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Abstract

The accumulation of space debris has become one of the greatest threats facing the space
industry to date. Through an increasing amount of objects deposited in Earth’s orbit,
such as rocket bodies, defunct satellites and general debris fragments, space missions are
exposed to a growing risk of collisions. Moreover, the recent surge in commercial space
applications is expected to further contribute to the problem.
At Institute of Technical Physics of Deutsches Zentrum für Luft- und Raumfahrt (DLR)
in Stuttgart, resident space objects are monitored using a number of telescopes through
active laser and passive sunlight illumination. Due to the high altitude and relatively
small size of the objects they generally appear as unresolved points in photometric im-
ages. An object’s temporal variation in brightness is referred to as a light curve and
implies key information concerning the object’s shape, material composition and rota-
tion. Recovering these parameters from light signals is not trivial and it is anticipated
that additional information provided by multispectral observations will contribute to a
more reliable characterization of space debris.

This research covers the development of a physically based simulation to model multispec-
tral light reflections from space debris. The software is targeted towards ground-based
observations and is expected to form an integral part in facilitating future strategies for
comprehensive collision avoidance and space debris removal. Both passive light curves
and laser ranging measurements are simulated using three-dimensional satellite models.
To improve the accuracy of simulations, spectral lab measurements of common space
materials are incorporated into the render.
Further, the process of gathering reference measurements using the DLR’s 43 cm tele-
scope at the Uhlandshöhe Forschungsobservatorium is presented. For the comparison
between synthetic and empirical light curves, a detailed calibration of the optical system
is performed. The validity of the light curve simulator is confirmed the on the basis of
recordings obtained from radar calibration targets.
Finally, simulated data is used to study benefits of multispectral observations for char-
acterization and parameter estimation from space debris.
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1 Introduction

1.1 Space Debris

More than 60 years of space missions have resulted in a large number of objects deposited
in Earth’s orbit. Many of these have since fulfilled their purpose but remain in orbit in
the form of discarded rocket bodies or defunct satellites. Moreover, the accumulation of
smaller debris fragments from discharged propellant, explosions and collisions between
objects has added to the clutter. Figure 1.1 gives an impression on the composition of
objects in Lower Earth Orbit (LEO).

In May 2021 the European Space Agency (ESA) estimated that there are around 34,000
objects larger than 10 cm in Earth’s orbit, of which less than 13 percent are functioning
satellites [3]. Nevertheless, the number of objects launched to LEO has tripled every
three years since 2014, due to a rise in commercial enterprise catering to the high de-
mand for satellite-based communication and earth observation services [9]. This drastic
Increase in payload launches is supported by the considerable cost reductions achieved
by private launch providers such as SpaceX [9].
Annual satellite launches are predicted to continue rising through competing broadband
internet constellations by private companies such as SpaceX, OneWeb and Amazon [31].
Of these, SpaceX is the most ambitious with plans to launch 12,000 satellites as part of
the Starlink formation, while awaiting approval for an additional 30,000 satellites [31].
These prospects add to the growing risk of collisions that has promoted space debris to
one of the greatest threats to current space missions. The high relative velocities between
objects make any impact critical: while a 1 cm projectile may cause damage to essential
components, a 10 cm large object can lead to fatal fragmentation of a spacecraft [43].

Several accidental collisions between large objects have already occurred in orbit. The
most detrimental of these was the 2009 crash between the defunct Cosmos 2251 and
the operational Iridium 33 communication satellites [6]. Both spacecraft collided at a
relative velocity of more than 11 km s−1 [6] creating over 2000 fragments big enough to
be tracked [7]. The largest amount of debris fragments to date however resulted from the
intentional destruction of the defunct Fengyun-1C weather satellite by a missile during
test of the Chinese satellite-defence system in 2007 [5]. More than 3000 fragments have
been observed in the wake of this experiment [5]. Each of these events has left a clear
mark on the amassed debris in orbit that can be seen in figure 1.1.
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2 1 Introduction

Figure 1.1: Number of objects (larger than 10 cm) in LEO updated on a monthly basis
by NASA [10].

In total it is estimated that the the number of events generating debris particles such as
collisions, explosions or separations has surpassed 560 since May 2021 [3]. Through the
denser population of objects in orbit there is a growing risk collision cascades, in which
fragments from one crash break-up further objects leading to a chain reaction. This sce-
nario has come to be known as Kessler Syndrome and is forecast to be a dominant factor
for the accumulation of space debris [68]. Although atmospheric drag in LEO ensures
that objects frequently de-orbit, examinations have surmised that this will not suffice to
counteract the debris accumulation from potential collisions of current objects in orbit
[68].

In 2020, more than 180 tons of space debris re-entered Earth’s atmosphere [9]. The
majority of this burns up in the process, however it is approximated that the total mass
surviving re-entry lies between 10 and 40 percent [12], so that on average 45 tons of
debris fall back to Earth. Even though the chances of debris causing a fatal accident to
humans are reckoned to be slim (∼1:120 billion per year [69]), objects have impacted in
populated areas in the past. For instance in May 2020, when fragments of a Long March
5B rocket crashed into a village in the Ivory Coast [99].

1.2 Space Situational Awareness

The field of Space Situational Awareness (SSA) focuses on ensuring a secure space envi-
ronment through monitoring and classifying Resident Space Objects (RSOs). A major
component of this has become the surveillance and avoidance of space "junk" in Earth’s
orbit. In this context, space agencies have introduced "End-of-Life" plans that include
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1.2 Space Situational Awareness 3

procedures for de-orbiting satellites once they have completed their operational span [9].
In lower orbits this usually entails a re-entry, in which spacecraft are either recovered or
burnt in the atmosphere. At higher altitudes these solutions are not practical. Hence, a
transfer to higher graveyard orbits is intended instead, to avoid interference with opera-
tional satellites. Thereby any excess fuel is expelled to minimize the risk of explosions.
While these measures have been enforced for geostationary satellites with over 80 percent
compliance to orbit clearance measures in 2020, the rate of successful de-orbiting in LEO
for payloads reaching the end of their operation span was below 20 percent [9].

Over the past years an increasing number of unidentified objects has been observed
whose origins cannot be traced to specific collision events [9]. This is largely a result of
improved tracking capabilities, but it also highlights the need for adequate monitoring
and characterisation of RSOs to ensure safe operation of active spacecraft. The haz-
ards brought about by densely populated orbits and space debris call for reliable risk
assessment and collision warning systems. High accuracy orbit predictions are therefore
essential to initiate timely collision avoidance manoeuvres and avoid unnecessary evasion.
The motion of an object in Earth’s orbit is determined by the two-body equation [116]

r̈ = − µr

‖r‖3
+ ac, (1.1)

where r is the vector from Earth’s centre of mass to the satellite and µ is Earth’s gravity
parameter. The additional variable ac accounts for accelerations by other forces affecting
the satellite that are secondary to the main gravitational term, but nevertheless can accu-
mulate to considerable deviations from the Kepler orbit. These perturbations are caused
by effects such as third body gravitations from the Sun, Moon and other planets as well
as non-conservative forces stemming from atmospheric drag and solar radiation pressure
[116]. Between the non-conservative forces, solar radiation pressure is more significant
at higher altitudes, while in lower orbits the drag term dominates [116]. Equations 1.2
and 1.3 specify their respective acceleration effects on a satellite body.

asrp =
psrpcRA�

m

r�
‖r�‖

(1.2) adrag = −1

2

cDA
⊥

m
ρ‖vrel‖vrel (1.3)

Here psrp is the solar radiation pressure, A� the cross-sectional area of the Sun and
r� the distance between object and Sun. The object’s relative velocity to atmospheric
particles is given by vrel, A⊥ is its cross-sectional area facing the acting force and ρ is
the atmospheric density. Both equations include the object’s mass m. Finally, the re-
flectivity coefficient cR describes radiation scattering behaviour of the object while the
drag coefficient cD defines the its susceptibility to opposing atmospheric particles.
A common approach to determine the magnitude of either force, is to assume that an
object’s specific attributes remain constant along its orbit. This translates to a spherical
body with uniform surface properties, which is why the simplification is also referred to

DLR
Simulation and Measurement of Multispectral Light Curves from Space Debris



4 1 Introduction

as "cannonball model". The combined properties of an object can then be determined
from a fit to ranging data.
Typically only one area-to-mass ratio is estimated per object, even though the ratio dif-
fers for solar radiation and drag forces as they act toward different directions; in LEO the
ratio is derived from the drag term while in Geosynchronous Equatorial Orbit (GEO) it
is approximated as the solar radiation cross-section [31]. In reality, drag and reflectiv-
ity coefficients change based on the material properties of an object’s exposed surface.
Moreover, solar radiation pressure and atmospheric drag are dependant on the shape and
orientation of an object via its cross-sectional area. Consequently, the cannonball model
has been found to provide insufficient accuracy of predictions, particularly for objects
with high area-to-mass ratios [84].

To depart from simplified orbit propagation models it is essential to extract as much
information as possible from remote sensing applications. This can be achieved in a
number of ways. Naturally, the optimal resource is resolved images from which all re-
quired target attributes can be gathered. In the past, moderately resolved images have
been exploited to predict the spin axis and rotation of NASA’s IMAGE satellite, as well
as visually monitor attitude manoeuvres to asses the satellite’s functional state [48]. It
is difficult though to attain the necessary resolution for this sort of examination from
ground-based observations.
An alternative approach uses radar measurements to determine cross-sections of targets
in near-Earth orbits, which can yield details concerning the targets’ size and shape [97].
However, ground-based surveillance is inherently limited by atmospheric perturbation as
well as the large distance to targets and their relatively small size. Consequently, photo-
metric images are for the most part confined to low resolutions. Therefore, non-resolved
observation data is frequently compressed to a single dimension, where a time sequence
of measurements makes up a reflection signal from an RSO. Research has shown that
the analysis of these signals can be used to estimate objects’ shape and rotation state
[127, 21, 50], as well as surface materials [64, 11, 26] based on a restricted set of a priori
knowledge. Due to the large amount of unknown parameters influencing observations,
the estimation problem is ill-posed, so that prior information or large datasets are gen-
erally required to extract target attributes. Unfortunately, specifications concerning the
attitude or surface parameters of space debris are hard to come by because satellite op-
erators typically do not release this data and for the most part, no communication link
is available to debris objects. Hence, it is expected that increasing the measurement
domain through multispectral observations will help constrain the solution space of es-
timations for RSO characterisation. Chapter 3 will discuss the concept of spectral light
curve signals in further detail.

Besides space debris monitoring and mitigation, a common objective to combat con-
gested orbits has been enabling active debris removal missions. These endeavours rely
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1.3 Research Overview 5

on precise target information, too. For instance, contemplated de-orbiting through laser
ablation will vary based on a target’s shape, surface materials and motion [103]. The
same holds for in-situ capturing methods using a net or a mechanical gripper [123].

Knowledge gathered from remote observations can also be used to determine the physi-
cal condition and operational state of spacecraft, as was demonstrated by the previously
mentioned study on the IMAGE satellite [48]. Information on a target’s function may
be inferred from its component reflections, for example the solar panel area provides a
direct relation to the power generated by a satellite [64]. Further, solar panel reflections
may be exploited to conclude on their deterioration within the space environment [25].

1.3 Research Overview

The objective of this work is to develop a simulator for accurate forward modelling of
light reflections from space debris. It is anticipated that this will contribute to the gen-
eral understanding of the influences of individual parameters on an object’s reflectance.
Moreover, the software provides a basis for studies on parameter estimation from space
debris observations.
The implementations focus on extending the Deutsches Zentrum für Luft- und Raum-
fahrt (DLR) light curve simulation tool Raxus Prime [22, 102]. By revising the render
model, the software is turned into a physically accurate simulator for spectrally resolved
light curves in visible and Near Infrared (NIR) wavelengths. A procedure is devised to
include spectral reflection measurements from common space materials in computation
models, making it possible to reproduce realistic spacecraft observations. To validate
the simulation, measurements are conducted at the Uhlandshöhe Forschungsobservato-
rium (UFO) in Stuttgart and compared to synthetic light curves. Finally, a survey of
light curve inversion methods is presented, that demonstrates the potential of multispec-
tral observations for space debris characterization.

Chapter 2 gives an overview on the fundamentals of light transport, followed by an
introduction to space debris light curves in chapter 3. The main body of this thesis is
separated into five parts:

Multispectral light curve observations (4)
Implementation of the spectral light curve simulator (5)
Measurement and parametrisation of spacecraft material (6)
Validation of the simulation an discussion of results (7)
Parameter estimation and inversion of the light curve problem (8)

DLR
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2 Light Transport

This chapter present the physical principles of light transport that are required for the
simulation of spectral light curves. Light transport refers to the propagation of light
through media and its interaction at boundaries between separate media. Besides a brief
introduction to the fundamentals of radiometry, an overview of the abstractions required
to numerically model the radiative transfer process will be given.

2.1 Radiometric Quantities

In radiometry, light transport is quantified by the energy Q of conducted photons. A
photon at wavelength λ has energy [91]

Q =
hc

λ
, [J] (2.1)

where h refers to Plank’s constant and c is the velocity of light in a vacuum. To eliminate
temporal dependency, light transport is commonly measured in time derivatives of the
radiant energy, which is given by radiant flux or radiant power Φ [91]

Φ =
dQ

dt
. [W] (2.2)

For the purpose of rendering, the radiation process is assumed to be in a state of equilib-
rium, meaning that each light ray transmits a constant energy over time. Hence, equation
2.2 describes the average energy over a time interval ∆t, so that Φ = ∆Q/∆t. This is a
reasonable premise, as light reaches its equilibrium almost instantaneously [91].
The radiant power over an area A is defined as irradiance E. It is dependent on the
orientation of the surface towards the incident flux [91]

E =
dΦ

dA⊥
. [W m−2] (2.3)

Illuminated area A and projected area A⊥ are linked by the angle θ between surface
normal and the direction of incident light, illustrated in figure 2.1.

A⊥ = A cos θ (2.4)

The angular range subtended by an object, with respect to a certain position is referred
to as solid angle. It is a measure for the surface area of the object’s projection onto a

6
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2.1 Radiometric Quantities 7

Figure 2.1: Incident irradiance on a surface at angle θ.

(a) Solid angle ω on a unit sphere (b) Solid angle ω of a surface A at distance
r and angle θ

Figure 2.2: The field of view from an observer at point p is given by the solid angle.

unit sphere around a reference point p, see figure 2.2a. The solid angle encompasses all
directions ω of the cone between p and the object and is specified in units of steradian
(sr). Figure 2.2b shows, that ω may also be expressed in terms of an area A at distance
r to a faraway reference point. Using definition 2.4, the solid angle element is derived as

dω =
dA⊥

r2
= cos θ

dA

r2
. (2.5)

The flux received by a solid angle element is described by the radiant intensity [91]

I =
dΦ

dω
. [W sr−1] (2.6)

Lastly, both directional and area distribution components of radiant flux are considered
in the radiance term L. According to Lambert’s law, radiance is defined as radiant power
per unit solid angle, per unit projected area [91]

L =
dE

dω
=

d2Φ

cos θdωdA
. [W m−2 sr−1] (2.7)

The presented radiometric quantities are essentially integrals over the entire wavelength
spectrum. Alternatively, they may be specified in terms of their spectral distribution
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8 2 Light Transport

by differentiating over frequency or wavelength. For the following derivations, spectral
quantities are considered per unit wavelength as follows:

Spectral flux Φ(λ) = dΦ
dλ [W nm−1]

Spectral irradiance E(λ) = dE
dλ [W m−2 nm−1]

Spectral intensity I(λ) = dI
dλ [W sr−1 nm−1]

Spectral radiance L(λ) = dL
dλ [W m−2 sr−1 nm−1]

Hereafter, indexes i and o will denote properties related to the direction of incident and
scattered light, respectively.

2.2 Physically Based Rendering

Simply put, rendering describes the computational process of creating an image from a
three dimensional scene. It is an essential part of computer graphics and is widely used
in films, video games and a variety of other applications.
Physically Based Rendering (PBR) refers to rendering methods arising from physical
principles for more accurate modelling of light transport. The underlying simplifications
are typically drawn from the theory of geometrical optics [91], in which light propaga-
tion is determined in terms of light rays. The fundamentals thereby include following
assumptions [85]:

In a homogeneous medium light rays travel in straight lines.
At an interface between two media with refraction indexes ηi and ηo, light is re-
fracted according to Snell’s law ni sin θi = no sin θo, where θi and θo are the angles
between the separation layer normal and the ray directions in the respective media.
Reflections at a separation layer occur at θr = θi.

It is further assumed that the equilibrium state mentioned above has been reached and
there is no interaction between light at different wavelengths caused by luminescence [91].
Applying geometrical optics to the render abstraction ensures the conservation of energy
and implies the linearity of radiative computations [91]. This means that the superposi-
tion principle is valid for inputs of the render, i.e. an object illuminated by two light light
sources may also be represented through the combined results of separate illumination
from each light source.
As geometric optics does not consider effects stemming from the wave property of light,
such as diffraction and interference, it is only an adequate presumption if the wavelength
is small compared to geometric features within the scene [91].
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2.3 Surface Scattering

Material reflections differ in spectral and directional distributions of scattered light. In
visible wavelengths we perceive the spectral reflectance of a surface as its colour. The
directional spread of reflected light is commonly attributed to the surface roughness.
Distributions range from specular for ideal mirror planes to diffuse reflections which are
independent of the scattering direction. In reality, materials exhibit both diffuse and
specular traits [91].

Figure 2.3: Left: Light scattering at translucent media, centre: diffuse reflection, right:
specular reflection.

Depending on the scattering model, materials are treated as either translucent or fully
opaque [91], see figure 2.3. Transmissive materials are represented by the Bidirectional
Scattering Distribution Function (BSDF), a distribution which is defined as the sum of
reflection and transmission effects [117]

fs = fr + ft. (2.8)

Here fr is the Bidirectional Reflection Distribution Function (BRDF) and ft is the
Bidirectional Transmittance Distribution Function (BTDF).
The BRDF is used to characterise non-translucent media as it captures reflections from
a surface while omitting any effects of subsurface transport. It is thereby implied, that
reflections occur at the point of incidence on the material surface. For substances that
permit little subsurface transmission this is a valid assumption that considerably simpli-
fies the render process [91].

Many spacecraft materials such as solar cells, Carbon-Fibre-Reinforced Polymers (CFRP)
or Multi-Layer Insulation (MLI) are composite materials and include translucent layers.
However, these layers tend to be thin, so that subsurface refraction is not expected to lead
to considerable alteration of the reflection point. Therefore, the BRDF representation is
deemed suited for these materials. As will be shown in chapter 6, brightness variations
resulting from multi-layer interference can still be accounted for on the macroscopic level
through BRDF measurements.
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2.3.1 Bidirectional Reflection Distribution Function

In a render, radiance and surface properties vary at each sample point p within the scene.
To derive the surface reflection equations an arbitrary point on the material surface is
assumed so that this dependency is omitted fr(ωi, ωo, λ)=̂fr(p, ωi, ωo, λ).

Figure 2.4: Reflection from a surface with normal n determined by the BRDF.

The BRDF is a direct consequence of the linearity assumption in section 2.2, which
implies that dLo(ωo, λ) ∝ dE(ωi, λ). It describes the ratio of observed radiance Lo(ωo, λ)
to incident irradiance E(ωi, λ) [19] and is defined as

fr(ωi, ωo, λ) =
dLo(ωo, λ)

dE(ωi, λ)
=

dLo(ωo, λ)

dLi(ωi, λ) cos θidωi
[sr−1] (2.9)

where ωi and ωo respectively are incident and scattering directions in the upper hemi-
sphere of the surface. The measurement domain can be halved using using the reciprocity
principle fr(ωi, ωo, λ) = fr(ωo, ωi, λ) [19]. Directions ω may also be expressed in terms
of elevation θ and azimuth φ as depicted in figure 2.4. The expression thus constitutes
a five dimensional problem. If a surface is isotropic, the BRDF can be further simplified
by φ′o = φi − φo [25], reducing the equation to a four dimensional space

fr(θi, φi, θo, φo, λ) = fr(θi, θo, φ
′
o, λ). (2.10)

For fully diffuse reflections, scattering is independent of the lighting geometry, so that

fr(λ)diffuse =
ρg(λ)

π
, (2.11)

where ρg(λ) denotes the geometric albedo defined in equation 3.1 [110].
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2.3.2 Mircofacet Theory

Microfacet theory describes a surface as a collection of infinitely small mirror facets,
whose orientation determines the directional reflectivity of the macrosurface [91]. This
notion is conveyed in figure 2.5. The statistical distribution of microfacets with normal
ωm is classified by the Normal Distribution Function (NDF) D(ωm) [91]. In other words,
D(ωm) represents the combined differential area of microfacets facing towards ωm.

Figure 2.5: Magnified mircofacets of a rough surface with macrosurface normal n. Shad-
owed and masked areas are marked grey and blue, respectively.

Given direction ω the projected microsurface area is calculated by integrating all facets
over the hemisphere H [37]

σ(ω) =

∫
H
D(ωm) max (0, ω · ωm)dωm. (2.12)

The projected facet area is normalized to unity at the macrosurface normal n [91], so
that σ(n) = 1.
So far, the NDF only considers unobstructed facets viewed from a single direction. A fur-
ther term G(ωi, ωo) ∈ [0, 1] is introduced to account for occlusion effects when observing
the macrosurface under incident and outgoing directions ωi and ωo. In microfacet theory
these effects are attributed to facets blocking the light to or from other microfacets. The
obstruction of incident and outgoing light is respectively referred to as shadowing and
masking [36]. Although, shadowing and masking terms generally do not have a signifi-
cant effect on the reflection distribution, they are used to maintain energy conservation
within microfacet models [117]. Calculations in this thesis rely on the widely adopted
Smith shadowing-masking model [106].
Attenuation of specular reflections from each microfacet is captured by the Fresnel func-
tion F (ωi, ωo, λ) ∈ [0, 1]. It describes the spectral distribution of the microfacet reflection
and is governed by the change in refractive index at the material boundary [36]. A precise
derivation can be found in [85].
The BRDF of a macrosurface is thus determined as [117]

fr(ωi, ωo, λ) =
F (ωi, ωo, λ)D(ωh)G(ωi, ωo)

4 cos θi cos θo
, (2.13)
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with phase vector ωm = ωi+ωo
||ωi+ωo|| . θ marks the polar angles between light directions and

macrosurface normal n as seen in figure 2.4.

Various implementations of microfacet distributions exist. Two of the most widely
adopted models for computer graphics are the Beckmann [14] and GGX [115] models.
Both are based on a roughness parameter α that characterises the statistical arrangement
of microfacets. The Beckmann NDF assumes a Gaussian distribution of microfacet slopes
(equation 2.14) [117], while the GGX distribution (also known as Trowbridge-Reitz ) is
based on the surface of an ellipsoid (equation 2.15) [115, 117].

D(ωm) =
e− tan2 θm/α2

πα2 cos4 θm
(2.14) D(ωm) =

α2

π cos4 θm(α2 + tan2 θm)2
(2.15)

Analytical solution of the Smith shadowing-masking can be obtained for both Beck-
mann and GGX distributions to complete the microfacet model [56]. For anisotropic
materials the functions are extended using parameters αx and αy.

2.4 Light Transport Equation

Spectral radiance at a point p in direction ωo is the product of emitted radiance Le(p, ωo, λ)
and the integral of incident radiance Li(p, ωi, λ) over the sphere S, projected onto a sur-
face with BSDF f(p, ωi, ωo, λ) at angle θi

Lo(p, ωo, λ) = Le(p, ωo, λ) +

∫
S
f(p, ωi, ωo, λ)Li(p, ωi, λ)| cos θi|dωi. (2.16)

This is formula is known as light transport equation or rendering equation [91]. f(p, ωi, ωo, λ)
characterizes light refraction and scattering as a consequence of encountered materials.
The rendering equation forms the basis of ray tracing algorithms [91]. It follows from the
notion that light transport is constituted by infinitesimal rays, see section 2.2. Computed
quantities are therefore calculated as spectral radiance values corresponding to incident
rays on a detector. To compare simulations to empirical observations, further processing
is required. Photometric sensors are designed to measure signals proportional to their
incident radiative power. Hence, radiances must be integrated over the radiating surface
area and observational solid angle to yield an expected radiant flux.
Let Ai be an area light source that emits spectral radiance Li(pi, ω, λ) homogeneously
towards a detector area Ao, similar to the scene in figure 2.6. According to 2.7, the
spectral irradiance on Ao stemming from a point pi on the light source is

E(pi, λ) =

∫
Ω
Li(pi, ω, λ)dω, (2.17)
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2.5 Monte Carlo Integration 13

Figure 2.6: Light transport between surfaces Ai and Ao.

where Ω encompasses all observation directions of pi from the detector area Ao. The
total flux on the detector is attained by further integration of formula 2.17 over the light
source area Ai

Φ =

∫
Ai

∫
Ω
Li(pi, ω, λ) cos θidωdAi, (2.18)

with θi denoting the angle between surface normal of Ai and each direction ω ∈ Ω.
Finally, substituting equation 2.5 into 2.18 results in

Φ =

∫
Ai

∫
Ω
Li(pi, ω, λ) cos θi cos θo

dAo
r2

dAi. (2.19)

Here θo is again the angle between surface normal of Ao and ω ∈ Ω and r is the distance
between surfaces Ai and Ao along ω.

