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Spacecraft pose estimation is a vital function of the navigation process. We introduce a regional approach
combining Difference of Gaussian-based scene detection, and Graph Manifold Ranking (GMR) based foreground saliency extraction, with level-set region-based pose estimation. Inspired by saliency principles of edge
response and centre-surround, we introduce a novel false-coloured high-frequency response image to maximise
histogram distinctiveness from the grayscale infrared image. Our saliency approach shows state-of-the-art
performance in precision and provides an order of magnitude reduction in processing speed from the original
GMR method. We tested our model on synthetically generated ISS video sequence as well as laboratory and
flight images from the STS-135 mission captured by the TriDAR infrared camera.

I.

Introduction

S

PACECRAFT pose estimation is an essential input to the Guidance, Navigation, and Controls (GNC) pipeline using
active and passive sensors. While active sensors have higher accuracy and reliability, they require installing fiducial markers on the target spacecraft and is challenging to implement for most space-flight missions. Passive sensors
such as the LIDAR can overcome difficult lighting challenges in the space environment; however, it has undesirable
power and mass requirements that are out of reach for small space-vehicle missions. Stereo camera performance is
partly reliant on its baseline geometry and therefore restricted by the host vehicle physical envelope. Using multiple
simultaneous images from different locations can also suffer from platform flexibility resulting from thruster firings.
Compared to monocular images, stereo imagery doubles the amount of data processing, transfer, and storage requirements. Monocular cameras have the least external hardware requirements; however, as with all camera systems, they
are negatively impacted by camera resolution, lens distortions, motion blur, and sensitivity to extreme space lighting
environments. To this end, the processing algorithm must compensate for the hardware and environmental challenges
striving for fast, robust, and accurate state estimation. This investigation focuses on the front-end navigation pose
estimation by computing pose from a single thermal infrared camera.
Object pose estimation from images is a core problem in computer vision, Rosenhahn et al.,1, 2 and Lepetit and Fua3
summarised methods using feature-based structures such as points, lines, circles, and chains to free-form objects such
as active contours and implicit surfaces. Keypoints based on image corners4, 5 and extrema image blobs6, 7 can either be
overly numerous or insufficient under extreme lighting or non-distinctive visual targets. The feature descriptors used
for keypoint matching can be time-consuming to compute and can be erroneous especially under affine or viewpoint
transformations and illumination distortions. Edge-based pose estimation8 represent stable features to track with
many invariant properties, but extracting relevant edge features and discarding line clutters requires robust decision
tools. On the other hand, the regional-based pose estimation uses invariant region boundaries with greater recognition
properties. This investigation focuses on real-time regional-based methods for target spacecraft 3D pose estimation
using monochromatic images captured by monocular infrared cameras.
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A.

Related Work

The regional-based pose estimation approach evolved from the image segmentation problem, which is a core computer
vision topic. Segmentation can be generated by a mixture of complex top-down classification9 or simple bottomup image-driven techniques.10 Whichever the method, many believe segmentation is too high-level task for purely
image-driven methods to succeed.11 Seminal papers by Kass et al.,12 and Mumford and Shah13 introduced concepts
of energy-minimising active contours (Snakes) and the combined minimisation of regional smoothness and boundary
length respectively. Caselles et al.14 and Chan and Vese15 followed by adopting an implicit region boundary representation using the level-set function pioneered by Osher and Sethian.16 The level-set function provided advantages
of implicit boundaries without specific parameterisation and evolving embedding functions that can elegantly describe
boundary topology changes such as splitting and merging. Additional contributions by Kervrann, and Heitz,17 Zhu and
Yuille,18 and Leventonet al.19 instilled maximum likelihood and maximum a-posteriori criterion to estimate the region
boundary with statistical parameterisations. Leventon et al.,19 and Rousson and Paragios20 further stipulated the use
of principal components analysis (PCA) shape template to align the regional boundary. Cremers21 extended the use of
kernel PCA22 to the PCA template and used affine flow fields23 in discriminating the object from its background. Brox
and Weickert24 and Bibby25 refined the shape prior, pixel-wise posteriors and proposed a framework for segmenting
multiple regions. Rosenhahn et al.26 combined 3D pose estimation with the level-set formulated region segmentation.
The two approaches complemented each other to produce a framework for the region-based pose estimation.27, 28 Additional work by Prisacariu and Reid,29 Hexner and Hagege,30 and Tjaden and Schömer31 ushers in the modern use of
level-set regional based pose estimation for real-time applications.
Some of the newly developed approaches in level-set based segmentation and pose estimation are as follows, Li et
al.32 proposed a distance regularised level-set evolution to avoid numerical errors. Dambreville et al.33 projected 3D
models on to the 2D image and used region-based active contours for shape matching, his method showed robustness to
occlusions. Jayawardena et al.34 use contours generated from 3D models as a projection in performing so-called intraobject segmentation. Prisacariu and Reid used posterior membership probabilities for foreground and background
pixel in support of real-time tracking in the PWP3D model.29, 35 Prisacariu and Reid use nonlinear minimisation of
the image-driven energy function in the learned latent space for segmentation and robustness to occlusions.36, 37 Gong
et al.38 proposed a particle filter-based segmentation with a shape-aware level-set function that incorporates a joint
view-identity manifold to model the target shape. Zhao et al.39 used particle filter stochastic optimisation in solving
the energy functional. Perez-Yus et al.40 used a combination of depth and colour for robustness to occlusions in
the level-set segmentation and pose estimation. Prisacariu et al.41 used a simplified level-set approach to avoid global
distance computation for 100 Hz PC operation. Hexner and Hagege30 proposed local templates to enhance the PWP3D
global framework. Tjaden and Schömer42 proposed a pixel-wise optimisation strategy based on a Gaub-Newtonlike algorithm using linearised twist for pose parameterisation. Tjaden and Schömer31 also proposed a temporally
consistent, local colour histogram as an object descriptor for the level-set pose estimation template. This template
consists of four different rotations within the image plane ultimately resulting in 144 base templates forming an
icosahedron. Swierczynski et al.43 proposed to merge an active dense displacement field with the level-set formulation.
The general trend for level-set regional-based pose estimation research is moving in the direction of enhancing the
internal model compatibility. We take a different approach to improve the external input image to achieve the same
end objective.
B.

Contribution

We contribute to the regional-based pose estimation by combining the level-set segmentation approach with novel
unsupervised scene recognition and foreground extraction methods using image saliency principles. We introduce a
novel false-coloured high-frequency salient feature image to enhance image foreground and background histogram,
where our approach exceeded the performance of the PWP3D method. We provide a Satellite Segmentation image
dataset complete with ground truth foreground mask for model experimentation and evaluation.
This paper is organised in the following sections: Section II provides novel saliency model techniques and performance evaluations for foreground extraction and image classifications. Section III provides the methodology for
level-set segmentation based pose estimation. Section IV provides details on a novel image enhancement technique
of using false-coloured high-frequency response image to improve pose estimation accuracy. Section V provides details of the Satellite Segmentation dataset, and the synthetic, laboratory and flight images used for experimentation
and evaluation. Section VI provides the results and discussions for the proposed pose estimation approach. Finally,
section VII concludes this investigation.
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II.

