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ABSTRACT
Optical sensors are widely used in the tracking of space objects. In the design of and/or the operation of a sensor
network (sensor tasking) quantified sensor capabilities are needed as a direct input in the optimization problem. This
is also true when using observations to solve the multi-target problem. In this paper, a method of assessing and quantifying sensor capabilities is shown. The inter-dependencies of hardware, software processing, observation scenario,
and image data processing are shown on the general level. An simulating using two sensors and the USSTRATCOM
two line element catalog (TLE) illustrates the effect on designing and operating a sensor network for complete GEO
coverage.
keywords: optical sensors, sensor models, sensor tasking, multi-target tracking
1.

INTRODUCTION

Sensor capabilities, in combination with the observing scenario and object properties, determines whether an object in
the field of view is actually detected. Heuristic knowledge of expected sensor capabilities is well established. Heuristics are useful when setting up a single sensor for a specific task or operating a given sensor setup. However, with larger
sensor networks and more complex tracking scenarios, the quantization of expected sensing outcomes is crucial. A
specific example are the sensor networks used for Space Situational Awareness (SSA). Virtually all SSA observations
deal with unresolved images and low light conditions.
The topic of sensor tasking is well investigated for SSA and Space Traffic Management, as illustrated in multiple
examples [9, 25, 1, 18, 5, 21, 19, 26, 16, 23, 11]. In the sensor tasking optimization frameworks, heuristics cannot
be readily implemented and crude simplifications are sometimes applied. As a result, the methods fall short of the
full capabilities they offer when applied to real world scenarios. Furthermore, the setup and deployment of a sensor
network, and the combination of data from different, eventually heterogeneous sensors, is often insufficiently explored.
Multiple models for different space objects and sensors have been evaluated for various parts of the detection process
[13, 22, 14, 17, 3, 24]. These analyses are usually not comprehensively correlated to allow for a single, “universal”
quantization of the detection process, as is needed, in general, for efficient, effective sensor tasking and tracking. In
this paper, we introduce a sensor model for optical sensors including all the effects from the object to image parameters
to the actual CCD response, and the resulting computation of the probability of detection in dependence of the sensor
hardware, the observation scenario, and object properties. For the object properties a classical bidirectional reflection
matrix of Lambertian, specular and absorption components is used. The sun is treated as an extended source, as it
appears in the sky, avoiding unrealistic responses especially in the specular components. For the sensor the light path
through the optics and the CCD response is modeled in the presence of background sources. Assuming a CCD detector, the pixel response is shown. A previously employed sensor tasking model [9, 20, 21, 19] is used for an illustration
in this paper. The simulation results are shown for satellites listed in the USSTRATCOM two-line element (TLE)
catalog in the geosynchronous region and two ground based sensors.
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Fig. 1: Normalized Sun irradiation in different wavelengths [3].
2.

OPTICAL SENSOR MODEL

The optical sensor model has three components. The object component, which can be modeled precisely, but is the
most uncertain, the optical and sensing component, and lastly the background sources. In the following a passive
illumination of the object from the sun is assumed. The equations are readily extended to the active illumination.
2.1 Object Reflection Modeling
In the following, a mixture between Lambertian (coeffiient CD ) and specular reflection (coefficient CS ) and absoprtion
(coefficient CA ) is assumed under the opaqueness condition CD +CS +CA = 1. The authors are aware of the plethora
of other reflection models, such as Cook-Torrence, Schlick, Ashikhmin-Shirley, Phong, Blinn, Torrence Sparrow, to
just name a few. However, as mentioned before, object properties are among the most uncertain. Besides not collecting sufficient knowledge of the final configuration and surface materials before launch, material aging under the
harsh space environment and material reflection changes in vacuum are well known effects affecting the appearance
of objects and as a result the reflected light, but are still not sufficiently quantified. The differences between the model
may be assumed negligible compared to the unknown effects. Hence, a treatment with the simplest and physically
well-grounded and well-understood model seems justified.
The sun is treated as an extended source with a disk extension of a radius of ρ = 0.266 degrees taking no limb
into account [3]. This is an approximation over the various wavelengths, see Fig.1. The irradiation that is received at
the object is the scaled solar constant. If the object is in Earth shadow, realistically, especially in the geosynchronous
region, the radiation is not blocked completely. Avoiding costly ray tracing through the Earth atmosphere to capture
the effect, a cone mixture model can be employed [15], where F is the scaling parameter trimming the full irradiation
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of the sun:
5

