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1. Introduction

ANY eyes are focused upon the objective of quickly obtaining

the position and orientation of a target object from a single
image or a stream of images. This topic has endured over past and
more recent decades (see Besl and Jain [1] or Lowe [2], who study
object reconstruction, and Ruel et al. [3], who develop real-time pose
estimation techniques) but remains problematic to implement in
more generic scenarios. In both air and space environments,
scenarios arise that require swift automated guidance with resource-
constrained systems: for example, missile guidance (see Davidovitz
and Shinar [4]). Sometimes, the necessity for speed outweighs the
desire for precision (see Hmam and Kim [5], Agarwal and Chaudhuri
[6], and Beaulieu [7]).

Consistent throughout pose determination methods is the
requirement of a sufficiently accurate estimate to begin the process
with. The proposed algorithms for International Space Station
robotic arm operations from Stieber et al. [8] are dependent on an
initial pose estimate. Edge-line correspondence methods are
recognized for lacking speed and adaptivity (see Shakunaga [9]).
Lowe [2,10] also attempted edge-line correspondence methods to
determine the pose of a target, both for static and time-evolving
images. This work evolved further with Cropp [11], by solving the
edge-line correspondence problem with a RANSAC algorithm (see
Fischler and Bolles [12]). The approach suffers from the same
constraint: without an initial pose estimate from another system, the
pose estimate could take almost 180 times longer than the desired
image refresh rate.

Heuristics are challenging for an autonomous device but can
unlock the ability and potential for more complex and more accurate
pose determination techniques that would otherwise take an
unacceptably long time. This Note introduces a novel way of filling
in the heuristic gap between image acquisition and edge-line
correspondence/specific target recognition. Under the assumption
that the target’s dimensions are known to an acceptable level of
accuracy, it is possible to create a spheroid to model that target. A
spheroid is defined as a degenerate ellipsoid: there exists an axis of
symmetry for the spheroid. This spheroid describes, up fo its axis of
symmetry, the target’s position and attitude. From a single image the
bounding ellipse of the target’s projection can be extracted, from
which the descriptive spheroid can be reconstructed and a pose
estimate for the target object can be deduced. Applying a heuristic
pose estimation method attempts to create a computational shortcut
to more accurate techniques, sacrificing speed for accuracy.
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In the next section the spheroid reconstruction process is reviewed.
An example method of obtaining the spheroid model to describe a
target object is described in Sec. III, which minimizes the errors
obtained in the approximation. In Sec. LV, this method is used to
determine a descriptive spheroid for a proposed satellite of the
University of Surrey. In Sec. V, the heuristic theory is applied to this
model for varying radial distances. The value of describing a target
globally is encapsulated by comparing the reconstruction accuracy
with a feature-detection technique, the findings of which are
summarized and discussed in Sec. VI.

II. Spheroid Reconstruction Overview

In this Note it is assumed that the target’s dimensions are known,
which enables a spheroidal description of the target to be made before
rendezvous/interception. If the target is described as a spheroid, then
its perspective projection is given by an ellipse (see Eberly [13]),
from which the spheroid can then be reconstructed. Wokes and
Palmer derive the reconstruction of a spheroid, of known size, from
its perspective projection onto an image plane [14] and image sphere
[15]. In this section, the governing equations for the reconstruction
process are reviewed.

The advantage of considering an image sphere rather than a plane
comes from a simpler, analytic reconstruction process and methods
of correcting image sphere ellipses when their solutions are invalid.
The conversion from an image plane ellipse to an image sphere
ellipse is given in the above citations.

A. Defining the Projection Space

A spheroid is a degenerate ellipsoid; it has an axis of symmetry.
Such a geometric surface is described with a position vector ¢ from
the camera’s focal point to the spheroid’s center, an orientation vector
p of its axis of symmetry, a half-length A along its axis of symmetry,
and a half-length B along its degenerate axes. The vectors g and p are
defined in the camera’s coordinate frame S.: a Cartesian frame
centered at the focal point of the projection. With an image sphere
being considered, these Cartesian axes are arbitrarily chosen: define
the x axis to lie parallel to the focal axis, the z axis to point toward the
north pole, in terms of the image sphere coordinates (defined below)
and the y axis to complete the orthogonal set.