Image Processing

From an image processing perspective, there are two main scenarios in the spacecraft rendezvous imagery. These
are the nadir pointing and non-nadir pointing phases by the imager. In the latter case, the target spacecraft can easily be
extracted using thresholding methods since the background is generally black with some minor polluting light source
from stars or camera hardware distortions. Strong lighting source from the Moon or the Sun is also possible, but they
are localised and rarely occur. The former scenario is much more difficult to resolve, especially for monochromatic
images. The Earth background can clutter the input image with clouds, land patterns, and brightly reflected Sun-light
from the oceans. Operationally, a nadir view during rendezvous operation is unavoidable.44 For example, there is only
one zenith-wise corridor for logistical vehicles to approach the International Space Station (ISS); therefore the view of
the target spacecraft from the ISS will always have the Earth backdrop. Another example is in a geostationary servicing
mission; the most logical docking face is on the anti-Earth deck which houses the launch adaptor ring. Therefore the
servicing vehicle must approach the target satellite from the Nadir direction.
The computation resource required for the two scenarios is very different; the non-nadir view can be computed
using fast adaptive thresholding, whereas the nadir view requires much more software intelligence in extracting the
foreground target. We developed a reliable unsupervised foreground extraction technique for the non-nadir scenario.
At the same time, this technique detects possible Earth background so the image processing can transfer to a more
complex algorithm in separating the foreground vehicle from the Earth.
A.

Non-nadir Pointing

In the non-nadir pointing scenario, only the backdrop of black space is behind the target vehicle. Loosely speaking, the
input image by itself is already a form of foreground saliency map without any need for further processing. A closer
examination, however, shows there can be various defects in the image. Figure 1 shows increasing threshold level of
an ISS infrared image. Subfigure (a) expose a triangular patch in the upper left corner of the image when the threshold
level is 10, this is due to thermal sensor bias that is continuously changing in time. Nearly 30 percent of the vehicle
is non-visible when the threshold is 100. The threshold level of 60 removes the Canadarm and lower solar panel. Out
of the four images, a threshold of 30 is the closest mask to the ground truth (GT) while some of the border sensor
noise remains visible. An automatic thresholding technique by Otsu10 selects the optimal separation in the image

(a) 10

(b) 30

(c) 60

(d) 100

Figure 1. ISS infrared image, thresholding level variation. Values under each figure represent the intensity threshold value. Figure (a)
shows at low threshold levels; hardware heating regions can be detected in the upper left corner.

histogram as the threshold value. Figure 2 shows a comparison of the original image, Otsu thresholding mask, our
detection method, and the ground truth mask. Our method slightly overpredicts the border region, but do not exclude
any spacecraft regions. Our method for region detection and background identification is provided in Algorithm 1 and

(a) Original

(b) Otsu

(c) Ours

(d) GT

Figure 2. ISS infrared image comparison of contrast thresholding and region detection. Figure (a) is the original image, Fig. (b) is the
Otsu thresholding, Fig. (c) is our region detection method in Algorithm 1 overlay on the original image. None blue region represents the
foreground mask. Figure (d) is the ground truth.
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Fig. 4 for the procedure and the procedure sequence images respectively. First, we resize the input image to 120 rows
and normalise the resized image between 0 to 255, Ī = N (I). Next, we applying mean value binary thresholding,
M (x), on the image to remove low-intensity defects such as image sensor local bias and background starlight. If
the image is in the nadir phase, the bright Earth background will remain unaffected. A drawback of thresholding is
the creation of holes when removing shadowed regions; it will also keep dust particles from image noise. We apply
contours on the threshold mask and keep only the maximum perimeter region using the operator R (x). The main
region contour will fill in holes and remove all dust particles from it; we find this to be more effective than using an
open morphological operation. The main region contour mask Su has fine border resolution, but it is only the result of
illumination intensity, it will not exclude the Earth background if the camera is nadir pointing. To distinguish which
direction the camera is pointing to, we use the intensity on either side of the high-frequency response to decide the
region class. High-frequency edge features are the result of spacecraft boundaries, internal vehicle connections, Earth
horizon, and sharp Earth textures such as coasts and other geological features. During the Earth passage, illuminated
regions will occur on both sides of the border feature whereas if the imager is non-nadir pointing, the most brightly
lit region will only occur on the inside of the outer spacecraft border. We use this crucial observation as the decision
rule to classify the pointing direction.
 To extract the high frequency content, we first approximate the gradient of the
processed input image, Se = ∇ Ī , by convoluting Ī with the 3×3 Scharr kernel, Ks . To extract the local region, we
increase the edge responses by taking the Difference of Gaussian (DoG). The DoG is a faster numerical approximation
of the Laplacian of Gaussian from the heat equation, and it will diffuse the edge response uniformly in all directions
surrounding the high-frequency edges. Sd is the normalised response map of a faster, simplified form of the DoG6 by
convoluting the edge response with the difference of two Gaussian kernels of varying scales. We denote the normalised
DoG as DOG (x). We also compare using the linear diffusion heat equation with the non-linear diffusion equation.
We compute the non-linear diffusion filtering using Fast Explicit Diffusion (FED).7 We find similar results in precision
using both approaches; the DoG approach takes nearly half the FED computation time with only one FED iteration
step. The DoG runtime for the test image is 1.107 ms and the FED run time is 2.149 ms. Figure 3 shows the DoG
and FED response maps and the respective final foreground masks. Next, we compute the foreground mask, Sf g ,
by applying both the Otsu and mean binary threshold to Sd and union with Su to fill large gaps and holes. We can
compute the background mask, Sbg , by taking the bitwise NOT operator of the foreground map. The foreground,
Sf , and background, Sb , pixel maps are the intersect of Ī and the respective masks. After computing the mean and
standard deviation of the foreground and background intensity histograms, we formulate our decision rule for the
pointing phase classification as follows,

(
µb + σb
1 non-nadir phase (space background)
< rtol
,
(1)
µf + σf
0
nadir phase (Earth passage)
where µi and σi , i∈ {f, b}, are the mean and standard deviation of the foreground and background intensity histograms
respectively. The mean and standard deviation for the background histogram will shift higher if there is Earth passage
and vice-versa. Equation(1) separates two highly distinctive pointing phase described by the intensity histograms. We
set the ratio tolerance to rtol = 0.2 in our implementation. If the image class is non-nadir pointing, we confirm the
foreground mask by intersecting Sf g with the main region from the edge response, Sf e , the benefits of this intersection
can be observed in Fig. 5. If the image class is nadir pointing, more sophisticated saliency detection is needed to extract
the foreground spacecraft, refer to Sec. II.B for details. Finally, we revert the foreground mask to its original size if it
is required.


(a) |F ED Ī, Se − S̄f ed |

(c) DOG (Se )

(b) FED Result


(d) DoG Result

Figure 3. FED vs. DoG comparisons. S̄f ed is the mean value of F ED Ī, Se .. The FED results are slightly more accurate by preserving
the end-effector on the Canadarm.
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Algorithm 1. The REGION DETECT Foreground Mask Algorithm. Algorithm sequence images are provided in Fig. 4

procedure REGION DETECT(I)
if Image larger than 120 rows then
3:
Resize image to 120 rows
4:
Ī←N (I)

5:
Su ←R M Ī
1:
2:

6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

(3×3)

Se ←Ks ∗ Ī

 

√ 7
√ −7 (11×11)
Sd ←N
G σ = 2 −G σ = 2
∗ Se
So ←R (O (Sd ))
Sm ←R (M
(S ))
S dS
Sf g ← (Su So Sm )
Sbg ← ∼ Sf g
T
Sf ←ĪT Sf g
Sb ←Ī Sbg
Form intensity histograms from Sf and Sb .
Compute µi and σi , i∈ {f, b} from histograms.
Compute decision rule per Eq.(1).
if non-nadir phase then
T
Foreground Mask: Smask ←R (Se ) Sf g
else
compute fst+ per Algorithm 4
if Resized then
Resize foreground mask to original size

(c) Su ←R (SM )


(d) Se ←∇ Ī

(g) Sm ←R (M (Sd ))

(h) Sf g ←Su So Sm

(i) Sbg ← ∼ Sf g

(l) FG/BG Histograms

(m) Sf e ←R (Se )

(n) Sf g ←Sf e Sf g

(a) Ī←N (I)

(b) SM ←M Ī

(f) So ←R (O (Sd ))

(k) Sb ←Ī Sbg
T



S

S

T

(e) Sd ←DOG (Se )



(j) Sf ←Ī Sf g
T

T

(o) I Sf g

Figure 4. Pointing phase identification and foreground mask generation. The foreground and background histograms are red and blue
lines in Fig. (l) respectively. Refer to Algorithm 1 for sequence details.