2.5 Monte Carlo Integration

The light transport equation 2.16 is not analytically solvable, as the incident radiance
distribution is usually not known over the entire domain. A numerical approach relying
on Monte Carlo sampling allows integration by simply evaluating the function at arbi-
trary points [91]. The rendering equation can thus be solved by calculating the radiance
transport for a set number of incident directions and weighting these by the sampling
density.
Monte Carlo methods are inherently unbiased, meaning that they converge to the true
solution [91]. Remaining error appears as noise in the computation result. For rendered
images this correlates to random over- or underestimation of pixel values. Convergence
of Monte Carlo algorithms is independent of the dimensionality of the problem, which
makes them an attractive solution to graphical rendering [91]. It has been shown that
they converge at a rate of O(

√
N), where N is the number of samples used [91].

Samples for the integration are drawn from the Probability Density Function (PDF)
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of a set of random variables. A derivation of the resulting Monte Carlo estimate is given
in section A.2. If two or more separate functions with no common PDF are to be inte-
grated, importance sampling becomes more complex. Sampling only according to one of
the distributions can result in large variance if the underlying PDFs differ considerably.
In [91] this is illustrated based on an example of a specular BRDF combined with an
area light source. If the sampling is based on the emission distribution, the majority of
directions will not coincide with the specular reflex of the BRDF and ergo have close to
zero contribution. Whereas, whenever the specular direction is sampled the result will
be very large in comparison, as a high BRDF value is divided by a small probability.
To avoid these types of scenarios, samples are weighted based on all distributions through
multi-importance sampling [91]. Solving the light transport equation 2.16 requires the
product of BRDFs and light source emissions, each of which have distinct distributions.
Let f(x) and g(x) resemble BRDF and emitter functions with sampling distributions pf
and pg. Then the updated Monte Carlo estimator for the integral of f(x)g(x) is defined
as [91]

F =
1

Nf

Nf∑
i=1

f(Xi)g(Xi)wf (Xi)

pf (Xi)
+

1

Ng

Ng∑
i=1

f(Xi)g(Xi)wg(Xi)

pg(Xi)
. (2.20)

Nf and Ng denote the amount of samples selected based on each sample distribution.
Different definitions of the weights wf and wg exist, that ensure the expected value of
the estimator matches the integral of f(x)g(x) [91]. The render software discussed in
section 5.3.2 uses the power heuristic (equation 2.21) with factor β = 2 as weights [91].

ws =
(Nsps(x))β∑
i(Nsps(x))β

, (2.21)

In practice, emitter and BRDFs are sampled at equal amounts, so that Ns cancels out.
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Telescope observations of RSOs are one of the most fundamental tools in astronomy.
They are used to characterize stars, planets and asteroids.
As an object rotates, the brightness measured by an observer on Earth changes in accor-
dance with its visible surface area. Although measurements are generally limited to low
spacial resolutions, the temporal brightness change can provide additional information on
the object. A time series of brightness measurements is known as a light curve. Analysis
of light curve signals has been used to infer details concerning rotational parameters,
shape and reflective properties of targets [65].
Due to the high information content of light curves, they have also been adopted as a
means for ground-based satellite observations. Especially in the field of SSA light curve
methods have become a promising tool, as previous research has shown that they can
contribute to parameter estimation of space debris [127].

During satellite observations, light curves are typically captured as by-products of satel-
lite laser ranging, which is conducted by emitting pulsed laser light on an object in orbit
and recording its recurrence interval. From the time it takes for the light to travel to the
object and back again, the exact distance between object and observer can be calculated,
allowing for precise orbit determination. As the return rate of laser light varies based
on the same parameters that determine the object’s brightness under solar illumination,
ranging data may also be interpreted as a light curve. In this case, the emission time of
photons is irrelevant.
A distinction can thus be made between passive reflections of solar radiation and active
observations using a laser. Figure 3.1∗depicts both scenarios for a spacecraft pass. The
angle between illumination and observation directions is referred to as phase angle γ and
its corresponding bisector as phase vector h. For active measurements, observation and
illumination directions coincide so that the phase angle is zero.
Satellite laser ranging systems often record active and passive light curves simultaneously
using separate photometric sensors with filters that restrict their sensitivity range to the
main emission regions of solar and laser light, respectively.

Light reflections attained from space debris are a product of the following parameters:

Illumination and observation directions
Target orientation

∗Illustrations in this thesis are based on sketches of the TOPEX/Poseidon satellite using a 3D model
from [39] as reference.
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16 3 Light Curves

Figure 3.1: Passive (left) and active (right) light curve observations. With phase vector
h and phase angle γ between lighting and observation directions.

Target shape and surface material composition
Spectral and directional energy distribution of incident light
Distance and atmospheric attenuation between target and observer

Geometric parameters involved in a light curve are determined by the object’s orbit, as
well as its rotational velocity and moments of inertia. The amount of variables influenc-
ing the signal gives a scope for the complexity of the problem. At the same time though,
it also highlights the value of light curves for RSO characterization.

It has been shown that reconstructing the full shape and orientation of an object with-
out any prior knowledge is not possible as an infinite amount of solutions exist that
would produce the same light curve signal [83]. This is in part a consequence of reducing
measurements to a one dimensional time series. Naturally, limitations like this can be
avoided if resolved images are available.
Light curve inversion strategies therefore generally focuses on using prior knowledge or
reasonable assumptions to decrease the number of variables. A common approach is to
use forward models of the reflection process to assess effects of individual parameters
on the light signal. By fitting the model parameters to observational data it is possible
to estimate unknown attributes. An example for this method can be found in [105],
where the initial attitude of a target is determined by matching synthetic to empirical
data. The study also emphasises the importance of an accurate target representation as
imprecisions can lead to large variance within the estimated parameters.
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3.1 Observation Geometry

Satellite laser ranging can be conducted during any orbital pass given sufficient laser
power and reflective properties of the target. Passive light curves on the other hand are
only observable under certain geometric constraints: the Sun must illuminate the target
while simultaneously being below the horizon at the ground station location. Figure 3.2
illustrates a possible constellation for both observation types. The exact solar elevation
from which passive observations are possible is dependant on the attained Signal-to-Noise
Ratio (SNR) or more specifically the ratio of reflected light from the target to scattered
sunlight from the atmosphere.
These restrictions limit the choice of targets for monitoring spacecraft from a given sta-
tion though passive observations. For instance, many satellites in sun-synchronous orbits
are never visible during local darkness. Because these orbits are configured to keep a
constant orientation to the Sun [116], passes over a terrestrial location occur at similar
lighting conditions throughout the year.

A further influential factor for planing any observations are weather conditions. Rain or
cloud coverage can obstruct the visibility to the target and lead to high noise levels.

Figure 3.2: Constellation for light curve observations. Umbra and penumbra, refer to
regions of total and partial darkness cast by Earth’s shadow [116].

3.2 Radiation on RSOs

Passive light curves from RSOs are a product of direct solar radiation reflected from an
object’s surface. Figure 3.3 depicts the solar spectrum at the top of Earth’s atmosphere.
Due to the large distance between Sun and Earth, sunrays are often assumed to be par-
allel. In reality, the diameter of the Sun relative to other objects in the solar system
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causes these to cast soft shadows known as penumbra [116], see figures 3.2 and 3.4a.

Figure 3.3: Solar irradiance at the top or Earth’s atmosphere [81].

In contrast, light curves from laser ranging are characterized by monochromatic light,
where the wavelength is dependant on the laser used for observations. As no light source
is perfectly collimated the incident light on a target is slightly divergent. This scenario
is displayed in figure 3.4b.

(a) Passive illumination (b) Active illumination

Figure 3.4: Illumination geometries for light curve observations.

In certain constellations earthshine may add to reflections. Generally, this effect only
occurs to a noteworthy degree during daytime observations or else at large phase angles,
see figure 3.2. A survey by Hejduk on passive night time observations, suggests that for
most geometries, atmospheric backscattering is negligible as direct sunlight dominates
the reflections [57]. Hejduk finds that noticeable contributions appear at phase angles
exceeding 120 degrees and increase with greater portions of diffuse reflection from the
object. Thus for passive light curves, which are typically limited to lower phase angles,
it will be sufficient to initially consider only direct sunlight.

For active observations direct and Earth-scattered solar illumination may coincide with
reflections from the laser and must be accounted for unless the target is eclipsed by the
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Earth. To asses the relationship between these lighting conditions a simple simulation
was performed based on the debris laser at Graz laser ranging station [60], details are
given in appendix A.1. Figure 3.5 shows the estimated ratio of sunlight and earthshine to
laser light on RSOs at varying altitudes. Since these relations only quantify the incident
radiation, signal ratios of observations will fluctuate with the orientation and surface
reflectance of targets. Nevertheless, specular reflections from a target’s visible facets are
likely to occur for each radiation source during a pass. Therefore, the approximation is
useful to gauge the influence of the illumination sources on an expected light curve.
That being said, for the selected laser parameters, diffuse reflections from Earth’s atmo-
sphere generally contribute less than 0.1 percent of the laser irradiance, so that they can
be deemed negligible. The laser light clearly dominates any radiation on targets in LEO.
However, at higher altitudes the influence of direct sunlight becomes more significant
and must thus be considered in the physical model. As these assumptions are specific
to the laser parameters, it is recommendable to re-evaluate the radiation ratio based on
the optical system used for observations. It will further be noted that the laser used for
calculations is intended for ranging to space debris and has a comparatively high output
power.
Some studies also account for lunar reflections, but considering the larger distance and
smaller cross-section of the moon compared to the Earth, as well as the smaller geometric
albedo of the moon (∼0.33 at 1064 nm [76]), this is also expected to have an insignif-
icant effect on generated light curves. Nevertheless, it is planned to ascertained these
assumptions in future studies using the simulator.

Figure 3.5: Flux density ratio of direct sunlight and atmospheric backscattering to laser
light for active light curve observations. Laser parameters were assumed
based on a space debris ranging laser, see appendix A.1 for details.
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3.3 Multispectral Light Curves

Multispectral light curves can be recorded using a range of sensors that each influence
the final light curve product differently. Selecting an appropriate sensory system requires
a trade-off between spectral and temporal resolution and SNR of the measurements.

High SNRs are attained through broad observation bands that maximize the light within
each band. Naturally, broadband filters limit the spectral resolution of measurements.
At the same time, adding multiple bands to the system, requires the light to be divided
between bands which comes at a loss in signal strength within each band.
Alternatively, observations can be conducted sequentially, for instance using a monochro-
matic sensor with a filter wheel. In this case, the SNR is optimal in each filter as the
light is not separated. However, time offsets between measurements in each band can
introduce uncertainties into the light curve analysis.
Spectrally resolved data on the other hand, is obtained from a spectrometer. This sep-
arates the light using either a diffraction grating or refraction from a prism [31]. Both
of these are dispersive elements that make it possible to obtain measurements at small
bandwidths. That being said, the reduction in signal intensity requires relatively long
integration times, leading to a loss in temporal resolution. Further, sufficient SNRs are
typically only achieved for bright objects.
The approach adopted for the observation campaign described in this thesis was chosen
with the aim of obtaining synchronous light curves. It was assumed that this would
simplify a comparison between empirical and simulated data. As space debris targets
can rotate at high frequencies, emphasis was placed on obtaining readings at short mea-
surement intervals. Hence, collected light from the telescope was separated into multiple
channels corresponding to the main efficiency regions of a colour camera and several
monochromatic sensors. As far as possible, the sensor bands were modified to minimize
overlap and thus cover a large spectral range. The light curve acquisition procedure is
outlined in chapter 4.

3.4 Parameter Estimation from Multispectral
Measurements

In astronomy, spectral radiometry has consolidated itself, as a useful tool for determin-
ing material constitutions of asteroids [82]. Similar methods to those used for asteroid
characterizations, have also been adapted to space surveillance. In contrast to asteroids,
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artificial RSOs exist in a variety of intricate shapes and are often comprised of multiple
distinct materials. Consequently, reflections may vary with an object’s orientation as the
ratio of observed surface materials is changed [64] and therefore homogeneous surface
properties can generally not be assumed.
On spacecraft, materials are applied to discrete surface areas so that the majority of
scattered light is expected to interact with only a single material type. This fulfils the
requirements for a linear mixing model in which a material’s contribution to a reflection
is assumed to be proportional to its observed fractional surface area [67]. Curve match-
ing strategies have therefore been employed to fit reflectance spectra from spacecraft
materials to observations [64, 26, 11]. Researchers have thereby relied on the notion that
spectral signatures in reflections are independent of the illumination and observation
geometry. Some studies have also been able to advance this procedure by considering
directional reflectance distribution of materials [47, 49].

Multispectral light curves have also been found to be beneficial in analysing the me-
chanics of a target, as varying brightness fluctuations across observational channels can
be exploited to gain additional information on an object’s motion [26, 31]. Issues such
as ambivalent signal periods may therefore be resolved by including multiple spectral
channels.

3.5 Reflection Models

In literature, light observed from distant objects at very small solid angles is generally
treated as collimated. This assumption is frequently applied to surface albedo predictions
from RSOs [107, 29, 51].
A distinction is made between Bond albedo and geometric albedo. The former refers to
the total reflectivity of an object and is determined as the ratio of reflected to incident
flux in all directions. The geometric albedo relates an object’s backscattering reflection
to a perfectly diffuse (Lambertian) surface of the same projected area and under equal
lighting conditions. Diffuse reflection models therefore generally rely on the geometric
albedo, which is defined as

ρg =
Φ(γ = 0)

ΦL
, (3.1)

where Φ(γ = 0) is the measure of flux reflected at phase angle γ = 0 and ΦL is the equiv-
alent flux if the object were an ideal Lambertian reflector [29]. The albedo is determined
either as a function of wavelength (e.g. ρg(λ)) or as band average under specification of
the observation band.
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Two simplifications for modelling reflections from planets [107] and asteroids [42] have
been adopted to artificial RSO observations: objects are assumed to be spherical and
scatter light diffusely. A comparison of the Lambertian sphere model to measured satel-
lite reflections has revealed that the model is significantly improved by considering both
specular and diffuse effects [57].
The flux ratio between incident and reflected light from a distant homogeneous sphere is
determined for specular and diffuse reflection models by Culp et al. in [29].
For a diffuse sphere it is given as(

Φ

Φ�

)
diffuse

= ω
ρg
π
f(γ) =

R2

r2
ρgf(γ). (3.2)

Here ω is the solid angle subtended by the sphere with radius R at distance r and Φ�
and Φ refer to incident (solar) and observed flux. The phase function f(γ) characterises
the relation between signal and phase angle.

f(γ) =
2

3π
(sin γ + (π − γ) cos γ) (3.3)

In theory, the contrast ratio of a perfectly specular sphere is independent of the phase
angle and is characterized by the Bond albedo ρB(

Φ

Φ�

)
specular

= ω
ρB
4π

=
ρBR

2

4r2
. (3.4)

Diffuse and specular albedo components for RSOs are estimated by fitting measurement
data to a combination of equations 3.2 and 3.4(

Φ

Φ�

)
=
R2

r2

(
ρdf(γ) +

ρs
4

)
, (3.5)

where ρd and ρs denote diffuse and specular fractions of the albedo, respectively.
Such an approach makes any observation independent of an object’s attitude. The bright-
ness of a target can consequently be recovered from its cross-sectional area and albedo.
This approach is useful if there is no a priori knowledge of the target’s shape and cross-
sectional measurements are insufficient to provide an adequate estimate. However, short
comings of this method are obvious when observing any periodic light curve. The illu-
minated surface geometry clearly has a dominant influence on the observed brightness.
Therefore, the formulas derived above will only be applied as reference to observations
and simulations of spherical targets for which they represent a valid simplification. On
the whole, this study aims at a more detailed procedure to correctly anticipate temporally
resolved light curves based on an object’s shape. Previous work has shown that apply-
ing BRDF measurements of spacecraft materials to 3D models can be used to replicate
physically accurate reflections from satellites [118]. Further, the directional dependence
of reflections from spacecraft materials (see appendix H) highlights the importance of
considering accurate scattering geometries.
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Developing any physical simulation requires empirical reference measurements to validate
the model. Therefore, an observation campaign was carried out to gather ground truth
measurements of light curves. As forward modelling light reflections from space debris
relies on input concerning an object’s shape and surface parameters, observations focused
on satellites for which this information was already known. To reach a quantitative
assessment on the accuracy of simulated light curves, a detailed calibration of measured
data was conducted.
The following chapter describes the optical set-up and process involved in recording light
signals from RSOs. Furthermore, the procedure applied to calibrate measurements is
explained and results of the observations are demonstrated in the second half of the
chapter.

4.1 Ground Station

Light curve observations were conducted at the UFO in Stuttgart, which has been used by
the DLR for satellite laser ranging applications. The station is located at N 48◦46′56.6′′

E 9◦11′47.1′′, with an elevation of 399 m in the WGS84 coordinate frame [53].
It features a corrected Dall-Kirkham telescope designed by PlaneWave Instruments with
a 43 cm primary mirror diameter and a focal length of 3 m, see figure B.1a of appendix
B. The telescope is hitched on an ASTELCO NTM-500 equatorial mount, that allows
slewing rates of up to 20 ° s−1. Closed-loop tracking provides a pointing accuracy in the
range of 2 arcseconds [102].

An equatorial mount has one axis aligned with the Earth’s rotational axis and the other
pointing towards the celestial equator [88]. This makes it easy to compensate for Earth’s
rotation during observations, but also has the disadvantage that when tracking objects
crossing the local meridian a 180 degree rotation must be performed or else the mount
would eventually collide with its base. Passes of objects in low orbits can therefore only
be followed continuously if they do not cross the meridian. Further, the time needed
for the mount to invert its position, disrupts the tracking algorithm and can lead to an
increased pointing error.

Besides an RGB camera required for the tracking loop an array of three Single Photon
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Avalanche Detectors (SPAD) was installed on the telescope to capture high frequency
measurements. A beam splitter was used to reflect 30 percent of the gathered light to
the camera and transmit the remaining 70 percent through an optical fibre to the single
photon detectors. A schematic of the optical set-up is given in figure 4.1.

Figure 4.1: Optical system for multispectral light curve observations at the UFO.

4.2 Sensors

In the following sections, the sensors of the telescope system will be examined in closer
detail.

4.2.1 Charged-Coupled Device

The Atik 414ex RGB camera used by the tracking system is based on a photographic
Charged-Coupled Device (CCD) sensor that is superimposed with a Bayer colour filter.
Detailed specifications are listed in table B.1.
CCD sensors are comprised of a chain of coupled capacitors. Typically these are ar-
ranged in a block grid in which each capacitor makes up a pixel in the resulting sensor
measurement, see figure 4.2. The sensor is evaluated by shifting charges row by row into
the shift register. After each row shift, the shift register is read out by passing each
charge element-wise to an Analog-to-Digital Converter (ADC). The maximum charge
each capacitor can hold is also referred to as the well depth. It dictates the dynamic
range of observations.
Photometric CCDs exploit the photoelectric effect to generate electrical charges that are
approximately proportional to the light exposure of the sensor. Quantum Efficiency (QE)
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describes the efficiency of this process, where a value of 1 indicates that every photon
liberates an electron [31].

Figure 4.2: Charge shifting in a CCD sensor. The upper right corner shows the Bayer
filter placed over the sensor to generate RGB images.

For light curve observations emphasis is placed on synchronous measurements, so that
images are preferably read using a global shutter rather than a rolling shutter, for which
lines in the image are processed while others are still being exposed. This introduces a
relatively high dark time between frames for high resolution sensors. Only once all pixels
in the image have been read and stored can a new exposure begin. The dark time can
be reduced by acquired frames within a cropped sensor region.

4.2.2 Single Photon Avalanche Detector

SPADs are single photon detectors that rely on photodiodes to generate currents from
incident radiation. The semiconductor diodes are employed with a high reverse bias
voltage, so that electrons that are liberated via the photoelectric effect, are accelerated
by the electrical field over the pn-junction. If the applied reverse bias voltage is high
enough, the carriers knock other electrons out of their bound state, causing an electron
cascade [28]. This process is referred to as avalanche breakdown. By adjusting the bias
voltage, the energy threshold of incident photons that produce an avalanche is regulated.
Single photons can thus be measured without exceptionally sensitive detectors. Further,
as the avalanche build-up occurs very rapidly, the arrival time of photons can be derived
from the leading edge of current spikes [28].
If a pulse is detected the reverse bias voltage is reduced to quench flooding of the pn-
junction. Effectively, this decreases the electric field and thereby the acceleration of
carriers. Before another avalanche can occur, the bias voltage must be increased again.
The time between pulse detection and restoring of the bias state is referred to as dead
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time, it leads to non-linearity of the count rate response that must be corrected for, see
section 4.4.4.

SPADs are frequently used for laser ranging applications, where precise recordings of
the arrival time of photons are required. They have the advantage of being particularly
sensitive to incident light and are not subject to prolonged dark times, so that measure-
ments can be conducted at high frequencies. These traits are beneficial to non-resolved
observations of potentially fast rotating space debris, especially since the sensors can be
exploited to produce light curves as well as ranging data.

The single photon detector array used for observations is depicted in figure B.1b of
appendix B. Light from the telescope is coupled into the structure via an optical fibre
connected to a reflective collimator that can be seen in the top left hand corner of the
image. At each junction of the array, dichroic mirrors separate the light into spectral
bands matching the primary response regions of the sensors. The light is then focused
onto each SPAD by a lens. To protect the system from stray light the light path is
enclosed within optical tubes and the entire construction is mounted inside a light-proof
box. Table B.2 in appendix B gives an overview of the sensors in the array.
A Swabian Instruments Time Tagger Ultra was used to keep track of the analogue output
pulses from the SPADs and average the pulse rates over a time interval of 0.1 seconds.

4.3 Analysis

4.3.1 Data Acquisition

Although the minimum exposure of the Atik 414ex camera is 1 ms, the time necessary
to read the full sensor array and save the RGB images (3x16 bit per pixel) to a network
drive limited the frequency of captured images to approximately 0.5 Hz. To accelerate
the image acquisition, the measurement area was cropped once a target was centred. A
200 by 200 pixel window surrounding the image centre proved a suitable compromise to
retain a valid background estimation while increasing the processing speed.
In contrast to CCDs, SPADs are only restricted by their dead time and therefore provide
near instantaneous measurements. Using the Time Tagger, average count rates were
obtained at 10 Hz for each single photon detector.

Light curves were recorded using the in-house Orbital Objects Observation Software
(OOOS) that facilitates tracking from orbital predictions coupled with a closed-loop
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PID-controller applied to the target detection within camera images. Figure B.2a in
appendix B shows the user interface of OOOS.

4.3.2 Light Curve Extraction

Image data taken with the RGB camera was analysed using the DLR Light Curve Maker
(LCM) tool. The software employs OpenCV Python bindings to extract a point source
target from a sequence of images to form a light curve. Additionally, corrections of sen-
sor counts based on exposure time and encountered airmass can be applied. The final
product is saved as a series of data points in a binarised Python object. Functionalities
are accessible through a graphical interface or directly using the Python back-end.

