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ABSTRACT

One of the major challenges for unmanned space explo-
ration is the latency caused by communication delays,
making tasks such as docking difficult due to limited pos-
sibility for human intervention. In this paper, we address
this issue by proposing an image processing technique ca-
pable of real-time, lowpower, robust, full 3D object and
orientation detection.

Oriented Fast and Rotated Brief (ORB) feature detec-
tor was selected as the ideal object detection technique
for this study. ORB requires just one 2D reference im-
age of the subject for performing a robust object detec-
tion, which is desirable when limited available storage
onboard a spacecraft enforce constraints. Additionally,
Sharif and Hölzel [3] in a recent study illustrated ORB's
robustness and invariance to orientation, rotation, and il-
lumination variations. Thus, ORB is an ideal technique
to guide a malfunctioning satellite that has no sense of
orientation relative to its surroundings. ORB feature de-
tector is a robust algorithm for detecting the subject when
external factors are unpredictable, uncontrollable, and
quickly changing. However, ORB is a 2D feature detector
and unable to differentiate between surfaces of a subject.
Via Bayesian probabilistic theorem, we proposed a new
approach to help improve the confidence in detection.

Key words: ORB feature detection; Bayes’ theorem; au-
tonomous feature detection.

1. INTRODUCTION

Space debris is a critical concern for satellites in orbit
and for missions exiting or entering the near earth or-
bit that face a high risk of coming in contact with it.
Space exploration imposes payload restrictions and hard-
ware might be quite outdated by the time the project is
ready for launch. This paper explores a robust feature de-
tection technique to detect and track nearby spacecraft to
estimate its orientation and distance relative to the cam-
era. This is because, in space, we have many unknowns
and it limits us from anticipating every possible scenario
that may occur. Furthermore, due to limited memory and

computing power, ideally, using a robust vision-based
feature detector for our application to rely on [1]. In
this paper we propose the use of ORB feature detection,
a binary-based descriptor for detecting and tracking our
subject. It is rotation and orientation invariant with the
ability to detect in most illumination conditions.

2. OBJECTIVE

In order to simulate a similar environment of a spacecraft
in orbit, the feature detector algorithm was run on a Sony
Xperia Z1 compact device with a 2.2 GHz quadcore pro-
cessor and Android 5.4 API version. The preliminary re-
sults utilized a total of 300 images in various lighting, ori-
entation, and rotations composing of RGB images of each
model (SpaceX's Dragon, Soyuz, and the Space Shuttle),
which corresponds to approximately 2.7-27 km in dis-
tance from the camera. Using BruteForce matching, fea-
ture descriptors of reference images were matched with
the scene image based on the minimum Hamming dis-
tance between the matches.

Although ORB has proven its accuracy and efficiency in
feature detection, it can only match one reference image
at a time which limits the ability to perform 3D based
object detection of a fractionated object in real-time.

In this paper, we offer a novel approach of implementing
a statistical analyzer, Bayes’ theorem, to process a total of
six reference images where each depicted a direct view of
one of the satellite's panels (top, front, back, left, right) or
the negative image where the subject was not present in
the image. Bayes’ theorem was selected due to its ability
for complying with the limited computational power to
perform onboard visual classification in real-time while
containing a large pool of features to efficiently and with
confidence identify which side of the spacecraft the cam-
era was facing.

2.1. PRE-PROCESSING

To further reduce the computation time, six grayscale
images were used, and images of the facade were pre-
processed prior to the feature detection test. Due to



lack of images for all surfaces of the subjects, Space X's
Dragon as well as the Soyuz capsule were 3D printed us-
ing Ultimaker 2 Extended Plus via gray PolyLactic Acid
(PLA) on a 0.4 mm diameter nozzle-setting and without
any adhesive base.

Due to the nature of the ORB feature detector for pre-
processing images into their grayscale intensity, the mod-
els were kept in their gray-based original printed forms.
A Space Shuttle toy Siku 817 was further used as a model
for the test also. The Space X's Dragon was a 1:82.5,
Soyuz capsule's was a 1:53, and the Space Shuttle was a
1:495 ratio of their respective original model. Moreover,
a textured image Fig:1p where non of the subjects was
present in the frame, was also used as a reference image
for false detection evaluations.