B.

Nadir Pointing

The nadir pointing Earth passage view is more difficult to process than the non-nadir pointing images. In addition
to a cluttered background, part of the challenge comes from the single intensity channel of the infrared image. In
most cases, the foreground pixels are none distinctive from the background and therefore harder to classify. One may
organise three branches of studies in computer vision for foreground object extraction; they are techniques in using
sequential images for background subtraction,45–48 techniques in machine learning or deep learning neural networks
5 of 25
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(a) Original

(b) Without

T

Sf e

(c) With

T

Sf e

Figure 5. Radarsat 3D model test image. Figure (a) is the original image. Figure (b) and (c) are foreground mask intersection without and
with Sf e respectively. Note beneath the right solar panel and around the solar wing connections in Fig. (b) and (c), with Sf e resulted in a
more refined foreground map.

for semantic segmentation,9, 49–52 and top-down or image-driven saliency detection.53–58 Many background subtraction methods require multiple image sequences to train a model prior to the foreground extraction. Similarly, machine
learning methods also requires training a classifier before inference. Particularly in the case of some Convolutional
Neural Networks, millions of labelled images are required to initialise the weights in the network layers.59 Saliency
methods, on the other hand, can either be top-down,54, 60 bottom-up,61–63 or a mixture of both.64 Top-down methods
refer to using training images to establish a foreground feature database then using a classifier to extract specific image
regions. This database can be used to extract the desired foreground object from the image. The bottom-up approach
is image-driven, it is normally faster and easier to implement since they do not require external training as a separate
process. We propose several saliency models in the following sections. Our most effective saliency model use an enhanced Graph Manifold Ranking (GMR)61 technique designed specifically for grayscale images to improve the prior
mask for the level-set based pose estimation.
1.

Laplace Operator Response

We develop the LAPLACE algorithm as an efficient way to extract the high-frequency response by using the Laplacian and morphological operators. Let us define CT G (x) as a function that converts a colour image into a standard
grayscale image, and B (x) as the box filter operator. We also define MD (x) and ME (x) as the morphological dilation and erosion operators using an elliptical kernel respectively. The box filter and morphological operators are used
to limit image noise and enlarge the high-frequency response regions. The LAPLACE model is given in Algorithm 2.
Algorithm 2. The LAPLACE Foreground Mask Algorithm

procedure LAPLACE(I)
SL ←O (N (|B (L (CT G (I) , KL = 3) , KB = 5) |))
for i = 1 : (K = 3) do
SL ←MD (SL , KD = 10)
5:
for i = 1 : (K = 2) do
6:
SL ←ME (SL , KD = 10)
7:
Foreground Mask: SL ←R (SL )

1:
2:
3:
4:

2.

Graph Manifold Ranking

Manifold Ranking or GMR is a rating algorithm that spreads the seeding query scores to neighbouring nodes via a
weighted network.65 GMR has been widely adopted for document66 and image retrievals.67 Let us define a colour
conversion function from RGB to the CIE Lab be LAB (x). Given an image with N number of superpixels generated
using Simple Linear Iterative Clustering (SLIC),68 each superpixel is considered as regions with some given feature
vector h(i) ∈Rm . The set of feature vectors for all regions is V̄ = {h(1) , . . ., h(N ) }m×N . We select a subset of V̄ as
seeds and rank the rest of the set base on their relevance to the seeding queries. Let us define f : V̄ → RN to denote
h
iT
h
iT
the ranking function for each region in N , such that f = f (1) , . . . , f (N ) . Then define y = y (1) , . . . , y (N ) as an
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indication vector where 1 is to perform a query on h(i) and 0 otherwise. We define a graph G = V̄, Ē over the image
regions, where the nodes V̄ are region features and Ē = E (x) are the edges which are weighted by the affinity matrix
W = [w(ij) ] where W∈RN ×N . The degree matrix D = diag{d(11) , . . ., d(N N ) } is computed by d(ii) = ∑ w(ij) .
j∈N

The optimal ranking is computed by using the optimisation cost function,
 N

f (i)
f (j) 2
(ij)
√
√
w
k
−
k
 ∑


d(ii)
d(jj)
1
i,j=1
∗

,
f = argmin 



N
f 2
1
(i)
(i) 2 
+
− 1 ∑ kf − y k
α
i=1

(2)

where α is optimally tuned to 0.9. For any given superpixel, its adjacent neighbours and the close-loop border boundaries are used for the feature-distance differencing. Setting the derivative of Eq.(2) to zero, the resulting ranking
function is


1 −1
1
(3)
y,
f ∗ = Āy = 1 − αD− 2 WD− 2
were 1 is the identity matrix and Ā is the normalised Optimal Affinity Matrix (OAM). Yang et al.61 proposed to use the
unnormalised OAM (D − αW)−1 for better performance. For background seeding queries, we take the normalised
complementary vector for the foreground ranking score
f̄ ∗ = 1 −

f∗
,
f ∗(i)
argmax
∗

(4)

f

where f ∗(i) is the ranking score at the i-th node. This ranking score is used to label individual superpixels in the final
saliency map. The weighting is computed as


(ij)
Ď
−
D
 ,
w(ij) = exp  
(5)
δ D̂ − Ď
where i, j∈V̄, δ is optimally tuned to 0.1. We use the L1-norm instead of the L2-norm for D(ij)69 for an increase in
computation speed,
D(ij) =

m

(i)

∑ |hk

(j)

− hk |,

(6)

k=1

where the maximum and minimum feature vector difference is D̂ = arg max D(ij) , and Ď = arg min D(ij) .
i,j∈V̂

i,j∈V̂

The background seeding taken from each of the outer border superpixels is ranked by Eq.(3) and Eq.(4) to form the
foreground saliency maps. In the original GMR implementation,61 the foreground map ranking uses the nodes from
each of the four image borders. The saliency map from the four borders are piece-wise multiplied as f̄f∗ = f̄t∗ ◦f̄b∗ ◦f̄l∗ ◦f̄r∗ ,
where the subscripts f, t, b, l, r denotes foreground, top, bottom, left, and right respectively. A mean value binary
threshold is applied to f̄f∗ . The resulting normalised ranking scores are fed into Eq.(3) again and the ranking scores are
(i)
transformed back to the saliency image space by S = f¯∗(i) for i = {1. . .N } where i is the node label index.
f

3.