F = ∑ wi Fi

with

(1)

i

{REarth,i } = {REarth + 48 km, REarth + 32 km, REarth + 16 km, REarth , REarth − 40 km},
wi = {2/9, 2/9, 2/9, 2/9, 1/9},
(γ/τ)2 [(δ − sin(2δ )/2) + (β − sin(2β )/2)]
π
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whole sun disc visible
 β > γ +τ
ˆ
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otherwise
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β 2 + γ2 − γ2
cos(δ ) =
cos(β ) =
,
2β γ
2β τ
Fi = 1 −

(2)

(3)

whereas RSun is the radius of the sun, REarth the radius of the Earth, ~rˆsat−Sun is the unit vector from the satellites to the
sun, rsat−Sun is the distance between satellite and sun, ~rˆ is the unit vector from the Earth to the satellite, and |~r| = r the
distance, respectively.
Two different object types are regarded here. The sphere and the flat plate. Any complex satellite structure can
be modeled as a a triangle mesh. The canonball assumption as default surface can be modeled by the analytic solution
of a sphere most efficiently, compared to triangulating a sphere or using quadcube projection.
For a sphere of radius R, the model denoting the reflected irradiation towards the observer can be formulated as
the following:
2
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(6)

Isun is the solar constant, which is scaled to the actual distance of the satellite to the sun (rather than the nominal one
2
AU) with the term rsat−Sun
/AU 2 , r is the distance between object and observer, the phase angle is α = arccos(os).
o is the unit vector from the object to the observer, s is the unit vector from the object to the sun. The constant τ
is ruling the specular condition. For a sphere a glint is always observerved, when the sun is not in the shadow cone
of the spherical object, as the equal angle condition can be always be met on a sphere. For the Lambertian part, the
expression reverts back to the well established Lambertian reflection of a point source illumination for ρ = 0 [17, 12],
the difference does occur because of the extension of the solar disc.
Expanding on previous works, e.g. [12, 17, 10, 7, 6], a flat plate model is developed for the extended souce. The
situation differs insofar from the sphere, as the object is composed of a n-facet map of areas Ai and associated normal
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vector ni :
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with εi = π2 − arccos(ni s). As ρ is small, the tangens may be replaced by the angle direction tan(ρ) ≈ ρ. In the plate
model, the first two terms, denoted by σ are the terms ruling the cases for non-convex objects. σss is the term that
is equal to one for convex objects, or when the facet Ai is not self-shadowed, that is illuminated, otherwise, σss = 0.
Analagously, σso denotes the observer-shadowing, that is a surface is illuminated, but not visible to the observer,
because another facet is blocking its view. It takes the values of one and zero, respectively. Self-shadowing and
observer-shadowing can be computed via ray-tracing to the facet center, most efficiently using barycentric coordinate
representation [10, 7, 6]. µ denotes, apart from self-shadowing and observer-shadowing, if a surface is illuminated; as
the Sun is treated as an extended source, it also evaluates, how much of the sun disk is illuminating the flat surface,
computing the circle segment above the surface. The vectors o and s are defined as before as the observer and sun
unit directions. For the specular reflection, the specular reflection condition, ruled by τplate . It checks if the observer
is within the mirror reflection area Arefl . ν is the ratio between the area and the sun disk, respectively, accounting
for the fact that facets can be small enough to only hold a fraction of the sun disk above the surface. It extends out
of the perfect point source specular reflection condition for the facet with area and normal direction Ai , ni , denoted
by ospec perfect,i by the distance d, which is either the radius or the half-side length for a round or square reflection
area Arefl . ρ̃ ≈ ρ for Rsun >> L1,i , L2,i , that is the sun is much bigger than the reflecting surface, and r >> L1,i , L2,i ,
the distance to the object is much larger than the reflecting surface. The specular reflection is illustrated in Fig.2. A
telescope is directed to the object, hence δs = 0. The perfect reflection direction can be computed as:
ospec perfect,i → 1 = δ (sni − ospec perfect ni )δ (s × ni − ospec perfect × ni )