To automate the analysis LCM requires a set of parameters for target detection. The
settings specify: minimal and maximal pixel size of the object, fill and aspect ratio of
a bounding box that helps eliminate any streaks caused by other passing objects and a
sigma value to specify the threshold of target to background signal. The object’s bright-
ness is extracted by setting an additional circular region surrounding the target that
defines the boundary between target and background. Figure B.2b depicts an example
image for which the target position has been determined automatically. The innermost
ring represents the target extraction region, while background noise is gathered from the
annulus between the two outer rings. Equal sampling around the target helps to pre-
vent any bias introduced by the sky gradient. To limit the influence of potential objects
passing through the image, the background level is computed as a median within the
annulus. A target’s accumulated sensor count nc is thus derived as

nc =

∫
AROI

nc,p − ñc,bdA, (4.1)

where nc,p is the counts per pixel, AROI the target area in pixels and ñc,b the median
background level. Subsequently, counts are converted to count rates by dividing through
the exposure time of each image ν = nc/∆t. No airmass correction was performed, as
this was carried out on simulated counterparts using the atmospheric model in section 5.4.

At the time of this research, LCM was limited to the evaluation of image data. An
additional procedure to study measurements taken from single photon detectors was
therefore implemented. Sensor count rates returned by the SPADs are subject to large
non-linearities which had to be rectified, see section 4.4.4. Further, valid measurements
are only obtained by the SPAD array if the target is centred within the acceptance
angle of the optical fibre. To discern whether this was the case, recordings taken by
the RGB camera were used as reference. SPAD readings that were not taken between
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two consecutive RGB images with detected target positions, were thereby excluded. A
measurement’s validity was determined by linearly interpolating the pixel offset between
target and image centre of the bounding RGB images at each SPAD value. The follow-
ing section indicates the threshold for the discrimination and how discrepancies in the
alignment between RGB image and optical fibre were accounted for.
Background noise in SPAD measurements was estimated by averaging response rates of
the single photon counters, prior to centring the target through activating the tracking
loop. A target’s signal was then isolated by subtracting the noise from centred readings.

4.3.3 Alignment

(a) Normal distribution fit to camera/SPAD alignment

(b) Error of normal distribution approximation

Figure 4.3: Normal distribution fit to star observations obtained from the single photon
detectors with respect to the target position in the RGB camera image.

The field of view and position of the optical fibre within the camera image was procured
by mapping normalized light curve measurements to their corresponding target position
within the image. Only data from stars was used for this since their brightness is not
expected to vary over the observation span. A correction for the relative sensor alignment
was determined by fitting a two dimensional normal distribution curve to the accumulated
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data, as shown in figure 4.3. Three prominent local maxima are apparent in the error
plots, which are suspected to originate from secondary reflections on the beam splitter.
Table C.1 in appendix C lists the offset for each SPAD given by the centre position of
the fitted normal distributions. Moreover, standard deviations are provided as a measure
for the off-axis coupling efficiency into the fibre and additional distortion through the
lenses in the SPAD array. An empirical value of 1σ around the alignment centre proved
a suited threshold to filter out invalid SPAD measurements. The criterion was applied
to all evaluated light curves, so that any data with a target offset greater than σ pixels
from the aligned sensors in the camera image was excluded.

4.4 Calibration

Calibration of optical instruments is achieved through measurement of light sources with
known emission distributions and reference readings [88]. This may include both lab and
in-field measurements of the optical system. While the former is an optional procedure,
the latter is mandatory for characterizing the final telescope set-up [88].
Calibration light sources are preferably positioned at close range to minimize any in-
terference stemming from the atmosphere or dust between telescope and emitter. In
practice, an artificial light source with a sufficiently stable emission spectrum is not al-
ways readily available at the observation site, so that stars with catalogued brightness
values are widely used as substitutes [75, 88].

Developing a physically accurate model of the observation process requires knowledge
of the telescope’s spectral throughput. To this end, transmissions and efficiencies were
calculated for all sensors. Optical components for which spectral data was not pub-
lished by the manufacturer were measured in a lab environment. The final calibration
was then attained from star observations by combining instrument sensitivities with an
atmospheric model to relate measurements to catalogued brightness values. A detailed
account of the procedure will be given in the following sections.

4.4.1 Image Correction

Cool and Warm Pixels

Faulty pixels in a CCD sensor can occur in the form of cool or warm pixels, for which the
response lies respectively below or above the normal distribution within the bias frame.
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Damaged pixels can be removed from the image by interpolating over intact surrounding
pixels. Figure 4.4 depicts the image mask determined for the Atik 414ex camera from
∼5000 dark images. The threshold for removing invalid pixels was set to 3σ of the bias
frame normal distribution. A vertical streak in the image indicates that a faulty capacitor
is corrupting measurements that are shifted through it during the readout process.

Figure 4.4: Cold/warm pixel mask for the Atik 414ex camera. Blue: masked, grey: un-
masked.

Flat Field Correction

The distribution of light within the telescope optics results in a non-uniform spread of
incident radiation across the sensor plane. These distortions can be caused by small
blemishes such as scratches or dust on optical components. Additionally, pixels further
from the optical axis often decrease in brightness, which is referred to as vignetting and
is a result of the telescope or camera aperture partially shading outer sensor regions
as well as increased foreshortening of incident light further from the optical axis [88].
Traditionally, these effects are compensated for by dividing all images through a flat
field frame, which is obtained from a normalized stack of images taken during uniform
illumination. As targets were actively centred during observations no flat field correction
was required. Any local inhomogeneities were filtered out by the star calibration, see
section 4.4.8.

4.4.2 Sensor Noise

Dark currents refer to thermally induced liberation of electrons within the sensor layer.
The term dark is used as the currents are independent of the photon count but instead
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increase with rising ambient temperature [31]. For this reason many sensors are actively
cooled.
It is generally assumed that thermal noise in a CCD builds up linearly with exposure
time. Therefore, a bias frame captured in the absence of any incident light at a given
exposure and ambient temperature can be used to gauge the dark noise in an image.
According to the manufacturer, the image sensor used in the Atik 414ex camera has
a pixel dark current of ∼0.001 e−/s at −10◦C [24]. During observations no exposures
larger than 10 seconds were used, so that the anticipated dark noise was low enough to
be neglected during the analysis.
In SPADs, thermal effects may also cause the liberation of electrons that trigger avalanche
breakdowns. The dark count of each single photon detector was determined by discon-
necting and sealing the fibre adapter of the sensor array. Measurements were averaged
over over approximately 8000 readings and can be found in table B.2 of appendix C.

The sensor readout presents an additional source of noise in CCDs. As each pixel is
evaluated at the same charge to voltage converter, the read noise underlies the same
distribution for each pixel [31]. It can be assessed from a mean stack of images captured
at minimal exposure [102]. The read bias captured with the Atik 414ex camera however,
provided no reliable offset to the general image noise at varying exposures. Thus, to
limit potential uncertainties it was decided to forgo this step. Instead the subtraction of
the background annulus, described in section 4.3, provides a more appropriate solution
to reduce sensor noise within the image.

4.4.3 Saturation

Overexposure of a sensor to light can cause it to saturate. In extreme cases this can lead
to permanent damage on the sensor.
In CCDs, saturation indicates that the maximal charge of a capacitor on the sensor has
been reached. As a result, the count rate will not increase for saturated pixels. Once the
sensor reading is converted to a binary image, saturation is apparent if a pixel reaches
its maximum value. The Atik 414ex camera outputs 16 bit RGB images, meaning that
a pixel value of 216 − 1 indicates a saturated colour channel.
SPADs saturate if the interval between incident photons approaches the recovery time of
an avalanche. The maximum count rate is reached if the a new photon is immediately
detected once the bias has been restored.
For the analysis, any saturated measurements were excluded from the dataset.
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4.4.4 Count Rate Linearity

Within the operational range of a CCD sensor, signals can be considered linear with
respect to the incident number of photons [31]. As the capacitors in the sensor approach
their saturation limit this assumption becomes invalid. That being said, saturation
of the sensor is generally avoided, so that non-linearities can be neglected for CCD
measurements.
The response of a SPAD on the other hand decreases noticeably at higher photon counts.
This behaviour must be accounted for to estimate the real amount of light arriving at
the sensor. The linear count rate of a SPAD is determined from the detected count rate
ν ′ by factoring in the sensor dead time td [40], so that

ν =
1

1− tdν ′
− νd. (4.2)

The dark count νd is subtracted to proportionalise the sensor response. Given the spectral
distribution of incident radiation, the photon count rate is recovered by applying the
sensor efficiency from equation 4.5 to measurements

νp =

∫
ν(λ)

η(λ)
dλ. (4.3)

Figure 4.5 shows the saturation behaviour of each single photon detector. The ID400
and Excelitas SPADs were operated at dead times of 10 µs and 22 ns, respectively. As the
Hamamatsu detector is a multi-pixel photon counter it has a slightly different saturation
curve which was obtained from its data sheet [52]. In this case the data refers to photon,
rather than electron counts [52].

Figure 4.5: Count rate linearity of single photon detectors.
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4.4.5 Instrument Sensitivity

A sensor’s linear signal response, is described by the incident signal multiplied with the
signal transmission and efficiency of the sensor. For optical instruments these quantities
are wavelength dependent, so that the sensor count rate ν is defined as

ν(λ) = νp(λ)T (λ)η(λ) [Hz], (4.4)

where νp(λ) is the incident photon rate in Hertz, while T (λ) and η(λ) are unitless dis-
tributions describing the signal transmission and sensor efficiency, respectively. Ideally,
these properties limit measurements to a specified wavelength band in which the compo-
nent characteristics are well defined. Additional filters can be used to further moderate
the resulting band width.

Transmission

For ground based observations, transmission is comprised of an atmospheric and optical
instrument component T (λ) = Ta(λ)Tm(λ). The model applied to atmospheric transmis-
sions Ta is described in section 5.4. Essentially, instrument transmission Tm is a product
of transmissions through all optical components of the measurement set-up, encountered
by incident light on the sensor. Figure 4.6 shows Tm computed from data sheet specifica-
tions for each sensor position on the telescope. Data for the main beam splitter was only
defined up to around 400 nm, leaving a gap to the lower atmospheric transmission limit
of approximately 300 nm. Further, specifications concerning the anti-reflective coating
of the lens focusing light onto the ID400 were limited to wavelengths below 1200 nm.
Transmissions were therefore linearly extrapolated for both components.

Figure 4.6: Optical transmission through the telescope at the output port for each sensor.
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Efficiency

The efficiency η of an optical sensor is defined as the ratio of incident photons νp to
measured counts ν.

η =
ν

νp
(4.5)

This is equivalent to the QE of a CCD as the counts are proportional to the number of
released electrons within the sensor. For single photon detectors, a distinction is made
between quantum and photon detection efficiency. A sensor’s Photon Detection Effi-
ciency (PDE) is generally lower than its QE, because not every liberated electron will
produce a large enough electrical pulse to trigger a count in the sensor [52]. Hence, the
analysis of SPAD measurements will refer to the PDE as efficiency.

Unfortunately, not all optical detectors are distributed with spectral characteristics sup-
plied by the manufacturer. This was the case for the Atik 414ex RGB camera and the
ID400 SPAD. Thus, the lab set-up shown in figure 4.7 was devised using a broadband
light source, monochromator and photodiodes to determine the unspecified sensor effi-
ciencies. Two sets of photodiodes and diffraction gratings were used to cover the spectral
range of both sensors. Additionally, a dichroic mirror was included, preventing any leak-
age of visible light outside of the grating range. A neutral density filter had to be placed
in front of the SPAD to protect it from saturating. Measurements were then repeated
for both sensors; each time readings were obtained from the photodiode and sensor at
5 nm intervals. Thereby, care was taken to ensure that the light was distributed as ho-
mogeneously as possible across the full sensory surfaces.

Figure 4.7: Measurement set-up for determining spectral sensor efficiencies.

Figure 4.7 implies a relation between flux at the sensor and photodiode. Given the def-
inition of radiant intensity in equation 2.6 and knowing that the radiant intensity of a
homogeneous light source is independent of the distance to that light source, it follows
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that

Φs(λ) =
Φpd(λ)ωsTs(λ)

ωpdTpd(λ)
=

Φpd(λ)Asd
2
pdTs(λ)

Tpd(λ)Apdd2
s

. (4.6)

Here Φpd(λ) is the flux at the photodiode and A and d are respectively the sensor area and
its distance to the focal point of the monochromator. Tpd(λ) is the spectral transmission
through the beam splitter and Ts(λ) is that of the neutral density filter combined with
the reflection of the beam splitter.
The incident radiant flux on the photodiode is recovered from its responsivity ζpd(λ)

Φpd(λ) =
Upd(λ)

Rζpd(λ)
, [W m−2 nm−1] (4.7)

where Upd denotes the difference between measurement and dark voltage of the photo-
diode and R is the resistance of the measurement circuit [114]. An oscilloscope with an
input resistance of R = 1 MΩ was attached to the photodiode to measure the voltage.
The spectral efficiency can thus be calculated by combining equations 4.6 and 4.7, divid-
ing by the photon energy 2.1 and substituting this into equation 4.5.

η(λ) = ν
Rζpd(λ)

Upd(λ)

Tpd(λ)

Ts(λ)

Apdd
2
s

Asd2
pd

hc

λ
. (4.8)

Gathered efficiency distributions in figure 4.8 show that the RGB camera could only be

Figure 4.8: Photon detection efficiencies of the Atik 414ex RGB-channels and SPADs.
Dashed lines represent extrapolated data.

measured up to 800 nm due to the cut-off of the dichroic mirror. Channel responses were
therefore linearly extrapolated, except for the the blue channel which did not reach its
secondary peak yet so that a second order polynomial fit to the peak provided a more
suited calibration result. Any remaining scaling error due to inaccuracies of distance or
area measurements are eliminated by the subsequent star calibration.
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Effective Sensitivity

The combined product of instrument transmission and sensor efficiency dictates the spec-
tral sensitivity region of a sensor and will hereinafter be referred to as effective sensitivity,
denoted by P (λ). Figure 4.9 shows the effective sensitivity determined from measure-
ments. This distribution is important to consider as it demonstrates that the sensitivity
is comparatively low in extrapolated regions. Moreover, the largest extrapolated region
occurs between 300 and 400 nm for the Hamamatsu SPAD. Section 5.4.2 though shows,
that for ground-based observations, the throughput in this wavelength band is further
decreased by the atmosphere.

Figure 4.9: Effective sensitivity for the integrated the Atik 414ex RGB-channels and
SPAD sensors. Dashed lines represent extrapolated data.

4.4.6 Band Normalisation of Instruments

As previously explained, the count response of a sensor is linked to the effective sensitiv-
ity of the optical system and is a product of the instrument transmission and efficiency of
the sensor. To compare an object’s reflectivity in multiple channels it useful to normalise
each count rate based on the size of the sensitivity band.
Let P (λ) = Tm(λ)η(λ) be the effective sensitivity of a channel, then P (λ) also corre-
sponds to the statistical distribution of photons within the bandpass. Hence, the average
count rate in the sensor band can be described as

νλ =
ν∫

P (λ)dλ
. [Hz nm−1] (4.9)
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For completeness, equation 4.9 can also be expressed in terms of incident spectral flux
Φ(λ) by dividing through the photon energy from equation 2.1, so that

νλ =
1

hc

∫
Φ(λ)P (λ)λdλ∫

P (λ)dλ
. (4.10)

Presented results will use this notation to provide a more intuitive relation between
measurements across observation bands.

4.4.7 Unit Conversion

Magnitude

More often than using SI-units, astronomers rely on magnitudes to publish measurements.
The magnitude scale is arranged such that a brightness ratio of 100 corresponds to 5
magnitudes [55]. One magnitude thus signifies a brightness ratio of 100

1
5 ≈ 2.512, which

is roughly the smallest difference in brightness that the human eye can distinguish [88].
As an object becomes fainter, its magnitude increases. The conversion from irradiance
E to magnitudes m can be expressed as

m = mref − 2.5 log10

(
E

Eref

)
, (4.11)

where mref and Eref are magnitude and brightness of an arbitrary reference point.
The zero point magnitude is dependant on the choice of magnitude system and the respec-
tive observation band. For relating star measurement to literature, the widely adopted
Johnson system was used, as magnitudes for all observed stars have been catalogued in
this system. Over the years there have been many iterations of these observation bands,
so that the precise filter transmissions may vary depending on where they are sourced
from. For this analysis, the Johnson UBV passbands developed by Johnson et al. be-
tween 1953 and 1955 and used by Landolt in 1983 [75] were applied. Figure 4.10 shows
the applied UBV transmissions taken from the Synphot Python library [108], which is
built on the Image Reduction and Analysis Facility (IRAF) developed by the Kitt Peaks
National Observatory [108]
Historically, Vega is taken as a primary calibration target, as it is one of the brightest
stars in the sky. It constitutes the theoretical zero point of the Johnson system, which
is arranged so that an ideal A0V star has zero magnitude in all UBV bands [88].

A distinction is made between apparent and absolute magnitude of an object. The
former refers to the magnitude as measured by an observer above Earth’s atmosphere,
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Figure 4.10: Johnson UBV filter system.

the latter is defined as an object’s apparent magnitude at a set distance [55]. To study
the brightness of satellite reflections only apparent magnitudes were required.

SI-Units

The conversion from instrument count rates to brightness values in SI-units is not trivial,
as it depends on a variety of parameters. Because the effective sensitivity varies over the
wavelength, it is not possible to recover SI-units directly from sensor counts without
knowing the spectral distribution of incident radiation.
However, equation 4.11 can be rearranged to relate SI-units to the magnitude scale given
a reference point. Irradiance from a target can thus be estimated from its magnitude m
using a reference with magnitude mref and irradiance Eref , so that

E = 10
2(mref−m)

5 Eref . (4.12)

4.4.8 Star Calibration

Calibration to reference stars is common practice in the astronomical community and is
generally used to characterize changes in optical behaviour of telescopes during operation
[88]. Furthermore, the method can be exploited for additional fine tuning of laboratory
calibrations or mapping to absolute radiant quantities. Repeating the calibration sev-
eral times during each night of observation can compensate for transient changes of the
environment that are not caught by the atmospheric model, such as clouds or aerosols
present in the atmosphere.
Theoretically, the best approach is to capture a number of reference stars in close proxim-
ity to a target at the same time or immediately before and after the observation. However,
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this method is unsuited for passive observations of low-orbiting satellites, where visible
passes are concentrated around periods of civil twilight, providing little time for star
measurements in between passes. Moreover, low orbiting RSOs cover large sections of
the celestial hemisphere and therefore require star observations at a range of different
directions for accurate calibration. Consequently it was decided to use an "all-sky" cali-
bration for each night of observations. Reference stars were purposefully selected across
the celestial hemisphere and with varying colour indices to avoid any bias due to direc-
tional or spectral specific attenuation. To ensure the quality of measurements no stars
with visible magnitudes larger than 4 were observed. The calibration procedure will be
described in the following sections.

Calibration Process

As the instruments were not configured to obtain measurements in bands that are com-
monly used for star catalogue classifications (i.e. Johnson filter), a calibration based on
stellar spectra was introduced.
The spectral irradiance at a ground-based sensor is calculated from a star’s extra terres-
trial irradiance spectrum E∗(λ) as

E(λ) = E∗(λ)Ta(λ)Tm(λ). (4.13)

Ta and Tm refer to atmospheric and instrument transmissions in the optical passband.
Reference observations were conducted under target pointing, so that the telescope area
A was perpendicular to the incident light from a star. Consequently, the spectral flux is
determined from relation 2.3 as

Φ(λ) =

∫
E(λ)dA =

∫
E∗(λ)Ta(λ)Tm(λ)dA. (4.14)

Multiplying equation 4.14 with the sensor efficiency distribution η(λ) provides the effec-
tive spectral flux measured by the sensor

Φeff(λ) = Φ(λ)η(λ). (4.15)

Dividing equation 4.15 by the photon energy 2.1 and integrating over the sensor’s sensi-
tivity range then yields the theoretical sensor count rate

ν̂ =

∫
λ

hc
Φ(λ)η(λ)dλ =

A

hc

∫
E∗(λ)Ta(λ)Tm(λ)η(λ)λdλ. (4.16)

Here the stellar irradiance is assumed to be constant over the telescope area. The correc-
tion coefficient is established under premise of a proportional relation between theoretical
and measured sensor counts

κ =
ν̂

ν
, (4.17)
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where ν is the measured count rate linearised according to equation 4.2.
Given the extraterrestrial irradiance spectrum of a star, the expected photon rate mea-
sured by a sensor is thus evaluated using equation 4.16. A linear fit model can be applied
to relation 4.17 to determine κ from a set of stellar observations. Corrected count rates
are then recovered by multiplying by the correction coefficient ν = κν̂.

Stellar Spectra

Unfortunately, no database with consistent and quantitative stellar spectra was found
during research for this thesis. Therefore, the European Southern Observatory (ESO)
Stellar Library [92] was exploited to gather normalised flux measurements ranging from
115 up to 2500 nm that were later scaled using catalogued star magnitudes and an abso-
lute Vega spectrum. The ESO database is comprised of composite spectra sourced from
multiple independent catalogues with overlapping spectral measurements. Fabricated
spectra are stitched together to from a representative spectrum for a given spectral type
and luminosity class. These characterisations are typically used for stellar classifications.
Spectral type refers to a star’s colour index or surface temperature, while the luminosity
class indicates its size. The main spectral types are labelled with letters O, B, A, F, G,
K and M, where O is the hottest (blue star) and the temperature declines toward M (red
star) [55]. Each of these types is further subdivided by numbers from 0 to 9, with lower
numbers indicating hotter stars (ie. B0 hotter than B5). Commonly, this distinction is
followed by the luminosity class, specified in Roman numerals that usually ranges from
I (super giants) to VII (white dwarfs) [55].

The SIMBAD library [122] combines reference data from a variety of astronomical cat-
alogues to form a database of several million objects, listing properties such as spectral
types and apparent magnitudes in the Johnson UBV system [122]. The classification
can be accessed using a Python interface adn filtered based on a variety of identifiers,
including Hipparcos and Henry Draper catalogue numbers, as well as star names.
Stellar spectra could thus be obtained from the ESO Stellar Library using the star clas-
sifications of the SIMBAD database. In cases where no spectral data was available for
observed stars, Plank’s law was applied to approximate the spectral energy distribution
using their blackbody radiation [44]

Bλ(T ) =
2hc2

λ5e
hc
λkT
−1
. (4.18)

Here T denotes the temperature, h is Planck’s constant, c is the speed of light and k is
Boltzmann’s constant. The temperature of a star’s main emission area can be estimated
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from catalogued observation data by using its colour temperature

Tc =
7300

mB −mV + 0.73
, (4.19)

where mB and mV are Johnson B and V-band magnitudes [55].
As can be seen in figure 4.11, the blackbody approximation works better for cooler (more
red) stars than hotter (more blue) stars. That is because the outer most layer of stars
contains a high concentration of hydrogen, which predominantly absorbs radiation in the
lower wavelength range of the spectrum [55]. If a photon within this region is absorbed
by a hydrogen atom it lifts the atom to a heightened energy state. When re-emitting
the energy, the hydrogen atom usually does so at a larger wavelengths, causing a redis-
tribution of energy from Ultra-Violet (UV) to visible/infra-red light which is known as
blanketing [55]. Nevertheless, no noticeable variation between calibrations using black-
body and measured spectra was detected, as blanketing mainly influences wavelengths
below 400 nm which are largely attenuated by the atmosphere and correspond to low
sensitivity regions in the observation bands.

Figure 4.11: Comparison of blackbody to catalogued spectra for Vega (A0V, 9677.42 K),
Altair (A7V, 7826.09 K) and Atria (K2III, 3797.47 K). Scaled by apparent
magnitude in the Johnson V-band.

Vega’s spectral energy has been thoroughly studied over a large range of wavelengths
[88]. The Synphot Python package combines several of these studies to form an abso-
lute Vega spectrum [108]. Based on this, spectral flux densities were recovered from the
normalised stellar spectra by relating catalogued magnitudes of the respective stars to
Vega as a zero point in the Johnson system. Apparent magnitudes were gathered from
the SIMBAD database.
Similar to equation 4.13, the stellar irradiance in a Johnson filter with transmission Tj
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is given as

Ej =

∫
E∗(λ)Tj(λ)dλ, (4.20)

where E∗(λ) is the flux density spectrum of the star at the top of Earth’s atmosphere.
With Vega as a zero point reference the formula 4.12 simplifies to

Ej = 10−
2mj
5 Ej,V ega. (4.21)

Here, the apparent Johnson magnitude of the object is denoted by mj and Ej,V ega is the
irradiance of Vega in the selected bandpass which is determined from the absolute Vega
spectrum using relation 4.20. Now let E′j be the integral of the normalized star spectrum
in the Johnson band, then a stellar spectrum can be converted to flux density units by
applying a factor of Ej

E′j
.

