4.192 3.601

Table 5.3- On-line TM meanestimation error in the relative position vector components
averaged over the successful pose estimates within sequence4ifposessampled along the
designed Sk.
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It is clearly shownthat error induced by the centroiding approach in the
estimation of the relative position vector, which depends osgheificconditions in
terms of target relative attitudes the one that compromisdake algorithm's
capability to find the set of sangul Euler angles adequately close to the real triplet.
For instance, the eline TM algorithm is more likely to provide success if the error
in the estimation of the along boresight componentistkept below 2 m.

It is now necessaryo determine all th@otential advantages/drawbacks which
canresultif the onrline TM is substitutedor its fast variantSpecifically, the odine
fastTM is applied selecting a value Gfequal to 0.1 ireq. (2.5, meaning that the
only templates to be considered for potential matching mustahpeatdistribution
with respect to the sensor boresight axisch ismore than 106 different from the
one associated to the measudadaset The choice of this valuesidriven by the
necessity of not to risk losing domany templates which instead could represent
potential candidates to minimize the correlation functionpf eq. (2.3).Also for
this analysis, ENVISAT is selected as test cdsSestly, the two methodsare
comparedver the 241 sets of pose parameters identified along the previously define
SBEur.

Results collected in Figure 5.3mmediately show thathe online fastTM
excludes from the evaluation @f about 66 % of the generated templates for any
value ofg Although one could expect the computational efficiency to improve in a
proportional waythe actual accelerationlisited to 15 %of the computational time
associated to the dme TM. This isdue tothe fact that th ortline fastTM has no
impact on the time required for templates generation, which represents the main
contribution to tle overall computational burdem terms ofsuccess rate (SRhe
results highlight thathe fastTM strategy causes a loss of performance as compared
to the basic approadinceit can lead to the exclusion of potentiadjgod candidate
templatesThis loss of performance is affected by the valugadpecifically, f the
angular samplingtepis low enough (10° or 20°), the loss of success ratgSR
SRasttv) IS extremely limited (about 1 %), while it increases up to 22 % wepen
grows to 60°However, this effect is still not clear since these results are relevant to

an analysis carriedut over a restricted portion of theD8F relative state space.
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This is the reason whthe loss of success rabecurring whengpis 40° (10 %) is
lower thanif gpis 30° (14 %).
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Figure 5.3- On-line TM vs. on-line fastTM. (a) Success rate. (b) Losef success rate of the on
line fast-TM. (c) Percentage of templates excluded from the correlation function evaluation. (d)

Computational time reduction.

Hence,this study must be extendedver a much wider portion of thé-DOF
pose space thus obtaining absolute performance indicators. This is done by
evaluating theSRyy and theSRasitm over 500 sets of randomly selected Euler
angles and considering four different value®Rd20 m. 30 m, 40 m, and 50 mgs
shown in Figire 5.4.
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Figure 5.4- (Left side) SRy, as a function ofgpat different ranges. (Right side) Variation of

SRfastTM with respect to SRyy as a function ofcpat different ranges

Firstly, it is confirmed that the SR reduces @sncreases, as this happens
independently of thealue ofR. However, it can be noticed that this effect tends to
weakenat farther rangesSpecifically if Ris 20 m, theSRy rises from64.8% up to
97.2 % by changinggpfrom 60° to 10°. On the other hanél,R is 40 m, the SR

increases frond1 % to only69.8% by considering theame variation ofp

Secondly,the effectiveness of the proposed approach for pose acquisgion

significantly worsened iR increases at a fixed value gif For instance, itpis equal
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to 30°, the value 08Rry goes from 8.8 % at 20m down to &.6 % at 50m. This

phenomenon has two main causes.

1 Thefixed angular resolutiomdopted to simulateIDAR measurements
(U.osis 1°in azimuth and elevationfauses a reduction in the size of the
measured point clouds (it varies, on averdgem about 490 points at 20
m to about 120 points at 50 ngparse point cloudsan more easily give
rise to ambiguous matches (they can produicélar values ofC)

1 TheSNRof the backscattered laser beagags down, thus increasing the

probability of point misdetection.