(14)

where δ () is denoting the Dirac delta.
2.2 Sensor: Optics and CCD Response Modeling
Having received the irradiation off the object allows computing the sensor signal count expectation value at the detector
over the integration time dt as the following [22]:
Z

E(S) =

(Dap − Dobstr )

λ
I · exp(−`R(ζ )) · L · Qdt
hc

(15)

with the speed of light, c, the Planck’s constant h, ζ is the zenith angle and ` the atmospheric extinction coefficient
and R the atmospheric function; the atmospheric function is discussed below with the background sources in greater
detail. L is the loss function. Dap is the area of the aperture (in units of square area), which is the same as the area of
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Fig. 2: Illustration from the specular reflection of the Sun.
the primary mirror, and the obstruction of the aperture Dobstr (in units of square area), e.g. the area of the secondary
mirror, obstructing the aperture. It is in this step that sensor specific quantities are directly influencing the measured
count rate. The signal however, is refracted on the aperature, making only the Airy disk being measured as the nonresolved object image. The secondary maxima are usually not discriminated against the background. To find the count
per pixel, it may be approximated as a Gaussian function, leading to the computation of the per pixel count of:
E(Scpix ) =

Z x0 +∆x2 Z y0 +∆y2
x0 −∆x1

y0 −∆y1

AGauss · exp(−(

(x − x0 )2 (y − y0 )2
+
))dxdy
2σ 2
2σ 2

(16)

∆xi , ∆yi with i=1,2 are the distances to the edge of the pixel based upon the center of Gaussian. The center of the
Gaussian is a random variable uniformly distributed within the center pixel at position x0 , y0 . The variance of the
Gaussian is determined by the optics of the sensor and the seeing conditions. The full width at half maximum (FWHM)
of the Airy disk is determined by the optical resolution:
FW HMairy =

1.028λ 1
const.
·
↔ FW HMseeing =
2rD
pix
pix

(17)

rD is the telescope aperature radius and pix is the pixel scale in units of angles per pixel. In ground-based observations,
the seeing const. is usually larger than the limit of the optical resolution. The seeing is determined by the local
observation conditions. The FWHM of the Airy disk is connected to the best fitting Gaussian variance σ , and the
amplitude of the Gaussian AGauss is determined by the volume of the Gaussian, fitting the volume of the Airy disk,
comprising 83.8 percent of the overall refracted light:
√
FW HM = 2 2 ln 2σ

AGauss

=

0.838 · E(S)
σ2

(18)

2.3 Background Sources
Several background sources have to be taken into account for a realistic detection modeling. It builds upon the foundations outlined in [17]. The brightest background source is so-called Zodiac light is the sunlight which is scattered by
the dust in the ecliptic. It is hence a function of the ecliptic latitude and longitude with the same spectral distribution
as the sun as a first order approximation. Zodiac light is obtained using look-up tables for the white light radiance.
IZODI (λ ) = s2 · JZODI (γ, δ ) ·