All reference images (shown in Figure 1), with the ex-
ception of Figure 1p, were sampled in front of a profes-
sional photography green screen under a Waimax 250S’
soft daylight simulator in order to reduce introduction
of background noise and shadow respectively [2]. All
reference images of the subjects were collected 50 cm
away from the camera. Images were sampled using Sony
Xperia Z1 compact Android device with a camera resolu-
tion of 20.7 megapixel, where autofocus was enabled and
flash was disabled.

Up to ten thousand features were sampled per reference
image with a highly sensitive FAST threshold of five to
collect as many potential keypoints as possible. During
the feature detection test, since feature extraction is per-
formed in real-time and we need to compute quickly if
we’re seeing the subject in the frame, only up to five hun-
dred features with a FAST threshold of 20 are extracted
from the scene images. Features were then processed by
Harris Corner detection [6] to filter-out falsely detected
corners. Then, based on the grayscale intensity of the re-
maining keypoints along with their coordinates in terms
of pixel location in the image were stored as binary de-
scriptors [5].

3. FEATURE DETECTION

ORB feature detector utilizes FAST corner detection to
establish interesting key features in the image, then con-
verts details about its grayscale value of the feature into
256 bits of binary descriptors. Using BruteForce match-
ing, the descriptors were compared against one another to
establish the minimum Hamming distance of the matched
descriptors. The more similar the descriptors, the smaller
the minimum Hamming distance [7].

4. CATALOGUING

A total of 300 positive and negative scene images per sub-
ject was used to estimate a fair average reading for min-
imum Hamming distance, overall execution runtime, as

well as the number of detected reference and scene key-
points.

During the preliminary tests, we realized that there is
a large overlap of detection results. As illustrated in
Figure 3, along the y-axis, the range of detected mini-
mum Hamming distances for positive and negative im-
ages of the Space Shuttle images are listed. The refer-
ence image of the front view of Space Shuttle ( shown
in Figure 1b) was compared with its positive scene im-
ages. The minimum Hamming distance of the results, la-
belled ”SpaceShuttlefront + ”, ranged between 8-36.
These results overlap with the range of minimum Ham-
ming distances for the negative scene images, labelled
”SpaceShuttlefront−”, which ranged between 12-36.
The system cannot differentiate between the features of
the subject to determine whether the subject is present or
absent in the frame. Hence, it lead us to believe that the
traditional approach which was introduced in [3] is inef-
fective for our application to differentiate between vari-
ous panels of a spacecraft.

Five member functions (low, low-medium, medium,
medium-high, and high as shown in Figure 4) were in-
troduced as recommended by Sharif et al. [4]. In this
way, the member functions help separate and differenti-
ate between patterns of measured parameters. As shown
member functions were defined based on the range of col-
lected data per parameter per model, used as a binning
system to catalogue the measurements. In this way we
reduce the likelihood of when defining a global range,
the scenario where the majority of a parameter's results
cluster together.

The member functions were defined using three Gaus-
sian functions for the three central bins, and two sig-
moidal functions for the upper and lower extreme end of
the range:

y = exp(− (x− ψ)2

(2φ)
) (1)

y =
1

1 + exp(−a(x− c))
(2)

Where ψ is the mean, φ is half of the standard deviation
of the data of the respective parameter, and y is the prob-
ability of occurrence between 0 and 1.

a =
log(( 1v − 1)/( 1

1−v − 1))

φ
(3)

c = ψ ±
√
2φ2log(2) (4)

There are a variety of member function shapes (i.e. bell-
shaped, triangular, square, etc.) to choose from. We have
selected the shape of our member function as it is closer
to a natural match for translating the probabilities for the



(a) Space Shuttle's top
panel.

(b) Space Shuttle's front
panel.

(c) Space Shuttle's back
panel.

(d) Space Shuttle's left
panel.

(e) Space Shuttle's right
panel.

(f) Soyuz capsule's top
panel.

(g) Soyuz capsule's front
panel.

(h) Soyuz capsule's back
panel.