Of course, thigperformance worsening at increasiRgs independent of how

well the attitude parameters space is sampled

By focusing the attention on the right side of Fighr4 it is possible to notice
that the increase @& has a negative effect also on @R performance of the eline
fast TM. For instanceif Ris 20 m, theloss ofsuccess rateemains below 1 % for
anyqup to 40¢ In particular by settinggpto 20°, the Ry - SRasttm becomes0.4
% thus meaning that the adoption of the fast variant of the proposed TM algorithm is
able not only to reduce the computational load but also to slightly improve the
performance. On the other hanmfdR is 30m, the SRy - SRastTm IS always psitive
(no SRimprovementmtroduced by the fast variardhd gets worse for increasiy
since it variegrom 3.9% (D= 10°) to 23% (D= 60°).

As regards the computational load, also the time saving provided by-imeon
fast TM with respect to théasic TM algorithm is influenced by the variation of the
target range. Specifically, &enlarges, the size of the LIDAR point clotetuces
and sothe contribution of the correlation determination task to the overall
computational burden becomes less am@nt, thus limiting thdime acceleration
provided by its fast variantThis is shown in Table 5.4, where the analyses
performed settindg? to 20 m and 50 nare consideredindeed, in spite of a similar
percentage of uncorrelated templates, the time eat&n ensured by the dime
fast TM algorithm with respect to the basic approach vasieaveragérom 24 % at
closer range (20 m) to 9 % at farther range (50 m).
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. R=20m
L Uncorrelated templates (%)| Computational time reduction (%)
10 68.9 313
20 68.6 193
30 67.9 23.6
40 67.5 236
60 67.3 21.8
R=50m
®(°) - - :
Uncorrelated templates (%)| Computational time reduction (%)
10 65.6 10.5
20 66.0 12.9
30 67.0 8.9
40 66.5 54
60 69.3 9.1

Table 5.4 - Effect of the targetchaser relative range on the percentage of uncorrelated templates

and on the overall time acceleration characterizing then-line fast-TM .

In conclusionthe possibility to substitute the dime TM with the online fast
TM can be jusified by the advantagattainedin terms of computational efficiency
only if the associated loss of success rate is kept to a minimum. Indeed, this
phenomenon is clearly caused thwe fact that the eq. (2.5) is a reliable measure of
the similarity betweenthe templates and the LIDAR point cloud only if enough
information to perform the discrimination procem® available This condition is
satisfied only ifthe number of templates is largpi€ low), andif the sensor point
cloud is not too sparsehus being able to recognize more geometric de(tils

sensor is sufficiently close to the target).

Finally, regarding the global performance of the proposed techniques it is
possible to state thate selection of intermediate valuesqf20° and 30°) provides
the best compromise between the necessities to simultaneously ensure high success

rates and computational time which is sustainable fortimal applications.
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5.22 PCA-TM: success rate analysis

Results from the previousubchaptermotivate why the performance of the
PCA-TM is derived by using the NN matching method within the ICP algorithm
used to declare success/failure. On the other Hdiffdrently from the cases of the
previously analyzed techniques, the transitgirp from acquisition to tracking
requires the ICP algorithm to be applied with both the &d NS approaches in

order to solve any possible ambiguity in the estimated pose.