Fig. 1 Image sphere ellipse.


http://dx.doi.org/10.2514/1.51030

294 J. GUIDANCE, VOL. 34, NO. I:

The description of an ellipse on a unit sphere is defined entirely
with angles; the semimajor axis is described not with a length, but
instead by an arc length o and the semiminor axis described by an arc
length B. Based in the camera coordinate system, define . as the
angle between the focal axis and the line of latitude on which the
ellipse center is, ¥, as the angle between the focal axis and the line of
longitude on which the ellipse center is. Finally, define w as the angle
from the semimajor axis of the ellipse to that line of longitude. In
essence, {. is describing the latitude, and ¥, is describing the
longitude (see Fig. 1). Let S, denote the image sphere ellipse
coordinate frame, centered at the focal point, with the first axis
aligned pointing through the ellipse center and the second and third
axes aligned with the ellipse’s semiminor and semimajor axes,
respectively. There is a rotation matrix V: S, — S, given by

cos ¥, cos ¢,

sin ¥, cos ¢,
sin¢,

V=
—cos ¢, sinw

The image sphere ellipse described in the camera coordinate frame is
shown in Fig. 1. The described ellipse is that which lies between the
spheroid and the focal point of the projection, not the ellipse that
appears behind the focal point.

B. Reconstructing a Spheroid from an Image Sphere Ellipse

Assuming a prolate spheroid is being viewed, then the equations
for the reconstructed pose are given as follows: define y; and §; as

Y1 = cosay/A? + B*cot’B ¥ = sinay/A%cot’a — B2cot?f8

8, =secf 8, = v/tan’a — tan?B
Then
q =18V + 8V 2
726 Y162 }
=h\—F——=Vy +—=V 3)
p= | g o+ 0 it e

where ; = %1, there are two solutions to both the position and
orientation vectors, which are reflections of each other through the

Fig. 2 Spheroid projected onto a plane (dashed ellipse) and a sphere
(solid ellipse). The reconstruction yields both the original spheroid and
its dual solution.

—sin ¥, cos w + cos ¥, sin ¢, sin w
cos Y. cos w + sin ¥, sin ¢, sin w
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Y1)~V (5 plane. This is shown in Fig. 2. If the spheroid is oblate
rather than prolate, then switching V5, with V5), a with 8, and A
with B obtains the reconstruction equations for the B > A case.
The example satellite considered in this Note is modeled by a
prolate spheroid, where Eqgs. (2) and (3) are used to reconstruct their
pose estimates. It should be noted that ambiguity remains in the sign
of ¥,, as well as the sign of 1. This is a consequence of modeling the
target as a conic with a plane, as well as an axis, of symmetry. The
axial symmetry means that the roll of the target (assuming this is the
axis of symmetry for the descriptive spheroid) is also undetermined.

C. Ellipse Correction Algorithms

Considering Egs. (2) and (3), under certain circumstances
spheroid reconstruction may fail. This is due to the value of

—sin . sin w — cos V¥, sin {,. cos w
cos Y. sinw — sin ¥, sin {, cos w
cos {,cosw

(€]

A’cot’a — B*cot’8 becoming imaginary and yielding complex
solutions to the position and orientation. Thus, the constraint placed
upon the image sphere ellipse parameters for a real reconstruction,
can be rewritten as

@

In essence, this equation puts an upper bound on the eccentricity of
the image sphere ellipse. By considering a sphere rather than a
spheroid, the intuitive constraint becomes o = 8. Choosing how to
correct the ellipse, however, depends on the scenario considered. If
an image is blurred (for example, missile tracking), the reduction of o
may be appropriate. If there is confidence in determining the pixels
associated with the target, increasing f may be appropriate. If the
desire is to find the solution with minimal change to « and f, a
combination of both.

In the reconstruction scenarios considered, only faint background
noise is added, pertaining to a high confidence in determining the
pixels representing the projection of the target. The target is modeled
as both a spheroid and a sphere in order to compare accuracies; when
modeled as a sphere, « is reduced to match f. This choice is
discussed in Sec. IV. When modeled as a spheroid, the following
equations are used:

Xcorrected = A getected (5)
Btanco
. —1 detected
ﬂcorrecled = tan ( A (6)

where ®geecieq 18 the original arc length and o ecieq 1S the modified
arc length (likewise for ). Applying these expressions leads to the
result of p L g: a pose that would yield the highest possible
eccentricity with its projection. Note that without changing to a
projection onto a sphere, this analysis would not have been possible.