For the calibration of observational data, stellar spectra were scaled in the Johnson
V-band, as magnitudes were available in this band for all measured stars. Moreover, the
band overlaps with most of the instruments sensitivity ranges specified in section 4.4.5,
thus focusing the scaling to the relevant spectral area.
Calibrations were computed using the Synphot Python library. To eliminate outliers
from the dataset the Random Sample Consensus (RanSaC) method [111] was used to
fit the correction coefficient 4.17. It was found that the calibration varied noticeably
between nights of observation, which was most likely the result of temporary changes
in atmospheric visibility due to weather conditions. Therefore, correction coefficients
were identified on a nightly basis. Figure C.1 in appendix C shows the resulting fits to
star measurements for two example nights. Count rates are presented as band averages
in accordance with equation 4.9. The linearity of the channel ratios in C.2 acts as an
additional metric for evaluating the quality of the calibration process.
Corrections for all nights of observation are displayed in tables C.2 and C.3. High ratios
to theoretical count rates in the SPADs are most likely a consequence of suboptimal fo-
cusing of light on the detector area. An optical fibre with a relatively large core was used
to maximize the light signal coupled into the detector array. This meant that losses were
especially prominent in the ID400, which has the smallest active detector area. The coef-
ficient of variation between correction factors emphasises the need for individual analysis
of each night. Figure C.3 gives an example calibration on basis of an observation of the
IRAS satellite. The correction yields the true relationship of the satellite’s reflection in
each sensor band.
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This chapter describes the processes of extending the Raxus Prime software package to
spectral light curve simulations. In the following section, a set of requirements for the
implementations is derived from existing light curve simulators. Based on these guide-
lines, a suited render engine is selected and a radiative transfer solver is introduced for
modelling signal attenuation of ground-based observations.
In the second half of the chapter, the render engine and atmospheric model are integrated
into the Raxus Prime environment and the performance of the simulation is evaluated
based on simple geometric models.

Software tools for the simulation of light reflections from objects in Earth’s orbit have
been documented in multiple publications. Although the solutions rely on varying de-
grees of simplification, the underlying principles are similar:

1. The user specifies a priori target parameters including:

Orbital Two-Line Element (TLE)
Initial attitude
Rotation parameters
3D target shape, partitioned based on material representations using prede-
fined reflection models

2. Relations between light source, target and observer are propagated from the TLE
and rotational parameters

3. Reflections are computed by evaluating the individual reflection models under the
given geometry

4. Additional processing steps are applied such as atmospheric attenuation or conver-
sion to instrument responses

5.1 Prior Work

Prominent solutions that emerge from published literature are the Time-domain Analysis
Simulation for Advanced Tracking (TASAT) [100] created by the U.S. Air Force Phillips
Laboratory and the Digital Imaging and Remote Sensing Image Generation (DIRSIG)
suite [104] of the DGIRS Laboratory at Rochester Institute of Technology. The CanCurve
software [124] introduced by Willison and Bédard and the In-Orbit Tumbling Analysis
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(iOTA) utility [66] developed by Hyperschall Technologie Göttingen GmbH present more
recent additions.
Because the access to these simulators is restricted, this research focuses on the extension
of the in-house Raxus Prime light curve simulator. Prior to the development, potentials
and limitations of the existing implementations were surveyed on the basis of their use-
cases in published work and summarised in table D.1. From this comparison, clear
potential for improvement emerges. As all current software is limited by the accuracy of
material representations, new approaches will need to include flexible options to incorpo-
rate precise BRDF measurements. Further, no quantitative validation to ground truth
data could be found for the examined simulations. Thus a comparison to multispectral
satellite observations will be essential. Moreover, Lunar and Earth reflections will be
neglected at this stage, since passive and active observations are primarily dominated by
direct solar and laser irradiation, see section 3.2.

5.2 Raxus Prime

Raxus Prime is a software tool, developed for the simulation of light curves from or-
bital objects at the Institute of Technical Physics of DLR in Stuttgart. It was originally
designed and validated by Daniel Burandt as part of his Bachelor’s thesis [22]. The
validation of simulated results to measured light curves was afterwards documented in a
paper [23]. A revised version of the Raxus Prime software was since developed by Ewan
Schafer in the scope of his Master’s thesis [102].

The simulation is structured as follows: A user must first define a target by provid-
ing an orbital TLE or a valid NORAD catalogue number, that will be used to download
the latest available TLE of the target. Additional parameters such as the initial attitude
matrix, inertia tensor and a rotational velocity vector may be also be specified by the
user. To simulate an observation, one or more observers must be provided through lati-
tude, longitude and altitude coordinates in the WGS84 (World Geodetic System). Preset
observatory files can be adopted to input these parameter. If active light curves are to be
simulated, a transmitter is also initialised via these files. Finally, the user must identify
a set of time samples for which all geometric parameters are computed and passed to the
render engine together with a user-defined 3D model of the target.
The required orbital mechanics and coordinate transforms are not focus of this research,
therefore only a brief overview will be given to illustrate the physical constraints of the
simulation. Details on the precise implementations can be found in documentations of
the previous development of Raxus Prime [22, 102].
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5.2.1 Orbit and Attitude Propagation

The trajectory of an object in Earth’s orbit is classified through a TLE frame that
includes [116]:

NORAD catalogue number (object identifier)
Launch date
Date of the updated TLE
Orbital velocity (expressed as mean motion [revolutions/day])
Drag term (derived from the ballistic coefficient)
Kepler elements (inclination, right ascension, argument of perigee, true and mean
anomaly)

Raxus Prime uses the Simplified General Perturbations 4 (SGP4) model to propagated
an object’s orbital position from a TLE frame. Among other effects, the SGP4 algo-
rithm considers resonances of Earth’s magnetic field, third body gravitations (i.e. Sun
and Moon) and atmospheric drag [116]. It is made publicly available, together with a
database of frequently updated TLEs by the United States Department of Defence at [4].
Naturally, unavoidable inaccuracies occur when compressing measurements to the TLE
format which are transferred to orbital predictions. Propagation errors accumulate with
increasing time difference to the reference epoch of a TLE [116]. It is therefore critical
to limit this error by using a TLE that was formed close to the simulated time frame.
Hence, to render observed satellite passes, tracking TLEs are saved and reused for sim-
ulations.

The attitude of objects is computed under the premise of a stiff torque-free structure. In
reality, a body will not be entirely rigid and effects such as fuel sloshing, solar radiation
pressure, atmospheric drag or gravity induced momentum will contribute to its rotation.
It is however assumed that these influences are negligible over the relatively short obser-
vation periods. Consequently, a satellite’s attitude is calculated from its inertia tensor
and angular velocity using the torque-free Euler equation for rigid body rotations [102].
Simulated scenes in Raxus Prime are defined in the Geocentric Celestial Reference Sys-
tem (GCRS). Attitude matrices thus represent the rotation from the GCRS to body
coordinates of the target.
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5.2.2 Optical Reflection Modelling

Initial versions of Raxus Prime were built around the POV-Ray ray tracing engine [8],
which was exploited to simulate the reflections from objects in orbit. Generated images
were then fused to a series of brightness values, forming an artificial light curve [23].
Reflections were rendered as greyscale images and thus corresponded to broad-band ob-
servations in the visible wavelength range.
It was thereby discovered, that rendered light curves bore resemblance to real observa-
tions [23], which encouraged the notion of applying publicly available ray tracing algo-
rithms for scientific simulation of space debris reflections.

While POV-Ray has an animation feature that can be leveraged to render specific wave-
lengths as individual greyscale images and combine them using the Commission Inter-
nationale de L’Éclairage (CIE) standards [8], it is not what is typically referred to as a
spectral rendering. The computation process is only run on a single wavelength and is
clearly not optimised, as it requires repeated sampling of the entire scene.

Atmospheric attenuation of the simulated signal was accounted for through an airmass
correction based on the Beer-Lambert Law [102]. This process does not consider variation
in atmospheric transmission within the spectral range of the observation. A more suited
model is therefore required for spectrally resolved simulations.

5.3 Spectral Render Engine

5.3.1 Requirements

After reviewing existing light curve simulations in section 5.1 and presenting the Raxus
Prime software in 5.2, a list of requirements is deduced for the adaptation of the Raxus
Prime software environment to a spectral simulator. New implementations shall:

Allow for efficient rendering of spectral light reflections
Support accurate BRDF representations using measured data
Consider spectrally varying atmospheric effects
Compute spectral energy distributions and instrument count rates
Be validated to empirical multispectral observations
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It was further decided to continue using open-source implementations, based on the
positive results obtained in previous versions of Raxus Prime. Benefits of utilizing pre-
existing software are straightforward, as this not only saves valuable time and effort,
but may also serve as a well tested and optimized solution. Due to the large amount
of iterations required for time resolved light curves, the latter point is especially crucial.
Open-source solutions also satisfy the additional objective of developing an extendible
framework with an actively maintained code base.
The Mitsuba2 spectral render engine was therefore incorporated into the simulator. A
detailed account on the selection of a suited render software is given in appendix E.

5.3.2 Mitsuba2

Mitsuba2 provides a range of render variants that are suited for various types of applica-
tions. These include standard or vectorized CPU or GPU methods for monochromatic,
RGB or spectral rendering, as well as GPU-based differentiable rendering [86]. Option-
ally, polarization effects may also be accounted for using any of these techniques.
Computed solutions are unbiased as the integration relies on Monte Carlo ray tracing.
To improve the convergence rate of the Monte Carlo estimate, the software includes op-
timised sampling strategies that will be examined closer in the following sections.
The render process is based on the fundamentals of geometric optics, introduced in sec-
tion 2.2. Therefore, effects arising from wave properties of light, such as diffraction or
interference, are not considered. However, it will become apparent in section 6.2 that this
limitation does not extend to BRDF characterizations which may for instance include
interference patterns produced by multi-layer materials.

Bidirectional Scattering Distribution Functions

Both translucent (dielectric) and fully opaque (conductive) materials can be modelled
using Mitsuba2’s BSDF plug-ins. Thereby, surface interactions are classified either by
full BSDF or subset BRDF models, see section 2.3.
Based on the overview of spacecraft materials given in section 6.2, it is reasonable to
assume that translucent materials are less common in space applications. Hence, plug-
ins used to define surfaces for light curve simulations were sourced from the BRDF models
which include:

A fully diffuse reflector defined by the diffuse plug-in.
A rough conductor material based on the Fresnel equations and refractive index
measurements of the selected material, that is implemented by the roughconductor
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plug-in. The directional reflectivity is defined by a Beckamann or GGX microfacet
distribution.
An interface to incorporate BRDF measurements using a format developed by
Dupuy and Jakob in [37], which is provided by the measured plug-in (details are
given in sections I.1 to I.4).

Integration Procedure

Mitsuba2 includes a number of rendering procedures that can be used to determine vari-
ous output quantities from the scene. In the software these are referred to as integrators
because they specify the integration process along light rays.
For simulation of unpolarized light the default path integrator was deemed best suited.
It implements a classical Monte Carlo path tracer that follows rays originating from
the sensor and randomly samples reflection directions at intersection points with the
scene geometry, while constantly trying to establish connections to any light sources.
Importance sampling and stratification methods are employed to ensure efficiency of the
random sampling. Each sample is selected and weighted based on probability distri-
butions proportional to the spectral range of the render, emitter radiance patterns or
BRDF distributions of intersected objects, see section 2.5. Figure 5.1 illustrates such a
ray integration scenario.

Figure 5.1: Ray integration of the path tracing algorithm: Rays originate at the sensor
pixels, at each geometry intersection a direct emitter link is queried before a
further direction is sampled based on the intersected BRDF distribution.

Random Sampling

Mitsuba2 uses pseudorandom samples to numerically solve the light path integration.
Samples are drawn between 0 and 1 and subsequently mapped to variables such as
ray directions or surface positions. The software includes multiple samplers, that offer
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varying degrees of stratification to avoid clumping of samples. Each sampler is initialized
by a seed offset and queried to produce a sequence of pseudorandom numbers from the
offset.

Differentiable Rendering

Differentiable rendering is a method through which partial derivatives of the entire render
process are determined [86]. The computation process can thus be inverted for parameter
optimization problems such as fitting a scene to an output image.
Although this work does not include differential rendering applications, it is notable in
the context of light curve simulations as it may be exploited in the future as guidance
for the inversion problem.

5.4 Atmospheric Model

Atmospheric attenuation is a product of Rayleigh scattering and absorption by molecules
and atmospheric aerosols [88]. Rayleigh scattering refers to radiation from particles that
are excited by the frequency of incident light. If the light frequency λ is well below the
particle’s resonance frequency, the scattered radiation is proportional to λ−4 [88]. This
causes the daytime sky to appear blue, as the dispersion of visible light occurs predomi-
nantly towards the lower end of the visible wavelength range.

For a simulation to resemble empirical observations, atmospheric influences must be ac-
counted for. Corrections were therefore performed using the libRadtran software package
[80, 38]. The library was developed as open-source software at DLR in Oberpfaffenhofen
for modelling radiation transfer through planetary atmospheres. It supports calculations
of various radiative quantities, such as radiances, irradiances or actinic fluxes and provides
composition files for Earth’s atmosphere. The application range covers all wavelengths
from UV to thermal radiation (0.12 to 100 µm) and considers scattering from clouds and
terrestrial landscapes.

A configuration file is passed to the algorithm in which all parameters for the model
are set. The input includes molecular constitutions of the atmosphere and presence of
any additional aerosols or clouds. Corresponding scattering and absorption characteris-
tics are gathered from the program’s internal database or can alternatively be directly
provided by the user. Once this has been determined, all atmospheric data is transformed
to optical properties, which in turn are used to solve the radiative transfer equation and
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compute atmospheric transmissions. Finally, the output is processed to fit the user
specifications, which can for instance include multiplication with a transmitter spectrum
and/or integration of spectral results. To produce physical units rather than just propor-
tional transmissions, the geometric model must be bounded by an extraterrestrial source
spectrum and a terrestrial surface reflection [81].

By default, calculations are performed on pre-set atmosphere composition files, which are
selected in accordance with specified time and terrestrial location of the model. These
files define altitude distributions of parameters, such as temperature, pressure and air
density as well as chemical compositions. For reference the included atmosphere files are
mid-latitude summer, mid-latitude winter, sub-arctic summer, sub-arctic winter, tropical
and US standard.
Both atmospheric and radiation source files can be replaced with custom input. This
option was not required, as precision and computation speed of the generic files was fully
sufficient for the light curve simulations. Consequently, the mid-latitude winter atmo-
sphere file was automatically assigned to simulations corresponding to measured light
curves presented in chapter 4. Further, environmental constraints concerning aerosol
and cloud distributions were omitted, as no detailed weather data was recorded during
observations. Instead, these effects are accounted for by the calibration of observational
data.

The software carries out all computations on an internal grid of representative wave-
lengths. Samples can be converted from the calculation grid to desired wavelengths by
specifying an external wavelength grid file. This is done through a weighted mean at each
output wavelength within the bandwidth of the calculation grid. To avoid additional in-
terpolation steps, a wavelength grid file was generated from all samples of the calibration
data (sensor efficiencies, component transmissions, etc.), see section 4.4. Atmospheric
calculations were performed using the default bandwidth of 15 cm−1 which was found to
be sufficient for the application.

5.4.1 Solar Spectrum

libRadtran relies on incorporated solar spectra as radiation sources. The solar irradiance
on spacecraft at the top of Earth’s atmosphere is depicted in figure 3.3. It represents
the direct solar emission scaled by the distance between Sun and Earth and hence varies
based on Earth’s orbital epoch. For light curve simulations, libRadtran was used to
determine the incident solar radiation at the time of a satellite pass.
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5.4.2 Atmospheric Extinction

libRadtran also offers a selection of solvers for the radiative transfer equation to charac-
terize atmospheric extinction. Each of these relies on a different set of approximations.
The recommended choice for most applications is the one-dimensional Discrete Ordinate
Radiative Transfer (DISORT) algorithm, as it is widely used and has been extensively
validated [81]. Although it was originally implemented as a so called plane-parallel solver,
the current version of libRadtran allows it to be run in pseudo-spherical mode, too.
A plane-parallel solver assumes the atmosphere to be sandwiched between two parallel
planes, constituting outer space and Earth’s surface. Consequently, this model is not
suitable for scenarios with shallow angles of incident radiation, which frequently occur
during satellite observations.
Therefore, it was opted to use pseudo-spherical mode, for which the problem is divided
into a direct radiation component and scattering effects. Direct radiation is thus solved
for a spherical geometry, while scattering is approximated using the plane-parallel sim-
plification [81]. This model is perfectly adequate, as solely the attenuation of direct
radiation is of interest for simulations of ground-based observations. Figure 5.2 shows
that by neglecting any diffusely scattered light, the solution corresponds to the portion
of light that is able to pass directly through the airmass at the satellite zenith angle θ.

Figure 5.2: Atmospheric scattering geometry of light curve observations. θ indicates the
local zenith angle between Earth’s surface normal and the line of sight to the
target.

Input quantities may also be adjusted to suit more specific usages, such as signal transfer
from satellite instruments. Unfortunately, the definition of instrument channels must
be modelled using a set of internal parameters and cannot be supplied directly via an
external file. Hence, this method could not be adopted to spectrally resolved satellite
observations.
Instead, the output quantity was set to reflectivity to determine atmospheric trans-
missions at a given local zenith angle θ. Calculated transmissions represent the ratio of
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irradiance measured on ground to extraterrestrial irradiance, facing in the same direction.
The atmospheric model used in libRadtran expands to an altitude of just under 120 km
[81], while RSOs are generally located at higher orbits. Hence, the resulting transmission
accounts for all airmass effects between target and observer.
Transmission profiles at varying zenith angles are shown in figure 5.3. Light originating
from targets that are closer to the local horizon experiences greater attenuation as it trav-
els through more airmass. A detailed explanation for the shape of the extinction curves is
given in [88]. Essentially, the large extinction regions around 940 and 1120 nm are caused
by of water vapour present in the atmosphere. Further, 761.5 and 687.5 nm correspond
to oxygen absorptions. For wavelengths smaller than 800 nm the extinction increases ex-
ponentially towards lower wavelengths mainly due to Rayleigh scattering. Below 380 nm
ozone molecules strongly contribute to the attenuation, so that the atmosphere becomes
almost completely opaque around 300 nm.

Figure 5.3: Atmospheric transmissions at zenith angles θ [81].

5.4.3 Atmospheric Perturbations

Light perturbations are the result of turbulence in the atmosphere which leads to local
changes in refractive index [112]. This atmospheric inhomogeneity causes fluctuations in
the brightness distribution of radiometric observations. The effect is often described as
twinkling of stars. Distortion or blurring of observational images by air turbulence is also
referred to as atmospheric seeing [89]. It is governed by the size of the underlying eddies
that dissipate the energy of the air flow [112]. High airmass observations are therefore
especially susceptible to atmospheric seeing effects [88].
The timescale of turbulence changes in the atmosphere is quantified by the coherence time
τ0, so that atmospheric scintillation leads to normal distributed blurring of measurements
at exposures t > τ0 [89]. In other words, the light perturbations manifest themselves as
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noise in field measurements, which averages out over a sufficient time span. Hence,
atmospheric seeing can be omitted for unresolved light curve simulations, as long as
noise models are not focus of the implementation. Any static losses are transferred to
the measurement calibration.

5.5 Implementation

The following section is dedicated to the process of constructing a light curve simulator
from the previously discussed software components. Segments of the development will
be addressed in the order of their occurrence during light curve simulations.
Implementations were designed to blend into the existing structure of the Raxus Prime
software package. Thereby, care was taken to ensure readability of the code by abiding
to PEP8 coding guidelines [2]. Additionally, Google style docstrings [1] were used to
comment on the function of code segments and thus maintain a transparent code base
for further development.

5.5.1 Simulation Pipeline

Prior to the render process, Raxus Prime generates a parameter file that lists all input
required for the simulation. The parameter file includes render-specific settings (render
engine, image resolution, etc.), target information (such as name, catalogue number, TLE
and a file path to the render model) and timestamped geometric parameters concern-
ing the emitter, target and observer location and orientation within the simulated time
frame.
Once the file has been created it is passed to the render interface which iterates through
the specified time steps. At each step, the scene is recreated from the geometric param-
eters and rendered out to produce a brightness value in the final light curve.

Although, the general structure of the simulation process was retained, modifications
had to be made to accommodate spectral data products. This included the addition of
further variables into the parameter file, such as an emitter spectrum and atmospheric
attenuation curves obtained from libRadtran (see section 5.4) or settings specifying the
range and sampling of the spectral domain for renders. Moreover, a processing step was
incorporated into the simulation procedure that allows for application-specific products
to be extracted from simulated reflections. For ground based observations this involves
applying atmospheric attenuations at each time step and integrating spectral quantities
based on instrument transmissions and efficiencies to form predicted count rate responses
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in a sensor band.
In an effort to keep the system as modular as possible, spectral instrument specifications
are supplied via an external station file, which lists all available instruments at a given
observatory. For instance, selecting the UFO station file as input provides details on the
effective sensitivity of all sensors listed in section 4.2. Subsequently, count rates for each
of the sensors are automatically derived during the processing step.
Finally, the simulation enables results to be studied using the parameter estimation
methods presented in chapter 8. Visualisations of light curve and inversion solutions can
also be generated in a number of ways using the software, as shown throughout this thesis.

The final simulation pipeline is comprised of four steps:

1. Generating a parameter file for the simulation by propagating orbit and attitude
information of the target and calculating atmospheric transmission spectra over a
defined time interval.

2. Rendering an image for each time point in the parameter file and fusing the result
to form a light curve object.

3. Additional processing of the light curve object including atmospheric corrections
and conversion to sensory count rates.

4. Analysing simulated data through parameter estimation techniques and graphical
visualisation of results.

The flowchart in figure F.2 of appendix F presents the revised structure of Raxus Prime
for spectral light curves simulations. It includes the implemented Python classes that
were added to the pipeline as part of this thesis. They provide the interfaces to the
render engine and atmospheric model and include processing steps required to extract
and analyse spectral data. The function of each component is explained in the following
sections.

5.5.2 Scene Definition

A render scene is composed of at least one light source (emitter), a target geometry and a
sensor to measure light reflections from the model. In Mitsuba2 each of these is initiated
using a separate plug-in, which must be selected under consideration of the application
and render procedure.
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Emitter

The requirements for an emitter vary between active and passive light curve observations.
Lasers are effectively point light sources, that emit near collimated light with a small di-
vergence in the range of several arcseconds. Nevertheless, the laser spot will typically
cover the entire target due to the the atmospheric beam spread and large distance be-
tween a satellite and ground-based observer. This means that the angle of incidence will
vary across the target geometry within the bounds of the divergence angle of the laser. In
contrast, incident solar radiation on a satellite occurs within the acceptance cone defined
by the Sun’s angular diameter of ∼0.54 degrees seen from an object in Earth’s orbit.
Active and passive lighting geometries are distinguished in figure 3.4. Unfortunately, Mit-
suba2 is not natively equipped with plug-ins for these types of light sources. However,
as the angular range is sufficiently small for both scenarios, they can be substituted by
a light source emitting parallel rays. For this purpose, Mitsuba2’s directional emitter
plug-in was employed, which implements an infinite collimated light source.
Neglecting the angular divergence of incident light may lead to errors when simulating
highly specular materials, which must be considered while relating synthetic data to em-
pirical observations. Possible influences of this approximation on the light curve product
are evaluated in chapter 7. It is expected that especially for laser radiation the direc-
tional discrepancy of rays is too small to have a noticeable impact as it is well below the
angular precision of material reflectance measurements.
The development of a more suited emitter plug-in that would allow for an in-depth eval-
uation of the error introduced by the simplified solar radiation model exceeds the scope
of this thesis, but is planned for upcoming work.