Numerical simulations anealizedcoveringan extremely wide portion of the
DOF relative state spac8pecifically, theSRecatm iS evaluated as the number of
successful estimates over 1000 sets of randomly generated Euler anhdiésrent
values ofR. Firstly, it is interesting tdocus on the effectof qgpon the PCATM
pefformance in terms of success rate and computational efficiaaayone forthe
on-line TM and the o+line fastTM. Specifically, ENVISAT is considered as test
case mis varied from5° to 60°, and the targethaser relative distance is $e20 m

and 30m. Results of thissimulations are collected in Table 5.5.

o | Number of | SRpca-tm (%), Average SReca-T™ Average

©) | templates R=20m computational (%), R=30m computational
P B time (s) 0 R time (s)

5 73 96.5 0.889 89.8 0.913

10 37 96.2 0.451 89.6 0.4&4

20 19 96.2 0.238 89.5 0.240

30 13 95.7 0.161 89.5 0.167

40 10 91.1 0.125 89.2 0.129

50 8 85.3 0.102 88.4 0.104

60 7 78.0 0.089 87.5 0.089

Table 5.5- Effect of the angular sampling step on the success rate and computational time of the

PCA-TM, considering ENVISAT as test case at two different values of the relative range.
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One first interesting result of this analysis is that the effegb@f the SRcatv

is weak, compared to the behavior observed for thg,3iRd the SRs:tm. Indeed,

the SRcatv €stimated considering a relative range of 20 m is larger than 90 % even
if gpis set to 40°which means restraining the evaluation of eq. (2.3) to only 10
templates. The result obtained settRgo 30 m is gen more impressiveince the
SRecatm Stays above 87 % independently apf Of course,the reduction ofthe
angular sampling steptill affects the average computational timehich tends
growing as anearlylinear function of the number of templatlest is alwayskept
below 1 sBy considering also the step for transition from acquisition to tracking the

overall computational times alwayskept 2 s

It is now extremely important to evaluate the effect on the performance of the
PCA-TM of the size and shape of the targest a crui@l part of the algorithm is the
adoption of the PCA to identify the direction of the target main axis by analyzing the
shape of the measured point clausipecifically, the analysis will be focedon the
success rate since high computational efficiescgliways ensured by the extremely
limited number of templage Hence, thé&SRecatm IS estimated considering the three
targets presented sub-chapter3.5 (ENVISAT, CSM, and RB) and settingto 30°
(which providesthe bestcombination of high success rate and low computational
load). The intervals of distanas (20 m 80 m) for ENVISAT, and(10 m,40 m) for
CMS and RBThis choices are done takinige size of each target into account, so
that the number of points in tlboud goes from a few hundreds to a few tens, while
the target goes from partial to full view conditions. Results of these analyses are
shown in Figire 5.5, wherePCcoveragels the ratio between the mean cross boresight
dimensions of the measured pointurdoand the target, WhilERGTcoveragelS the ratio
between the maximum cross boresight distance covered by the target and the LIDAR
swath width §y). Specifically,PCcoverageindicates how much the point cloud covers
the target surface (averaged over tlagiable attitude conditions), thus being less
than 1 by definition. On the other han@RGTcoverage Measures how large the
maximum cross boresight distance covered by the target is compagdTibus, a
value ofTRGTCoverageC) 1 i mpl i es stcongpletelyt chnéainetd anrtige t
LIDAR FOV independently of its relative orientation.
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Figure 5.5- Performance analysis of the PCATM considering different targets and variable
range. Effect of the target-chaser {T/C) relative range on the SRca.tvm (), the number of
detected points (b)the PCcoyerage(C), and TRG Tcoverage(d)-

Figure 5.5b shows that, as expected, the number of detected points drops down
as theR grows. Although this causes an overall reduction of the success rate for any
consicered target geometry (see Figure &b the performance worsening has

different aspects to point odepending on the analyzed case.

As regards ENVISAT, the&SR-catv IS above 68 % for any value of the
excluding 80 m (46.2 %)ndeed, this latteconditionis particularly unfavorable due
to the limited size of the point clouds (about 30 points on averame)ring an