II1.

When a nonspheroidal object is modeled as a spheroid, errors are
obtained in its reconstruction from an ellipse. Even for a cylinder it
can be shown that if the ellipse algorithm is minimum bounding,
there does not exist a spheroid that will always yield the correct
position when reconstructed from its projection. The objective of this
section is to describe a method for choosing the descriptive spheroid
(its dimensions, center, and orientation in the target’s body frame)
that minimizes these errors.

Choosing the Descriptive Spheroid
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Unlike the spheroid reconstruction process, it is assumed that
choosing the descriptive spheroid does not have the same time
constraints. To create this cost function, a series of projections of the
target model are generated and their bounding ellipses found. The
seven variables describing the descriptive spheroid are then chosen to
minimize the error in the target’s position and orientation when
reconstructed from those projections. This method is, in effect,
optimized for the choice of ellipse algorithm used; for the purpose of
this Note, a minimum bounding ellipse is found based upon the
Khachiyan algorithm (see Todd and Yildirim [16]).

In the target’s CAD frame, the descriptive spheroid is centered at
9 with its axis of symmetry pointing in the direction p o Asetofn

rotation matrices R (i ranging from 1 to n, referring to the ith
projection in the series) from the camera coordinate system to the
target’s CAD coordinate system are then chosen, coupled with
vectors g, to translate the target model to an arbitrary location. Thus,

ifg i) and p (i) 1S respectively, the position and orientation of the
spheroid in each simulation, then

9 = RZ)QU) 4 (7a)

Py = Riypg, (7b)

Foreach scenario i, given an estimated value of A, B, g W’ and p W’ the
two found pose estimates (g, (i and p, ( fj’.)) of the target can be
obtained through spheroid reconstruction (the j index refers to the
solution number of that reconstruction). A function dy; is defined
that attempts to encapsulate the error in the reconstruction process for
that scenario:

d(,) = min

{w G =940 Yoo ~ 940
j=12] !

(ﬂ(i) 'ﬂ(i))
+ @y (1 — (ﬁ(,v,-) 'ﬁ(fvj_,-))z)} ®)

In Eq. (8), the weighting terms wo; are chosen to reflect any difference
in importance between an accurate position estimate and an accurate
attitude estimate (in this Note these terms are set to 1). This choice of
cost function can be considered geometrically in the following sense:
the first term gives a measure of the distance from the CAD model’s
center to the reconstructed solution of the target; the second term
gives a measure of the angular offset from the descriptive spheroid’s
orientation to the reconstructed orientation.
By defining

DY dg,
i=1

the minimum of D defines the parameters that describe the
descriptive spheroid. The author’s definition of D is one of many
possible cost functions; however, the determination of this seven-
dimensional function’s minimum requires only a two-dimensional
numerical search method, through appropriate substitution.

The descriptive spheroid is determined through, and therefore
influenced by, training data of simulated projections and
reconstructions. Considering that the target is projected onto a unit
sphere, the effect of the target’s position upon the cost function is
only due to its radial component. This effect can be attributed to the
transition from perspective (finite distance) to orthographic (infinite
distance) and the effect on A can be seen in Fig. 3. The solution to the
descriptive spheroid’s center, orientation and eccentricity e =

1—(B/A)?* (for a prolate spheroid) are not affected by the
magnitude of |g, © | in the training set. The author’s decision to fix the
value of |g (l_)| in the training set means that there is an optimum
distance, with regard to the choice of A, at which the accuracy is
highest. The optimum distance in this Note is chosen so that the
target’s projection onto an image plane would take up 15 pixels in
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Fig. 3 Effect on A (in meters) of varying the radial distances in the

training set when choosing the descriptive spheroid of an elongated

target with dimensions 0.5 x 0.5 x 6.5 m*; modeled around the UoSat-

OSCAR 11 satellite (see Bloom [21]).

length. As the principal concept of this method is to make an initial
relative pose estimate when the target comes into visual range, this is
arguably the most appropriate optimum range. Fixing the position,
the training set is generated by rotating the target to create a uniform
distribution of directions for p e along with further rotations about

those axes. Using these methods, a descriptive spheroid for any target
model can be obtained.