Enhanced Graph Manifold Ranking

Our enhanced GMR method uses the best estimate foreground and background seeding rather than the traditional
border seeding. We increased the speed of GMR by more than 11× and improved its precision performance. The
final GMR ranking computed by Eq.(3) is a function of the OAM, A, and the estimated nodes of the foreground, y,
as queries. We replace the border background seeds with nodes under the best estimate background and foreground
maps. Since the target object in spacecraft applications typically contains strong artificial edges compared to the
softly blended background. The high-frequency edges are extracted by applying a 3×3 Laplacian filter, L (x), on the
grayscale input image, I, and blurred by a square box filter of the size KB to limit noise. We focus the foreground
region from eye fixation attention cues computed by the Spectral Residual (SR)70 method. The attention cue is combined with the high-frequency region by using a Gaussian distribution map, G (x), centred at the SR moment centroid,
MC (SR (I)). The High-frequency Saliency feature (HiSafe), SHSF , is computed by normalising the combined SR
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response and the Laplace filtered response. We also leverage saliency map generated using a modified colour Regional
¯ (x), and Minimum Boundary Distance (MBD),62 MBD (x). For a faster implementation of RC,
Contrast (RC),63 RC
we replace the region segmentation with the SLIC superpixels. The best estimate of the foreground map is the Otsu10
threshold of the Laplace response map, SL , unioned with the mean value binary threshold on the piece-wise multiplication of the Gaussian, HiSafe, MBD, and RC response maps as shown by step 13 in Algorithm 3. We compute both
foreground and background GMR response and combine into one final saliency map, Sf g , and apply a sigmoid function to enhance contrast.62 The foreground mask can be computed by applying the mean binary threshold operation
on Sf g .
Algorithm 3. The fst Saliency Map and Foreground Mask Algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

procedure FST(I)
Check for grayscale image
ILab ←LAB (I)
SS ←SLIC (ILab , N = 97)
Ē←E (SS )
SSR ←N (SR (I, σ = 2))
SG ←G (MC (SSR ))
SL ←N (|B (|L (I, KL = 3) |, KB = 5) |)
SHSF ←N (SSR + SL )
SHSF ←SHSF + M ean (SHSF )
SM BD ←N (MBD (ILab ))
)
SRC ←RC (ILab
S
Sf g ←O (SL ) M (SG◦SHSF ◦SM BD ◦SRC )

Sf g ←N GMR Sf g ◦ 255 − GMR 255 − Sf g
for i = 1 : Sf g height do
for j = 1 : Sf g width do
1
where b = 10
Sf g (i, j) ←
−b S (i,j)−0.5)
1+e ( f g

Foreground Saliency Map: Sf g ←N Sf g
Foreground Mask: Smask ←M Sf g

Algorithm 3 has demonstrated a net increase in performance and significant speed improvements from the original
GMR when evaluated on colour and grayscale images. It however still lacks the desired precision when applied to
the infrared images from the STS-135 ISS flight mission. An extended version of the fst algorithm was developed
to improve fst performance for infrared sensor images. We designate this extended version as fst+ and provide the
procedure in Algorithm 4. The main addition to the extended fst model is by reusing the edge response maps computed
from Algorithm 1. The DoG threshold responses add more confidence to the fst foreground prediction and do not add
more computation time. Finally, the best estimate foreground response is added to the GMR saliency response to
adjust the coarse resolution output from the SLIC superpixels.
We developed a Satellite Segmentation (SatSeg) dataset for the experimentation and evaluation of the saliency detection methods. Details on SatSeg is provided in Sec. V. Figure 6 provides qualitative comparisons of SatSeg saliency
images generated by our method compared with several traditional and state-of-the-art saliency models, including
the Otsu thresholding,10 Spectral Residual (SR),70 Graph Manifold Ranking (GMR),61 Minimum Barrier Distance
(MBD),62 and Regional Contrast (RC).63 The Otsu thrsholding10 is not typically considered as a saliency detection
model; it is included in the comparison to demonstrate while it can generate very accurate foreground map in the nonnadir pointing phase, it has the worst error in the nadir pointing phase when there is a cluttered background. The SR70
model provide useful attention location cues but does not produce sufficient detail of the target object. GMR,61 RC,63
and MB+62 are state-of-the-art saliency methods that are highly accurate. However, both RC and GMR run-times are
in the half-second range, and MB+ requires additional processing to extract the foreground mask accurately. Figure 6
shows our method having the least background error while maintaining the acceptable resolution of the foreground
region.
We use the Receiver Operating Characteristics (ROC)71 as the evaluation metrics to quantitatively evaluate our
saliency methods. We compare with 14 traditional and recent saliency detection methods shown in Table 1. For the
computed saliency map, S, it is converted to an 8-bit binary mask image, M, by applying a constant threshold. The
precision and recall of a single image can be computed from the ground truth by performing the following piece-wise
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Algorithm 4. The fst+ Saliency Map and Foreground Mask Algorithm. Gray coloured text are the original fst algorithm, black coloured
text are the extended addition to the fst algorithm.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

procedure FST PLUS(I)
Check for grayscale image
ILab ←LAB (I)
SS ←SLIC (ILab , N = 97)
Ē←E (SS )
SSR ←N (SR (I, σ = 2))
SG ←G (MC (SSR ))
SL ←N (|B (|L (I, KL = 3) |, KB = 5) |)
SHSF ←N (SSR + SL )
SHSF ←SHSF + M ean (SHSF )
SM BD ←N (MBD (ILab ))
SRC ←RC (ILab )
Sf g ←O (SL ) /255 + M (SG ◦SHSF ◦SM BD ◦SRC ) /255
Sf g ←Sf g + So /255
+ Sm /255, where So and Sm are from Algorithm 1.

Sp ← Sf g > K , where K = 1.


Sf g ←N GMR Sf g ◦ 255 − GMR 255 − Sf g
for i = 1 : Sf g height do
for j = 1 : Sf g width do
1
Sf g (i, j) ←
where b = 10
−b S (i,j)−0.5)
1+e ( f g

Sf g ←N Sf g
Foreground Saliency Map: Sf g ←Sf g + Sp
Foreground Mask: Smask ←M Sf g

Figure 6. Saliency map comparison of selected images from the grayscale SatSeg dataset. Our fst method is boxed in Green. From left to
right columns are: Input, OTSU,10 SR,70 GMR,61 MB+,62 RC,63 Our fst+ Algorithm 4, and Ground Truth (GT). The numbering after each
method below the image indicates the year of model publication.

operation to the saliency maps,
R

∑

P rec =

TP
EP

=

R

C

(ij)
∩G(ij) |
∑ |M

i=1 j=1
R C

∑

∑

,

Rcal =

∑ |M (ij) |

TP
AP

=

C

(ij)
∩G(ij) |
∑ |M

i=1 j=1
R C

∑

i=1 i=1

∑ |G(ij)

i=1 i=1
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,

(7)

where T P , EP , AP are true positive, estimated positive, and actual positive respectively, Mij and Gij are the
individual pixels in the saliency and ground truth maps M and G. R and C are the rows and columns of the saliency
and ground truth maps. A threshold ranging from 0 to 255 is used to control recall. We compute the standard units of
measure for saliency evaluations including average and maximum F -Measure.72 The F -measure is defined as

1 + β 2 P rec×Rcal
,
(8)
Fβ =
β 2 ×P rec + Rcal
where β 2 is set to 0.3.72 The Area Under the Curve (AUC) from the ROC True Positive Rate (TPR) versus False
Positive Rate (FPR) plot. The T P R = Rcal and F P R is defined as

FPR =

EP − T P
=
T otal − AP



R C
∑ ∑ |M (ij) ∩ 255 − G(ij) |
i=1 j=1
R

C

∑ ∑

.