JSun (λ )
,
ESun

(19)

where γ, δ are the longitude and latitude in the ecliptic coordinate system, JZODI (γ, δ ) is the total radiance per unit
angle. In general observations in the ecliptic are tried to be avoided, if other options (observing the object of interest
in front of a different celestial background) exist. Besides the zodiac light, this is for the reasons of the accumulation
of stars.
Stars are beside the zodiac light, the major light source. One way to include stars is to include them at the exact
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position as they appear in extensive star catalogs. However, this is a very time consuming procedure, if done for
all stars. In addition, star catalogs are more imprecise towards the higher magnitudes. As a consequence, exact star
positions are only extracted for the brighter stars, all stars around and with higher magnitude than the detection level
of the instrument are smeared out as a background over the image. Tables exist with the number of stars of given
photographic magnitudes, see e.g. [4, 2]. Using these, they can be converted to radiance values, assuming the spectral
distribution of faint stars. The conversion is done in the blue wavelength (440nm), to have the best equivalence with
the photographic magnitudes m. This leads to the spectral star irradiation:
ISTAR (λ ) = n ·

JGAL
s2 · 32400
· 6.76 · 10−12−0.4·m R
2
pi
JGAL dλ

(20)

where n is the number of stars in the assigned bin. The irradiation values correspond to the irradiation without an
atmosphere.
A very faint but sometimes relevant background source is diffuse galactic light is a light source that is concentrated
along the galactic plane. Its spectral radiance can be represented as the following:
IGAL (λ ) = s2 · JGAL (λ ) exp(−β · 180/(15 · π)),

(21)

where JGAL is the spectral radiance at unit angle zero galactic latitude β . Two effects that are related to the Earth
atmosphere are prominent in the background level of a ground based CCD image. The so-called airglow spectral
radiation IAG (λ ), which is the brightness of the atmosphere itself; it is faint glow if the atmosphere itself, which is
caused by chemiluminescent reactions occurring between 80 and 100 km. Atmospherically scattered light IAS (λ ), is
the sum of all light that is scattered by the atmosphere, excluding Sun and Moonlight. It is a contribution that varies
little over the image, but adds to an overall elevated image background and hence should not be neglected.
IAG,AS (λ ) = s2 · Ji (λ ) · R(ζ )

Ji = JAG , JAS

(22)

where s is the angle under consideration, in case of the telescope, e.g. the field of view, or the angle that is fitted into
a single pixel, R(ζ ) is the van Rhijn factor, it can be approximated as cos1 ζ in first order and describes the deviation
from the zenith by angle ζ and the additional air mass and thickness, that has to be accounted for in low elevations [4],
compare to Eq.15 and the atmospheric modeling there. JAG is the spectral radiance of the zenith unit angle airglow in
units of Watts/m2 ster · µm. JAS is the spectral unit zenith angle radiance due to scattered light. It can be assumed that
the faint star spectrum is an adequate representation.
Sometimes one is not interested in a specific wavelength, but the total radiation, one can integrate or use approximations for the white light, which leads to the following, utilizing also the simple airmass approximation:
Z

I =
ĪAG
ĪAS

E(I(λ ))dλ ≈ Ī = I(λ̄ ) · ∆λ

1
· 1.42 · 10−14
cos ζ
1
· 1.57 · 10−15
= s2 ·
cos ζ
= s2 ·

= s2 exp(−β · 180/(15 · π)) · 2.12 · 10−15
= s2 · E(JZODI (γ, δ )) · 5.0 · 10−15
= n · s2 · 10−0.4·m · 3.0 · 10−16
1
exp(−`R(ζ )) = exp (−0.27
)
cos ζ
ĪGAL
ĪZODI
ĪSTAR

(23)
[W /m2 ]

(24)

[W /m2 ]

(25)

[W /m2 ]
[W /m2 ]
[W /m2 ]

(26)
(27)
(28)

[−]

(29)

The atmosphere related and celestial background sources are then included in the image the same way as the light
form the object itself, using Eq.15 and projected onto the pixel grid. For most precise background modeling the
center coordinate of each pixel is used to determine the background level at this point and in the one pixel width area
around it and integrating the irradiation, same as for the object signal. For low magnitude stars, the Gaussian shape
approximation for the Airy disk, same as for the object irradiation should be used. After the irradiation is computed for
each of the celestial background sources, they are processed through the equivalent of Eq.15, leading to the expected
signal value that can be extracted per pixel.
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3.