(i) Soyuz capsule's left
panel.

(j) Soyuz capsule's right
panel.

(k) Dragon capsule's top
panel.

(l) Dragon capsule's front
panel.

(m) Dragon capsule's back
panel.

(n) Dragon capsule's left
panel.

(o) Dragon capsule's right
panel.

(p) Negative reference im-
age.

Figure 1: Illustration of the reference images.

Table 1: Minimum Hamming distance of the 10 scene images when cross compared with the reference images.



Figure 2: Illustration of the setup of the reference image data acquisition.

Figure 3: Illustration of why minimum Hamming distance alone is insufficient to differentiate between positive and
negative detections, as well as varying panels of the model.

overall execution runtime. Additionally, by applying the
same member function shape to analyze all of our param-
eters, we can maintain a consistency in the later calcula-
tions of Bayes’ theorem.

As an example, Table 1 lists the minimum Hamming dis-

tance of 10 scene images across positive reference images
of Space Shuttle as well as a negative reference image. It
is clear that a number of matches share the same mini-
mum Hamming distances (such as minimum Hamming
distances of: 20, 23, 33, 24). The member functions were
then defined based on these results as illustrated in Fig-



Figure 4: Illustration of the member functions of the minimum Hamming distance.

Table 2: The results for how the minimum Hamming distance readings of Space Shuttle's top view.

ure 4. Table 2 illustrates how the measurements for each
parameter would fit across the five member functions. In
the following section, we will focus on scene frame 9,
highlighted in Table 2 to further explain how the mea-
surements were utilized.

5. BAYES’ THEOREM

Bayesian probabilistic algorithm was applied to statisti-
cally evaluate the confidence in detecting a certain sur-
face of the subject, given the detected measured parame-
ters:

p(c|x) = p(c) · p(x|c)
p(x)

(5)

Posterior = Prior · Likelihood
Evidence

Posterior is the probability of detecting the subject based
on the results of the matched key points between the
scene frame and the six reference images. Prior is the
probability of detecting a surface without taking into ac-
count any evidence present, in our case, it will be 1/6
since the camera would only be facing one of the five sur-
faces (front, back, left, right, top), or it could be not fac-
ing the spacecraft at all. The bottom surface was not used
as one of the reference images due to the low resolution
of the models which were the least alike the actual mod-
els. Likelihood is the probability of detecting the sample
given that key features of the scene are extracted via ORB
and matched with the reference image. Likelihood is the
conditional probability of the matched keypoints belong-
ing to one of the member functions from the catalogue.
Evidence takes into account the probability of observ-
ing the matched keypoints which confirms the presence



of detecting the subject in the scene, summed with the
probability of observing the matched keypoints when the
surface is not present in the scene, from the catalogue.

6. RESULTS

Following the earlier example, Table 3 displays the ex-
tracted parameters of scene image 9 when it was com-
pared with Space Shuttle's top reference image. Its mea-
sured minimum Hamming distance of 20, was then plot-
ted along the member functions, as shown in Figure 5
where the majority of the variable fit within the low-
medium member function.

The results were then utilized to evaluate the probabil-
ity of viewing the Space Shuttle from above, considering
that a minimum Hamming distance fit best in the low-
medium member function. The following illustrates how
the results were implemented to evaluate the confidence
in detection via Bayes’ theorem.

Posterior = (Space Shuttle's top surface = true |minimum
Hamming distance = medium)

Prior = (Space Shuttle's top surface = true)

Likelihood = (minimum Hamming distance = medium |
Space Shuttle's top surface = true)

Evidence = (minimum Hamming distance = medium |
Space Shuttle's top surface = true + minimum Hamming
distance = medium | Space Shuttle's top surface = false )

By applying the results from Table 4 when minimum
Hamming distance is medium and the suspected surface
that is being exposed is Space Shuttle's top surface, the
Bayes calculations evaluate a confidence in detection as
shown below:

Posterior = Prior · Likelihood
Evidence = (1/6 · 65.66)

((1/6 · 65.66) + (5/6 · 81.47) = 0.139

Moreover, a set of scene images, displayed in Figure 6,
were evaluated by the system to further evaluate the its
performance. For illustration purposes, the displayed im-
ages are highlighted with colourful circles around each
of their respective detected features. These circles were
not provided along with the original image to the system
during the evaluation stage.