(9)

|255 − G(ij) |

i=1 i=1

We use the Mean Absolute Error (MAE)53 to take into account continuous saliency map variations. Both the saliency
map, S̄, and the ground truth map, Ḡ, are normalised between the range of [0, 1]. The MAE is defined as
M AE =

1
RC

R

C

∑ ∑ |S̄ (ij) − Ḡ(ij) |,

(10)

i=1 j=1

where S̄ (ij) and Ḡ(ij) are the (i, j) elements of S̄ and Ḡ respectively. We used two computer platforms in the saliency
performance evaluation, a Linux platform and a Windows platform. The Linux computing platform is a AMD-FX-8350
8-Core-4.0GHz 32GB-Ram 64-bit Ubuntu 16.04 LTS machine, and the Windows computing platform is a AMD-A45000-APU 4-Core-1.5GHz 6GB-Ram 64-bit Win10 machine. Two platforms and operating systems were used because
some of the comparison models are given in windows compiled executables.
Table 1. List of benchmark models used for comparison. NOTE: starred items (*) indicate source code or executable download source.

Code

Reference

Description

OTSU
LC
SR
QFT
AC
FT
MSS
HC
GMR
GC
GD
MBD
MB+
RC

Otsu7510
Zhai0663, 73 *
Hou0770
Guo0874
Achanta0853, 75 *
Achanta0972
Achanta1076
Cheng1177
Yang1361
Cheng1378
Zhang1562
Zhang1562
Zhang1562
Cheng1563

OTSU Thresholding
Colour contrast
Spectral Residual
Phase Spectrum Quaternion Fourier Transform
Local contrast raster scan
Frequency Tuned
Maximum Symmetric Surround
Histogram-based Contrast
Graph Manifold Ranking
Global Cues
Geodesic
Minimum Barrier Distance
MBD Extended
Regional Contrast

The performance plots are provided in Fig. 7, our fst+ model shows the highest precision versus recall and maximum F -measure performance compared to all the methods. Our mean F -measure and MAE are second to RC and
our AUC is comparable to RC and GMR. Speed-wise our fst+ model average computation time for the SatSeg dataset
is 44.223±0.309 ms; this is 11× faster than the original GMR, 10× faster than RC, and 2.2× faster than MB+. Faster
methods such as MBD, GD, FT, QFT, SR, and LC has much lower precision than our fst+ method. WS, GCUT and
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OTSU are not saliency detection methods. OTSU thresholding has the worst performance since it does not make any
distinction in identifying the foreground and background. GCUT is a Graph Cut79 segmentation method that uses the
image border as background seed. GCUT’s computation time is 33× higher than our method and cannot be used for
real-time applications. Watershed (WS)80 with border seeding do not provide useable foreground maps, we include
WS timing for completeness. In summary, Fig. 6 and 7 shows our fst+ model to have the best performance overall.

OTSU-75
LC-06
SR-07
QFT-08
AC-08
FT-09
MSS-10
HC-11
GMR-13
GC-13
GD-15
MBD-15
MB+-15
RC-15
Ours

0.9
0.8
0.7

Mean F

0.6

AUC

0.6
0.5
0.4

0.5
0.4
0.3
0.2

0.3

0.1

0.2

(a) Precision vs. Recall

Ours

RC-15
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0.8
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0.6
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0.4
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0.2

AC-08

0
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0

LC-06

0

0.1

SR-07
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1

(b) f-Measure and AUC
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RC-15

MB+-15

MBD-15

GC-13

GD-15

HC-11

GMR-13

FT-09

MSS-10

AC-08

QFT-08

LC-06

SR-07

OTSU-75

0

Ours
RC-15
MB+-15
MBD-15
GD-15
GC-13
GMR-13
HC-11
MSS-10
FT-09
AC-08
QFT-08
SR-07
LC-06
GCUT-04
WS-92
OTSU-75
10

2

10

4

10

6

Average Image Processing Time (ms)

(c) MAE

(d) Timing

Figure 7. Performance comparison plots for image saliency using the grayscale SatSeg dataset. Figure (a) to Fig. (c) provide precision
versus recall, mean F-measure, max F-measure, AUC, and MAE for 14 traditional and state-of-the-art saliency detection methods plus our
FST+ method respectively. Figure (d) provides timing analysis for single image average run time of the SatSeg dataset. × and  marker
runs are executed using C++/Linux platform. ◦ marker runs are executed using built executables on the Windows platform. The red line
represents the design timing requirement for the saliency algorithm.

We apply our saliency algorithms to the TriDAR infrared camera video from the STS-135 mission ISS undock
and fly-by phase. Figure 8 shows the input video and the results of various methods. The REGION DETECT method
over predicts while the fst method under predicts the foreground region. The LAPLACE method performed better
than the more complex and relatively more expensive REGION DETECT and fst. However, the LAPLACE method
can develop isolated holes or blocks as a result of the morphological operator kernel. The fst+ method has the best
foreground extraction performance overall. It can handle the majority of the infrared video by accurately extracting
only the ISS image. The only exception is in a section of the Earth passage (row 3 to 4 in Fig. 8) where the ground
features developed sharp edges from the mountain ranges. This section of the video is problematic for all the methods;
the ISS is mostly outside the viewable frame with only the solar panel is visible. fst+ has the best prediction of the
solar panels but over predicted the foreground region by including the mountain ranges. This failure is due to a purely
image-driven saliency detection process is incapable of classifying useful and none useful high-frequency contents.
Future work may include temporal data with some top-down guidance to increase precision.
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Figure 8. Saliency Method Comparisons. From left to right, the first column is the original ISS infrared video. The second column is
the foreground extraction using Algorithm 1 on the entire video. The third column is using Algorithm 1 during the non-nadir phase and
Algorithm 3 during the nadir phase. The fourth column is using Algorithm 2 for the entire video. The fifth column is using Algorithm 1
during the non-nadir phase and Algorithm 4 during the nadir phase. For the ISS infrared video test, Algorithm 4 provides the best
foreground extraction out of all techniques.
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III.

Pose Estimation

The saliency detection described in the previous section extracts a best estimate foreground image from a complex
background. The best estimate foreground mask can be used as a prior or to enhance a known prior input in the levelset pose estimation process. The saliency generated segmentation can also simplify the input image for a regional
based pose estimation that is computed by the combined level-set segmentation and 3D model registration. The levelset refinement minimises an energy function using 3D model projection feedback and foreground-background pixel
likelihood estimation.
A.

Notation Definitions and Rotation Transformations

Given an input image I and the image domain Ω ⊂ R2 . The image pixel x with coordinates (x, y) has a corresponding
feature y. This feature could be pixel intensity or colour vector (e.g. RGB, CIE Lab). Let us define C as the contour
around the object of interest. The foreground region segmented by C is Ωf , the background is Ωb . Fig. 9(a) shows the
foreground, background regions and the object contour. The foreground and background regions has its own statistical
appearance model, P (y|Mi ) for i ∈ {f, b}, where P is the probability density function. Φ is the level-set embedding
function. More details of Φ shall be provided in Sec. III.B. Finally, let H (z) and δ (z) denote the smoothed Heaviside
step function and the smoothed Dirac delta function respectively.
−
→
A 3D point Xc ∈ R3 with coordinates (Xc , Yc , Zc )T expressed in the camera frame F c can be a transformation of
−
→
the object point Xb ∈ R3 expressed in the object body frame F b with coordinates (Xb , Yb , Zb )T . Using a rotation from
−
→
−
→
−
→
−
→
−
→
F b to F c denoted by R ∈ SO (3) and a translation from F c to F b expressed in F c denoted by t = (tx , ty , tz )T ∈
R3 , where SO (3) is known as the Special Orthogonal Lie Group. R can be parameterised by the quaternion q =
(qx , qy , qz , qw )T , such that


R = η 2 − T  1 + 2T − 2η× ,

(11)

where 1 ∈ R3×3 is the identity matrix. Note the sign direction of qw from Eq.(11) for the implementation under this
T
is represented by λi where i ∈ {1, . . . , 7}. The transformation
investigation. The individual coordinates of tT , qT
from the pitch-yaw-roll Euler angle rotation sequence to quaternion is