PROBABILITY OF DETECTION

The probability of detection pd that is dependent on the background noice, the celestial one and the CCD internal one
and the object signal as it is deteced on the CCD, can be calculated as the following [24]:





∞ Γ(n − g , E(I) + E(I
n + 1 − t − µB 
n − t − µB 
1
cel.backgr ) + E(Idark )) 
2
· er f  q
− er f  q
,
pd = 1 − ∑
2 n=−∞
n!
2
2
2g(σ + σ )
2g(σ 2 + σ 2 )
B

R

B

R

(30)
the variance and expectation values of the object E(I), the sum of the celestial background sources E(Icel.backgr ) and
the dark current E(Idark ). The latter is a quantity specific to the CCD sensor in use. All of the aforementioned signals
are Poisson distributed as time averaged signal. Some smaller contributions are the CCD detector specific quantities.
In particular the readout noise, which can be modeled as Gaussian distribution and the background, that is determined
of all the sources of releasing electrons on the CCD. The latter is also modeled as a Gaussian random process, with
N (−µB , σB + σR ). g represents the camera camera gain, here assumed as constant, no assuming oversaturration of the
sensor. The gain rules the transformation of photo electrons in analog to digital units (ADU). t defines a user-defined
the threshold. It is the threshold that the user is confident the image processing algorithm can successfully detect. It is
usually defined as a number of variances above the background. Further details on the derivation of the probability of
detection can be found in [24].
4.

SENSOR TASKING SETUP OF HETEROGENEOUS SENSORS WITHOUT FEEDBACK USING PMP

4.1 Tasking Setup
The sensor tasking problem is a constrained optimization problem that may be formulated as the following, where the
set of weighted viewing directions (denoted by A = {a f } | f = 1, 2, . . . , mg ) is sought to be maximized. Previous work,
focusing on the optimization process specifically and a more extensive version of the PMP method are published by
the same authors [19, 20, 21], the derivation is repreated to the extent that it is necessary for the understanding of the
paper:

l mg  n
(31)
max A = ∑ ∑ · ∑ µ(xi ) · pd (h f ,g , xi ) · d(h f ,g , xi , Pi ) ,
g=1 f =1

i=1

for n objects with their respective states with a mean denoted by xi , and a covariance denoted by Pi . l is the number
of sensors available, and mg represents the total number of viewing directions that are assigned for sensor g in a
given observation time window. n is the number of objects that are to be observed in the scenario. µ(xi ) is an object
specific value that can be used to increase or decrease the influence of a given object based on some factor (e.g. via
observability [8]); in this paper, µ(xi ) is set to one for all objects, making them, based on the astrodynamics, equally
desirable to be observed at all times. In a feedback scenario, µ(xi ) would be set to zero after a successful observation
and orbit update. d(h f ,g , xi , Pi ) is the associated probability that object i falls within the field of view (FOV) for the
chosen pointing direction h f ,g ; it is the calculated cumulative distribution function (CDF) value of object i over the
FOV centered on h f ,g . The formulation presented in Eq. 31 is limited to the follow-up problem for a catalog of known
RSOs and will be applied to a catalog of objects in the geosynchronous region (GEO); a more general formulation that
includes surveillance for unknown or previously untracked objects has been presented by Frueh [9].
4.2 PMP in the Absence of Feedback
No immediate measurement feedback is available in observations, as observation processing takes a minimal time and
before the next measurement decision needs to be made. In the worst case, there is no measurement feedback during
the whole observation night and no communication between the sensors of a network. The Predicted Measurement
Probability (PMP) method approximates the measurement with unknown outcome as a PMP pseudo-measurement
object with its own pdf, which can then be used to provide feedback without evaluating the measurement. The pseudomeasurement PMP objects are then subtracted from the existing sum of the pdfs of the true objects. The propagation
of the PMPs follow the same dynamic rules as the target objects. The value for choosing the next viewing direction
is given by the computation of the cdf of the actual objects in a given viewing direction subtracting the PMP object
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cummulatative cistribution function:
d(xh f ,g , x, P)PMP =