IV. Intelligent Self-Powered Module:
Spheroid Description

In this section, the target CAD model used in this Note is described
and its descriptive spheroid is found. The cost function from Eq. (8) is
defined with @, and @, equal to 1. For each reconstruction, however,
the solution with the smallest angular discrepancy was chosen.

In this Note the target model considered is the intelligent self-
powered module (ISM) (see Fig. 4), which acts as a building block of
a larger structure. These modules, designed at the Surrey Space
Centre (see Smail and Underwood [17]), respond to the need of
building large satellite structures in space from a series of smaller
satellites, assembling through magnetic guidance to create a larger
structure once in orbit. Two joint ISMs will create a structure that can
be used to compare feature-detection methods to the spheroid
modeling method, as discussed next.

To describe the characteristics of a single ISM, consider an origin
at the center of the ISM and the axes aligned with the electromagnetic
flat docking systems (EFDSs) on each facet (the discs). Then, the
EFDSs will each lie 0.35 m away from the center. The advantage of
considering the ISM target structure in this analysis is that its design
is partially engineered to use specific features/markers on the ISM for
its pose determination by another spacecraft; the EFDSs are easily
extracted from the image and are perfect discs: an example of a
degenerate spheroid. Using a technique similar to that described in

Fig. 4 CAD model of a single ISM.
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a) Descriptive Sphere b) Descriptive Spheroid
for 1 ISM for 2 ISMs
Fig. 5 Descriptive spheroids of single- and double-ISM structures.

this Note, the pose of an ISM structure can be determined from
analyzing these markers (see Wokes et al. [18]). In the following
section, that method is compared with modeling a two-ISM structure
as both a spheroid and a sphere.

The ISM module itself is different from the other targets con-
sidered, in that its structure has three orthogonal planes of symmetry.
If a single ISM is considered, the process of finding the descriptive
spheroid is therefore simpler, as the center of the descriptive spheroid
must be at the center of the CAD frame origin and its eccentricity
must be 0: a descriptive sphere, with g o= (0,0, 0) and a radius of
0.370 m. Without an eccentricity, P is undefined; attitude inform-

ation is not possible.

When there are two ISMs (say, joined along the first axis) a
spheroid is obtained; however, by the three planes of symmetry of the
structure, the solution for 9 must lie on the intersection of each of

them. Likewise, the vector P lies along the first axis: the axis on

which the ISM centers lie. In this scenario, the descriptive spheroid
for two ISMs has a half-length of the axis of symmetry given by
0.788 m and a half-length of the degenerate axes given by 0.425 m.
The descriptive spheres/spheroids of single- and double-ISM
structures are shown in Fig. 5.

It was noted earlier that the minimum bounding spheroid is not
necessarily the spheroid that yields the minimum error when
reconstructing from a target’s projection. It is observed through Fig. 5
that the descriptive spheroid is, in fact, smaller than the minimum
bounding spheroid; there are vertices of the target model that lie
outside of the descriptive spheroid. This result is not intuitive, but is
understandable with further consideration; if the target was a cube
with sides of length /, then its minimum bounding sphere would have
radius [(v/3/2). If the cube is then translated along the focal axis, so
that its center is at (x, 0, 0) and its axes aligned with the camera axes,
then its projection onto the image plane would be a square. The
minimum bounding circle of its projection would have a radius of
(Iv/2)/(2x — I). Meanwhile, the projection of the cube’s minimum
bounding sphere would give a circle of radius of (Iv/3)/

(v/4x? — 31?). Taking the ratio of these radii it can be shown that if
(x/1) > %, then the minimum bounding circle is contained in the
projection of the minimum bounding sphere. Applying the same
reasoning to more complicated target models, it is important to stress
that the descriptive spheroid is optimized for reconstructing targets
from their perspective projections.

The method used by the authors to determine the descriptive
spheroid involved parameterizing the dimensions of the spheroid
with A and e, rather than A and B. In doing so, it was found
numerically that the recovered eccentricity of the descriptive
spheroid was given by (for prolate spheroids)

€min = min q e| ! > lang; 9)
min- e J1—¢2 tanf,;

where i spans the length of the training data and «; and S; are the
semimajor and semiminor arc lengths of the bounding ellipses in the
training data. This relation is understood by considering Eq. (4); if
the eccentricity were less than e;,, there would exist complex
reconstructions in the training data, or real reconstructions that first
required a modification in the ellipse parameters. Using e, as
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the descriptive spheroid’s eccentricity, the pose estimation in
simulations/practice should never require such modifications.