extremely large spacecraft (see dimensions of ENVISAT in Table &8)to the



Chapter 5 Pose determination algorithms: performance assesshgét

high percentage of misdetections (around 30 % on aveidge)ng from 20 m to 70

m, the variation of the success rate has a peculiar behavior. Specificallg, it
characterized by a local minimum (68.2 %) and maximum (79.4 %), respectively
found at 40m and 60 m. This can be explained by observing that the-PIGA
cambility of successfully computing the target pose depends not only on the point
cloud density, but also on the target observation geometry. Specifically, denser point
clouds help the algorithm to distinguish similar (ambiguous) poses, but this task is
more complex if the target, and in particular its main axis, is only partially included
in the FOV. Hence, from 20 m to 40 m the reduced point cloud size dominates and is
responsible of the performance worsening. On the other hand, from 40 m to 60 m,
both PCcoverage aNd TRGTeoveragetend to 1 (meaning that the point cloud covers, on
average, the entire target surface and the target is fully contained in the ISpPAR
Considering the particular shape of ENVISAT, this condition helps in solving for
ambiguous poses, so théite success ratexhibits a local maximum. Of course,
above 60 m, the further decreaseatdd SR-catm IS produced by the increased level

of pointcloud sparseness, i.e. the number of pdietsomegoo low.

In spite of comparable values of the number of LIDAR measurements, CSM is
characterized by worse performance in termsuotess rate. Specificallthe SReca
™ goes from 84.4 %if Ris 10 m down to 46.9 %if Ris 40 m. Indeed, the-g
plane of its TRF is a symmetry one (while ENVISAT is fully not symmetrical), and
this makes the pose determination issue much easily subject to ambiguous
assignments atelative distancegarthe than 20 mwhere CSM starts being fully
contained in the sensor FOV. On the opposite, a relative distance of 10 m produces
partial views of CSM RCcoverage Of about 60 %) and thivielps solving pose
ambiguities.In order to fully demonstrate that performance dedgradaf the PCA
TM in terms of success rate when the target is fully contained in the sensor FOV is
exclusively due to the symmetry of the simplified CSM modelhaa simulations
are performedSpecifically, the geometry of the target is modified withpezs to
actual CSM shape bgttachingan additionacuboidshaped element (3 m x 0.1 m x
1.5 m) to its main body, as it is shown in Figure 5.6. Simulation result®areared
to the ones obtained for CSM in the interval 120, 40 m in Table 5.6.The
significant positive effect of introducing an asymmetry in the target geometric model
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clearly demonstrate the befemgentioned statemenit. is particularly interesting to

notice that the attained values 8R-catuv are better than the ones obtained f

ENVISAT in the same interval of ranges. This is mostly related to the fact that the
modified CSM is totally in sight by the LIDAR while ENVISAT is only partially

contained in the FOV.

Z1RF

2rRF

Yrre

Figure 5.6- Model point clouds for CSM (left), and its modified version (right).

R SRecatm (%)
(m) Modified
CSM CSM
20 70.4 94.7
30 54.7 93.1
40 46.9 89.0

Table 5.6 - Success rate comparison between CSM and its modified version
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As regards the RB, it is firstly necessary to remark thatpose acquisition
algorithmbased on the PCAoes not require the TM procedwsmce the zaxis of its
TRF is a symmetry one (i.e. the pose has oABCHF). In the considered interval of
R, the RB is always fully contained in tl8, (seeFigure 5.5-d), thus the size of the
point cloud compared to the target dimension (Bggire 5.5-c) reduces almost
linearly for increasing rangeAlthough this determines a global reductiontbé
successateas the relative distance goes fra@m to 40 mthe SRecatwm is slightly
larger at20 m (89.2 %)than at 10 m (85.6 %)rhis derivesby the fact that the
difference in detected points between the lateral surface and the base of the cylinder
is positive andarge enoughso that the shape of the point cloutbak identifying
its main axis in a wider range of Euler angleshe fact that the TM step is not
required by symmetric cylindeshapedobjects makes the achievable success rate
strictly related to their elongation, as it mainly determines the shapeegboint
cloud. Ad-hoc simulations are performed to show this effect, considemg
modified versions of RB. The first one (RB is obtained by doubling the radius
with respect to RB, thus halving the ratio between the inertia in the symmetry axis
andthe inertia in the perpendicular directidp). Conversely, the second modified
rocket body (RR.) is obtained by doubling the height with respect to RB, thus
doubling alsal ai0. Simulation results are compared to the ones obtained for RB in
the interval ofR (20, 30) min Table 5.7. As predictable, the highggo is, thelarger
the SRecatv becomesMoreover,RBy; is so flattened that the region in the relative
attitude space where the PCA is able to identify its main axis is extremely limited,
thus compromising the achievable success rate.