n

Z

∑

i=1 h

f (xh f ,g , N (xi , Pi ))dh −

m

Z

∑

p=1 h

f (xh f ,g , N (x p , Pp ))dh



 (xh − x)T P−1 (xh − x) 
1
f ,g
f ,g
where: f (xh f ,g , N (x, P)) = p
exp −
2
(2π)2 |P|

(32)
(33)

where p represents a given PMP, with the mean and covariance x p , Pp , m is the number of PMPs currently used (number
of observations previously taken). xh f ,g is the variable within a grid field of the observation pointing direction h f ,g .
After an observation is taken, the PMP is placed at the center of the FOV defined by the telescope pointing angles, hour
angle ho and declination de. The initialization of the PMP state seeks to represent the most likely state of the target
object given that its hour angle and declination location. However, in optical observations, only a subset of the state
is observed. This means, using a single observation direction h f ,g , range, range rate and the angle rates, denoted by
˙ de
˙ respectively, have to be hypothesized to complete the state. The PMP seeks to represent the most probable
ρ, ρ̇, ho,
state in the observable quantities of the target object if its location is fixed to the center of the FOV. Assuming the
target object pdf is Gaussian, the state located at the center FOV with the highest probability is defined as:


1
T
−1
˙
˙
(x p − xi ) Pz,i (x p − xi )
(34)
{ρ p , ρ̇ p , ho p , de p } = min
2
˙ p ]T is the desired state of the PMP pseudo-measurement object, where h p , de p are
where x p = [ρ p , ho p , de p , ρ̇ p , ḣ p , de
˙ i ]T are the mean states of the target object, and
given through the observed direction h f ,g and xi = [ρi , hoi , dei , ρ̇i , ḣi , de
−1
Pz,i are the covariances expressed in terms of the spherical coordinates. The PMP method has been introduced and
explained in detail in [19].
5.

SIMULATION RESULTS

5.1 Setup and Parameters
For the simulation results, two sensors are used. The Purdue Optical Ground Station (POGS) (Lat: 33◦ N, Long: 106◦
W); with a 3◦ square FOV and the Purdue Astronomy department’s Cumberland Observatory (PACO) (Lat: 40◦ N,
Long: 87◦ W) with rectangular FOV, 1.47◦ × 1.02◦ . Both sensors also have a minimum elevation constraint set to 12◦
above the local horizontal plane, which reduces the number of allowable pointing direction.
The POGS sensor has a 3◦ × 3◦ FOV and is located at 33◦ N, 106◦ W; PACO has a 1.47◦ × 1.02◦ FOV and is located
at 40◦ N, 87◦ W. In addition to the FOV sizes, the time between observations are different for the two sensors. For
the POGS sensor, the time between starting two consecutive observations is tobs,1 = 128 seconds, while for the PACO
sensor it is tobs,2 = 188 seconds. PACO is modeled as having a slower slew/settle time, resulting in the longer time
between observations. It is assumed that both observers are able to observe at every assigned time throughout the observation window. As the observation night, the long winter night of Jan 2, 2019 was chosen. To simplify the scenario,
perfect weather conditions were chosen. Because of the different sensor locations, the duration of the observation
nights are different; PACO’s observation night starts Jan 2, 2232 hours 19.50 seconds UT, and ends Jan 3, 1136 hours
UT; for POGS from Jan 3, 0047 hours 38.27 seconds UT, to Jan 3, 1320 hours 47.49 seconds UT. Leading to the total
observation times for the sensors of 13 hours, 3 mins for PACO; 12 hours, 33 mins for POGS, respectively.
For the objects, the publicly available two line element (TLE) catalog was used and all objects, with a semi-major
axis between 37’000 and 45’000 km were taken into account, effectively in the field of regard at any point during the
night for any of the two sensors are 565 objects, of the total 1138 that fall within the semi-major axis range. For each
object an initial state uncertainty has been invented of σ pos = 50 kilometers and σvel = 1 meter per second at initialized
e i ) is
at midnight before the observation day. A linearized uncertainty propagation has been adapted in this paper. µ(X
set to one for all of the objects.
For the optimizers, the greedy algorithm [?, ?, 20] has been comparerd to ant colony optimization [?, ?, 20]. Further comparison on different optimizer performances in the sensor tasking scenario can be found in [20]. In this work,
four cases of the ACO algorithm are compared: three sets of 20 agents, four set of 20 agents, five sets of 20 agents, and
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Fig. 3: The growth in objects as a function of the observation time passed.
three sets of 50 agents. Tab1 shows the number of objects that have been observed by each optimizer. Ant colony is
able to oberve more objects, however at a much higher computation cost. It also shows that the tuning and selection of
best number of agents and sets is not straight forward. Fig.?? shows the growth in the number of successfully observed
objects over time.
Table 1: Comparing the number of objects observed and the percent of observable objects generated by the seven
solutions.