It is also important to note that the scene images with high
textured backgrounds such as the one in Figure 6b, are an
unrealistic scenario to be viewed in orbit. However, it
was applied in the tests to better evaluate the robustness
of the detection system.

Table 5a lists the Bayes’ outcome which evaluated im-
ages from Figure 6 as the input, and compared the
Figures1a-1c the scene images are utilized as input and
the minimum Hamming distance is only compared to ob-
tain the detection results. Ideally, the highest confidence

(a) Member function of the Positive Space Shuttle images.

(b) Member function of the Negative Space Shuttle images.

Table 4: Member functions for average minimum Ham-
ming distance results.

value for each row would lie on the diagonal line where
the input (Figure 6b) and reference (Figures1a-1c), are
both present in the frame. However, as illustrated in the
Table 5a, the highlighted yellow cells contain the highest
confidence in detection result but are not aligned within
the diagonal line, indicating a false detection. For in-
stance for Figure 6b, the system was detecting the input
as either a detection of Figure 1b or Figure 1p, instead
of Figure 1a. Thus, the Bayes’ results as shown in Table
5a further yields the conclusion that minimum Hamming
distance alone as a parameter is insufficient for detection
in this case. Furthermore, originally we intended to uti-
lize the number of scene and reference features as one of
the parameters for the Bayes’ calculations, the analysis
results showed that in almost all cases the extracted num-
ber of reference and scene keypoints are in-differentiable;
hence, using these two parameters in the Bayes’ evalua-
tions would not contribute to improving the results. The
addition of the overall execution runtime to evaluate the
Bayes’ results, is illustrated in the Table 5b. Clearly, the
detection results have significantly improved.



Table 3: List of results correlating to the scene image 9 and reference image of Space Shuttle top.

Figure 5: Example of how 20 minimum Hamming distance was distributed in the member functions.

(a) Scene image of Space
Shuttle's top panel.

(b) Scene image of Space
Shuttle's front panel.

(c) Scene image of Space
Shuttle's back panel.

(d) Scene image of Space
Shuttle's left panel.

(e) Scene image of Space
Shuttle's right panel.

(f) Negative scene image,
without the Space Shuttle.

Figure 6: Illustration of the scene images used to test Bayes’ performance.



(a) Member function of the Positive Space
Shuttle images.

(b) Member function of the Negative Space
Shuttle images.

7. CONCLUSION ON THE ANALYSIS

In this paper, ORB feature detection was used to iden-
tify model spacecraft. Using Bayes’ probabilistic the-
orem, the minimum Hamming distance and overall ex-
ecution runtime were combined as parameters to evalu-
ate the confidence in detection. In the traditional feature
detection approach, we would have a 1/6 chance of cor-
rectly guessing whether the subject was in the frame and
if so, which of its side panels was aligned with the cam-
era. However, using Bayes’ approach, we have proven
that the confidence in detection results improved by 1/3
to 1/2 for some cases.

For instance, although the outcome in Table 5b shows that
the system is confident in detecting its reference image,
it is unsure whether Figure 6a is a match with Figure 1a,
Figure 1b, or Figure 1c. This is because the scene im-
ages used for cataloguing had parts of each others’ fa-
cades present in the frame. As a result, they share some
features as verified in Figure 6 for the features along the
edge for the top surface of the subject. Thus, the large
shared features contributed to their shared confidence in
detection results.

In the future, we will further enhance our training set of
images for the member functions for the Bayes’ calcula-
tion to only focus on direct line of sight of one surface
panel of the subject at a time. Additional textural param-
eters like angular second moment, correlation, and en-

tropy will be considered into the calculations to further
improve Bayes’ outcome. Additionally, homography es-
timation would be implemented to further evaluate the
change in rotation and translation vectors of the detected
subject relative to the reference image. In this way, we
would be able to estimate the location of the subject rela-
tive to the camera in real-time.
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