SRecatm (%)
Target Radius (m) | Height (m) I ratio
R=20m R=30m
RBw1 2.4 6.5 2.7 35.3 27.4
RB 1.2 6.5 5.4 89.2 85.1
RBw2 1.2 13 10.8 97.6 97.3

Table 5.7 - Success rate comparison between cylindeshaped targets with differentl ;c.
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5.23 PCA-TM: robustnessimprovement

Two point clouds for eaclthe threetest cases adopted as target (ENVISAT,
CSM and RB),obtained considering a relative range of 30 m, are shown urd-ig
5.7. Specifically, the point clouds on the left and on the right correspond to attitude
conditions for which the PCAM provides, respentely, failure and success
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Figure 5.7- Examples of target point clouds at 30 m of relative range: (a) ENVISAT=150°,
b=-30° ando=0°; (b) ENVISAT, U=90°,b=30° ando=0°; (c) CSM, U=30°,b=0° and2=0°; (d)
CMS, U=120°,6=90° and2o=0°; (e) RB,=0°, b=0° and2=0°; (f) RB, U=80°,6=10° ando=0°.
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Figure 5.7 cleaty shows how the succesfailure of the PCATM strongly
depends on the shape of the acquired point ¢clowgning thathe measured points
must be spread enough in the direction of the main axisSincethis condition is
certainly not satisfied if the target is viewed by the LIDAR with a very shallow
angle, the algorithm's robustness against such situations must be improved. To this
aim, two solutions are envisaged, which are presented in the curreahapter.

Firstly, it is necessary to apply the consistency chdekned in subchapter
2.4.3 which leads to the modified architecture for the AGAshown in Figure 2.14.
The criterion introduced to goriori establishwhether the target main axis direction
can be easily identified or nbly analyzing the shape of the measured point cisud
here recalled and its applicabilityassessd thanks to d-hoc simulationsThe basic
idea is thathe ratio ) between the maximum and minimum eigenvalueshef
covariance matrixQ defined in eq. (2.6)s a direct measure of the elongation of the
object observed from a specific point of view. Hence, the higher the vatus,dhe
more reliable the estimate&sg) direction is Specifically, the PCA is applied to 10000
point clouds obtained by assigning a fixealue toR (30 m) ando (0°), while the
couplesof Uandb areextracted from two uniform distributionsespectivelyin the
intervals ¢180°, 180°) and-00°, 90°) This analysis is performed for each of the
assigned targets to identify the regions in thé plane whereey is a good
representation of theaxis ) of the TRKred regions in Figre5.8). This condition
which is verifiedby applying the same IGPased methodefined in sukchapter 5.1
is not satisfied (blue regions Figure 5.8) for ENVISAT and CSM when their views
are occluded respectively by the solar array and the SAR antenna, and for RB if the
lateral surfaces arpoorly in sight of the LIDARThe behavior of, depicted in
Figure 5.9, clearly shows the correlation between large (low) values valueandl
the algorithm's success (failurdé). order to visualize the effect of the relative range,
the PCATM success/failure and of the value oin the Ub plane are depicted
considering a larger value of the targbaser distance (40 m), respectively in Figure
5.10 and Figure 5.11At this farther range the correlation is still evideas the
number of failuresndthe portion of thd}b planewherer becomes too low tend to
enlarge. This is particularly evident for RB, as it can be seen by lookiRgyate
5.9c and Figure 5.1t.
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Figure 5.8 - PCA estimation of the target main axis in théJ-b plane, considering a relative range
of 30 m. (a) ENVISAT,; (b) CSM; (c) RB.