# Observed
% Observed

Greedy
404
79.06

ACO3x20 (1)
408
79.84

ACO3x20 (2)
410
80.04

ACO4x20 (1)
413
80.82

ACO4x20 (2)
421
82.39

ACO5x20
416
81.41

ACO3x50
409
80.04

Most interesting in terms of the sensor model is, however, to look at the chosen observation directions by each sensor.
Figures 4 and Fig.5 show the pointing directions chosen by the Greedy and the ant colony algorithm (5 sets of 20
agents) in their respective topocentric measurement spaces. The color indicates at which observation time the viewing
direction has been chosen, the size of red ∗ indicates the number of objects observed, for the first time, during the
observation window. Viewing directions where the blue/green dots are on top of a red ∗ indicate where viewing directions were chosen more than once. Dots that do not have a red ∗ collocated are viewing directions that did not observe
any previously un-observed objects.
It can be seen that both optimizers show similar pattern. The PACO sensor with the smaller field of view focuses
mainly on the main belt objects, trying to closely observe those. The diminished probability of detection per single
object is overcome via the increased probability of observing multiple objects within the same viewing direction. The
POGS sensor, with the larger field of view ventures out, observing almost exclusively object away from the main belt
and focusing on debris object with non-zero inclinations.
Future work includes investigating the effect of the sensor model further in taking different object shapes and the
aperture differences between POGS and PACO into account to also vary the probability of detection sensor specific
beyond the FOV.
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Fig. 4: Greedy viewing directions and numbers of objects seen at each step.
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Fig. 5: Ant Colony (5 sets of 20 agents) viewing directions and numbers of objects seen at each step.
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6.

CONCLUSIONS

An improved sensor model has been introduced, taking object characteristics, illumination constraints and sensor characteristics into account. Local observation conditions directly affect the signal-to-noise ratio, and sensor characteristics
determine how much light off an object is collected and therefore the probability of detection. A simulation has been
made applying two heterogeneous sensors in a sensor tasking scenario to illustrate the effect. In the simulation spherical object assumption has been used and the sensors offer a different field of view. Observing the geosynchronous
objects, it is shown that the sensor with the larger field of view is observing more objects outside the main geostationary belt, whereas the sensor with the smaller field of view focuses almost exclusively on the main belt. This allows
to use heterogeneous sensors in a sensor network efficiently in applying them according to the observation conditions
and their observation capabilities.
Future work includes exploring the sensor model in its full capabilities beyond the spherical object model and field of
view constraints. A comparison with real observations is planned to validate the simulation.
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