By default, Mitsuba2 does not incorporate physical units; rendered intensities are rela-
tive to the imposed emitter spectrum and scaling of the geometry model. In our case,
these are introduced by specifying the spectral energy distribution of light sources. The
incident spectral irradiance at the top of Earth’s atmosphere was defined in W

m2·nm , which
requires the scene geometry to be modelled in meters for the simulation to remain phys-
ically sound.
Solar spectra are obtained from libRadtran as described in section 5.4.1 and laser ir-
radiance is approximated from a Gaussian distribution around a the central emission
wavelength of the laser. Atmospheric corrections for the laser uplink are applied in the
post processing as these vary over the observation span based on the airmass between
target and observer.
For active daytime observations, either two emitters are added to the scene, one corre-
sponding to the Sun and the other to the laser, or both scenarios are modelled separately
and subsequently superimposed.
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Sensor

Mitsuba2 offers a pinhole type sensor, which is arguably an adequate solution to replicate
telescope observations. When placed at a large distance from the target model though,
renders become unviable as the directional precision of rays cast from the sensor is insuf-
ficient to resolve the target. Therefore, a simplification was introduced in analogy to the
emitter plug-in: Light entering the telescope from a distant object is assumed to be near
parallel. This makes it possible to use an orthographic sensor model, which retains all
angles and distances within the image, as rays are cast orthogonal to the sensor plane.
Figure 5.4 illustrates the difference between pinhole and orthographic camera models.
Because the current version of Mitsuba2 does not include an orthographic sensor, the
plug-in was ported from the previous Mitsuba distribution.

(a) Pinhole sensor with focal
length f (b) Orthographic sensor

Figure 5.4: Comparison of sensor types for renders.

The approximation of an orthographic camera limits the observation angle to a sin-
gle direction. In reality, this neglects influences of minor differences in perspective on the
captured reflection. Based on simulations in 5.6 this error is expected to be insignificant
for ground-based observations. Further, the angular divergence of satellite reflections
captured by a telescope on ground is generally less than a few arcseconds, which is well
below the angular resolution of reflectivity measurements for the simulation. Hence, even
for specular materials this discrepancy can be safely ignored.

Target

Mitsuba2 accepts multiple types of open access file formats as 3D model input to render.
These include .obj and .ply files types which are both widely supported formats. Thus
satellite models can be created using a large range of external 3D-modelling software.
At the current stage the scene creation interface of Mitsuba2 is not quite as user friendly
as other popular render engines. The main shortcoming is that BSDF plug-ins can only
be applied to entire shapes as opposed to individual surfaces within a shape. This means
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that models for the simulation have to be broken down into separate shape files based on
their surface materials. To simplify the assembly of individual shapes during the scene
definition, a model file format was established that pairs each component to a BRDF
type and contains individual offsets and rotations.

Scene Creation

Mitsuba2’s Python bindings use a dictionary structure to build the scene description,
which is then passed to the render engine. The SceneCreator class was established to
provide a convenient interface for setting and modifying the render scene. It includes
functions for initiating the dictionary description file from the introduced emitter, tar-
get and sensor plug-ins and loading the scene geometry. Additionally, rotations of each
object can be performed to update the observation setting at each rendered time step.
After an adjustment to the scene description the entire scene must be loaded again by
the render engine. This is a limitation of the current Python bindings of Mitsuba2. In
the future it is intended to extend the SceneCreator class to apply rotations directly to
the loaded geometry and thus eliminate unnecessary processing time.

The SceneCreator handles 3D shapes according the model file format mentioned above.
Components listed in the model file are instantiated in the scene with the specified off-
sets and rotations. Further, surface materials are applied according to the file description
using the BRDF plug-ins indicated in section 5.3.2. Optionally, measured material spec-
tra can be superimposed on modelled reflectivity distributions to constrain the spectral
energy distribution of reflections. Otherwise, if no material is specified they are assigned
uniform spectral reflectance.

5.5.3 Light Transport Equation Integration

Path Integration

The path integrator of Mitsuba2 makes use of the scene composition including models,
sensors and emitters, as well as the selected sampler type. Since the light at a point
in the scene is essentially an integral over infinite rays, parameters are introduced to
constrain the integration loop. The maximum number of interactions for each ray with
the scene geometry is bounded by the path depth. A path depth of 1 equates to direct il-
lumination of the sensor with no model interaction, while larger values permit additional
intersections with the geometry. A further parameter can be set to trigger a Russian
Roulette elimination of rays from a specified path depth. Rays with lower weights are
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thereby terminated earlier, as they have smaller contributions to the resulting image.

The path tracing procedure is schematically depicted in figure F.1 of appendix F. Rus-
sian roulette elimination of rays is omitted from the procedure as it was not required for
the renders. The simplicity of light curve geometries eliminates the need for path depth
restrictions. Nevertheless, the path depth was set to 4 to avoid any risk of the integrator
getting stuck.

Data Extraction

In spectral rendering mode, the integrator works with wavelength-value pairs. The radi-
ance value of a ray is the product of the emitter radiation at a given wavelength and the
BSDFs of all intersected surfaces along the light path. In the context of Monte Carlo
sampling, the radiance is additionally weighted by the inverse sampling probability of
the ray integration. Before returning the resulting image, the wavelength-value pairs are
converted to RGB equivalents using the CIE standards.
Mitsuba2 does not directly output spectral radiances for each ray. Hence, a Python
adaptation of the rendering procedure was implemented to extract spectral information.
By using the Mitsuba2 Python bindings the main integration could still be delegated
to the C++ implementation of the path integrator described above. To this end, the
RayIntegrator class was created which replicates the render process of Mitsuba2 but
forwards spectral results to another Python class that handles further processing of the
data. The large amount of samples required for Monte Carlo methods means that the full
dataset is too large to be stored for each render. Therefore, wavelength-value pairs are
binned to form an average spectrum at each pixel and subsequently fused over all pixels
of the sensor. The implementation of this interpolation is described in section 5.5.4.
Coordinating the computation steps in Python allowed for the spectral sampling pro-
cedure to be revised to accommodate for multi-laser observations outside of the visible
spectrum. Details on this are discussed in the following section.

The RayIntegrator class provides a utility to generate depth maps of rendered scenes
(see figure G.2), which can be used to validate shape estimations and relate reflections to
surfaces on the rendered model. By additionally saving spatially resolved spectral images,
ranging data from active observations can be recreated in post processing. Moreover, ren-
ders can also be converted to intensity maps within a given wavelength band, see figure
5.6. This option has proven valuable for debugging and visualizing render scenes across
spectral channels.

Although the focus of the implementations is spectral rendering, all functionalities of
the RayIntegrator can be used for monochromatic and RGB variants. Computations
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were performed using the more efficient GPU variant of Mitsuba2, but likewise care was
taken to maintain compatibility for CPU based processing.

Random Sampling

Samples are drawn on multiple occasions during spectral simulations. Before integrating
a light path, a ray or set of rays originating at the sensor is generated. The origin and
direction of each ray is determined from from its location on the sensor plane. Samples
are then applied as follows:

1. Random offsets are added to the ray origin coordinates to generate variance within
the boundaries of the sensor pixels.

2. One wavelength is randomly sampled for each ray.
3. The sampled wavelength is then used as basis to form a set of four stratified samples

within the wavelength range of the render.

Each ray in Mitsuba2 is thus comprised of four evenly distributed wavelength samples.
Sampling during the ray integration occurs at several more instances.

1. At surface interactions, emitter directions are sampled proportionally to its emission
profile.

2. Incident ray directions at the intersections are additionally sampled according to
the surface BRDF.

3. Rays with lower weights can be terminated through a Russian roulette sampling
scheme.

A stratified sampler was used to reduce the noise in rendered solutions. Thereby, the
sample space is divided into multiple strata with equal amounts of samples, which gen-
erally results in less sample clumping.

Mitsuba2 targets it’s spectral rendering towards representation in RGB images. There-
fore, by default the software operates in the visible wavelength range from 360 to 830 nm.
For computations within these spectral bounds, samples are concentrated according to a
combination of the CIE XYZ colour-matching functions developed by Radziszewski et al.
[96], see figure E.1 of appendix E. Consequently, resulting radiance values are weighted by
the inverse probability distribution function. This weighted spectral sampling method is
undesirable if the sensitivity of an observation differs from the CIE standards. Further,
spectral rendering using Mitsuba2 requires the wavelength range to be set at compile
time, which is impractical for rendering light curves at varying spectral bands.
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Therefore, the RayIntegrator class was fitted with an adapted method to sample wave-
lengths for each ray before forwarding them to Mitsuba2’s path integrator. To efficiently
compress the rendered data down to a single spectrum, two render modes were made
available to the user:

1. Simulation on a user specified wavelength grid in the form of an array of wave-
lengths.

2. Random sampling of wavelengths and subsequent binning into a user-defined or
evenly spaced set bins with equal width.

The former option requires no spectral interpolation as the wavelength resolution is main-
tained throughout the simulation. However, the second method is expected to be more
reliable for broad band applications, as rendered wavelengths are generated randomly
within each bin and subsequently merged to a bin-averaged solution. In both cases a
further user setting regulates the number of rays per wavelength/bin that are cast at
each pixel.
The spectral range of the simulation is defined by the emission spectra and the sensitivity
range of selected instruments and can be further restricted by the user. By default, a
user-defined amount of evenly spaced bins will be generated within the spectral range. If
there are gaps in the emission spectra, for instance for multi-laser observations, bins will
only be added within emissive regions. Alternatively, a set of discrete bins with equal
width or wavelengths samples can be imposed directly via the simulation settings.
If wavelengths are chosen at random and combined into bins, care must be taken to
avoid any favouritism within the spectrum. Hence, a uniform distribution of samples
was applied across all bins. To achieve this, spectral samples were calculated for each bin
by applying a random offset within the bin width to the lower bound of the respective
bin. In an effort to maintain the stratification within each ray, only one wavelength
was sampled per ray. The samples were then extended to form four equally distributed
wavelength across the sequence of spectral bins. This steps restricts the number of bins
to be a divisor or multiple of four but is necessary to fit the wavelength samples into
Mitsuba2’s ray format. User input that does not fulfil this requirement is thus rounded
to the closest suited value.
If wavelength samples are provided directly, they must not necessarily match this format.
However, surplus wavelengths may need to be discarded from the solution to keep the
render unbiased.

As the wavelengths are assembled outside of Mitsuba2, recompiling the software for each
adjustment of the wavelength range can be avoided. The spectral bins/wavelengths of the
simulation are therefore set via the parameter file created by Raxus Prime. Theoretically,
the wavelength range for renders is not restricted, but as Mitsuba2 considers the radiative
transfer process to occur in thermal equilibrium computed solutions will become increas-
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ingly inaccurate towards infra-red light where thermal emissions contribute significantly
to reflections. Moreover, atmospheric background radiation constitutes an additional
limiting factor to ground-based observations exceeding the NIR range [88]. Simulations
for this thesis were only performed between 300 and 1240 nm as this corresponds to the
observations presented in chapter 4.

5.5.4 Interpolation

Spectral radiance values from the render engine are processed by the SpectralInterpolator
class to form spectra at every time step of the light curve. The spectral data is first com-
bined at each pixel and saved for later processing of ranging measurements. Depending
on the spectral sampling mode, the radiance is either averaged within bins or at the
computation wavelengths. Following this, the data is summed over all pixels yielding the
spectral radiance captured by the sensor.
Due to the large amount of samples required for accurate renders, even simple calcu-
lations are computationally expensive. Fortunately the interpolation procedure can be
executed in parallel, which made it possible to considerably reduce the computation time
by delegating the work to the GPU. For this purpose, the Python numba package [74]
was used to implement the necessary GPU instructions.

5.5.5 Flux Integration

Formula 2.19 can be directly applied to simulated radiance values. Figure 5.5 illustrates
the resulting geometry, where the sensor plane is a 2D-projection of the render model
denoted by index i and the telescope captures the scattered light specified by index o.

Figure 5.5: Scaling of simulated spectral images to measured telescope flux.

As previously iterated, light reflected from a satellite is assumed to be near parallel, so
that the render geometry can be captured using an orthographic sensor model. It is

DLR
Simulation and Measurement of Multispectral Light Curves from Space Debris



62 5 Spectral Light Curve Simulation

important to note all implicit assumptions that this simplification entails:

Radiance values for each point on the target remain constant within the observed
solid angle.
Angular divergence of light transmitted from eccentric positions on the target is
negligible in terms of transmitted radiance.

Further, the premise of collimated light and the fact that the telescope constantly tracks
the target eliminates the need for foreshortening during flux integration. In other words,
light transport occurs normal to both the telescope and sensor planes, so that cos θi =
cos θo = 1. Based on these simplifications and equation 2.19 the flux from a single pixel
is calculated as

Φi = L̄i(pi, λ)
Ao
r2
Ai, (5.1)

where L̄i(pi, λ) is the Monte Carlo estimate of the spectral radiance at a given pixel pi.
For simplicity, index i in equation 5.1 will not only be used to refer to properties of
incident light, but will also serve as an iterator over the sensor pixels. The observational
solid angle is derived from the telescope mirror area Ao and the distance r to the target.
Ai is given by the pixel size of the orthographic sensor plane. As the camera is subdivided
by a rectangular grid, each radiance value corresponds to an equal pixel area Ap = Ai =
const.
Finally, the total flux at the telescope is given by the sum over all pixels of the sensor
plane

Φ =
Ao
r2
Ap

N∑
i

L̄i(pi, λ). (5.2)

Here N is the amount of sensor pixels and
∑N

i L̄i(pi, λ) describes the spectral radiance
sum calculated by the SpectralInterpolator. This means that scaling to flux units can
be performed after interpolating and fusing the data to minimize floating point opera-
tions.

To keep the light curve object as modular as possible, simulated data is initially saved
as radiant intensities with

I = Ap

N∑
i

L̄i(pi, λ). (5.3)

The conversion to flux units and atmospheric attenuation is then applied in post pro-
cessing, based on a selected ground station. For simulations included in this thesis, the
telescope mirror area was calculated from the difference between the discs resulting from
primary and secondary mirror radii.
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5.5.6 Light Curve Processing

Once all time steps in the parameter file have been simulated and the data has been in-
terpolated/binned and appended to the light curve, spectral attenuations can be applied.
The LightCurveProcessor class handles atmospheric and instrument specific processing
steps to derive the instrument responses from light curve products.

Atmospheric transmission spectra, that were queried from libRadtran based on the local
zenith angle of the target at each point in the light curve, are multiplied with the cor-
responding simulated spectra to obtain the spectral radiant intensity at the observation
site. As the emission spectrum in the simulation is held constant, additional atmospheric
and range rectifications have to be applied to active observations to scale the laser uplink.
The range correction accounts for changes in the laser irradiance on the target, caused
by the laser divergence and distance between emitter and target.
A station file containing optical parameters of the telescope and sensors can be supplied
to transform the signal to sensor count rates. The light curve is scaled to spectral flux
units based on equation 5.2, using the mirror area of the telescope. Band-averaged count
rates are then determined according to formula 4.10 and saved for every time step. All
instrument parameters are also attached to the light curve object as reference.
The same applies to ranging data. In this case, spectral images are converted to pixel
maps of reflection ratios in a given sensor band by dividing measured through incident
photon counts at each pixel. To emulate the statistical distribution of range measure-
ments from photon returns detected by the sensor, depth map data is binned using the
photon reflection ratios as weights. The distribution is then scaled by the total photon
counts of the sensor, yielding an expected ranging count. Figure 5.6 shows weighted
and true depth histograms of the box-wing satellite render in figure G.2 of appendix G.
Although, in this case the differences between both distributions are small, they depend
on the reflective properties of the satellite and the bandpass and will need to be studied
in further detail for space debris laser ranging.
An example for the processing of simulated reflectance spectra can be seen in figure 5.7.
At the current stage, the ranging returns do not account for photons that are reflected
multiple times from the satellite model and thus have a longer recurrence time. An addi-
tional Monte Carlo integration of path depths will therefore be the focus of further work.
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Figure 5.6: Ranging and true depth histogram of the box-wing satellite. Measurements
are based on the Gaussian bands in figure G.5 of appendix G.

Figure 5.7: Processing of reflection spectra shown for a passive observation.

5.5.7 Light Curve Analysis

The LightCurveAnalysis class is used for visualising light curve data and executing pa-
rameter estimation procedures such as frequency analysis or spectral unmixing strategies.
These methods will be introduce in chapter 8.

5.6 Sensor Model Verification

An infinitely distant Lambertian sphere must match the reflectance factor defined by
relation 3.2, allowing for a simple test of the simulation environment. It is evident from
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figure 5.8 that this is indeed fulfilled by the orthographic sensor. The pinhole sensor on
the other hand measures a reduced reflectance at close range, as its perspective limits the
visible surface region of the sphere. Moreover, by increasing the observational distance,
renders using the pinhole sensor clearly converge towards the idealised solution for distant
light reflections. This affirms the validity of simplifying the computations by adopting
an orthographic sensor model.

Figure 5.8: Comparison between simulations of a diffuse unit sphere using orthographic
and pinhole sensor models and the analytical approximation in eq. 3.2.

5.7 Simulation Convergence

Before rendering physical light curves a survey was conducted to examine the convergence
behaviour of the simulation. Based on this, an optimal set of parameters was established
for synthetic light curves presented in subsequent chapters.
To assess the error of the simulation the relative flux density residual is introduced as

e =

∑N
j=1 |Ej − Êj |∑N

i=1 Êj
, (5.4)

where Ej and Êj are the simulated and true flux densities for spectral bin j, respectively.
For diffuse render models, the true flux density can be determined analytically. As a
consequence of equations 2.7, 2.9 and 2.11, the irradiance scattered by a diffuse object is
expressed as

E = Ei
ρg
π
ω = Ei

ρg
π

A⊥

r2
, (5.5)

where Ei is the incident irradiance towards the surface and ρg, A⊥ and r denote the
geometric albedo, cross-section and distance of the surface, respectively. In the case of
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solar illumination Ei is provided by the solar irradiance E�.
A sequence of backscattering reflections was rendered to study the convergence according
to equation 5.4. It was decided that a spectral resolution of 5 nm would be adequate to
accurately represent observed spectral energy distributions. The influence of the amount
of spectral samples per bin on rendered spectra can be seen figure 5.9a. A characteristic
convergence for Monte Carlo estimates (O(

√
N)) is apparent, in which the relative flux

density residual decreases drastically over the initial refinement, but the improvement
declines towards larger sample sizes. Naturally, the spectral samples required to render
accurate light reflections depend on the BRDF interactions within the scene. The process
was therefore repeated for more complex scenes by approximating Ê from a sufficiently
sampled render of a studied geometry. An example for this is given in figure 5.9b for the
box-wing satellite model. Based on these evaluations, 80 samples per bin were deemed
sufficient for the light curve applications with an acceptable relative error of ∼0.2 per-
cent.

(a) Diffuse surface (b) Box-wing satellite

Figure 5.9: Refinement of spectral samples for sunlit geometries using 5 nm.

To examine the effects of the number of rays cast per render, further calculations were
performed by increasing the image resolution. The resulting curve is depicted in figure
5.10a. Although non-resolved simulations would theoretically require only a single pixel,
a moderate image resolution is useful as it ensures stratification for the random sampling
of ray positions on the sensor plane and supplies visual feedback to the user. A resolution
of 60 by 60 pixels was found to suit this purpose and produce a large enough amount of
rays to ensure the convergence of render.

Determining the amount of samples used by the render engine is a trade-off between
computation time and precision. Simulations can be accelerated by executing render
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and interpolation steps on the GPU as they allow for a high degree of parallelization.
However, this also has the drawback of confining the amount of samples to the available
GPU memory. Renders were therefore performed on a Nvidia GEFORCE RTX 2080 Ti
graphic card with with 11 GB of memory, allowing for spectral renders of up to ∼2×107

ray samples. Figure 5.10b shows that the computation time scales nearly linearly with
the sample size. An increase in about 107 rays corresponds to an additional 0.25 seconds.

(a) Image grid refinement (b) Computation speed for renders

Figure 5.10: Render convergence for the sunlit box-wing satellite using 5 nm spectral bins
with 80 samples per bin.
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Benefits of multispectral observations were presented in section 3.4. It was noted that
spectral reflections encode characteristic signatures of objects’ surface materials and that
unmixing strategies have widely relied on reflection spectra obtained at a single lighting
geometry to estimate material compositions. However, simulations and measurements
of the reflective properties of spacecraft materials conducted by Bédard et al. in 2014
and 2015 have revealed variations in the spectral energy distributions of scattered light
based on the lighting geometry [15, 16]. Furthermore, the results indicate that surface
roughness also effects measured spectra, which is corroborated by Rodriguez et al. in
[101].
Bédard et al. also show that single samples are not representative of a general material
category [16]. It is inferred that for a broad characterization of RSOs multiple samples
of each material type are required. This conclusion highlights the necessity for a sim-
ple and adaptive method to acquire spectral BRDF measurements of spacecraft materials.

Although the majority of research has focused on the parametrization of individual mate-
rials, some attempts have measured entire scaled satellite models in a laboratory environ-
ment [121, 15]. These results are most likely superior for recreating a specific satellite’s
orbital reflection and assessing effects of space weathering. However, the drawbacks of
the method are apparent, as the measurements require an exceedingly complicated set-up
and are highly reliant on the model accuracy. Moreover, obtained results are limited to
a single satellite model.
It is expected that through physically accurate simulations and precise BRDF character-
izations of individual material types, satellite observations can be reproduced in a more
flexible but equally valid manner.

6.1 Material Databases

The majority of publicly available databases for reflective measurements of materials
(i.e. MERL [79], RGL [33]) are targeted towards realistic graphical rendering or in some
cases Earth observations (i.e. USGS High Resolution Spectral Library [70]). Hereby, the
materials are very limited to the application fields and generally do not include common
satellite materials.
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That being said, multiple approaches for tabulating reflectance spectra of spacecraft ma-
terials have been documented in the literature thus far. The most extensive of these is
probably the NASA Johnson Space Center (JSC) Spacecraft Materials Spectral Database
described in [63] and [13], which is comprised of over 300 spectra obtained from common
satellite surface materials in the range of 350 to 2500 nm. All measurements were taken
at a single illumination and scattering direction. In light of the previously highlighted
significance of the observational geometry on a material’s spectral response, this data is
likely to be insufficient for detailed light curve simulations.
Spectral measurements of solar cells, aluminium and spacecraft insulation materials have
also been obtained in other studies including [101], [20], [15] and [17]. Unfortunately
though, the NASA JSC database as well as spectral data referred to in the literature are
not publicly available. Hence, in context of this research, data was gathered indepen-
dently. In the following section, some of these spectral measurements will be discussed.
The prototype set-up used to gather BRDF slices and the method applied to tabulate
the data for renders is detailed in appendix I. Due to time the constraints of this thesis,
tabulated spectral BRDF measurements could not be obtained over the full directional
domain.

6.2 Material Spectra

To quantify the influence of potential surface materials on a object’s reflection, spec-
tral measurements are presented for three samples of common spacecraft materials that
are shown in figure H.1, namely an AzurSpace Triple-Junction 3G30C solar cell, 6061
aluminium and Sheldahl 146631 MLI film. Spectra were obtained at a resolution of
∼3.86 cm−1 from a Bruker Fourier-Transform Infrared Spectroscopy (FTIR) spectrom-
eter, using a silicon photodiode (Bruker Si-D510) to record data in the range of 450
to 1150 nm. The material samples were illuminated by collimated light from a 200 W
tungsten halogen lamp which is integrated in the spectrometer structure.
To calibrate out the influence of the light source as well as the detector sensitivity and
any constant signal attenuation, the spectrometer requires a background spectrum before
each measurement. All subsequent measurements are then automatically divided by the
background to isolate the reflected or transmitted light spectra.
Solar cell and MLI samples were placed onto a mirror-table so that their specular reflex
could be captured at 30 degrees incidence to the surface normal, see figure 6.1. Back-
ground spectra were then procured by placing a copper mirror onto the reflection table.
Effects of the copper mirror were accounted for by multiplying all measured data by a
standard copper reflection curve [113].
The presented reflectance distribution of aluminium is derived from BRDF measurements
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using the construction in figure I.5. With this framework it was possible to take back-
ground spectra without introducing an additional reflection.

Figure 6.1: Reflection table used to measure material spectra.

The set-up for acquiring BRDFs described in appendix I was prototyped in joint work
with Denise Keil, a doctoral student at the DLR Institute for Technical Physics in
Stuttgart. Further, spectrally resolved BRDF and reflectance measurements presented
in this thesis were performed by her in the institute’s clean room environment.

Figure 6.2 shows spectral reflection of the studied material samples. The measured
spectra corroborate findings in previous studies, which are summarised in table H.1 of
appendix H.