V. Results

In this section, the theoretical accuracy of the descriptive spheroid
is quantified, based upon a perfect nonpixelated image. Following
this analysis, an imaging environment is defined and the ISM
structure is reconstructed based its their descriptive spheroids and the
computational burden is evaluated, relative to more traditional
feature-detection methods.

A. Theoretical Accuracy of the Descriptive Spheroid

Once the descriptive spheroid of a target is obtained, the training
set can then be used to quantify the magnitude and distribution of
reconstruction errors as a result of the heuristic approximation.
Because the bounding ellipses found for the training set are based on
exact projections of the target’s vertices, image noise, lighting and
resolution-induced errors are removed from the analysis.

Figures 6 and 7 depict the error in position (given by the magnitude
of the vector between the target’s reconstructed position and the
descriptive spheroid’s position) along with the error in orientation
(given by the magnitude of the angular difference between the axes of
symmetry of the descriptive spheroid and the reconstructed
spheroid). The figures showing the distribution of errors in recon-
struction have the axes of percentage error against frequency; the
percentage error ranges from 0% (a perfect reconstruction) to 100%
(areconstruction with the maximum error obtained for that model) in
either position or orientation.

In this Note, only pose estimation of the double-ISM structure is
considered for comparison against feature-detection methods.
However, by considering the theoretical errors of both the single-
ISM and double-ISM structures a trend is observed as the target
becomes more accurately described by its conic approximation. The
error distribution, from the training data, for the single ISM is
position-only: attitude cannot be determined when modeling the
target as a sphere; this is shown in Fig. 6. The training data found a
maximum error of 0.28 m when the target was 7.38 m away from the
camera: a relative error of less than 4%.

For the double-ISM structure, errors in both the position and
orientation can be evaluated, also giving a representation of the
variation in accuracy as the target’s orientation changes. This is
shown in Fig. 7. The training data found a maximum error in position
of 1.9 m (amode of 0.6 m) when the target was 14.2 m away from the
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Fig. 6 Distribution of errors (in position) for a single ISM over the
training set, as percentages of the largest error found. The maximum
error in position was found to be 0.286 m, at a distance of approximately
7.4 m.
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Fig. 7 Distribution of errors in position and attitude for two ISMs over the training set, as percentages of the largest errors found. The maximum error
in position was found to be 1.9 m, and the maximum error in orientation of the axis of symmetry was found to be 41°, at a distance of 14.2 m.

camera: a relative error of 13%. The error in orientation can grow as
large as 41° for specific orientations (with a mode of 13°).

B. Defining the Simulated Imaging Environment

For the purposes of displaying and interpreting images, the
method used for gathering data and results will be to generate a planar
image, find the ellipse on the image plane, and then convert the image
plane ellipse into its corresponding image sphere ellipse. Wokes [15]
derives a relationship between these ellipses. Considering an image
plane, rather than an image sphere, for generating images does not
negate the value of projecting onto a sphere and the insight that is
gained; the ellipse values of & and § can be checked (and corrected if
necessary) to ensure a valid reconstruction from Eqgs. (2) and (3). This
is not straightforward when relying upon an image plane ellipse
alone. Furthermore, every projection conserves particular properties
of the space it captures and this is done so through the choice of image
surface (or the lenses that precede it). An image sphere preserves the
projection of points of equal radial distance and removes the concept
of the focal axis. Thus, if a spherical camera were used, the effects of
off-axis perspective stretching is removed. For this reason, the target
is positioned along the focal axis in all simulations. As our
reconstruction equations hold for off-axis positions, moving the
target off the focal axis would have no effect on the accuracy of the
reconstruction.

POV-Ray (a freeware ray-tracing program¥) is used to generate an
image using the CAD model, with its position and orientation defined
with a call from MATLAB. The image resolution was chosen to be
600 (rows) by 800 (columns) pixels, with an additional background
of stars to model noise in the image. The image plane is set at a
distance of 1 mm from the focal point of the camera. The top of the
image is at0.5 mm, giving an area of 1 x ‘3—‘ mm?, This scaling defines
a camera with a 53.130 x 67.380° field of view.