 

qx
s1 c23 + c1 s23

 

 qy   s2 c13 + c2 s13 
(12)

=
,
 qz   s3 c12 − c3 s12 
qw
c1 c23 − s1 s23
   
θ
where Gij = G θ2i G 2j , Gi ∈{ci = cos (αi ) , si = sin (αi )}, and i, j∈{1, 2, 3} for roll, pitch, and yaw angles
respectively. A direct transformation from quaternion to the Euler angles in the pitch-yaw-roll rotation sequence is

 
 
−atan2 2 (qy qz − qx qw ) , 1 − 2 qx2 + qz2
θroll
 

 
(13)
 θpitch  =  −atan2 2 (qx qz − qy qw ) , 1 − 2 qy2 + qz2  ,
θyaw
asin (2σ)
where σ = qx qy + qz qw . To handle north and south pole singularity, we check if |σ|> 0.4999, if satisfied, then the
Euler angle rotation is

 

0
θroll

  2(qx qz +qy qw ) 

(14)
 θpitch  = 
 1−2(qx2 +qy2 )  .
π
θyaw
sign (σ) 2
Finally, the camera is pre-calibrated by the intrinsic matrix

f Sx f Sθ

K= 0
f Sy
0
0


ox

oy  ,
1

(15)

where f is the focal length, Sθ is the pixel skew scaling, Si and oi are the image scale and centre coordinate for
i ∈ {x, y} respectively. Figure 9(b) shows the target spacecraft body frame, the camera frame, and the image frame
with various position vector and rotation definitions.
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B.

Level-set Pose Estimation

The level-set formulation16 provide a simple mathematical framework for the implicit description of contour evolution.
The merging, splitting, appearing, and disappearing of contours can be easily described by a higher dimensional entity
Φ than by the explicit formulation of the curve entity C. For example, a contour in a two-dimensional image is
defined by the zero level in a Lipschitz continuous function Φ in a three-dimensional surface. Formally, C = {(x, y) ∈
Ω|Φ (x, y) = 0} as shown in Fig. 9(c). The level-set function Φ is evolved rather than directly evolving C. The subset
of the level-set function is a signed distance function d (x) defined as d (x) = minxi ∈C |x − xi |, hence, |∇Φ (x, y) |= 1.

(a) Region Definition

(b) Coordinate Systems

(c) Level-set Function

Figure 9. Figure (a) shows the contour line of the Envisat image including definitions for its foreground and background regions. The
contour can be express explicitly as the 0th level in the level-set function Φ. Figure (b) shows the coordinate system definition for the
target spacecraft body frame, camera frame, and the local image frame. Figure (c) shows the Envisat level-set function with the 0th level
highlighted in purple. In this representation, the level-set function preserves positive and negative parts so it can be clearly illustrated.

1.

Segmentation Energy

The level-set formulation of the piecewise constant Mumford-Shah functional13, 15, 81 that allows for the two-phase
segmentation of an image I : Ω → R by minimising an energy function,82
Z

Z

E=
Ωf

Z

=
Ω

rf (I (x) , C)dΩ +

Ωb

rb (I (x) , C)dΩ
(16)


H (Φ) rf (x) + (1 − H (Φ)) rb (x) dΩ

where ri for i ∈ {f, b} is the image property that will be discuss in the following section.
2.

Pixel Likelihood

Taking ri as the likelihood of the pixel property, where ri (x) = P (y|Mi ) and i ∈ {f, b}. Bibby and Reid25 proposed
an effective energy formulation as the posterior of each pixel’s respective membership. Assuming pixel-wise independence, and replacing the integration with a summation of the log posterior probability of the contour. The energy
becomes,
E(Φ) = − log (P (Φ|I))
!

= − log ∏ H (Φ) Pf + (1 − H (Φ)) Pb
(17)
x∈Ω

= − ∑ log H (Φ) Pf + (1 − H (Φ)) Pb
x∈Ω

14 of 25
American Institute of Aeronautics and Astronautics

and the foreground and background probabilities Pf and Pb are

P y|Mf


Pf =
P y|Mf P Mf + P (y|Mb ) P (Mb )

(18)

P (y|Mb )

P Mf + P (y|Mb ) P (Mb )

(19)

Pb =

P y|Mf



and P (Mi ) where i ∈ {f, b}, is the prior and can be computed by taking the areas of the respective regions,

P Mf = ∑ H (Φ(x))

(20)

x∈Ω

P (Mb ) =

∑

(1 − H (Φ(x)))

(21)

x∈Ω

3.

3D Model Projection and Pose Estimation

The target object pose can be estimated using the energy functional as described in Eq.(17) by taking the partial derivative with respect to the individual pose parameters γi ; this allows the evolution of the target boundary
T
with-respect-to its pose rather than time. Let us define ∂ (a) /∂γi = aγi , ∇t (a) = atx , aty , atz , and ∇q (a) =
T
aqx , aqy , aqz , aqw . The energy partial-derivative is
Eγi = −

∑

x∈Ω

Pf − Pb

δ(Φ)(∇Φ)T xγi ,
Pf − Pb H(Φ) + Pb

(22)

where ∇ is the image gradient over x. The camera projection model can be used to relate the 3D model to the 2D
image,


"
#
"
#
f Sx f Sθ ox
h
i
x
R t

 Xc
= Zc−1 K 1 0
Xb =  0
,
(23)
f Sy oy 
Zc
1
0T 1
0
0
1
where 0 ∈ R3 , K is the intrinsic camera matrix, Xc /Zc is the depth normalised object point observed and expressed
from the camera frame, f is the focal length of the camera, Sθ is the pixel skew scaling, Si and oi where i∈{x, y} is
the pixel scaling and image origin to centre distance respectively. Equation (23) can be used to derive an expression
for xγi such that,
#
"
f
XTc (Sx Tx + Sθ Ty )
(Xc )γi ,
(24)
xγi = 2
Zc
XTc (Sy Ty )
where



0

Tx =  0
1

0
0
0



−1
0


0  , Ty =  0
0
0

0
0
1


0

−1  ,
0

(25)

The partial derivative of Xc with-respect-to the pose parameters γi is derived from the extrinsic translation and rotation
of the body coordinates to the camera coordinates through Xc = RXb + t, the partial derivative results are as follows,
h
i
∇t XTc = 1, ∇q XTc = 2 AXb BXb CXb ,
(26)
where



A=


0
−2qy
−2qz
0

qy
qx
qw
qz

qz
−qw
qx
−qy









, B = 



qy
qx
−qw
−qz

−2qx
0
−2qx
0

qw
qz
qy
qx




,





C=
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qz
qw
qx
qy

−qw
qz
qy
−qx

−2qx
−2qy
0
0




,


(27)

IV.