Figure 6.2: Specular reflections of common spacecraft materials taken at θ = 30◦. In-
cluding: Polished 6061 aluminium alloy, a solar cell of Flying Laptop and
MLI film used on Eu:CROPIS

For the aluminium sample a standard piece of 6061 aluminium alloy was polished to a
surface roughness depth of 1 µm.
The AzurSpace TJ 3G30C solar cell was contributed by the Institute of Space Systems
at the University of Stuttgart. It was originally a spare during the development of the
Flying Laptop satellite. The cell is comprised of indium gallium phosphide (InGaP),
gallium arsenide (GaAs) and germanium (Ge) sub-cells.
Insulation blankets on spacecraft are comprised of multiple sheets of MLI film, which is
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commonly constructed from reflective outer layers of copper-coloured Kapton and alu-
minized inward facing layers [101]. The measurement in figure 6.2 shows the spectral
reflectance of the Kapton-coated side of Sheldahl 146631 MLI film. The sample was
provided by the Institute for Space Systems at DLR in Bremen and was taken from the
outer sheet of a surplus piece of insulation from the Eu:CROPIS satellite.

6.3 Space Weathering Effects

The deterioration of spacecraft components when exposed to the space environment is
also referred to as space ageing. This occurs, due to collision of charged particles, as
well as UV radiation from the Sun and drastic changes in temperatures [78]. In LEO the
main source of degradation is atomic oxygen [30], while in GEO high energy electrons
are found to contribute predominantly to the energy deposition on objects in orbit [27].

Bengston et al. showed that the overall reflectivity of materials decreases after being
placed in an accelerated artificial space environments [17]. Specular spikes in the BRDF
thereby appeared smoothed when comparing aged and original samples. Further, the
results revealed wavelength-dependant changes in reflectivity that varied for different
material types. For instance, Mylar exhibited a considerably reduced reflectivity for vis-
ible wavelengths, while for Kapton this trend also extended to larger wavelengths. In
contrast, white control paint generally experienced a greater depletion in NIR reflections
[17].
Such changes could lead to alterations in observed spectra of RSOs that have been in or-
bit for a long time. It is therefore necessary to consider ageing effects based on the on the
selection of observational bands, when analysing light reflections from space debris.
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7.1 Simulation Validation

The primary difficulty in comparing simulations to ground-based satellite observations
lies in the multitude of parameters influencing the process. While orbital location can be
propagated from TLE data and signal attenuation can be followed from realistic atmo-
spheric models and instrument properties, material, shape and attitude of the satellite
are typically unknown. To use observations as valid reference measurements, all of these
parameters must be determined beforehand.
Fortunately, radar stations face a similar challenge for the validation of their ranging
operations. To facilitate the calibration of radar measurements the United States gov-
ernment has launched multiple spherical satellites; two of which, Lincoln Calibration
Sphere 1 (LCS 1) and CalSphere 4A, were visible during the observation campaign con-
ducted for this thesis. Table 7.1 includes size and surface materials for both targets. The

Table 7.1: Radar calibration spheres [51].

Satellite NORAD Catalogue ID Surface Material Diameter [m]

CalSphere 4A 1520 White paint 0.36
LCS 1 1361 Polished aluminium 1.13

reflectivity of CalSphere 4A and LCS 1 has previously been characterized by Hall et al.
from observations in the photometric Cousins I-band [51]. Based on equation 3.5, Cal-
Sphere 4A was found to be almost entirely diffuse while LCS 1 appeared predominantly
specular. However, exact surface properties are not publicly available and have most
likely changed through space weathering since being launched in the 1960s.

As both satellites are spherical, reflections are independent of their orientation, so that
the only remaining uncertainty is the spectral reflectance of each target. To estimate this
property, simulations were fit to measured sensor response rates.
Modelling fully specular reflections using the current implementation of the light curve
simulator could lead to notable errors due to the simplification of collimated solar irradi-
ance. Therefore, a Beckmann distribution (equation 2.14) was applied to simulations of
LCS 1 to catch any effects of the angular illumination divergence. Figure G.4 indicates
that with increasing surface roughness, reflections at grazing angles become dispropor-
tionally favoured so that the model does not appear suited to diffuse materials. For
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this reason CalSphere 4A was assigned a diffuse BRDF instead. Both spheres were ini-
tialised with a constant reflectance across all wavelengths and then optimized using a
least squares estimate of attenuation factors in each sensor band. To synchronise obser-
vation data and reduce the amount of simulated time steps, count rates obtained from
the single photon detectors were binned at each camera image.

7.1.1 CalSphere 4A

For CalSphere 4A the fit was run on the diffuse albedo of each sensor channel. To
eliminate any additional unit conversions, the operation was performed directly on sensor
counts. In theory, this is equivalent to reformulating equation 3.2 using detector count
rates instead of flux units

ν =
R2

r2
ρ′gf(γ)ν�, (7.1)

where ν is the the observed count rate and ν� refers to the incident solar count rate
on the target. ρ′g slightly differs from the conventional geometric albedo as it describes
the average albedo based on the ratio of scattered photons. Atmospheric extinction
effects are eliminated from the albedo product by calculating ν� under consideration of
the atmosphere between target and observer. The minimisation problem can then be
expressed as

ρ̂g = arg min
ρ′g
||ν − R2

r2
f(γ)ν�ρ

′
g||2. (7.2)

Table 7.2 gives the fitted albedo parameters. Unfortunately CalSphere 4A is relatively
small so that long image exposures were required and the tracking loop could not con-
stantly centre the target, causing fluctuations in the SPAD responses. Moreover, losses
while focusing light onto the SPADs resulted in poor SNRs. Especially for the ID400
this was found to be an issue, therefore no comparison to simulations is provided for this
sensor. Due to these difficulties, measurements were limited to a single pass.
Nevertheless, figure J.1 of appendix J shows that the simulations present a suited ap-
proximation to real light curves. As the target’s reflective properties remain constant,
the channel ratios provide an additional validation of the atmospheric model within the
bounds of the observation geometry. Aroundmaximal elevation the ratios are nearly
constant, while at larger distances between target and observer the channels experience
individual attenuations. In accordance with measurements, changes are especially promi-
nent for ratios between channels centred around red and blue wavelengths, as a result of
an increase in Rayleigh scattering, see section 5.4.

Once the band albedos are extracted, a spectral distribution can be estimated using
an upsampling technique similar to that of Jakob and Hanika in [62]. Let h be a spectral
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function and ρ′g be an object’s albedo vector, then its corresponding spectral reflectance
fulfils

ĥ = arg min
h

∥∥∥∥ρ′g − ∫ h(λ)P (λ)λdλ∫
P (λ)λdλ

∥∥∥∥, (7.3)

where P (λ) = [P0P1 · · ·PN−1] is a matrix containing the effective sensitivity of N sensor
bands. Normalisation by the photon throughput within the observation bands P (λ)hcλ is
applied to remove band size related influences from the estimated spectral distribution.
Jakob and Hanika find that composing a polynomial with a Sigmoid function produces
smooth spectral representations of RGB values [62]. Upsampling tristimulus data allows
for a second order polynomial estimate. With additional observation bands though, the
order can be increased to N − 1. h is thus defined as

h(λ) = S

(
N−1∑
i=0

ciλ
i

)
(7.4)

and the fit is performed on the polynomial coefficients ci, whereby the Sigmoid function
S maps values of x ∈ [−∞,∞] to the interval [0, 1], with

S(x) =
1

2
+

x

2
√

1 + x2
. (7.5)

Naturally, the optimisation problem is underconstrained by the available sensor channels.
Hence, solutions to equation 7.3 are not unique and must be understood as suggested
rather than true spectral distributions. The Sigmoid function helps smooth estimated
distributions, however it also restricts the shape of solutions to a sequence of S-shaped
curves. Figure 7.1 shows the predicted reflectance spectrum for CalSphere 4A. The steep
decline in reflectance above 700 nm is most likely a feature of the Sigmoid shape. Other
than that, the spectrum resembles synthetically space-aged samples of white thermal
control paints studied by Bengston et al. [17], for which the reflectivity slightly decreases
towards higher wavelengths and has a dip around 500 to 600 nm.

Figure 7.1: Spectral reflectance fit to an observation of CalSphere 4A based on optimal
band albedos.
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7.1.2 Lincoln Calibration Sphere 1

As previously indicated LCS 1 was simulated with an isotropic Beckmann reflectance.
The roughness parameter together with all band albedos was estimated from three passes
covering phase angles between ∼40 and 95 degrees. Results are presented in table 7.2.
When compared to images G.3, the extracted roughness α ≈ 0.12 matches the descrip-
tion of a polished sphere. That being said, the fit was found to be susceptible to small
changes in the dataset, so that the microfacet representation may not be fully reliable.
Figure J.2 of appendix J illustrates the accuracy of the estimate for a single pass. The
relatively large fluctuations of measured data were also observed by Hall et al. [51] and
have been attributed to surface irregularities causing slight alterations in the directional
scattering pattern of the aluminium sphere. In contrast to the CalSphere 4A pass, the
temporal variation of channel ratios is smaller as the relative change in distance is lower.
The quality of predictions affirms the calibration process as the fit was performed over
passes recorded on multiple nights of observation.

Spectral upsampling using equation 7.3 produces the distribution in figure 7.2. The
spectrum reveals an incline in reflectance towards higher wavelengths interrupted by a
slight dip which is characteristic for aluminium, see table H.1. Contrary to typical alu-
minium spectra though, the dip is shifted to 900 instead of 800 nm which may be a
consequence of the limited coverage around 800 nm shown in section 4.4.5.

Figure 7.2: Spectral reflectance fit to observations of LCS 1 based on optimal band albe-
dos derived from simulations using a sphere with a Beckmann BRDF.

Table 7.2: Parameter fit to observations of calibration spheres (rounded).

Satellite Model Roughness Band Albedo
α R G B ID400 Excelitas Hamamatsu

CalSphere 4A Diffuse - 0.75 0.73 0.70 - 0.76 0.86
LCS 1 Beckmann 0.12 0.67 0.73 0.66 0.72 0.73 0.63
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7.2 Spectral Simulation

To test the simulation environment, several satellite models were created using the mea-
sured material spectra combined with Beckmann microfacet distributions, see image G.1
of appendix G. Additionally, a diffuse BRDF with a uniform spectral reflectance was
added to represent white paint. Simulated passes can be illustrated in a time-wavelength
diagram shown in figure 7.3. Given sufficient temporal resolution, the resulting surface
plot can be expected to be somewhat smooth, as even specular materials tend to have
a finite gradient surrounding specular peaks. However, this is technically hard to at-
tain using a spectrometer. A more realistic approach for time resolved observations uses
multiple sensor bands. Due to the limited spectral range of reflectance spectra obtained
from satellite materials, the sensors used for observations could not be applied to these
simulations. Instead, simulated passes were studied using the evenly spaced Gaussian
bands given in figure G.5.

Figure 7.3: Passive light curve of the box-wing satellite for the pass in figure J.3.

Figure J.3 shows passive and active observation scenarios for the box-wing satellite model
based on a rotation around the model’s polar axis with a period of 20 s. Active illumina-
tion was simulated using a multi-laser configuration seen in figure G.6 to make use of all
sensor bands. Due to the superposition principle of geometric optics, the active scenario
is effectively the sum of light curves obtained for separate solar and laser illumination.
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7.3 Light Curve Visualisation

Analysing light curve data based on known target parameters can help interpret observed
signals. For instance, if the rotation period of a target is known, measurements can be
folded to study the effect of changes in the observational geometry over a pass. Figure
7.5a shows this for the combined SPAD recordings of an observation of the Ajisai satel-
lite, where the rotation period of ∼2.475 s was extracted based on section 8.1.3. The
distribution reveals three specular reflections per rotation, stemming from the arrange-
ment of mirrors on the satellite’s surface. Each time the phase of the peaks changes a
different ring of mirrors is observed.
Another data visualisation that contains information for estimating an object’s orienta-
tion and shape was initially suggested by Kucharski et al. in [71] and [73]. The method
maps observations to the body frame of an object using its orbital attitude. Each mea-
surement point is assigned a latitude and longitude position on the object’s surface based
on the orientation of the phase vector in the body frame. Figure 7.4 provides an illustra-
tion of the mapping procedure. For active observations the method produces an accurate
reflection map of the target as the phase angle is zero.

Figure 7.4: Projection of reflections to the satellite body frame based on the phase vector
of measurements. For active observations (γ ≈ 0) each point in the body map
corresponds to a unique observation geometry.

In general, targets can not be treated as diffuse and isotropic reflectors, meaning that
the phase angle and rotation around the phase vector influence reflections under solar
illumination. Even so, the observed pass of the TOPEX/Poseidon satellite in figure 7.5b
shows that the method still produces a smooth reflection distribution if the mapping is
performed using correct rotation estimates. This is in part an effect of the restricted
observation geometry during a single pass. A brute force algorithm is therefore able to
extract these parameters from observations by optimising the body map of a target. An
example for this is demonstrated by Kucharski et al. in a recent paper [72], in which the
rotation state of TOPEX/Poseidon is recovered by correlating its geometric model with
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specular directions in a measured reflection distribution.

(a) Observation of the Ajisai
satellite on 2020/11/14 folded
by the rotation period shows
the arrangement of mirrors.

(b) The estimated rotation for
TOPEX suggest that a specular
ring around the radar altimeter
contributed predominantly to
observations on 2020/11/05.

Figure 7.5: Passive light curve observations at UFO using the single photon detectors.

Figure 7.6 shows simulated backscattering maps under solar illumination for the box-
wing and hexagon satellite models. The images indicate the direction of surface normals
on the satellite model. Further, the width of each peak is a product of the material
reflectivity and the area of the reflecting surface. Most prominent are the solar panel
reflections on either model.

(a) Box-wing satellite (b) Hexagon satellite

Figure 7.6: Reflection maps under solar illumination, generated from simulations in the
G-1069/26 band (log-scale).

Given geometric parameters for a satellite pass, a reflection map can be interpolated
and subsequently weighted by the atmospheric attenuation to produce an expected light
curve. Graphic 7.7 showcases this for the pass in figure J.3. When comparing the inter-
polated signal with the correct passive light curve it becomes clear, that solely the phase
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vector is insufficient to parametrise the full problem without introducing sizeable error.
Consequently, it may not be possible to create a smooth reflection map from passive
observations taken at separate passes due to differences in the observation geometry.

Figure 7.7: Interpolation of box-wing satellite reflection map 7.6a based on pass J.3. The
white line shows the trajectory.

For laser ranging on the other hand, the geometry is restricted, so that observations can
be stitched together to form a reflection map. Moreover, ranging measurements can be
transformed equivalently to form a range map. The average range count at each orienta-
tion of the box-wing satellite is depicted in figure 7.8. In this case the range is determined
by the true distance to the objects surface area and its reflective properties in the laser
band.

(a) True distance (b) G-1069/26 band ranging

Figure 7.8: Simulated average range maps for multi-laser ranging to the box-wing satel-
lite.

DLR
Simulation and Measurement of Multispectral Light Curves from Space Debris



8 Light Curve Inversion

As the previous chapters have highlighted, reflections from RSOs contain an abundance
of information concerning the objects’ surface properties and motion. The following
sections will therefore examine multiple methods to extract these details from spectral
light curves.

8.1 Frequency Analysis

The intensity of light reflections measured at a fixed observation site is closely linked to
a target’s spin rate. In particular, space debris reflections are often periodic as targets
are not actively attitude-controlled and any momentum transfer through solar radiation
or atmospheric drag is generally slow acting. Thus, debris tends to rotate at practically
constant angular velocities over the time span of an observation, so that by analysing the
frequency of a light curve, an object’s rotation period can be extracted. In the following
sections three common methods used to estimate frequencies of temporal signals are
discussed and applied to multispectral light curve data.
Before initiating the procedures, atmospheric and band size related attenuation effects
were removed from the sensor counts by dividing them through the combined photon
sensitivity of instrument and atmosphere

∫
P (λ)Ta(λ)ζdλ. For laser ranging, ζ is 2 to

account for the attenuation of the laser uplink, while for solar illumination ζ is 1.

8.1.1 Discrete Fourier Transform

The Fourier transform decomposes any continuous signal into an infinite integral over
its sinusoidal frequency components. Light curve data is typically sampled at constant
rates over a restricted time interval, so that the frequency domain of the Fourier trans-
form can be reduced to a discrete set of basis functions known as the Discrete Fourier
Transform (DFT). For further details on the mathematical principles of DFT the reader
is referred to appendix A.3.
To extract the frequency spectrum of light curves the Fast Fourier Transformation (FFT)
algorithm was applied. Figure 8.1 shows the resulting distribution for the simulated pass
in figure J.3b. By subtracting the signal mean beforehand, a static offset captured by
the zero frequency component was removed. For most spectral channels the largest peak
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emerges at the true frequency of 0.05 Hz. However, the channel responses show that
through multispectral observations false predictions can be avoided, such as by the G-
531/26 channel with a main estimate around 0.15 Hz. These higher harmonics of the
true frequency occur for signals that vary from the simplistic sinusoidal function and can
be filtered out through a suited low pass filter.

Figure 8.1: Fourier spectrum of the pass in figure J.3b.

Fourier methods require a continuous input signal to accurately determine a frequency
spectrum. Therefore DFT is often not well suited to ground-based satellite observations
which are frequently affected by signal interruptions caused by changing visibility condi-
tions. To a certain extent missing samples can be interpolated, although this generally
has a negative effect on predicted frequency components [95].

8.1.2 Least Square Spectral Analysis

A more robust solution can be achieved through a least squares fit of measurements
to sinusoidal functions. Using this method the sample spacing is arbitrary as the ap-
proximation can be performed on an irregular sample grid. An example for this is the
Lomb-Scragle Periodogram, which can be used to determine the frequency spectrum of a
signal. Appendix A.4 introduces the mathematical concept for this in further detail.
The normalised Lomb-Scragle Periodogram of the pass in figure J.3b is given in graphic
8.2. In this case half of the channels have their largest representation at higher har-
monics of 0.05 Hz. This appears to mainly affect channels centred at lower wavelengths,
which may be an effect of the grater fluctuation in atmospheric attenuation within these
channels.
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Figure 8.2: Normalised Lomb-Scargle periodogram of the pass in figure J.3b.

8.1.3 Phase Dispersion Minimization

A lot of the time, data from astronomical observations does not follow classical sinusoidal
functions and is subject to irregular gaps. Moreover, the amplitude and period of light
curves can vary with changes in the observational geometry over the duration of mea-
surements.
Phase Dispersion Minimization (PDM) counteracts these problems by folding the mea-
surement data based on an estimate of the signal period [109]. The folded data is subdi-
vided into M bins with variance s2

j in each bin, calculated according to equation A.16.
Subsequently the overall variance of the phase folded data can be expressed as

s2 =

∑
j(mj − 1)s2

j∑
jmj −M

, (8.1)

where mj is the amount of samples of the j-th bin [109]. Relating the folded signal
variance to the variance of the full dataset provides an assessment for the period estimate

Θ =
s2

σ2
. (8.2)

If selected and true signal periods coincide, Θ will approach zero. An unsuited period is
indicated by a large value of Θ with a maximum around 1. Thus, the PDM algorithm
minimizes Θ by carrying out a sweep search over a range of trial periods to extract the
period of a data set [109].

Applying this to the examined light curve yield the distribution in figure 8.3. Although
the secondary peaks are prominent, the algorithm manages to correctly extract the pe-
riod of 20 s for all channels. Again, the estimate is slightly less conclusive for channels
at lower wavelengths.
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(a) Period estimate

(b) Folded light curve based on a period of 20 s

Figure 8.3: Phase Dispersion Minimization product of the pass in figure J.3b

8.2 Spectral Unmixing

Light reflections from spacecraft constitute the product of the light source emission and
the objects’ surface scattering properties. To isolate the material contribution, observed
signals must be divided by the spectral energy distribution of incident light within the
observation bands. The reflection factor Γ is therefore introduced to describe the portion
of measured light from an object to incident light on the object. In terms of sensor
counts, the reflection factor can be expressed as

Γ =
νo
νi
, (8.3)

where νo and νi respectively are observed and incident count rates within a sensor band.

Spectral unmixing strategies can be applied to equation 8.3, to retrieve material char-
acteristics from Non-Resolved Observation (NRO)s. It is known from section 3.4 that a
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linear mixing model presents a valid approach for spacecraft observations due to the dis-
crete separation of surface materials. In other words, the reflection factor can be treated
as a superposition of a target’s material signatures. Accordingly, extracted surface com-
positions vary based on the illuminated facets of the target and viewing direction of the
observer. Keeping in mind that not all materials are equally reflective, the representa-
tion of a signature in an observed signal should not be confused with the true abundance
of its corresponding material on the target’s surface. Reflections from specular materi-
als are highly dependant on the observation geometry. For instance, solar panels often
dominate reflections when captured in their specular reflex, but are almost completely
invisible from other directions. Thus the term abundance will hereinafter be used in
context of a material’s signal contribution rather than its surface area.

The linear umxing problem is formulated as

x = Sa+ w, (8.4)

where x is a measured spectrum comprised of n samples and S is the source matrix with
dimension (n × p) containing p signatures, each of which corresponds to an abundance
value in a [67]. Deviations from the model are accounted for by the noise term w, so that
x, a and w are column vectors with shape (n×1). Matrix S may also be expressed in terms
of the individual source signatures or endmembers s1, s2, . . . , sp, as S = [s1 s2 · · · sp].
To illustrate the dimensionality of the full mixture model for a dataset X = [x1x2 · · ·xm]
of m spectral measurements, equation 8.4 can be reformulated as

X = SA+W. (8.5)

Here X is of shape (n×m), abundance matrix A has dimensions (p×m) and the noise
W is accounted for by an (n×m) matrix. In this formulation, spectra x1, x2, . . . , xm can
be understood as points in a spectral light curve or pixel vectors of a hyperspectral image.

The unmixing problem in equation 8.4 can be applied to spectral data directly [64, 11] or
to multispectral measurements [26]. Naturally though, reducing the number of sample
points in signatures increases the risk of the system being under-constrained. Research by
Chaudhary et al. shows that adding further colour channels can help reduce the standard
deviation of estimates [26]. Consequently, the amount of observation channels necessary
for reliable predictions will depend on the number of independent endmembers in a signal.

The following sections will showcase methods to unmix light curves based on known
endmembers, as well as a procedure for the extraction of endmembers without prior
information.

DLR
Simulation and Measurement of Multispectral Light Curves from Space Debris



8.2 Spectral Unmixing 85

8.2.1 Abundance Estimation

Unmixing attempts for artificial satellites largely rely on reflection spectra measured at
a single observational geometry to construct the source matrix S [64, 26, 11]. A common
approach to estimate the abundance vector in equation 8.4, is to minimize the noise
component w by re-framing the problem as a least squares optimisation

â = arg min
a
||x− Sa||2. (8.6)

Many unmixing strategies introduce additional bounds on the solution to rule out invalid
abundance values. These generally include non-negativity constraints given in relation
8.7 and a summation to unity condition provided in formula 8.8.

ai ≥ 0 (8.7)
p∑
i=1

ai = 1 (8.8)

Some studies place additional restrictions on system to enforce a smooth time derivative
on the material abundances such as demonstrated in [64]. This notion may seem intuitive
for diffuse objects, but is likely to cause errors when analysing light curves with signifi-
cant specular glints as were observed for many space debris objects during this thesis.

It was found that, for unmixing simulated spacecraft reflections a simple Non-Negative
Least Squares (NNNLS) algorithm without additional constraints provided the best re-
sults. To satisfy condition 8.8, estimated material compositions were divided by the sum
of abundances subsequently to the optimisation. Figure 8.4 shows confusion matrices
attained from simulations of a rotating cube with four separate materials. In this case,
only diffuse BRDFs were used to simplify the calculation of ground truth mixtures. The
accuracy of estimates from full spectral data and 6 sensor channels was above 94 per-
cent, respectively. However, it was found that for more complex scenes the number of
channels was decisive in ensuring accurate abundances. Adding further materials to ren-
dered models had no noticeable effect on the full spectral unmixing. For channel-based
unmixing though, additional materials introduced errors that could only be eliminated
by increasing the number of channels.
Material abundance maps of targets can be established by applying the NNNLS algo-
rithm to measurements mapped to the body frame equivalent to graphic 7.4. Figures
K.1 and K.2 of appendix K show the estimated abundance distribution for the box-wing
and hexagon satellites. The noticeable differences between the distributions for both
satellites make this a potentially useful tool for the characterization of space debris.