To simulate an arbitrary orientation of the target, the target is
rotated 40° about its third axis, 20° about its second axis, and —135°
about its first axis (the spheroid’s axis of symmetry). The ISM
structure is then imaged at various translated distances along the
focal axis, from when it fills the entire image (1 m) to when the target
is little more than a few pixels (80 m). Simulations at the extremal
distances are shown in Fig. 8.

A known disadvantage of passive imagery over active scene
interpretation techniques is that the target’s appearance is heavily
dependent upon the lighting conditions and the sources of light (see
Kasai et al. [19]). If the primary light source is behind the target, then

Data available online at http://www.povray.org/ [retrieved Novem-
ber 2010].

the target may disappear completely. Only by simulating a light
source from behind the camera itself will all facets of the target object
be captured in its image projection. In all of the simulated images,
two white light sources are positioned to illuminate the target. These
are placed 10 mm along the camera frame’s +y and +z axes,
respectively, removing the majority of target shadowing (the +x axis
is the camera’s focal axis).

C. Global Versus Feature Modeling

The appearance of the ISM structure was designed with detectable
features in mind: the EFDSs are a different material and color from
the surrounding hull. Each disc that is extracted from a Portable
Network Graphics (PNG) color image can give two possible
solutions to an ISM center. The collection of these centers can be
analyzed and the pose of the structure can be deduced (see Wokes
et al. [18]). Applying this technique, a comparison can be made
between the reconstruction accuracy of feature-detection methods
and reconstructing the target using a global description. This gives
quantitative support that different target descriptions are more
appropriate at different radial distances.

Considering a two-ISM target structure, its pose is reconstructed
using three different methods: detecting the disc features on its facets
and deducing the target’s center, describing the structure as a
spheroid, or describing the structure as a sphere. In the first case, the
features are perfect discs and at lower radial distances pixelation will
have little effect on the accuracy of the algorithm. Additionally, this
approach also determines the orientation of the structure, even about
the axis that connects the two ISMs, modulo 90°. In the second case, a
spheroid description will not yield as high an accuracy with lower
radial distances; however, as the radial distance increases the effects
of pixelation will have less effect on the reconstruction than it will
using feature detection. A spheroid description will also give
information on the target’s orientation, up to its axis of symmetry (see
Fig. 7b). There will also be two possible orientations of this axis of
symmetry. In the third case, the spheroid is replaced with a sphere and
all information about the orientation is lost. However, a single
position estimate is reconstructed: an estimate that is less affected by
pixelation than that of the spheroid model. Whereas the first method
requires color images (or a tinted camera lens) to extract the features
by their unique hue, the second and third methods follow a simpler,
faster algorithm; a grayscale Portable Gray Map (PGM) image is
opened, then the image is thresholded, eroded, or filtered
appropriately to detect candidate pixels that capture the target’s
projection.

Methods of correcting a bounding ellipse have been discussed
previously. When two ISMs are modeled with a descriptive sphere,
the radius of that descriptive sphere is chosen to be A = 0.37 m: the
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a) Minimum radial distance (1 m)

radius for a single ISM. Hence, the ellipse correction method used on
an image for reconstructing the descriptive sphere is to reduce the
semimajor axis of the image sphere ellipse to match the semiminor
axis. This implies that if the ISM structure were oriented perpen-
dicular to the camera’s focal axis, then the descriptive sphere would
give as accurate a result as the descriptive spheroid.

The positional errors of the three target reconstruction methods are
given in Fig. 9. As the reconstructed orientation varies in detail,
depending on which reconstruction method used, such comparisons
are omitted. The increase in relative positional error highlights the
effects of pixelation at higher distances.

Figure 9a shows that for radial distances up to 20 m, the feature-
detection method gives an almost consistent higher accuracy in the
position determination. After 20 m, the accuracy deteriorates rapidly
until, after 26 m, the features cannot be accurately extracted from the
image noise and the method fails. In Fig. 9b, the descriptive spheroid
gives a better position accuracy than the descriptive sphere, but the
difference between these errors becomes insignificant at greater
distances. The fundamental advantage, still at 80 m, is the ability to
determine an attitude estimate of the target by using a descriptive
spheroid.