False-colour High-Frequency Saliency Feature Image

Some infrared images are challenging to separate its foreground from its background. An example is the RadarSat
Model (RSM) video, where the RSM is spinning about the pitch axis with a laboratory curtain backdrop. Figure 10
shows the input infrared image in subfigure (a) and the ground truth foreground image in subfigure (b). All previously
mentioned saliency methods and developed models failed to generate a precise RSM foreground response as shown
by subfigure (c) to (h) for level-set probability posterior, GMR, MB+, RC, fst, and fst+ methods respectively. Furthermore, since the foreground and background image intensities are near each other, different poses may have similar
histogram profile as the initial template. An example is shown in Fig. 11, where the first column starting from row 2
shows the level-set pose estimation gradient descent as 3D mesh projections on the input image for various iteration
steps. The second column shows the foreground and background image histogram profiles for the respective iteration
step. After four iterations the gradient descent converged to an incorrect local minimum pose, the histogram profile of
the converged pose is similar to the initial template histogram profile in column 2 row 1.
To increase distinctiveness in the histogram profile and image, we add the gradient and gradient region to the input
image as red and blue colour channels. We also dilate the prior mask to create a probable region of interest to clear
away the clutters in the background. We cannot use the prior mask directly, because it will cause the pose estimation to
converge to the prior foreground instead of the actual input. Since this method uses all three colour channels to generate
a false coloured image, and it uses the high-frequency content of the image, we call this approach the False Coloured
High-frequency Saliency Feature (FC-HSF) image. The procedures for creating the FC-HSF is provided as follows:
let us define SK−1 as the prior mask, and CLAHE (x, CL ) as the Contrast Limited Adaptive Histogram Equalisation
(CLAHE)83 function, where CL is the clip limit. The CLAHE operation balances the image intensity in the entire
local regions and enhances contrast without being influenced by extreme global intensities. We perform the box filter
operator on the CLAHE filtered image to limit noise. We then compute the gradient approximation by convoluting with
˜ (x), in this case, is different than those defined in the previous
the Scharr kernel. Note the gradient approximation, ∇
sections where the response is not threshold binarised. The strength of the gradient is a useful detail in characterising
the target object and the background scene in the red channel histogram. We extract intensities greater than the mean
value from the gradient response denoted by M̃ (x) to avoid weak edges from the background. We also compute the
image region by taking the Otsu threshold of the gradient image; this will result in a binarised edge response map.
From testing, we find the Otsu threshold gives a more conservative response than using the mean threshold. Let us
define C (x) as an operator for finding and drawing closed regions in an image as a filled area, this can be achieved
using the findContours and drawContours functions in OpenCV 3.3. Applying C (x) on the Otsu threshold edge image
will produce target object inner surround regions with precise boundary definitions. We intersect both the red and blue
channels with the dilated prior, SD , to remove image clutter. Next, we intersect the CLAHE filtered input image with
the dilated prior. If we only use the inner region based on the dilated prior, a sharp contrast at the region boundary from
all the image channels will cause a strong barrier in the convergence process and cause too much prediction reliance
on the dilated prior. To avoid this over-reliance, we smooth the border by outwardly extending the same pixel value
at the border to all the zero regions in the green channel image. The red and blue channels are not affected because
they do not have a range of pixel intensities at the border of the dilated prior. Let us define BE (x) as a operator
that extends the inner border pixels to the image boundary; this is achieved by applying the copyMakeBorder function
with the BORDER REPLICATE option in OpenCV 3.3. We perform histogram equalisation (HE), HE (x), on the
border extended image to gain additional contrast enhancement. The histogram equalised response map has stronger
contrast and is faster than the CLAHE response. Finally, we combine all the colour channels into a false coloured
image using the GT C (R, G, B) operator. This false-coloured image enhances the high-frequency edge response84
and centre-surround55 in the input grayscale image. Let us define GT C (R, G, B) as a function that combines three
single-channel image into a colour image. The FC-HSF procedure is summarised in Algorithm 5.
Fig. 10 (i) to (k) shows the red, green, and blue colour channel images for the RSM respectively. Adjustable
weighting factors, {Cr , Cg , Cb }, may be applied to each of the respective colour channels independently. In our
example, all the adjustable weighting factors are set to one. The combined HC-HSF and its histogram template are in
subfigure (l) and (m) respectively. Subfigure (n) shows a probability posterior foreground mask computed using the
new histogram template. The new foreground mask is more precise as shown in subfigure (n) and subfigure (c). The
improvement is mainly due to the blue channel region map enhancing foreground and background contrast. We can
further improve the posterior mask by using the pose projection from subfigure (o) as the final mask shown in subfigure
(p). Applying FC-HSF to the initialisation example in Fig. 11, column 3 and 4 shows the projection silhouette on the
FC-HSF. The results show a more distinctive histogram profile, and the final solution converges to the correct pose.
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Algorithm 5. The FC HSF Algorithm to generate FC-HSF Image.
1:
2:
3:
4:
5:
6:
7:
8:

procedure FC HSF(I, SK−1 )
SD ←MD (SK−1 , KD = 36)
Sg ←CT G (I)
˜ (B (CLAHE (Sg , CL = 4) , KB = 3))
Se ←∇
T
Sr ←M̃ (Se ) T
SD
Sb ←C (O (Se ) SD )
Sg ←HE (BE (Sg ))
FC-HSF Image: SI ←GT C (Sr , Sg , Sb )

(a) Original

(b) Ground Truth

(c) Level-set29

(d) GMR61

(e) MB+62

(f) RC63

(g) fst Algorithm 3

(h) fst+ Algorithm 4

(i) Edge (Red Channel)

(j) Image (Green Channel)

(k) Region (Blue Channel)

(l) FC-HSF

(m) FC-HSF Histogram

(n) FC-HSF Posterior

(o) Projection

(p) Projection Mask

Figure 10. RSM infrared image pre-processing and level-set based pose estimation. Figure (a) is the original monocular infrared image
captured under laboratory heating conditions. Figure (b) is the ground truth mask for the input image. A 3D projection mask based on the
initial ground truth pose is used as the prior mask. Figure (c) is the PWP3D29 based probability posterior computed using the prior mask
histogram template. Figure (d), (e), (f ) are the saliency map computed using GMR,61 MB+,62 and RC63 methods respectively. Figure (g)
and (h), are the saliency map and foreground mask computed using the fst Algorithm 3 and fst+ Algorithm 4 respectively. Figure (i) to (k)
are the FC-HSF red, green and blue channels for Scharr edge gradient, extended border, and region surround maps respectively. Figure (l)
is the final combined FC-HSF image. Figure (m) is the normalised foreground and background FC-HSF image histogram. Figure (n) is the
PWP3D29 probability posterior computed using the FC-HSF image. Figure (o) is the estimated 3D model mesh projection on the original
input image. Figure (p) is the posterior mask of the 3D projection.
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Figure 11. RSM infrared image pose initialisation. Initial pose misalignment is 0.05 meters in each of the X, Y, and Z CB coordinates,
and 0.05 degrees in each of the Pitch-Yaw-Roll Euler rotation sequence from Fb . Column 1 and 2 represent single image pose estimation
on the original input image without any image processing. Column 3 and 4 are the pose estimation on FC-HSF images. Column 1 shows
the 3D projection mesh overlay on the original image over the entire gradient descent process. Column 2 shows the normalised foreground
and background histogram of the estimated pose in red and blue lines respectively. Column 3 shows the projection silhouette overlay on
the FC-HSF image. Column 4 shows the normalised foreground and background histogram of the FC-HSF image in red and blue lines
respectively. Row 1 image 1 shows the prior projection on the input image. Row 1 image 2 shows the template histogram foreground and
background generated using the prior mask on the unprocessed initial input in red and blue lines respectively. Row 1 image 3 shows the
foreground FC-HSF template image. Row 1 image 4 shows the foreground and background template histogram on the FC-HSF image
using red and blue lines respectively. Row 2 to 8 are gradient descent steps 0, 2, 4, 6, 10, 20, and 30 respectively.
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V.