It was indicated in chapter 6 that the spectral energy distributions of reflections can
vary based on the observational direction and surface roughness of materials. Unmixing
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(a) Full spectral unmixing (b) Unmixing of all 6 Gaussian channels

Figure 8.4: Confusion matrix for Non-Negative Least Squares unmixing of a diffuse cube
with surfaces corresponding to spectra presented in section 6.2 and a uniform
reflectance.

strategies based on generated BRDF distributions would exceed the scope of this thesis,
but have been successfully demonstrated in [47] and [49]. The research presents two meth-
ods to determine the material composition of objects given a priori attitude and shape
information. The first algorithm employs BRDF measurements taken from the TASAT
software package to extract the abundance of known materials on the satellite body. In
contrast, the second method uses a simplified low-parameter BRDF representation to
determine an optimal surface reflection of the satellite model based on a set of observa-
tional bands. Although this method does not separate individual material signatures, it
does demonstrate potential for RSO characterization without prior information.

8.2.2 Automatic Target Generation Process

For one dimensional signatures, endmember estimation procedures that do not require
previous knowledge of the source signature are more straightforward. One such method
is the Automatic Target Generation Process (ATGP) algorithm, which was developed for
the purpose of separating spectral signatures in hyperspectral images [98]. The method
is essentially an extension of the Orthogonal Subspace Projection (OSP).
OSP is another widely used technique for the classification of hyperspectral data [54].
The method estimates the abundance ap of a spectral signature sp by separating the
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signature from the source matrix S of the linear mixture relation in equation 8.4.

x = spap + Uγ + w (8.9)

Here U corresponds to a matrix of the unwanted spectral signatures U = [s1 s2 · · · sp−1]
with abundances γ = (a1 a2 · · · ap−1). To remove the unwanted signatures an orthogonal
projector P⊥U is applied in the form of

P⊥U = I − UU#, (8.10)

with pseudo-inverse of U# = (UTU)−1UT of U [98]. So that equation 8.9 is projected
into an orthogonal subspace to 〈U〉

P⊥U x = P⊥U spap + P⊥U w, (8.11)

for which the noise w is also reduced to its orthogonal portion to 〈U〉. Thus, from re-
lation 8.11 the abundance of each individual component in the data x can be estimated
separately. A general approach is to determine the optimal abundance by maximizing
the SNR [98].

Given an initial spectral signature s1, ATGP uses the projector 8.10 to determine an
orthogonal subspace of U1 = [s1]. The next signature is selected as the resulting maxi-
mal orthogonal projection

s2 = arg max
x
{(P⊥U1

x)TP⊥U1
x}. (8.12)

The procedure is repeated with U2 = [s1 s2] to determine s3 and is continued by

si = arg max {(P⊥Ui−1
x)TP⊥Ui−1

x}, (8.13)

with Ui−1 = [s1 s2 · · · si−1].
The algorithm’s convergence to a complete solution of source signatures is evaluated
based on the orthogonal projection correlation index [98], which is defined as

ηi = sT1 P
⊥
[s2 s3···si−1]s1. (8.14)

As [s2 s3 · · · si−1] ⊂ [s2 s3 · · · si], ηi decreases with each iteration i, so that ηi−1 ≥ ηi. The
algorithm is interrupted when either a maximum number of source components has been
extracted or the similarity between the components reaches a set tolerance ηi ≤ ε.
If available, an initial signature s1 can be specified beforehand to improve the esti-
mate. Otherwise the largest signature in the data set X is used as initial guess s1 =
arg maxx {xTx} [98]. In this case s1 may not be a true source signature, but instead
could be a mixture of source signatures and include the background signal.
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The resulting abundance of extracted signatures can then be determined using the OSP
model 8.11 or the NNNLS classifier described above. This step is known as Target Clas-
sification Process (TCP) [98].

A comparison between extracted and true endmembers from simulation data is given
in figure K.3 of appendix K. It will be noted that for complex geometries using Beck-
mann rather than diffuse material BRDFs the relative size of estimated endmembers
varies based on their overall attenuation in the dataset. Nevertheless, predicted spectral
distributions were found to match the true material reflectance spectra. The minor vari-
ations between figures K.3a and K.3b are caused by the binning of synthetic data and
Monte Carlo noise of the simulation. The channel responses do not have this issue as
they are integrated over a larger spectral range.

8.3 Attitude Estimation

Interpolating reflection maps, raises the question if light curve signals for separate tra-
jectories are unique. In theory, this would allow for light curves to be paired with a
sequence of attitude matrices using a reflection map. Body maps generated from mul-
tispectral observations, as well as from ranging measurements and material abundances
estimates could thereby be combined to improve the conditioning of estimates. Figure
K.4 conveys this notion for a grid search on the initial attitude of the box-wing satellite.
Count rate and ranging maps were separately normalised, so that the influence of each
property on the error estimate is nearly equal. To reduce the number of variables, it was
assumed that the rotation axis in the body frame is known from the satellite’s inertia
tensor and its rotation period can be extracted according to section 8.1. Further, the
initial orientation of the satellite at the start of the pass was reduced to 2 Degrees of
Freedom (DOF) specifying the right ascension (RA) and declination (Dec) of the rotation
axis in GCRS coordinates.
Both examples reveal a global minimum around the true orientation of the rotation axis.
That being said, the error surface is not smooth and has many local minima. Attempts
at minimising the error using a basic least squares approach were therefore only able to
converge to the correct solution if the initial guess was in close proximity. Especially
for figure K.4a the difference between local and global minima is small compared to the
overall variance. As the satellite model is almost symmetric with respect to its equatorial
plane, a slightly larger secondary minimum can be observed at the inverted rotation axis.
The cross-shaped features at the main minima are the result of the interpolation between
grid points. Large errors occur for configurations that pass through the specular reflex
of the solar panels, since these are not encountered by the true trajectories.
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9 Summary

This thesis has covered the revision of the Raxus Prime software package to allow for
spectral light curve simulations. The process involved transferring the render procedure
to the Mitsuba2 render engine and adjusting the simulation pipeline to accommodate for
spectral data products. Implementations were realised with a focus on future-use of the
software for parameter estimation from space debris light curves and laser ranging data.
The program was extended to include instrument presets, making it possible to reproduce
multispectral measurements. An atmospheric model was incorporated via the libRadtran
library to determine wavelength dependant signal attenuations of ground-based obser-
vations. Further, the update was designed to accommodate both passive and active
illumination scenarios and evaluate range distributions for laser ranging applications. A
variety of visualisation options was implemented for the analysis of generated data.
To pave the way for realistic spacecraft representations, the system was assembled to sup-
port laboratory characterizations of material BRDFs. With the aim of harnessing the
full capability of the simulation environment, a procedure to acquire common spacecraft
BRDFs was tested. For an initial assessment, measurements were restricted to the sur-
face normal plane. However, a more extensive characterisation is planned for future work.

The theory of spectral light curve observations was presented on the basis of record-
ings taken at the UFO. A thorough calibration was performed on the collected data to
provide ground truth measurements for the simulation. Using these reference measure-
ments, the software was validated through a quantitative comparison to observations of
radar calibration targets. Although precise material specifications for the studied targets
were unknown, their reflective properties were estimated by fitting simulation parameters
to measured data. This resulted in an accurate prediction of absolute sensor responses
and their temporal changes during passes. Moreover, it was found that the extracted
parameters provided a reasonable match to the material descriptions of the targets gath-
ered from other literature.

Finally, the benefits of multispectral observations were showcased based on multiple
parameter estimation methods using synthetic light curves generated by Raxus Prime.
Obtained results indicate that data from multiple instrument channels can be exploited
to estimate the surface materials of spacecraft and help differentiate between observed
targets.
Together with reflective measurements, the additional information contributed by ma-
terial estimates and laser ranging data is expected to improve the conditioning of the
general parameter estimation problem and will provide the basis for further research.
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10 Future Work

The presented simulations prove that spacecraft reflections are highly dependent on the
scattering properties of their surface materials. It will therefore be necessary to char-
acterise a broad range of materials to provide a basis for light curve inversion methods.
Although an initial step in this direction has been taken by implementing the BRDF
acquisition procedure in appendix I, the set-up will need to be extended to classify the
full directional domain before measurements can be applied spectral simulations. In this
context, a detailed examination of reflectance properties of spacecraft materials will be
helpful to find a suited categorisation of material types for unmixing applications.
As the current ranging predictions only consider single scattering events on the target
geometry to determine the path depth per ray, a more sophisticated Monte Carlo inte-
gration of photon paths will be implemented in further work.
Section 7.3 shows that mapping measurements to a target’s body frame can contribute
to the understanding of its surface arrangement. Ergo, it would be worthwhile to de-
velop algorithms which reliably determine objects’ rotation parameters by optimising
reflection maps from observation data. The preliminary attempt of deriving a target’s
attitude state by correlating body maps to light curve data in section 8.3 indicates, that
with an improved optimisation and sufficient computation power it may be possible to
match light curves to a sequence of target orientations. More research will be required
though to test the feasibility of this approach and asses potential limitations arising from
ambiguities within the fit. Raxus Prime will be an important tool to generate adequate
data for these types of studies. Access to computational clusters or graphic cards with
larger memory capacity will thereby be essential to accelerate computations.
Two additional areas of research are presented by Mitsuba2. The render engine can be
used to model polarised light, which has been shown to aid parameter extraction from
artificial RSOs [32]. Secondly, through differentiable rendering it is possible to simulate
differentiable light curves with respect to the input parameters. This could considerably
increase the efficiency of optimisations.
Finally, the current version of Raxus Prime only considers NROs. However, the new
MS-LART telescope at the DLR in Stuttgart [87] will increase the capability of optical
measurements. Raxus Prime may then be extended to study images at sensor resolu-
tion using point spread and atmospheric aberration models. Higher sensitivity will also
allow for fainter objects to be detected, facilitating observations of university satellites
that have been difficult to measure in the past. For these targets, structure and mate-
rial information is often more readily available so that a precise validation of synthetic
light curves could be performed using BRDF measurements. By recording passes during
controlled manoeuvres the parameter space of simulations could be fully constrained.
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A Mathematical Derivations

A.1 Laser Ranging Radiation Estimate

Based to the findings in [57], a diffuse reflection model of Earth is sufficient for a rough
approximation of earthshine. Formula 3.2 is only valid for geometries in which the ra-
dius R of a sphere is small compared to the observation distance r (R << r), which
is generally not the case for earthshine in spacecraft orbits. Simulations were therefore
conducted using a pinhole sensor to account for the perspective of reflections. Earth’s
geometric albedo was set to 0.43, in compliance with Johnson-Cousins I-band observa-
tions by Mallama et al. [77]. To determine the maximal irradiance on a target, it was
assumed that terrestrial reflections occur at phase angle γ = 0. In reality though, this
would mean that the target is located directly between Sun and Earth making it an
unsuited observation scenario.

The spot radius of a laser with initial radius R0 and full width beam divergence β
at distance r is

Rspot = r tan
β

2
+R0. (A.1)

Given the energy W and duration ∆t of each laser pulse and the bandwidth of the laser
∆λ, the emitted spectral flux is

Φ =
W

∆t∆λ
. (A.2)

The spectral flux density at an altitude r is then determined by substituting equations A.1
and A.2 into 2.3 and multiplying by the atmospheric extinction Ta(λ) at the wavelength
of the laser, so that

E(λ, r) =
WTa(λ)

∆λ∆tπ(r tan β
2 +R0)2

. (A.3)

For calculations, Ta(1064 nm) ≈ 0.97 at 45 degrees zenith angle and E�(1064 nm) ≈
0.66W ·m−2 · nm−1 were used. Values for the atmospheric transmission and extrater-
restrial solar irradiance were obtained from libRatran. Specifications of the space debris
laser used at Graz laser ranging station were taken from the site log on the ILRS website
[60]. The laser is classified by the parameters in table A.1.
The resulting irradiance ratios of "passive" to "active" radiation is depicted in figure
3.5.
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92 A Mathematical Derivations

Table A.1: Space debris laser parameters taken the Graz laser ranging station [60].

Laser parameters

β 5′′

R0 0.06 m

W 140 mJ

∆t 7 ns

λ 1064 nm

∆λ 1 nm

A.2 Monte Carlo Estimate

Let x be any value X from a random distribution, then the Cumulative Distribution
Function (CDF) P (x) of that distribution is defined as

P (x) = Pr{X ≤ x}. (A.4)

The PDF p(x) of that random distribution is given by the derivative of the CDF [91]

p(x) =
dP (x)

dx
. (A.5)

Vice versa, the integration of the PDF corresponds to the cumulative probability of a
random value within the integration bounds

P (x) =

∫ xu

xl

p(x)dx. (A.6)

Per definition P (x) is monotonous increasing, hence the PDF is non-negative, p(x) ≥ 0.
It is further implied that the PDF must integrate to unity over the full range of the
random variable as limX→∞ P (X) = 1.∫ ∞

−∞
p(x)dx = 1 (A.7)

For a uniform random distribution with bounds [a, b], the PDF is expressed by

p(x) =

{
1
b−a , if x ∈ [a, b),

0, else.
(A.8)

In probability theory, the expected value of a function f(x) with PDF p(x) is defined as
[91]

Ep[f(x)] =

∫ ∞
−∞

f(x)p(x)dx. (A.9)
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A.3 Discrete Fourier Transform 93

The Monte Carlo estimator function FN approximates the expected value of f(Xi) for a
random variable Xi, with [91]

FN =
1

N

N∑
i=1

f(Xi)

p(Xi)
. (A.10)

Given a sufficient number of samples N and under the condition that p(x) 6= 0 where
f(x) 6= 0, FN will converge to the integral of f(Xi). This is easily verified by substituting
equation A.10 into A.9.

Ep[FN ] =

∫ ∞
−∞

1

N

N∑
i=1

f(x)

p(x)
p(x)dx

=
1

N

N∑
i=1

∫ ∞
−∞

f(x)dx

=

∫ ∞
−∞

f(x)dx

(A.11)

Hereby X may be comprised of multiple dimensions X = (X1, . . . , XM ) turning the PDF
into a product of density functions p(X) =

∏M
i=1 p(Xi) [91].

A.3 Discrete Fourier Transform

The DFT is defined as

Xk =
N−1∑
n=0

xne
−2πi k

N
n. (A.12)

where x0, x1, ..., xN are the signal samples which are converted to N Fourier frequencies
[95]. Index n describes the temporal state within the sample interval, while the factor
k
N represents the frequency of the basis function. The transform thus has a frequency
resolution of ∆ν = 1/(N∆t) and each bin in the Fourier spectrum corresponds to a
frequency of νk = k/(N∆t).
Subsequently, the smallest frequency that can be detected is equal to the frequency
resolution ∆ν. Further, frequencies can only be extracted as long as they do not exceed
the Nyquist frequency, which is equivalent to half of the sampling rate νs [95]

νmax =
νs
2

=
1

2∆t
. (A.13)

Any frequencies above this limit are absorbed by the lower frequency components in the
Fourier spectrum, which is known as aliasing [95].
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94 A Mathematical Derivations

Phase φk and amplitude Ak of each basis function are recovered from their representation
in the complex plane Xk = Ake

iφk . Equation A.12 reveals that the Fourier spectrum is
periodic with a full period in the interval

[
−N

2 ,
N
2

]
, corresponding to frequencies −νmax

to νmax. In the case of real input signals the spectrum is symmetric with respect to the
(constant) zero frequency component X0, so that components are complex conjugated
X−k = X̄k [95]. This means that for light curve observations the DFT converts a time
series of N regular samples to a superposition of N/2 + 1 sinusoidal functions with
ν ≤ νs

2 .

A.4 Lomb-Scargle Periodogram

The signal model for the least squares frequency approximation is formulated as

x(t) = A sin (ωt) +B cos (ωt), (A.14)

where A and B are estimated by fitting x to a set of discrete measurements over all
frequencies ν with ω = 2πν.

Lomb-Scargle’s method relies on the model in equation A.14 to formulate a normal-
ized estimate of the frequency spectrum using the mean x̄ and variance σ2 of the data set.

x̄ =

∑N−1
n=0 xn
N

(A.15) σ2 =

∑N−1
n=0 (xn − x̄)2

N − 1
(A.16)

The normalized Lomb-Scargle periodogram is defined as [95]

PN (ω) =
1

2σ2

[
(
∑

n(xn − x̄) cosω(tn − τ))∑
n cos2 ω(tn − τ)

+
(
∑

n(xn − x̄) sinω(tn − τ))∑
n sin2 ω(tn − τ)

]
. (A.17)

with an offset τ derived from

tan 2ωt =

∑
n sin 2ωxn∑
n cos 2ωxn

. (A.18)
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B Observation Set-up

(a) Corrected Dall-Kirkham tele-
scope �43 cm

(b) Single photon detector array

Figure B.1: Optical system at Uhlandshöhe Forschungsobservatorium in Stuttgart.
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96 B Observation Set-up

Table B.1: RGB tacking camera specifications [24].

Atik 414ex

Resolution 1391× 1039
Spectral Response Range B: ∼350 - 660 nm, G: <400 - 650 nm, R: <400 - 700 nm

Peak Efficiency B: ∼50% @ 450 nm, G: ∼56% @ 520 nm, R: ∼56% @ 600 nm

Dark Counts ∼0.001 e−/s @ −10 ◦C

Read Noise 4 e−

Well Depth ∼18 ke−

Optical Aperture Size 60.126 mm2

Minimum Exposure 0.001 s

Table B.2: Single photon detector specifications [59, 41, 52].

IDQ ID400 Excelitas SPCM-AQRH-10 Hamamatsu C11208-03

Spectral Range ∼880 - 1240 nm ∼350 - 1100 nm 320 - 900 nm∗

Peak Efficiency ∼35% @ 950 nm ∼70% @ 650 nm ∼50% @ 420 nm∗

Dark Counts 756 Hz @ −40 ◦C ∗ 825 Hz @ 10 ◦C∗ 24 737 Hz @ −10 ◦C∗

Saturation &400 kHz &37 000 kHz &10 000 kHz

Aperture Size ∼0.005 mm2 ∼0.102 mm2 1 mm2

∗Measured values
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(a) OOOS observation planning and operation software. Top left: map of targets in the local
celestial hemisphere, top right: cropped tracking image, bottom right: control panels for
camera & tracking configurations.

(b) LCM light curve extraction tool. Left: automatic target detection with outer noise annulus
rings (stretching the brightness bounds can help determine the target’s corona), top right:
visualisation of the extracted light curve, bottom right: parameter settings for the target
extraction.

Figure B.2: Graphical User Interfaces of Light Curve Acquisition Software.
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C Calibration Results

Table C.1: Alignment fit of single photon detectors with respect to the camera image
centre, given in pixels.

ID400 Excelitas Hamamatsu

X Pixel Offset -1.664 -1.633 -3.079
Y Pixel Offset 7.998 7.933 9.929
X Standard Deviation 17.035 14.505 18.213
Y Standard Deviation 21.733 16.824 23.411

Table C.2: Calibration coefficients for the single photon detectors on all nights of obser-
vation (rounded).

Observation Date ID400 Excelitas Hamamatsu

2020/11/09 940.05 31.91 12.23
2020/11/14 574.83 23.36 7.55
2020/11/18 533.22 36.59 9.80
2020/11/21 487.61 26.46 8.04
2020/11/25 351.00 28.12 10.20
2020/11/27 392.34 31.41 9.96
Average 546.51 29.64 9.63
Coefficient of variation [%] 35.14 14.35 15.89

Table C.3: Calibration coefficients for the RGB camera on all nights of observation.

Observation Date R-channel G-channel B-channel

2020/11/09 0.43 0.44 0.49
2020/11/14 0.38 0.42 0.54
2020/11/18 0.40 0.44 0.47
2020/11/21 0.39 0.43 0.51
2020/11/25 0.42 0.48 0.54
2020/11/27 0.41 0.50 0.52
Average 0.41 0.45 0.51
Coefficient of variation [%] 4.39 6.00 5.19
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(a) 2020/11/25

(b) 2020/11/27

Figure C.1: Comparison of measured to theoretical sensor count rates attained from star
measurements. Vertical lines correspond to the standard deviation of mea-
sured count rates. The calibration factor is derived from a RANSAC fit
where outliers (light blue) are discarded.
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100 C Calibration Results

(a) 2020/11/25

(b) 2020/11/27

Figure C.2: Comparison of measured to theoretical channel ratios attained from star mea-
surements. Vertical lines correspond to the standard deviation of measured
ratios. Ratios are not used for corrections but serve as indication on the
linearity of calibrations.
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(a) uncalibrated

(b) calibrated

(c) observation geometry

Figure C.3: Observation of the IRAS satellite on 2020/11/25.

DLR
Simulation and Measurement of Multispectral Light Curves from Space Debris



D Light Curve Simulation Comparison

Table D.1: Literature comparison of pre-existing light curve simulators.

TASAT DIRSIG CanCurve iOTA

Simulation Purpose
Passive and ac-
tive ground-
based observa-
tions in LEO

Synthetic image
generation for
remote sensing
→prototype for
simulating SSA
observations

Characterisation
of spacecraft re-
flections

Orbit propaga-
tion and mod-
elling of tum-
bling physics
→preliminary
light curve simu-
lation utility

Physical Model
Solar
Radiation 7 7 7 7

Moonshine 7 7

Earthshine 7

Orbital
Geometry 7 7 7

Atmosphere 7 7

Measured
BRDFs

7 7 7

Resolved
Sensors

7 7

Additional Notes
Maxwell-Beard
BRDF model
[61] has lim-
ited accuracy
for specular ma-
terials

Ward BRDF
model [120] en-
tails notable in-
accuracies for
measured space-
craft materials

Large extrapo-
lation regions of
BRDF measure-
ments

Light simulations
are monochro-
matic and sea-
sonal variations
in solar radia-
tion are not ac-
counted for

References [100, 35] [104, 34, 18] [125, 124, 126] [66]
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E Spectral Render Engine Selection

Naturally, detailed attention must be paid to physical soundness of the underlying model,
when applying a software solutions to a scientific simulation. Research for this thesis
showed, that many popular render engines are developed for realistic representation as
perceived by the human eye. This means, that renders are typically restricted to visible
wavelengths and include image rectifications to match brightness and colour sensitivity
of our vision.
Our eyes are generally more susceptible to an equal change in absolute brightness if it
occurs at lower rather than higher brightness values [94]. Therefore image processing
steps, usually include gamma correction to account for both non-linearity of our bright-
ness perception and image reproduction on digital screens [94].
The sensitivity of human vision varies across the range of visible wavelengths. In essence,
the colours we perceive are a superposition of the spectral sensitivities of the three types
of cone cells in our retinas [94]. Figure E.1 depicts the tristimulus colour matching func-
tions established by the CIE to recreate our colour distinction. The individual functions
are only somewhat similar to our cone cell responses as the Y colour-matching func-
tion was primarily defined to approximate the combined brightness perception of human
cone cells [94]. It is clear though, that green wavelengths around 555 nm are dispropor-
tionately favoured by our perception. Which is why many render engines use the CIE
colour-matching functions to sample the spectral domain in a fashion that reduces the
noise in RGB images [96].

Figure E.1: CIE XYZ colour matching functions established in 1931. The dotted line
represents a spectral sampling distribution by Radziszewski [96] determined
from X, Y and Z.
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104 E Spectral Render Engine Selection

For the sake of rendering physically accurate light reflections that exceed the visible spec-
trum, it is essential that the software is not restricted by adaptations to human vision.
This condition considerably reduces the already limited selection of open-source spec-
tral render engines. In fact during the research for this thesis no software options were
found that directly meet this criteria. However, it was determined that Mitsuba2 [86]
and PBRT-v3 [91] render engines could be modified for this purpose by making minor
changes to the source code.