The radial distances considered for this simulation ranged from
1 m to 80 m. CMOS cameras range in resolution with current
commercial high-resolution color cameras (for example, the FCi4-
14000 model from C-Cam Technologies) yielding 14 megapixels
(Iwane et al. [20]): roughly five times greater detail than the 800 x
600 pixel images considered here. By a simple scaling, this means
that the accuracy found in simulations can be assumed for five times
the calculated distance. Therefore, for the ISM structure using a
wide-angle camera, feature-detection techniques may fail at 100 m,
whereas a global model can still give both position and limited
attitude estimates up to 400 m away.
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b) Maximum radial distance (50 m, zoomed)
Fig. 8 Illustrations of the considered simulations at the closest and farthest radial distances of the double-ISM structure.

D. Evaluation of Computational Burden

To address the question of computational burden, the simulations
were timed using the profiler in MATLAB. The laptop used was
running on a Windows Vista operating system, with a 1.83 GHz
processor and 3 GB of RAM. However, in order to remove the
processor dependence when these algorithms are evaluated, the
runtimes are also given in terms of the ratio &, defined as

gsl (10)
T,

where T is the concatenation of the image processing, ellipse
bounding and target reconstruction runtime, and 7, is the runtime for
opening/reading the image (the Imread function). The numerator
of & encapsulates the time for analyzing the image, extracting the
target from the background, finding the bounding ellipse of the
target’s pixels, and reconstructing the original target’s relative
position. The denominator of & is the time for opening the image file
in MATLAB: a process that any image-based pose estimation
algorithm would have to complete. & gives a measure of the
calculation speed obtained that is independent of the workstation
used. Thus, if E = 1, then the time it takes to extract the relative pose
estimate from the image is equal to the time it takes to open that
image. A 0 value of E means that the reconstruction process takes no
time at all.

Using unoptimized MATLAB code, the feature-based pose
determination algorithm can have a runtime from 1.7 s (corre-
sponding to & = 1.32) to 8.3 s (corresponding to E = 10.36). The
increase in computation time is caused when only single facets are
detected and a more complex algorithm is used. The greatest
computational burden occurs with the transformation of the image
from red—green—-blue arrays to hue—saturation-value arrays: an
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Fig. 9 Error comparison (in meters) between feature detection (black dashed line), spheroid modeling (gray solid line) and sphere modeling (gray

dotted markers).
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unavoidable aspect of feature detection if the features are
distinguished by their color. Conversely, reconstructing the ISM
structure’s pose (or position) from an image without analyzing its
features has aruntime of 0.21 s. This corresponds to aratio & of 0.74.

Whether these calculation times are suitably fast for autonomous
rendezvous is determined by the predefined closing rates between the
target and the chaser satellite, which is scenario-specific. Cropp’s
pose determination algorithms (mentioned in Sec. I) had a runtime of
60 s on a 400 MHz processor (see Cropp [11]). This corresponds
(approximately) to a runtime of 13.3 s on the laptop used for
determining the previous runtimes in this article and is dependent on
a heuristic input. Comparing these times, the heuristic input takes
0.7% of the calculation time for accurately determining the relative
pose through edge-line correspondence.

VI. Conclusions

This Note introduces the concept of obtaining a fast pose estimate
of a target by modeling that target as a spheroid. For a general target,
feature-detection methods can give reliable relative pose estimates up
to a given distance. Comparing these accuracies with a target’s
reconstruction when (suitably) modeled as a spheroid or sphere, there
is a radial boundary beyond which it is better to model the target
globally. The smaller the features used for detecting and tracking,
relative to the target’s global dimensions, the greater the distance for
which heuristic modeling methods will be applicable when the
former method will not.

The advantages of modeling the target object as a spheroid are that
a fast pose estimate is obtained with low computational cost and is
not dependent on a complex analysis of the image received. There is
no assumption of communication between the target and chaser
satellite or any distinct features or markings on the target that are
required other than obtaining an estimate to the overall dimensions.
More critically, this Note experimentally validates an intuitive
concept: at larger distances, a global description of a target gives
better pose estimation technique than attempting to identify smaller
features, whose accuracy is affected to a greater extent by pixelation.
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