Experimental Images and Datasets

There are many popular image datasets available for saliency and segmentation benchmark, for example, ECSSD,85, 86 DUT-OMRON,61 VOC07/12,87 and MSRA10k63, 88 etc. ; however, to our knowledge, there is no image
dataset developed explicitly for spacecraft GNC applications. To facilitate our experiment and testing, we developed
the Satellite Segmentation (SatSeg) dataset composed of 100 colour and grayscale spacecraft images captured by photo
and infrared cameras that are representative of the various mission scenarios ranging from flight to laboratory tests.
Ground truth data were produced manually as foreground(255)/background(0) identification masks. Table 2 provides a
detail accounting of SatSeg images. We make the SatSeg dataset freely available to download from our project website
for future developments by the spacecraft GNC and computer vision communitya .
Table 2. SatSeg Description

Colour

Grayscale

2
10
37
5

9
20
3
14

Description
Control images that are non-nadir pointing
Colour and infrared images of the ISS with Earth background
Colour images of various spacecraft and space debris
Colour and infrared images of laboratory RSM

In additional to the SatSeg dataset, we use a combination of synthetic CAD images, laboratory and flight mission
infrared images for experiment and evaluation. The CAD image includes a 3D model of the ISS in basic element
shapes and complex meshes. These 3D models are also used as internal models for the pose estimation software. We
use 3D Studio Max to generate synthetic videos from the 3D models, and the synthetic videos include some lighting
and shadowing effects. The laboratory test images are from an infrared video recording of a pitch axis spinning RSM
captured by a 320×240 ICI-9320P infrared camera. Operation images are from the docking and undocking phase of
STS-135 mission captured by a 640×480 infrared camera in the Neptec TriDAR unit.

VI.
A.

Results and Discussions

ISS Synthetic Image Pose Estimation

Figure 12 provides pose estimation results for the synthetic ISS rotation video sequence. The prior for each image in
the sequence is the posterior mask generated from the previous image. A combination of a simple internal model to
a simple input image, simple internal model to a complex input image, and a complex internal model to a complex
input image over 90 degrees yaw rotation is provided in rows 1, 2, rows 3, 4, and rows 5, 6 respectively. In the simpleto-simple case, estimation begins to degrade in the final two images. The input image contains shadows near the
radiation panels that resulted in a falsely lit region in the input image; this is the primary cause for the orientation
error in the estimated pose. In the simple-to-complex case, the internal model is a coarse version of the input image
yet pose estimation remained stable until the 5th image. The same shadowing effects observed in the simple-tosimple case amplified the initial error caused by the model difference. In the complex-to-complex case, the pose
estimation matched throughout the entire sequence even with shadowing on the vertical radiation panel. The complexto-complex case is more robust in pose error than the simple-to-simple case due to higher resolution edge shapes
creating a more distinctive histogram profile. Additionally, the handoff between the posterior mask to prior mask
moving from frame to frame may accumulate errors with progressively worsening of the prior mask. Based on the
results of this experiment, we observe the level-set approach is highly sensitive to the visible region. Interestingly,
the results show pose estimation can be performed to some degree of accuracy even using a highly coarse internal
model. Given most satellite bodies have a similar shape and rough dimensional envelope, this method could be further
developed into using generic internal elements to build up a spacecraft model for pose estimation, this eliminates the
requirement for having precise target geometric information and lead to a semi-supervised or unsupervised approach.
a http://ai-automata.ca/research/hisafe.html
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Figure 12. ISS CAD model synthetic image pose estimation. Top two rows provide simplified ISS CAD model rotational motion overlay
with simple level-set internal CAD model pose estimation. Mid two rows include complex ISS CAD model rotational motion overlay with
simple level-set internal CAD model pose estimation. Bottom two rows provide complex ISS CAD model rotational motion overlay with
complex level-set internal CAD model pose estimation.

B.

False Colour High-frequency Saliency Features

Figure 13 shows a 360 degree rotation infrared image sequence for the RSM (video available onlineb ). The red edge
lines are the 3D model image projection using the estimated pose. We use the FC-HSF image and histogram profile
for PWP3D level-set-based pose estimation gradient descent. The approximated level-set function, Φ, is shown as
b https://youtu.be/Sg4y_bAERgE
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a distance map below the histogram plots. The 0th level-set contour is plotted in a white line while distance inside
and outside the zero-level are plotted in red and blue shades respectively. Brighter shade indicates a closer distance
to the spacecraft boundary contour. The estimated pose tracked well against the actual model while the highest
observed errors occurred during 90 degrees and 270 degrees. Over these two rotation ranges, the visible area is the
smallest in the entire sequence which confirms findings from the synthetic ISS video sequence. We compared using
unmodified image input and FC-HSF image input and found the unmodified image input method diverge from the
actual pose shortly after the first image. We also compared using the initial image as the histogram template and using
sequential posteriors as the template. The results show the former resulted in better performance. The reason was due
to accumulated errors from sequential frames that quickly diluted the following template histograms, suggesting the
level-set method is sensitive to the prior mask accuracy.
C.

ISS Pose Estimation

Figure 14 provides the regional-based pose estimation results for the STS-135 mission during the ISS docking and
undocking phase. The sample image frames contain the initial pose misalignment and the final converged solution.
The template histogram and the converged solution histograms are provided respectively. A high-resolution CAD
model of the ISS was used for the internal model. Initial translation and rotation misalignments are 8.7 meters and
8.7 degrees root-sum-squared (RSS) respectively. The internal model was slightly different from the ISS in the actual
mission, the solar panel truss section of the 3D model was omitted for simplification, and the radiation panel in the 3D
model has a 90 degrees offset from the mission configuration. Despite the differences in the internal model and actual
fight ISS configuration, the regional-based method was still able to converge to the correct pose.
Figure 15 provides the pose estimation results for a single frame during the nadir pointing Earth passage phase.
The first and second row in the figure is the estimation without any input image processing. The third and fourth row in
the figure are runs with fst+ saliency detection. The initial translation and rotation misalignments are 17.3 meters and
17.3 degrees RSS respectively. The presented results clearly show the benefit of having the pre-processing saliency
detection removing barriers from the gradient descent path to the real minimum solution. The background histogram
in row two has less bright pixels than the background histogram in row four; this is because both foreground and
background histograms are normalised within its class. The converged solution histogram for the fourth row is much
closer to its template than the second row; this is another indication of a local minimum trap. Future developments
should focus on adding more intelligence to the gradient descent process for faster and more precise pose estimation.

VII.

Conclusion

In conclusion, we present an end-to-end pose estimation method including image processing, saliency detection,
and pose estimation using region-based level-set segmentation. We provide an image-driven approach to distinguish
nadir and non-nadir camera pointing. We propose several saliency detection models including the LAPLACE foreground mask algorithm, the fst and fst+ enhanced GMR model for working with infrared grayscale images, the FCHSF image enhancement to improve distinctiveness in the foreground and background histogram profile. Our evaluation of the fst+ model shows performance exceeding traditional and state-of-the-art saliency detection methods. Our
method is 11× faster than the original GMR method. We also use a level-set segmentation and pixel statistics based
regional technique for pose estimation. Combining FC-HSF with the level-set pose estimation model, we estimated
the pose of the RSM infrared video that was too difficult to handle by the PWP3D method. Finally, we demonstrated the possibility of using a simplified internal model for pose estimation paving the way to semi-supervised and
unsupervised top-down image-based pose estimation.
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Figure 13. Monocular infrared image pose estimation. Pitch axis rotation of the RSM under laboratory heating conditions. The top four
rows represent rotations from 0 degree to 179 degrees; the bottom four rows represent rotations from 180 degrees to 359 degrees. All
images are selected based on equal angle separations. Row 1 is the 3D CAD projection overlay on the original image. Row 2 is the FCHSF image. Row 3 is the normalised estimated pose foreground and background histogram of the FC-HSF image in red and blue lines
respectively. Row 4 is the level-set function distance map transformation for each of the estimated pose.
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