Both render engines were developed as open-source projects by researchers of the Realistic
Graphics Lab at École polytechnique fédérale de Lausanne (EPFL). The implementations
are written in C++ code, but Mitsuba2 comes with additional Python bindings [86] and
can therefore be directly integrated into the Raxus Prime source code.
A drawback of both renders is that they do not return spectral data. Instead, computed
values are converted from the wavelength domain to RGB values before being saved as
image files. This means that spectral values must be extracted at computation time,
which can be simplified using Mitsuba’s python bindings.
Although Mitsuba2 and PBRT-v3 have not been compared in literature, a compari-
son between Mitsuba2’s precursor and PBRT-v3 showed that the former outperformed
PBRT-v3 in both computation speed and noise reduction within rendered images [46].
It assumed that the efficiency of the previous Mitsuba version is conferred to Mitsuba2.
In terms of functionality Mitsuba2 also has an edge on PBRT-v3 as it supports com-
putation of light polarization and provides a framework for differentiable rendering [86].
Previous research has found that polarized light observations can contribute to the esti-
mation of spacecraft parameters [32]. Further, differentiable rendering of the reflection
process may provide more insight on the influence of model parameters. Therefore, these
additional features are anticipated to prove valuable to future research on the inversion
of space debris light curves.
In contrast to the more limited documentation of Mitsuba2, the PBRT-v3 software pack-
age is accompanied by a detailed book that describes the entire rendering theory based
on examples from the source code [91]. This makes it an excellent option for learning the
theory of ray tracing. As both software architectures are based on similar concepts, the
content of the Physically Based Rendering book can be transferred to either of render
engines.
Based on this analysis Mitsuba2 was selected as spectral render software.
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F Simulation Schematics

Calculate ray radiance
Lo

Ray originating from sensor
ray(p, ωo, λ), with τ, g = 1

Intersect ray with scene

Evaluate directly
visible emitters

Lo += Le · τ · g

Geometry
intersection

Stop

Maximum
path depth

Sample emitter di-
rection and radiance

ωi, Li/pe

Evaluate intersected BSDF
mise = p2

e/(p
2
e + p2

r)
Lo += fr · Li/pe · τ ·mise

Update ray direction from
intersected BSDF sample

ωo = ω∗o

Update throughput
misr = p2

r/(p
2
e + p2

r)
τ ·= fr/pr
g ·= misr

yes

no

yes
no

Figure F.1: Mitsuba2 path tracing routine. pe and pr are emitter and BSDF sampling
densities, respectively. For a collimated light source the multiple importance
sampling term mise is 1.
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106 F Simulation Schematics

Input lighting and satellite parameters:
Time interval; emission type (active/passive) & spectrum;

target ID, rotation & 3D model

Generate parameter file from
propagated relative positions

Atmospheric model
libRadtran

Select timestamp
and geometry

from parameters

Create render scene
SceneCreator

Render the scene
RayIntegrator

Spectral render engine
Mitsuba2

Compress rendered data
SpectralInterpolator

Append spec-
trum to light curve

Final
timestamp
reached

Process and save light curve
LCProcessor

Visualise data and
extract parameters

LCAnalysis

Stop

noyes

Figure F.2: Spectral light curve simulation procedure of Raxus Prime.
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G Simulation Reference Images

(a) Box-wing satellite (b) Hexagon satellite

Figure G.1: Model surface BRDFs. Beckmann: red → aluminium (α = 0.4), blue →
solar cell (α = 0.15), yellow → MLI (α = 0.3); Diffuse: green → uniform
reflectance (ρg = 1).

Figure G.2: Render products from the box-wing satellite. The top left image shows
surface materials positions, see figure G.1. The other images provide a depth
map and greyscale intensity images for separate spectral bands.

(a) α = 0.1 (b) α = 0.5 (c) α = 2

Figure G.3: Renders of a sphere with a Beckmann model at varying roughness α. The
blue outer circle indicates the bounds of the sphere.
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108 G Simulation Reference Images

Figure G.4: Reflection ratio for a sphere over the phase angle. Specular and diffuse
surfaces are compared to the Beckmann model at varying roughness α.

Figure G.5: Gaussian observation bands (naming: G-λcentre/σ).

Figure G.6: Spectral energy distribution of laser light at a target for multi-laser ranging.
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H Properties of Spacecraft Materials

Figure H.1: Characterised material samples: AzurSpace TJ 3G30C solar cell (left), Shel-
dahl 146631 MLI (top-right), polished 6061 aluminium (bottom-left).

Table H.1: Reflectivity of three common spacecraft surface materials.

Solar Panels MLI Aluminium
Surface
Abundance Vital for power sup-

plies →large portion of
surface area

Radiation insulation
material →large por-
tion of surface area

Light weight and
durable →used for
structure and radiation
protection

Scattering
Pattern Highly specular with

little to no diffuse or
off-specular scattering

Mainly specular, varies
with wrinkling of the
foil

Dependant on surface
roughness (ranging
from specular to dif-
fuse)

Spectrum Relatively constant up
to ∼800 nm, fluctua-
tions at higher wave-
lengths due to multi-
layer interference

Strong absorption be-
low 500 nm, slight dip
above 800 nm (alu-
minium feature), fring-
ing pattern due to mul-
tilayer interference

Near linear progressive
spectrum with an ab-
sorption feature around
800 nm

References [119, 124, 25, 20, 16,
58]

[101, 20, 16, 17] [15, 16]
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I Bidirectional Reflection Distribution
Function Measurements

In their 2015 experiment, Bédard et al. investigate influences of the illuminated surface
area on samples of a solar cell, aluminized mirror and MLI [16]. By adjusting the sample
positions over five measurements, they determine that for the solar cell and aluminized
mirror marginal reflectivity differences occur, but that the position of the main spectral
features remain constant. The MLI on the other hand reveals considerably larger varia-
tions in its reflectivity which are presumed to be the result of the foil’s uneven mounting.
Bédard et al. thus classify the solar cell and aluminized mirror as isotropic and point
out that while MLI may in principle be isotropic, this is most likely not the case for real
applications due to unavoidable deformations of the foil.
This assessment did not fully confer to the findings of this thesis. Figure I.1 shows laser
reflections at 632 nm from the Azur 3G30C solar cell and a polished and rough sample
of 6061 aluminium alloy. As expected, the polished aluminium creates a specular lobe
that appears to be roughly isotropic. Small deformations within symmetry are suspected
to result from slight surface irregularities. In contrast, rough aluminium is generally less
specular and its reflection pattern is elliptical. Hereby, the surface treatment dictates
the spread of scattered light.
The solar cell exhibits the largest degree of anisotropy. It reflects light in a vertical stripe
perpendicular to the metallic struts on its surface, see figure H.1. When viewed outside
of the vertical scattering direction, it appears to be isotropic, which may have lead to
Bédard’s conclusions. Due to the regularity of the pattern it is surmised that it originates
from diffraction within the solar cell structure. In this case, the pattern may only occur
for narrow band coherent light and not for the incoherent white light source used by
Bédard. Additionally, the size of the light spot on the sample may influence the pattern.
As the laser spot only covered approximately two struts of the cell, it will be necessary
to re-examine the reflection distribution under a broader illuminated area.

It was therefore concluded, that a more detailed reflection model, which considers inci-
dent and outgoing directions within the full hemisphere, would be beneficial. Classifying
anisotropic reflections requires a complex measurement set-up and many sample points,
which would exceed the scope of this work. However, in anticipation of further research
the BRDF tabulation model was chosen to accommodate isotropic as well as anisotropic
materials. Moreover, the BRDF format was selected to match the input options of the
Mitsuba2 render engine to facilitate simulations of space debris light curves using mea-
sured reflectance distributions.
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Figure I.1: Surface scattering patterns obtained at θi = 10◦ with a 632 nm laser. Scaling
between relative proportions of the reflections is not consistent.

Due to the time constraints of this thesis, the laboratory set-up could not be extended to
capture reflection measurements outside of the plane of incidence. Hence, the potential of
the full BRDF format was not applied to simulations yet. The presented material char-
acterizations should therefore be seen as a proof of concept rather than a final product
for simulations.

I.1 BRDF Model

Material measurements were obtained based on the method presented by Dupuy and
Jakob in their 2019 paper [37]. The BRDF acquisition is established through an adap-
tive sampling scheme which considerably reduces the data points required to accurately
capture a material’s reflectivity. For smooth surfaces the sampling is concentrated around
the specular lobe, while for diffuse scattering, materials sample points are allocated evenly
across the hemisphere. Thereby, limitations of preceding research, which suffered from
insufficient sample points [20, 15, 16] can be resolved.
Two separate evaluations of a specimen are necessary to estimate the roughness and
define the BRDF: First, a set of retro-reflective measurements is used to classify the
microfacet NDF and its derivatives, which in turn determine a suited distribution of
samples the BRDF. Next, the full spectral BRDF is obtained at the calculated sample
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positions. The method is shown to produce smooth reflectance representations for both
isotropic and anisotropic materials [37].
Using their BRDF format, Dupuy and Jakob have established the RGL database [33].
A Mitsuba2 plug-in allows for the characterizations to be loaded directly by the render
engine. As previously indicated though, the materials in the database do not cater to-
wards space applications, so that separate reflective measurements are necessary.

The fundamentals of Dupuy and Jakob’s method are rooted in the principles of mir-
cofacet theory described in section 2.3.2. In the following segments a brief outline of the
mathematical theory is given in context of conducted measurements.

I.2 Empirical BRDF Equation

In practice, the BRDF coefficient can be obtained from incident and scattered radiant
flux Φi and Φo, weighted by parameters derived from the measurement configuration.
Substituting equation 2.7 into 2.9 yields the average BRDF coefficient over the observa-
tional solid angle ωo

f̄r(ωi, ωo, λ) =
Φo(ωo, λ)

Φi(ωi, λ)ωo cos θo
, (I.1)

where ωo is calculated from the detector area and distance to the sample using equation
2.5 [110, 45]. This formulation is based on the premise that the distribution of light is
uniform over the illuminated material area and that ωo is sufficiently small to allow for
the approximation f̄r ≈ fr. The incident flux in equation I.1 represents the output power
of the light source, which is typically independent of the illumination direction so that
Φi(λ).

I.3 Retro-Reflective Measurements

For a retro-reflective observation (ωi = ωo), the microfacet occlusion function reduces to
a simple masking term G(ω, ω) = G1(ω), known as the Smith masking function

G1(ω) =
cos θ

σ(ω)
, (I.2)

which is defined on the hemisphere spanned by < ω ·ωm > 0 [106, 56]. Here, σ(ω) denotes
the projected microfacet area term from formula 2.12.
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Thus, applying equation 2.13 to a monochromatic backscattering configuration yields

fr(ω, ω) =
F0D(ω)G1(ω)

4 cos2 θ
.

In this case the Fresnel term F0 is constant as it solely depends on the wavelength and
relative angle between incident and scattering directions [36].
The equation can be further simplified by applying relation I.2, so that

F0D(ω) = 4fr(ω, ω)σ(ω) cos θ.

Unravelling the projected microfacet term 2.12 leads to a Fredholm equation of the second
kind [93, 37]

F0D(ω) =

∫
H
K(ω, ωm)D(ωm)dωm, (I.3)

with kernel
K(ω, ωm) = 4fr(ω, ω) cos θmax (0, ω · ωm). (I.4)

Equation I.3 can be solved numerically by discretizing the problem using a quadrature
rule with uniform weights (ak = 1) [37]

F0D(ωj) =

N∑
k=0

K(ωj , ωk)D(ωk), (I.5)

where N is the number of measured backscattering directions and the quadrature nodes
are given by ω1 to ωN . The corresponding kernel matrix is formulated as

K =

K(ω1, ω1) . . . K(ω1, ωN )
...

. . .
...

K(ωN , ω1) . . . K(ωN , ωN )

 (I.6)

By defining a vector v = (D(ω1), . . . , D(ωN ))T , equation I.5 can be reshaped as an
eigenvalue problem of matrix I.6, so that

F0v = Kv. (I.7)

According to the Perron-Frobenius theorem [90] a solution to I.7 exists where all entries
of v are non-negative because the kernel is defined as K(ωj , ωj) ≥ 0. This means that
the discrete NDF denoted by vector v can be obtained through the power iteration [37].
To determine the NDF, Dupuy and Jakob, map a set of uniformly distributed samples
u to zenith angles for the directional samples through

θ =
π

2
u, (I.8)

so that the sample density is focused around the surface normal of the material [37]. This
allows for more accurate representations of specular materials.
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Measurement Set-up

Figure I.2 depicts the measurement set-up to characterise the microfacet distribution.
Material samples were fastened on a rotatable platform and illuminated by a helium-
neon laser emitting at 632 nm. A plate beamsplitter was mounted at 45 degrees to the
incident laser beam to collect backscattered light. All light from the mirror was concen-
trated onto an Ophir-PD300 power meter using a lens. Focusing the light has the effect
of increasing the SNR through a larger observational angle and avoiding any scattered
light interacting with the reference surface of the detector. To shield the detector from
reflections other than the backscattered light, a dark screen was placed around it.
Measurements were obtained by rotating the specimen in the plane of incidence and av-
eraging over 10 flux readings at each angular position. The process was automated by
connecting the sample holder to a stepper motor. Each material was measured in the
range of -10 to 65 degrees with a minimum resolution of 0.5 degrees. A measurement
angle of 0 degrees thereby corresponds to the surface normal of the sample facing in
the direction of incident laser light. Negative angles were measured to correct for any
alignment offset stemming from the material mounting. The maximum measured angle
was determined from the laser spot size and the width of the sample in the plane of inci-
dence and then iteratively adjusted to avoid any reflections from the edges of the sample.

Figure I.2: Measurement set-up for retro-reflective NDF characterizations. Incident laser
light is drawn in green and measured reflections in red.

Equation 2.13 was used to calculate BRDF coefficients from measurements. The solid
angle of scattered light was retrieved from the foreshortened area of the plate beam-
splitter and its distance to the sample. Before each measurement sequence, power meter
readings were taken of the incident laser beam at the sample position to determine Φi.
To fit the data to Dupuy and Jakob’s format, the backscattering BRDF values were
interpolated at 128 angles that were distributed according to relation I.8. Values above
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the maximum zenith angle of 65 degrees were linearly extrapolated up to 90 degrees.

Results of the measurements are illustrated by figures I.3 and I.4 which show the ex-
tracted NDF and projected area curve for a Labsphere Spectralon SRS-99-010 with 99
percent diffuse reflectance and a polished 6061 aluminium alloy sample, respectively.
Data gathered from the Spectralon was subject to small fluctuations that can be at-
tributed in part to surface irregularities of the material. Therefore, a median filter was
applied to smooth power readings for the Spectralon. For more specular materials like the
polished aluminium sample no smoothing was required. However, it was found that the
large dynamic range of the reflected intensity made it difficult for the detector to resolve
the specular peak, which lead to a slightly staggered signal response. Nevertheless, both
microfacet distributions could be classified using the set-up. Comparing figures I.3 and
I.4 highlights the diffuse nature of the Spectralon as opposed to the highly directional
reflectivity of the polished aluminium sample.

(a) (b)

Figure I.3: Extracted NDF (a) and projected microfacet (b) area for a Labsphere Spec-
tralon with SRS-99-010 reflectance standard.
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(a) (b)

Figure I.4: Extracted NDF (a) and projected microfacet (b) area for polished 6061 alu-
minium alloy.

I.4 Spectral Measurements

Once the NDF is determined from the backscattering measurements, the visible micro-
facet area from a direction ω is computed as

Dvis(ω, ωm) =
max (0, ωm · ω)D(ωm)

σ(ω)
. (I.9)

Observation directions for the spectral BRDF acquisition are calculated by performing
a number of transformations to uniformly spaced samples on a two dimensional grid. In
particular, a warp based on Dvis is applied to concentrate samples around the spectral
lobe. For a detailed explanation of the involved convolutions the reader is referred to [37].

Dupuy and Jakob’s method accounts for the mirror-like reflections of smooth surfaces
that occur at near grazing angles by shifting incident directions towards shallow elevation
angles through an additional transformation. This is achieved by selecting samples of θi
via inverse transform sampling [91] of the projected micofacet area term 2.12 [37]. Inci-
dent elevations samples are thereby mapped more evenly across the quadrant for diffuse
than for specular materials.
At the time of the experiments, the available material samples were relatively small which
restricted incident zenith angles to less than 55 degrees as the light spot would other-
wise leave the measured surface. Because of this, illumination directions could not be
determined using the the weighted sampling approach. Instead, they were selected in 5
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degree steps starting at the maximal zenith angle. Since then new material samples have
been manufactured to cover a larger angular range, which will improve the quality of the
extracted reflectivity distributions.
As the current set-up focuses on measuring isotropic materials an additional variation of
incident azimuth angles was not required.

After applying all transformations to the sample set, a range of incident and outgo-
ing directions is attained that provides the measurement positions of the BRDF format.
Figures I.6 and I.7 give an example how the sample distribution varies between a diffuse
and specular surface, respectively.

Measurement Set-up

Spectral measurements were conducted using the stationary FTIR spectrometer and
200 W halogen lamp referenced in section 6.2. Figure I.5 shows the goniophotometer
mechanism, consisting of two rotatable concentric stages positioned in front of the light
source: the inner platform serves as a mount for the material sample, while the outer
one holds the detector unit.
Collimated light from the light source is scattered by the material sample and focused
onto the detector diode using an off-axis parabolic mirror. By rotating the inner stage,
the illumination angle between light source and sample is configured. The observational
direction is adjusted accordingly using the outer plate.

The device facilitates spectral reflection measurements for observation geometries in the
horizontal plane. Due to the width of the parabolic mirror, shadowing of the incident
light occurs at phase angles smaller than ∼30◦. The maximal zenith angle of incident
light is determined by the size of the light spot and width of the sample. To avoid un-
desirable reflections from the side of the specimen, the illumination spot must remain
entirely on the material surface. As mentioned above, the size of available samples al-
lowed for incident zenith angles of θi ≤ 55◦.
To cover the full spectral range spanned by the telescope instruments from section 4.2,
measurements have to be repeated using three different photodiodes connected to the
spectrometer. For an initial assessment of the method, data was obtained between 450
and 1150 nm using only a silicon diode (Bruker Si-D510).

The measurement procedure involved manually adjusting the observation geometry using
angular markings on each of the rotatable plates. This limited the minimal increment
size to 1 degree. Therefore, spectra were collected in proximity to the sample positions
calculated from the microfacet NDF and later interpolated.
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Figure I.5: Goniophotometer to capture spectral BRDF slices. Incident light is drawn in
green and measured reflections in red. The ghost image of the detector indi-
cates the minimal phase angle before the sample is shadowed by the structure.

Before each measurement sequence, a background spectrum was acquired by rotating
the detector into the light beam without the presence of a sample. The spectrometer
thus returns the ratio of Φo(ωo,λ)

Φi(λ) which can directly be substituted into equation I.1 to
determine the BRDF coefficients.

BRDF values for configurations outside of the geometric range of the set-up were linearly
extrapolated. A more precise extrapolation can be achieved by solving a Poisson problem
[37]. However, this step could not be included in the time frame of this work.
To visualise a full BRDF from the acquired data, measurement were expanded to the
complete observational hemisphere. The full directional BRDF was constructed by rotat-
ing the in-plane measurement around the spectral reflection for each incident direction.
A necessary assumption for this approximation is that measured materials are isotropic.
In reality, even isotropic materials are not rotationally symmetric with respect to the
specular reflex, but it provides a visually comparable solution. It is clear though, that
the goniophotometer must be extended to out-of-plane measurements for precise repre-
sentation 3D reflections. The final BRDF characterisation is shown in figure I.8, where
incident directions θi = 0◦ and θi = 90◦ have been extrapolated from the data set.
Overall, the distribution appears smooth, although slight irregularities in the width of
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spectral peaks are apparent. It is assumed that the large extrapolation range for shallow
illumination angles introduces errors in the BRDF slice at θi = 90◦. Larger measure-
ment regions and a more thorough extrapolation method are expected to improve these
imprecisions in the future.

(a) θi = 0◦ (b) θi = 30◦ (c) θi = 35◦

(d) θi = 40◦ (e) θi = 45◦ (f) θi = 50◦

(g) θi = 55◦ (h) θi = 90◦

Figure I.6: Fitted sample directions for a Labsphere Spectralon with SRS-99-010 re-
flectance standard.
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(a) θi = 0◦ (b) θi = 30◦ (c) θi = 35◦

(d) θi = 40◦ (e) θi = 45◦ (f) θi = 50◦

(g) θi = 55◦ (h) θi = 90◦

Figure I.7: Fitted sample directions for polished 6061 aluminium alloy.
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(a) θi = 0◦ (b) θi = 30◦

(c) θi = 35◦ (d) θi = 40◦

(e) θi = 45◦ (f) θi = 50◦

(g) θi = 55◦ (h) θi = 90◦

Figure I.8: Tabulated BRDF at 500 nm for polished 6061 aluminium alloy.
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Figure J.1: Observation (consistent line) and simulation (dashed line) of CalSphere 4A on
2020/11/25. Simulations are fitted to observations based on a diffuse BRDF.
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Figure J.2: Observation (consistent line) and simulation (dashed line) of LCS 1 on
27/11/2020. Simulations are fitted to observations based on a Beckmann
BRDF.
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(a) Passive observation (solar illumination)

(b) Active observation (laser + solar illumination)

Figure J.3: Simulated pass of the box-wing satellite.
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(a) Aluminium (b) Solar Cell (c) MLI

(d) White paint (uniform)

Figure K.1: Estimated material abundance maps of the box-wing satellite.

(a) Aluminium (b) Solar Cell (c) MLI

(d) White paint (uniform)

Figure K.2: Estimated material abundance maps of the hexagon satellite.
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(a) Full spectral unmixing (b) Reference spectra

(c) Count rate unmixing of all 6 channel (d) Reference channel albedos

Figure K.3: ATGP endmember extraction of a diffuse model with surfaces corresponding
to spectra presented in section 6.2 (solar panel, MLI, aluminium) and a
uniform reflectance.

(a) Rotation axis facing 90°W
(figure 7.7) (b) Rotation axis facing 90°S

Figure K.4: Normalised error surfaces for estimating the 2-DOF initial attitude of the
box-wing satellite. Top: trajectory (white line), bottom: least squares error.
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L Zusammenfassung

Diese Arbeit befasst sich mit der Erweiterung der Raxus Prime Softwareumgebung zur
Simulation spektraler Lichtkurven. Die Entwicklung beinhaltet die Einbindung der Mit-
suba2 Render Software und Anpassung des Simulationsprozesses für spektrale Datenpro-
dukte. Ziel der Arbeit ist es, eine Grundlage für Untersuchungen zur Parameterbestim-
mung durch Lichtkurven und Laserentfernungsdaten von Weltraumschrott zu bieten.
Das Programm ermöglicht es multispektrale Messungen anhand von Sensorspezifikatio-
nen zu reproduzieren. Um die wellenlängenabhängige Signaldämpfung für erdgebundene
Beobachtungen zu ermitteln, wurde ein atmosphärisches Modell mit Hilfe der libRad-
tran Bibliothek eingebunden. Das Update wurde entwickelt um Lichtkurven von passive
und aktive Beleuchtungsszenarien nachzuvollziehen und Laserentfernungsmessungen zu
simulieren. Weiterhin, wurden verschiedene Visualisierungsmöglichkeiten zur Analyse
der generierten Daten hinzugefügt.
Um realistische Darstellungen von Raumfahrzeugen zu ermöglichen, wurden Reflektions-
messungen für typische Raumfahrtmaterialien durchgeführt. Dabei wurde ein Verfahren
getestet um das richtungsabhängige Reflektionsverhalten im Sinne des BRDF Models zu
charakterisieren. Für die erste Beurteilung des Verfahrens beschränkten sich die Messun-
gen auf die Ebene der Flächennormalen. Eine umfassendere Messung ist für zukünftige
Arbeiten geplant.

Die Theorie spektraler Lichtkurvenbeobachtungen wurde anhand von Aufnahmen am
UFO dargelegt. Eine detaillierte Kalibrierung der gemessenen Daten wurde durchgeführt
um Referenzwerte für die Simulation bereitzustellen. Simulierte Lichtkurven konnten so,
durch einen quantitativen Vergleich zu Messungen von Radarkalibrationsobjekten, va-
lidiert werden. Obwohl genaue Materialspezifikationen der beobachteten Objekte nicht
bekannt sind, wurden die jeweiligen Reflektiionsparameter durch eine Optimierung der
Simulation abgeschätzt. Somit konnte eine gute Übereinstimmung zwischen gemessenen
und simulierten Lichtkurven erzielt werden.

Die Vorteile multispektraler Beobachtungen wurden anhand von Methoden zur Param-
eterbestimmung unter Verwendung generierter Lichtkurven aufgezeigt. Die Ergebnisse
zeigen, dass multispektrale Messungen Möglichkeiten bieten Oberflächenmaterialien von
Raumfahrzeugen abzuschätzen und beobachtete Objekte zu unterscheiden.
Zusammen mit Reflexionsmessungen, tragen die zusätzlichen Informationen durch Ma-
terialschätzungen und Laserentfernungsmessungen zur Konditionierung des allgemeinen
Parameterbestimmungsproblems bei und bieten so die Grundlage für weitere Forschun-
gen.
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